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PREFACE 

This book and the EViews Student Version 6 econometric software program that is attached are 
supplements to Principles of Econometrics, 3rd Edition by R. Carter Hill, William E. Griffiths and 
Guay C. Lim (Wiley, 2008), hereinafter POE. This book is not a substitute for the textbook, nor 
is it a stand alone computer manual. It is a companion to the textbook, showing how to perform 
the examples in the textbook using EViews Student Version 6. It will be useful to students taking 
econometrics, as well as their instructors, and others who wish to use EViews for econometric 
analysis. 

EViews is a very powerful and user-friendly program that is ideally suited for classroom use. You 
can find further details at the website http://www.eviews.com. The disk included with this book 
contains not only EViews Student Version 6, but also EViews workfiles for all the examples in 
POE, and corresponding text definition files (that can be opened with Notepad or Wordpad) of 
the form *.def. These files and various other forms of support for POE are available at 
http://www.wiley.com/college/hill and http://www.bus.lsu.edu/hill/poe. 

The chapters in this book parallel the chapters in POE. Thus, if you seek help for the examples in 
Chapter 11 of the textbook, check Chapter 11 in this book. However, within a Chapter the 
sections numbers in POE do not necessarily correspond to the sections in this EViews 
supplement. 

We welcome comments on this book, and suggestions for improvement. We would like to 
acknowledge the valuable assistance of David Lilien from Quantitative Micro Software, the 
company that develops and distributed EViews. Of course, David (and EViews) are not 
responsible for any blunders that we may have committed.. 
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1.1 USING EVIEWS FOR PRINCIPLES OF ECONOMETRICS 

This manual is a supplement to the textbook Principles of Econometrics, 3rd Edition, by Hill, 
Griffiths and Lim (John Wiley & Sons, Inc., 2008). It is not in itself an econometrics book, nor is 
it a complete computer manual. Rather it is a step-by-step guide to using EViews for the 
empirical examples in Principles of Econometrics, which we will abbreviate as POE. This book 
contains a CD with EViews Student Version 6. We imagine you sitting at a computer with your 
POE text and Using EViews for Principles of Econometrics, 3rd Edition open, following along 
with the manual to replicate the examples in POE. Before you can do this you must install 
EViews and obtain the EViews "workfiles," which are documents that contain the actual data. 

1 



2 Chapter 1 

1.1.1 Installing EViews 6 student version 

Your copy of EViews is distributed on a single CD-ROM. EViews is a Windows-based program. 
First close all other applications, then insert the CD into your computer's drive and wait until the 
setup program launches. If the CD does not spin-up on its own, navigate to the CD drive using 
Windows Explorer, and click on the Setup icon (AUTORUN.EXE). 

The initial screen is shown below. You should first click on View Read Me to see any last 
minute changes or instructions. Click View Documentation to open EViews 6 Getting Started for 
the Student Version. It describes the installation and registration process. This document can also 
be accessed from the Help/Student Version Getting Started (pdf) from the main EViews menu. 
You must have Adobe Acrobat to read *.pdf files. If you do not have this software, go to 
www.adobe.com and download the free Adobe Reader. 

EViews 6 
Student Version 
® Install EViews 
® View Read Me 
® View Documentation 

<•> Exit 

© 1 «84-2007 QuaiWrtMiW Micro Software, AM 

When you are ready, click Install EViews and follow the on-screen instructions. 

1.1.2 Checking for updates 

Once installed you should visit www.eviews.com and check the "download" link. There you will 
find any updates for your software. 

1.1.3 Obtaining data workfiles 

The EViews data workfiles (with extension *.wfl) and other resources for POE can be found at 
www.wiley.com/college/hiir. Find the link "Online resources for students." The POE workfiles 
can be downloaded in a compressed format, saved to a subdirectory (we use c:\data\eviews), and 
then expanded. In addition to the EViews workfiles, there are "data definition" files (*.def) that 
describe the variables and show some summary statistics. The definition files are simple text files 
that can be opened with utilities like Notepad or Wordpad, or using a word processor. These files 

* There are a number of books listed by authors named Hill. POE will be one of them. 

http://www.adobe.com
http://www.eviews.com
http://www.wiley.com/college/hiir
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should be downloaded as well. Individual EViews workfiles, definition files, and other resources 
can be obtained at www.bus.lsu.edu/hill/poe. The data files in EViews, Excel, and ASCII format, 
along with the definition files, are also on the EViews 6 SV CD-ROM that came with this 
manual. 

1.2 STARTING EVIEWS 

To launch EViews double click the EViews 6 SV icon on the desktop, if one is present. It should 
resemble 

Alternatively, select EViews from the Windows Start Menu. When EViews opens you are 
presented with the following screen 

Across the top are Drop Down Menus that make implementing EViews procedures quite simple. 
Below the menu items is the Command Line. It can be used as an alternative to the menus, once 
you become familiar with basic commands and syntax. Across the bottom is the Current Path 
for reading data and saving files. The EViews Help Menu is going to become a close friend. 

http://www.bus.lsu.edu/hill/poe
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1.3 THE HELP SYSTEM 

Click Help on the EViews menu 

» EViews Student Version 
File Edit Object View Proc Quick Options Window 

The resulting menu is 

READ ME 

Quick Help Reference • 

Student Version Getting Started (pdf) 
EViews Illustrated - An EViews primer • 
Users Guide I (pdf) 
Users Guide Et (pdf) 
Command Reference (pdf) 

EViews Registration... 
EViews on the Web 

About EViews 

1.3.1 EViews help topics 

First, click on EViews Help Topics. Select Getting Started (Student Version) to obtain basic 
information about the Student Version of EViews. Selecting User's Guide/EViews 
Fundamentals opens a list of chapters that can take you through specifics of working with 
EViews. These guides will be a useful reference after you have progressed further through Using 
EViews for POE. 
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I n d e x Search - " 

(^J Getting Started (Student Version) 
^Q) The EVfews Student Version 

1 Student Version Limitations 
^ Installing and Registering EViews 
^ Getting Started 

t i j User's Guide 
Is] User's Guide I Overview 

^ Introduction 
^ A Demonstration 
^ Worfcfiie Basics 
^ Object Basics 
^ Basic Data Handling 
^ t Working with; Data 
^ Working with Data (Advanced) 
^ Series Links 
^ t Advanced Workfiles 
% EViews Databases 
Basic Data Analysis 

^ Commands and Programming 

Operator and Function Reference 
^ Global Options 
^ Wildcards 
1=] User's Guide I I Overview 
^ Basic Single Equation Analysis 
^Advanced Single Equation Analysis 
^ Multiple Equation Analysis 
^ Pane! and Pooled Data 

EViews Fundamentals 
The following chapters document the fundamentals of working with EViews: 

"introduction" describes the basics of installing EViews. 

"A Demonstration" guides you through a typical EViews session, introducing you to the basics of 
working with EViews. 

'Workfiie Basics* describes working with workfiles (the containers for your data in EViews). 
"Object Basics* provides an overview of EViews objects, which are the building blocks for all analysis 
in EViews. 

"Basic Data Handling" and 'Working with Data" provide background on the basics ofworicing with 
numeric data. We describe methods of getting yeur data into EViews, manipulating and managing 
your data held in series and group objects, and exporting your data into spreadsheets, text files and 
other Windows applications. 

We recommend that you browse through most of the material in the above section before beginning serious 
work with EViews. 

The remaining material is somewhat more advanced and may be ignored until needed: 

• "Worlds wife Data CMvanced);" 'Series Links." and "Advanced Workfiies" describe advanced tools 
for working with numeric data, and tools for working with different kinds of data (alphanumeric and 
date series, irregular and panel workfiles). 

* "EViews- Databases" describes the EViews database features and advanced data handling features. 

This material is relevant only if you wish to work with the advanced tools. 

1.3.2 The read me file 

On the Help menu, select READ ME. This opens a PDF file with the latest installation notes and 
errata. 

EViews Help Topics ... 

Quick Help Reference • 

1.3.3 Quick help reference 

Select Quick Help Reference. You find another menu. Select Function Reference. 

i ü p 
EViews Help Topics ... I 
READ ME I 

| Quick Help Reference • | Object Reference 
1 

Student Version Getting Started (pdf) 

EViews Illustrated - An EViews primer • : 

Users Guide I (pdf) 

Users Guide H (pdf) 

Command Reference (pdf) 

Basic Command Reference 1 

Student Version Getting Started (pdf) 

EViews Illustrated - An EViews primer • : 

Users Guide I (pdf) 

Users Guide H (pdf) 

Command Reference (pdf) 

i i J I f f l f B i S r S S i i M i l i l i ^ B I 

1 

Student Version Getting Started (pdf) 

EViews Illustrated - An EViews primer • : 

Users Guide I (pdf) 

Users Guide H (pdf) 

Command Reference (pdf) 

Programming Reference 

1 

Student Version Getting Started (pdf) 

EViews Illustrated - An EViews primer • : 

Users Guide I (pdf) 

Users Guide H (pdf) 

Command Reference (pdf) What's New in EViews 6 

EViews Registration ... 

EViews on the Web 

Sample Programs & Data 
EViews Registration ... 

EViews on the Web 

About EViews 

EViews has many, many functions available for easy use. 
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• Operators. 

• Basic mathematical functions. 

• Time series functions. 

• Financial functions. 

• Desg1fitwi_sMÎMcs-

• Cumulative statistics functions. 

• Mcmfmi statistics functions. 

• Group row functions. 

• By-orouo statistics. 

• Additional and special functions. 

• Trigonometric functions. 

• Statistical distribution functions. 

You should just take a moment to examine the Operators (basic addition, multiplication, etc.) 
and the Basic mathematical functions (square roots, logarithms, absolute value, etc.). This 
Function Reference help is one that you will use very frequently, and to which we will refer a 
great deal. 

1.3.4 EViews Illustrated 

The next Help menu item is for sample chapters from EViews Illustrated by Richard Startz, 
which is good humored tutorial, with screen shots like you are seeing here, covering many 
aspects of using EViews. The first three chapters are provided. 

EViews Help Topics... 

REM) ME 

Quick Help Reference 

Student Version Getting Started (pdf) 

Users Guide I {(jdf) 

Users Guide H (pdf) 

Command Referercc 

EViews Registration 

EViews on the Web 

Chapter 1 - A Quick Walk Through (pdf) 

Chapter 2 - EViews - Meet Data (pdf) 

Chapter 3 - Getting the Most From Least Squares (pdf) 

About EViews 

1.3.5 Users Guides and Command Reference 

The User's Guide I (794 pages), User's Guide II (688 pages) and Command Reference (926 
pages) are the complete documentation for the full version of EViews 6. While these are good 
rainy day reading we do not necessarily suggest you search them for information until you are 
more familiar with the workings of EViews. This book, Using EViews for POE, is an effort to 
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guide you through the essentials of EViews that are needed to replicate the examples in the book 
POE. 

1.4 USING AWORKFILE 

As noted earlier all the data for the book Principles of Econometrics is provided as EViews 
workfiles. These will be used starting in Chapter 2. To illustrate the basic functioning of EViews 
we will use an example provided with EViews. Click on Help/EViews Help Topics/User's 
Guide/EViews Fundamentals/A Demonstration. 

(¡Q| User's Guide 
[j-j User's Guide I Overview 
(J2| EViews Fundamentals 

I j j Introduction 
[=] What is EViews? 
[ii] Installing and Running EViews 

Windows Basics 
[si The EViews Window 
[ğsl Closing EViews aA Demonstrat ion 
Workfi le Basics 

A Demonstration 
rsiL uuyj'i ' iuim'nriy 

^ Working with Data 

The demonstration starts by importing data into EViews from an Excel spreadsheet. We will skip 
that step here, but if you like you can gain further practice by following along their 
demonstration. 

Remark: You will want to be able to "import" data into EViews, or enter data 
manually. We cover the various methods for entering data into EViews in 
Chapter 17 of this manual. 

1.4.1 Setting the default path 

At the bottom of the EViews screen you will see Path = . This determines where EViews will 
first look for data and save workfiles. 

Path = c:\data\eviews 

Double-click on Path and a window will open in which you can locate what you desire for your 
default directory. We will use the path c:\data\eviews 
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ÇNopse a directory 

i m Local Disk {€:} 
® Ê3 ado 
m i£s Brother 
IS data 

H econ4630 
Ô econ463i 
ÊJ econ7631 

f t ! excel 
S i stata 

» H DELL 
Si £¿3 Documents and Settings 
m i f l i DRIVERS 

Folder; i «Hews 

Make New Folder 

1.4.2 Opening a workfile 

Open the workfile called demo by clicking File/Open/Workfile 

Select demo.wfl and click on Open. 

Look in: j eviews 

?% Recent 
Documents 

Desktop 

i J 
; % Documents 

My Computer 

! I Update default diredoiy 

.• i 
m a n nts.wfi Ipcommute .wf l j B newbrotl 
i l p q t m . w f l Stockton,wfl cola .wf l j p beer.wfl 
j | p euro, w f l |pgr imfeM3.wf l Ip l iquor .wf l | p bangla.w 
;|pexrate.vrfl e p vote, w f l I P demand. w f l ^ i g d p . w f l : 
p b y d . w f l I p n e l s . w f l jScespro .wf l Ipfyltonfish 
j lpgrowth.wf l |p f igurec-3 .wf l P cattle, w f l Ip food .wf l i 
j l puk .wf l |pphitl ips2.wfl | p c e s . w f l I p v e c . w f l | 
j l psp .wf l broiler .wf l I p g a s g a . w f l I p v a r . w f l ; 
j^pterm.wfl §1r ice .wf l I p u s a . w f l ^stocktoi t i 
j i® share.wfl ^3nls_parvel2.wfl ^ptexas.wf l I P robbery.i 
¡ | p spuriou5.wfl |pnl ;s_panel.wfl | p o z , w f l I p w a - w t e ; 
^ roexico.wfl Ipgascar .wf l I P oscar. w f l Ipvacan.wf 
i | p chard, w f l Ip indpro .wf l | p m e a t . w f l Iptoodyay.t 

Olympics, w f l I p v o t e Z w f l P tab le~c4 .wf l Ipmusic.wf 
fllearn.wfl IPgo ld .wf l I p a n d y . w f l |pmroz .wf : 

> 

F f e ^ : j j t a . wfl v.; 
... -

Open K j 

Bfes of type j E views Wotkfite f .wfl} ZZZZM ' " " ^ Cancel j 

The workfile opens to show 
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Range: 1952:12003:4 - 208 obs Display Filter: * 
Sample: 1952:1 2003:4 - 208 obs \ 

information on sample 
data 

data series 

Demo/"NewFage/ 

Located on the left side are data series that are indicated by the icon 0 . EViews calls the 
elements of the workfile objects. As you will discover, there are many types of objects that 
EViews can save into the workfile—not only series but tables, graphs, equations, and so on. As 
Richard Startz says, an object is a little "thingie" that computer programmers talk about. Each 
little icon "thingie" in the workfile is an object. 

In this workfile the data series, or variables, are: 

• GDP—gross domestic product 
• Ml—money supply 
• PR—price level (index) 
• RS—short term interest rate 

The series resid and the icon labeled /? are always present in EViews workfiles (even new ones 
with no data) and their use will be explained later. Across the top of the workfile are various 
buttons that initiate tasks in EViews, and these too will be explained later. 

Below the buttons are Range: 1952:1 2003:4, which indicates that the 208 observations on 
the variables included run from 1952, Quarter 1, to 2003, Quarter 4. Sample: 1952:1 2003:4 
denotes the data observations EViews will use in calculations. Many times we will choose for 
analysis less than the full range of observations that are available, so Sample will differ from 
Range. 

1.4.3 Examing a single series 

It is a good idea each time you open a workfile to look at one or more series just to verify that the 
data are what you expect. First, select one series 
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Workfi le: DEMO - (c:\data\eviews... 
[View¡Proc[[object] [Print j[save|[Petails+/-] [showfpetchfStorej[oeietej|Genr[[Sample 
Range: 1952:12003:4 - 208 obs 
Sample: 1952:1 2003:4 - 20B obs 

Display Filter: * 

Double-click in the blue area, which will reveal a spreadsheet view of the data. 

mmm 
l|VteHfpr i) [Print|Name ¡Freeze] [Default v | [sort][Edit+/-](smpl+/-][ii 

ir I 

Last updated: 09/09/97 -17:35 A 

Display Name: gross domestic product 

1952 1 87.87500T 
1952 2 88.12500 
1952 3 89.62500 
1952 4 92.87500 
1953 1 94.62500 \ V 

1953 2 < > I 

In the upper left hand corner is a button labeled View 

S 

This opens a drop-down menu with a number of choices. Select Descriptive Statistics & 
Tests/Histogram and Stats. 

l[viewiproc)fSjirt][Propertiesj |printi|Namej|Freeze| Defeult v [Sort][Edit+/-l[Smpl+/-j[l| 

spreadsheet 

Graph... 

GDP I spreadsheet 

Graph... r i 1 1 
spreadsheet 

Graph... 

Qne-Way Tabulation... 
B B H p 

Stats Table ^ 

Stats by Classification... 

™ V 

Correiogram... 

Unit Root Test... 

BDS Independence Test... 

B B H p 
Stats Table ^ 

Stats by Classification... 

™ V 

Correiogram... 

Unit Root Test... 

BDS Independence Test... 

Simple Hypothesis Tests 

Equality Tests by Classification... 

™ V Label Empirical Distribution Tests... ™ V 

|j 19 " ^ g 

The result is 
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1 Series: GDP Workfile: DEMO::Demo\ 
¡Sampie IfGenr )|sĥ t][Graph j[stetelild5l 

Series: GDP 
Sample 1952:1 2003:4 
Observations 208 

Mean 853.3049 
Median 531.5625 
Maximum 2611.536 
Minimum 87.87500 
Std. Dev. 771.6189 
Skewness 0.758490 
Kurtosts 2.216390 

Jarque-Bera 25.26570 
Probability 0.000003 

This histogram is shown with various summary statistics on the side. 
Click on View again. Select Graph. 

« Series: GDP Workfile: DEMO::De 
[ V i e w f l P r ^ [print||Narne ([Freeze | (sample j[Gi 

spreadsheet 

Descriptive Statistics & Tests • 
One-Way Tabulation... 

There you will see many options. The default graph type is a Basic Graph with the Line & 
Symbol plotted. Select OK. 

Graph Options [Xj 

type I Frame j Axis/Scale II Legend || LineiSyrabol 8 Fill Area ;; BoxPiot" Object t Template 
Graph type 

General: 

Speafic: 

Bar 
Spike 
Area 
Dot Plot 
Distribution 
Quantáe - Quantüe 
Boxptot 
Seasonal Graph 

Details: 

Graph data: I Raw data 

Orientation: Normal - obs/ame across bottom v 

Axis borders: I None 

Multiple series: Sir,de ştipiı 

The result is a line graph. The dates are on the horizontal axis and GDP on the vertical axis. 
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- Series: GDP Workf i le: DE... 
iWewflProc](objectj[PrQperties| [Print|Naroe]|Freeze| |Sample][Genr||sheej 

3,000 

I I 1 I I I I 1 I I I [ I I I I I I I I I I I I I I I I I I I I 1 I I I I I I M I I I I I I I I 

SS 60 es 70 75 80 65 » 35 00 

1.4.4 Changing the sample 

If you wish to view the graph or summary statistics for a different sample period, click on the 
Sample button. This feature works the same in all EViews windows. 

Series: GDP Workfile: DE... 
[ fe^Pmc]|Qbje£t ¡Propertiesl [print)[Name][FreezejJSarriß|eJ[Ge^|shi ie£ 

GOP 

In the dialog box that opens change the sample to 1995:1 to 2003:4 then click OK. 

1 

ample X 

Sample range pairs (or sample object to copy) 

OK 

1995^1 2003:4 

OK 

IF condition (optional) \ IF condition (optional) \ 

\ change 
dates 

Cancel Cancel 

The resulting graph shows that GDP rose constantly during this period. 
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1.4.5 Copying graph into a document 

Select View/Descriptive Statistics & Tests/Histogram and Stats. You will find now the 
summary statistics and histogram of GDP for the period 1995:1 to 2003:4. These results can be 
printed by selecting the Print button. 

[Print] 

You may prefer to copy the results into a word processor for later editing and combining results. 
How can results be taken from EViews into a document? Click inside the histogram 

click inside 
\ 

1SOO <900 2000 2<£8 Î200 E ® 1KB 2KB ÎSKJ 

Series: GDP 
Sampte 1995:1 2003:4 
Observations 38 

«san 2182.042 
( te lan 2168.094 
Jilsxiflwm 2511536 
fcfeimiüm 1792.250 
Std Dev. 244.3538 
Skewness 0.09787! 
Kurtosts Î.872869 

Janjue-Bera 1.963784 
Probab»y 0.374602 

While holding down the Ctrl key press C (which we will denote as Ctrl+C). This is the 
Windows keystroke combination for Copy. 
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Graph Metafile X 

•Metafile properties 

0 | Jse color in metafile! 
I _ _ _ _ _ _ _ | 

OK ! 
Of f iMF -metafile 

; © • EMF - enhanced metafile | 

Of f iMF -metafile 

; © • EMF - enhanced metafile | 
Cancel 

t—I Display this dialog on atl 
'—' copy operations 

Options/Graph Defaults sets default metafile 

In the resulting dialog box you can make some choices, then click OK. This copies the graph into 
the Windows clipboard (memory). Open a document in your word processor and enter Ctrl+V 
which will Paste the figure into your document. 

I 
Series: GDP 
Sample 1995:1 2003:4 
Observations 36 

Mean 2182.042 
Median 2168.094 
Maximum 2611.536 
Minimum 1792.250 
Std. Dev. 244.3538 
Skewness 0.097871 
Kurtosis 1.872669 

Jarque-Bera 1.963784 
Probability 0.374602 

1800 1900 2000 2100 2200 2300 2400 2500 2600 

Lets close the graph we have been working on, by clicking the red X in the upper right hand 
corner of the GDP screen 

1.5 EXAMINING SEVERAL SERIES 

Rather than examining one series at a time we can view several. In the workfile window select the 
series Ml and then while holding down the Ctrl-key select the PR series. Double click inside the 
blue area to open what is called a Group of variables. 
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IV iew 1 Proc ¡[object] [print][save ¡Details + / - ] [show ¡Fetch ] [s tore ][Pelete][Genr ¡Sample 

Range: 1952:1 2003:4 
Sample: 1995:1 2003:4 
B e 
0 gdp 

208 obs 
36 obs 

0 resid 
0 r s 

Display Filter:* 

Click on Open Group. 

Open Equation, 
Open Factor... 
Open VAR... 

A spreadsheet view of the data will open. 

Group: UNTITLED Workfile: DEMO::D... 
([view )[ Proc ¡Object I [PrintjjName ¡Freeze J I Default v |sort[[Transpose] [Edit+/-][Srnpl+/- l | l | 

Obs M1 PR j 
1995:1 120 9.235j 1.069409 A 

1995:2 1219.420 1.074633 i 
1395:3 1204J520 1.080137 
1995:4 1197.609 1.086133 y 

1996:1 m * - ' -jU- ft > 

Note that the series begins in 1995:1 because we changed the Sample range in Section 1.4.4. 

1.5.1 Summary statistics for several series 

From the spreadsheet we can again examine the data by selecting the View button. Select 
Descriptive Stats/Common Sample. 

iiffffMî liiiiii i3 m m m m m M l l w l j 

IWew][ProcIobject| (Print ¡Name ¡Freeze] Defeult v :[sort|[Transpose | [Edit+/-)|Snipl+/-j|l 

Group Members 

Spreadsheet 

Dated Data Table 

PR Group Members 

Spreadsheet 

Dated Data Table 

1)69409 A 

Group Members 

Spreadsheet 

Dated Data Table 
p74633 

Group Members 

Spreadsheet 

Dated Data Table D80187 w 
Graph... 086133 

W.iy^fXé.r.... 

Covariance Analysis... Individual Samples | 
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The result is a table of summary statistics is created for the two series (variables) in the group. 

1.5.2 Freezing a result 

• Group: UNTITLED Workfile: DEMO:: 
¡BBBIM ""'MSSi r nBBQI 

IfviewfPrQcfobject] [ Print ÏNamellFreerel ¡sarnpie][sheet)[stats[[spec] 
M1 TH PR 

Mean 1332.789 1.168378 A -

Median 1336.818 1.161996 
Maximum 1499.480 1.281105 
Minimum 1195.807 1.069409 

These results can be "saved" several ways. Select the Freeze button. This actually saves an image 
of the table. In the new image window, select the Name button. Enter a name for this image, 
which EViews calls an Object. The name should be relatively short and cannot contain any 
spaces. Often underscores "_" can be used to separate words to make recognition easier. 

[view][Procjfobject) [Print][Nainej [Ed i t+ / - ] (ce i^ t ] |Gr id+ / - j [ l^ |CQmment5+ / - j 

Date. 10/2S07 Time: 12:39 
Sarrl Object Name 

10 
11 
12 
13 
14 
15 

Me; 
Mec 
Max 
Mini 
Std. 
Ske 
Kurt 

Jart 
Prol 

16 

Name to identify object 

j stats_table_ml_pr 

Dispiav name for 

24 characters maximum, 16 
j or fewer recommended 

fes and graphs (optional) 

no spaces allowed 

OK 

17 
18 
19 

Sum 
Sum Sq. Dev. 
l l i i 

47980.40 42.06160 
363819.2 0.134901 

Click OK, then close the Object by clicking on the red X. Check back in the workfile and you 
will now see a new entry, which is the table you have created. 

Workfile: DEMO - (c:\data\eviews... 
[View|Proc]|Object) [print]|Save ¡[Details +/-J [show [[Fetch[[store ¡Delete ][Genr [¡Sample 
Range: 1952:1 2003:4 - 208 obs 
Sample: 1995:1 2003:4 - 36 obs 

Display Filter:' 

H e 
0 gdp 
0 ml 
0 pr 
0 resid 
0 rs 
i l - stats_table_m1_pr 

table object in 
workfile 
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The table can be recalled at any time by double clicking the Table icon 

SIS 2 stats_table_m1_pr 

1.5.3 Copying and pasting a table 

To copy these into a document directly, highlight the table of results (drag the mouse while 
holding down its left button), enter Ctrl+C. In the resulting box click the Formatted radio 
button, check the box to Include header information, and click OK. This copies the table to the 
Windows clipboard, which then can be pasted (Ctrl+V) into an open document. 

Group: UNTITLED Workfi le: DEMO:: 
| ¥ i e w ] i P r o c | o b ^ c t ) [ f t j n t ] [ N a m e ¡ [ F r e e z e ] [ s a m p l e j j s h e i ^ s t d t s f s ^ 

: Mean 
| Median 

Maximum 
I Minimum 

SM. Dev. 
S Skewness 
; Kurtosis 

f Jarque-Bera 
: Probability 

s Sum 

! Sum Sq. Dev. 

I Observations 

Hi 
1332789: 
1336.818 
1499.480' 
1195,807 
101.9551 
0,07001' 
1,57928; 

3.057073 
0 . 2 

47980.40I 
353819,2 

• M B 
.«ft 

l ... 
1168378 
1.181996 
1.281105 
1.069409 
Ö.062083 

Copy Precision 

Number copy method 

© Formatted - Copy numbers as they appear in table 
O Unformatted - Copy numbers at highest precision 

0Include trader informatics 

^ C Cancel 

A M Àf > 

This same method can be used for basically any table in EViews. For example, if you open the 
saved table "STATS TABLE MI PR" you can highlight the results, then copy and paste as we 
have done here. 

1.5.4 Plotting two series 

Return to the spreadsheet view of the two series Ml and PR. Select View/Graph. In the resulting 
dialog box, select Multiple graphs in the Multiple series menu. 
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Type Frame Axis/Scale f Legend ¡1 Line/Symbol |l Fill Area j BoxPlot j Object Template 

Graph type 
General: 

Basic graph 

Specific: 

Bar 
Spike 
Area 
Area Band 
Mixed with Lines 
Dot Plot 
Error Bar 

Details: 

Graph data: 

Orientation: 

Axis borders; 

Raw data 

Normal - obs/time across bottom v 

Éone 

Multiple series: Stack in single graph 

Single graph 
Stack in single graph 

Click OK to obtain two plots of the series 

Group: UNTITLED Work f i le : DEMO::D... M | n ] [ > < 
[view][Proc[(object) [PrintflNamefFreeze] [Samplefsheitlstatsjfspec) 

' I I I I 1 I I I I I 1 I I I IJ I I I I I I I I I I I I 1 I I I I 
; ; 32 î î W^ 2Î 3S 3S :Í2;""'• S 

We can Freeze this picture, then assign it a Name for future reference. 

1.5.5 A scatter diagram 

A scatter diagram is a plot of the data points with one variable on one axis and the other variable 
on the other axis. In the Group screen click View/Graph. Select Scatter as the specific type of 
graph. 

Click OK. Copy the graph by clicking inside the graph area, entering Ctrl+C to copy, then 
paste into a document using Ctrl+V. The resulting graph is on the next page. Recall that we are 
still operating with the sample from 1995:1 to 2003:4, which is only 36 data points. 
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Graph type 
General: 

Graph type 
General: 

^ ^ ^ S S S H R H i v 

Specific: 

Line 8i Symbol 
Bar 
Spike 
Area 
Area Band 
Mixed with Lines 
Dot Plot 
Error Bar 

XY Line 

1.32 

1.28 

1.24 

1.20 

1.16 

1.12 

1.08 

1.04 
1,100 1,200 1,300 1,400 1,500 1,600 

M1 

The variable Ml is on the horizontal axis because it is the first series in the spreadsheet view. 
Click the red X in the Group window. When you do this you will be faced with some choices. 

The Group consists of the two series Ml and PR. This Group can be saved by selecting Name 
and assigning a name. 

In the workfile window you will find a new object for this group. 

İĞİ group_m1_pr 

1.6 USING THE QUICK MENU 

The spreadsheet view of the data is very powerful. Another key tool is the Quick menu on the 
EViews workfile menu. 

ml EViews Student Version 
File Edit Object View Proc •wlwaj Options Window Help 

\ 

The options shown are 
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Sample... 
Generate Series... 
Show... 
Graph ... 
Empty Group (Edit Series) 

Series Statistics • 
Group Statistics • 
Estimate Equation... 
Estimate VAR... 

1.6.1 Changing the sample 

By selecting Sample from this menu we can change the range of sample observations. Change 
the sample to 1952:1 to 2003:4 and click OK. 

Generate Series... 
Show... 
Graph ... 
Empty Group (Edit Series) 

Sample range pairs (or sample object to copy) 

1952:|l 2003:4 

OK 

1.6.2 Generating a new series 

In each problem we may wish to create new series from the existing series. For example, we can 
create the natural logarithm of the series Ml. Select Quick/Generate Series. In the resulting 
dialog box type in the equation log_m1=log(m1), then click OK. A new series will appear in the 
workfile. The function log creates the natural logarithm. All logarithms use in Principles of 
Econometrics are natural logs. 

Show... 
Graph ... 
Empty Group (Edit Series) 

Enter equation 

Sample 

1952:1 2003:4 
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Alternatively, we can generate a new series by selecting the Genr button on the workfile menu. 
This will open the same Generate Series dialog box. 

. . . . . . 
.MI 

[ViewJ[Proc][object] [Print][Save][Details+/-] [show] Fetch [[store ][Delete[|Ge irJSample 
Range: 1952:1 2003:4 - 208 obs Displa 
Sample: 1952:1 2003:4 - 208 obs 

yWlter: * 

1.6.3 Plotting using Quick/Graph 

We can create graphs from the spreadsheet view, but we can also use Quick/Graph. 

Sample-
Generate Series. 
Show... 

Empty Group (Edit Series) 

This will open the Graph options window. For a basic graph click OK. 
If you enter two series into the Series List window then the Graph options window will 

have an additional option 

Series List 
List of seriesf groups, and/or series expressions 

Caned 

Details: -

Graph] data: 

Orientation: 

Axis borders: 

Raw data v 

Normal - obs/time across bottom v 

None 

Multiple series: Single graph 

Multiple series options 

Click OK. The resulting graph shows the two series plots in a single window. In EViews the 
curves are in two different colors, but this will not show in a black and white document. The 
programmers at EViews have thought of this problem. Click inside the graph and enter Ctrl+C to 
copy. In the Graph Metafile box that opens uncheck the box "Use color in metafile." Click OK. 
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Metafile properties 

DjLtee color In metafitel 

O WMF - metafile 

(*} EMF - enhanced metafile 

I Display this dialog on all 
' copy operations 

OK M 

Cancel 

Options/Graph Defaults sets default metafile 

In your document enter Ctrl+V to paste the black and white graph. Now the graph lines show up 
as solid for GDP and broken for Ml so that the difference can be viewed. 

55 60 65 70 75 80 85 90 95 00 

| GDP M1 | 

To save the graph, click Name and enter the name GDP_Ml_PLOT. Click OK. Close the graph 
by clicking "X". You will find an icon in the workfile window. 

Q3 gdp_m1_plot 

If you double click this icon up will pop the graph you have created. 

1.6.4 Saving your workfile 

Now that you have put lots of work into creating new variables, plots, and so on, you can Save 
what you have done. On the workfile menu select the Save button 

• Workfile: DEMO - (c:\data\eviews... 1 J Ü) 
[view fProcJobjectJ iPrint]|Save|Details+/- (show](Fetch][store ¡Delete ¡Genr ¡Sample 
Range: 1952:1 2003:4 - £5)8 obs 
Sample: 1952:1 2003:4 - 208 obs 

Display Filter:* 
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In the following window, IF you click OK then all the objects you have created will be saved into 
the workfile demo.wfl. You may wish to save these results using a different name, so that the 
original data workfile is not changed. To save the workfile, select File/Save As on the main 
EViews menu 

We will use the name demo chl.wfl for this workfile. Enter this and click O K You will 
presented with some options. Use the default of Double precision and click OK. 

Series storage 

O Single precision (7 digit accuracy) 
® Double precision (16 digit accuracy) 

• Use compression 
(Compressed files are not compatible 
with EViews versions prior to 5.0) 

0 Prompt on each Save. {Options can be set in Global Options.) 

You will note that the workfile name has changed. 

1.6.5 Opening an empty group 

The ability to enter data manually is an important one. In Chapter 17 we show all the ways you 
might enter data into EViews. Select Quick/Empty Group (Edit Series) from the EViews menu. 

Sample... 
Generate Series... 
Show ... 
Graph ... E B B a i . 
Series Statistics • 
Group Statistics • 
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A spreadsheet opens into which you can enter new data. The default name for a new series is 
SER01 that we will change. As you enter a number press Enter to move to the next cell. You can 
add new data in as many columns as you like. 

llviewIProcKofaiectl ÎPrintÏNarne iFreeze I Default isortlfxransDosel ÎÉJ [view][Proc ¡Object] [Print¡Name¡Freeze] Default v ¡Sort][Transposej |E 

5 

| obs SER01 
1952 1 1.000000 V 
1952 2 2.000000 default 1952 3 ' 2.000000 default 

! 1952 4 5 I name 
1953 1 NA k ZI 

When you have finished entering the data you wish, click the red X in the upper right corner of 
the active window. You will be asked if you want to "Delete Untitled GROUP?" Select Yes. In 
the workfile demo chl.wfl you will now find the new series labeled 

To change this name, select the series (by clicking) then right-click in the shaded area. A box 
will open in which you can enter a new name for the "object" which in this case is a data series. 
Press OK 

Manage Links & Formulae. 
Fetch from DB... 
Store to DB... 
Object copy... 

Delete 

Name to identify object 

testvariable| 
24 characters maximum, 16 
or fewer recommended 

Display name for labeling tables and graphs (optional) 

Cancel 

You can go through these same steps to delete an unwanted variable, such as the one we have just 
created. Select the series "TESTVARIABLE" in the workfile, and right click. Select Delete. In 
the resulting window you will be asked to confirm the deletion. Select Yes. 
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Rename... 

¡ » l i n n 
Delete TESTVARIA.BLE from workfile? 

Yes Yes to All No Cancel 

More than one series or objects can be selected for deletion by selecting one, then hold down the 
Ctrl-key while selecting others. To delete all these selected objects right-click in the blue area, 
and repeat the steps above. 

1.6.6 Quick/Series statistics 

The next item on the EViews Quick menu is Series Statistics. Select Quick/Series 
Statistics/Histogram and Stats 

I File Edit Object View Proc I 1 h 9 Options Window Help 

Sample... 
Generate Series... 
Show... 
Graph ... 

Empty Group (Edit Series) HBMMHiWffl 

Sample... 
Generate Series... 
Show... 
Graph ... 

Empty Group (Edit Series) 

|| »'¡evv ! Proc I Object J [Pr>nt j|sa./e] 
Range: 1952:1 2003:4 - 2 Group Statistics • 

l O i m n i o i i i o - n n n M .. r Correlogram... 

In the resulting window you can enter the name of the series (one) for a which you desire the 
summary statistics. Then select OK. 

• Series: LOG_M1 Workfile: D£M0_CH1. 
[vtewIProc|Qbject|Properties| [Pnnt][Name]|Freezej jSample||Genr][sheetfGr3phfstats][ldent 

Series: LOG_M1 
Sample 1952:1 2003:4 
Obsefvations 208 

Mean 
Median 
Maximum 
Minimum 
Std. Dev. 
Skewness 
Kurtosis 

6.000824 
5.921902 
7.312874 
4.840535 
0.851594 
0.130782 
1.513848 

Jarque-Bera 19.73454 
Probability 0.000052 
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1.6.7 Quick/Group statistics 

We can obtain summary statistics for a Group of series by choosing Quick/Group Statisitcs. 

iWSS^ Options Window Help 

Sample... 
Generate Series... 
Show... 
Graph ... 
Show... 
Graph ... II VPIIIIIHiaill ll^ll w v1-r r 

Empty Group (Edit Series) 11 

Series Statistics • 1 

Estimate Equation... Covariances Individual samples ^ 

Enter the series names into the box and press OK. This will create the summary statistics table we 
have seen before. You can Name this group, or Freeze the table, or copy and paste using Ctrl+C 
and Ctrl+V. 

Group: UNTITLED Workfile: DEMO. 
fviewfProcIobject [Print|lMame ¡[Freeze] |samplejsheet][stats]|spec[ 

GDP M1 PR 
Mean 853,3049 569.3548 0.605202 
Median 531.5625 373.1375 0.490262 
Maximum 2611.536 1499.480 1.281105 
Minimum 87.87500 126.5370 0.197561 
Std. Dev. 771.6189 451.3036 0.365495 
Skewness 0.758490 0.726813 0.402946 
Kurtosis 2.216390 2.029020 1.620387 

Another option under Quick/Group Statistics is Correlations. Enter the names of series for 
which the sample correlations are desired and click OK. 

1211 Options Window Help 

Sample... 

Generate Series... 

Show ... 

Graph... 

Empty Group (Edit Series) 

Series Statistics 
*. ' •.] 

Estimate Equation... 

Estimate VAR... 

Descriptive Statistics • 

Covariances 

m i l 
Cross Correlogram ^ 

List of series, groups,- and/or series expressions 

| gdp iogjnlprrs 

The sample correlations are arranged in an array, or matrix, format. 



Introduction to E Views 27 

r 
• Group: UNTITLED Workfile: DEM.. «a.LJJ 
(Viewfpracfobjectj [Prtnt)[Name ¡Freeze | fsamplej(sheet][stats][specj 
j Comlatoi 

GDP LOG M1 PR RS 
GDP 1.000000 0.959003 0.986551 0.168504 «V 

LOG Ml — 0.959CÔ3~i '""1.000000 0.987383 ] 0.346364 ' 
liâll PR 0.986551 1 0.987383 IOÔ SKTI 0.268010 liâll RS 0.16S5QV] 0.346364 1 " ' 0.268010" "j 1.000000 liâll 

V 

< " 1 > 
V 

1.7 USING EVIEWS FUNCTIONS 

Now we will explore the use of some EViews functions. Select Help/Quick Help 
Reference/Function Reference. 

B B 

EViews Help Topics ... 

READ ME j 

Object Reference 

Basic Command Reference 
Student Version Getting Started (pdf) 

EViews Illustrated - An EViews primer • 

Object Reference 

Basic Command Reference 
Student Version Getting Started (pdf) 

EViews Illustrated - An EViews primer • 

1.7.1 Descriptive statistics functions 

Select Descriptive Statistics from the list of material links. 

Operator and Function Reference 
This material Is divided into several topics: 

• Operators. 

• Basic mathematical functions. 

• Time series functions. 

• Financial functions. 

• Descriptive statistics. 

• vJmulative statistics functions. 

Some of the descriptive statistics functions listed there are on the next page. 
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Descriptive Statistics Functions in EViews 6 Student Version 

Function Name Description 

@ c o r ( x , y [ , s ] ) correlation the correlation between X and Y. 

@ c o v ( x , y [ , s ] ) covariance the covariance between X and Y (division by 
n). 

@covp (x , y [ , s] ) population covariance the covariance between X and Y (division by 
n). 

@ c o v s ( x , y [ , s ] ) sample covariance the covariance between X and Y (division by 
n-1). 

(Sinner (x , y [ , s] ) inner product the inner product of X and Y. 

@ o b s ( x [ , s ] ) number of 
observations 

the number of non-missing observations for X 
in the current sample. 

@ n a s ( x [ , s ] ) number of NAs the number of missing observations for X in 
the current sample. 

@mean(x [ , s ] ) mean average of the values in X. 

@median(x [ , s ] ) median computes the median of the X (uses the 
average of middle two observations if the 
number of observations is even). 

@ m i n ( x [ , s ] ) minimum minimum of the values in X. 

@max(x [ , s ] ) maximum maximum of the values in X. 

@stdev(x [ , s ] ) standard deviation square root of the unbiased sample variance 
(sum-of-squared residuals divided by n-1). 

@stdevp(x [ , s ] ) population standard 
deviation 

square root of the population variance (sum-
of-squared residuals divided by n). 

@ s t d e v s ( x [ , s ] ) sample standard 
deviation 

square root of the unbiased sample variance. 
Note this is the same calculation as @stdev. 

@ v a r ( x [ , s ] ) variance variance of the values in X (division by n). 

@ v a r p ( x [ , s ] ) population variance variance of the values in X. Note this is the 
same calculation as @var. 

@ v a r s ( x [ , s ] ) sample variance sample variance of the values in X (division by 
n-1). 

@ s k e w ( x [ , s ] ) skewness skewness of values in X. 

@ k u r t ( x [ , s ] ) kurtosis kurtosis of values in X. 

@ s u m ( x [ , s ] ) sum the sum of X. 

@ p r o d ( x [ , s ] ) product the product of X (note this function could be 
subject to numerical overflows). 

@sumsq (x [ , s ] ) sum-of-squares sum of the squares of X. 
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In this table of functions you will note that these functions begin with the symbol. Also, 
these functions return a single number, which is called a scalar. In the commands the variables, 
or series, are called x and y. The bracket notation "[,s]" is optional and we will not use it. These 
functions are used by typing commands into the Command Window and pressing Enter. For 
example, to compute the sample mean of GDP type 

scalar gdpbar = @mean(gdp). 

The command window looks like this. 

St i d ent Version 
1 File Edit Object View Proc Quick Options Window Help 

scalar gdpbar = @mean{gdp}j 

At the bottom of the EViews screen you will note the message 

• GDPBAR successfully created 

In the workfile window the new object is denote with "#" that indicates a scalar. 

Btl gdpbar 

We called the sample mean GDPBAR because sample means are often denoted by symbols like 
x which is pronounced "x-bar." In the "text messaging" world in which you live, simple but 
meaningful names will occur to you naturally. 

To view this scalar object double click on it, or type show gdpbar in the Command window. 
At the bottom of the EViews screen you will see 

Q Scalar GDPBAR = 853.304863221 

The sample mean of GDP during the sample period is 853.305. 
Scalars you have created can be used in further calculations. For example, enter the following 

commands by typing them into the command window and pressing Enter 

scalar t = @obs(gdp) 
scalar gdpse = @stdev(gdp) 
scalar z = (gdpbar - 800)/(gdpse/@sqrt(t)) 

The value of z is 0.996, and is the test statistic value for the null hypothesis that the population 
mean of GDP equals 800. In the workfile are now objects for each of the scalars created. 
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1.7.2 Using a storage vector 

The creation of scalars leads to inclusion of additional objects into the workfile, and the scalars 
cannot be viewed simultaneously. One solution is to create a storage vector into which these 
scalars can be placed. 

On the EViews menu bar select Object/New Object. In the resulting dialog box select 
Matrix-Vector-Coef and enter an object name, say DEMO. Click OK. 

I S 3 l j * [ i M 

File Edit View Proc Quid 
scalar gdpb; 
scalart = @i 
scalar gdpst 

IHESEBSfl^l^! scalar gdpb; 
scalart = @i 
scalar gdpst Fetch from DB... 

Cl i i i i i B W B M I i i B i l ^ 
Type of object Name for object 

A dialog box will open asking what type of "new matrix" you want. To create a storage vector 
(an array) with 10 rows select the radio button Vector, enter 10 for Rows, and click OK. 

Type 

O Matrix 

O Symmetric Matrix 

© Vector 

O Coefficient Vector 

Dimension 

Rows: [ 10| 

Columns; 

OK 

•5 
Cancel 

A spreadsheet will open with rows labeled R1 to RIO. Now enter into the Command window the 
command 

demo(1) = @mean(gdp) 

When you press Enter the value in row R1 will change to 853.3049, the sample mean of GDP, as 
shown on the next page. 
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,!? EViews Student Version 
File Edit Object View Proc Quick Options Window Help 

demo(1) = @rnean£gdp) 

command 

l Range: 1952:1 2003:4 - 208 obs 
[Sample: 1952:1 2003:4 - 208 obs 
Iffic 
HO demo^t 
B gdp storage 
HQ gdp_m1_plot 
H gdpbar v e o i u r 
l » l gdpse 
PbI group_m1_pr 
0 log_m1 
0 ml 
0 p r 
0 resld 
0 r s 
sis sta!s_table_m1_pr 

t 
z 

> \ Demo / New Page / 

• 

R1 
R2 
R3 
R4 
R5 
R6 
R? 
R3 
R9 

R10 

Last updated: 10/27/07 -12:35 

853.3049 
0.000000 
0000000 
0.000000 
0.000000 
0.000000 
0.000000 
0.000000 
0.000000 
0.000000 

sample 
mean of gdp 

Path = c:\data\eviews : DB ; WF = demo chl 

Now enter the series of commands, pressing Enter after each. 

demo(2) = @obs(gdp) 
demo(3) = @stdev(gdp) 
demo(4) = (gdpbar - 800)/(gdpse/@sqrt(t)) 

Each time a command is entered a new item shows in the vector. 

DEP̂ IO 
G1 

Last updated: 10/27/07-12:49 

R1 853.3049 
R2 208.0000 
R3 771.6189 
R4 0.996313 

The advantage of this approach is that the contents of this table can be copied and pasted into a 
document for easy presentation. Highlight the contents, enter Ctrl+C. Choose the Formatted 
radio button and OK. 
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Viea-fPrQtfObject) [PrmtlMamelFreeze] |Edt4/- | l . 'Graph 1 

l i p l p 
208.0000 
771 6109 
0.996313 
0,000000 
0.0000001 
o.ooooooj 
0.000000 
b.obobbo| 

O.tKHHKM; 

• Number espy method 

O Unformatted - Copy numbers at highest precision 

OK 
t f ' 

Cancel 

In an open document enter Ctrl+V to paste the table of results. 

R1 853.3049 
R2 208.0000 
R3 771.6189 
R4 0.996313 

You can now edit as you would any table. 

Demo vector 
GDP mean 853.3049 
T sample size 208.0000 
GDPStdDev 771.6189 
Z statistic 0.996313 

We created many tables in the book Principles of Econometrics using this method. 

To keep our workfile tidy, delete the scalar and vector objects that have no further use. Click 
the vector object DEMO and then while holding down the Ctrl-key, click on the scalars. Right-
click in the blue-shaded area and select Delete. 
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• Workfi le: DEM0_CH1 - (c:\data\e... 1 

[Wew|Proc][object] [PrintJ[save|Details+/-J [show [[Fetch [[store J[Delete|Genr ¡[sample 
Range: 1952:12003:4 - 208 obs Display Filter * 
Sample: 1952:1 2003:4 - 208 obs 

I f f i c 
E9 demo • E9 demo 

Open [ 0 g d p 
¡02 gdp_m1_plot 

Open [ 0 g d p 
¡02 gdp_m1_plot 

Copy 
Paste 
Paste Special... 

[ E3 gctpbar 
£3 qdpse 

Copy 
Paste 
Paste Special... 

[ 
E group_m1_pr 
EZjlog ml 
0 m 1 
0 p r 
0 resid 
0 rs 
sot stats_tabie_m1_pr 

Copy 
Paste 
Paste Special... 

[ 
E group_m1_pr 
EZjlog ml 
0 m 1 
0 p r 
0 resid 
0 rs 
sot stats_tabie_m1_pr 

Manage Links & Formulae... 
Fetch from DB... 
Store to DB... 
Object copy... 

[ 

E3t 
E3z 

Manage Links & Formulae... 
Fetch from DB... 
Store to DB... 
Object copy... 

[ 

Rename... 

[ [ 

|< > \ Demo X New P a g e j ™ — 

If you feel confident you can choose Yes to All 

r 

EVIews • Q 

Q p l Delete DEMO from workfile? 

Ly,es. .11 Yes to All I f No ] Cancel ] 

1 > 

1.7.3 Basic arithmetic operations 

The basic arithmetic operations can be viewed at Help/Quick Help Reference/Function 
Reference 

Operator and Function Reference 
This material is divided into several topics: 

• Operators. 

• Basic miuemat ica l functions. 

The list of operators is given on the next page. These operators can be used when working with 
series, such as in an operation to generate a new series, RATIOl, such as 3 times the ratio of GDP 
to Ml: 

series rat iol = 3*(gdp/m1) 
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« 

Basic Arithmetic Operations 

Expression Operator Description 

+ add x+y adds the contents of X and Y. 

- subtract x - y subtracts the contents of Y from 
X. 

* multiply x *y multiplies the contents of X by Y. 

/ divide x / y divides the contents of X by Y. 

raise to the power x^y raises X to the power of Y. 

> greater than x>y takes the value 1 if X exceeds Y, 
and 0 otherwise. 

< less than x<y takes the value 1 if Y exceeds X, 
and 0 otherwise. 

= equal to x=y takes the value 1 if X and Y are 
equal, and 0 otherwise. 

< > not equal to x<>y takes the value 1 if X and Y are 
not equal, and 0 if they are equal. 

< = less than or equal to x<=y takes the value 1 if X does not 
exceed Y, and 0 otherwise. 

> = greater than or equal to x>=y takes the value 1 if Y does not 
exceed X, and 0 otherwise. 

1.7.4 Basic math functions 

The basic math functions can be viewed at Help/Quick Help Reference/Function Reference 

Operator and Function Reference 
This material is divided into several topics: 

• Operators. 

• Basic mathematical functions^ 

• Time series functions. w 

Some of these functions are listed below. Note that common ones like the absolute value (abs), 
the exponential function (exp), the natural logarithm (log) and the square root (sqr) can be used 
with or without the @ sign. 
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Selected Basic Math Functions 

Name Function Examples/Description 

@abs(x), abs(x ) absolute value @abs(-3)=3. 

@exp(x), exp (x ) exponential, e" @exp(1)=2.71813. 

© f a c t ( x ) factorial, x! @fact(3)=6, @fact(0)=1. 

@inv(x) reciprocal, 1/x inv(2)=0.5 

@mod(x,y) floating point remainder returns the remainder of x/y with the same 
sign as x. If y=0 the result is 0. 

@ log (x ) , l o g ( x ) natural logarithm, loge(x) @log(2)=0.693..„ log(@exp(1))=1. 

@round(x) round to the nearest integer @round(-97.5)=-98, @round(3.5)=4. 

@ s q r t ( x ) , s q r ( x ) square root @sqrt(9)=3. 

Keywords 

arithmetic operators graph metafile quick/group statistics 
basic graph graph options quick/sample 
close series group: empty quick/series statistics 
copy precision help quick/show 
copying a table histogram sample range 
copying graph math functions sample range: change 
correlation multiple graphs scalars 
Ctrl+C name scatter diagram 
Ctrl+V object name series 
data definition files open group series: delete 
data range open series series: rename 
descriptive statistics path spreadsheet view 
EViews functions quick help reference vectors 
freeze quick/empty group workfile: open 
function reference quick/generate series workfile: save 
generate series quick/graph workfiles 
genr 
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The Simple Linear Regression 
Model 

CHAPTER OUTLINE 
2.1 Open the Workfile 

2.1.1 Examine the data 
2.1.2 Checking summary statistics 
2.1.3 Saving a group 

2.2 Plotting the Food Expenditure Data 
2.2.1 Enhancing the graph 
2.2.2 Saving the graph in the workfile 
2.2.3 Copying the graph to a document 
2.2.4 Saving a workfile 

2.3 Estimating a Simple Regression 
2.3.1 Viewing equation representations 
2.3.2 Computing the income elasticity 

2.4 Plotting a Simple Regression 

2.5 Plotting the Least Squares Residuals 
2.5.1 Using View options 
2.5.2 Using Resids 
2.5.3 Using Quick/Graph 
2.5.4 Saving the residuals 

2.6 Estimating the Variance of the Error Term 
2.7 Coefficient Standard Errors 
2.8 Prediction Using EViews 

2.8.1 Using direct calculation 
2.8.2 Forecasting 

KEYWORDS 

In this chapter we introduce the simple linear regression model and estimate a model of weekly 
food expenditure. We also demonstrate the plotting capabilities of EViews and show how to use 
the software to calculate the income elasticity of food expenditure, and to predict food 
expenditure from our regression results. 

2.1 OPEN THE WORKFILE 

The data for the food expenditure example are contained in the workfile food.wfl. Locate this file 
and open it by selecting File/Open/EViews Workfile 

36 
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New • I 
Open >j 
Save 
Save As... 
Close 

Foreign Data as Workfile.. 
Database... 
Program... 
Text File... 

Desktop 

My Documents 

My Computer 

in: I evie1 

N a m e -

Pfigurec-3,wfl 
SOflor ida.wf l 

Dfutlmoon.wfl 
Bfuitonfish.wfl 
S gascar.wfl 
S gasga.wfl 
Bgdp.wfl 
Bgold.wfl 
Bgolf.wfl 
Bgrowth.wfl 
Sgrunfeld2.wfl 
0grunfetd3.wfl 
Ogrunfeld.wfl 

Size 
4 0 9 KB 

12 KB 
9 KB 

2 3 KB 
24 KB 
16 KB 
12 KB 
11 KB 
11 KB 
12 KB 
12 KB 
10 KB 
3 2 K B 
18 KB 

Type 

e w s Workfile 
ews Workfi le 
e w s Workfi le 
e w s Workfi le 

EViews Workfile 
e w s Workfile 
e w s Workfi le 
e w s Workfi le 
e w s Workfi le 
ews Workfi le 
lews Workfi le 

EViews Workfi le 
EViews Workfi le 
EViews Workfi íe v 

Filename: 

Ries of type: 

j food.wfl V * 1 Open 1 

j EViews Woikfile C.wf1) 1 j Cancel ¡ 

• Update default directory 

The initial workfile contains two variables INCOME, which is weekly household income, and 
FOODEXP, which is household weekly household food expenditure. See the definition file 
food.def for the variable definitions. 

. . . . . . . . . . . . . . . . 

Range: 1 40 
Sample: 1 40 

M " c 
E3 food_exp _ 
0 income 
0 resid 

40 obs^ 
40 obs" observations Display Filter:4 

series 

2.1.1 Examine the data 

When ever opening a new workfile it is prudent to examine the data. Select INCOME by clicking 
it, and then while holding the Ctrl-key select FOOD EXP. 
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• Workfile: FOOD - (c:\data\eviews 
| Viewj[Proc ¡Objectj [Print][Save ¡Details+/-] [show IfFetch][starej 

Range: 1 40 - 40 obs 
Sample: 1 40 - 40 obs 

B c a-fm^mmm 
0 resid 1 

Double-click in the blue area and select Open Group. The data appear in a spreadsheet format, 
with INCOME first since it was selected first. 

« Group: UNTITLED Workfile: FOOD::Untitled\ l-JnfX 
[ViewllProc [Object] fPrintliName¡Freeze 11 Default v [sort [Transpose] [Edit+/-|Sfnpl+/-¡Title ¡Sample) 

obs INCOME FOOD_EXP 
1 3.690000 115.2200 A> 

2 4.390000 135.9800 
3 4.750000 119.3400 
4 6.030000 114.9600 
5 12.47000 187.0500 V 

6 < > 

2.1.2 Checking summary statistics 

In the definition file food.def we find variable definitions and summary statistics. 

O b s : 4 0 

1. f o o d _ e x p (y) w e e k l y f o o d e x p e n d i t u r e in $ 

2 . i n c o m e (x) w e e k l y i n c o m e in $100 

V a r i a b l e O b s M e a n S t d . D e v . M i n M a x 

f o o d e x p 40 2 8 3 . 5 7 3 5 1 1 2 . 6 7 5 2 1 0 9 . 7 1 5 8 7 . 6 6 

i n c o m e 40 1 9 . 6 0 4 7 5 6 . 8 4 7 7 7 3 3.69 33.4 

To verify that the workfile we are using agrees, select View/Descriptive Stats/Common Sample. 
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r 

• Group: UNTITLED Workfile: FOOD::Untitled\ . • X 
|(ViewJjproc][object) |Print|Name [Freeze] Default v [SortfTranspose] [Edit+/-][smpl+/-][Titie][Sample] 1 

GroufFM^mbers 
Spreadsheet"^**. 
Dated Data Table 
Graph... 

)_EXP GroufFM^mbers 
Spreadsheet"^**. 
Dated Data Table 
Graph... 

12200 i g 
GroufFM^mbers 
Spreadsheet"^**. 
Dated Data Table 
Graph... 

1^9800 

GroufFM^mbers 
Spreadsheet"^**. 
Dated Data Table 
Graph... 

1.3400 

GroufFM^mbers 
Spreadsheet"^**. 
Dated Data Table 
Graph... 196001 V 

. II >. 

The resulting summary statistics agree with the information in the food.def which assures us that 
we have the correct data. 

fflffl 

f.VjewfPrpcf Object ] [PrntfName|[Freeze] (sample][steet][statslspecj 
INCOME FOOD EXP 

<1ean 
Median 
,la.ximum 

Minimum 
Std. Dev. 
Skewness 
Kurtosis 

Jarque-Bera 
Probability 

Sum 
Sum Sq. Dev. 

Observations 

19.60475 
20.03000 
33.40000 
3.690000 
6.847773 ' 

-0.626507 
3.279728 

2.747156 
0.253199 

784.1900 
1828.788 

40 

283.5735 
264.4800 
587.6600 
109.7100 
112.6752 
0.492083 
¿851522 

1.651045 
0.438006 

11342 
49513: 

94 
¡22 

40 v 
> 

To return to the spreadsheet view, select View/Spreadsheet 

Bl H H B W f l f f l ^ 
[viewIProc [[object] [PrintfName¡[Freeze] |sample](sh 

H INCOME FOOD_EXP | 
Mean 19.60475 283.5735 
Median 20.03000 264.4800 : 

Group Members 

Dated Data Table1 

Graph.. 

2.1.3 Saving a group 

It is often useful to save a particular group of variables that are in a spreadsheet. From within the 
Group screen select Name and then assign an Object Name. Click OK. 
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illillllllllllllllllll 
• 

|Vtew][Proc [Object) [PrirrtjName(freeze] I Default v '[Sort I'lransposeJ (Edit+/-J[smpl+/-JQ 

! Qbs I N C O M ; FOOD EXP | 1 
1 3.69QQrfQf n f>??nn ! s i i 
2 4.39CP&1 Object Name 
3 "iistjlw! Object Name K B i ^ S R J ^ J ^ K ! <• I 

4 e . W o o o ] Name to Kfentify object 
" l 

5 1 S 7 0 0 0 I 
Name to Kfentify object 

6 12.9800®! p food_data or fewer recommended 1 
7 14.200001 I 
S 14.78000! j Display nasie for labeling tabies and graphs {opfonaQ • . j j 
9 15.32000 j 

j Display nasie for labeling tabies and graphs {opfonaQ • . j j 

! 10 " 16.39(K30] ^ 1 
11 1 

! 12 1777000] 1 . I 
13 17.330001 l. OK J Cancel 1 
14 18.43000 I * I 

The new object in the workfile is a Group named FOOD DATA. 

r 

•Workfile: F O O D _ C H A P . . . H 
[view][Proc][object] (PrintflSave ¡Details*/-] [show¡Fetchl[storeJ[c 
Range: 1 40 - 40 obs Display Filter: * 
Sample: 1 40 - 40 obs 
E c 
H I S I I I f f l P i 
®food_eq 
0 food_exp 
Chi food_scatter 
0 income 
0 resid 

2.2 PLOTTING THE FOOD EXPENDITURE DATA 

With any software there are several ways to accomplish the same task. We will make use of 
EViews "drop-down menus" until the basic commands become familiar. Click on Quick/Graph 

Sample... 
Generate Series... 
Show... 
i | M M H M H » i 

Empty Group (Eofi Series} 

In the dialog box type the names of the variables with the x-axis variable coming first! 
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Series List 
List of series, groups, and/or series expressions 

income fbod_exp 

OK Cancel 

In the Graph Options box select Scatter from among the Basic graphs. 

Graph type 

General: 

Basic graph 

Specific: 

Line & Symbol 
Bar 
Spike 
Area 
Area Band 
Mixed with Lines 
Dot Piot 
Error Bar 
High-Low (Open-Close) 

XY Line 
SiY Area 
Pie 
Distribution 
Quantile - Quantile 
Boxplot 

A plot appears, to which we can add labels and a title. 

'Graph: UNTITLED Workfile: FOOD::U.. 
pjewlprocjobject̂ T̂  

O 
P 300 H 

0 S 1« 15 20 25 30 35 

NCOME 
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2.2.1 Enhancing the graph 

While the basic graph is fine, for a written paper or report you it can be improved by 

• adding a title 
• changing vertical axis scale 

These tasks are easily accomplished. To add a title, click on AddText on the Graph menu. 

[[view](prôc][object] [Printfwacne] [AddiertJline/ShadefRemoye| [TemplateJcptionsfzi 

In the resulting dialog box you will be able to add a title, specify the location of the title, and use 
some stylistic features. 

Text Labels 
Text for làbèl 

Justification 
O Left 
O Right 

! © Center 

Position. 
©Top 

: O Bottom 
OLeft-Rotated 

i O Right -Rotated 
Ouser; X 

Font 
Q.00 

Y ; 0.00 

Text box 

• Text in Box 

Box fill color; 

L iff 
Frame color 

v . 

i OK [ Cancel 

To have the title centered at the top click the appropriate options and type in the title. Click OK. 
To alter the vertical axis so that it begins at zero, click on Options on the Graph Menu 

Graph: UNTITLED Workfile: FO( 
|y¡e»fprgc| Object] [Printltome] [AdcfreKtfüne/ShadelRernoye] (Tewpiate]|)gtio 

Click on the Axes/Scale tab, select the Left Axis and Scale option in the drop down box. Choose 
User specified in the Left axis scale method. Enter 0 and 600 as the Min and Max values. Click 
OK. 
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Graph Options 

Type J Frame Axis/Scale Legend Line/Symbol Fiji Area BoxPlot Object Template 

: l ieft Axis and Scale 

endpoints 
Left ticks & Isnes 

; I Tfdcs outside ax 

n Zero line 

Leftaxis labels •••:••••: 

! 13 Show text labels 

Label angle:, Auto v 

• Series axis assignment 
#1 INCOME 

1 Botti 
2 Left 

OLeft 
©Right 

values o t o p 

© Bottom 

- Vertical axes !abe!s 
ÖLabei both axes 
Duplicate axes labels 

^ I Cancel""] [ Apply 

To change the "empty circles" used in the graph to "filled circles", again choose Options, but 
select the Line/Symbol tab. 

Attributes 

Line/Symbol use 

|Symbol only ^ 

Color 

Line pattern 

Line width 

3 / 4 Pt -

Symbol 

o o -

• V 

o o -o—o-
• • • • 
I® <I> o o 
* * * X 

# Color B&W 

1 O O O O O 0 

current 
symbol 

choose 
solid 
circle 

Click on Symbol pattern and choose the style you want. Note that other options are available. 
Click OK. The resulting graph is now 

• Graph: U N T I T L E D W o r k f i l e : F 0 0 D : : t l . . . 
p p C T S ^ 1 

Pc«) Expend rtms 0*B 

ta is 20 ss' as 3S 
' INCOME 

Explore the other tabs on the Options menu to see all the features. 
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2.2.2 Saving the graph in the workfile 

To save the graph, so that it remains in the workfile, click on Name, then enter a name. Note that 
separate words are not allowed, but separating words with an underscore is an alternative. 

[wew)[proc]|object] fPrintjNaroe] (Adcn"ext[(Line/Shade]|Remove] [template!Optionsfzoorn| 

Pood Expenditure Date 

Object Name 

Name to identify object 

food scatter 
24 characters maximum, 16 
or fewer recommended 

Display name for labeling tables and graphs (optional) 

OK S Cancel 

15 20 25 30 

INCOME 

In the workfile, you will find an icon representing the graph just created 

View|Prac][object [Prht|[save|Details+/-]; [show 
Range: 140 - 40obs 
Sample: 1 40 - 40 obs 

HJc 
0 food_exp 

i Oïl food scatter. 
M income 
hd resid 

2.2.3 Copying the graph to a document 

As is usual with Windows based applications, we can copy by clicking somewhere inside the 
graph, to select it, then Ctrl+C. Or in the main window click on Edit/Copy 

Graph Metaf i le X 

Metaffle properties 

MUse color in metafile! 

L. OK. . j\l 
o WMF -metafile Hi 

© EMF - enhanced metafile | C a n c £ | ' | 

r-n Display this dialog on all 
' copy operations 

| Options/Graph Defaults sets default metafile 
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The dialog box that shows up allows you to choose the file format. Switch to your word processor 
and simply paste the graph (Ctrl+V) into the document. 

To save the graph to disk, select the Object button on the Graph menu. 

[view[[Proc [[object] |Print|[Name] [AddText]|un 

Select View Options/Save graph to disk. In the resulting dialog box you have several file types 
to choose from, and you can select a name for the graph image. 

2.2.4 Saving a workfile 

You may wish to save your workfile at this point. If you select the Save button on the workfile 
menu the workfile will be saved under its current name food.wfl. It might be better to save this 
file under a new name, so that the original workfile remains untouched. Select File/Save As on 
the EViews menu and select a simple but informative name. 

File name: food_chapQ2[wf1 n Save k 

Save as type: EViews Workfile f .w f l ) Cancel J 

We will name \Xfood_chap02.wfl 

2.3 ESTIMATING A SIMPLE REGRESSION 

To estimate the parameters b\ and bi of the food expenditure equation, we select Quick/Estimate 
Equation from the EViews menu. 

r 
3.1 m» EViews Student Version m 

1 File Edit Object View Proc •«ITOM Options Window Help 

1 Sample-
Generate Series... 
Show ... 
Graph ... 

Empty Group (Edit Series) • 

Sample-
Generate Series... 
Show ... 
Graph ... 

Empty Group (Edit Series) 

U,:S§§Mism 
[View )iProc |Object] [Print]|Eave][Det< Series Statistics • 

Group Statistics • U,:S§§Mism Range: 1 40 - 40 obs 
Series Statistics • 
Group Statistics • U,:S§§Mism Sample: 1 40 - 40 obs 

fflc 
0 food_exp Estimate VAR... ^ 
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In the Equation Specification dialog box, type the dependent variable FOODEXP (the y 
variable) first, C (which is EViews notation for the intercept term, or constant), and then the 
independent variable INCOME (the x variable). Note in the Estimation settings window, the 
Method is Least Squares and the Sample is 1 40. Click OK. 

Specification j Options I 

Equation specification -
Dependent variable followed by list of regressors including ARMA 
and POL terms, OR an explicit equation like Y=c(l)+c{2)"X. 

food^exp c incomej specify model with dependent 
variable first, then "c" for the 
intercept (constant term) and 
then the independent variable. 

Estimation settings 

Method: ; LS - Least Squares (NLS and ARMA) 

Sample: 1 

a Cancel 

The estimated regression output appears. EViews produces an equation object in its default Stats 
view. We can name the equation object to save it permanently in our workfile by clicking on 
Name in the equation's toolbar. We have named this equation FOOD_EQ. 

[view|Proc][Object) (Print][Nafne_|preeze! [Estima te ¡[ForecastfstatsjjResidsj 

DependentVariable: FOOD EXP***1 

Method: Least Squares click io name 
Date: 11/06/07 Time: 11:54 equation Sample: 1 40 equation 
Included observations: 40 

Coefficient Std. Error t-Statistic Prob. 

C 83.41600 43.41016 1.921578 0.0622 
INCOME 10.20964 2,093264 4.877381 0.0000 

R-squared 0.385002 Mean dependent«ar 283.5735 
Adjusted R-squared 0.368818 S.D. dependent war 112.6752 
SE. of regression 89.51700 Akalke info criterion 11.87544 
Sum squared resid 304505.2 Schwarz criterion 11.95988 
Log likelihood -235.5088 Hannan-Quinn criter. 11.90597 
F-statistlc 2 3 7 8 8 8 4 Durbin-Watson stat 1.893880 
Prob(F-statistic} 0.000019 

Note the estimated coefficient b\, the intercept in our food expenditure model is recorded as the 
coefficient on the variable C in EViews. C is the EViews term for the constant in a regression 
model. Note that we cannot name any of our variables C since this term is reserved exclusively 
for the constant or "intercept" in a regression model. Our EViews output shows b\ = 83.4160. The 
estimated value of the slope coefficient on the variable weekly income (X) is b2 = 10.2096, as 
reported in POE, Chapter 2.3.2. The interpretation of è2 is: for every $100 increase in weekly 
income we estimate that there is about a $10.21 increase in weekly food expenditure, holding all 
other factors constant. 
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In the workfile window, double click on the vector object C. It always contains the estimated 
coefficients from the most recent regression. 

' ' ' 

íi - , si Iii: ,.. |S: 1 : : • " • • 

¥iew|Proc][object] [Print][Savej[Details+/-J [showfFetchfStore ¡D 
Range: 1 40 - 40 o 
Sample: 1 40 - 40 o| 

I=1 food_eq 
0 food_exp 
j j J food_scatte 
E3 income 
0 resid 

[¥iew][Procl[object| [Print¡Name ][i=ri 

Ç1 L 
Last updated: 11/0... a 

k 83.41600 
10.20964: 

The vector RESID always contains the least squares residuals from the most recent regression. 
We will return to this shortly. 

2.3.1 Viewing equation representations 

One EViews button that we will use often is the View button in a regression window 

i Equation: FOOD_EQ Workfile: FOOD. 
IVlewlj^sc[[Object| |Print|Naine|Freeze] |EstmatefFofecast|sats)|Resids] 

EXP Dependent Var iabler 
Method: Least Squares 
Date: 11/06/07 Time: 11:54 
Sample: 1 4 0 
Included observations: 40 

Click View 

Coefficient Std. Error t-Statistic Prob. 

C 83.41600 43.41016 1.921578 0.0622 
INCOME 10.20964 2.093264 4.877381 0.0000 

On the drop down menu list click Representations 

R. e p r e s e n t s 1 M M 

Estimation Output ^ 
Actual,Fitted,Residual • 

The resulting display shows three things: 

• The Estimation Command is what can be typed into the command line to obtain the 
equation results. 

• The Estimation Equation that shows the coefficients and how they are linked to the 
variables on the equation's right side: C( l) is the intercept and C(2) is the slope 

• The Substituted Coefficients displays the fitted regression line. 
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« E q u a t i o n : FOOD_EQ W o r k f i l e : . . . L EH 
[view ][prQc)[object] {Prin t f Name[[Freeze ] ¡Estimate'[[Forecast [[staĵ Residsj 
Estimation Command: 

LS FOOD_EXP C INCOME 

Estimation Equation: 

FOOD_EXP = C{1) + C{2)* INCOME 

Substituted Coefficients: 

FOOD EXP = 83.4160020208 +• 10.2O964296811NCOME 

Click to return 
to regression 

To return to the regression window click Stats. 

2.3.2 Computing the income elasticity 

As shown in equation (2.9) of POE the income elasticity is defined to be 

_AE(y)/E(y)_AE(y) x 
fc — — • — p2 • 

Ax/x Ax E(y) E(y) 

which is then implemented by replacing unknowns by estimated quantities, 

- , x ,^ 19.60 e = b, • —= 10.21 x = 0.71 
y 283.57 

We can use EViews as a "calculator" by simply typing into the command line 

» EViews Student Version 
File Edit Object View Proc Quick 

scalar elastl =10.21*19 60/283 57 

then pressing Enter. The word scalar means that the result is a single number. An icon appears in 
the workfile, 

Double-click in the shaded area, and in the lower left corner of the EViews screen you will find 
the result 

I I Scaler £l_-S t1 = 0 T21-
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While this gives the answer, there is something to be said for using the power of EViews to 
simplify the calculations. EViews saves the estimates from the most recent regression in the 
workfile. They are obtained by double clicking the "/T icon 

These coefficients can be accessed from the array @coefs. Also, EViews has functions to 
compute many quantities. The arithmetic mean is computed using the function @mean. Thus the 
elasticity can also be obtained by entering into the command line 

scalar elast2 = @coefs(2)*@mean(income)/@mean(food_exp) 

The result is slightly different than the first computation because in the first we used "rounded 
of f ' values of the sample means. 

••--•-•-- . VflMIBBiH 
• Scalar ELAST2 = 0.705839925026 I 

Because the array @coefs is not permanent, you may want to save the slope estimate as a 
separate quantity by entering the commands 

scalar b2 = @coefs(2) 
scalar elast3 = b2*@mean(income)/@mean(food_exp) 

However, the coefficient array can always be retrieved if the food equation has been saved and 
named. Recall that we did save it with the name FOOD_EQ. By saving the equation we also save 
the coefficients, which can by retrieved from the array FOOD_EQ.@coefs. 

scalar elas = food_eq.@coefs(2)*@mean(income)/@mean(food_exp) 

We have some surplus icons in our workfile now. Keep B2 and ELAS. To clean out the other 
elasticties, highlight (hold down Ctrl and click each), right-click in the blue area, and select 
Delete. Save the workfile. 

2.4 PLOTTING A SIMPLE REGRESSION 

Select Quick/Graph from the EViews menu. In the Series List dialog box enter INCOME and 
FOODEXP. 
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list sf series, groups-, and/or series expressions 

i n c o m e food_exp 

OK ^ [ Cancel j 

On the Type tab select Scatter 

Options 
Type Frame Axis/Scale ¡ Leger 

Graph type • 

Generals 
Basic grafjh 

Specific: 
Line & Symbol 
Bar 
Spike 
Area 
Area Band 
Mixed with lines 
Dot Plot 
Error Bar 

In the Details section, using the Fit lines drop down menu, select Regression Line. 

Details: 

Graph data; 

Fit lines: Regression Line v Options Fit lines: 

None ,,,,,, „•,,•••, ,.,v.v„, ,.,,,,, 

Axis borders: f i j 
Kernel Fit 

Multiple series: Nearest Neighbor Fit 
Orthogonal Regression 
•n r 1 r-H-

Nearest Neighbor Fit 
Orthogonal Regression 
•n r 1 r-H-

Edit the scale of the vertical axis, choose solid circles for data points, and add a title as shown in 
Section 2.2.1. Click inside the graph, enter Ctrl+C, OK, and then paste into a document using 
Ctrl+V. The graph should look like this. 
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Food Expenditure vs. Income 

INCOME 

Return to EViews and in the Graph window select the Name button and assign a name to this 
object, such as FITTED LINE. 

2.5 PLOTTING THE LEAST SQUARES RESIDUALS 

The least squares residuals are defined as 

è i = y l - y i = y i - b x - b 2 x i 

As you will discover these residuals are important for many purposes. To view the residuals open 
the saved regression results in FOOD_EQ by double clicking the icon. 

2.5.1 Using View options 

Within the equation FOOD_EQ window, click on View then Actual, Fitted, Residual. There 
you can select to view a table or several graphs. 

r 
» Equation: FOOD_EQ Workfi le:... _ • X 

|[viemfe»c][object] [Print|[Name|Freeze] ¡EstimatejForecast][stats¡¡Resids] 

1 R e P § g » i 4 « i n s A 

1 Estimation OutpllW 
i K i i A i m i WMSMMmmmmmm 

If you select Actual, Fitted, Residual Table you will see the values of the dependent variable y, 
the predicted (fitted) value of y, given by y = bx+ b2x and the least squares residuals, along with a 
plot. 
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r 

• Equation: FQOD_EQ Workfile: F... n x 
[view][Prpc ¡Object] [Print|[Name¡Freeze] [Esttmate¡Forecast¡Stats|[Resids] 

obs Actual | Fitted I Residual Residual Plot 
1 115.220 121.090 -5.86958 

135.980 128.236 7.74367 
119.340 131.912 -12.5718 
114.960 144.980 -30.0201 
187.050 210.730 -23.6802 { 

I A 
• I 

I v 

2 
115.220 121.090 -5.86958 
135.980 128.236 7.74367 
119.340 131.912 -12.5718 
114.960 144.980 -30.0201 
187.050 210.730 -23.6802 { 

I A 
• I 

I v 

3 

115.220 121.090 -5.86958 
135.980 128.236 7.74367 
119.340 131.912 -12.5718 
114.960 144.980 -30.0201 
187.050 210.730 -23.6802 { 

I A 
• I 

I v 
4 

115.220 121.090 -5.86958 
135.980 128.236 7.74367 
119.340 131.912 -12.5718 
114.960 144.980 -30.0201 
187.050 210.730 -23.6802 { 

I A 
• I 

I v 5 

115.220 121.090 -5.86958 
135.980 128.236 7.74367 
119.340 131.912 -12.5718 
114.960 144.980 -30.0201 
187.050 210.730 -23.6802 { 

I A 
• I 

I v 
6 > | 

2.5.2 Using Resids plot 

Within the object FOOD_EQ you can navigate by selecting buttons. Select Resids. 

- Equation: FOOD_EQ Workfile: F... _ • X 
[vgy. Ifproc ¡¡Object] [Print][Name¡Freeze| ¡Estimatej[Forecast|[stats|[Readsj I 

T B T " Actual | Fitted | Residual JKsiduaifetot 

\ 115.220 121.090 -5.86958 / y 
View 

* / regression 
/ y 

options results residual plot 

The result is a plot showing the least squares residuals (lower graph) along with the actual data 
(FOOD EXP) and the fitted values. When using this plot note that the horizontal axis is the 
observation number and not INCOME. In this workfile the data happen to be sorted by income, 
but note that the fitted values are not a straight line. When examining residual plots, a lack of 
pattern is consistent with the assumptions of the simple regression model. 

Equation: FOOD_EQ Workf i le : F... | _ j n j 
íyiewfprocfobjectl ¡Print ||Nane|Freeze| lEstmatejForecast]lstats|[aeádsl 

2.5.3 Using Quick/Graph 

To create a graph of the residuals against income we can use the fact the EViews saves the 
residuals from the most recent regression in the series labeled RESID. Click on Quick/Graph. In 
the dialog box enter INCOME (x-axis comes first) and RESID. 
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Series List m 
List of series, groups, and/or ser ies expressions 

income resid| » . 

| Cancel j : 

Choose the Scatter plot. The resulting plot shows how the residuals relate to the values of 
income. 

3 0 0 -

2 0 0 -

1 0 0 -

Q 
CO 0 -UJ CC 

- 1 0 0 -

- 2 0 0 -

- 3 0 0 -
0 5 10 15 20 25 30 35 

INCOME 

Save this plot by selecting Name and assigning RESIDUAL_PLOT. 

2.5.4 Saving the residuals 

To save these residuals for later use, we must Generate a new variable (series). In the workfile 
screen click Genr on the menu. 

[Genr| 

In the resulting dialog box create a new variable called EHAT that contains the residuals 

l « 1 SSI M W i t J 
I Enter equation 

ehat = resid 

É ..... I 

Residual plot Income 
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Click OK. Alternatively, simply type into the command line 

series ehat = resid 

2.6 ESTIMATING THE VARIANCE OF THE ERROR TERM 

The estimator for a 2 , the variance of the error term is 

„ 2 _ ^ e,2 _ Sum squared resid 
Q ~ N-2~ N-2 

where Sum squared resid is the EViews name for the sum of squared residuals. The square root 
of the estimated error variance is called the Standard Error of the Regression by EViews, 

S.E. of regression = cr = J = VCT̂  
\ N-2 

Open the regression equation we have saved as FOOD_EQ. Below the estimation results you 
will find the Standard Error of the Regression and the sum of squared least squares residuals. 

S.E. of regression 89.51700 j 
Sum squared resid 304505.2 | 

Also reported are the sample mean of the y values (Mean dependent variable) 

Mean dependent var =y = ^ y / N 

The sample standard deviation of the y values (S.D. dependent var) is 

These are 

S.D. dependent var = I (y-yf 
N-\ 

• Mean dependentvar 
; S.D. dependentvar 

283.5735 
112.6752 

2.7 COEFFICIENT STANDARD ERRORS 

The estimated error variance is used to construct the estimates of the variances and covariances of 
the least squares estimators as shown in POE equations (2.20)-(2.22). These estimated variances 
can be viewed from the FOOD_EQ regression by clicking on View/Covariance Matrix 
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Representations 
Estimation Output 
Actual,Fitted,Residual • 
ARMA Structure-
Gradients and Derivatives • 

mmsmm^m 
Coefficient Tests • 

The elements are arrayed as 

var(Z>,) co v(è,,Z>2) 

cov(ô1;è2) var(è2) 

In EViews they appear as 

..... 
| | Coefficient Covariance Matrix 

C INCOME 
C 1884.442 -85.90316 

-85.90316 1 

The highlighted value is the estimated variance of ¿2- If we take the square roots of the estimated 
variances, we obtain the standard errors of the estimates. In the regression output these standard 
errors are denoted Std. Error and are found right next to the estimated coefficients. 

Variable Coefficient Std. Error | 

C 83.41600 43.41016 j 
INCOME 10.20964 2.093264 y 

2.8 PREDICTION USING EVIEWS 

There are several ways to create forecasts in EViews, and we will illustrate two of them. 

2.8.1 Using direct calculation 
Open the food equation FOOD_EQ. Click on View/Representations. Select the text of the 
equation listed under Substituted Coefficients. We can choose Edit/Copy from the EViews 
menubar, or we can simply use the keyboard shortcut Ctrl+C to copy the equation representation 
to the clipboard. Finally, we can paste the equation into the command line. 
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EViews Student Version 
File Ed 

FOOD_E) 
lit Object View Proc Quick Options Window Help 
CP = 83.4160020208 + 10.2096429681 "»»COME 

with Ctrl+V 

9 u a t i o n : FOOD_EQ. Work f i l e ; FOO. . . I ^ - X 
I View fProc |[Object] [Print][Name ¡Freeze ] [Estimate [¡Forecast][stats ¡Resids ] 

¡Estimation Command: 

ILS FOOD_EXP C INCOME 

¡Estimation Equation: 

|FOOD_EXP = C(1) + C ( 2 f INCOME 

I Substituted Coefficients: 

Highlight, 
Ctrl+C 

To obtain the predicted food expenditure for a household with weekly income of $2000, edit the 
command line to read 

scalar FOOD_EXP_HAT = 83.4160020208 + 10.2096429681*20 

Press Enter. The resulting scalar value is 

G S c a l a r FG0D_EXP_4AT = 287.608861383 
_ _ _ _ _ _ _ — h - - , ; • , • _ 

which is correct to more decimals than the value 287.61 we report in Chapter 2.3.3b. 

2.8.2 Forecasting 

A more general, and flexible, procedure uses the power of EViews. In order to predict we must 
enter additional x observations at which we want predictions. In the main workfile window, 
double-click Range. This workfile has an Unstructured/Undated structure. Change the number 
of observations to 43. 

Workfile structure 

Workfile structure type 

Unstructured / Undated 

Data range 

Observations:: 43| 

Edit number of 
Observations 

Click OK. EViews will check with you to confirm your action. 
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EViews 

^ ' Resize involves inserting 3 observations. 

Continue ? 

Yes J No i 
Next, double-click on INCOME in the main workfile to open the series, and click the Edit+/-
button in the series window, which puts EViews in edit mode. 

ViewIProcfobject¡[Properties] [Print¡Name[[Freeze|! Default v : |sortj[Edit+;~|smpl+/-l(L 

Series: INCOME Workfile: FOOD CHA... L 

Lastupdated. 11;06/07 - 14:02 

3.690000 
43900001 
4.750000 : 

6.030000 

Scroll to the bottom and you see NA in the cells for observations 41-43. Click the cell for 
observation 41 and enter 20. Enter 25 and 30 in cells 42 and 43, respectively. When you are done, 
click the Edit+/- button again to turn off the edit mode. 

Now we have 3 extra INCOME observations that do not have FOOD EXP observations. 
When we do a regression EViews will toss out the missing observations, but it will use the extra 
INCOME values when creating a forecast. 

To forecast, first re-estimate the model with the original data. This step is not actually 
necessary, but we want to illustrate a point. Click on Quick/Estimate Equation. Enter the 
equation. Note in the dialog box that the Sample is 1 to 43. 

Equation Estimation 
Spécification ¡Options' 

Equation specification 
Dependent variable Mowed by list of repressors including ARMA 
and PDL terms, OR an explicit equation like Y=c{l)+c{2}*X. 

food_exp c incorfiel 

- Estimation settings 

Method: I LS - Least. Squares {NLS and ARMA) 

Sample: 143 

J 

i L 
Cancel 

The estimation results are the same, and EViews tells us that the Included observations are 40 
after adjustments. The 3 observations with not values for FOOD EXP were discarded. 
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To forecast with the estimated model, click on the Forecast button in the equation window. 

D e p e n t i e n t Variable: F O O D _ E X P 
Method: L e a s t S q u a r e s 
Date: 1 1 / 0 6 / 0 7 T i m e : 1 4 : 1 2 
S a m p l e (adjusted): 1 4 0 
Included observations: 4 0 after ad justments 

\ 
forecast 
button 

The Forecast dialog box appears. EViews automatically assigns the name FOOD_EXPF to the 
forecast series, so if you want a different name enter it. The Forecast sample is 1 to 43. 
Predictions will be constructed for the 40 samples values and for the 3 new values of INCOME. 
For now, ignore the other options. Click OK. 

Forecast 
Forecast of 
Equation: UNTITLED 

Series names 

Forecast name: j fbod_expf 

S.E. (optional;: 

i.c'-SjBjfo.j'jsr; 

Forecast sample 
V 

Series: FOOO_EXP 

Method 

Static forecast 
^ : (no dynamics in equation) 

or«: 

0 C o e f uncertainty in S.E, cak 

Output 

0 Forecast graph 
0 Forecast evaluation 

I " ! Insert actuals for out-ofsample observations 

Cancel 

A graph appears showing the fitted line for observations 41-43 along with lines labeled ±2 S.E. 
We will discuss these later. To see the fitted values themselves, in the workfile window, double 
click on the series named FOOD EXPF and scroll to the bottom. 

I f EViews Student Version - [Workfile: FOOD j 
i n File Edit Object View Proc Quick Options Window He! 

1 View IProcjj Object] |print][si ie]|Detafe+/-] [sbow]|Fetch)[stDrelDeietej|Genr|[san 

j Range: 1 4 3 - 4 3 o b s 
| S a m p l e : 1 4 3 - 4 3 o b s 

H b 2 
GB c 
h «¡variances 
0 eh at 
H e l a s 
ffl f i t tedjine 
[51 food_data 
0 3 food_eq M 
H food_eq_extra_data ^ 
0 food_exp 
151 food_exp_hat 
0 food_expf . • 

saved equation with 
/ added observations 

— forecast values QJ tood_scatter 
0 income 
0 resid 
• J residual_plot 

saved equation with 
/ added observations 

— forecast values 
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There you see the three forecast values corresponding to incomes 20, 25 and 30. The value in cell 
41 is 287.6089, which is the same predicted value we obtained earlier in Chapter 2.3.3b. 

While this approach is somewhat more laborious, by using it we can generate forecasts for 
many observations at once. More importantly, using EViews to forecast will make other options 
available to us that simple calculations will not. 

Keywords 

coefficient vector 
covariance matrix 
descriptive statistics 
edit +/-
elasticity 
equation representations 
equation save 
error variance 
estimate equation 
forecast 
generate series 
genr 
graph axes/scale 

graph copy to document 
graph options 
graph regression line 
graph save 
graph symbol pattern 
graph title 
group: open 
mean dependent variable 
object: name 
quick/estimate equation 
quick/graph 
resid 
residual table 

residuals 
S.D. dependent variable 
S.E. of regression 
sample range 
scalar 
scatter diagram 
spreadsheet 
standard errors 
Std. Error 
sum of squared resid 
workfile: open 
workfile: save 



CHAPTER 3 

Interval Estimation and Hypothesis 
Testing 

CHAPTER OUTLINE 
3.1 Interval Estimation 

3.1.1 Constructing the interval estimate 
3.1.2 Using a coefficient vector 

3.2 Right-tail Tests 
3.2.1 Test of significance 
3.2.2 Test of an economic hypothesis 

3.3 Left-tail Tests 
3.3.1 Test of significance 
3.3.2 Test of an economic hypothesis 

3.4 Two-tail Tests 
3.4.1 Test of significance 
3.4.2 Test of an economic hypothesis 
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In this chapter we continue to work with the simple linear regression model and our model of 
weekly food expenditure. To begin, open the food expenditure workfile food.wfl. On the EViews 
menu choose File/Open and then open the file. So that the original file is not altered save this 
under a new name. Select File/Save As then name the file food_chap03.wfl. Estimate the simple 
regression 

FOOD _ EXP = 0, + p 2INCOME + e 

The estimation can be carried out by entering into the command line 

Is food_exp c income 

Alternatively, on the EViews menu select Quick/Estimate Equation, then fill in the dialog box 
with the equation specification and click OK. 

60 
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Equation specification 

Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an expfcit equation like Y - c ( l ) + c { 2 ) * X , 

fbod_exp c income 

Name the resulting regression results FOOD_EQ by selecting the Name button and filling in the 
Object name. 

Equation: FOOD_EQ Workfile: FO. 
|Viewfprocf Object| |Pnntj|Naine [freeze] [Estimate |[Forecast)(stat5 [¡Resids j 

a a a 

Dependent Variable: FOOD_EXP 
Method: Least Squares 
Date: 11/08107 Time: 09:04 
Sample: 1 4 0 
Included observations: 40 

Coefficient Std. Error t-Statistic Prob. 

c 83.41600 43.41016 1.921578 0.0622 
INCOME 10.20964 2.093264 4.877381 0.0000 

R-squared 0.385002 Mean dependent var 283.5735 
Adjusted R-squared 0.368818 S.D. dependent var 112.6752 
S.E. of regression 89.51700 Akaike info criterion 11.87544 
Sum squared resid 304505.2 Schwarz criterion 11.95988 
Log likelihood -235.5088 Hannan-Quinn eriter. 11.90597 
F-statistic 23.78884 Durbin-Watson stat 1.893880 
Prob(F-statistic> 0.000019 

3.1 INTERVAL ESTIMATION 

For the regression model y = p, +$2x + e, and under assumptions SR1-SR6, the important result 
that we use in this chapter is given in equation (3.3) of POE. 

t = hzK 
(A) se ' \n-2) f o r k = 1 , 2 

Using this result we can show that the interval bk ± tcse(bk ) has probability 1 - a of containing 
the true but unknown parameter p*, where the "critical value" tc from a /"-distribution such that 
P(t>tc) = P(t<-tc) = al2 

To construct interval estimates we will use EViews' stored regression results. We will also 
make use of EViews built in statistical functions. For each distribution (see Function reference 
in EViews Help) four statistical functions are provided. The two we will make use of are the 
cumulative distribution (CDF) and the quantile (Inverse CDF) functions. 

The for the /-distribution the CDF is given by the function @ctdist(x,v). This function 
returns the probability that a /-random variable with v degrees of freedom falls to the left of x. 
That is, 
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@ctdist(x,v) = f(v) < x j . 

The quantile function @qtdist(p,v) computes the critical value of a /-random variable with v 
degrees of freedom such that probability p falls to the left of it. For example, if we specify 
tc=@qtdist(.975,38), then 

i>[/(38) < fcr/i] = .975 . 

To construct the interval estimates we require the least squares estimates bk and their standard 
errors se(bk). After each regression model is estimated the coefficients and standard errors are 
saved in the arrays @coefs and @stderrs. However they are saved only until the next regression 
is run, at which time they are replaced. If you have named the regression results, as we have 
(FOOD_EQ) then the coefficients are saved as well, with the names food_eq.@coefs and 
food_eq.@stderrs, respectively. 

3.1.1 Constructing the interval estimate 

Since we have estimated only one regression we can use the simple form for the saved results. 
Thus @coefs(2) = b2 and @stderrs(2) = se(b2). To generate the 95% confidence interval \b2 -
tcse{bi}, ¿2 + tcse(b2)\ enter the following commands in the EViews command window, pressing 
the <Enter> key after each: 

scalar tc = @qtdist(.975,38) 
scalar b2 = @coefs(2) 
scalar seb2 = @stderrs(2) 
scalar b2_lb = b2 • tc*seb2 
scalar b2_ub = b2 + tc*seb2 

These scalar values show up in the workfile with the symbol #. For example, the value of the 
lower bound of the interval estimate is 

I J Scalar B2_LB = 5.97205249155 

3.1.2 Using a coefficient vector 

While the above approach works perfectly fine, it may be nicer for report writing to store the 
interval estimates in an array and construct a table. On the main EViews Menu select 
Objects/New Object 

EViews Student Version 
File Edit EHIBf f l l View Proc Quick 

¡scalar tc = fi 
scalar b2 = ( 

We will create a Matrix-Vector-Coef named INT EST 
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Type of object 

Matrix-V'ector-Coef 
f — — ~ 
I Equation 
J Factor 
1 Graph 
Group 

I Log 

Name for object 

int_est| 

m m ^ m 
¡Model 
¡Pool 

It will be a coefficient vector that has 2 rows and 1 column 

Type 
O Matrix 

O Symmetric Matrix 

G Vector 

© Coefficient Vector 

Dimension 

Rows: [ 2j 

Columns: ! 1 

OK Cancel 

Click OK, and the empty array appears. Instead of all that pointing and clicking, you can simply 
enter on the command line 

coef(2) int_est 

Now, enter the commands 

int_est(1) = @coefs(2) - @qtdist(.975,38)*@stderrs(2) 
int_est(2) = @coefs(2) + @qtdist(.975,38)*@stderrs(2) 

Here we have used the EViews saved results directly rather than create scalars for each elements. 
The vector we created is 

- Vector: INT EST 
[¥iewj[Procj[cbJectj {Printj[Name ¡Freezej [Edit+/-|tabel+/-

f « Í J E S Í 

ci I T T : r . ï 
Last updated: 11/08/07 - 09:28 p 

R1 5.372052 ! | m 
•--Í2 14 447 ¿3 _ . 

< 1 1 >*: 
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Click on Freeze and then Name. We chose the name B2INTERVALESTIMATE and it looks 
like this: 

EE 331 MW1BKHWI 3 5 ) 

[View ][Proc][object) [Print][Name) [Edit+/-|CellFmt ¡Grid +/- ¡Title ¡Comments +/-) 

j !NT_E ST 

A I B | C I D E 
1 C1 A 
2 Last updated: 11/08/07 - 09:28 i ü i 

3 
4 R1 5.972052 
5 R2 14.44723 V 
6 / a i f i ' i j 

The advantage of this approach is that the contents can be highlighted, copied (Ctrl+C) and 
pasted (Ctrl+V) into a document. The resulting table can be edited as you like 

95% Interval Estimate for Beta 2 
lower bound 5.972052 
upper bound 14.44723 

3.2 RIGHT-TAIL TESTS 

3.2.1 Test of significance 

To test the null hypothesis that |32 = 0 against the alternative that it is positive (> 0), as described 
in Chapter 3.4.1a of POE, requires us to find the critical value, construct the /-statistic, and 
determine the /»-value. 

• If we choose the a = .05 level of significance, then the critical value is the 95th percentile 
of the /(38) distribution. 

• The /- statistic is the ratio of the estimate ¿2 over its standard error, se(/>2). 
• The /»-value is the area to the right of the calculated /-statistic (since it is a right-tail test). 

This value is one minus the cumulative probability to the left of the /-statistic. 

The simplest set of commands is (do not type the comments in italic font) 

scalar tc95 = @qtdist(.95,38) t-critical right tail 
scalar tstat = b2/seb2 t-statistic 
scalar pval = 1 - @ctdist(tstat,38) right-tail p-value 

Alternatively, use the vector approach outlined in the previous section 
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coef(10)t1 
t1(1) = b2 
t1(2) = seb2 
t1(3) = b2/seb2 
t1(4) = @qtdist(.95,38) 
t1(5) = 1-@ctdist( t1(3),38 ) 

Use the results of this vector to construct a table, such as 

Right Tail Test of Significance 

b2 10.20964 
se(b2) 2 .093264 
t-stat 4.877381 

critical value 1.685954 
p-value 9.73E-06 

storage vector 
estimate 
standard error 
t-statisitic 
t-critical right tail 
right-tail p-value 

3.2.2 Test of an economic hypothesis 

To test the null hypothesis that ß2 < 5 against tl 
except for the construction of the ¿-statistic. 

coef(10) t2 
t2(1) = b2 
t2(2) = seb2 
t2(3) = (b2-5)/seb2 
t2(4) = @qtdist(.95,38) 
t2(5) = 1-@ctdist( t2(3),38 ) 

alternative ß2 > 5 the same steps are executed, 

storage vector 
estimate 
standard error 
t-statisitic 
t-critical right tail 
right-tail p-value 

Yielding 

Right Tail Test Beta 2 = 5 

b2 10.20964 
se(b2) 2 .093264 
t-stat 2 .488766 

critical value 1.685954 
p-value 0.008658 

3.3 LEFT-TAIL TESTS 

3.3.1 Test of significance 

To test the null hypothesis that P2 > 0 against the alternative that it is negative (< 0) requires us 
to find the critical value, construct the /-statistic, and determine the /»-value. 
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• If we choose the a = .05 level of significance, then the critical value is the 5th percentile 
of the /(38) distribution. 

• The t- statistic is the ratio of the estimate b2 over its standard error, se(b2). 
• The p-value is the area to the left of the calculated /-statistic (since it is a left-tail test). 

This value is given by the cumulative probability to the left of the /-statistic. 

The simplest set of commands is (do not type the comments in italic font) 

scalar tc05 = @qtdist(.05,38) 
scalar tstat = b2/seb2 
scalar pval = @ctdist(tstat,38) 

t-critical left tail 
t-statistic 
left-tail p-value 

Alternatively 

coef(10) t3 
t3(1) = b2 
t3(2) = seb2 
t3(3) = b2/seb2 
t3(4) = @qtdist(.05,38) 
t3(5) = @ctdist( t3(3),38 ) 

storage vector 
estimate 
standard error 
t-statisitic 
t-critical left tail 
left-tail p-value 

Yielding 

Left Tail Test of Significance 

b2 10.20964 
se(b2) 2 .093264 
t-stat 4 .877381 

critical value -1 .685954 
p-value 0.999990 

Note that we fail to reject the null hypothesis in this case, as expected. 

3.3.2 Test of an economic hypothesis 

To test the null hypothesis that P2 > 12 against the alternative that P2 < 12, we use the same steps 
as above, except for the construction of the /-statistic. 

coef(10) t4 storage vector 
t4(1) = b2 estimate 
t4(2) = seb2 standard error 
t4(3) = (b2-12)/seb2 t-statisitic 
t4(4) = @qtdist(.05,38) t-critical left tail 
t4(5) = @ctdist( t4(3),38 ) left-tail p-value 

Yielding, 
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Left Tail Test that Beta 2 > 12 

b2 10.20964 
se(b2) 2.093264 
t-stat -0.855295 

critical value -1.685954 
p-value 0.198874 

The /-statistic value -.85 does not fall in the rejection region, and the /»-value is about .20, thus 
we fail to reject this null hypothesis. 

3.4 TWO-TAIL TESTS 

3.4.1 Test of significance 

The two tail test of the null hypothesis that P2 = 0 against the alternative that |32 * 0 we require 
the same test elements 

• If we choose the a = .05 level of significance, then the right-tail critical value is the 97.5-
percentile of the t(38) distribution and the left tail critical value is the 2.5-percentile. 

• The t- statistic is the ratio of the estimate ¿2 over its standard error, se(6i)-
• The /;-value is the area to the left of minus the absolute value of the calculated /-statistic 

plus the area to the right of the absolute value of the calculated test statistic (since it is a 
two-tail test). This value is given by the cumulative probability to the left of the 
-|/-statistic| and 1 - the cumulative probability to the right of ¡/-statistic |. 

A simple set of commands is (do not type the comments in italic font) 

scalar tc975 = @qtdist(.975,38) t-critical right tail 
scalar tc025 = @qtdist(.025,38) t-critical left tail 
scalar tstat = b2/seb2 t-statistic 
scalar leftpval = @ctdist(-abs(tstat),38) left-tail p-value 
scalar rightpval = 1-@ctdist(abs(tstat),38) right-tail p-value 
scalar pval2 = leftpval+rightpval two tail p-value 

The two tail value is 

• Scalar PVAL2 = l,94586166181e-005 

The test is carried out by EViews each time a regression model is estimated. If we examine 
FOOD_EQ, in the column labeled t-statistic is the ratio of the Coefficient to Std. Error. The 
column labeled Prob. contains the two-tail p-value for the test of significance. Note that the very 
small p-value is rounded to zero (to 4 places). For practical purposes this is enough since levels of 
significance below .001 are hardly ever used. 
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Dependent Variable: FOOD_EXP 
Method: Least Squares 
Date: 11/08/07 Time: 09:04 
Sample: 1 40 
Included observations: 40 

Coefficient Std. Error t-Statistic Prob. 

C 83.41600 43.41016 1.921578 0.0622 
INCOME 10.20964 2.093264 4.877381 0.0000 

To use the coefficient vector approach 

coef(10) t5 storage vector 
t5(1) = b2 estimate 
t5(2) = seb2 standard error 
t5(3) = b2/seb2 t-statistic 
t5(4) = @qtdist(.025,38) t-critical left tail 
t5(5) = @qtdist(.975,38) t-critical right tail 
t5(6) = @ctdist(-abs(t5(3)),38) left tail p-value portion 
t5(7) = 1 - @ctdist(abs(t5(3)),38) right tail p-value portion 
t5(8) = t5(6) + t5(7) two tail p-value 

The result is as follows. Here we have copied the results from EViews at the highest precision to 
show that the/;-value works out to be the same as reported above. 

Two Tail Test that Beta 2 = 0 

b2 10.2096429681 
se(b2) 2 .09326353144 
t-stat 4 .87738061395 

left critical value -2 .02439416391 
right critical value 2.02439416391 

left portion p-value 9.72930830907e-06 
right portion p-value 9.72930830911e-06 

two tail p-value 1.94586166182e-05 
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3.4.2 Test of an economic hypothesis 

To test the null hypothesis that |32 = 12.5 against the alternative P2 * 12.5 the steps are the 
as those above, except for the construction of the ¿-statistic. 

coef(10) t6 storage vector 
t6(1) = b2 estimate 
t6(2) = seb2 standard error 
t6(3) = (b2-12.5)/seb2 t-statistic 
t6(4) = @qtdist(.025,38) t-critical left tail 
t6(5) = @qtdist(.975,38) t-critical right tail 
t6(6) = @ctdist(-abs(t6(3)),38) left tail p-value portion 
t6(7) = 1 - @ctdist(abs(t6(3)),38) right tail p-value portion 
t6(8) = t6(6) + t6(7) two tail p-value 

Which yields 

Two Tail Test that Beta 2 = 12.5 
b2 10.20964 

se(b2) 2.093264 
t-stat -1 .094156 

left critical value -2 .024394 
right critical value 2.024394 

left portion p-value 0.140387 
right portion p-value 0.140387 

two tail p-value 0.280774 

Keywords 

@coefs 
@ctdist 
@qtdist 
@stderrs 
abs 
absolute value 
coefficient vector 

critical value 
hypothesis test 
hypothesis test: left-tail 
hypothesis test: one-tail 
hypothesis test: right-tail 
hypothesis test: two-tail 
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t-distribution critical value 
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4.1 PREDICTION IN THE FOOD EXPENDITURE MODEL 

In this chapter we continue to work with the simple linear regression model and our model of 
weekly food expenditure. To begin, open the food expenditure workftle food.wfl. On the EViews 
menu choose File/Open and then open the file. So that the original file is not altered save this 
under a new name. Select File/Save As then name the file food_chap04.wfl. Estimate the simple 
regression 

FOOD _ EXP = p, + ^INCOME + e 

The estimation can be carried out by entering into the command line 

Is food_exp c income 

70 
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Alternatively, on the EViews menu select Quick/Estimate Equation, then fill in the dialog box 
with the equation specification and click OK. 

Equation specification - - — 
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c(i)+c(2)*X. 

fbod_exp c income - : 

Name the resulting regression results FOOD_EQ by selecting the Name button and filling in the 
Object name. 

4.1.1 A simple prediction procedure 

In Chapter 2.8 of this manual we illustrated a simple procedure for obtaining the predicted value 
of food expenditure for a household with income of $2,000 per week. We also showed that 
EViews can be used to generate forecasts automatically, both the for sample values and for new 
INCOME observations that we append to the workfile by increasing its range. If you need to 
review those steps do so now. 

What we can add now that we did not have before is the standard error of the forecasted 
value. The estimated variance of the forecast error is 

5.2 var(/) = ô 
N 5>;-J)2 

A convenient form for calculation in the simple regression model is 

var(7) = a2 + + (x0 - x)2 var(b2) 

Open the food equation FOOD_EQ. Click on View/Representations. Select the text of the 
equation listed under Substituted Coefficients. We can choose Edit/Copy from the EViews 
menubar, or we can simply use the keyboard shortcut Ctrl+C to copy the equation representation 
to the clipboard. Finally, we can paste the equation into the command line. 



72 Chapter 5 

EViews Student Version 
File Edit Object View Proc Quick Options Window Help 

FOOD_EXP = 83,4160020208 + 10.2096429681 "INCOME 

Paste with Ctrl+V 

Estimation Command: 

LSFOOD_EXPC INCOME 

Estimation Equation: 

FOOD_EXP = C(t) + C(2}* INCOME 

Substituted Coefficients: 

Highlight, 
Ctrl+C 

B B H B S ü f f l n 

To obtain the predicted food expenditure for a household with weekly income of $2000, edit the 
command line to read 

scalar food_exp_hat = 83.4160020208 + 10.2096429681*20 

Press Enter. The resulting scalar value is 

• Scalar FOOD EXP HAT = 287.608861383 

which is correct to more decimals than the value 287.61. 
The prediction interval requires the critical value from the i(38) distribution. For a 95% 

prediction interval the required critical value is tc is the 97.5-percentile, which is obtained as 

scalar tc = @qtdist(.975,38) 

The prediction interval is obtained by entering the following commands (do not type the 
comments in italic font). 

scalar sig2 = (@se)A2 
scalar n = @regobs 
scalar varb2 = (@stderrs(2))A2 
scalar xbar = @mean(income) 
scalar varf = sig2 + sig2/n + ((20-xbar)A2)*varb2 
scalar sef = @sqrt(varf) 
scalar yhatjb = food_exp_hat - tc*sef 
scalar yhat_ub = food_exp_hat + tc*sef 
show yhatjb 
show yhatub 

The resulting prediction interval values are: 

@se = std error of regression 
@regobs = N 
@stderrs = std. errors of b 
@mean = sample mean 
A2 raises to power 2 
@sqrt = square root 
lower bound of interval 
upper bound of interval 
show lower bound of interval 
show upper bound of interval 

• Scalar YHAT_LB = 104.132276898 • Scalar YHATJJB = 471.085445868 
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These results are correct, but obtaining a prediction interval this way each time would be tedious. 
Now we use the power of EViews. 

4.1.2 Prediction using EViews 

The above procedure for computing a prediction interval works for the simple regression model. 
EViews makes computing standard errors of forecasts simple. In Section 2.8.2 of this manual we 
extended the range of the workfile and entered 3 new observations for INCOME = 20, 25 and 30. 
Follow those same steps again to insert the same three observation values. The steps are: 

• Double click on Range in the main workfile window. 
• Change the number of observations to 43 and click OK. 
• Double click on INCOME in the main workfile to open the series. 
• Click Edit+/- to open edit mode. 
• Enter 20, 25 and 30 in cells 41 -43. 
• Click Edit+/- to close edit mode. 

In the FOOD_EQ window click on Forecast 

Equation: FOOD_EQ Workfile: FO 
[view]|Proc||Object] ¡Print¡¡Name¡Freeze 1 ¡Estimate|Forecast|[statsl 

Dependent Variable: FOOD_EXP 
Method: Least Squares 
Date: 11/15/07 Time: 10:40 
Sample: 1 40 
Included observations: 40 

In the dialog box that opens enter names for the Forecast and the S.E., which is for the standard 
error of the forecast. Make sure the forecast sample is set to 1 -43 and click OK. 

Forecast 
Forecast of 
Equation: FOODJEQ 

Series names 

Forecast name: j food_expf 

S,E. {optional): 

6MCH(ap0ona:); Ĵ  

Forecast sample 

Series: FOOD_EXP 

Method 
Static forecast 
(no dynamics in equation} 

Jpnjc&jr*j ignore ARHA) 
0 C ° € f uncertainty in S.E, caic 

Output 
0 Forecast graph 
0 Forecast evaluation 

0 Insert actuals for out-of-sample observations 

Cancel 

The resulting window shows the predicted values and a 95% prediction interval for the 
observations in their given order. For cross sectional observations this is not so useful. We will 
come back to it later. 
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Enter the following commands into the command line, or use the Genr button to open a 
dialog box in which the new series can be defined. 

series food_exp_ub = food_expf + tc*food_sef 
series food_exp_lb = food_expf - tc*food_sef 

Create a group by clicking on INCOME, FOOD SEF, FOOD EXP LB, FOOD EXPF, 
FOOD EXP UB. To do this, click each one while holding down Ctrl. Right click in the shaded 
area and select Open/ as Group. 

W o r k f i l e : F O O D _ C H A P 0 4 - ( c : \ d a t . . . Q g 

[viewlfProcfObject] [Printfsave ¡Detai ls+/-[ ¡Show][FetdiIstorel[DeletelGenr][Sample 

Range: 
Sample: 

1 4 3 - 43 obs 
1 43 - 43 obs 

Display Filter: 

j yhatjb 

I yhat_ub Right-click or 
double-click in 
blue 

Copy 
as Equa t ion . . . 

Click on Name and call this group FOOD_PREDICTIONS. 

Object Name 
Name to identify object 

! fbod_predictions| 
24 characters maximum, 16 
or fewer recommended 

Scroll to the bottom to see the standard error of the forecast and prediction intervals for the 
specified values of income. Note that the value for = 20 are as we constructed manually. 

! Group: FOOD_PREDICT!ONS Workfile: FO... L [[O 
Viev.'|[p'0c (Object] [Pnnt||Name)[Freeze| Default v JsortjfTranspose] |Edit+/-|[Smpl+/-|Title|sd 

Obs INCOME! FOOOJWR A S I I » 
32 25.20000 91.38274 155.7043 340.6990 525.6937: ^ 
33 25.50000 91.46535 158.6000 343.7619 528.9238: ~ 
34 26.61000 91.80770 169.2396 355.0946 540.9496 : 
35 26.70000 91.83798 170.0972 356.0135 541.9297; 
36 27.14000 91.99143 174.2788 360.5057 546.7326 j 
37 27 16000 91.99861 174.4685 360.7099 545.9514 
38 28 62000 92.57296 188.2118 375.6160 563.0201 
39 29.40000 9291955 195.4737 383.5795 571.6853 
40 / - S S 4 Ö 0 W : 99 11945' 23'). 8809" « S T T t S r 

42 :C. : : ISLTFIAI. ...... 
43 30.00000 93 20474 201 0222 389.7053" 578"3884 

< «Sil > 
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4.2 MEASURING GOODNESS-OF-FIT 

4.2.1 Calculating R2 

The usual R2 = 1 - SSE/SST is reported in the EViews regression output. In the FOOD EQ 
window it is reported just below the regression coefficients 

Coefficient Std. Error t-Statistic Prob. 

c 
INCOME 

83.41600 
10.20964 

43.41016 1.921578 
2.093264 4.877381 

0.0622 
0.0000 

(^squared 0.38500?; Mean dependent var 283.5735 
^jU^ê' l fR-g' i jmrMl 
S.E. of regression 
Sum squared resid 

~ Tnssanre 
89.51700 
304505.2 

S.D. dependent var 
Akaike info criterion 
Schwa rz criterion 

112.6752 
11.87544 
11.95988 

The elements required to compute it in this window are shown as well. The sum of squared least 
squares residuals (SSE) is given by 

Sum squared resid 304505.2 

The total sum of squares (SST) can be obtained from 

S.D. dependent var 112.6752 

Recall that the sample standard deviation of the y values (S.D. dependent var) is 

S.D. dependent var = 5 = 7 V iV-1 

Thus if we square this value, and multiply by N - 1 we will have it. That is 

You can do this by hand, or recall that after a regression model is estimated many useful items are 
saved by EViews, including 

@sddep standard deviation of the dependent variable 
@ssr sum of squared residuals 

Then, to calculate R2 use the commands 
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scalar sst = (N-1)*(@sddep)A2 
scalar r2 = 1-@ssr/sst 

The value N had already been calculated as 

scalar n = @regobs 

4.2.2 Correlation analysis 

In the simple regression model we can compute R2 as the square of the correlation between X 
and Y or the square of the correlation between Y and its predicted values. The EViews function 
@cor computes the correlation between two variables. 

scalar r2_xy=(@cor(income,food_exp))A2 
scalar r2_yyhat = (@cor(food_exp, food_expf))A2 

NOTE: These calculations were carried out with the Range and Sample each set 
to 1 to 43 from our work with prediction in Section 4.1.1 above. However, 
because there is no value (NA) for FOOD EXP for observations 41 to 43, 
EViews discarded observations 41-43 in the calculations. 

4.3 MODELING ISSUES 

4.3.1 The effects of scaling the data 

Changing the scale of variables in EViews is very simple. Generate new variables that have been 
redefined to suit you. To illustrate, suppose we measure INCOME in $ rather than in 100$ 
increments. That is, we prefer the variable DOLLAR INC = 100*INCOME. Create this new 
variable by clicking the Genr button, then enter 

Enter equation Enter equation 

dollar _inc= 100 "income 

and click OK. Alternatively, on the command line, enter 

series dollar_inc=100*income 

Estimate the food expenditure model using this new variable. Click Quick/Estimate Equation 
and enter 
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Equation specification 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X. 

food_exp c dollar Jnc 

Click OK Alternatively, on the command line enter 

Is food_exp c dollarjnc 

The result is 

Dependent Variable: FOOD_EXP 

Coefficient Std. Error t-Statistic Prob. 

c 83.41600 43.41016 1.921578 0.0622 
DOLLARJNC 0.102096 0.020933 4.877381 0.0000 

R-squared 0.385002 Mean dependent var 283.5735 
Adjusted R-squared 0.368818 S.D. dependent var 112.6752 
S.E. of regression 89.51700 Akaike info criterion 11.87544 
Sum squared resid 304505.2 Schwarz criterion 11.95988 
Log likelihood -235.5088 Hannan-Quinn criter. 11.90597 
F-statistic 23.78884 Durbin-Watson stat 1.893880 
Prob(F-statistic) 0.000019 

The coefficient on income has changed, as has its standard error. Everything else in this 
regression is the same as earlier estimations of the food expenditure equation. 

A useful feature of EViews is that the regression commands allow variables to be transformed 
directly. That is we could obtain the same results by entering 

Is food_exp c (100*income) 

The regression coefficients are now 

Dependent Variable: FOOD_EXP 

Coefficient Std. Error t-Statistic Prob. 

C 83.41600 43.41016 1.921578 0.0622 
100*INCOME 0.102096 0.020933 4.877381 0.0000 
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4.3.2 The log-linear model 

To use logarithmic transformations recall that the EViews function log represents the "natural 
logarithm" that we denote in POE as "In". To estimate the log-linear version of the food 
expenditure model first generate the log of the dependent variable, 

series lfood_exp = log(food_exp) 

Recall that transforming the dependent variable in this way fundamentally changes how the 
results are interpreted. In the equation ln(^) = p, + P2x + e, a 1-unit increase in "jc" leads to a 
100P2 % increase in the expected value of y. 

Now, use this dependent variable in the regression model, 

Is lfood_exp c income 

The results are 

Dependent Variable: LFOOD_EXP 

Coefficient Std. Error t-Statistic Prob. 

c 4.780239 0.158959 30.07210 0.0000 
INCOME 0.040030 0.007665 5.222377 0.0000 

R-squared 0.417832 Mean dependent var 5.565019 
Adjusted R-squared 0.402511 S.D. dependent var 0.424068 
S.E. of regression 0.327793 Akaike info criterion 0.655839 
Sum squared resid 4.083038 Schwarz criterion 0.740283 
Log likelihood -11.11678 Hannan-Qulnn criter. 0.686371 
F-statistic 27.27322 Durbin-Watson stat 1.877139 
Prob(F-statistic) 0.000007 

We would interpret this by saying that an increase in income of $100 (1-unit) leads to about a 4% 
increase in food expenditure. Because we have transformed the dependent variable in this way, 
the R2 changes and is not comparable to earlier estimations. More on this later. 

Instead of creating lfood_exp = log(food_exp) we could have specified the transformation 
directly in the regression statement, as 

Is log(food_exp) c income 
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4.3.3 The linear-log model 

The linear-log model transforms the x variable, but not the y variable: y = P, + P2 \n(x) + e. In 
this model a 1% increase in x leads to a P2/100 unit change in y. In the food expenditure model 
the commands are 

series lincome = log(income) 
Is food_exp c lincome 

The resulting regression output is: 

Dependent Variable: FOOD_EXP 

Coefficient Std. Error t-Statistic Prob. 

c -97.18642 84.23744 -1.153720 0.2558 
LINCOME 132.1658 28.80461 4.588357 0.0000 

R-squared 0.356510 Mean dependent var 283.5735 
Adjusted R-squared 0.339577 S.D. dependent var 112.6752 
S.E. of regression 91.56711 Akaike info criterion 11.92073 
Sum squared resid 318612.4 Schwarz criterion 12.00517 
Log likelihood -236.4146 Hannan-Quinn criter. 11.95126 
F-statistic 21.05302 Durbin-Watson stat 1.836580 
Prob(F-statistic) 0.000048 

We would interpret the results by saying that a 1% increase in income leads to about a $1.32 
increase in weekly food expenditure. 

The linear-log model can be estimated directly as 

Is food_exp c log(income) 

4.3.4 The log-log model 

In the log-log model ln(>>) = P1 +P2 ln(x) + e the parameter P2 is an elasticity. For the food 
expenditure model, using the log-variables we have already created, the regression command is 

Is lfood_exp c lincome 

The result is shown on the next page. A 1% increase in income leads to about a '/2% increase in 
food expenditure. Alternatively use the regression command 

Is log(food_exp) c log(income) 
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Dependent Variable: LFOOD_EXP 

Coefficient Std. Error t-Statistic Prob. 

c 3.963567 0.294373 13.46444 0.0000 
LINCOME 0.555881 0.100660 5.522391 0.0000 

R-squared 0.445230 Mean dependent var 5.565019 
Adjusted R-squared 0.430630 S.D. dependent var 0.424068 
S.E. of regression 0.319987 Akaike info criterion 0.607634 
Sum squared resid 3.890883 Schwarz criterion 0.692078 
Log likelihood -10.15268 Hannan-Qulnn criter. 0.638166 
F-statistic 30.49680 Durbin-Watson stat 1.982420 
Prob(F-statistic) 0.000003 

4.3.5 Are the regression errors normally distributed? 

Each time a regression is estimated a certain number of regression diagnostics should be carried 
out. It is through the residuals of the fitted model that we may detect problems in a model's 
specification. One aspect of the error that we can examine is whether the errors appear normally 
distributed. EViews reports diagnostics for the residuals each time a model is estimated. For 
example, in the FOOD EQ window, select View/Residual Tests/Histogram-Normality Test 

Equation: FOODJEQ Workfi le: FOO. 
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A Histogram is produced along with other summary measures. The Mean of the residuals is 
always zero for a regression that includes an intercept term. In the histogram we are looking for a 
general "Bell-shape", and a value of the Jarque-Bera test statistic with a large /»-value. This test 
is valid in large samples, so what it tells us in a sample of size N = 40 is questionable. The test 
statistic has a distribution under the null hypothesis that the Skewness is zero and Kurtosis 

is three, which are the measures for a normal distribution. The critical value for the chi-square 
distribution is obtained by typing into the command line 

=@qchisq(.95,2) 

which produces the scalar value 

• Scalar = 5.99146454711 

Save your workfile and close it, as we are moving to another example. 

4.3.6 Another example 

Open the workfile wa-wheat.wfl by selecting on the EViews menu File/Open/EViews Workfile. 
Locate wa-wheat.wfl and click OK. It contains 48 annual observations on the variables 
NORTHAMPTON, CHAPMAN, MULLEWA, GREENOUGH and TIME. The first 4 variables are 
average annual wheat yields in shires of Western Australia. See the definition file wa-wheat.def. 
These are annual data from 1950 to 1997 

Series: Residuals 
Sample 1 40 
Observations 40 

Mean 3.41e-14 
Median -6.324473 
Maximum 212.0440 
Minimum -223.0255 
Std. Dev. 88.36190 
Skewness -0.097319 
Kurtosis 2.989034 

Jarque-Bera 0.063340 
Probability 0.968326 
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Range: 1 48 - 48 obs 
Sample: 1 48 - 48 obs 

E c 
0 chapman 
ETI greenough 
0 mullewa 
S northampton 
0 resid 
H time 

t ^ ^ J n ö t t e d ^ N e w ^ P a g e ^ 

Before working with the data, double-click on Range. This will reveal the Workfile structure. 
When this file was created the annual nature of the data and time span were not used. 

Workfile structure 

Workfile structure type 

Dated - regular frequency 

Date specification 

Frequency; | Integer date 

End t bl 
In the Date specification choose an Annual frequency with Start date 1950 and End date 1997, 
then OK. 

Date specification 

Frequency Annual 

Star t date; 1950 

End date ; 1997 

This will not have any impact on the actual results we obtain, but it is good to take advantage of 
the time series features of EViews. The resulting workfile is now 

Range: 19601997 - 48 obs 
Sample: 1950 1997 - 48 obs 

Display Filter:' 

SO c 
0 chapman 
0 greenough 
0 mullewa 
0 northampton 
0 resid 
0 t i m e 
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Save this workfile with a new name. Select File/Save As to open a dialog box. We will call it 
wheat chap04. Estimate the linear regression of YIELD in GREENOUGH shire on TIME by 
entering 

equation linearis greenough c time 

The command equation linear.ls estimates the least squares regression AND 
gives it the name LINEAR. 

Alternatively use the usual Quick/Estimate Equation dialog box, and then name the result. 

Dependent Variable: GREENOUGH 
Method: Least Squares 
Sample: 1950 1997 
Included observations: 48 

Coefficient Std. Error t-Statistic Prob. 

c 0.637778 0.064131 9.944999 0.0000 
TIME 0.021032 0.002279 9.230452 0.0000 

R-squared 0.649394 Mean dependent var 1.153060 
Adjusted R-squared 0.641772 S.D. dependent var 0.365387 
S.E. of regression 0.218692 Akaike info criterion -0.161529 
Sum squared resid 2.200009 Schwarz criterion -0.083562 
Log likelihood 5.876694 Hannan-Quinn criter. -0.132065 
F-statistic 85.20125 Durbin-Watson stat 1.200869 
Prob(F-statistic) 0.000000 

In the regression results window, click on View/Actual,Fitted,Residual/ Actual,Fitted,Residual 
Graph to construct Figure 4.8 in POE. 

! m Equation: LINEAR Workfile: WHEA... r } • : m 
|(view][Proc|object] [Pmt][Name]|Freeze) [Estimate][Forecast][stats¡Res¡ds1 | ! 
1 Representations 
3 Estimation Output 

i A 

11 Actual,Fitted,Residual • Actual,Fitted,Residual Table 

A 

1 ARMA Structure... I H B i « ' 
ttac&insit ifZ-rsmlt ¿ 1» 

A 

The bar graph in Figure 4.9 of POE is obtained by opening (double-click) the series RESID in 
the workfile window. Recall that EViews always saves the most recent regression residuals as 
RESID. In the spreadsheet view click View/Graph 
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| • Series: RESID Workf| 
• view ][Proc|[ Object l[Properties | [Print ¡¡Name J 

J spreadsheet | 
Graph... k |[ 

E, , . rr J 

In the Graph Options window choose Bar as the Specific type of graph. 

The result is shown below. The advantage of specifying that the data series is Annual with 
specified dates is that EViews then labels the horizontal axis with the years. 

.6-

.4-

.2-

.0-

- . 2 -

To generate the cubic equation results described in the text, enter the commands (or use drop 
down boxes) 

genr timecube = (timeA3)/1000000 
equation cubic.ls greenough c timecube 

Or use the single command 

RESID 

S „ J IiU i . l i »Bn SI 11 

II 1 fl II 

50 55 60 65 70 75 80 85 90 95 

equation cubic.ls greenough c (timeA3)/1000000 
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Dependent Variable: GREENOUGH 
Sample: 1950 1997 
Included observations: 48 

Coefficient Std. Error t-Statistic Prob. 

c 0.874117 0.035631 24.53270 0.0000 
(TIMEA3)/1000000 9.681516 0.822355 11.77292 0.0000 

R-squared 0.750815 Mean dependent var 1.153060 
Adjusted R-squared 0.745398 S.D. dependent var 0.365387 
S.E. of regression 0.184368 Akaike info criterion -0.502997 
Sum squared resid 1.563604 Schwarz criterion -0.425030 
Log likelihood 14.07193 Hannan-Quinn criter. -0.473533 
F-statistic 138.6017 Durbin-Watson stat 1.659185 
Prob(F-statistic) 0.000000 

This workfile (wheat_chap04.wfl) can now be saved and closed. 

4.4 THE LOG-LINEAR MODEL 

To illustrate the log-linear model we will use the workfile cps smalLwfl, with data definitions 
cps smalLdef. This data file consists of 1000 observations. 

'Workfile: CPS SMALL 
[viewfProcfobject] ¡Print[¡Save[¡Details 

Range: 1 1000 
Sample: 11000 

1000 obs 
1000 obs 

Display Filter:: 

0 black 
[fflc 
0 educ 
0 exper 
0 female 
0 midwest 
0 resid 
0 south 
0 wage 
0 w e s t 
0 white 

, Untitled / T l e w Page f 

Note: EViews 6 Student Version has some limitations that the full version does 
not have. In particular it is limited to 1500 observations per series (which is not a 
problem here) and 15,000 total observations (series * observations per series). 
This latter constraint is a problem here because we will be generating several new 
series in the example. For other limitations select Help/Student Version Getting 
Started (pdf) and examine Student Version Limitations. 
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To prevent a problem delete all the series except WAGE and EDUC. To do this, click on each 
series while holding down Ctrl. Right-click in the blue area and select Delete. Save the workfile 
with a new name, such as wage_chap04.wfl, because we will use the data to estimate a wage 
equation. 

Create a new series that is In {WAGE) and estimate the log-linear equation. 

series Iwage = log(wage) 
equation lwage_eq.ls Iwage c educ 

Note that we have given the Name LWAGE_EQ to this equation. 

Dependent Variable: LWAGE 
Method: Least Squares 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

c 0.788374 0.084898 9.286186 0.0000 
EDUC 0.103761 0.006283 16.51434 0.0000 

R-squared 0.214621 Mean dependent var 2.166837 
Adjusted R-squared 0.213834 S.D. dependent var 0.552806 
S.E. of regression 0.490151 Akaike info criterion 1.413792 
Sum squared resid 239.7676 Schwarz criterion 1.423607 
Log likelihood -704.8960 Hannan-Quinn criter. 1.417523 
F-statistic 272.7235 Durbin-Watson stat 0.411703 
Prob(F-statistic) 0.000000 

4.4.1 Prediction in the log-linear model 

First we illustrate prediction with the equation LWAGE_EQ in which we regressed the series 
LWAGE on EDUC. In the estimated equation window click on Forecast. 

Forecast of 
Equation: LWAGE_EQ 

Series names 
Forecast name: Ivuagef 

5,E, (optional): 

SA-Ci-v-ipt'" S I 

lwage_sef| 

Series: LWAGE 

Method 
Static forecast 
{no dynamics in equation) 

fLi'.SifUeftjrsi (ignsre ARMM) 
0 Coef uncertainty in S.E. calc 

Select names for both the forecast and standard error. 
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To create a prediction interval for the predicted value of WAGE, we first create a 95% 
interval for LWAGEF as the forecast plus and minus the /-critical value times the standard error 
of the forecast. Then to convert if from logs to a numerical scale we take the antilog using the 
exponential function. The following commands create the /-value and the upper and lower 
bounds of predicted wage. 

scalar tc = @qtdist(.975,998) 
series w_ub = exp(lwagef + tc*lwage_sef) 
series w j b = exp(lwagef - tc*lwage_sef) 

In repeated samples this prediction interval procedure will work 95% of the time. If however we 
seek a single predicted value, rather than an interval, it is possible that an alternative predictor, 
based on the properties of the log-normal distribution may be better. The natural predictor is the 
anti-log of the predicted log(wage) 

series w_n = exp(lwagef) 

In large samples a more precise predictor is obtained by correcting for log-normality, to do so we 
multiply the natural predictor by exp(<T2/2j. The value of the estimated a is saved after a 
regression as @se. Thus the corrected predictor is 

scalar sig2 = (@se)A2 
series w_c = exp(lwagef)*exp(sig2/2) 

A few values of the actual wage, the prediction interval, and the natural and corrected predictors 
are shown below. Note that the corrected predictor is always going to be larger than the natural 
predictor because the correction factor is always larger than one. 

obs WAGE W_LB W_N W_C W_UB 
1 2.030000 3.237925 8.476222 9.558099 22.18901 
2 2.070000 2.918436 7.640813 8.616061 20.00456 
3 2.120000 2.918436 7.640813 8.616061 20.00456 
4 2.540000 4.417789 11.57152 13.04848 30.30931 
5 2.680000 2.918436 7.640813 8.616061 20.00456 

4.4.2 Alternative commands in the log-linear model 

EViews allows transformations of variables to be included in the statement of the regression 
model, so instead of creating a new variable LWAGE as we did in Section 4.4.1, we can enter the 
statement 

equation wage_eq.ls log(wage) c educ 

Or, in the Quick/Estimate Equation dialog box enter the Equation specification 
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-Equation specification — — - -
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X. 

log(wage) c educ| 

then name the equation WAGE_EQ. Either way, the results are as shown below. 

Dependent Variable: LOG(WAGE) 
Method: Least Squares 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

C 0.788374 0.084898 9.286186 0.0000 
EDUC 0.103761 0.006283 16.51434 0.0000 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
F-statistic 
Prob(F-statistic) 

0.214621 
0.213834 
0.490151 
239.7676 

-704.8960 
272.7235 
0.000000 

Mean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwarz criterion 
Hannan-Quinn criter. 
Durbin-Watson stat 

2.166837 
0.552806 
1.413792 
1.423607 
1.417523 
0.411703 

In the WAGE EQ window select Forecast. Choose the LOG(WAGE) radio button 

Forecast 

Forecast equation 
WAGEJEQ 

Series to forecast 
O WAGE 

Series names 

Forecast name 

©LOG(WAGE) 

wagef 

S.E. (optional): 

'SASCHCopticrdl"!; 

wage_sef 

Method 
Static forecast 
(no dynamics in equation) 

,: [""[ Structure' (ignore AKMft) 

0 Coef uncertainty in S.E. calc 

The series WAGEF and WAGE SEF will be equal to series LWAGEF and LWAGE SEF, 
respectively. Then proceed with prediction interval calculations as in Section 4.4.1 
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4.4.3 Generalized f?2 

A generalized goodness of fit measure is the squared correlation between the actual value of the 
dependent variable and its best predictor. Using the EViews function @cor, we obtain 

scalar r2 = (@cor(wage,w_c))A2 

Save and close your workfile wage_chap04.wfl. 

Keywords 

@cor equation eqname.ls Is 
@qchisq exponential function normality test 
@qtdist forecast prediction 
@regobs forecast standard error prediction interval 
@se generalized R 2 prediction: corrected 
@ssdep goodness-of-fit prediction: log-linear model 
@ssr histogram prediction: natural 
cubic equation Jarque-Bera test residual plot 
data range linear-log model R 2 

data sample log function workfile structure 
data scaling log-linear model 
elasticity log-log model 
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The Multiple Regression Model 

CHAPTER OUTLINE 
5.1 The Workfile: Some Preliminaries 

5.1.1 Naming the page 
5.1.2 Creating objects: a group 

5.2 Estimating a Multiple Regression Model 
5.2.1 Using the Quick menu 
5.2.2 Using the Object menu 

5.3 Forecasting from a Multiple Regression Model 
5.3.1 A simple forecasting procedure 
5.3.2 Using the forecast option 

5.4 Interval Estimation 
5.4.1 The least squares covariance matrix 
5.4.2 Computing interval estimates 

5.5 Hypothesis Testing 
5.5.1 Two-tail tests of significance 
5.5.2 A one-tail test of significance 
5.5.3 Testing nonzero values 

5.6 Saving Commands 
KEYWORDS 

In the simple linear regression model the average value of a dependent variable is modeled as a 
linear function of a constant and a single explanatory variable. The multiple linear regression 
model expands the number of explanatory variables. As such it is a simple but important 
extension that makes linear regression quite powerful. 

The example used in this chapter is a model of sales for Big Andy's Burger Barn. Big Andy's 
sales revenue depends on the prices charged for hamburgers, fries, shakes, and so on, and on the 
level of advertising. The prices charged in a given city are collected together into a weighted 
price index that is denoted by P = PRICE and measured in dollars. Monthly sales revenue for a 
given city is denoted by S = SALES and measured in $1,000 units. Advertising expenditure for 
each city A = ADVERT is also measured in thousands of dollars. The model includes two 
explanatory variables and a constant and is written as 

SALES = E(SALES) + e = (3, + fl2PRICE + P3ADVERT + e 

In this Chapter we use EViews to estimate this model, to obtain forecasts from the model, to 
examine the covariance matrix and standard errors of the estimates, and to compute confidence 
intervals and hypothesis test values for each of the coefficients. While performing these tasks we 
reinforce some of the EViews steps described in earlier chapters as well as introduce some new 
ones. 

90 
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5.1 THE WORKFILE: SOME PRELIMINARIES 

Observations on SALES, PRICE and ADVERT for 75 cities are available in the file andy.wfl. 
Opening this file as described in Chapters 1 and 2 yields the following screen 

View ][Proc ][ ̂ i ject][PrfeTt|^av^Detai^ ][5eiete ][Genr]|Sampi 

Range: 1 75 
Sample: 1 75 

75 obs 
75 obs 

0 advert 
E c 
F7j price 
R7I resid 
0 sales <<ir 

Display Filter.: 

number of observations 

data series 

> \ Un t i f l ed / New Page / 

Note that the range and sample are set at 75 observations. And note the location of the data 
series in the workfile. The other objects C and RESID appear automatically in all EViews 
workfiles. We explain them as they become needed. 

5.1.1 Naming the page 

It is possible to use a number of "pages" within the same EViews file. We will rarely use this 
option because most problems can fit neatly within the one page. However, if working with an 
untitled page is disconcerting for you, you can give it a name by selecting from your workfile 
toolbar Proc/Rename Current Page 

0 a 
( B e 
0 P 
0 n 
0 s i 

ProcJIObj' 

Set Sample.. 

Structure/Resize Current Page-
Append to Current Page... 
Contract Current Page... 
Reshape Current Page 
Copy/Extract from Current Pa 
Sort Current Page... 

Load Workfile Page... 
Save Current Page ... 

Delete Current Pane 

e Pag... 
Name for page 

Andys_Burgers 

OK Cancel 

A window appears in which you can name the page. After choosing the name Andys_Burgers, 
your workfile will appear as 
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Workfile: ANDY - (c:\data\eviews. 
View I Proc A Object) [prritl[saye][petails-f/-] [show ¡Fetch )[store |[Deietê][Genr tfsanple 

Range: 1 75 -
Sample: 1 75 -

75 ob s 
75 obs 

Display Filter: * 

0 advert 
BO c 
0 price 
0 resi ci 
0 sales page name 

5.1.2 Creating objects: a group 

The data on each of the variables SALES, PRICE and ADVERT can be examined one at a time or 
as a group, as described in Chapters 1 and 2. We will create a group and then check the data and 
summary statistics to make sure they match those in Table 5.1 on page 109 of the text. In 
Chapters 1 and 2 we created a group by (1) highlighting the series to be included in the group, (2) 
double clicking the highlighted area, and (3) selecting Open Group. To extend your knowledge 
of EViews, we now describe another way. This new way is more cumbersome, but it will help 
you understand the more general concept of an object and how objects are created. 

A group is one of many types of objects that can be created by EViews. The concept of an 
object is a bit vague, but you can think of it as anything that gets stored in your workfile. As 
Richard Startz says in EViews Illustrated [QMS, 2007, p.5], "object is a computer science buzz 
word meaning 'thingie'." Several chapters of the Startz book can be found under Help. 

To see a list of possible objects, select Object/New Object from the workfile toolbar. 

LMIMI.MMBâ] 
I H W f t l M f t l i l M 
|[¥iew [[Proc¡Object] [Print¡Save¡Détails+/-] [show ][Fet 

Range: 
Sample_ 

un c 
0 price 
0 resid 
0 sales 

Manage Links & Formulae... 
Fetch from DB... 
Store selected to DB... 
Copy selected... 

Rename selected... 
Delete selected 

Print Selected 
< > i \ to^TWfwyTCtfmyaBgy' 

Hew Object 
Type of object Name for object 

Untitled 

Equation 
Factor 
Grai 

LogL 
Matrix-Vector-Coef 
Model 
Pool ,.,.,, 

select 
Group 

OK 

A long list of possible objects appears. We will encounter many of these objects (but not all of 
them) as we proceed through the book. Only the top few are displayed in the above screen shot. 
At present we select Group as the relevant object, and then click OK. We have left Name for 
object as Untitled. We will name it later. In the following window that appears, we type the 
names of the series to be included in the group, and then click OK. 
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Series List X 

List of series, groups, and/or series expressions 

sales price advert 
data series f 

in group 

The following screen appears. Note that the first 5 observations are the same as those in Table 5.1 
on page 109 of the text. The last 3 observations can be checked by scrolling down. 

BBS iWl!Bf i gum H!Wüi 0 S3) 
[Viev«][Proc (Object] (PrintJ(S at neflFreeze] ¡Default i[Sort](Transpose| [idil 

obs SALES Ï ' PRICE | ADVERT | 
1 73.20000 5.690000 1.300000 A-
2 71.80000 6.490000 2900000 
3 62.40000 5.630000 0.8000Û0 
4 ~ 67 40000 "" 6.220000 0.700000 
5 89.30000 5.020000 1.500000 ' 
6 70.30Ö00; 8.410000 - 1.300000: Si l 
7 ,;<|[ ? «Kl 

By selecting Name we can name the group object in the following window. In line with the text, 
we call it table5 1. 

Object Name X j 
Name to identify object 

24 characters maximum, 16 
or fewer recommended table 5_1 
24 characters maximum, 16 
or fewer recommended 

One of the advantages of creating a group of variables is that we can view a variety of 
information on the collection of variables in that group. The list of observations that we checked 
against Table 5.1 is one type of information; it is called the spreadsheet view of the group. 
Another useful view is the Descriptive Stats view that gives summary statistics that can be 
checked against those that appear in the lower panel of Table 5.1. To obtain this view we open 
the group and then select View/Descriptive Stats/Common Sample. 

* ̂ Group Members 
Spreadsheet 
Dated Data Table 
Graph 

PRICE ADVERT 
30000 1.300000 A 
30000 2.900000 
30000 0.800000 
20000 0.700000 

Covariance Analysis- Individual Samples 

The summary statistics appear in the following window. In addition to the sample mean, median, 
maximum, minimum and standard deviation for each series, the table presents skewness and 
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kurtosis measures (see pages 490, 511 and 512 of the text), the value of the Jarque-Bera 
statistic for testing whether a series is normally distributed and its corresponding /»-value (see 
pages 89-90 of the text), and the sum and sum of squared deviations ^ (xt -x)2 for each 
of the series. Stop and check to see if you know how to obtain the standard deviation values from 
the sum of squared deviations. 

• Group: TABLE5_1 Workfih »: ... g n < 
([Wewfe-ocJObJect] |Print||Name|(Freeze] |samp!e][sheetl[stats][spec| 

SALES PRICE ADVERT 
Mean 77.37467 5.687200 1.844000 ¡ 1 
Median 76.50000 5.690000 1.800000 

¡ 1 

Maximum 91.20000 6.490000 3.100000 

¡ 1 

Minimum 62.40000 4830000 0.500000 * 

¡ 1 

Std. Dev. 6.488537 1 0.518432 0 831677 

¡ 1 

Skewness -0.010631 ; 0.061346 0.037087 

¡ 1 

Kurtosis 2.255328 ' 1867162 1 1704890 

¡ 1 ¡ 1 

Jarque-Bera 1.734340 : 5.599242 ¿258786 

¡ 1 

Probability 0.420139 0.060833 0072122 j 

¡ 1 

! 
i 

| | 

¡ 1 

Sum 5803.100 426.5400 138.3000 ; ; 

¡ 1 

Sum Sq. Dev. 3115.482 19.88911 j 51 18480 

¡ 1 

^ I 

¡ 1 

Observations 75 ; * 75 u 

¡ 1 

5.2 ESTIMATING A MULTIPLE REGRESSION MODEL 

The steps for estimating a multiple regression model are a natural extension of those for 
estimating a simple regression. We will consider two alternative ways. One is using the Quick 
menu considered in earlier chapters. The other is via the Object menu that we used in the 
previous section to define a group. 

5.2.1 Using the Quick menu 

To use the Quick menu for estimating an equation go to the upper EViews window and select 
Quick/Estimate Equation. 

«I EViews Student Version 
File Edit Object View Proc Options Window Help 

iample... 

Generate Series... 

Show.. . 

Graph ... 

Empty Group {Edit 
1 0 advert 
I d l e 
| E 3 price 
[ E 3 resid 
[ 0 sales 
[ Q2 table5_1 Estimate VAR, 

> : \ Andys „burgers / N e v f r a g g J 

Hay Filter: 
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An Equation Estimation window appears. We add to it in the following way. 

Specification ¡Options 

Equation specification 
Dependent variable followed by 1st of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c{l)+c(2)*X. 

sales c price advert î advert«. 

explanatory variables 

constant term 

dependent variable 

Estimation settings 

Method: LS - Least Squares {NLS and ARMA) 

Sample: 175 
m 

9 
least squares 

OK Cancel 

The Equation Specification dialog box is where you tell EViews what model you would like to 
estimate. Our equation is 

SALES = p, + p 2PRICE + p3ADVERT + e 

The dependent variable SALES is inserted first, followed by the constant C and the explanatory 
variables PRICE and ADVERT. Under Estimation settings in the lower half of the window, you 
can choose the estimation Method and the Sample observations to be used for estimation. The 
least-squares method is the one we want, and the one that is automatically used unless another 
one is selected. A sample of 1 75 means that all observations in our sample are being used to 
estimate the equation. Clicking OK yields the regression output. 

Equat ion: UNTITLED Workfile: A... j _ J n 
I View ¡[Proc ¡[Object ¡ [Pr¡nt¡NamdÍFreeze) [Estimate l(Forecast|[stats|| Resids [ 
Dependent Variable: SALES 
Method: Least Squares 
Sample: 1 75 
Included observations: 75 

click to name 
equation 

Variable Coefficient Std. Error t-Statistic Prob. 

C 118.9136 6.351638 18.72172 0.0000 
PRICE -7.907854 1.095993 -7.215241 0.0000 

ADVERT 1.862584 0.683195 2.726283 0.0080 

R-squared 0.448258 Mean dependent var 77.37467 
Adjusted R-squared 0.432932 S.D. dependent var 6.488537 
S.E. of regression 4.886124 Akaike info criterion 6.049854 
Sum squared resid 1718.943 Schwarz. criterion 6.142553 
Log likelihood -223.8695 Hannan-Quinn criter. 6.086868 
F-statistic 29.24786 Durbin-Watson stat 2.183037 
Prob{F-statistic) o.oooooo 
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Compare this output with Table 5.2 on page 112 of the text. Least squares estimates of the 
coefficients (3,, p2 and P3 appear in the column Coefficient; their standard errors are in the 
column Std. Error; /-values for testing a zero null hypothesis for each of the coefficients appear 
in the column t-Statistic; and /;-values for two-tail versions of these tests are given in the column 
Prob. From the bottom panel in the output, make sure you can locate R2 = 0.4483, ay = 6.4885, 

SSE = ^e2 = 1718.943 and the estimated standard deviation of the error term d = 4.8861. Also, 
you should make sure you know how to compute (a) a from the value of SSE (page 114 of the 
text), and (b) R2 from SSE and CTv (page 125 of the text). 

5.2.2 Using the Object menu 

The same results can be obtained by direct creation of the relevant equation object. To proceed in 
this way select Object/New Object from the workfile toolbar. In the resulting New Object 
window, select Equation as the Type of object. Then, name the object (we chose 
BURGER EQN) and click OK. 

F71 advert 
i l ] c 
0 price 
0 resid 
0 sales 
[Stables; 

)< > \ Am 

Manage Links & Forn 
Fetch from DB... 
Store selected to DB... 
Copy selected... select equation 

o b j e c t I J 

The Equation Estimation window will appear. It can be filled in as described earlier. 

Equation specification 
Dependent variable followed by list o f regressors induding ARM A 
and PDL terms, OR an explicit equation like Y=c( l )+c(2)*X. 

sales c price advert ? a d v e r t -

explanatory variables 

constant term 

dependent variable 

Estimation settings 

Method; LS - Least Squares (NLS and ARMA) 

Sample; 175 

least squares 
estimation 

OK Cancel 
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Clicking OK yields the same regression output that we illustrated earlier using the quick menu. 
After closing the output window, check the EViews workfile and note that, since you opened 

the workfile, two new objects have been added. These objects are the group of variables 
TABLE5_1 and the estimated equation BURGER_EQN. To reopen one of these objects, 
highlight it, and then double click. 

[viewl[Frocj|Qbject] [Print|sav^[Details+/-] [s(ww][Fe^|stDre|Deie^[G^r]^an5e 
_ _ _ _ _ _ _ _ _ _ _ _ Display Filter 
Sample: 1 75 - 75 obs 
0 advert 
I I burger_eqn 
B e 
0 price 
0 resid 
0 sales 
03 table5_1 

estimated equation 

group of variables 

To ensure the estimated equation and the group of variables are retained for future use, click save. 
If you wish to save the file under another name so that the original workfile with data only is 
preserved, go to the upper EViews toolbar and select File/Save As. 

5.3 FORECASTING FROM A REGRESSION MODEL 

How to use EViews to obtain forecasts was considered extensively in Chapter 4 for both linear 
and log-linear models. Those procedures carry over directly to the multiple regression model. In 
this section we reinforce those procedures by showing how EViews can be used to forecast (or 
predict) hamburger sales revenue for PRICE - 5.5 and ADVERT = 1.2, as is done on page 113 
of the text. Two preliminary explanatory remarks are in order. First, note that we are using the 
terms "forecast" and "predict" interchangeably; each one has no special significance. Second, the 
steps we follow do not mimic exactly those in Chapter 4. The variations are deliberate. They are 
designed to expose you to more of the features of EViews. As in Chapter 4, we consider a simple 
forecasting procedure and one using EViews special forecasting capabilities. While the simple 
one is ideal for obtaining a single static forecast, it is not convenient for obtaining a forecast 
standard error, and it less than ideal for dynamic forecasting, a topic considered in Chapter 9. 

5.3.1 A simple forecasting procedure 

After you use EViews to estimate a regression model the estimated coefficients are stored in the 
object C that appears in your workfile. You can check this fact out by highlighting C and double 
clicking it. A spreadsheet will appear with the estimates stored in a column called CI. In further 
commands that you might supply to EViews, the three values in that column can be used by 
referring to them as C(l), C(2) and C(3), respectively. That is, in terms of notation used in the 
book, the least squares estimates are 

b{ = C(l) b2 = C(2) ¿3 = C(3) 
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P M l HM 
J[ View j|proc ][objectJ [Print][Save ][De 

Range: 1 75 -
Sample: 1 75 -

75 obs 
75 obs 

0 advert 
0=0 burger_eqn 
F!-;I c. .. 
0 price 
0 resid N 

0 sales 
E tableB 1 

\ double 
click 

|< J i \ Andys_burgers / New F 

[view|Proc][Object] [Print][Name ¡Freeze] ¡Edit+, 

r c 
C1 1 

Last updated: 11/24® 
sbi=cm i 

R1 118.91364% 
R2 -7.907854«— b2=C(2) 
R3 1.862584^1 

o.oooooo { b3-C(3') 
„„,_. r, r>r,n,r> rt n 

R4 
nr 

1.862584^1 
o.oooooo { b3-C(3') 

„„,_. r, r>r,n,r> rt n 

Our objective is to get EViews to perform the calculation 

SALES = bl+b2x 5.5 + b3 x 1.2 

The corresponding EViews command is 

scalar sales_f = c(1) + c(2)*5.5 + c(3)*1.2 

The first word scalar tells EViews that we are computing a scalar object (a single number) to be 
stored in the workfile. The second word sales_f is the name we are giving to that scalar object 
which is our predicted value. The right side of the equation performs the calculation. The 
command is placed in the upper EViews window as shown below. 

ml EViews Student Version 
File Edit Object View Proc Quick Options Window Help 

scalar s a l e s j = c(1) * c(2)«55 • c(3f 1.2 % command fo predict saies 

minimized 
'workfile 

message saying prediction 
be 

• SALES_F successfullycreated Path = c:\data\eviews DB = none WF ^ a 

This window might look a little strange to you. We have compressed the typical EViews window 
so that we can show you all the information in a convenient space. The workfile has been 
temporarily minimized to move it out of the way. Then the bottom of the window has been 
moved upwards. Notice two things. The command to predict sales has been typed in the upper 
window. And, there is a message at the bottom indicating that the scalar object SALES_F has 
been successfully calculated. Providing you have not done something wrong that offends 
EViews, this message will appear after you type in the command and push the enter key. 

A word of warning: The values C(l), C(2) and C(3) will always be the coefficient estimates 
for the model most recently estimated. If you have only estimated one equation, there will be no 
confusion. However, if you have estimated another model, successfully or not, the values will 
change. Make sure you are using the correct ones. 
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You have now calculated the forecast. How do you read off the answer? Go to the SALES_F 
object in your workfile and double click it. The answer appears in the bottom panel of your 
workfile. 

Workfile: ANDY - (c:\data\eview. 
B[yiewl(PrQc][Qbject] [PrintfSavefpetails +/-) [show|Fetch~Kstorej[Detete|[Geprffsampl 

Range: 1 75 
Sample: 1 75 

75 obs 
75 obs 

H advert 
[si burger_eqn 
E c 
0 price 

0 resid 
0 sales m r 
[G] table5_1 

Andys_burgers / New Page j 

double click for \ 
. ¿y prediction 
I 

read answer 

• Scalar SALES_F = 7 7 . 6 5 5 ^ 7 2 6 4 Path = c:\data\eviews DB = none 

5.3.2 Using the forecast option 

To use EViews automatic forecast command to produce out-of-sample forecasts, it is necessary 
to extend the size of the workfile to accommodate the observations for which we want forecasts. 
To do so you select, from the workfile toolbar, Proc/Structure/Resize Current Page. In this 
case, since we are only forecasting for one extra observation, we change the range from 75 to 76. 

O M Ê K K Ê K Ê I Ê Ê K Ê i ï S Ê S Ê k 

[View Procj[object] [Printj[Save ][Details +/-] [show ][Fetch ¡Store 

Ran 
Sarf 

[ Set Sample... 

0 a 
H b 
E c 
0 P 

i f e f l l l I l l J i J l l l l n . l U . l . i l J J i L I M 
I 

s, 
riii'.J 

0 a 
H b 
E c 
0 P 

Append to Current Page... 

' Contract Current Page... 

Reshape Current Page • 

Copy/Ex|ract from. Current Page } 

I 

s, 
riii'.J 

i l l 

Append to Current Page... 

' Contract Current Page... 

Reshape Current Page • 

Copy/Ex|ract from. Current Page } ' 

Workfile structure type 

Unstructured / Undated 

Data range 

Observation 76 

Range of data 
changed to 76 

EViews will ask you whether you are sure you wish to make this change. 
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!v Resize involves inserting 1 observations. 

Continue ? 

L m No 

Notice that both the range and the sample in the workfile have changed from 1 75 to 1 76. The 
next task is the insert the values PRICE = 5.5 and ADVERT -1.2 for which we want to make 
the forecast. We insert these values at observation 76. To do so we begin by opening the PRICE 
spreadsheet by double clicking on this series in the workfile. 

|[View|[Rroc]fobject] [R-int][save]fDetails +/-] [showj|FetchtstorelDeiete][Genr][Sanpl| 

Range: 1 76 - 76 obs 
Sample: 1 76 - 76 obs1 

Display Filter * 

0 advert 
fsfl burger eqn 
[ B e 

@§ s a i e s _ r - — ^ range and sample 
E ] table5_l changed to 76 

i iiwrif • • • • • • • L 
E2 resid 
0 sales double click 

< > \ A n d y s _ b u r g e r s / N e w ^ a g e / 

The lower portion of the PRICE spreadsheet appears below. Notice how EViews responded to 
your request to extend the range from 75 to 76. It did not have an observation for observation 76 
so it specified this observation as NA, short for "not available". To replace NA with 5.5, click on 
Edit+/- , and change the spreadsheet. Click on Edit+/ - again after you have made the change. 
Similar steps are followed for the ADVERT spreadsheet to insert the value 1.2. 

m m m 
fH 

|[view||Proc][object][Properties] [PrintfMame¡Freeze| ¡Default v | [Sort[|Effi+/-[[St| 

I. PRICE 

72 5.110000 click edit A 
73 5.710000 
74 5.450000 
75 6.050000 ^ changt e NA to 5.5 
76 NA' *tr v 

4! 1 I 

Now you are ready to compute the forecast. Go to your workfile and open the equation 
BURGER_EQN by double clicking on it. Then click on the forecast button in the toolbar. 
Before doing so, note that the number of observations used to estimate the equation is still 75. We 
are using the first 75 observations to estimate an equation which is then used to forecast sales for 

FY 
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observation 76. Increasing the range of observations in a workfile does not change equations in 
the workfile that have already been estimated with fewer observations. 

[vtewj[Proc]|object| [printj[Name][Freezej [Estimate;|(Fcjg3Stptete|Resids] 

Dependent Variable: SALES -
Method: Least Squares forecast option 
Date: 11/24/07 Time: 13:14 

1 1 5 % rr~?*75 observations used for estimation Included observations: 75M, 

The following forecast dialog box appears. Let us consider the various items in this box. 

Series names: The forecasts and their standard errors will appear in the workfile under the 
names SALESF and SE_F, respectively. The forecast standard error is computed 
using the formula on page 157 of the text. This formula includes what EViews calls 
Coef uncertainty in S.E. calculation. In this particular case, not including this 
uncertainty would mean the forecast standard error is the same as the standard 
deviation of the error term. 

Forecast sample: We have chosen to forecast for just observation 76. We could have defined 
the forecast sample as 1 76, in which case EViews would produce both the in-
sample forecasts as well as the out-of-sample forecast. 

Method: There are no dynamics in the equation because we do not have time series 
observations with lagged variables. These issues are considered in Chapter 9. 

Output: At this point we are not concerned with a Forecast graph, or a Forecast evaluation. 

Insert actuals for out-of-sample observations: A tick in this box asks EViews to insert actual 
values for SALES for the observations that lie outside your Forecast sample - in this 
case that would be observations 1 to 75. We did not choose this option. 

Forecast of 
Equation: BURGER_EQN 

forecast 
Series names 
Forecast name 

S.E. (optional); 

C ^ O ^ t : : , j 

Series; SALES 
forecast standard error 

Method 
Static forecast 
(no dynamics in equation) 

•.. • | ZjHrik a y i {-fjpsre MMA, 
0 Coef uncertainty in S.E. calc 

Forecast sample 

75 76 

Output 
0 Forecast graph 
0 Forecast evaluation 

forecast for observation 76 
0 Insert actuals for out-of-sample observations 

OK Cancel 
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After clicking OK and closing the equation, you will be returned to the workfile where you will 
discover that SALESF and SE_F appear as two new series in the workfile. On opening these 
series by double clicking on them, you will further discover that the forecast and its standard error 
appear at observation 76, with the forecasts and standard errors at observations 1 to 75 being 
listed as NA, a consequence of the Forecast sample that we specified in the dialog box. 

U ^ B Sb^ 3 B H 

[WewfProc [object[[Properties] [Prk 

j SALESF 
sales tc recast I 

73 \ NA 
74 K NA 

75 Y NX | 
76 %77.65551 

" / ' 

EES m m H 
][View |[Proc [[object[[Properties j [Pri 

SE_F 
forecas t standard efror 

73 \ NA 
74 X NA 

75 V NA 
76 - " ^ 9 4 2 0 0 8 • 

The forecast and its standard error are SALES = 77.6555 and se(/) = 4.942 . These values can be 

used to compute a forecast interval as SALES ± t(]_a/2 72) x se( / ) . 

5.4 INTERVAL ESTIMATION 

After obtaining least squares estimates of an equation we can proceed to use it for forecasting as 
we have done in the preceding section. In addition, we may be interested in obtaining interval 
estimates that reflect the precision of our estimates, or testing hypotheses about the unknown 
coefficients. The covariance matrix of the least squares estimates is a useful tool for these 
purposes, and one we will return to in Chapter 6. We begin by explaining how it can be viewed. 

5,4.1 The least squares covariance matrix 

To examine the least squares covariance matrix go to the BURGER_EQN in your workfile and 
open it by double clicking. Select View/Covariance Matrix from the toolbar and drop-down 
menu. The covariance matrix of the least-squares estimates will appear. Check these values 
against those on p. 116 of the text. Also note the relationship between the variances that appear on 
the diagonal of the covariance matrix and the standard errors. For example, 

cov(¿>2,¿>3) = -0.74842 se(b2) • ^var(b2) = VT 201201 =1.09599 

|View|Proc j [ o b j e c t | |Print|'-.ame|[Freeze| [Estima' 
I T ' „ Z Z Z l - 1 s Representations . 

Estimation Output 
Actual,Fitted,Residua! 
ARMA Structure... 
Gradients and Derivati* 

wtm 

Cnsffirtent Tests,. 
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Coefficient Covariarrce Matrix 
C PRICE .ADVERT 

C 40.34330 -8.795064 -0.748421 
PRICE -6.795064 1.201201 -0.019742 

ADVERT -0.748421 -0.019742 0.466756 

5.4.2 Computing interval estimates 

A 100(1 - a ) % confidence interval for one of the unknown parameters, say (3 ,̂ is given by 

Thus, to get EViews to compute a confidence interval, we need to locate values for bk, se(bk) 
and t(1_a/2_ N_K), and then do the calculations. As we noted earlier in this chapter, the least squares 
estimates bk will be stored in the object C in the workfile. Alternatively, they are stored in the 
array @coefs which was used for computing interval estimates in Chapter 3. That is, C = 
@coefs. If we are interested in one particular bk, say b2, then C(2) = @coefs(2) = - 7.907854. 
Similarly, the standard errors are stored in the array @stderrs, so that @stderrs(2) = 1.09599. 
Note that C, @coefs and @stderrs will contain values from the most recently estimated 
equation. If you are in doubt about their contents, quickly re-estimate the equation of interest. The 
remaining value that is required is i(1_a/2iW_Ky It can be found using the EViews function 

@qtdistn(p,v) where p is equal to 1 - a /2 and v is the number of degrees of freedom, in this case 
N-K = 75-3 = 12. Putting all these ingredients together, upper and lower bounds for 95% 
interval estimates for P2 and p3 can be found from the following sequence of commands. 

scalar tc = @qtdist(0.975,72) 
scalar beta2_low = c(2) - tc*@stderrs(2) 
scalar beta2_up = c(2) + tc*@stderrs(2) 
scalar beta3_low = c(3) - tc*@stderrs(3) 
scalar beta3_up = c(3) + tc*@stderrs(3) 

These commands are entered, one at a time, in the upper display of the EViews window. Each 
command is executed after you push the enter key. The answers are stored as scalars marked by 
S in the workfile. 

File Edit Object View Proc Quick 
scalar beta2_low = c(2) - tc*@stderrs(2) 
scalar beta2_up = c(2) + tc*@stderrs{2) 
scalar beta3_low = c{3) - tc*@stderrs(3) 
scalar beta3_up = c(3) + tc*@stderrs(3) 

-Workf i le : ANl 
[viewJProt|object] [Print](s, 
Range: 1 76 - 76 obs; 
Sample: 1 76 - 76 obs 
0 advert 
H beta2_low 
1 ! beta2_up 
H beta3Jow 
g beta3_up 
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To view the upper and lower bounds of the interval estimates double click each of the scalars in 
the workfile. Each time the answer will appear in the bottom of the EViews window. Collecting 
these values one at a time, we obtain 

Apart from a small amount of rounding in the text values, you will discover that these interval 
estimates coincide with those on page 119 of the text. 

In this Chapter we are concerned with hypothesis tests on a single coefficient in the multiple 
regression model. More complex tests are deferred until Chapter 6. The most common single 
coefficient tests are two-tail tests of significance where, in the context of Andy's Burger Barn, we 
are testing whether price effects sales and whether advertising expenditure effects sales. 

5.5.1 Two-tail tests of significance 

Two-tail tests of significance for the effect of price and the effect of advertising are considered on 
pages 121-2 of the text. The hypotheses for these tests are 

H0 : P2 = 0 (no price effect) Hx : |32 ^ 0 (there is a price effect) 

H0 : (33 = 0 (no advertising effect) //, : |33 * 0 (there is an advertising effect) 

Using EViews to calculate the /-values and ¿»-values for these tests is trivial. They are 
automatically computed when you estimate the equation. To see where they are reported, we 
return to the least squares output for BURGER_EQN. 

• Scalar BETA2 LOW = -10.0926764859 

• Scalar BETA2JJP = -5.72303216832 

• Scalar BETA3_LOW = 0.500658984708 

• Scalar BETA3JJP = 3.22450955651 

5.5 HYPOTHESIS TESTING 

Dependent Variable: SALES t-values and p-values 
Method: Least Squares 
Date: 11/24/07 Time: 13:14 
Sample: 1 75 
Included observations: 75 

for two-tail tests of 
significance 

Coefficient Std. Error t-Statisi Prob. 

C 
PRICE 

ADVERT 

118.9136 6.351638 
-7.907854 
1.862584 

mzm. o.oooo 

Do you know where these numbers come from? Consider the test for the effect of advertising. 
The /-value is given by / = 1.8626/0.6832 = 2.726. The p-value is given by 
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/rvalue = P(/(72) > 2.726) + P(/(72) < -2.726) = 2 x p[t{12) < -2.726) = 0.0080 

We can confirm the above result by asking EViews to compute the above probability using the 
command 

scalar pee = 2*@ctdist(-2.726,72) 

The function @ctdist(x, v) computes the distribution function value P[l(v) < x). The command 

can be entered in the top display of the EViews window. If you are unsure of how to do so, or 
how to read off the result, go back and check the earlier part of this chapter where we introduced 
a simple forecasting procedure, or the section where we computed interval estimates. 

Knowing the ¿»-value is sufficient information for rejecting or not rejecting H0. In the case of 
advertising expenditure we reject H0: P3 = 0 at a 5% significance level because the /»-value of 
0.0080 is less than 0.05. Suppose, however, that we wanted to make a decision about H0 by 
comparing the calculated value t = 2.726 to a 5% critical value. How do we find that critical 
value? We need values tc and —tc such that P[t(12) < tc ) = 0.975. Table 2 at the end of the book 
is not sufficiently detailed to provide this value. It can be obtained using the EViews command 

scalar tc = @qtdist(0.975,72) 

The answer is tc = 1.993, a value that leads us to reject H0: (3, = 0 because 2.726 > 1.993 . 
The /»-value for testing H0: P2 = 0 against //, : P2 ^ 0 is given as 0.0000 in the EViews 

regression output. As an exercise, use EViews to show that, using more decimal places, the value 
is 4.424 xlO"10. 

5.5.2 A one-tail test of significance 

To collect evidence on whether or not the demand for burgers is price elastic, on pages 122-3 of 
the text we test H0: P2 > 0 against the alternative H{: P2 < 0 . In this case we are not particularly 
interested in the single point P2 = 0, but, nevertheless, for testing H0: p2 > 0 we act as if the null 
hypothesis is H 0 : P2 = 0 . Thus, this test can be viewed as a one-tail test of significance. The /»-
value for this test is P(/(72) <-7.21524l) = 2.212x10"'°. Because the calculated value /-value 

/ = -7.215241 is negative, and the rejection region is in the left tail (as suggested by the direction 
of the alternative hypothesis Hl : P2 < 0 ), we can compute the /»-value by taking half of the p-
value given in the EViews regression output. However, since half of 0.0000 is 0.0000, this 
example is not a very interesting one. If we considered a one-tail test for advertising of the form 
H0: p3 < 0 against / / , : p3 > 0, we could calculate its /»-value as 0.0040, half of 0.0080. 

If the calculated /-value is positive, and the rejection region is the left tail (or the calculated /-
value is negative, and the rejection region is the right tail), the /»-value will be greater than 0.5 and 
is not simply half of the EViews /»-value. In such instances the /»-value is given by p = 1 - p* ¡2 
where /»* is the EViews supplied /»-value. Do you understand why? Check it out! 
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What is the 5% critical value for a one-tail test? For the case of P2 where the critical value is 
a negative one in the left tail of the distribution, we can obtain it using the EViews command 

scalar tc_1tail = @qtdist(0.05,72) 

The value obtained is tc =-1 .666. Thus, making the test decision by reference to the critical 
value, we reject H0: P2 > 0 in favor of Hx : P2 < 0 because -7.215 < -1.666 . 

5.5.3 Testing nonzero values 

5.5.3a One-tail test 

For advertising to be effective P3 must be greater than 1. Thus we test H0: P3 < 1 against 
Hx :P3 >1. On page 123-4 of the text, we compute the key quantities for performing this test. 
They are the calculated /-value 

¿ 3 - l 1.8626-1 0.8626 , „ „ ^ j i 

~s&(b3)~ 0.6832 ~ 0.6832 ~ 

and its corresponding p-value 

P(tm >1.263) = l -P( / ( 7 2 ) <1.263) = 0.105 

You can compute these quantities using the following commands in the upper display of the 
EViews window. 

scalar t3 = (c(3) - 1)/@stderrs(3) 
scalar pee3 = 1 - @ctdist(t3,72) 

5.5.3b Two-tail test 

For two-tail tests there is an easier way to get the results from EViews. You can tell EViews the 
hypothesis that you want to test and it will do the rest. There is one temporary complication. 
EViews computes an F-value and a -value but not a /-value. This complication will disappear 
once you have the extra background covered in Chapter 6. However, given that you are likely to 
be eagerly waiting to find out how EViews automatic testing commands work, we will give you 
some exposure now. If you are struggling with our explanations, please come back again after 
you have finished Chapter 6. 

To illustrate we turn the recent hypothesis about the effect of advertising expenditure into a 
two-tail test, namely 

H0: P3 = 1 against / / , : P3 * 1 

For testing this hypothesis, the calculated /-value is the same as before. 
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¿ 3 - 1 1 .8626-1 0.8626 
t = -l = = = 1.2626 

se(Z>3) 0.6832 0.6832 

The /»-value will be different, however. It is 

P(t{12) >1.2626) + />(f(72) < 1.2626) = 2 x 0.1054 = 0.2108 
We have included more digits after the decimal so that we can match the accuracy of EViews. To 
get EViews to automatically compute these values, we proceed as follows. Open the equation 
object BURGER EQN and then select View/Coefficient Tests/Wald Coefficient Restrictions. 

c RÜRSRfsrassi ISBMBBHIIMr̂ Cl g § 

j(View)[Procfobject [Print¡Name¡Freeze] [Estimate¡Forecast][stats][Resids| | 

'Representations 

Estimation Output 

Actual,FittedfResidua! • 

ARMA Structure-

Gradients and Derivatives y 

Covariance Matrix / 

/ / 

A 'Representations 

Estimation Output 

Actual,FittedfResidua! • 

ARMA Structure-

Gradients and Derivatives y 

Covariance Matrix / t Std. Error t-Statistic / Prob. 

I B B I i S i f S B B i a a i a i M M l Confidence Ellipse... j j I Residual Tests • 

I Stability Tests • ! Omitted Variables - Likelihood Ratio... 

In the resulting dialog box type in the null hypothesis using the notation C(l) = (3,, C(2) -
C(3) = P3, and so on. For the null hypothesis H0: P3 = 1, we type c(3) = 1. Then click OK. 

Wald Test 

Coefficient restrictions separated by commas 

C{3) = 1 ^ .Ail 
\ 

null hypothesis 
ÉÉl 

Examples 
C{13=0, C(3)=2*C(4) ( ÔÎT Cancel 

The following test results appear: 
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i Wald Test: # 
Equation: BURGER_EQN / 

% p-value | 

\ 
1 Test Statistic Value/ 

à 
df Probability 

F-statistic 1.594091 
Chi-square 1.594091 

(1,72) 
1 

\ 
0.2108 ; 
0.2067 

t-value numerator 
Null Hypothesis Summary: t-value denominator 

Normalized Restriction (= 0) > v Value \ Std. Err. 

i -1 + C{3) 0*862584 0^83195 

Note the following points: 
1. The test is called a Wald test. The /-test and F-tests on the coefficients of regression 

equations belong to this class of tests. More details can be found on page 538 of the text. 
2. In the last row of the output we can read off the numerator of the calculated /-value, 

namely Z>3 - 1 = 0.8626, as well as its standard error se(Z>3 -1) = 0.6832 that appears in 
the denominator. Of course, se(Z>3 -1) = se(b3). 

3. Instead of reporting the calculated value / = 1.2626, EViews reports its square and calls it 
an F-value. That is, F = t2 = 1,26262 = 1.594. There is a theorem that says a /(v) random 
variable squared is equal to an F(l v) random variable. In words, the square of a / random 
variable with v degrees of freedom is equal to an F random variable with 1 degree of 
freedom in the numerator and v degrees of freedom in the denominator. 

4. It is equally valid to perform a two-tail test with an F-distribution or a /-distribution. With 
one-tail tests squaring the /-value complicates matters. To avoid confusion, use the /-
distribution. 

5. The /rvalue for the F-test is obtained from the right tail of its distribution. Specifically, 

F(F<172) >1.594) = 0.2108 

Because of the relationship between the /- and F-distributions, this /»-value is identical to 
that obtained for the two-tail /-test and the same test conclusion is reached, namely, there 
insufficient evidence to reject H0 at a 5% level of significance. 

6. The EViews output also reports a %2 (chi-square) value. We will say more about this 
value in Chapter 6. 

5.6 SAVING COMMANDS 

Throughout this chapter we have entered a number of commands in the upper display of the 
EViews window. It is a good idea to save these commands so that you have a record of them 
when you return to your work. To do so, highlight the commands and push Ctrl+C 
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ml EViews Student Version 
File Edit Object View Proc Quick Options Window Help 

scalar s a l e s j = c(1) * c(2)*5.5+_c(3)«1.2 

scalar beta2Jcw - c(2)-lc*@stderrs(2) 
scalar beta2_up = c(2) f tc*@stderrs(2) 

Then go Object/New Object and select the object Text. As a name for the object, enter 
CHAP05CMDS. After positioning the cusor within the Text dialog box push Ctrl+V. The 
following Text object will then be stored in your workfile 

Text: CHAPOS CMDS Workfile: ANDY... 
[viewfObject] [PrintfÑame] fcutlcopy¡Paste¡Find¡Repla 
scalar sa les j = c(1) + c(2f 5.5 + c{3)*1.2 
scalar tc = @qtdist{0.975,72) 
scalar beta2Jow = c{2) - tc*@stderrs(2) 
scalar beta2_up = c(2) + tc*@stderrs(2) 
scalar beta3Jow = c{3) - tc*@stderrs(3) 
scalar beta3_up = c(3) + tc*@stderrs(3) 
scalar pee = 2*@ctdist(-2.726,72) 
scalar tc_1tail = @qtdist(0.05,72) 
scalar t3 = (c{3) - 1 V@stderrs(3) 
scalar pee3 = 1 - @ctdist(t3,72) 

Keywords 

@coefs F-value range: change 
@ctdist group: naming regression output 
@qtdistn group: open S.D. dependent variable 
@stderrs hypothesis testing S.E. of regression 
c object interval estimates sample 
coefficient least squares sample: change 
coefficient tests NA scalar 
coefficient uncertainty in S .E object: creating spreadsheet 
commands: saving object: equation standard errors 
covariance matrix object: group Std. Error 
descriptive statistics object: name test of significance 
edit +/- object:text test: nonzero value 
equation specification page: naming test: one-tail 
estimate equation page: resize test: two-tails 
forecast proc t-test 
forecast sample p-value (Prob.) t-value (t-Statistic) 
forecast standard error quick/estimate equation Wald test 
F-test range workfile 
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KEYWORDS 

6.1 F AND CHI-SQUARE TESTS 

In Chapter 5 we saw how to use EViews to test a null hypothesis about a single coefficient in a 
regression model. This test can be extended in two ways. We may want to test a single null 
hypothesis that involves two or more coefficients, or we might want to test a joint null 
hypothesis that specifies two or more restrictions on two or more coefficients. The choice of test 
statistic depends on whether the null hypothesis is single or joint and on whether the test is a one-
tail test or a two-tail test. One-tail tests are only considered for single null hypotheses. In this case 
the relevant test statistic is t(N_K). For two-tail tests of single hypotheses, we can use either the 

test statistic t{N_K) or the statistic Fn N_K). The tests from each are equivalent because 
t]N_K) = F(1 N_K). An illustration was given in Section 5.5.3. Another test that can be used is a chi-
square test that uses a chi-square statistic with one degree of freedom y2

V). The value of this 
statistic is identical to F(] N_K), but the test is different because a different distribution is used to 
compute the />value. The F-test is an exact finite sample test suitable when the equation errors 
are normally distributed. The %2 -test is an approximate large sample test that does not require the 
normality assumption. For joint null hypotheses the /-test is no longer suitable, nor do we 

110 
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consider one-tail tests. The alternative hypothesis Hl is that one or more of the restrictions in H0 

does not hold. We can use the F-test or the %2 -test depending on whether or not we are invoking 
the normality assumption. The number of restrictions in H0 gives the numerator degrees of 
freedom for the F-statistic and the degrees of freedom for the -statistic. The two tests are 
different, but the value of one statistic can be calculated from the other using the relationship 
F(j,n-k) = l\j)lJ- AN these different possibilities are summarized in the following table. 

Test Statistics for Testing Coefficients in a Multiple Regression Model 

Null Hypothesis 
Test Type Coefficients Restrictions S t a t i s t i c Relationship 

Single H0, 
1 tail 

>1 1 t. (.N-K) 

Single H0, , ( r- or y2 t2 = F =v2 

-1 1 (N-K) 1 O.N-K) A,(l) \N-K) r(l,N-K) X(l) 
2 tails 

Joint H0 >2 J >2 F(j,n-k) or X(j) F(j,n-k)=i\j)IJ 

In the first part of this Chapter we use Andy's Burger Barn example to demonstrate how these 
various testing scenarios can be handled within EViews. Our main focus will be on F- and yj -
tests. You should check Chapter 5 for an introduction to the /-test. 

The general formula for the F-value is 

f_(SSEr-SSEu)/J 
SSEV/(N-K) 

where SSER is the sum of squared errors from the model estimated assuming the restrictions in 
H0 hold and SSE[; is the sum of squared errors from the unrestricted model. The corresponding 
X2 -value is given by %2 = J x F . We can use EViews to compute F and %2 and their /»-values 
automatically or we can use EViews to compute the restricted and unrestricted models, locate 
SSER and SSEU on the output, and then calculate F and %2. 

6.1.1 Testing significance: a coefficient 

Our first example is to test H0: P2 = 0 against the alternative //, : P2 * 0 in the model 

SALES = p, + p 2PRICE + p3ADVERT + e 

In other words, should PRICE be included in the equation? We used a /-test to perform this test in 
Section 5.5.1; we discovered we could read the result directly from the regression output. Let us 
see how we can do it using F- and %2 -tests. 
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6.1.1a Using E Views test option 

Return to the workfile andy.wfl and open the equation object BURGER_EQN. Select 
View/Coefficient Tests/Wald Coefficient Restrictions 

Equation: BURGER_EQN Workfile: ... 
Me Proc IObjectj (Print][Name][Ffeeze j [Estimate [[Forecast[[statsj[Resids] 

Wmß 

'Representations 

Estimation Output 

Actual,Fitted,Residual 

ARMA Structure-

Gradients and Derivatives 

Covariance Matrix 

Residual Tests 

Stability Tests 

Confidence Ellipse, 

Omitted Variables - Likelihood Ratio... 

In the dialog box that appears we type the null hypothesis H0 : P2 = 0 as C(2) = 0. EViews uses 
the notation C(k) to denote the coefficient ¡ik. The order of the coefficients C(l), C(2), 
C(3),... is the order that they were specified in the Equation Estimation dialog box (and the 
order in which they appear in the regression output). 

Wald Test 

Coefficient restrictions separated by commas 

C{2) = 0 

Examples 

CU)=ö, C(3}-2"C(4) OK Cancel 

Clicking OK yields the output that appears below. You should note the following: 

1. The test is called a Wald test. The /-test and F-tests on the coefficients of regression 
equations belong to this class of tests. More details can be found on page 538 of the text. 

2. The Normalized Restriction (=0) in the bottom part of the table refers to the null 
hypothesis rearranged so that the right-hand side of the restriction in H0 is zero. In this 
particular example no rearrangement is necessary because the right-hand side of 
H 0 : P2 = 0 is already zero. 

3. Value and Std. Err. of the Normalized Restriction refer to the estimated value of the 
left-hand side of the rearranged H0 and its standard error. In this case these values are 
b2 =-7.907854 and se(Z>2) = 1.095993. 
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4. The calculated F- and %2 -values are approximately F = I2 = 52.06 . They are identical 
because there is only one restriction in H0 (J = 1). And they are equal to the square of 
the /-value for testing this hypothesis. That is, 

s e(Z>2), 

/-7.907854n 2 

1.095993 
= 52.06 

5. The degrees of freedom (df) are (1,72) for the F-test and 1 for the %2 -test. 
6. The reported /»-values for each of the tests are both 0.0000. Thus, we reject H0: P2 = 0 at 

all reasonable significance levels. 

J Wald Test: t e s i 

J Equation: BURGER_EQN values p-values 
f 

] Test Statistic Value / df Probability / 

j F-statistic 52.05971»/ 
Chi-square 52.05971" 

(1,72) 
1 

0.000% 
0.0000 ' 

Null Hypothesis Summary: b2 J i I 
/ 

Normalized Restriction (= 0) /Value Std. E r y ^ | 

i C(2) -7.907854 1.Q959S 

6.1.1b Using the formula for F 

To perform the test using the formula for F we need the quantities SSEU and SSER. We can read 
SSEU =1718.943 from the regression output: 

; R-squared 
Adjusted R-squared 
sj£..>gf, caajneasioo— 

Q u m squared resid 
Log likelihood 

t F-sfalsfc: 

0.448258 Mean dependent var 
0.432332 S.D. dependent var 
..4-8.8.6124 Akaike info criterion 
1718.94^ Schwarz criterion 

-2 :23'MS5 Hannan-Quinn criter. 
93 947RR Durhin-'A'atsnn stat 

77.37467 
6.488537 
6.049854 
6.142553 
6.086868 

,2 laaaaz. 

After estimation EViews stores this quantity as @ssr, short for "sum of squared residuals". Since 
the text uses SSR for "regression sum of squares", this notation can be confusing. Be careful! We 
can call it something more familiar by using the EViews command 

scalar sse_u = @ssr 

To find SSER we estimate the model under the assumption that H0: p2 = 0 is true. This model is 

SALES = p, + p 3 A D V E R T + e 
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Using EViews to estimate this model we find SSER = 2961.827 which can be read directly from 
the regression output. 

s,E, A regression m 
<Bum squared resid 2981 .827) Sc? 

LSglRSIihood " W 5 7 5 1 Ha 

To save this quantity using a convenient name, we use the EViews command 

scalar sse_r = @ssr 

Then, the required F-value is given by 

scalar f_val = (sse_r - sse_u)/(sse_u/(75-3)) 

A check of this calculated value shows it is the same as that obtained using EViews' test option. 

; • Scalar F_VAL = 52.05970978 

To finalize the test we need either the /»-value or the critical value. These values can be obtained 
using EViews commands for the F distribution function and the F quantile function. For the p-
value we have 

scalar pp = 1 - @cfdist(f_val,1,72) 

• Scalar PR = 4.423997834736-010 

For the critical value we have 

scalar fc = @qfdist(0.95,1,72) 
• Scalar FC = 3.97389699161 

Again, we are led to reject H0. Note that that the p-value is the same as that on page 121 of the 
text where a /-test was performed. Also the critical value is equal to the square of the t critical 
value: Fc = 3.9739 = ic2 =1.993462 

What about the %2 -test? The y2 -value is the same as the F, that is, y2 = 52.06. Its p and 
critical values can be found using EViews commands for the %2 distribution function and the %2 

quantile function. 

scalar chi_pee = 1 - @cchisq(f_val,1) 

• Scalar CHI PEE = 5.38347144641e-013 

scalar chic = @qchisq(0.95,1) 

• Scalar CHIC = 3.84145882061 

Note that the p-values from the F- and y2 -tests are different, although the test conclusion is 
clearly the same. 
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6.1.2 Testing significance: the model 

The F-test for testing the significance of a model is given special prominence in the regression 
output. In the context of Andy's Burger Barn the hypotheses for this test are 

H0 :p2 =0 and P3 =0 tf,:P2 * 0 and/or p3 * 0 

The null hypothesis is a joint one because there are 2 restrictions P2 = 0 and P3 = 0. The 
restricted model that assumes H0 is true is 

SALES = P, + e 

This model has no explanatory variables. Testing the significance of a model is equivalent to 
testing whether any of the explanatory variables influences the dependent variable. The sum of 
squared errors for the unrestricted model is the same as before, SSEu =1718.943. The sum of 
squared errors for the restricted model is equal to the sum of squared deviations of SALES around 
its mean, also known as the total sum of squares (TSS). This result holds because the restricted 
least squares estimator for P, is the sample mean for SALES. Note that TSS for a series y is given 
by 

T S S ^ i n - y f ^ y f - N y 2 

The EViews functions for y and ^ y f are @mean(.) and @sumsq(.), respectively. Using this 
information, a sequence of EViews commands that computes the required F-value and its /j-value 
are 

scalar tss = @sumsq(sales) - 75*(@mean(sales))A2 
scalar f_model = ((tss - sse_u)/2)/(sse_u/(75-3)) 
scalar p_model = 1 - @cfdist(f_model,2,72) 

which yield 

• Scalar FJVIODEL = 29.2478594797 

• Scalar P_MODEL = 5.04085662101e-010 

In practice there is no need to go through this sequence of calculations. The F- and p-values are 
automatically reported on the BURGER_EQN regression output. 

| R-squared 0.448258 Mean dependent var 77.37467 
Adjusted R-squared 0.432932 S.D. dependent var 6.488537 
S.E. of regression 4.886124 Akaike info criterion 6.049854 
Sum squared resid 1718.943 Schwarz criterion 6.142553 
i nfl likfiHhonfl -993 SfiPfi Hannan-Quinn criter. 6.086868 

/^statistic 29.24786s"' VDurbin-Watson stat 2.183037 
\Prob(F-statistic) o.oooooo ) 
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6.2 TESTING IN AN EXTENDED MODEL 

6.2.1 Estimating the model 

On page 140 of the text Andy's Burger Barn model is extended to also include the square of 
advertising expenditure as one of the explanatory variables. The new model is 

SALES = p, + p 2PRICE + p3ADVERT + ADVERT2 + e 

To estimate this model we begin by selecting Object/New Object and choose Equation from the 
menu of objects. We have named the equation EQN_6_11 in line with equation number on page 
141 of the text. 

Type of object feme for object' 

Equation Eqn_6_ l l 

Factor 
Graph 
Group 

The names of the series are entered in the Equation specification dialog box, with the dependent 
variable SALES, appearing first, followed by the constant C, then the explanatory variables 
PRICE, ADVERT and ADVERT2. Notice that it is legitimate to write simply advertA2 for 
ADVERT2. An alternative way is to define a new series, say 

series advert2 = advertA2 

and include advert2 as one of the explanatory variables. 

Equation spëdfication' 
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c<l)+c(2)*X. 

The Estimation settings remain as before with Least Squares being the Method and 1 75 for the 
Sample. 

Estimation settings 

Method LS - Least Squares (NLS and ARMA) 

Sample: 175 
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T h e f o l l o w i n g resu l t s appear . C h e c k t h e m aga ins t t h o s e on p a g e 141 o f the text . 

: Dependent Variable: SALES 
• Method: Least Squares 

Date: 11/27/07 Time: 12:55 
J Sample: 1 75 
; Included observations: 75 

¡ Coefficient Std. Error t-Statistic Prob. 

c 109.7190 6.799045 16.13742 0.0000 
PRICE -7.640000 1.045939 -7.304442 0.0000 

ADVERT 12.15124 3.556164 3.416950 0.0011 
ADVERTA2 -2.767963 0.940624 -2.942688 0.0044 

6.2.2 Testing: a joint H0, 2 coefficients 

Since adve r t i s ing a p p e a r s tw ice in the equa t ion , as ADVERT and as ADVERT2, to tes t w h e t h e r 

adver t i s ing has an e f f e c t on sa les w e need to test H0: P3 = 0 and p 4 = 0 aga ins t t he a l t e rna t ive 

H] :P 3 =¿0 and /o r P4 =¿0 , as desc r ibed on p a g e 142 o f the text . T h e nul l h y p o t h e s i s is ca l led a 

j o in t nul l h y p o t h e s i s b e c a u s e it con ta ins t w o res t r ic t ions . T o ge t E V i e w s to p e r f o r m the test g o to 

the E V i e w s w o r k f i l e a n d o p e n the e q u a t i o n o b j e c t E Q N _ 6 _ 1 1 . T h e n , se lec t V i e w / C o e f f i c i e n t 

T e s t s / W a l d C o e f f i c i e n t R e s t r i c t i o n s 

- Equation: EQN_6_11 Workfile: AN... _ • X 
ft View |[Proc ¡Object | (PrintfName ¡Freeze ] | Estimate ¡Forecast f Stats || Resids | 

' K Representations 

Estimation Output 

Actual,Fitted,Residual • 

ARMA Structure... > 

Gradients and Derivative?^• 

Covariance Matrix / 

' K Representations 

Estimation Output 

Actual,Fitted,Residual • 

ARMA Structure... > 

Gradients and Derivative?^• 

Covariance Matrix / it Std. Error t-Statis/c Prob. 

Coefficient Tests • j Confidence Ellipse... ^ j 

Residual Tests • | 

[ Stability Tests • i 

Residual Tests • | 

[ Stability Tests • i Omitted Variables - Likelihood Ratio... 

In the r e su l t ing W a l d T e s t d i a log b o x en te r the t w o res t r ic t ions C(3) = 0, C(4) = 0 and c l i ck O K . 

Coefficient restrictions separated by commas 

C(3)-0, C(4)=0 
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i Wald Test: 
j Equation: EQN_6_11 X2 = 2 xF 

: Test Statistic Value / • ' df Probability 

f F-statistic 8 .441350, / 
; Ch¡-square 16.8827Z 

f f (2,71) 
2 

0.0005 3 
0.0002 | 

Estimates and st. errors of LHS of null 
Null Hypothesis SunHqaiy " V restrictions 

Normalized Restriction (= f v 9s|ue Std. Err. { 

C{3) X 

C(4) 
% 12 .1512^ 

-2.767963 
^3 .556164 I 

u 940524 : 

The above output contains the following information. 

1. The Normalized Restriction (=0) in the bottom part of the table refers to the two 
restrictions in the null hypothesis rearranged so that their right-hand sides are zero. In this 
particular example no rearrangement is necessary because the right-hand sides are already 
zero and the left-hand sides are simply P3 and P 4 . 

2. Value and Std. Err. of the Normalized Restriction refer to the estimated values of the 
left-hand sides of the rearranged restrictions and their standard errors. The values are 
b3 = 12.151 and b4 = -2 .7680 , with standard errors se(è3) = 3.556 and se(ô4) = 0.9406 . 

3. The calculated/7- and %2-values for testing H0 are F = 8.441 and %2 =16.883. Because 

there are 2 restrictions, %2 = 2 x F . 

4. The degrees of freedom (df) are (2,71) for the F-test and 2 for the %2 -test. 

5. The reported /»-values for F- and %2 -tests are 0.0005 and 0.0002, respectively. Thus, we 

reject H0 : (33 = 0 and (34 = 0 at all conventional significance levels. 

6.2.3 Testing: a single H0, 2 coefficients 

On page 143-4 of the text both a /-test and an F-test are used to test whether ADVERT = 1.9 is 
the optimal level of advertising. We will show how EViews automatic commands can be used to 
perform F- and %2 -tests and how, along the way, information for the /-test is produced. 
Performing the /-test requires one to compute the standard error for a linear function of two 
coefficients. We illustrate how this value can be read from the EViews test output as well as how 
to calculate it from the EViews coefficient covariance matrix. 

The null and alternative hypotheses are 

/ / 0 : P 3 + 3 . 8 P 4 = 1 tf,:p3+3.8p4*l 

In the Wald Test dialog box the restriction in H0 is entered as 

I Coefficient restricïons'séparated By commas 

I C{3) + 3,8*€(4) = 1 
I ;. 



Further Inference in the Multiple Regression Model 119 

which produces the following test output 

Wald Test: 
Equation: EQN_6_11 

Test Statistic Value df Probability 

F-statistic 0.936195 
Chi-square 0.936195 

(1.71) 
1 

0.3365 
0.3333 

Estimate and st error of LHS of 
Null Hypothesis Summary: \ normalized null 

\ \ 

Normalized Restriction (=0) \ . Value\ Std. Err. 

-1 + C(3) + 3.8*C{4) 0.632976 0.654190 

To write H0 :(33 +3.8(34 = 1 as a Normalized Restriction (=0), EViews moves 1 from the right-

hand side to the left-hand side, giving the normalization H0 : - l + P3 + 3.8(34 = 0 . Value is an 

estimate of the left-hand side, namely, - l + 63 +3.86 4 =0 .632976 . Std. Err. refers to 

s e ( - l + b3 + 3.864) = 0.65419. It is calculated by EViews using the formula 

se(-1 + b3 + 3.864) = > / v a r ^ + 3 ^ ) 

= ^ / v a r ^ ) + 3.82 x va r ( ¿ J + 2 x 3 . 8 x c o 

The calculated F- and %2-values for testing H0 are F = %2 =0 .9362 . They are both the same 
because there is only one restriction. The degrees of freedom (df) are (1,71) for the F-test and I 
for the x 2 " t e s t - The reported ^-values for F- and y? -tests are 0.3363 and 0.3333, respectively. 
Thus, we do not reject H0 at a 5% significance level. The /»-values can be confirmed with the 
commands 

scalar p_f_o = 1 - @cfdist(0.936195,1,71) 
scalar p_chi_o = 1 - @cchisq(0.936195,1) 

Notice that the EViews output also gives enough information to perform a /-test. The required test 
value is given by 

Value 0.632976 w / = = = 0.9676 
Std. Err. 0.654190 

Because t2 = 0.96762 = 0.936 = F, for a two-tail test there is no need to consider both /-and F-
tests. Both give the same result. However, the information for the /-test is useful for one-tail tests 
as described on page 145 of the text. 
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6.2.3 a Standard error for a linear function of coefficients 

It is instructive to see how to compute the standard error se(b3 + 3.8 64) = 0.65419 from the least 
squares covariance matrix. After estimating equation (6.11) and saving it as the equation object 
EQN_6_11, the covariance matrix for the least squares estimates is stored as a symmetric matrix 
called eqn_6_11.@cov. A symmetric matrix is a square array of numbers where the values above 
the diagonal are equal to the corresponding ones below the diagonal. If the columns are made 
rows and the rows are made columns, we get the same array. A covariance matrix is always 
symmetric because co\(bk,be) - cov(bt,bk) for any two coefficients b, and bk. EViews refers to 
symmetric matrix objects as sym. Thus, to list the least squares covariance matrix in our workfile 
with the name covb, we use the command 

sym covb = eqn_6_11.@cov 

The command to compute var(&3 + 3.864) = var(/>3) + 3.82 x var(/?4) + 2 x 3.8x cov(/?3,b4) and save 
it in the workfile with name vee is 

scalar vee = covb(3,3) + 3.8A2*covb(4,4) + 2*3.8*covb(3,4) 

and the standard error, called se_o, is 

scalar se_o = @sqrt(vee) 

Following these steps will give the value se(b3 + 3.864) = 0.65419. 

6.2.3b Using restricted and unrestricted SSE 

On page 144 of the text, the F-value for testing the optimality of advertising expenditure is 
computed using SSEV and SSER. As we have seen, it is more easily computed using EViews 
automatic test option. Nevertheless, we will show you how the values for SSEfJ and SSER can be 
obtained. The value SSEU =1532.084 is located from the output for EQN_6_11. 

The value SSER =1552.286 is obtained by estimating the model 

(SALES - ADVERT) = p, +fi2PRICE + ADVERT2 - 3 . 8 x ADVERT) + e 

To estimate this model we use the following Equation specification. 

Equation specification 
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation ike Y=c{l)+c(2)*X. 

(sales-advert) = c(l) + c(2)*price + c(4)*(advertA2 - 3.3*advert) 

Take another look at this box. The way the equation is entered is very different from what we 
have seen so far. Before when we specified the equation we simply listed the dependent variable 
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followed by the constant and the explanatory variables. Here we have written out the equation in 
full using C(l), C(2) and C(4) to denote p,, P2 and P4 . This is another way that an equation can 
be specified in the Equation specification dialog box. It is convenient in this instance because of 
the way we have rearranged the equation. It produces the following output. 

Dependent Variable: SALES-ADVERT 
Method: Least Squares 
Sample: 1 75 
Included observations: 75 
(S,ALES-ADVERT) = C(1) + C{2)*P" 

coefficients not attached 
to variable names 

C(4)*(AD¥ERTA2 - 3.8*ADVERT) 

GaOTicient Std. Error t-Statistic Prob. 

C(1) • ̂  110.3590 6.763803 16.31611 0.0000 
C(2) « -7.603104 1.044780 -7.277227 0.0000 
C(4) -2.876515 0.933496 -3.081445 0.0029 

R-squared 
Adjusted R-squared 

jatjeateaawji.,». 
Sum squared resid 

•Itketrhopd"*1''"—-

0.480719 Mean dependent var 75.53067 
0.466295 S.D. dependent var 6.355780 

•ASA3221 Akaike info criterion 5.947873 
15'52.28?) Schwarz criterion 6.040573 

•-'¿¿ft 0 * f z Hannan-Quinn criter. 5.984887 

For testing purposes, the value SSER =1552.286 is of interest. However, notice also that the 
coefficients are listed as C(l), C(2) and C(4) instead of by the names of the variables to which 
they are attached. In this case there are not unambiguous variable names that can be attached to 
the coefficients. 

6.2.4 Testing: a joint H0, 4 coefficients 

The final example of a test using the extended hamburger model is on page 145 of the text. Here 
we are concerned with testing the joint null hypothesis 

H0 :P3 +3.8P4 =1 and p, + 6P2 + 1.9p3 + 3.6ip4 = 80 

They are entered in the Wald Test dialog box in the following way. 

Coefficient restrictions separated by commas 

C(l) + 6*C{2) + 1,9*C(3) +3.6i*C{4) = 80, 
C(3) +3.8*C(4) = 1 

In the output that follows EViews has written these restrictions in the normalized formats 
- 1 + P3 +3.8p4 = 0 and - 8 0 + p , + 6 p 2 + 1 . 9 p 3 + 3 . 6 1 p 4 = 0 . Note that the EViews output has 
abbreviated the latter of these two restrictions. Their estimated values and the corresponding 
standard errors found in the bottom part of the output are 

-I + Ô3 +3.864 =0.632976 se(&3 +3.864) = 0.65419 

-3.025963 se(Z>, + 6 b2 +1.9 b3 + 3.61 b4) = 0.917713 

As expected, the values for the restriction considered in the previous section have not changed. 

- 8 0 + Ä, +6b2 +1.9è3 + 3.61 £>4 
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Wald Test: 
Equation: EQN_6_11 

j Test Statistic Value dt Probability 

F-Statistic 5.741229 
Chi-square 11.48246 

(2, 71) 
2 

0.0049 
0.0032 

: 

Null Hypothesis Summary: 

Normalized Restriction (= 0) Value Std. Err. 

-80 + C(1) + 6*C(2) + 1.rC(3)... 
-1 + C(3) + 3.8*0(4) 

-3.025963 
0.632976 

0.917713 
0.654190 

The test values F = 5.7413 and %2 = 11.482, and their respective ^-values of 0.0049 and 0.0032, 
lead to rejection of H0 at a 5% significance level. 

6.3 INCLUDING NONSAMPLE INFORMATION 

The model used on page 146 of the text to illustrate the inclusion of nonsample information is the 
demand for beer equation 

HQ) = P, + P2 HPB) + P3 in (PL) + P4 In (PR) + P5 ln(/) + e 

where Q is quantity demanded, PB is the price of beer, PL is the price of liquor, PR is the price of 
remaining goods and services and I is income. The data are stored in the file beer.wfl. Before 
proceeding with estimation, we check the summary statistics in Table 6.1. Open the file, create a 
group of variables as described in Chapter 5, and select View/Descriptive Stats/Common 
Sample. 

Proc]|Object] [ p i n j ^ l F r e e z e j | S a m p i e i | i ^ [ i t S ] f i S ] È § Û Î 
Q j PB I PL 

i 1 
PR 

Mean 
Median 
Maximum 
Minimum 
Sid. Dev. 

56.11333 ; 3.080000 | 8.367333 
54.90000 3.110000 8.385000 
8170000 [' 4.070000 1 9.520000 
44.30000 1.780000 6.950000 
7.857381 ; 0.642195 0.769635 

1.251333 32601.80 
1.180000 32457.00 
1730000 1 4159300 
0.670000 J 25088.00 
0.298314 4541.966 

The nonsample information, that economic agents do not suffer from "money illusion", can be 
expressed as 

P 4 = - P 2 - P 3 - P 5 

Restricted least squares estimates of the coefficients that satisfy this restriction incorporate the 
nonsample information. 
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Several examples of restricted least squares estimation were given in the previous section. 
Each time we estimate a model assuming a null hypothesis is true we are finding restricted least 
squares estimates. In Section 6.2.4 we used the restrictions to rearrange the equation, and 
estimated the rearranged equation. The same thing can be done in this case. Indeed, the 
rearranged equation appears as (6.18) and (6.19) in the text. As an exercise, we recommend that 
you use EViews to estimate (6.18) and confirm the results presented in (6.19). 

To broaden your EViews experience, we will do it another way. Instead of estimating the 
rearranged equation, it is possible to simply substitute the restriction into the equation. EViews is 
smart enough to estimate it without you worrying about how to rearrange it. Substituting the 
restriction in to the equation yields 

HQ) = P, + P21 n(PB) + p3 In (PL) + (~P2 - P3 - P5 ) ln(PR) + P5 ln(/) + e 

This equation can be written into the Equation specification dialog box as follows 

Equation spedfertto--1 • •'•-'-' -—: — 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X. 

log{Q) = Gil) + C(2)1oq(PB) + C(3)*log{PL) + (-C(2)-C(3)-C(5))*log{PR) 
+ C(5)1ogffl 

Notice that the equation has been written in full. It is not just a list of variables. The resulting 
output follows. The values are consistent with those in equation (6.19) of the text. 

Dependent Variable: LOG{Q) 
Method: Least Squares 
Sample: 1 30 
Included observations: 30 
LOG(Q) = C(1) + C(2)*LOG(PB) + C(3)*LOG(PL) + (-C(2)-C{3)-C{5)) 

*LQG(PR) + C(5)*LOG(l) 

Coefficient Std. Error t-Statistic Prob. 

CCD -4.797798 3.713905 -1.291847 0.2078 
C(2) -1.299386 0.165738 -7.840022 0.0000 
C(3) 0.186816 0.284383 0.656916 0.5170 
C{5} 0.945829 0.427047 2.214813 0.0357 

The value for b'A can be retrieved using the command 

c(4) = - c ( 2 ) - c ( 3 ) - c ( 5 ) 

Checking the C object yields the complete set of estimates 

C1 
Lat 

R1 -4.797798 
R2 -1.299386 
R3 0.186816 
R4 0.166742 | 
R5 0.945829 

i i i i S Ê i « r. r> r, r, r, L™lj 
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6.4 THE RESET TEST 

In Section 6.6 of the text, an example that relates family income to husband's education, wife's 
education and number of children is used to illustrate the effects of omitted and irrelevant 
variables. Various equations are estimated, summary statistics are given, including the correlation 
matrix of the variables, and the RESET test is introduced as a device for discriminating between 
models. We will not dwell on how to estimate the various equations. To do so is straightforward 
given the material you have covered so far in Chapters 5 and 6. Finding the correlation matrix for 
the variables is new, and important. It helps explain the effect of omitted and irrelevant variables 
and it is useful for detecting collinearity, a topic considered in Section 6.7. However, at this point 
it is convenient to defer reproducing Table 6.2 on page 149 until the next section where we also 
consider the correlation matrix for the variables in a gasoline consumption example. In this 
section our current focus is on how to get EViews to compute test statistic values for the RESET 
test. The model we consider is 

FAMINC = p, + p 2HEDU + p JVEDU + p4£L6 + e 

where FAMINC is family income, HEDU is husband's education, WEDU is wife's education and 
KL6 is the number of children in the household who are less than 6 years old. To perform the 

RESET test we estimate this equation, obtain the predictions FAMINC, then estimate one or 
both of the following models 

FAMINC = p, + p 2HEDU + P 3WEDU + p4AX6 + y, FAMINC 2+ e 

FAMINC = p, + p 2HEDU + p 3WEDU + $AKL6 + y, FAMINC 2+ y 2FAMNC3+ e 

RESET tests are F-tests for H0: y, = 0 or H0: yl=0 and y2 = 0 . Rejection of either H0 implies 
the specification of the equation can be improved. The tests can be performed in the same way as 
the F-tests described earlier in this Chapter, but in this case EViews has special capabilities which 
require less effort. We will consider the special capabilities (the short way) as well as a long way 
that reinforces the fundamentals of the test. 

6.4.1 The short way 

Open the workfile edu_inc.wfl. Create an equation object called EQN_6_24. 

m m j p ,:: i j f f l : \data\evie... ; L_j u ¿K- : i 

fviewJProc¡Objectj [Print][Save|Details+/-| (showj[Fetch][store][Delete][Genr][Sampiel 
Range: 1 428 - 428 obs 

J Sample: 1 428 - 428 obs 
Display Filter: * 

H e 
0 famine 
0 hedu 
0 k l 6 
0 resid 
0 wedu 
0 xtra_x5 
0 xtra_x6 

New Object 3 
H e 
0 famine 
0 hedu 
0 k l 6 
0 resid 
0 wedu 
0 xtra_x5 
0 xtra_x6 

Type of object Name for object 

H e 
0 famine 
0 hedu 
0 k l 6 
0 resid 
0 wedu 
0 xtra_x5 
0 xtra_x6 

Equation eqn_6_24 

H e 
0 famine 
0 hedu 
0 k l 6 
0 resid 
0 wedu 
0 xtra_x5 
0 xtra_x6 Factor 

£kacib» — 
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Enter the variables in the Equation specification dialog box. 

"Eqjation s p e c i f i c a t i o n * * — ' — — " 
Dependent variable followed by list ofregressors induding ARMA 
and PDL terms, OR an explicit equation Ike Y-c(l)+c(2)*X. 

famine c becfu wedu W6 -AJ I 

The estimated equation, in line with (6.24) on page 150 of the text, is 

Dependent Variable: FAMINC 
Method: Least Squares 
Date: 11/28/07 Time: 12:55 
Sample: 1 428 
Included observations: 428 

Coefficient Std. Error t-Statistic Prob. 

C -7755.331 11162.93 -0.694739 0.4876 
HEDU 3211.526 796.7026 4.031022 0.0001 
WEDU 4776907 1061.164 4.501574 0.0000 

KL6 -14310.92 5003.928 -2.859937 0.0044 

With this equation open, go to View/Stability Tests/Ramsey RESET Test. 

' I Representations 
Estimation Output 
Actual, Fitted, Re sid u a; 
ARMA Structure-
Gradients and Derivative: 
Covariance Matrix 

Coefficient Tests 
Residual Tests 

Std. Error t-Statistic Prob. 

S.E, of regression 
Sum squared resid 

11162.93 -0.694739 0.4876/ 
j 796.7026 4.031022 O.OOQ 
l IftfilJAJ. _AJSM5Xi_ 

Cbow Breakpoint Test... 
Quandt-Andrews Breakpointyl'est... 
Chow Forecast Test... 
Ramsey RESET Test.,, 
Pecuisi e Estimates ÜLS onh; 

A dialog box will ask you for the number of fitted terms. Inserting 1 leads to the model with 

FAMINC2. Inserting 2 gives you the model with both FAMINC2 and FAMINC3 included. 

— — — — — — a 
Number of fitted terms: ; 1 1 

I OK I Cancel 
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Clicking OK gives detailed output from estimating the specified test equation. Because most of 
this output should be meaningful to you by now, we will focus just on the F- and /»-values for the 
tests. These values appear at the top of the output. 

Ramsey RESET Test: with 1 fitted term 

F-statistic 5.983983 Prob. F(1,423) 0.0148 

; Ramsey RESET Test: with 2 fitted terms 

i F-statistic 3.122582 Prob. F(2,422) 0.0451 

In both cases the null hypothesis of no specification error is rejected at a 5% level of significance. 
Improvements to the model should be possible. 

6.4.2 The long way 

After estimating the basic equation go to Forecast. 

E B K H 0 
[view]|procfobject] fprint|Name¡Freeze] [Estimate [Forecast |[ Stats ¡Resids | 

Dependent Variable: FAMING f 
Method: Least Squares 
Date: 11/28/07 Time: 12:55 1 
Sample: 1 428 > i 

Give the forecasts a name such as FAMINC_HAT. The Forecast sample is the same as the 
sample used for estimation, 1 428. 

Series names 
Forecast name; 

S.E. (optional): 

Forecast sample 

1428 

The series FAMINC_HAT will appear in your workfile. Estimate the equation with one fitted 
term. 

Equation specification 
Dependent variable followed by list of repressors including ARMA 
and PDL terms, OR an explicit equation like Y=c(l)-k:{2)*X, 

famine c hedu wedu kl6 faminc_hatA2 

In the output that follows, go to View/Coefficient Tests/Wald - Coefficient Restrictions. Insert 
c(5) = 0 as the hypothesis to test. The test result will agree with that obtained the short way. 

Coefficient restrictions separated by commas 

'•-' I 
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Now estimate the equation with two fitted terms. 

Equation specification -
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like Y=c{l)4ci2)*X. 

famine c hedu wedu U6 faminc_hatA2 faminc_hatA3 

In the output that follows, go to View/Coefficient Tests/Wald - Coefficient Restrictions. Insert 
c(5) = 0, c(6) = 0 as the hypothesis to test. The test result will agree with that obtained the short 
way. 

Coefficient restrictions separated by commas 

C(5) = 0,C{6)=0 

6.5 VIEWING THE CORRELATION MATRIX 

The matrix of correlations between explanatory variables is an important tool for assessing the 
sensitivity of results to inclusion or exclusion of variables and the likely causes of imprecise 
estimates. To obtain the correlation matrix for the variables in the file edu_inc.wfl, we begin by 
creating a group object containing those variables. Suppose that group has been created and, in 
line with page 149 of the text, we call it T A B L E 6 2 . 

List öf series, groups, and/or series expressions 

famine hedu wedu kl6 xtra x5 xtra x6 

• Name to ident jfy object • Name to ident jfy object 
24 characters maximum, 16 
or fewer recommended table_6_2 
24 characters maximum, 16 
or fewer recommended 

To view the correlation matrix of the variables in the group, go to View/Covariance Analysis. 

- Group: TABLE_6_2 Workfile: E DU_INC::Untitled\ _ • ! 

IIView|[Proc|[Object [Print¡Name¡Freeze| Default v . [Sort]|Transpose] |Edit+/-l|smpl+/-][Title[[sample] 

FGroup Members 

| Spreadsheet / 

1 Dated Data Table / 

Graph... / 

¡HEDU WEE m KL6 XTRA X5 XTRA X6 FGroup Members 

| Spreadsheet / 

1 Dated Data Table / 

Graph... / 

00000 12.00000 1.000000 11.01355 23 44492 I 
FGroup Members 

| Spreadsheet / 

1 Dated Data Table / 

Graph... / 

loooo 12.00000 0.000000 9.372190; 22.59274 

FGroup Members 

| Spreadsheet / 

1 Dated Data Table / 

Graph... / 
fcoooo 12.00000 1.000000 12.42620 23.16608 

FGroup Members 

| Spreadsheet / 

1 Dated Data Table / 

Graph... / loooo 12.00000 0.000000 10.25664 L 23.0177611 

Descriptive Stats ¡f • 
pooob 14.00000 1.000000 11.79830 25.61441] 

Descriptive Stats ¡f • poo 00 12.00000 o.oooooo 11.44620 24.16108 
I Covariance Analysis... ¡poooo 16.00000 o.oooooo 11.69595 i : 26.28512 

1 N-Wav Tab u latton... boooo 
feiSS-fiiiBSWIiiilSSii 

12.00000 0.000000 5.067864 
mmmmmmmmmmımmmimm 

16.52149 

In the Covariance Analysis dialog box that follows, you will find a large number of options. At 
present we are only interested in correlation presented as a single table. Our method is 
ordinary and we have a balanced sample. 
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Statistics 

Method: Ordinary 

Partial analysis 
Series or groups for conditioning:{optional} 

[ 3 Covariance 
0 Correlatioi 
• SSCP 
d l t-statistic 
• Probability j t f =0 

on» I I Ni 
^ S Ç s l 

C X . 

d j Number of cases 
[_j Number of obs, 

Sum of weights Options 
tick correlation^^. None 

Layout: j Single table 

Sample 

1423 

0 Balanced sample (listwise deletion) 

. Weight series: 

[Hd.f. corrected covariances 

ask for single table layout 
.adjustments: 

Saved results 
basename: 

OK Caned 

Clicking OK produces the following table. Check it against Table 6.2 on page 149 of the text. 

Covariance Analysis: Ordinary 
Date: 11/29/07 Time: 02:00 
Sample: 1 428 
Included observations: 428 

Correlation FAMINC HEDU WEDU KL6 XTRA X5 XTFîA X6 
FAMINC 1.000000 
HEDU 0.354684 1 OOOOOO 
WEDU 0.362328 0 594343 1.000000 

KL6 -0.071956 0 104877 0.129340 1.000000 
XTRÂ X5 0.289817 0 836168 0.517798 0.148742 1.000000 
XTRAJC6 0.351366 0 820563 0.799306 0.159522 0.900206 1.OOOOOO 

6.5.1 Collinearity: an exercise 

The final example in Chapter 6 is described on pages 154-5 of the text. It involves a model for 
gasoline consumption, used to illustrate the effects of collinearity. The data are stored in the 
workfile cars.wfl. Because the information provided in the text can all be obtained using EViews 
commands that we have covered earlier, this example is a good candidate for an exercise. Check 
your EViews skills by answering the following questions. 

1. Estimate the two equations on page 155 of the text. Check your estimates, standard errors 
and /»-values against those that are reported. 
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2. Consider the model 

MPG = p, + P 2CYL + fi3ENG + p4WGT + e 

Show that the test results for testing H0: p2 = 0 and P3 = 0 are 

Test Statistic Value df Probability 

F-statistic 4.298023 (2,388) 0.0142 
Chi-square 8.596046 2 0.0136 

3. Show that the RESET test result (with two-fitted terms) for this model is 

Ramsey RESET Test: 

F-statistic _ _ 18.26092 FfOb. F(2,336) 0.0000 | 

What do you conclude? 

4. Show that the correlation matrix for the variables is 

Correlation MPG CYL ENG WGT 
MPG 1.000000 
CYL -0.777618 1.000000 
ENG -0.805127 0.950823 1.000000 
WGT -0.832244 0.897527 0.932994 1.000000 

Keywords 

@cchisq covariance matrix Prob(F-statistic) 
@cfdist descriptive statistics p-value (Prob.) 
@cov df RESET test 
@mean fitted terms restricted least squares 
@qchisq forecast SSE: restricted 
@qfdist F-statistic SSE: unrestricted 
@sqrt F-test stability tests 
@ssr F-value sum squared resid 
@sumsq group sym 
chi-square statistic nonsample information symmetric matrix 
chi-square test normalized restriction testing significance 
collinearity null hypothesis: joint Wald coefficient restrictions 
correlation matrix null hypothesis: single Wald test 
covariance analysis 
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Nonlinear Relationships 

CHAPTER OUTLINE 
7.1 Polynomials 
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7.3 Interacting Dummy Variables 
7.4 Dummy Variables with Several Categories 

7.5 Testing the Equivalence of Two Regressions 
7.6 Interactions Between Continuous Variables 
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KEYWORDS 

7.1 POLYNOMIALS 

In microeconomics you studied "cost" curves and "product" curves that describe a firm. Total 
cost and total product curves are mirror images of each other, taking the standard "cubic" shapes 
shown in POE Figure 7.1. Average and marginal cost curves, and their mirror images, average 
and marginal product curves, take quadratic shapes, usually represented as shown in POE Figure 
7.2. The slopes of these relationships are not constant and cannot be represented by regression 
models that are "linear in the variables." However, these shapes are easily represented by 
polynomials. For example, if we consider the average cost relationship a suitable regression 
model is: 

AC = Pl+V2Q + V3Q2+e 

This quadratic function can take the "U" shape we associate with average cost functions. 
To illustrate we use a wage equation with wages a function of education and the worker's 

years of experience. What we expect is that young, inexperienced workers will have relatively 
low wages; with additional experience their wages will rise, but the wages will begin to decline 
after middle age, as the worker nears retirement. To capture this life-cycle pattern of wages we 
introduce experience and experience squared to explain the level of wages 

WAGE = p, + p 2EDUC + p 3EXPER + \\EXPER? + e 

130 
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To obtain the inverted-U shape, we expect P3 > 0 and P4 < 0 . 
In EViews open the workfile cps_small.wfl. Save it under a new name, wagechapO7.wfl. 

To estimate the wage equation with quadratic experience we enter the command 

Is wage c educ exper experA2 

This leads to the estimates 

Dependent Variable: WAGE 
Method: Least Squares 
Sample: 1 1000 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

c -9.817697 1.054964 -9.306195 0.0000 
EDUC 1.210072 0.070238 17.22821 0.0000 

EXPER 0,340949 0.051431 6.629208 0.0000 
EXPERA2 -0.005093 0.001198 -4.251513 0.0000 

R-squared 0.270934 Mean dependent var 10.21302 
Adjusted R-squared 0.268738 S.D. dependent var 6.246641 
S.E. of regression 5.341743 Akaike info criterion 6.192973 
Sum squared resid 28420.08 Schwarz criterion 6.212604 
Log likelihood -3092.487 Hannan-Quinn criter. 6.200434 
F-statistic 123.3772 Durbin-Watson stat 0.491111 

Interpretation in a model that is nonlinear in the variables requires some work. The effect of 
EDUC on expected WAGE is given by the coefficient 1.21. Each additional year of education is 
estimated to increase hourly wage by $ 1.21, holding all else constant. 

For experience, we must make use of POE equation (7.6). The marginal effect of experience 
on wage, holding education and other factors constant, is 

dEjWAGE) 
ÔEXPER 

• ß3 + EXPER 

We can evaluate this marginal effect at a particular level of EXPER, such as EXPER = 18. To do 
this in EViews, from within the regression (which we named WAGE_QUADRATIC) window, 
select View/Coefficient Tests/Wald-Coefflcient Restrictions 

Then 
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Gradients and Derivatives • 
Covarlartce Matrix Confidence Ellipse... 

E E R S S S ^ K 
Omitted Variables - Likelihood Ratio-
Redundant Variables - Likelihood Ratio.. 
Factor Breakpoint Test... 

Into the test dialog box enter the equation for the marginal effect of experience 

• Coefficient restrictions separated by commas 

c(3) +2*c{4)* 1S=0 

Examples 
C(l)-C, C(3)~2*C{4) OK Cancel 

Recall that EViews saves the most recent regression results in the coefficient vector called C, and 
denoted in the EViews workfile by the object 

i c 

Thus C(3) = bj, and C(4) = b4. The Coefficient restriction we have entered is the marginal effect 
set equal to zero. This command will not only test the hypothesis that the marginal effect is zero, 
but it also computes the marginal effect and also computes the standard error of the marginal 
effect so that interval estimates can easily be created. 

Wald Test: F-test of hypothesis 
m 

Test Statistic Value | df Probability 

F-staflstic 
CW-square 

93.10773 
93.10773 

(1, 996) 
1 

0.0000 
0 0000 

Null Hypothesis Summary: 

Normalized Restriction (= 0) Value Std. Err. 

C(3) + 36'C£45 0.157599 (ao issa f —«f 

Restrictions areiineai 

Calculated marginal effect 
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It may be useful to have a "picture" of the effect of experience on wage. Open a Group 
consisting of the variables EDUC, EXPER and WAGE. Do this by holding the Ctrl-key and 
clicking the series. Then double-click in the blue area. From the spreadsheet, click 
View/Descriptive Stats/Common Table 

EDUC EXPER WAGE 

Mean 13.28500 18.78000 10.21302 
Median 13.00000 18.00000 8.790000 
Maximum 18.00000 52.00000 60.19000 
Minimum 1.000000 0.000000 2.030000 
Std. Dev. 2.468171 11.31882 6.246641 

Note that experience ranges from 0 to 52 years. In the main EViews window click on Sample and 
in the dialog window enter 

Sample range pairs (or sample object to copy) 

153| 

Create a series X that will represent years of experience in a plot, 

series x = @trend 

Using the estimated regression coefficients we can calculate the predicted wages of a person with 
13 years of education ( E D U C = 13 is the median value) and experience X. The command is 

series w = c(1) + c(2)*13+c(3)*x+c(4)*xA2 

Now graph the series W against the series X. Select from the main menu Quick/Graph. Then in 
the Graph Options dialog choose XY Line. The result is a nice visual. 
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The maximum wage occurs when experience = - J3 3 /2p 4 . Open the saved regression 

W A G E Q U A D R A T I C . Select View/Coefficient Tests/Wald-Coefficient Restrictions 

d Test 
Coefficient restrictions separated by commas 

<(3) / (2*c(4))=0| 

Examples 

C(1)=Q, C(3)=2*C(4) OK Cancel 

This results in the calculation shown at the top of page 170 in POE. We estimate that the turning 
point in wages occurs at 33.47 years. Using the standard error Std. Err. we can compute an 
interval estimate if we choose. 

Normalized Restriction (= 0) Value Std. Err. 

-1 12 * C(3) / C(4) 33.47192 3.393876 

Save your workfile and close. 

7.2 DUMMY VARIABLES 

Dummy variables are binary 0-1 variables indicating the presence or absence of some condition. 
Open workfile utown.wfl containing real estate transaction data from "University Town." 

obs PRICE SQFT AGE UTOWN POOL FPLACE 

1 205.4520 23.46000 6.000000 0.000000 0.000000 1.000000 
2 185.3280 20.03000 5.000000 0.000000 0.000000 1.000000 
3 248.4220 27.77000 6.000000 0.000000 0.000000 0.000000 
4 154.6900 20.17000 1.000000 0.000000 0.000000 0.000000 
5 221.8010 26.45000 0.000000 0.000000 0.000000 1.000000 

Opening a Group (hold Ctrl click each series, double-click in blue) with the variables we see 
that PRICE, SQFT and AGE contain the usual type of values, but the rest are 0 ' s and l ' s . These 
are dummy variables. They are used in a regression just like any other variables. Estimate the 
POE equation (7.13). Use Quick/Estimate Equation or enter the command 

Is price c utown sqft sqft*utown age pool fplace 
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The result is 

Dependent Variable: PRICE 
Method: Least Squares 
Sample: 1 1000 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

c 24.49998 6.191721 3.956894 0.0001 
UTOWN 27.45295 8.422582 3.259446 0.0012 

SQFT 7.612177 0.245176 31.04775 0.0000 
SQFT*UTOWN 1.299405 0.332048 3.913307 0.0001 

AGE -0.190086 0.051205 -3.712291 0.0002 
POOL 4.377163 1.196692 3.657720 0.0003 

FPLACE 1.649176 0.971957 1.696758 0.0901 

R-squared 0.870570 Mean dependent var 247.6557 
Adjusted R-squared 0.869788 S.D. dependent var 42.19273 
S.E. of regression 15.22521 Akaike info criterion 8.290758 
Sum squared resid 230184.4 Schwarz criterion 8.325112 
Log likelihood -4138.379 Hannan-Quinn criter. 8.303815 
F-statistic 1113.183 Durbin-Watson stat 1.986480 
Prob(F-statistic) 0.000000 

7.2.1 Creating dummy variables 

Creating dummy variables is not exactly like creating any other variable. To create a dummy 
variable that is 1 for large houses, and zero otherwise we must decide what a large house is. The 
summary statistics for SQFT shows that the median house size in the sample is 2536 square feet. 
Because SQFT is measured in 100's of square feet, this is SQFT = 25.36. Suppose that houses 
larger than this size we take to be "large". On the workfile window click the Genr button and 
enter 

w m m w m m m JQI M O 

Enter equation Enter equation 

large = (sqft > 25.36)| j 

! s Ir-r- . . j ] 

What this does is create a new variable, LARGE, that takes the value 1 if the statement (sqft > 
25.36) is true for a particular observation, and zero otherwise. Looking the first few observations 
we can see that this has worked. 
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obs SQFT LARGE 

1 23.46000 0.000000 
2 20.03000 0.000000 
3 27.77000 1.000000 
4 20.17000 0.000000 
5 26.45000 1.000000 

Search for Help on Operators for more information. 
Save the workf i le as utown_chap07.wfl to maintain the original workfi le , and close. 

7.3 INTERACTING DUMMY VARIABLES 

To illustrate fur ther aspects of dummy variables, open cps smalLwfl. Save the file under the 
name cps_small_chap07.wfl. Est imate the wage equation given in POE on page 176. 

WAGE = p, + p 2EDUC + 8 ,BLACK + 6 2 FEMALE + y {BLACK x FEMALE) + e 

Use Quick/Est imate Equat ion or enter the command 

Is wage c educ black female black*female 

Save the regression results by naming them W A G E _ E Q N . 

Dependent Variable: WAGE 
Method: Least Squares 
Sample: 1 1000 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

c -3.230327 0.967499 -3.338841 0.0009 
EDUC 1.116823 0.069714 16.01998 0.0000 
BLACK -1.831240 0.895726 -2.044418 0.0412 

FEMALE -2.552070 0.359686 -7.095280 0.0000 
BLACK*FEMALE 0.587905 1.216954 0.483096 0.6291 

R-squared 0.248164 Mean dependent var 10.21302 
Adjusted R-squared 0.245141 S.D. dependent var 6.246641 
S.E. of regression 5.427245 Akaike info criterion 6.225728 
Sum squared resid 29307.71 Schwarz criterion 6.250266 
Log likelihood -3107.864 Hannan-Quinn criter. 6.235054 
F-statistic 82.10655 Durbin-Watson stat 0.480319 
Prob(F-statistic) 0.000000 
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In the regression results window, select View/Representations. The estimation equation is 

Estimation Equation: 

WAGE = C(1) + C(2)*EDUC + C(3)*BLACK + C(4)*FEMALE + C(5)*BLACK*FEMALE 

To test the hypothesis that neither race nor gender affects wage we formulate the null hypothesis 

H0 :5, = 0, S2 = 0, y = 0 

In the regression window, select View/Coefficient Tests/Wald - Coefficient Restrictions. Using 
the equation representation we see that it is the coefficients C(3), C(4) and C(5) that we wish to 
test. 

Wald Test [ X 

Coefficient restrictions separated by commas 

c{3) =G,c{4) =0,c(5) =0 

Examples 
c( l )=0, C(3)=2*C{4) OK K | | Cancel ] 

The result is 

Test Statistic Value df Probability 

F-statistic 20.20346 (3, 995) 0.0000 

Alternatively, to directly use the F-statistic, 

F _ (SSER-SSEU)/J 
SSEU/(N-K) 

we require the sum of squared least squares residuals from the unrestricted model and the model 
that is restricted by the null hypothesis. The WAGE regression is the unrestricted model in this 
case, and the SSEV is 

Sum squared resid 29307.71 

To obtain the restricted model we omit the variables BLACK, FEMALE and their interaction. Use 
the command 
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equation wage_r.ls wage c educ 

Recall that this notat ion assigns the name W A G E _ R to the regression object. Alternatively use 
Quick/Est imate Equat ion and then assign a name. The result is 

Dependent Variable: WAGE 
Method: Least Squares 
Sample: 1 1000 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

c -4.912181 0.966788 -5.080931 0.0000 
EDUC 1.138517 0.071550 15.91225 0.0000 

R-squared 0.202366 Mean dependent var 10.21302 
Adjusted R-squared 0.201566 S.D. dependent var 6.246641 
S.E. of regression 5.581693 Akaike info criterion 6.278859 
Sum squared resid 31092.99 Schwarz criterion 6.288675 
Log likelihood -3137.430 Hannan-Quinn criter. 6.282590 
F-statistic 253.1997 Durbin-Watson stat 0.391052 
Prob(F-statistic) 0.000000 

The "restr icted" sum of squared residuals is SSEr = 31092.99. Us ing these values the F = 20.20 
can be calculated. 

The critical value for the test comes f r o m an F-distr ibut ion with 3 numerator degrees of 
f r eedom and 995 denominator degrees of f reedom. The critical value is computed using @qfdist. 

scalar fc = @qfdist(.99,3,995) 

• Scalar FC = 3.80134470284 

7.4 DUMMY VARIABLES WITH SEVERAL CATEGORIES 

Open cps smallwfl. Save the file as wage_regions_chap07.wfl. Est imate the regression shown 
in Table 7.5 on POE page 178. On the command line enter 

equation regions.Is wage c educ black black*female south midwest west 

The result is on the next page. 
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Dependent Variable: WAGE 
Method: Least Squares 
Sample: 1 1000 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

C -2.455685 1.050990 -2.336544 0.0197 
EDUC 1.102462 0.069986 15.75256 0.0000 
BLACK -1.607664 0.903432 -1.779507 0.0755 

FEMALE -2.500920 0.359975 -6.947490 0.0000 
BLACK*FEMALE 0.646463 1.215208 0.531977 0.5949 

SOUTH -1.244281 0.479427 -2.595348 0.0096 
MIDWEST -0.499562 0.505628 -0.988003 0.3234 

WEST -0.546183 0.515398 -1.059732 0.2895 

R-squared 0.253458 Mean dependent var 10.21302 
Adjusted R-squared 0.248190 S.D. dependent var 6.246641 
S.E. of regression 5.416272 Akaike info criterion 6.224660 
Sum squared resid 29101.31 Schwarz criterion 6.263922 
Log likelihood -3104.330 Hannan-Quinn criter. 6.239583 
F-statistic 48.11340 Durbin-Watson stat 0.495517 
Prob(F-statistic) 0.000000 

Select V i e w / R e p r e s e n t a t i o n s in the r eg re s s ion w i n d o w . W e see that t he e s t ima t ion e q u a t i o n is 

Estimation Equation: 

WAGE = C(1) + C(2)*EDUC + C(3)*BLACK + C(4)*FEMALE + C(5)*BLACK*FEMALE + C(6)*SOUTH + 
C(7)*MIDWEST + C(8)*WEST 

Test the nu l l h y p o t h e s i s tha t the re a re n o r eg iona l d i f f e r e n c e s b y se lec t ing V i e w / C o e f f i c i e n t 
T e s t s / W a l d - C o e f f i c i e n t Res tr ic t ions . 

Ente r the nul l h y p o t h e s i s tha t c o e f f i c i e n t s 6, 7 and 8 a re zero . 

Wald Test 

Coefficient restrictions separated by commas 

Examples 
C(1)=0, C{3)=2*C{4) OK ^ Cancel 



140 Chapter 5 

The result is 

Wald Test: 
Equation: REGIONS 

Test Statistic Value df Probability 

F-statistic 2.345176 (3, 992) 0.0714 
Chi-square 7.035529 3 0.0708 

The F-statistic's /»-value shows that we reject the null hypothesis of no regional differences at the 
10% level of significance, but not at the 5% level. The Chi-square statistic is an alternative 
approach to the test. 

To construct the F-statistic directly we need the "unrestricted" sum of squared residuals in 
REGIONS model above. The "restricted" sum of squared errors comes from the model omitting 
the regional dummies. We obtained this result in Section 7.3. But it is easy to replicate them using 

equation regions_rest.ls wage c educ black female black*female 

7.5 TESTING THE EQUIVALENCE OF TWO REGRESSIONS 

The Chow test is illustrated using cps smalLwfl in Section 7.3.3 of POE. The WAGE model in 
POE equation (7.16) is obtained by interacting the variable SOUTH with the variables EDUC, 
BLACK, FEMALE and BLACKxFEMALE 

The estimation can be carried out using the command 

Is wage c educ black female black*female south educ*south black*south 
female*south black*female*south 

The result is shown on the next page. 
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Dependent Variable: WAGE 
Method: Least Squares 
Sample: 1 1000 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

c -3.577536 1.151332 -3.107301 0.0019 
EDUC 1.165847 0.082408 14.14719 0.0000 
BLACK -0.431165 1.348249 -0.319796 0.7492 

FEMALE -2.754044 0.425705 -6.469368 0.0000 
BLACK*FEMALE 0.067320 1.906318 0.035314 0.9718 

SOUTH 1.302260 2.114735 0.615803 0.5382 
EDUC*SOUTH -0.191725 0.154240 -1.243036 0.2141 
BLACK*SOUTH -1.744432 1.826695 -0.954966 0.3398 

FEMALE*SOUTH 0.911939 0.795976 1.145686 0.2522 
BLACK*FEMALE*SOUTH 0.542833 2.511154 0.216169 0.8289 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
F-statistic 
Prob(F-statistic) 

0.255731 
0.248965 
5.413481 
29012.71 

-3102.806 
37.79605 
0.000000 

Mean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwarz criterion 
Hannan-Quinn criter. 
Durbin-Watson stat 

10.21302 
6.246641 
6.225611 
6.274689 
6.244264 
0.499707 

Select V i e w / R e p r e s e n t a t i o n s to see the estimation equation 

Estimation Equation: 

WAGE = C(1) + C(2)*EDUC + C(3)*BLACK + C(4)*FEMALE + C(5)*BLACK*FEMALE + C(6)*SOUTH + 
C(7)*EDUC*SOUTH + C(8)*BLACK*SOUTH + C(9)*FEMALE*SOUTH + C(10)*BLACK*FEMALE*SOUTH 

To test the null hypothesis that wages for the SOUTH are no different from the rest of the country 
we test that coefficients 6-10 are zero. 

Wald Test 

Coefficient restrictions separated by commas 

c{6}=0, c(7)=0, c(8)=0, c(9)=Q, c(10)=0 
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The F-test statistic value is 

Wald Test: 
Equation: CHOW 

Test Statistic Value df Probability 

F-statistic 2.013212 (5,990) 0.0744 

Obtaining the regression for the SOUTH observations is obtained by selecting Quick/Estimate 
Equation. In the dialog box enter the equation and modify the Sample to include observations 
for which SOUTH = 1. 

Equation Estimation 

Specification jOptions! 

Equation specification 
Dependent variable Mowed by Üst ofregressors including ARMA 
and POL terms, OR an explicit equation İ te 'f=e:{l)*c{2|*X , 

To obtain the results for the NONSOUTH estimate the equation using the observations for which 
SOUTH =0. 

Equation Estimation 

Specification i Options 

'"Equa&nspedfeion — — ——- — — 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms., OR an explicit equation Ike Y=c(l)-fc{2)*X. 

wage e educ -plack female blaek*femak: | i 

[: OK [ Cancel ] 
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7.6 INTERACTIONS BETWEEN CONTINUOUS VARIABLES 

Open the workf i le pizza.wfl. Est imate the least squares regression of PIZZA on AGE and 
INCOME. 

Is pizza c age income 

N o w add the interaction of AGE and INCOME 

Is pizza c age income age*income 

Dependent Variable: PIZZA 
Method: Least Squares 
Sample: 1 40 
Included observations: 40 

Coefficient Std. Error t-Statistic Prob. 

C 161.4654 120.6634 1.338147 0.1892 
AGE -2.977423 3.352101 -0.888226 0.3803 

INCOME 0.009074 0.003670 2.472717 0.0183 
AGE*INCOME -0.000160 8.67E-05 -1.847148 0.0730 

R-squared 0.387319 Mean dependent var 191.5500 
Adjusted R-squared 0.336262 S.D. dependent var 155.8806 
S.E. of regression 126.9961 Akaike info criterion 12.62083 
Sum squared resid 580608.7 Schwarz criterion 12.78972 
Log likelihood -248.4166 Hannan-Quinn criter. 12.68189 
F-statistic 7.586038 Durbin-Watson stat 0.932029 
Prob(F-statistic) 0.000468 

The marginal effect of AGE is 

dE( PIZZA) I dA GE = p2 + p4 .INCOME 

To evaluate this marginal effect at INCOME = $25,000, select in the regression window 
View/Repesentat ions to see 

Estimation Equation: 

PIZZA = C(1) + C(2)*AGE + C(3)*INCOME + C(4)*AGE*INCOME 
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Then select View/Coefficient Tests/Wald - Coefficient Restrictions. 

Wald Test 

Coefficient restrictions separated by commas 

c(2) + 25000 *c(4)=o| 
• 

The Wald test results include the marginal effect, which we posed to EViews as a hypothesis, and 
its standard error. 

Null Hypothesis Summary: 

Normalized Restriction (= 0) Value Std. Err. 

C(2) + 25000*C(4) -6.982702 2.267797 

Save this workfile and close. 

7.7 LOG-LINEAR MODELS 

Regression equations with log-transformed dependent variables are common. To illustrate, open 
the workfile cps small.wfl. In EViews the function log creates the natural logarithm. The 
estimation equation can be represented as 

Is log(wage) c educ female 

The result (next page) is as shown on page 185 of POE. 
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Dependent Variable: LOG(WAGE) 
Method: Least Squares 
Sample: 1 1000 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

C 0.929036 0.083748 11.09319 0.0000 
EDUC 0.102566 0.006075 16.88240 0.0000 

FEMALE -0.252603 0.029977 -8.426577 0.0000 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
F-statistic 
Prob(F-statlstic) 

0.266837 
0.265366 
0.473814 
223.8265 

-670.4965 
181.4308 
0.000000 

Mean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwarz criterion 
Hannan-Quinn criter. 
Durbin-Watson stat 

2.166837 
0.552806 
1.346993 
1.361716 
1.352589 
0.524339 

T h e exac t ca l cu la t ion o f the e f f e c t o f g e n d e r on w a g e s looks c o m p l i c a t e d , bu t it is s i m p l e in 
E V i e w s . Se lec t V i e w / C o e f f i c i e n t T e s t s / W a l d - C o e f f i c i e n t Res tr ic t ions . In E V i e w s the 
e x p o n e n t i a l f u n c t i o n is e x p . T o m a k e the non l inea r ca lcu la t ion en te r it as a hypo thes i s . 

Coefficient restrictions separated by commas 

100*(exp(c(3)) -1)=0| 

' V • 

T h e resul t is 

Null Hypothesis Summary: 

Normalized Restriction (= 0) Value Std. Err. 

100 * (-1 + EXP(C(3))) -22.32240 2.328539 

Delta method computed using analytic derivatives. 

T h e ca lcu la t ed p e r c e n t a g e d i f f e r e n c e in w a g e s is - 2 2 . 3 2 % and E V i e w s c o m p u t e s a s t andard e r ro r 
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for this quantity by the "Delta method," which you will study in your graduate econometrics 
courses. 

The next example includes an interaction term 

In (WAGE) = p, + p 2EDUC + P 3EXPER + J(EDUC x EXPER) 

To estimate this model the command is 

Is log(wage) c educ exper educ*exper 

The approximate effect of another year of experience, holding education constant, is 

100(P3 +yEDUC)% 

Using the same approach, select View/Coefficient Tests/Wakl - Coefficient Restrictions and 
enter 

Coeffirient restrictions separated by commas 

100*(c(3) + 16*C(4)) = 0| 

V-.l', 

This yields the estimated benefit of another year of experience, 0.95%. 

Null Hypothesis Summary: 

Normalized Restriction (= 0) Value Std. Err. 

100 * (C(3) + 16*C(4)) 0.951838 0.215985 

Restrictions are linear in coefficients. 

Keywords 

@trend 
Chow test 
coefficient vector 
delta method 
dummy variables 
equation name.Is 

estimation equation 
exponential function 
interactions 
log function 
marginal effect 
nonlinear hypothesis 

operators 
polynomials 
representations 
sample range 
series 
Wald test 
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8.1 EXAMINING RESIDUALS 

In this chap te r w e re tu rn to the e x a m p l e c o n s i d e r e d in C h a p t e r s 2 to 4 w h e r e w e e k l y e x p e n d i t u r e 
on f o o d w a s re la ted to i n c o m e . D a t a in the f i le food.wfl w e r e u s e d to find the f o l l o w i n g least 
squares es t imates . 

Dependent Variable: FOOD_EXP 
Included observations: 40 

Coefficient Std. Error t-Statistic Prob. 

c 83.41600 43.41016 1.921578 0.0622 
INCOME 10.20964 2.093264 4.877381 0.0000 

W e are n o w c o n c e r n e d w i t h w h e t h e r the er ror v a r i a n c e fo r this e q u a t i o n is l ikely to v a r y o v e r 
obse rva t ions , a charac te r i s t ic ca l led he te roskedas t i c i ty . T o ca r ry ou t a p r e l im ina ry inves t iga t ion o f 
this ques t ion , w e e x a m i n e the least squa res res idua ls . I f t h e y inc rease w i t h inc reas ing i n c o m e , tha t 
sugges t s t he e r ro r v a r i a n c e inc reases w i t h i n c o m e . 

1 4 7 
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8.1.1 Plot against observation number 

There are a variety of ways in which EViews can be used to examine least squares residuals. Let 
us begin by checking the obvious ones. After estimating the equation and naming it ls_eqn, go to 
View/Actual, Fitted, Residual. At that point you will see a menu with the following options. 

Actual, Fitted, Residual Table 
Actual, Fitted, Residual Graph 
Residual Graph 
Standardized Residual Graph 

Check each of these options to get a feel for the different ways in which they convey information. 
As you might expect from the names of the options, each alternative presents information on one 
or more of the series actual, fitted and residual. In terms of the names of the series in your 
workfile 

actual = FOOD EXP 

fitted = FOOD EXP = 6, + b2INCOME 

resid =e = FOOD _ EXP - FOOD _ EXP 

The Standardized Residual Graph is a graph of e / a ; the residuals have been standardized 
(made free of units of measurement) by dividing by the estimated standard deviation of the error 
term. 

In each case the series are graphed against the observation number. As an example, consider 
the Residual Graph selected in the following way. 

LS E 
Print] Narne][Freeze| [Estimate][fotecastj[stats¡Resids] 

Representations 

Estimation Output 

Hf Actual,Fitted,Residual Table Actual,Fitted,Residual 
ARMA Structure... 

Gradients and Derivatives 

Covariance Matrix 

Actual,Fitted,Residual Graph 

Standardized Residual Graph 
¿i •-,{-. A 7 r, 

In the residual graph that follows it is clear that the absolute magnitude of the residuals has a 
tendency to be larger as the observation number gets larger. The reason such is the case is that the 
observations are ordered according to increasing values of INCOME, and the absolute magnitude 
of the residuals increases as INCOME increases. Given it is this latter relationship that we are 
really interested in, it is preferable to graph the residuals against income. Nevertheless, residual 
graphs like the one below are important for examining which observations are not well captured 
by the estimated model (outliers), and, in the case of time series data, for discerning patterns in 
the residuals. To help you assess which observations could be viewed as outliers, dotted lines are 
drawn at points one standard deviation ( d = 89.517 ) either side of zero. 
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8.1.2 Plot against an explanatory variable 

To graph the residuals against income we begin by naming the residuals and the fitted values. 

series ehat = resid 
series foodhat = food_exp - ehat 

Recall that these commands can be executed by typing them in the upper EViews window or by 
clicking on Genr and writing the equation to generate the series in the resulting box. Examples of 
these two alternatives for the first command follow. 

i mil EViews Student Ve 
File Edit Object View Proc 

series ehat = resid 

G 
Enter equation 

I ehat = resid 

Returning to our task of graphing the residuals, we create a graph object by going to Object/ 
New Object and selecting Graph. As a name for the graph, we chose EHAT_ON_INCOME. 

[view][Proc][object| [printfsave1[petails-t-/-] [shQw][Fetdi|storel[Delete][Genr][Sample 

(c:\data\eviews.. p i 

Range: 1 40 
Sample: 1 40 

B e 
0 ehat 
0 food_exp 
0 foodhat 
0 income 
• ls_eqn 
0 resid 

Typ e of object Name for object 

Graph 

Equation 
Factor 

Group 

ehat on income \ 
name for graph 

Filter: 

object 
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After clicking OK, you will be asked for the series that you want to graph. The one that is to go 
on the x-axis comes first. 

After clicking OK one more time, a graph object will appear in your workfile. 

WSÏtÊ^à • 
[View¡Proc¡Object] [Print][Save][Details+/-j [show][Fetchj[storeJ[Delete ¡Genr ¡Sample] I 
Range: 1 40 - 40 obs Display Filter:* 

H c (Jjyj ehat_on_incame) 0 foodhat 
0 ehat — 0 income 

[=l ls_eqn 
0 resid 

Double clicking on this object will open it. Be careful, however. It may not look like you 
expected! Unless told otherwise, EViews will assume you want both INCOME and EH AT 
graphed against the observation number. You need to tell EViews to change the graph so that 
INCOME is on the x-axis and EH A T is on the y-axis. Also, given that income is not measured in 
equally spaced intervals, dots are preferred to a line graph. With these factors in mind, open the 
graph and select Options. 

Graph: EHAT_ON_INCOME Workfile: .. 
[view fprocf Object] [Print][lMame ] [AddText¡Line/Shade¡Remove ] [template ¡Options ¡Zoom [ 

' J 

Then select Type/Scatter, click Apply, and click OK. 

Type f ^game Axis/Scale Legend |l Line/Symbol jj Fill Area BoxPlot Object Template 

Basic graph 

Line & Symbol 
Bar 
Spike 
Area 
Area Band 
Mixed with Lines 
Dot Plot 
Error Bar 
High low {Open-Close' 

Multiple series 
[I] Stack lines, bars, or areas 

choose type 

scatter digram 
used to plot dots 
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A nice looking scatter plot will appear. You can make it look even nicer by drawing a horizontal 
line at zero. Select Line/Shade. 

[ViewfPrec][object] [Print][Naroe] ¡AddTex^[^e/Shade][RemQve| [Templatie][option5][zi 

300 -

Fill in the resulting dialog box as follows. 

Clicking OK gives the required graph. Notice how the absolute magnitude of the residuals is 
larger for larger values of income, an indication of heteroskedasticity. 

< 
I UJ 

200-

1 0 0 -

-103-

- 2 ® -

° 8 
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û 
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nO 
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8.1.3 Plot of least squares line 

Another way to illustrate the dependence of the magnitude of the residuals on INCOME is to plot 
FOOD EXP and the least-squares estimated line against INCOME, as is displayed in Figure 8.2 
on page 200 of the text. To reproduce this figure, select Object/New Object/Graph and give the 
graph a name, say FIGURE 8 2. 

Type of object 

3 B 3 
Equation 
Factor 
M H M 
Group 

Name for object 

figure_8_2 

T h e re levan t three va r i ab l e s f o r t he g r a p h are INCOME, FOOD EXP and FOODHAT, w i t h 
FOODHA T being required to draw the least-squares estimated line. The x-axis variable INCOME 
is listed first. 

List o f series, groups, and'/or series expressions 

income food_exp fbodhat 

After clicking OK, a graph will appear in your workfile. Several adjustments are needed to this 
graph to convert it to the one we want. The process is slightly complicated because we want a line 
graph for FOODHAT, but we want dots or symbols for FOOD EXP. The strategy that we adopt 
is to ask for line graphs first, and then change the one for FOOD EXP to dots. With these points 
in mind, open the graph object FIGURE_8_2 and select Options/Type/XY Line. Click Apply. 

Gra ph Options 

M Typ« *- , Frame Axis/Scale Legend ' Ine/Symbol F i Area SoxPiot Object f Temptate 

B iacyaph tv i« 

/ 
/ 

Une & Symbol 
Bar 
Spike 
Area 
AreaSand. 
Mixed wiîh Unes 

HghHLow (Open Close) / 

/ 
/ / 

XY Area 
XY Bar (X-X-Y triplets) 
n i I Ap$y J 
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Then select Line/Symbol. The snapshot below shows you how you change the line for 
FOOD EXP to dots (symbols). No changes are needed for series #2, FOODHAT. It is already 
represented by the required line. Click Apply. Click OK. 

I f f l Œ i l i l S i a ¡ i i ä i 

1 -
Type J| Frame I Axis/Scale Legend • Une/Symbol Fi« Area jj BoxPlot Object 1 Template 1 ' 

Attributes 
Line/Symbol use # 

S H É v 1 

Color \ 2 

n n i v 
H 

Line pattern 

Line width 

3/4 pt V HH 

Symbol 

o o - o - o - V... 

Symbol size 

Medium V 

# Color saw 

change to 
"symbol only" 
for M actual 

food_exp 

91 FOOD EXP Apply ] [ OK 

The graph object FIGURE_8_2 will now appear as follows. Compare it with Figure 8.2 in the 
text. Other changes can be made. We could label the line, and we could change the legend, that at 
present appears in a box on the left of the graph. We suggest you experiment with these options. 
For labeling, select the button [AddText]. For changing the legend, go to Options/ Legend. You 
can also cut and paste it into a document using Ctrl+C followed by Ctrl+V. 

° FOOD_EXP 
FOODHAT 

600 

500 

400 

300 

200 

100 
0 4 S 12 16 20 24 28 32 36 

tMCOME 
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8.2 HETEROSKEPASTICITY-CONSISTENT STANDARD ERRORS 

One option for correcting conventional least-squares interval estimates and hypothesis tests that 
are no longer appropriate under heteroskedasticity is to use what are known as White's 
heteroskedasticity-consistent standard errors. These standard errors are obtained in EViews by 
choosing an estimation option. In the Equation Estimation box, click on the Options tab. 

Specification 

Equation specification 
Dependent variable followed by list of repressors including ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X, 

food_exp c income 

In the Options dialog box, the relevant "sub-box" is the one entitled LS & TSLS options. Select 
Heteroskedasticity consistent coefficient covariance followed by White. Click OK. 

LS Si TSLS options 

o1 Heteroskedasticity consistent 
L-J coefficient covariance 

0 White 

O Newey-VVest 

• Weighted LS/TSLS 
(not available with ARMA) 

Weight; OK 

In the output that follows there is a note telling you that the standard errors and covariance are the 
heteroskedasticity-consistent ones. By "covariance", it means the whole covariance matrix for the 
estimated coefficients. The standard errors are the square roots of the diagonal elements of this 
matrix. All test outcomes computed from this new object, including the Wald tests considered 
extensively in Chapter 6, will use the new covariance matrix. The least squares estimates remain 
the same. See page 202 of the text. 

Dependent Variable: FOOD_EXP ' 
Method: Least Squares 
Date: 11/30/07 Time: 00:31 
Sample: 1 40 
Included observations: 40 
White Heteroskedasticity-Consistent Standard Errors & Covariance 

Coefficient Std. Error t-Statistic Prob. I 
I 

c 83.41600 27.46375 3.037313 0.0043 . 
INCOME 10.20964 1.809077 5.643565 0.0000 
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8.3 WEIGHTED LEAST SQUARES 

In Section 8.3.1 of the text the regression error variance is assumed to be heteroskedastic of the 
form a 2 = a2xj where xi = INCOME\. Under this specification the minimum variance unbiased 
estimator for the regression coefficients (3, and P2 is the generalized least squares estimator. This 
estimator is also known as the weighted least squares estimator where, in this case, each 
observation is weighted by 

1 1 

INCOMET 

There are two ways to obtain the weighted least squares estimator, a short way and a long way. It 
is instructive to consider both. 

» 
8.3.1 A short way 

Weighted least squares is another Equation Estimation option, so our starting point is the same 
as that for the White standard errors, namely 

Specification Options 

Equation specification 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like Y=c{l)+c(25*5(. 

food_exp c income 

In this case, however, we select Weighted LS/TSLS from the LS & TSLS options. In the 
Weight box we type 1/sqr(income), where sqr is the EViews function for square root 

tion Est 

, Specification 

LS &TSLS options 
I—i Heteroskedasticity consistent 

coefficient covariance 
C* ? White 
< ) Mewey-West 

0 Weighted LS/TSLS 
(not available with ARMA) 

Weight: l/sqr(intome) 

insert 
weight 

Check the output that follows. You will discover that it coincides with that given on page 204 of 
the text. You can tell that weighted least squares is the estimation procedure from the line that 
says Weighting series: 1/SQR(INCOME). 
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Dependent Variable: FOOD_EXP 
Method: Least Squares 
Sample: 1 40 
Included observations: 40 
Weighting series: 1,'SQRflNCQME) * 

weight 

Variable Coefficient Std. Error t-Statistic Prob. 

C 78.68408 
INCOME 10.45101 

23.78872 
1.385891 

3.307621 
7.541002 

0.0021 
0.0000 

8.3.2 A long way 

The long way to obtain weighted least squares estimates is to transform each of your variables by 
dividing by V I N C O M E as described on page 203 of the text, and to then apply least squares 
without the weights. The variables can be transformed by creating new series, or by dividing each 
variable by V I N C O M E in the equation specification. If you choose to create new series, the 
following commands are suitable. 

series wt = 1/sqr(income) 
series ystar = food_exp*wt 
series x1star = wt 
series x2star = income*wt 

Enter these new series in the Equation specification box 

— r r r r r r r z r 

Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c{l)+c(2)*X. 

ystar xlstar x2star 

transformed variables 
Note: no constant 

Click OK. Observe that the resulting estimates are the same as those we obtained the short way. 

Dependent Variable: YSTAR 
Method: Least Squares 
Date: 11/30/07 Time: 02:27 
Sample: 1 40 
Included observations: 40 

Coefficient Std. Error t-Statistic Prob. 

X1STAR 78.68408 23.78872 3.307621 0.0021 
X2STAR 10.45101 1.385891 7.541002 0.0000 

An alternative way that avoids the need to define new series is to transform the variables within 
the Equation specification, as illustrated below. Try it. Check your output. 
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Dependent variable followed by list of regressors including 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*> 

food_exp/sqr{income) l/sqr(income) income/sqr(income) 

transformed variables 

8.4 ESTIMATING A VARIANCE FUNCTION 

The heteroskedastic assumption made in the previous section (of = o2x) can be viewed as a 
special case of the more general assumption a 2 = a 2 x] where y is an unknown parameter. Under 
this more general assumption y must be estimated before we can proceed with weighted or 
generalized least squares estimation. In line with Section 8.3.2 of the text (page 205), we first 
estimate a 2 and y and then proceed to generalized least squares estimation. 

8.4.1 Variance function estimates 

The equation for estimating a 2 and y is written as 

where ei are the least squares residuals, a , = ln (a 2 ) and a 2 = y . Recognizing that the ei were 

previously saved in the workfile food.wfl under the name EH AT, and that xt - INCOME, least 

squares estimates for a , and a 2 are obtained using the following Equation specification. 

ln(<?2) = a , + a 2 ln(.r() + v. 

Equation specification 
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c{2)*X. 

log(ehatA2) c logfincome) 

The resulting output coincides with the results on page 206 of the text. 

Dependent Variable: L 0 C V C L J Ä T A ^ 
Method: Least Squares 
Date: 12/01/07 Time: 04:54 
Sample: 1 40 
Included observations: 40 

C 
LOG (IN COME) 
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To proceed to generalized least squares estimation we need the exponential of the predictions 

from this equation, CT2 = exp (a , + a 2 In (INCOME^) or their square roots a , . It is instructive to 

consider two ways of computing them. The first is using the commands 

series sig2hat = exp(c(1) + c(2)*log(income)) 
series sighat = @sqrt(sig2hat) 

As long as the variance equation is the most recent regression model that has been estimated, in 
the first of these commands C(l) = a , and C(2) = a 2 

An alternative way of obtaining CT,. = sighat is to use the forecast option. In the window 

displaying the output from estimating the variance equation, click on [Forecast], in the resulting 
forecast window, you will see two possible series that can be forecast, EHAT and 
LOG(EHATA2). This choice has arisen because the dependent variable in the Equation 
specification was written as log(<?2), a transformation of the series e . EViews is giving you the 
option of forecasting the original series e or its transformed version log(e 2) . If you had defined 
the dependent variable as q = log(e2) via a series command, and then specified your dependent 
variable as q, EViews would not have been given you a choice. It would assume you want to 
forecast q. Writing the transformation as part of the equation specification is what leads to the 
choice. 

Now consider the two options. If you click LOG(EHATA2), EViews will give you the 
forecasts qt = l n ( d 2 ) . If you click EHAT, it will invert the transformation given in the Equation 

specification and give you the forecasts CT, = A/exp(^i.) . Since it is ct, that is needed to transform 

the variables in the generalized least squares procedure, we choose EHAT. We call the forecast 
series SIGHAT. 

Forecast equation 
VAR_EQN 

Series to fbrec^j 
©EHAT 

Series names 

Forecast name: 

S.E. (optional): 

¿V t'-o-i Jp 

Forecast sample 

two forecast options 

I 'M 

name forecasts 

Method 
Static forecast 
(no dynamics in equation) 

" » . » « ¿ « p o r e 
[ H Coef uncertainty in S.E. calc 

Output 

O Forecast graph 
CH Forecast evaluation 

0 Insert actuals for out-of-sample observations 

OK Cancel 
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8.4.2 Generalized least squares 

To obtain the generalized least squares estimates in equation (8.27) on page 207 of the text we 
can use EViews weighted least squares option, with weighting series cr"1 = 1/SIGHAT. The 
Equation specification and LS & TSLS options are given by 

Equation sjredtaSon 
Dependent variable 1 
and PDL terms, OR a 

foodjexp c income 

-LS &TSLS options •-- — 
r—I Heteroskedasticity consistent 
— coefficient covariance 

i j s f t i t e 
(_ J Newey-Wesi 

0 Weighted LS/T5LS 
{not available with ARMA) 

Weight: 1/sighat 

These selections yield the following output. 

Dependent Variable: FOOD_EXP 
| 

Method: Least Squares 
Date: 12/02/07 Time: 10:35 
Sample: 1 40 
Included observations: 40 j 

Weighting series: 1/SIGHAT I I 

Coefficient Std. Error t-Statistic Fr ob. 

C 76.05379 9.713489 7.029709 0.0000 
INCOME 10.63349 0.971514 10.94528 0.0000 

8.5 A HETEROSKEDASTIC PARTITION 

In Section 8.3.3 of the text we use data from the file cps2.dat to estimate the equation 

WAGE = p, + p 2EDUC + p 3EXPER + p..METRO + e 

We are hypothesizing that WAGE depends on education (.EDUC), experience (EXPER), and 
whether a worker lives in a metropolitan area (METRO = 1 for metropolitan area, METRO = 0 
for rural area). Three sets of estimates are obtained: (1) a least-squares regression on all 
observations, (2) two separate least-squares regressions, one for metropolitan workers and one for 
rural workers, and (3) a generalized least-squares regression that uses all observations, but which 
assumes the error variances for metropolitan and rural workers are different. This latter 
assumption is referred to as a "heteroskedastic partition". 
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8.5.1 Least-squares estimates: one equation 

No new features of EViews are required for single equation least-squares estimation of the wage 
equation. However, we report the equation specification and the output for completeness. 

Equation specification 

View]^roc|p5ect] (piint|Save [¡Details +/-] [show ¡Fetch |[storelDelete][Genrl[Sampie1 
Range: 1 1000 
Sample: 1 1000 

0 black 
E ] c 
0 educ 
0 exper 
0 female 
0 fulltime 
0 married 
0 metro 
0 resid 
0 south 
0 union 
0 wage 

Dependent variable followed by list ofregressors including ARM A 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X. 

Dependent variable '.VAGE 
Method: Least Squares 
Date: 11/30/07 Time: 14:21 
Sample: 1 1000 
Included observations: 1000 

Coefficient Std. Error t-Statistic Prob. 

C -9.913984 1.075663 -9.216631 0.0000 
EDUC 1.233964 0.069961 17.63782 0.0000 
EXPER 0.133244 0.015232 8.747835 0.0000 
METRO 1.524104 0.431091 3.535459 0.0004 

Check these results against those in equation (8.28) on page 208 of the text. 

8.5.2 Least-squares estimates: two equations 

To estimate two separate equations, one for metropolitan workers and one for rural workers, we 
use EViews to restrict the sample to the relevant observations. For the metropolitan observations, 
we change the sample by going to the Estimation settings box and specifying 

sample 1 1000 if metro = 1 

This instruction tells EViews to consider all 1000 observations, but to restrict estimation to those 
where metro = 1. 
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Equation specification 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like Y=c{l}+ci2)*%, 

wage c educ exper 

use only those observations 
/ where metro = 1 

Estimation settings 

Method: LS - Least Squares (NLC and ARMA) v 

Sample: 11000 if metro =1 

The results follow. Notice that EViews reminds you about the sample you have chosen and it also 
tells you how many observations satisfy the restriction that you imposed for their inclusion. We 
have 808 metropolitan observations. The estimates are consistent with those on page 209 of the 
text. Of particular interest are the standard deviation and variance of the error term, a M =5.641 

and g2
m =31 .824 . They are needed for the generalized least squares estimates in the next section. 

The value a M =5.641 is stored temporarily as @se; we can save it as se_metro using the 

command 

scalar se_metro = @se 

Dependent Variable: WAGE 
Method: Least Squares 
Date: 11/30/07 Time: 14:26 
Sample: 1 1000IFMETRO= 
Included observations: 808 

reduced sample for metro = 1 

o* =(5.641253)* = 31.824 

Coefficient p d . Error t-Statistic Prob. 

c -9.052478 h 1 8 9 4 5 6 -7.610603 0.0000 
EDUC 1.281714 / 0.079763 16.06910 0.0000 
EXPER 0.134560 / 0.017948 7.497370 0.0000 

R-squared 0.258183 / Mean dependent var 10.57802 
Adjusted R-squared 0.256340J ' S.D. dependent var 6.541667 
S.E. of regression 5.641257 Akaike info criterion 6.301795 

eJMQOSS 

The same steps are followed for the rural observations, but in this case we restrict the sample to 
those observations where metro = 0. 
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Equation specification 
Dependent variable followed by list of regressors including ARMA 
and PDL terms,, OR an explicit equation like Y=c(l)+c(2)*X. 

wage c educ exper 

use only those observations 
where metro = 0 

Estimation settings 

LS - Least Squares (N ES and ARMA) v 

11000 if metro =0^ 

The results below show that there are 192 rural observations. The standard deviation and variance 
of the error term are, respectively, =3 .904 and d 

the command 

scalar se_rural = @se 

Z.2 
R • 15.243 . We save the value for o R using 

Dependent Variable: WAGE 
Method: Least Squares 
Date: 11/30/07 Time: 23:27 
Sample: 1 1000 IF METRO=j 
Included observations: 192 

reduced sample for metro = 0 

(3.904227/ = 15.243 

Coefficient Sjá Error t-Statistic Prob. 

C -6.165855 /.898511 -3.247732 0.0014 
EDUC 0.955585 /0.133190 7.174608 0.0000 
EXPER 0.125974 / 0.024771 5.085538 o.oooo 

R-squared 
Adjusted R-squared 
S.E. of regression 

.. 

0.258748/ Mean dependentvar 8.676979 
0.25090* S.D. dependentvar 4.510933 
3.904227 Akaike info criterion 5.577498 

8.5.3 Generalized least-squares estimates 

For generalized least squares estimation we can use EViews weighted least squares option with 
the weighting series equal to CT^ for the metropolitan observations and for the rural 
observations. Thus, we create the series 

series weight = metro*(1/se_metro) + (1-metro)*(1/se_rural) 

The relevant equation and option specifications are 
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Équation specification 
Dependent variable follow 
and PDL terms, OR an exf 

wage c educ exper metro 

LS &T5LS options 
i—I Heteroskedasticity consistent 
— coefficient covariance 

( « 5 White 
Newey-West 

0 Weighted ISfTSIS 
(not available with ARMA) 

Weight: weight 

The following results can be checked against those on page 210 of the text. 

Dependent Variable: WAGE 
Method: Least Squares 
Date: 12/01/07 Time: 04:27 
Sample: 1 1000 
Included observations: 1000 
Weighting series: WEIGHT 

Coefficient Std. Error t-Statistic Prob. 

C -9.398362 1.019673 -9.217038 0.0000 
EDUC 1.195721 0.068508 17.45375 0.0000 
EXPER 0.132209 0.014549 9.087448 0.0000 
METRO 1.538803 0.346286 4.443740 O.OOOO : 

8.6 THE GOLDFELD-QUANDT TEST 

As tests for heteroskedasticity we consider a test known as the Goldfeld-Quandt test and a general 
class of tests based on an estimated variance function. The statistic for the Goldfeld-Quandt test is 
the ratio of error variance estimates from two sub-samples of the observations. If those estimates 
are a2 and , obtained from sub-sample regressions with (Nt -Kx) and (N2 -K2) degrees of 
freedom, respectively, then, under the null hypothesis H0: erf = CT2 , 

(N2-K2,N,-K,) 

If the alternative hypothesis is H x : a 2 * o 2 , and a 5% significance level is used, the test is a two-

tail one with critical values F(0975 N^_K Ni_Ki) and F(0025 N ^ K ^ N _ K ) • F° r a 5% one-tail test with 

/-/, : CTj > a , , the critical value is F{0.95tN2-K^Nl-Kly For / / , : CT? < a 2 , the numerator and 

denominator and degrees of freedom for the test can be reversed, or the critical value 
^(0.05 ,N2-K2,N,-K,)

 c a n be used. We consider application of this test to the wage equation and to the 

food expenditure equation as found on page 212 of the text. 
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8.6.1 The wage equation 

For the wage equation the two sub-samples are those for metropolitan and rural workers. Thus, 

we write = CT2
v/ and of = o~H and test H0: = oM against the alternative H{: a2

R^a2
M. Given 

that &M and &R have been earlier saved as SE_METRO and SE_RURAL, respectively, the 

value F = a2
M/a2

R =31.824/15.243 = 2.09, and its 5% upper and lower critical values FUC =1.26 

and FLC = 0.81, can be computed from the commands below. Note that NM - KM = 805 and that 

NR-KR=\S9. 

scalar f_val = (se_metro)A2/(se_rural)A2 
scalar fcrit_up = @qfdist(0.975,805,189) 
scalar fcri t jow = @qfdist(0.025,805,189) 

8.6.2 The food expenditure equation 

For the food expenditure example there are no two well defined sub-samples for a ] and <j22 . For 

convenience, and to improve our chances of rejecting H0 when Hx is true, we take af as the 

variance for the first 20 observations and as the variance of the second 20 observations. Since 

our alternative hypothesis is that a2 increases as INCOME increases, cf and o\ are not actual 

variances, but devices to aid the testing procedure. In our sample the observations are ordered 

according to the values of INCOME. Values of INCOME in the second half of the sample are 

larger than those in the first half of the sample. Thus, will tend to be greater than af when 

Hx is true, but similar when H0 is true. If your data are not ordered according to increasing 

values of INCOME, you can reorder them using the command 

sort income 

This command reorders all series in your workfile according the magnitude of INCOME. 
To use the first 20 observations to estimate o f , we restrict the Sample for estimation as 

shown below. 

r Equation specification: — — — — — — — - — - — - — — 
Dependent variable followed by list of regressors indudirig ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c{2)*X. 

fbod_exp c income 

first 20 observations 
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The value CT2 is obtained by squaring the value of S.E. of regression in the resulting output. We 
give it the name SIG1_SQ. 

scalar sig1_sq = @seA2 

Dependent Variable: FOOD_EXP 
Method: Least Squares 
Date: 12/03/07 Time: 13: 
Sample: 1 20 
Included observations: 20 

first half of sample 

of = (S9.78939)7 = 3574.8 

Coefficient Std. E r ro / t-Statistic Prob. 

c 72.96174 3 8 ^ 4 3 5 1.878794 0.0766 
INCOME 11.50038 2^07514 4.586367 0.0002 

R-squared 0.538873/ 'Mean dependentvar 240.1830 
Adjusted R-squared 0 51330$ S.D. dependent var 85.69849 
S.E. of regression 59.78939 Akaike info criterion 11.11417 
Sum squared resid . 64345,89 .1121375_„ 

A similar exercise is followed for the second half of the sample. 

Equation spedfication 
Dependent variable followed by list ofregressors including ARM A 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X, 

fbod_exp c income 

last 20 observations 
used to estimate ol 

Estimation settings 

Method: LS - Leasts uares (NLS and ARMA) " i ? 

2140 % 

Dependent Variable: FOOD_EXP 
Method: Least Squares 
Date; 12/03/07 Time_Ti^»--
Sample: 21 40 
Included observations: 20 

second haif of sample 

ó¡ = (113.6747f a 12921.9 

Coefficient Std. E r r o r / t-Statistic Prob. 

C 
INCOME 

-24.91465 
14.26400 

1 8 4 ^ 4 9 -0.134729 
7/25093 1.921054 

0.8943 
0.0707 ; 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 

0.170142, 
0.1240Jfi 
113.674? 
232594.7 

/fsiean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwarz. criterion 

326.9640 
121.4566 
12.39920 I 
12.49877 
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scalar sig2_sq = @seA2 

Then, the following two commands yield the required F-value as well as the 5% critical value to 
compare it against. 

scalar f_val = sig2_sq/sig1_sq 
scalar f_crit = @qfdist(0.95,18,18) 

8.7 TESTING THE VARIANCE FUNCTION 

There are a large number of alternative tests for heteroskedasticity based on an estimated variance 
function of the form 

e2 - a, + a2z2 + a3z3 h v a s z s + v 

where e2 are the squared least-squares residuals and z2,z3,...,zs are the variance equation 
regressors. EViews has the capability to automatically compute test statistic values for these tests 
as well as their corresponding /7-values. To locate this facility open the least-squares estimated 
equation and then select View/Residual Tests/Heteroskedasticity Tests. 

BUM t i o n : L S _ E Q N W o r k f i l e : F O O D : . . . [ T ] a 3 
¡¡Viewj[Proc]fObject] |PrintjName¡Freeze] [Estimate|Forecast]|stats]|Resids] 1 

•Representations 
Estimation Output 
Actual, Fitted,Residual 
ARMA Structure... 
Gradients and Derivatives 
Covariance Matrix 

Coefficient Tests 

H i 't i l l h m H H 
Stability Tests 

Std. Error 

43.41015 

t-Statistic 

Label 

Log l ikelihood 
F-statistic 

-235.50 

1 921578 / 0.0622 

Correlogram - Q-statistics 
Correlogram Squared Residuals 
Histogram - Normality Test 
Serial Correlation LMiJfest... 

M 
M B M m m I Heteroskedasticity Tests. 

A large number of possibilities - more than you have ever dreamed of - will appear. In line with 
p. 215 of the text, we will consider just two, the Breusch-Pagan test and the White test. We will 
also indicate where values for the tests described in Appendix 8B of the text can be found. 
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8.7.1 The Breusch-Pagan test 

The Breusch-Pagan test (also called Breusch-Pagan-Godfrey test to recognize that Godfrey 
independently derived the test at about the same time as Breusch and Pagan) can be selected from 
the Heteroskedasticity Tests dialog box as indicated below. You have the option of selecting the 
"z-variables". If you do nothing, EViews will automatically insert those in the mean regression 
equation. For future reference, inserting INCOME and INCOME2 leads to the White test 
example of the next section. 

Specification 

Dependent variable: RESIDE 

The Breusch-Pagan-Godfrey Test 
regresses the squared residuals on the 
original regressors by default. 

Regressors: 

Test type: 

,| Addetpätiö 
j regressors 

Heteroskedasticity Test: Breusch-Pagan-Godfrey 

F-statistic 3.603501 ^ 
i Obs*R-squared 7 384424^ 

Scaled explained SS 6.627301 

rProb. F(1,38) 
¿ W b . Chi-Square(l) 
T^robsQhi-Square(1 ) 

0.0057 
0.0066 i 
0.0100 Î 

Test Equation: 
Dependent Variable: RESIDA2 
Method: Least Squares 
Date: 12103/07 Time: 23:22 
Sample: 1 40 
Included observations: 40 

\ ^ equation (SB.2) 

\ ^ 7.3844 = 40 x 0.1846 

A equation (8B.6) 

Coefficient 1 yétd. Error t-Statistic Prob. 

C -5762.370 
INCOME 682.2326/ 

/ 4823.501 -1.194645 
232.5920 2.933172 

0.2396 ; 

0.0057 

R-squared 0.13461? Mean dependent var 7612.629 

c income 

x | P j 

\ 
\ "z-variables" 

OK Caned 
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The value of the chi-square statistic considered in the text is yj =NxR2 = 40 x 0.1846 = 7.38. Its 
corresponding/>value is 0.0066, leading to rejection of H 0 at a 5% significance level. The above 
screen shot shows where these values can be located on the output. There are also values for 
another two tests statistics on this output. If you are curious about where these values come from, 
read Appendix 8B. Using equations (8B.2) and (8B.6), you will discover 

„ (SST-SSE)/(S-1) (4 .61075xl0 9 - 3 . 7 5 9 5 6 x l 0 9 ) / l 0 £ M e r = = —. = 8.6035 
SSE/(N-S) 3.75956 x l 0 9 / 3 8 

2 SST-SSE 4 . 6 1 0 7 5 x l 0 9 - 3 . 7 5 9 5 6 x 1 0 " „ „ „ 
X = z = z = 6.628 

2CT! 2x89 .517 

8.7.2 The White test 

The White test is the Breusch-Pagan test with the z-variables selected as the x-variables and their 
squares, and possibly their cross-products. In our example there is only one x-variable, namely 
x = INCOME and so the z-variables are INCOME and INCOME2, and there are no possible 
cross product terms. In this case whether or not you tick the Include White cross terms box is 
irrelevant. 

'Specification 

Dependent variable: RESIDA2 

The White Test regresses the squared 
residuals on the the cross product of 
the original regressors and a constant. 

0 Indude White cross tErms 

Test type: 

Breusch-Pagan-Godfrey 
Harvey 
Glejser 
ARCH 

Custom Test Wizard. 

After selecting White and clicking OK, the output below appears. The value of the chi-square 
statistic considered in the text is yj = N x R2 = 40 x 0.18888 = 7.555 . Its corresponding p-value is 
0.0229, leading to rejection of H0 at a 5% significance level. Can you see where these values can 
be located on the output? The values for the other two tests statistics on this output come from 
equations (8B.2) and (8B.6) in Appendix 8B. After a little detective work, you will discover they 
are calculated as 

F _ (SST-SSE)/(S-1) = (4.61075xlQ9 - 3 . 7 3 9 8 9 x l Q 9 ) / 2 3 Q g 

SSE/(N-S) ~ 3.73989 x l 0 9 / 3 7 

2 SST-SSE 4 .61075x10 - 3 . 7 3 9 8 9 x 1 0 
X = n = z = 6.781 

20* 2x89 .517 
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Heteroskedasticity Test White 

F-statistic 
Qbs*R-squared 
Scaled explained SS 

4.307884, 
7.555079L 
6 .78107^ 

jProb. F(2,37) 0.0208 : 

*Rrob. Chi-Square{2) 0.0229 
\PrbtL Chi-Square(2) 0.0337 

Test Equation: 
Dependent Variable: RESIDA2 
Method: Least Squares 
Date: 12/03/07 Time: 23:35 
Sample: 1 40 
Included observations: 40 

\ ^ equation (8B.2'} 

\ ) 7.555 = 40 x 0.18888 

/ equation (8B.6) 

Coefficient 
/ 

/ Std. Error t-Statistic Prob. 

C 
INCOME 

INCOMEA2 

-2908.78/ 
291.74/7 
11.16/29 

8100.109 -0.359104 0.7216 
915.8462 0.318553 0.7519 , 
25.30953 0.441150 0.6617 

R-squared 0.188877 Mean dependentvar 7612.629 

Keywords 

@qfdist 
@se 
@sqrt 
actual 
add text 
apply 
Breusch-Pagan test 
covariance matrix 
estimation settings 
fitted 
forecast 
forecast name 
F-test 
generalized least squares 
Goldfeld-Quandt test 

graph object 
heteroskedastic partition 
heteroskedasticity tests 
least squares line: plot 
legend 
line/shade 
line/symbol 
LS & TSLS options 
options: graph 
outliers 
plots 
resid 
residual graph 
residual tests 
residuals 

sample 
scatter 
sort 
standard errors: White 
standardized residual graph 
transformed variables 
type: graph 
variance function 
variance function: testing 
weight 
weighted least squares 
weighted LS/TSLS 
White cross terms 
White test 
XY line 
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Dynamic Models, Autocorrelation 
and Forecasting 

CHAPTER OUTLINE 
9.1 Least-Squares Residuals: Sugarcane Example 

9.1.1 Correlation between et and e M 

9.2 Newey-West Standard Errors 
9.3 Estimating an AR(1) Error Model 

9.3.1 A short way 
9.3.2 A long way 
9.3.3 A more general model 
9.3.4 Testing the AR(1) error restriction 

9.4 Testing for Autocorrelation 
9.4.1 Residual correlogram 
9.4.2 Lagrange multiplier (LM) test 
9.4.3 Durbin-Watson test 

9.5 Autoregressive Models 
9.5.1 Workfile structure for time series data 
9.5.2 Estimating an AR model 
9.5.3 Forecasting with an AR model 

9.6 Finite Distributed Lags 
9.7 Autoregressive Distributed Lag Models 

9.7.1 Graphing the lag weights 
KEYWORDS 

Chapter 9 is the first chapter in the text devoted to some of the special issues that are considered 
when estimating relationships with time series data. Time provides a natural ordering of the 
observations not present when using random cross-section observations, and it leads to dynamic 
features in regression equations. EViews has many options for handling such features. This 
chapter introduces some of those features. 

9.1 LEAST-SQUARES RESIDUALS: SUGARCANE EXAMPLE 

The first example considered in Chapter 9 is an area response model for sugarcane in Bangladesh 
where area sown to sugarcane A is related to price P by the equation 

l n ( 4 ) = p i + p 2 l n ( ^ ) + e, 

170 
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In contrast to earlier chapters where the index used for the observations was mainly i, here we use 
the index t to denote time-series observations. We have 34 annual observations stored in the file 
bangla.wfl. The Equation specification and resulting least-squares output are 

0 a 
E c 
[=1 ls_eqn 
0 P 
0 resid 

Equation specification 
Dependent variable fbflowed by list of regressors indudir 
and PDL terms, OR an explicit equation like Y=c{l)+c(2):

; 

log{A) c log{P) 

Dependent Variable: LOG(A) 
Method: Least Squares 
Sample: 1 34 
Included observations: 34 

Variable Coefficient Std. Error t-Statistic Prob. 

C 3.893256 0.061345 63,46436 0.0000 
LOG(P) 0.776119 0.277467 2.797154 0.0087 

We are interested in examining the residuals from this estimated equation, as displayed in Table 
9.1 on page 233 of the text. Various ways of examining the residuals were described at the 
beginning of Chapter 8. As a first step for this example, we save them and then check them 
against the values that appear in Table 9.1. The command series ehat = resid saves the residuals 
as EHAT. To view them double click on EHAT and select View/SpreadSheet. The first and last 
8 values are as follows. 

EHAT ft*. «KSBS„ ... 

26" -0.137079 
1 -0.303029 27 -0.6514141 I 
2 0254437 28 -0.218325 
3 0.181515 29 0.136647 M 
4 0.503053 30 0.121095 M 
5 0.275078 31 -0.039715 
6 -0.115483 32 -0.048179 J 
7 -0.437147 33 0.182829 
8 -0.423488 34 0.183576 

A plot of the residuals against time can indicate whether positive residuals tend to follow positive 
residuals and negative residuals tend to follow negative residuals - a sign of positive 
autocorrelation. To obtain the plot in Figure 9.3 open the least-squares estimated equation and go 
to View/Actual, Fitted, Residual/Residual Graph. The following graph appears. 
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LQS<A; Residuals 

To save this graph in your workfile, click on [Freeze 1 and then ftame] and enter a suitable name. 

Name to identify ob j i c t 
24 characters maximum, 16 
or fewer recommended figure_9_3 
24 characters maximum, 16 
or fewer recommended 

There are other ways to create this graph. For example, you could open the series EHAT and then 
select View/Graph/Basic graph/Line & Symbol. Clicking OK will produce the graph. If you 
then follow up by clicking [Freeze], you will be able to edit and save the graph. 

9.1.1 Correlation between e( and e M 

The sample correlation between the least squares residuals et and their lagged values e M , is an 
important quantity for assessing whether or not the equation errors are autocorrelated. To 
compute this quantity we begin by creating the variable and giving it the name EHAT_1. 
The EViews command is 

series ehat_1 =ehat(-1) 

Writing ehat(-1) has the effect of lagging the observations in EHAT by one period. To appreciate 
how lagged observations are stored, we create a group containing EHAT and EHAT_1 and 
examine the first few observations in the spreadsheet. They are illustrated on the following page. 
Notice what has happened. The 2nd observation for EHAT_1 is e,, the 3rd observation is e 2 , and 
so on. Because there is no observation e 0 , the first observation on EHAT_1 is "not available" 
and is recorded as NA. When asked to perform calculations that include this first observation, 
EViews will omit it. 

— S S E H o l T O i B 

[vjewjproc : amefFreeze] ¡Default 
obs EHAT EHAT 1 

1 -0.303029" . NA 
* -0.303029 2 0.254437 

. NA 
* -0.303029 

3 0.181515, . 0.254437 
0.181515 4 0.503053 

. 0.254437 
0.181515 

5 0.275078 0.503053 
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Now consider the first-order correlation r, given in equation (9.18) on page 234 of the text 

r _ i L ^ - i 
1 Y r ¿2 

The numerator and denominator of this quantity can be computed using the following commands 

series eel = ehat*ehat_1 

scalar sum eel = @sum(ee1) 

series e1e1 = ehat_1*ehat_1 

scalar sum_e1e1 = @sum(e1e1) 

We have created two new series, elel_l and e]_x, and then found their sum. The first observation 

in each of the series EE1 and E1E1 will be NA. The values obtained for their sums are 

Z L ^ r - i =1-196874 and X L ^ - i = 2.997871, leading to a value for r, of 

1-196874 
r, = 0.399 

2.997871 

This value differs slightly from that reported in the text which is rx = 0.404. The text value was 

obtained using the EViews command 

scalar r1_text = @cor(ehat, ehat_1) 

where @cor(x1,x2) is the EViews function for computing the correlation between two series X I 
and X2. The reason for the discrepancy is that, after omitting the first observation (or the last 
observation), the sample mean for et is no longer zero. The formula used by the @cor function is 

where e{_l} is the sample mean of the e t , with the first observation excluded and e[_T] is the 

sample mean of the e t , with the last observation excluded. In general the difference between the 

two alternative formulas will be slight and it disappears as the sample size gets larger. 

If having two different formulas for rx worries you, it may help to remember that they are 

simply two alternative estimators for the population correlation between the error and its lag 

E{e,e,_x) 
P E(e;) 

Having different estimators for the same population quantity is not unusual. The least squares and 
generalized least squares estimators in Chapter 8 are examples. 
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Now that you are comfortable with the idea of two estimators for the same population 
quantity, it is convenient to introduce one more. A 3rd estimator for p is relevant later in this 
chapter when we explain how EViews computes a sample correlogram. When sample size is 
large, the difference between it and the other estimators will be negligible. Its formula and value 
for the sugarcane residuals are 

Notice that the denominator includes all observations on e . We can use EViews to compute this 
version of rx as follows. 

series ee = ehat*ehat 

In Chapter 8 when studying heteroskedasticity, we saw how least squares could be used instead 
of generalized least squares as long as we used White standard errors. A similar option exists for 
regression models with autocorrelated errors. In this case the standard errors are called Newey-
West or HAC standard errors, with HAC being an acronym for heteroskedasticity-autocorrelation 
consistent. To compute the Newey-West standard errors for the sugarcane example, as reported 
on page 235 of the text, we choose Options in the Equation Estimation window. Then, in the 
Options window, go to the LS & TSLS options section, tick the Heteroskedasticity consistent 
coefficient covariance box, and select Newey-West. The Newey-West standard errors are 
consistent under both heteroskedasticity and autocorrelation. 

= 1-196874 

y r ê2 3.031571 ¿—it=l I 
= 0.395 

scalar sum_ee=@sum(ee) 

scalar r1 c = sum eel/sum ee 

9.2 NEWEY-WEST STANDARD ERRORS 

LS a. TSLS options 
Heteroskedasticity consistent 
coefficient covariar^° 

Equation specification 
Dependent variable followei 
and PDL terms, OR an expli« 

O White 
® Newey-West 

• Weighted LS/TSLS 
{not available with ARMA) 

log(a) c logfp) Weight; 

The least-squares output with the corrected standard errors follows. Notice that Eviews has a note 
to tell you that it has calculated Newey-West standard errors. 



Dynamic Models, Autocorrelation and Forecasting 175 

Dependent Variable: LOG(A) 
Method: Least Squares 
Sample: 1 34 
Included observations: 34 ^ 
Newey-West HAG Standard Errors^, Covariance (lag t runcat ion^) 

Variable Coefficient Std. Error t-Statistic Prob. 

C 3.893256 0.062444 62.34761 0.0000 
LOG(P) 0.776119 0.378207 2.052102 0.0484 

9.3 ESTIMATING AN AR(1) ERROR MODEL 

Continuing with the sugar cane example, we are interested in estimating the supply equation 
under the assumption that the errors follow an AR(1) model. These two components of the model 
can be written as 

l n ( 4 ) = p i + p 2 l n ( ^ ) + e , e, = pe,_, + v, 

The main parameters to be estimated are (3,, P2 and p . There are two error variances, a 2 and 
a 2 . The procedures we describe provide an estimate for a2

v. Once we have estimated p and cr2, 
we can always estimate a 2 from the relationship cr = a 2 J ( \ ~ p 2 ) . It is instructive to consider 
two ways of obtaining the nonlinear least squares estimates reported in equation (9.25) on page 
237 of the text. The short way is to simply tell EViews to assume an AR(1) error in the Equation 
specification box. The long way is to write equation (9.24) in the Equation specification box. 

9.3.1 A short way 

To estimate a model with an AR(1) error we begin, as usual, by selecting Object/New Object/ 
Equation. After giving the equation object a name and clicking OK, the Equation specification 
box appears. Then, as before, you enter the names of the series that are in the equation, but this 
time you also add AR(1) to tell EViews the errors follow an AR(1) model. 

Equation'spetificatian 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c(2}*X. 

log{a) c log{p) AR(1> 

Tells EViews to assume 
the error is an AR(1) 

You will notice several new features in the output that follows. 

1. An estimate p = 0.42214 is provided next to the name AR(1). 

2. The S.E of regression is the estimate <rv = 0.2854 . 
3. The lagged variables in the equation lead to a loss of one observation. EViews 

automatically changes the Sample from 1 34 to 2 34, and reports that 33 observations are 
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included. If why this happens is not clear to you, be patient. More will be said about how 
the lagged variables lead to one less observation when we move on to the "long way". 

4. The note Convergence achieved after 7 iterations appears because of the nature of the 
nonlinear least squares estimator. This estimator is not a formula that calculates the 
required numbers. It is an iterative procedure that systematically tries different parameter 
values until it finds those that minimize the sum of squared residuals. The 7 iterations 
refer to the 7 different sets of parameters tried before it reached the minimum. If it fails to 
reach the minimum, the note will say convergence not achieved. 

[ Dependent Variable: LOG(A) ¡ag ¡eads to one ¡ess observation 
Method: Least Squares 
Date: 12/06/07 Time: 1 3 : 0 0 ^ ^ nonlinear estimator iterates 

: Sample (adjusted): 2 ; 
Included observations: 3Xafter adjustments 
Convergence achieved after 7 i tera t ions4ç^*^ P CT v 

Coefficient Std. Error / i f f l s f c ' ' Prob. 

C 
LOG(P) 
AR(1) 

3.898771 
0.888370 
0.422140 ^ 

0.09^165 
J f İ 5 9 2 9 9 

^ 0.16604if 

4 ^ 1 9 7 
^•1426048 

2.542284 

0.0000 
0.0018 
0.0164 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared re s Id 

0.277777 
0.229629 
0.285399^ 
2.443575 

Mea^roependentvar 
Siff. dependent var 

"sAkaike info criterion 
Schwarz criterion 

3.999309 
0.325164 
0.416650 
0.552696 

9.3.2 A long way 

An alternative way of writing the AR(1) error model is 

H A ) = p, (1 - p) + p2 l n t f ) + p ln(4_,) - pP2 ln(/>_,) + v, 

See page 236 of the text for a derivation of this result. We have made the substitutions 
yt=HA) and xt =ln(Z^). Using C(l) = p,, C(2) = P2 and C(3) = p , this equation can be 
estimated by writing it directly into the Equation specification window. 

*Equa taTspedfka tion 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like 'f=c(l)+c(2)*X. 

iog(a) = c(l)*(l-c(3)) +c(2)1og(pj + c(3)1og(a(-l)5 - c(2)xc(3)1og(p{-l)) 

A(-1) and P(-1) means A 
and P lagged one period 

Can you see what is different? Instead of writing in the name of the dependent variable followed 
by the explanatory variables, we have written out the whole equation. Also, the EViews notation 
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for 4 - i a ° d is a(-1) and p(-1), respectively. What would happen if we tried to estimate the 

equation using 

log(a) c log(p) log(a(-1)) log(p(-1)) 

We would obtain estimates for 4 coefficients, one associated with each of the series c, log(p), 
log(a(-1)), and log(p(-1)). In our case we only have 3 coefficients, and there is not an obvious 
way of associating them with each variable. This is the reason for writing out the equation in full. 
In general, equations which are nonlinear in the coefficients or that involve restrictions on the 
coefficients need to be written out in full. 

It is useful to examine the lagged variables AL_L - a(-1) and PT_X =p(-1) in more detail. The 

following spreadsheet contains the first 5 observations on A,, AT_,, PT and PT_X. Notice that 

lagging has the effect of making the first observations for AT_X and PT_X not available. 

Accordingly, EViews omits it when carrying out estimation. 

obs " A ~ A(-1) P wm 
1 28.96000 NA 0.749000 NA| 
2 67.81000 28.96000 1.093000 0.749000« 
3 55.15000 67.81000 0.920000 1.093000^ 

j 4 7B.62000 55.15000 0.960000 0.920000 
60,15000 . ._, 78,62.0QQ. .......OJ.12.QOfl, L j â M i f i s a J 

The output appears below. The first thing you should notice in this output is that the results are 
identical to those obtained the "short way". The equation specifications for the short way and the 
long way are two different ways of telling EViews to do the same thing, namely, find values for 
P, , P2 and p that minimize 

£ vf = £ ( l n ( 4 ) - p, (1 - p) - p2 In (PT) - p ln(4_,) + pP2 ln(/?_, ))2 

1=2 1=2 

Notice also that the sample has been adjusted to omit the first observation, convergence took 13 
iterations in this case, and EViews writes out the equation that has been estimated so that you can 
readily see where each of the coefficients appears in the equation. 

Dependent Variable: LOG(A) 
Method: Least Squares 
Sample (adjusted): 2 34 
Included observations: 33 after adjustments 
Convergence achieved after 13 iterations 
LOG(A) = C(1 )*(1-C(3)) + Cf2)*L0G(P) + C(3)*LOG(A(-1)) - C(2)*C(3) 

*LOG(P(-1)) 

Coefficient Std. Error t-Statistic Prob. 

CCD 3.898771 0.092166 42.30155 0.0000 
C(3) 0.422139 0.166047 2.542281 0.0164 
C(2) 0.888372 0.259298 3.426062 0.0018 

R-squared 0.277777 Mean dependent var 3.999309 
Adjusted R-squared 0.229629 S.D. dependent var 0.325164 
S.E. of regression 0.285399 Akaike info criterion 0.416650 
Sum squared resid 2.443575 Schwars criterion 0.552696 
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9.3.3 A more general model 

In the previous section we asked what would happen if we used the following Equation 
specification 

Equation specification 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explidt equation like Y=c(l)+c(2)*X. 

logCA) c log{P) log{P(-l)) log(A(-l)) 

In this case we are estimating the model 

In (A,) = 5 + 50 In (P,) + 8, ln(/»M) + 0, ln(4_,) + v, 

This model has the same variables as the AR(1) error model of the previous section, but it has 4 
coefficients instead of 3. It is a more general model, known as an ARDL(1,1) model, that reduces 
to the AR(1) error model when 5, = -6,80 • ARDL models are discussed later in this chapter. The 
results below appear in equation (9.28) on page 239 of the text. 

Dependent Variable: LGG{A} 
Method: Least Squares 
Sample (adjusted): 2 34 
Included observations: 33 after adjustments 

Variable Coefficient Std. Error t-Statistic Prob. 

C 2.366173 0.655701 3.608615 0.0011 
LOG(P) 0.776629 0.279813 2.775530 0.0095 

LOG(P(-1)) -0.610862 0.296644 -2.059245 0.0485 
LOG(A(-1 )) 0.404284 0.166624 2.426323 0.0217 

9.3.4 Testing the AR(1) error restriction 

The restriction 8, =-0 ,80 can be tested using a Wald test with hypotheses H 0 : 8 , = - 0 , 8 o and 
H t : 8, * —0,Sn. It differs from the Wald tests we considered in Chapter 6 because the hypothesis 
is a nonlinear function of the coefficients. Nevertheless, EViews can perform the test using the 
same procedures described in Chapter 6. After estimating the equation, select View/Coefficient 
Tests/Wald Coefficient Restrictions. Recognizing that C(2) = S 0 , C(3) = 8, and C(4) = 9,, the 
null hypothesis is entered in the Wald Test dialog box as follows 

Coefficient restrictions separated By commas 

C(3) = - C{2)*C(4) 

Clicking OK, yields the following test output. 
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j Wald Test: 
Equation: GENERAL 

Test Statistic Value df Probability 

F-statistic 
Chi-square 

1.115006 
1.115006 

(1,29) 
1 

0.2997 
0.2910 

Null Hypothesis Summary: 

Normalized Restriction (=0) Value Std. Err. 

C(3) + C(2)*C(4) -0.296884 0.281157 

Delta method computed using analytic derivatives. 

The test is performed in the same way as described in Chapter 6, although, because of the 
nonlinearity of the hypothesis, the formulas for the F- and X ' statistics are different. These 

formulas as well as the delta method that is used to compute se(8, + 0jôo) = 0.281157 are things 
that you will learn in a later stage of your econometric career. Since / rvalue = 0.29 > 0.05 , we do 
not reject the restriction implied by the AR(1) error model. In this case the normalized 
restriction is 5, + 0,5O = 0 and its estimated left hand side is 8, + Ô,ô0 = -0.296884. 

9.4 TESTING FOR AUTOCORRELATION 

9.4.1 Residual correlogram 

Autocorrelation exists when the equation error et is correlated with any of its past values 

, et_2, One way to investigate the possible existence of such correlation is to obtain the least 
squares residuals et and to check whether the sample correlations between et and et_x, e t_2,... 
are significantly different from zero. The sequence of these correlations rx,r2,... is called the 
residual correlogram. Earlier in this chapter (Section 9.1.1) we saw that there are three slightly 
different formulas for computing rx. Consider the correlation at a general lag k. The formula that 
EViews uses for computing rk (the correlation between et and et_k) is 

Another possible formula omits the last k terms in the summation in the denominator which then 
- ^ J" ^ ry - ^ J 

becomes 2^=1 e , = ¿^ tsk+]
e:-k • A third alternative is the EViews function @cor(e, ,e ( . ,) . It 

computes a mean-corrected version whose formula is 
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4last T-k]){ft-k ^first T-k] t 

" ^ first T-K] I 

where e[last T_k] is the sample mean of the e, for the last T-k observations, and e[first T_k] is the 

sample mean of the et for the first T-k observations. In what follows we will report the EViews 

residual correlogram and describe how to obtain it. We will also explain any discrepancies with 

values in the text. 
The EViews version of Figure 9.4 on page 241 of the text is obtained by first returning to the 

original least-squares estimated equation and selecting View/Residual Tests/Correlogram - Q 
statistics 

Equation: LS_EQN Workfile: BANG. 
View jjProc [[object] [Print|Name][Freeze] ¡Estimate j[Forecast][s tats][Resids] 

' ^Representations 
Estimation Output 
Actual,Fitted,Residual 
ARM A Structure... 
Gradients and Derivative: 
Covariance Matrix 

Coefficient Tests 

Stability Tests Correlogram Squared Residuals 

You will then be faced with the following Lag Specification window. Lags to include is the 
number of correlations rx,r2,...,rk that you would like EViews to calculate. In line with Figure 
9.4, we choose 6. As we will see later in the chapter, larger numbers can be chosen when the 
sample size is larger. 

maximum k 
value 

Information on the rk is presented in two ways. The numerical values appear in the column AC. 
A bar chart with each bar reflecting the magnitude and sign of each rk is given in the column 
headed Autocorrelation. Bars long enough to obscure one of the dotted lines signify 
autocorrelations that are significantly different from zero at a 5% significance level. 
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Correiogram of Residuals 

Date: 12/07/07 Time: 05:22 
Sample: 1 34 
Included observations: 34 

We will not be concerned with the remaining information. Partial Correlation (PAC), Q-Stat 
and their /»-values, Prob, are covered in specialist time-series courses. 

The orientation of the EViews graph is different to that of Figure 9.4, and the values of the 
correlations are slightly different, but the message is the same. The residual correlations for lags 1 
and 5 are significantly different from zero at a 5% significance level. That at lag 4 is marginal. 

The correlations computed from the three alternative formulas are given in the table below. 
Those given on page 240 of the text correspond to those from the mean corrected formula. 

Correlation Not mean 
corrected 

Mean 
corrected 

T observations 
in denominator 

1 0.399 0.404 0.395 
r2 0.120 0.122 0.117 
ri 0.083 0.084 0.081 
r4 -0 .327 -0.353 -0 .320 
r5 -0.381 - 0.420 -0.371 
r6 -0 .143 -0.161 -0 .138 

After estimating the model assuming that the errors follow an AR(1) model, one would hope that 
the new residuals, the v,, no longer exhibit autocorrelation. We can check them out by examining 
the residual correiogram from the estimated AR(1) error model. After opening the equation object 
for that model, and following the steps described above, we get the EViews version of Figure 9.5 
on page 242 of the text. 

Correkxpam of Residuals 

Date: 12/07/07 Time: 05:59 
Sample: 2 34 
Included observations: 33 

Autocorrelation Partial Correlation 

J 

I I 
1 0 .061 
2 -0.048 
3 0.252 
4 -0.312 
5 -0.320 

o.oey 

0.061 
•0.052 
0.260 
-0.378 
-0.258 
0.022 

0.1352 
0.2200 
2.6741 
6.5429 
10.775 
10.952 

0.713 
896 
445 

62 
056 
090 
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No autocorrelations are clearly significantly different from zero at a 5% level, although those at 
lags 4 and 5 are marginal. 

9.4.2 Lagrange multiplier (LM) test 

In the context of the sugarcane example, the Lagrange multiplier test for an AR(1) error is a test 
of the significance of p , where p is the least squares estimate from either of the following two 
equations. 

log (A,) = p, + p2 log(/?) + pe,_, + v, 

e, = y , + y 2 log(/?) + pe,_,+v, 

In both cases the et are the least squares residuals. We will focus on the second equation. Both 
equations yield identical results for F- and /-tests on the significance of p . The second equation 

has the advantage of producing a further test value of the form LM = TxR2. To obtain these 
values re-open the least squares estimated equation and select View/Residual Tests/Serial 
Correlation LM Test. 

[viewfPrQcfobject] [PrintfName[[Freeze] [Estimate]|Forecast|[stats]|Resids] 

Log likelihood 

You will be asked how many lags to include. In this case we specify just 1. We are interested in 
testing for an AR(1) error and we only have one lag of e, on the right side of the equation. The 
correlogram was used to consider the general autocorrelation properties of the residuals. 

Lags to indude: 
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The test results appear in the following output. 

Breusch-Godfrey Serial Correlation LM Test: 

F-statistic 5.949152wProb F{1,31) 
Obs'R-squared 5.474312 P M j X h i - S q u a r e ( l ) 

0.0206 { 

0.0193 i 

Test Equation: \ 5 .943 = 
Dependent Variable: RESID \ 
Method: Least Squares g 4 7 4 = 34 x 0 161 
Date: 12/07/07 Time: 07:42 ' / 
Sample: 1 34 ^ ^ / 
Included observations: 34^r / 
Presample missing value lagged residuals set to zero. 

(2.439}A2 

/ 

/ 
Coefficient ^/n. Error t-Statisticy ! Prob, ; 

C -0.008116 / 0 . 0 5 7 1 3 6 -0.14192? 
LOG(P) 0.091601 / 0.260934 0.3510*2 

RESID(-1) 0 . 4 0 7 8 2 / 0.167202 2 . 4 3 9 0 ^ 

0.8881 
0.7279 I 
0.0206 ! 

" R-squared 0.1610ûl Mean dependeritvar 2.45E-17 | 

The two test values and their corresponding /»-values are given at the top of the output. The value 
F = 5.949 is a test of the significance of p , the coefficient of RESID(-l) that appears in the 

bottom half of the output. Because F = 5.949 = r = 2.4392 , the test can be performed as a t- or an 

F-test and the /»-value of 0.0206 is the same in both cases. The other test is a %2 - test with the test 

value being given by LM = TxR2 - 3 4 x 0 . 1 6 1 = 5.474 , and a / rva lue of 0.0193. In both cases a 

null hypothesis of H0: p = 0 is rejected at a 5% significance level. Make sure that you can locate 

these various values on the output. And check them against p.242-3 of the text. 

9.4.3 Durbin-Watson test 

You may have noticed a Durbin-Watson value that is automatically provided on the least squares 
output. The Durbin Watson test is a test for AR(1) errors. It considered in Appendix 9B of the 
text. Its critical values and /»-values are less readily computed than those for other tests for AR(1) 
errors, and so its popularity as a test is declining. Although EViews computes the value of the test 
statistic, it does not have commands for computing corresponding critical or /^-values. As a rough 
guide, values of the Durbin-Watson statistic of 1.3 or less could be suggestive of autocorrelation. 
The value from the least-squares estimated sugarcane equation is 1.169. 

w-i ( y T u 1 ^ I KCI'VOIT— > if ."C^u O ¿r'i m ™i 
, Log likelihood -7.150159 — Q j s a a s e ^ 
i F-statistic 7.824072 j 'Durbin-Watson stat 1.168987 } 
I . P » M E : § M s t e l . 0.MS653 V , „ , J 
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9.5 AUT0REGRESS1VE MODELS 

Autoregressive models can be specified not just for errors in an equation, but also for observable 
variables of interest. Furthermore, general models with more lags than the 1 assumed for the 
sugarcane example can be specified. In Section 9.5 of the text we are concerned with an AR(3) 
model for the inflation rate. It is given by 

INFLN, = 8 + Q]INFLNt_] + 9 2INFLN,_2 + QJNFLNt_, + v, 

Data for inflation are stored in the file inflation.wfl, along with a number of other variables. Let 
us examine some special characteristics of this file and the observations on CPI and INFLN. 

9.5.1 Workfile structure for time series data 

In the following screenshot the series in the file inflation.wfl are displayed. Notice how the 
Range and the Sample are specified. They contain dates. So far in the book we have mainly been 
concerned with cross-section observations which do not necessarily have a natural ordering and 
which were simply numbered from 1 to the number of the last observation. EViews calls 
workfiles with such observations Unstructured/Undated. We will check out the other 
alternatives. 

r 

•Workfile: INFLATION - (c:\data\eviews\infl... n X 
[View ¡Froc ¡Object) [Print|Save ][De tails+/-j [show ¡Fetch J[s tore ¡Delete ¡Genr fsampte] 
Range: 1983M12 2006M05 - 270 o b ^ Display Filter* 
Sample: 1983M12 2006M05 - 270 o b P ^ " " dated observations 

| B c 0 infln 0 pavage 
1 0 coi 0 month 0 resid 

0 wage 
0 year 

|< | [ \ Unt i t led / New P a g e / 11 > 1 

To examine the workfile structure of the workfile inflation.wfl, select Proc/Structure/Resize 
Current Page. 

• Workfile: INFLATION - (c:\data\ev... 31 3 CI 
1 View fProc.¡Object] [Print¡Save ¡Details +/-] [show ¡Fetch¡Store ¡Delete ¡GenrJsampte | 

Ran: 

Sard 
Set Sample... | Display Filter: * [ 

E d 
0 C ; 
OSlJ. - i 

Structure/Resize Current Page... 

In the left panel of the Workfile structure window you can see a list of the Workfile structure 
types. When using cross-section data in earlier examples, the structure was Unstructured / 
Undated. Now we have moved on to time series data with specific dates for the observations, we 
use the Dated - regular frequency structure. In the Date specification panel on the right side 
the observations have been designated as Monthly in the Frequency box with 1983M12 
(December, 1983) and 2006M05 (May, 2006) as the Start date and End date, respectively. 
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Workfile structure type 

Dated - regular frequency 
Unstructured / Undated 

Dated - specified by date series 
Dated Panel 
Undated with ID series 
Undated Panel 

Monthly 

Date specification 

Frequency: 

Start date: 

End date: 

1983M12 

20Q6MQ5 

v 

The other alternatives for a Date specification are illustrated below. The integer date option is 
used when specific dates have not been assigned to the observations. Such was the case with the 
Bangladesh sugarcane data that were simply allocated integer dates from 1 to 34. 

Date specification 
"51 

Date specification ri 
Frequency; Monthly v 1 

Start date: Annual 
Semi-annual 

j 

End date: 3uarteriy End date: 3uarteriy 

Weekly 
Daily - 5 day week 
Daily - 7 day week 
Integer date 

It should be kept in mind that the dating of observations is generally a convenience factor, not 
one that has a bearing on your results from estimation. As long as the sequence of the 
observations is the same it does not matter how you label them. Panel data situations that are dealt 
with later in the book are an exception. In this case it is important to set up the labeling to 
distinguish between time periods and cross sections, but providing this is done, the labeling of the 
time series observati ons does not matter. How to set up your workfile structure when reading 
data from another source is covered in Chapter 17. 

9.5.2 Estimating AR models 

Now that we have finished our short digression on workfile structure for time series data, we 
return to the AR(3) model for inflation. The first few observations in a spreadsheet for a group 
containing CPI and INFLN are given below, superimposed on the workfile window. There are 
270 observations on CPI. The series INFLN has been generated using the command 

series infln = (log(CPI) - log(CPI(-1)))*100 

Because CPI(-1) is needed to compute INFLN, no observation on INFLN is available for the first 
observation in December, 1983. EViews records it as NA. That leaves 269 observations for 
estimating the AR(3) model. The need for values of INFLN, INFLN,_2 and INFLN,_3 in the 
estimation process reduces the sample size for estimation by a further 3 to 266. This will become 
more apparent as we consider the results from estimation. 
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Range: 19831*112 2006M05 - 270 obs 
Sample: 1983M12 2006M05 - 270 obs 

Dist 

p 3 c 
0 cpi 
[El cpijnf 
0 infln 
0 month 
0 pcwage 
0 resid 
0 wage 
0 y e a r 

obs CPI INFLN 
1983M12 101.4000 NA 
1984M01 102.1000 0.687963 
1984M02 102.6000 0.488521 
1984M03 102.9000 0.291971 

The AR model can be estimated using least squares and so estimation proceeds using the familiar 
EViews Equation specification window. The only new feature, but not something that is totally 
new, is how to specify the lagged variables INFLNf_,, INFLNt_2 and INFLNt_3 as explanatory 
variables. We do that using the notation infln(-1), infln(-2) and infln(-3) as illustrated below. 
There is a shorter way of writing these three variables, however, one that is particularly useful if 
the number of lags is large. This short version is infln(-1 to -3). The only other difference at this 
stage is the nature of the Sample setting. In line with the workfile structure the sample is 
described in terms of the dates of the observations. 

Equation specification 
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X, 

infln c infln(-l) infln{-2) infln(-3) 

short version 

(Infln c inflnfl to 
dated sample 

(Infln c inflnfl to 

Estimation settu 

Method: LS / Least Squares {NLS and ARMA) 

Sample: 12 2Q06m0 5 

The output that appears matches that in equation (9.37) on page 245 of the text. Note again the 
way in which the sample is expressed and that it has been adjusted to accommodate the 
observations lost through lagging, leaving a total of 266. 

Dependent Variable: INFLN 
Method: Least Squares 
Sample (adjusted): 1984MQ4 2006M05 
Included observations: 266 after adjustments 

Variables Coefficient Std. Error t-Statistic Prob. 

C 0.188335 0.025290 7.446877 0.0000 
INFLN(-1) 0 373292 0.061481 6.071690 0.0000 
INFLN(-2) -0.217919 0.064472 -3.380029 0.0008 
INFLNf-3; 0.101254 0.061268 1.652641 0.0996 



Dynamic Models, Autocorrelation and Forecasting 187 

Ideally, the residuals from the estimated AR model should not exhibit any autocorrelation. This 
fact can be checked by examining the residual correlogram. After opening the equation object, 
select View/Residual Tests/Correlogram - Q statistics. Eviews will ask you for the number of 
lags to include. Choose 24, in line with Figure 9.6 on page 246 of the text. The correlogram, with 
a host of information, will appear. We are primarily interested in the autocorrelations and whether 
they are significantly different from zero. In the following screenshots we have isolated the bar 
charts of the correlations for Figures 9.6, 9.7 and 9.8. Relative to the figures in the text, the 
EViews bar charts are rotated 90 degrees. They have the lag on the "y-axis" and the correlations 
on the "x-axis". Check the EViews version of Figure 9.6. We see that all correlations are very 
small, with those at lags 6, 11 and 13 marginally significant. Discussion of Figures 9.7 and 9.8 is 
deferred until later sections. 

Autocorrelation 

9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 

Autocorrelation 

1 1 1 
C 1 2 
11 1 3 
1 11 4 
1 31 5 
1 • 6 
1 
I 

• 1 1 7 
<3 

1 
J1 

» 
H 

9 
1 • 10 
1 D 11 
1 i 12 
c 1 13 
1 3 14 
1 • 15 
1 31 16 
1 11 17 
1 3i 18 
1 3 19 
1 3 20 
1 |i 21 
1 1 22 
11 1 23 
1 24 

Autocorrelation 

Figure 9.6 Figure 9.7 Figure 9.8 

9.5.3 Forecasting with an AR model 

The purpose of estimating the AR(3) model was to forecast inflation for the following 3 months, 
June, July and August of 2006. To make these forecasts we begin by extending the range of our 
workfile. Go back and have a quick re-read of Section 9.5.1. There you will see that we access the 
Workfile structure by selecting Proc/Structure/Resize Current Page. We change the End 
date of the Date specification to 2006M08 (August, 2006) and click OK. EViews will check 
whether you really want to make this change by asking Resize involves inserting 3 
observations. Continue? Click Yes. 
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Monthly 

Date specification 

Frequency; 

Start date: 

End date: 

1983M12 

QQ6MQ8 

To compute the forecasts you fill in the Forecast dialog box that is obtained by opening the 
estimated equation, and then select Forecast. Several pieces of information are required. 

1. We have assigned INFLN_F as the series name for the forecasts (Forecast name) and 
SE_F as the series name for the standard errors of the forecasts (S.E. (optional)). 

2. The Forecast sample is June to August, 2006 that we specify as 2006m6 2006m8. 

3. Ticking the box Insert actuals for out-of-sample observations means actual values for 
INFLN will be inserted in the series INFLN_F for the period 1983M12 to 2006M5. 

4. Dynamic forecast is chosen for the Method because forecasts for future values will 
depend on earlier forecasts when actual values are not available. 

5. Only error uncertainty, not coefficient uncertainty, is considered in the calculation of the 
forecast standard errors presented in Table 9.2 of the text and so the box Coef 
uncertainty in S.E. calc is not ticked. 

6. We have not worried about Output for Forecast graph and Forecast evaluation. 

'ecast 
Forecast of 
Equation: AR3 

Series names 

Forecast name: 

S.E. (optional): 

Forecast sample 

infln f 

se f 

2006m6 2006m08 

Series: INFLN 
B 

Method 
® Dynamic forecast 
0 Static forecast 

f Structural (-snore ARM'} 
1 I Coef uncertainty in S.E. calc 

Output 

[~| Forecast graph 
[U Forecast evaluation 

0 Insert actuals for out-of-sarnple observations 

OK Cancel 

Clicking OK creates the series INFLN_F and SE_F. The relevant values are given in the last 3 
rows of their respective spreadsheets. To complete the information in Table 9.2 of the text we 
need the upper and lower values for the 95% forecast intervals. These values can be created using 
the commands below. Ask yourself where the 262 comes from. 

scalar tc = @qtdist(0.975, 262) 
series fint low = infln f - tc*se f 
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series fint_up = infln_f + tc*se_f 

After collecting the relevant information into a group 

List o f senes, groups, and/or series expressions 

infln_f se_f fintjow fint_up 

the values in Table 9.2 can be presented as follows. 

obs INFLN F SE F FINT_LOW FINT UP 
2006M05 0,446762 NA NA NA 
2G06MQ6 0.260154 0.197247 -0.128237 0.648544 
2006M07 0.248722 0.210542 -0.165847 0.663291 
2006M08 0.269725 0.211111 -0.145965 0.685416 I 

r i 
I 

9.6 FINITE DISTRIBUTED LAGS 

The finite distributed lag model in the text relates the inflation rate to current and past changes in 
the wage rate. The data are stored in the file inflation.wfl. The estimated model is 

INFLN, = a + 0 0PCWAGE, + ( 3 , P C W A G E + fi2PCWAGE,_2 + ^PCWAGE,_3 + v, 

where PCWAGE denotes the percentage change in wages. The Equation specification for 
estimating this model is 

Equation specification 

Dependent variable followed by list of regressors induding ARMA 
and PDL terms., OR an explicit equation like Y=c{l)+c(2)*X, 

infln c pcwage(0 to -3' 

includes lags 0, -1, -2 and -3 

change end of sample 
back to May, 2006 

Estimation settings p 

Method; LS - Least Squares (NLS and ARMA) v 

Sample: 1983M12 2QQ6M05 

Note the shorthand notation for including all lags of PCWAGE. Also, remembering that we had 
extended the sample for forecasting, you made need to change the end of sample back to 
2006M05 for estimating this equation. 

The results are those given in Table 9.3 of the text. 
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Dependent Variable: INFLN 
Method: Least Squares 
Sample (adjusted): 1934MÛ4 2006M05 
Included observations: 266 after adjustments 

Variable Coefficient Std. Error t-Statistic Prob. 

C 0.121873 0.048655 2.504862 0.0129 
PCWAGE 0.156089 0.088502 1763684 0.0790 

PCWAGEC-1) 0.107498 0.085055 1.263861 0.2074 
PCWAGE(-2) 0.049485 0.085258 0.580418 0.5621 
PCWAGE (-3) 0.199014 0.087885 2.264475 0.0244 

The delay multipliers in Table 9.4 are equal to the above coefficient estimates. The interim 
multipliers can be stored in a vector called INTERIM using the following commands. 

vector(4) interim 
interim(1) = c(2) 
interim(2) = interim(1) + c(3) 
interim(3) = interim(2) + c(4) 
interim(4) = interim(3) + c(5) 

INTERIM 

0.1560S9 
0.263587 
0.313072 
0.512086 

Finally, we check the residual correlogram for evidence of autocorrelated residuals. Select 
View/Residual Tests/Correlogram - Q statistics. The autocorrelations from the resulting 
correlogram are presented back in Section 9.5.2, and entitled Figure 9.7. There is a significant 
autocorrelation at lag 1, and significant but smaller correlations at lags 6, 7, 10, 11 and 15. 

9.7 AUTOREGRESSIVE DISTRIBUTED LAG MODELS 

The ARDL model combines features of the AR model and the finite distributed lag model. Its 
estimation does not require any EViews commands or options that we have not already covered. 
Thus, this section is one where we revise and consolidate material from earlier parts of the 
chapter. The model to be estimated is 

1NFLN, = 8 + S0 PCWAGE, + bxPCWAGE,_x + 82PCWAGE,_2 + 83PCWAGE,_3 

+ QJNFLNtl + %INFLN,_2 + v, 

The corresponding equation specification and results follow. See page 251 of the text. 
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- Equation specification 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like Y«c(l)+c(2)*X. 

infln c pcwage{0 to -3) infln{-l to -2) 

Dependent Variable: INFLN 
Method: Least Squares I 
Sample (adjusted): 1984M04 2006M05 
Included observations: 266 after adjustments 

I 

Variable Coefficient Std. Error t-Statistic Prob. 

C 0.098877 0.046807 2.112438 0.0356 
PCWAGE 0.114903 0.083390 1.377901 0.1694 

PCWAGE(-1) 0.037734 0.081245 0.464440 0.6427 
PCWAGE(-2) 0.059275 0.081174 0.730221 0.4659 
PCWAGE{-3) 0.236130 0.082944 2.846862 0.0048 

INFLNC-1) 0.353640 0.060411 5.853884 0.0000 
INFLNC-2) -0.197561 0.060421 -3.269733 0.0012 

The autocorrelations from the residual correlogram are presented back in Section 9.5.2, and 
entitled Figure 9.8. There are significant but very small autocorrelations at lags 6, 7, 11, 13 and 
14. 

9.7.1 Graphing the lag weights 

The lag weights that are graphed in Figure 9.9 can be obtained recursively using the 
commands below. As you can see, calculating them individually as we have done is an 
unrewarding repetitive task. It can be avoided by programming a do loop, something that you will 
learn as you study more econometrics and start using the full version of EViews. 

series(13) lag_wts 
lag_wts(1) = c(2) ßo = 80 

lag_wts(2) = c(6)*lag_wts(1) + c(3) ß. = 0,ßo + 5, 
lag_wts(3) = c(6)*lag_wts(2) + c(7)*lag_wts(1) + c(4) ß2 - e A + e J o + s , 

lag_wts(4) = c(6)*lag_wts(3) + c(7)*lag_wts(2) + c(5) ß3 = 0 ^ + 0 ^ + 6 3 

lag_wts(5) = c(6)*lag_wts(4) + c(7)*lag_wts(3) ß4 - 0 , ß 3 + 0 2 ß 2 

lag_wts(6) = c(6)*lag_wts(5) + c(7)*lag_wts(4) ß5 =0,ß4+02ß3 

lag_wts(7) = c(6)*lag_wts(6) + c(7)*lag_wts(5) ß6 = 0,ß5 + 02ß4 

lag_wts(8) = c(6)*lag_wts(7) + c(7)*lag_wts(6) ß7 = e,ß6 + e2ß5 

lag_wts(9) = c(6)*lag_wts(8) + c(7)*lag_wts(7) ßs -e ,ß 7 + e2ß6 

lag_wts(10) = c(6)*lag_wts(9) + c(7)*lag_wts(8) ß, = 0,ß8+02ß7 

lag_wts(11); = c(6)*lag_wts(10) + c(7)*lag_wts(9) ßio -e ,ß 9 + 02ß8 

lag_wts(12) > = c(6)*lag_wts(11) + c(7)*lag_wts(10) ßn = 0,ß,o+02ß9 

lag_wts(13); = c(6)*lag_wts(12) + c(7)*lag_wts(11) ß,2 = 0.ß.i+e2ß,o 
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To create the graph in Figure 9.9 we also need a series called LAG. A command that produces 
this series is 

series lag = @trend 

The EViews function @trend defines a trend series beginning at zero and with each observation 
incremented by 1, giving the values 0,1, 2, Now, since there are only 13 values to graph, we 

need to restrict the sample to the first 13 observations. The monthly dates EViews has attached to 
its sample observations are not really relevant in this case, but we can trick EViews by cutting the 
sample back to the first 13 months. Select Sample from the workfile window and insert the 
following start and end dates. 

Sample range pairs (or sample object to copy) 

1983m 12 1984nl2 

13 observations 

Then select Object/New Object/Graph. Name it FIGURE9_9. Enter the two series for the 
graph, with the one on the x-axis first. 

List of series, groups, and/or series expressions 

lag lag_wts 

The graph FIGURE9_9 will appear in your workfile. However, it will need a bit of work before 
it is presentable. To ensure it is of the correct type, go to Options/Type/XY Line. Click Apply. 

: Basic graph type 

Line Si Symbol 
Bar 
Spike 
Area 
Area Band 
Mixed with Lines 
Dot Plot 
Error Bar 
High-Low (Open-Close) 
Scatter 
XYLine 
XY Area 
Pie 

To make the x-axis compatible with Figure 9.9, go to Axis/Scale/Edit Axis/Bottom Axis and 
Scale. Then, for Bottom axis scale endpoints, choose User specified and specify 0 as the Min 
and 12 as the Max. Click Apply. Click OK. 

Bottom axis scale endpoints 

User specified v M i n : 0,000000 

Max: 12.00000 
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To draw a horizontal line at 0, go to Line/Shade, select Line for Type. Choose Orientation and 
specify the Data value as follows. 

Orientation 

Horizontal - Left axis V 

Position 

Data value: 

Voila! A respectable looking Figure 9.9 appears. 

LAG 

Keywords 

@cor edit axis NA 
@sum end date Newey-West standard errors 
@trend finite distributed lags nonlinear least squares 
AC forecast name normalized restriction 
AR(1) forecast standard errors orientation 
AR(1) error forecasting range 
ARDL freeze resid 
autocorrelation frequency residual correlogram 
autoregressive models graph residual graph 
axis/scale HAC standard errors residual tests 
basic graph integer date residuals 
convergence interim multipliers sample (adjusted) 
correlation lag specification serial correlation LM test 
correlogram lag weights start date 
date specification lagging a series time series data 
delay multipliers Lagrange multiplier test unstructured/undated 
delta method line & symbol Wald test 
Durbin-Watson test line/shade workfile structure 
dynamic forecasting LS & TSLS options XY line 



CHAPTER 1 0 

Random Regressors and Moment-
Based Estimation 

Chapter 10 introduces the violation of assumption SR5 (and MR5) of the linear regression model, 
which states that the regressors (x„) are nonrandom. When this assumption is relaxed, the 
explanatory variables are sometimes said to be stochastic, which is another word meaning 
random. To begin our consideration of estimation in the simple linear regression framework in 
the presence of random regressors, open the workfile chlO.wfl. Save it under a new name, such 
as chaplO mc.wfl. 

To reproduce Figure 10.2, showing the positive correlation between the x and e generated by the 
Monte Carlo experiment discussed in the text, first we must "create" the true errors e. In a Monte 
Carlo world we know the true parameters, and that y is created by 

CHAPTER OUTLINE 
10.1 The Inconsistency of the Least Squares 10.4 Test for Weak Instruments 

10.5 Test Instrument Validity 
10.6 A Wage Equation 
KEYWORDS 

Estimator 
10.2 Instrumental Variables Estimation 
10.3 The Hausman Test 

10.1 THE INCONSISTENCY OF THE LEAST SQUARES ESTIMATOR 

y = E(y) + e = ß, +ß2x + e = \ + lxx + e 

Therefore we can create the series 

e = y - ßi _ fi2
x -y-^-x 

by entering the command 

194 
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series e = y - 1 - x 

From the main EViews menu select Quick/Graph. Enter into the Series List dialog box 

Series List 

In the Graph Options box choose a basic Scatter diagram. Copying (Ctrl+C) and pasting 
(Ctrl+V) the figure into our document 

To generate Figure 10.3, we must first create 

£ 0 0 = P, + fi2x = l + x 

series ey = 1 + x 

To create 

y = bt+ b2x 
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we estimate the simple regression and then obtain the forecasted (predicted) values of y. To 
estimate the equation enter 

Is y c x 

The result is 

Dependent Variable: Y 
Method: Least Squares 
Sample: 1 100 
Included observations: 100 

Coefficient Std. Error t-Statistic Prob. 

C 0.978893 0.088281 11.08838 0.0000 
X 1.703431 0.089950 18.93754 0.0000 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
F-statistic 
Prob(F-statistic) 

0.785385 
0.783195 
0.856198 
71.84128 

-125.3583 
358.6306 
0.000000 

Mean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwarz criterion 
Hannan-Qulnn criter. 
Durbin-Watson stat 

1.386287 
1.838819 
2.547166 
2.599270 
2.568253 
2.103601 

On the regression menu bar select Forecast. In the dialog box enter 

Forecast 
Forecast of 
Equation: LEA5T_5QUARES Series; Y 

Series names 
Forecast name: 

q~WfW«i i i i f ig i» i 
yhat| 

Method 
Static forecast 

' -

Select X, Y, YHAT, and EY from the workfile, double-click on one of these variables, and select 
Open Group. After the group is open as a spreadsheet, select View/Graph. In the Graph 
Options dialog box enter 
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Graph type — — — 

General: 
I Basic graph M l 
Specific: 
Line & Symbol 
Bar 
Spike 
Area 
Area Band 
Mixed with Lines 
Dot Plot 
Error Bar 
High-Low (Open-Close) 
Scatter 

Details: 

Fit lines: iNone y.j ¡Options] 

Axis borders: : None 

Multiple series: j Single graph - First vs. All . " 

In the Graph Options dialog choose the Line/Symbol tab. Highlight the first series (#1) which is 
Y. From the Line/Symbol use drop down list choose Symbol only. 

- Attributes —-—~ 
Ltne/Symbol use 

Select series #2, YHAT, and choose Line & Symbol. 

Attributes 
Line/Symbol use Color 

#2 YHAT 

B&W 

Repeat this for series #3 which is EY. 
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Attributes 
Line/Symbol use # Color B&W 

Line pattern 

Line width 

Symbol 

Symbol size 
Medium j | f 

S3 EY 

Line only 

The resulting figure, in black and white, is 

• Y 
Y HAT 
EY 

8 

X 

Figure 10.3 shows clearly that the slope of the regression line represented by the fitted dependent 
variable YHAT overstates the slope of the true population regression function. Hence, ordinary 
least squares is invalid in cases where x and e are correlated. The variable x is said to be 
endogenous. The inconsistency of the least squares estimator is due to an endogeneity problem. 
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10.2 INSTRUMENTAL VARIABLES/TSLS ESTIMATION 

We now turn our attention to the method of instrumental variables estimation, also known as two-
stage least squares, described in the text. Instrumental variables estimation produces consistent 
estimators in the presence of correlation between a random regressor, x, and the error term, e. To 
obtain the instrumental variables estimates, select Quick/Estimate Equation, and in the 
Equation Specification dialog box under Estimation Settings, change the Method to: TSLS -
Two-Stage Least Squares (TSNLS and ARMA). Next we enter the savings equation in list 
form Y C X, in the Equation Specification field. Finally, we list the instrument, Z1, in the 
Instrument List field. 

Equation Estimation 

Specification f Options] 

r Equation specification ™ — j — ; — - — — 
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y = c ( l ) + c ( 2 ) * X , 

^ ^ m m , equation goes here 

r Instrument list 

instruments go here 

0 Include lagged regressors for linear equations with ARMA terms 

- Estimation settings : 

Our results replicate those on page 280 of POE. 

Dependent Variable: Y 
Method: Two-Stage Least Squares 
Sample: 1 100 
Included observations: 100 
Instrument list: Z1 

Coefficient Std. Error t-Statistic Prob. 

C 1.101101 0.109128 10.08998 0.0000 
X 1.192445 0.194518 6.130243 0.0000 

R-squared 0.714712 Mean dependent var 1.386287 
Adjusted R-squared 0.711801 S.D. dependent var 1.838819 
S.E. of regression 0.987155 Sum squared resid 95.49855 
F-statistic 37.57988 Durbin-Watson stat 1.997541 
Prob(F-statistic) 0.000000 Second-Stage SSR 298.1235 
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Two-stage least squares, using instrumental variables Z1 and Z2, can be carried out by entering 
on the command line 

tsls y c x @ z1 z2 

The command is now tsls rather than just Is, and after the equation the instrumental variables are 
specified after the @-sign. The result is as shown in POE equation (10.27), page 284. 

Dependent Variable: Y 
Method: Two-Stage Least Squares 
Sample: 1 100 
Included observations: 100 
Instrument list: Z1 Z2 

Coefficient Std. Error t-Statistic Prob. 

c 1.137591 0.116444 9.769431 0.0000 
X 1.039872 0.194223 5.354022 0.0000 

R-squared 0.666207 Mean dependent var 1.386287 
Adjusted R-squared 0.662801 S.D. dependent var 1.838819 
S.E. of regression 1.067780 Sum squared resid 111.7351 
F-statistic 28.66555 Durbin-Watson stat 1.967390 
Prob(F-statistic) 0.000001 Second-Stage SSR 302.0610 

As noted there the estimation procedure is called two-stage least squares because it can actually 
be implemented using two least squares estimations. 

The first stage is a least squares regression o f X o n the instruments Z1 and Z2. 

Is x c z1 z2 

Dependent Variable: X 
Method: Least Squares 
Sample: 1 100 
Included observations: 100 

Coefficient Std. Error t-Statistic Prob. 

C 0.194732 0.079499 2.449486 0.0161 
Z1 0.569978 0.088785 6.419747 0.0000 
Z2 0.206786 0.077161 2.679940 0.0087 

Save this estimated regression with the Name RED_FORM which stands for reduced form.. 
Select Forecast on the regression menu bar. 

FY 



Random Regressors and Moment-Based Estimation 201 

Forecast 
Forecast of 

Equation: RED_FORM Series: X 

Series names 

Forecast name: xhat 
Method 

Static forecast 

Now estimate a least squares regression of F o n X H A T using 

Is y c xhat 

Dependent Variable: Y 
Method: Least Squares 
Sample: 1 100 
Included observations: 100 

Coefficient Std. Error t-Statistic Prob. 

C 1.137591 0.191456 5.941782 0.0000 
XHAT 1.039872 0.319339 3.256324 0.0016 

The estimated coefficients using this method are correct (compare them to POE (10.27)) but the 
standard errors Std. Error are incorrect. Thus two-stage least squares should not actually be 
implemented this way. Always use the proper tsls procedure. 

10.3 THE HAUSMAN TEST 

Here we conduct the Hausman Test for correlation between an explanatory variable, x, and the 
error term. We continue with the simulated data example. We enter the following commands in 
the EViews command window: 

equation hausman.Is x c z1 z2 
series vhat = resid 
equation endogtest.ls y c x vhat 

The results are on the next page. 

estimate reduced form 
save residuals 
artificial regression with vhat 
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Dependent Variable: Y 
Method: Least Squares 
Sample: 1 100 
Included observations: 100 

Coefficient Std. Error t-Statistic Prob. 

c 1.137591 0.079746 14.26510 0.0000 
X 1.039872 0.133013 7.817819 0.0000 

VHAT 0.995728 0.162939 6.111053 0.0000 

Note that the /"-statistic for the coefficient on the residuals from the step one regression is 6.11 and 
the /»-value of this test clearly shows that the /-statistic is statistically significant at the 1% level, 
so we reject the null hypothesis of no correlation between x and the error term e in favor of the 
alternative that x and e are correlated. 

10.4 TEST FOR WEAK INSTRUMENTS 

A requirement of good instrumental variables is that they be correlated with the right-hand side 
variable jc, which is correlated with the error e. To test this we can examine the reduced form 
equation. Here consider the reduced form regression o f * on the instruments Z1 and Z2. 

Dependent Variable: X 
Method: Least Squares 
Sample: 1 100 
Included observations: 100 

Coefficient Std. Error t-Statistic Prob. 

c 0.194732 0.079499 2.449486 0.0161 
Z1 0.569978 0.088785 6.419747 0.0000 
Z2 0.206786 0.077161 2.679940 0.0087 

The key is that the instruments are VERY significant, with /-values as a rule of thumb, greater 
than 3.3. In this case, we have two instruments but only require one to carry out two-stage least 
squares. Thus we can test the joint null hypothesis that the coefficients of the instruments are zero 
using an F-test. The alternative hypothesis is that at least one of the two reduced form parameters 
is not zero, which is exactly what we need. 

In the regression window of the R E D F O R M select View/Coefficient TestsAVald -
Coefficient Restrictions. In the dialog box enter 
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Wald Test [ ü 
I Coefficient restrictions separated by commas 

c(2)=0, c(3)=0 

I ! 

Examples 
C(1)=0, C(3)=2*C(4) | OK I Cancel 

The test result shows that we strongly reject the null hypothesis, and we can conclude that at least 
one of the reduced form parameters is not zero. Also the F-value is 24.28, which exceeds the rule 
of thumb guideline of F > 10. 

Wald Test: 
Equation: RED_FORM 

Test Statistic Value df Probability 

F-statistic 24.27844 (2, 97) 0.0000 

10.5 TEST INSTRUMENT VALIDITY 

In addition to being strongly correlated to the variable x, the instruments must be uncorrected 
with the error term e. Because we need one instrument to carry out two-stage least squares 
estimation, we can only check the validity of this condition for the surplus instruments. In the 
econometrics literature this is called a test of the over-identifying restrictions, and the test is 
often called the Sargan test. While there are several variants of this test, we will show a version 
that is based on the two-stage least squares residuals. We compute the TSLS residuals and regress 
them on all available instrumental variables. The test statistic is NR2 from this regression, where 
N is the sample size and R~ is the usual goodness-of-fit measure. If the surplus instruments are 
valid, the statistic has an asymptotic chi-square distribution with degrees of freedom equal to the 
number of surplus instruments. The validity of the surplus instruments is rejected if the test 
statistic value NR2 is greater than the critical value from the chi-square distribution. 

The steps are 

tsls y c x @ z1 z2 tsls estimation 
series ehat = resid tsls residuals 
Is ehat c z1 z2 artificial regression 

The results are on the following page. 
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Dependent Variable: EHAT 
Method: Least Squares 
Sample: 1 100 
Included observations: 100 

Coefficient Std. Error t-Statistic Prob. 

c 0.018900 0.106168 0.178016 0.8591 
Z1 0.088109 0.118568 0.743106 0.4592 
Z2 -0.181754 0.103045 -1.763844 0.0809 

R-squared 0.036276 Mean dependent var 4.00E-17 

The R2 from this regression is .03628, and NR.2 = 3.628. The .05 critical value for the chi-square 
distribution with one degree of freedom is 3.84, thus we fail to reject the validity of the surplus 
instrumental variable. 

10.6 A WAGE EQUATION 

In Chapter 10.2 we introduced an important example, the estimation of the relationship between 
wages, specifically log (WAGE), and years of education (EDUC). We will use the data on married 
women in the workfile mroz. wfl to examine this relationship. Open this workfile 

- Workfile: MROZ - (c:\data\eviews... 3 | | ) f ] < ] 

[view][Procj[objectJ [PrintlSave|Deta)5+/-J IShowlFetchlaorelDeletelGenrlSample 
Range: 1 753 - 753 obs Display Filter:* 
Sample: 1 753 - 753 obs 
0 age 
B t r T a ® I i I 
E2 educ H mothereduc 
0 exper E * " I 
Si famine It^ITT : ...^.«j 1.\ <J« 

s siblings 
S federate); S taxableinc 

hage 3S unenployment 
SK heduc ( S S E K H H M H I 
S hfathereduc S wage78 
a ntiuurs l i i M f i M H M M H M 
Hi hmothereduc 
S hours H t l H M j | i | M H | 
SS hsitatings 
SS | B H I H [ H | H 
skidstiis n n ^ m 

I 

|< > \ U n t i t l e c ^ ^ e ^ a g ^ ^ 

If you are using the EViews 6 Student Version you will get a message saying the workfile is too 
large. Select all the variable shown above by clicking while holding down the Ctrl-key. Right-
click in the blue area, and select Delete. A message like the following will appear, depending on 
which variable you selected first. 
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EViews X 

( ? ) Delete FAMINC from workfile? 

Yes ] | Yes to All j No | Cancel ] 

Click Yes to All. You will find the cheerful message 

H 
Workfi le now meets Student Version size limits, 

Workfi le saves and data exports have been 
reenabled, 

Save the workfile under a new name, such as mroz_chapl0.wfl. 
A second problem is that in the data only the first 428 women have wage data. The remainder 

have WAGE = 0 because they do not participate in the labor market. In the workfile window 
select the Sample button. 

Fill in the dialog box to include in the estimation sample only the first 428 observations. 

Now we can estimate the equation 

In (WAGE) = p, + p 2EDUC + ^EXPER + p 4EXPER2 + e 

The command is 

Is log(wage) c educ exper experA2 

The result matches those on POE page 281. As noted in POE the concern is that the variable 
EDUC might be correlated with factors in the error term, such as ability. If that is the case, then 
the least squares estimator is biased and the bias will not disappear even if the sample size 
becomes very large. 
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Dependent Variable: LOG(WAGE) 
Method: Least Squares 
Sample: 1 428 
Included observations: 428 

Coefficient Std. Error t-Statistic Prob. 

c -0.522041 0.198632 -2.628179 0.0089 
EDUC 0.107490 0.014146 7.598332 0.0000 

EXPER 0.041567 0.013175 3.154906 0.0017 
EXPERA2 -0.000811 0.000393 -2.062834 0.0397 

To implement two-stage least squares we first obtain the reduced form equation, adding mother 's 
education MOTHEREDUC as an instrumental variable. 

Is educ c exper experA2 mothereduc 

Dependent Variable: EDUC 
Method: Least Squares 
Sample: 1 428 
Included observations: 428 

Coefficient Std. Error t-Statistic Prob. 

C 9.775103 0.423889 23.06055 0.0000 
EXPER 0.048862 0.041669 1.172603 0.2416 

EXPERA2 -0.001281 0.001245 -1.029046 0.3040 
MOTHEREDUC 0.267691 0.031130 8.599183 0.0000 

Note that the instrumental variable MOTHEREDUC is very significant, with a /-value of 8.6, 
indicating that this variable is strongly correlated with EDUC. 

Now implement TSLS. Select Quick/Estimate Equation. The Equation specification is 

; 

Equation specification - - — — . — _ — _ _ _ 
Dependent variable followed by list of regressors including ARMA 
and PDL terrns^ OR an explicit equation like Y=c(l)+c(2)*X. 

log(wage) c educ exper e x p e r t 

The Instrument list must include all the variables that are NOT correlated with the error term. 
These variables are said to be exogenous. 
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Instrument list 
exper experN2 mothereduc A ' 

v 

p ] Include lagged regressors for linear equations with ARMA terms •>,.. ... • .... ..... ...,.. ,. ..... , . ... ..,. 

The estimation settings are 

Estimation settings 

Method: 

Sample: 

T5LS - Two-Stage Least Squares (TSNLS and ARMA) 

1 428 

Click OK. 

Dependent Variable: LOG(WAGE) 
Method: Two-Stage Least Squares 
Sample: 1 428 
Included observations: 428 
Instrument list: EXPER EXPERA2 MOTHEREDUC 

y 

Coefficient Std. Error t-Statistic Prob. 

C 
EDUC 

EXPER 
EXPERA2 

0.198186 
0.049263 
0.044856 

-0.000922 

0.472877 
0.037436 
0.013577 
0.000406 

0.419107 
1.315924 
3.303856 

-2.268993 

0.6754 
0.1889 
0.0010 
0.0238 

If we use both MOTHEREDUC and FATHEREDUC as instrumental variables the estimated 
reduced form is obtained using 

Is educ c exper experA2 mothereduc fathereduc 

Dependent Variable: EDUC 
Method: Least Squares 
Sample: 1 428 
Included observations: 428 

Coefficient Std. Error t-Statistic Prob. 

c 9.102640 0.426561 21.33958 0.0000 
EXPER 0.045225 0.040251 1.123593 0.2618 

EXPERA2 -0.001009 0.001203 -0.838572 0.4022 
MOTHEREDUC 0.157597 0.035894 4.390609 0.0000 
FATHEREDUC 0.189548 0.033756 5.615173 0.0000 
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Both instruments are strongly related to the woman's education EDUC. To test their joint 
significance select View/Coefficient Tests/Wald - Coefficient Restrictions. In the dialog box 
enter 

•m 
M M M H M M M B M M M g M « • a a i 

H m S . 

Coefficient restrictions separated by commas i 

! 

c(4)=0, c(5)=0 •/'<"" 1 » 

j 

The result shows an F value of 55.4, giving strong evidence that at least one of the instruments 
has a non-zero coefficient in the reduced form equation. 

Wald Test: 
Equation: REDFORM_MOM_DAD 

Test Statistic Value df Probability 

F-statistic 55.40030 (2, 423) 0.0000 

To test the endogeneity of EDUC we obtain the reduced form residuals and then include them in 
the wage equation as an extra explanatory variable. 

series vhat = resid 
Is log(wage) c educ exper experA2 vhat 

The estimation results show that the variable VHAT has a / rva lue of 0.0954, which is not strong 
evidence that EDUC is endogenous. 

Dependent Variable: LOG(WAGE) 
Method: Least Squares 
Sample: 1 428 
Included observations: 428 

Coefficient Std. Error t-Statistic Prob. 

C 0.048100 0.394575 0.121904 0.9030 
EDUC 0.061397 0.030985 1.981499 0.0482 

EXPER 0.044170 0.013239 3.336272 0.0009 
EXPERA2 -0.000899 0.000396 -2.270623 0.0237 

VHAT 0.058167 0.034807 1.671105 0.0954 

Two-stage least squares estimates can be obtained with the command 
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tsls log(wage) c educ exper experA2 @ exper experA2 mothereduc fathereduc 

Dependent Variable: LOG(WAGE) 
Method: Two-Stage Least Squares 
Sample: 1 428 
Included observations: 428 
Instrument list: EXPER EXPERA2 MOTHEREDUC FATHEREDUC 

Coefficient Std. Error t-Statistic Prob. 

c 0.048100 0.400328 0.120152 0.9044 
EDUC 0.061397 0.031437 1.953024 0.0515 

EXPER 0.044170 0.013432 3.288329 0.0011 
EXPERA2 -0.000899 0.000402 -2.237993 0.0257 

To test the validity of the surplus instrumental variable we save the TSLS residuals, and regress 
them on all the instrumental variables. 

series ehat = resid 
Is ehat c exper experA2 mothereduc fathereduc 

Dependent Variable: EHAT 
Method: Least Squares 
Sample: 1 428 
Included observations: 428 

Coefficient Std. Error t-Statistic Prob. 

C 0.010964 0.141257 0.077618 0.9382 
EXPER -1.83E-05 0.013329 -0.001376 0.9989 

EXPERA2 7.34E-07 0.000398 0.001842 0.9985 
MOTHEREDUC -0.006607 0.011886 -0.555804 0.5786 
FATHEREDUC 0.005782 0.011179 0.517263 0.6052 

R-squared 0.000883 Mean dependent var 5.54E-16 

For the artificial regression R2 = .000883, and the test statistic value is 

NR2 = 4 2 8 x.000883 = .3779 

The .05 critical value for the chi-square distribution with one degree of freedom is 3.84, thus we 
fail to reject the surplus instrument as valid. With this result we are reassured that our 
instrumental variables estimator for the wage equation is consistent. 
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Simultaneous Equations Models 

CHAPTER OUTLINE 
11.1 Examining the Data 11.4 TSLS Estimation of a System of Equations 
11.2 Estimating the Reduced Form 11.5 Supply and Demand at Fulton Fish Market 
11.3 TSLS Estimation of an Equation KEYWORDS 

Until now, we have considered estimation and hypothesis testing in a variety of single equation 
models. Here we introduce models for the joint estimation of two or more equations. While there 
are countless applications for simultaneous equations models in economics, some applications 
with which you will be familiar include market demand and supply models and the multi-
equation Keynesian models that we analyze in macroeconomics. 

11.1 EXAMINING THE DATA 

In this section, the text introduces a two-equation demand and supply model for truffles, a French 
gourmet mushroom delicacy. To estimate the truffles model in EViews, open the workfile 
truffles.wfl. Open a Group containing the data. While holding down the Ctrl-key, select P, Q, 
PS, DI and PF. The first few observations look like 

obs P Q PS DI PF 

1 29.64000 19.89000 19.97000 2.103000 10.52000 
2 40.23000 13.04000 18.04000 2.043000 19.67000 
3 34.71000 19.61000 22.36000 1.870000 13.74000 
4 41.43000 17.13000 20.87000 1.525000 17.95000 
5 53.37000 22.55000 19.79000 2.709000 13.71000 

The summary statistics for the variables are obtained from the spreadsheet by selecting 
View/Descriptive Stats/Common Sample 
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Sample: 1 30 

P Q PS DI PF 

Mean 
Median 
Maximum 
Minimum 
Std. Dev. 

62.72400 
63.07500 
105.4500 
29.64000 
18.72346 

18.45833 
19.27000 
26.27000 
6.370000 
4.613088 

22.02200 
22.68500 
28.98000 
15.21000 
4.077237 

3.526967 
3.708000 
5.125000 
1.525000 
1.040803 

22.75333 
24.14500 
34.01000 
10.52000 
5.329654 

11.2 ESTIMATING THE REDUCED FORM 

We first estimate the reduced form equations of POE Section 11.6.2 by regressing each 
endogenous variable, Q, and P, on the exogenous variables, PS, DI, and PF. We can quickly 
accomplish this task with the following statements typed in the EViews command window. The 
results match those in POE Table 11.2, page 313. 

equation redform_q.ls q c ps di pf 

Dependent Variable: Q 
Method: Least Squares 
Sample: 1 30 

Coefficient Std. Error t-Statistic Prob. 

C 7.895099 3.243422 2.434188 0.0221 
PS 0.656402 0.142538 4.605115 0.0001 
DI 2.167156 0.700474 3.093842 0.0047 
PF -0.506982 0.121262 -4.180896 0.0003 

R-squared 0.697386 Mean dependent var 18.45833 

equation redform_p.ls p c ps di pf 

Dependent Variable: P 
Method: Least Squares 
Sample: 1 30 

Coefficient Std. Error t-Statistic Prob. 

C -32.51242 7.984235 -4.072077 0.0004 
PS 1.708147 0.350881 4.868172 0.0000 
DI 7.602491 1.724336 4.408939 0.0002 
PF 1.353906 0.298506 4.535603 0.0001 

R-squared 0.888683 Mean dependent var 62.72400 
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11.3 TSLS ESTIMATION OF AN EQUATION 

Any identified equation within a system of simultaneous equations can be estimated by two-stage 
least squares (2SLS/TSLS). Click on Quick/Estimate Equation. 

Equation Estimation X 

Specification j Options s 

•Equation spécification 
Dependent variable followed by list of regressors including ARMA 
and POL terms, OR an e!q3fat equation te Y=c(l)4c(2)*X. 

q cpps d ^ ^ 
Estimation equation here 

Instrument Sst 

3dip,f "^IK*, instrument list goes here-
all exogenous variables 

@ Indude lagged regressors for linear equations with ARMA terms 

Estimation settings 

Method: [TSLS - Two-Stage Least Squares fTSNLS and ARMA) 

Sample: 1 l i " C h O O S e t s l s 

[ ok Cance| 1 

To estimate the demand equation by 2SLS select the method to be TSLS, and fill in the demand 
equation variables in Equation specification, the upper area of the dialog box, and list all the 
exogenous variables in the system in the Instrument list. Click OK. Name the resulting equation 
DEMAND. 

Dependent Variable: Q 
Method: Two-Stage Least Squares 
Sample: 1 30 
Instrument list: PS Dl PF 

Coefficient Std. Error t-Statistic Prob. 

C -4.279471 5.543884 -0.771926 0.4471 
P -0.374459 0.164752 -2.272869 0.0315 

PS 1.296033 0.355193 3.648812 0.0012 
Dl 5.013977 2.283556 2.195688 0.0372 

To estimate the supply equation we illustrate the use of the command line. 

equation supply.tsls q c p pf @ ps di pf 

In this command we name the estimation SUPPLY and the estimation technique TSLS by 
equation supply.tsls. The specification of the equation if followed by the instrumental variables, 
which follow @. 
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Dependent Variable: Q 
Method: Two-Stage Least Squares 
Sample: 1 30 
Instrument list: PS Dl PF 

Coefficient Std. Error t-Statistlc Prob. 

C 20.03280 1.223115 16.37851 0.0000 
P 0.337982 0.024920 13.56290 0.0000 

PF -1.000909 0.082528 -12.12813 0.0000 

11.4 TSLS ESTIMATION OF A SYSTEM OF EQUATIONS 

As noted in Section 11.2 we can apply TSLS equation by equation for all the identified equations 
within a system of equations. If all the equations in the system are identified, then all the 
equations can be estimated in one step. 

We introduce a new EViews object here: the SYSTEM. From the EViews menubar, click on 
Objects/New Object, select System, name the system object TRUFFLE, and click OK. 

Type o f object 

H I V o j i . juv i .11 v u j v v v a i m 

Name for object 

System 

Equation 
Factor 
Graph 

LogL 
Matrix-Vector--Coef 
Model 
Pool 
Sample 
Series 
Series Link 
Series Alpha 
Spool 
SSc 

Table 
Text 
VaiMap 
VÄR 

truffle 

-* ' i 

OK 

Cancel 

Next, enter the system equation specification given in POE equations (11.1) and (11.2), on page 
304. Note that you must enter a line that contains the exogenous (determined outside the model) 
variables in the system, PS, DI, and PF. In the context of two-stage least squares estimation of 
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our truffles system, EViews refers to these exogenous variables as "instruments". Enter the line 
INST PS DI PF directly below the supply equation, and click Estimate on the system's toolbar. 

[¥iewfproc)[object] [Print][Name][Freeze] [MergeText]|Esgm^e][specfstatsf Resids| 

q = c{1) + c(2)*p + c(3)*ps + c(4)*di 
q = c{5) + c(6)*p + c(7)*pf 
instps di pf 

To reproduce the results found in Tables 11.3a and 11.3b in your text, under Estimation 
Method, check the Two-Stage Least Squares checkbox, and click OK. 

System Estimation 

Estimation Method Options 

Estimation method 

Ordinary Least Squares 
Ordinary Least Squares 
Weighted L.S. {equation weights) 
Seemingly Unrelated Regression 
n n i 
Weighted Two-Stage Least Squares 
Three-Stage Least Squares 
Full Information Maximum Likelihood 
GMM - Cross Section (White cov.) 
GMM - Time series (HÄC) 
ARCH - Conditional Heteroskedastirity 

The results, on the following page, are identical to the equation by equation approach of 
estimating demand and then supply, but this system estimation approach opens the window to 
many advanced procedures that you may learn about in subsequent econometrics courses. 
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System: TRUFFLE 
Estimation Method: Two-Stage Least Squares 
Sample: 1 30 
Total system (balanced) observations 60 

Coefficient Std. Error t-Statistic Prob. 

C(1) -4.279471 5.543884 -0.771926 0.4436 
C(2) -0.374459 0.164752 -2.272869 0.0271 
C(3) 1.296033 0.355193 3.648812 0.0006 
C(4) 5.013977 2.283556 2.195688 0.0325 
C(5) 20.03280 1.223115 16.37851 0.0000 
C(6) 0.337982 0.024920 13.56290 0.0000 
C(7) -1.000909 0.082528 -12.12813 0.0000 

At the bottom of the System Table we find each equation represented and summarized. 

Equation: Q = C(1) + C(2)*P + C(3)*PS + C(4)*DI 
Instruments: PS Dl PF C 
Observations: 30 
R-squared 
Adjusted R-squared 
S.E. of regression 
Prob(F-statistic) 

•0.023950 Mean dependent var 18.45833 
•0.142098 S.D. dependent var 4.613088 
4.929960 Sum squared resid 631.9171 
1.962370 

Note in these results that R2 and adjusted-/?2 are negative. This is not uncommon when using 
generalized least squares, instrumental variables or two-stage least squares. For any estimator but 
least squares, the identity SST = SSR + SSE does not hold, so the usual R2 = 1 - SSE/SST can 
produce negative numbers. This just shows that the goodness-of-fit measure is not appropriate in 
this context, and should be ignored. 

11.5 SUPPLY AND DEMAND AT FULTON FISH MARKET 

A second example of a simultaneous equations model is given by the Fulton Fish Market 
discussed in POE Section 11.7, page 314. Open the workfile fultonfish.wfl. Let us specify the 
demand equation for this market as 

In (QUAN,) = a , + a 2 In (PRICEt) + a , M O N , + a4TUE, + a s WED t + a(THU, + ed
t 

Where QUAN, is the quantity sold, in pounds, and PRICE, the average daily price per pound. 
Note that we are using the subscript to index observations for this relationship because of the 
time series nature of the data. The remaining variables are dummy variables for the days of the 
week, with Friday being omitted. The coefficient a , is the price elasticity of demand, which we 
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expect to be negative. The daily dummy variables capture day to day shifts in demand. The 
supply equation is 

In(QUAN{ ) = p, + p2 In(PRICE, ) + P.STORMY, + < 

The coefficient p, is the price elasticity of supply. The variable STORMY is a dummy variable 
indicating stormy weather during the previous three days. This variable is important in the supply 
equation because stormy weather makes fishing more difficult, reducing the supply of fish 
brought to market. 

The reduced form equations specify each endogenous variable as a function of all exogenous 
variables 

In (QUAN, ) = tu,, + n2lMONt + nnTUE, + n4yWEDt + n5iTHU, + k 6]STORMYt + v„ 

In (PRICEt ) = 7t]2 + it12MONt +nnTUEt + n42WEDt + ns2THU, +n62STORMYt + v/2 

The least squares estimates of the reduced forms are given by 

Is Iquan c mon tue wed thu stormy 
Is Iprice c mon tue wed thu stormy 

The key reduced form equation is the second, for 1 n(PRICE). 

Dependent Variable: LPRICE 

Coefficient Std. Error t-Statistic Prob. 

c -0.271705 0.076389 -3.556867 0.0006 
MON -0.112922 0.107292 -1.052480 0.2950 
TUE -0.041149 0.104509 -0.393740 0.6946 
WED -0.011825 0.106930 -0.110587 0.9122 
THU 0.049646 0.104458 0.475268 0.6356 

STORMY 0.346406 0.074678 4.638681 0.0000 

See POE pages 316-317 for a discussion of the importance of the strong significance of the 
variable STORMY and the lack of the significance of the day dummies, individually or jointly. 

Coefficient restrictions separated by commas 

c{2)=0, c(3)=0r c{4)=0, g(5)=0 

v 

Examples r 
C{1)=0, C(3)=2atC(4) ( OK k | [ Cancel ] 
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Wald Test: 
Equation: REDFORM_PRICE 

Test Statistic Value df Probability 

F-statistic 0.618762 (4, 105) 0.6501 

The TSLS estimates of the demand equation in POE Table 11.5, page 317, are obtained using 

tsls Iquan c Iprice mon tue wed thu @ mon tue wed thu stormy 

Dependent Variable: LQUAN 
Method: Two-Stage Least Squares 
Sample: 1111 
Instrument list: MON TUE WED THU STORMY 

Coefficient Std. Error t-Statistic Prob. 

c 8.505911 0.166167 51.18896 0.0000 
LPRICE -1.119417 0.428645 -2.611524 0.0103 

MON -0.025402 0.214774 -0.118274 0.9061 
TUE -0.530769 0.208000 -2.551775 0.0122 
WED -0.566351 0.212755 -2.661989 0.0090 
THU 0.109267 0.208787 0.523345 0.6018 

Keywords 

demand equat ion 
endogenous variables 
exogenous var iables 

instrument list 
instrumental var iables 
reduced form equat ion 

supply equat ion 
system of equat ions 
Wald test 
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Nonstationary Time-Series Data 
and Cointegration 

CHAPTER OUTLINE 
12.1 Stationary and Nonstationary Variables 12.3 Unit Root Tests 
12.2 Spurious Regressions 12.4 Cointegration 

KEYWORDS 

12.1 STATIONARY AND NONSTATIONARY VARIABLES 

Time-series data display a variety of behavior. The data shown in Figure 12.1 is stored in the 
EViews workfile usa.wfl. They are real gross domestic product {GDP), inflation rate (INF), 
Federal funds rate (F) and the 3-year Bond rate (B). The changes for real gross domestic product 
(DG), inflation (Df), Federal funds rate (DF) and the 3-year Bond rate (DB) are computed using 
Genr and EViews first-difference operator d. For example, 

d(dgp) = A GDP, = GDP, - GDP,_X 

Enter equation 

dg = D(gdp) 

Sample 

1985Q1 2005Q1 

OK Cancel 

219 
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To plot the graphs, select the 8 variables, open the Group, then select View/ Graph/ Line & 
Symbol/ Multiple graphs as shown below. 

Type [ Frame ] Axis/Scale j j Legend Line/Symbol | Fill Area J BoxPlot | Object | Template 

n Details: 

— — , Graph data; 

Graph type 
General: 
; Basic graph J 

Specific: 

Bar 
Spike 
Area 
Area Band 
Mixed with Lines 
Dot Plot 
Error Bar 
High-Low (Open-Close) 
Scatter 
XV Line 
XY Area 
XY Bar (X-X-Y triplets) 
Pie 
Distribution 
Quantile - Quantile 
Boxplot 
Seasonal Graph 

Raw data 

Orientation: ; Normal - obs/time across bottom 

Axis borders: None JH 
Multiple series: ¡Multiple graphs 

Undo Edits 

OK Cancel 

Clicking on O K produces the EViews ouput below. This set of graphs illustrate the variety of 
behavior observed with time series data, such as 'trending' (see GDP), 'wandering around a 
trend' (see F, and B), 'wandering around a constant' (see INF), 'fluctuating around a trend' (see 
DG) and fluctuating around a constant (see DI, DF, and DB). In general, nonstationary variables 
display wandering behavior (around constant and/or trend) while stationary data display 
fluctuating behavior (around constant and/or trend). 
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12.2 SPURIOUS REGRESSIONS 

The main reason why it is important to know whether a time series is stationary or nonstationary 
before one embarks on a regression analysis is that there is a danger of obtaining apparently 
significant regression results from unrelated data when nonstationary series are used in regression 
analysis. Such regressions are said to be spurious. 

The EViews workfile spurious.wfl contains the 2 random variables (RW1 and RW2) shown 
in Figure 12.3(a). To plot the scatter graph, select the 2 variables, open Group, View / Graph/ 
and select Scatter as shown below. 

aaHo j 

Type I Frame f Axis/Scale Legend J Une/Symbol j Fill Area i BoxPlot ¡ Object ij Template j 

Graph type 
General: 
1 Basic graph 

Specific: 
Line 8t Symbol 
Bar 
Spike 
Area 
Area Band 
Mixed with Lines 
Dot Plot 
Error Bar 
High-Low ( 

XY Line 
XY Area 
Pie 
Distribution 
Quantile - Quantile 
Boxplot 

Details: 

firaph data'. 

Fit lines: 

Axis borders: 

jgÊ data. 

None J ¡Options) 

¡None 

I 
Multiple series: 5fr» 

I Undo Edits] 

i 0 K J 1 C a n c e l J 

Clicking OK will produce the EViews output below. 
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Although the series (RW1 and RW2) were generated independently and, in truth, have no relation 
to one another, the scatter plot suggests a positive relationship between them. The spurious 
regression of series one (.RW1) on series two (RW2) is shown in the EViews ouput below. 

DependentVariable: RW1 
Method: Least Squares 

Sample: 1 700 
Included observations: 700 

Coefficient Std. Error t-Statistic Prob. 

RW2 0.842041 0.020620 40.83684 0.0000 
C 17.81804 0.620478 28.71665 0.0000 

R-squared 0.704943 Mean dependentvar 39.44163 
Adjusted R-squared 0.704521 S.D. dependent var 15.74242 
S.E. of regression 8.557268 Akaike info criterion 7.134292 
Sum squared resid 51112.33 Schwa rz criterion 7.147295 
Log likelihood -2495.002 Hannan-Quinn criter. 7.139319 
F- statistic 1667.648 Durbin-Watson stat 0.022136 
Prob(F-statistic) 0.000000 

12.3 UNIT ROOT TESTS FOR STATIONARITY 

To obtain the unit root test for the variable F, select the variable then click on View /Unit Root 
Test/ and select the options shown below. 

Test type 

Augmented Dickey-Fuller 

Test for unit root in 

©Leve l 

O 1st difference 

O 2nd difference 

Include in test equation 

© Intercept 

© T r e n d and intercept 

O None 

Lag length 

O Automatic selection: 

5chw.3i» Ir f o O tat aa 

Ka r. ,«. , u 

1JS 
.: k 

©User specified: 1 

OK Cancel 

Clicking on OK, will produce the Dickey-Fuller test with an intercept and with one lag term. 
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Null Hypothesis: F has a unit root 
Exogenous: Constant 
Lag Length: 1 (Fixed) 

t-Statistic Prob* 

Augmented Dickey-Fuller test statistic -2.090304 0.2491 
Test critical values: 1% level -3.515536 1 HL 

5% level -2.898623 \ 
10% level -2.586605 X 

'MacKinnon (1996) one-sided p-values. 

Augmented Dickey-Fuller Test Equation 
DependentVariable: D(F) 
Method: Least Squares 

Sample (adjusted): 1985Q3 2005Q1 
Included observations: 79 after adjustments 

Coefficient Std. Error t-Statistic Prob. 

F<-1) -0.037067 0.017733 -2.090304^ fc0.0399 
D(F(-D) 0.672478 0.085366 7.877548 ^ ¡ 4 ) 0 0 0 

c 0.177862 0.100751 1.765356 

R-squared 0.456006 Mean dependent var -0.069029 
Adjusted R-squared 0.441691 S.D. dependent var 0.474252 
S.E. of regression 0.354362 Akaike info criterion 0.800238 
Sum squared resid 9.543490 Schwa rz criterion 0.890217 
Log likelihood -28.60939 Hannan-Quinn crlter. 0.836286 
F-statistic 31.85376 Durbln-Watson stat 1.855064 
Prob(F-statlstic) 0.000000 

Since the calculated Dickey-Fuller test statistic (-2.090) is greater than the 5% critical value of 
(-2.899), do not reject the null of nonstationarity. In other words, the variable F is a 
nonstationary series. 

To perform the test for the first-difference of F, select the options shown below: 

Test type 
Augmented Dickey-Fuller jr. 

Test for unit root in 
O Level 

© 1st difference 

O 2nd difference 

Include in test equation 
OIntercept 
O Trend and intercept 
©None 

Lag length 

O Automatic selection: 

' • Srh«y«)rj Info Cfitsriiili 

• Mgndmtwrfagsr jTT~ j 

©User specified: fo | 

1 1 1 Cancel .1 
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Clicking on OK gives the output below. 

Null Hypothesis: D(F) has a unit root 
Exogenous: None 
Lag Length: 0 (Fixed) 

t- Statistic Prob* 

Augmented Dickey-Fullertest statistic -4.007355 0.0001 
Test critical values: 1 % level -2.594563 * I L 

5% level -1.944969 
10% level -1.614082 \ 

*MacKinnon (1996) one-sided p-values. 

Augmented Dickey-Fuller Test Equation 
DependentVariable: D(F,2) 
Method: Least Squares 

Sample (adjusted): 1985Q3 2005Q1 
Included observations: 79 after adjustments 

Coefficient Std. Error t-Statistic Prob. 

D(F(-1)) -0.340465 0.084960 -4.0073551 Hvp.OOOl 

R-squared 0.169739 Mean dependent var 
Adjusted R-squared 0.169739 S.D. dependent var 0.395101 
S.E. of regression 0.360010 Akaike info criterion 0.807210 
Sum squared resid 10.10938 Schwarz criterion 0.837203 
Log likelihood -30.88478 Hannan-Quinn criter. 0.819226 
Durbin-Watson stat 1.798788 

Since the calculated Dickey-Fuller test statistic (-4.007) is less than the 5% critical value of 
(-1.945) we reject the null of nonstationarity. In other words, the variable d(f) =AF is a 
stationary series. 

It follows that since F has to be differenced once to obtain stationarity, it is integrated of 
order 1. 

12.4 COINTEGRATION 

To test whether the nonstationary variables, B and F, are cointegrated or spuriously related, we 
need to examine the properties of the regression residuals. The first step is to estimate the least 
squares regression: 
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DependentVariable: B 
Method: Least Squares 

Sample: 1985Q1 2005G1 
Included observations: 81 

Coefficient Std. Error t-Statistic Prob. 

F 0.832505 0.034476 24.14743 0.0000 
C 1.643733 0.194819 8.437233 0.0000 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
F-statistic 
Prob(F-statistic) 

0 . 8 8 0 6 8 2 
0.879172 
0.708106 
39.61170 

-85.96337 
583.0983 
0.000000 

Mean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwarz criterion 
Hannan-Quinn criter. 
Durbin-Watson stat 

5.947408 
2.037110 
2.171935 
2.231057 
2.195656 
0.413856 

Next, to generate the residuals from the regression equation, click on Proc and select Make 
Residual Series from the drop-down menu. 

[viewfProt¡Objectj (Print¡Name ¡Freeze) [Estimate ¡Forecast](stats¡ResidsI 

San 
Incli 

f l f Specif y /Estimate.,. 
r Forecast... 

San 
Incli 

Make Residual Series.., 

San 
Incli 

Make Regressor Group 
Make Gradient Group 
Make Derivative Group 
Make Model 
Update Coefs from Equation 

Make Regressor Group 
Make Gradient Group 
Make Derivative Group 
Make Model 
Update Coefs from Equation 

Std. Error t-Statistic Prob. 

Make Regressor Group 
Make Gradient Group 
Make Derivative Group 
Make Model 
Update Coefs from Equation 

0.034476 24.14743 0.0000 
C 1.643733 0.194819 8.437233 0.0000 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
F-statistic 
P rob (F-statistic) 

0.880682 Mean dependentvar 5.947408 
0.879172 S.D. dependentvar 2.037110 
0.708106 Akaike info criterion 2.171935 
39.61170 Schwarz criterion 2.231057 

-85.96337 Hannan-Quinn criter. 2.195656 
583.0983 Durbin-Watson stat 0.413856 
0.000000 

To conform to the text, call the regression residuals E. 
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Residual type 
© Ordinary 

OK 
"Generalized 

Name for resid series Cancel 

E 

N e x t p e r f o r m a D i c k e y - F u l l e r tes t b y r eg res s ing the c h a n g e o f E, ( n a m e l y , d(e)) on l agged E 
( n a m e l y e(-1)) and the l agged t e rm d(e(-1)). 

DependentVariable: D(E) 
Method: Least Squares 

Sample (adjusted): 1985Q3 2005Q1 
Included observations: 79 after adjustments 

Coefficient Std. Error t-Statistic Prob. 

E(-1) -0.314320 0.069191 -4.5428191 « 0 . 0 0 0 0 
D(E(-1)) 0.314748 0.102156 3.081034 

R-squared 0.240040 Mean dependent var 
— 

-0.020381 
Adjusted R-squared 0.230171 S.D. dependent var 0.455110 
S.E. of regression 0.399313 Akaike info criterion 1.026849 
Sum squared resid 12.27773 Schwarz criterion 1.086835 
Log likelihood -38.56055 Hannan-Quinn enter. 1.050881 
Durbin-Watson stat 2.002243 

Since the ca lcu la t ed D i c k e y - F u l l e r tes t s tat is t ic ( - 4 . 5 4 3 ) is less t h a n the 5 % cri t ical v a l u e o f 
( - 3 . 3 7 ) w e r e j ec t the nul l o f n o co in tegra t ion . Reca l l that the cr i t ical va lues a re t hose f r o m T a b l e 
12.3 and it is f o r t he case w h e r e the r eg re s s ion m o d e l i nc ludes an in te rcep t t e rm. 

Keywords 

cointegration 
d: difference operator 
Dickey-Fuller tests 
make residual series 

multiple graphs 
nonstationary variables 
order of Integration 
spurious regression 

stationary variables 
s t a t i ona ry tests 
unit root test of residuals 
unit root tests of variables 
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VEC and VAR Models: An 
Introduction to Macroeconometrics 

CHAPTER OUTLINE 

13.1 VEC and VAR Models 
13.2 Estimating a VEC Model 

13.3 Estimating a VAR Model 
13.4 Impulse Responses and Variance Decompositions 
KEYWORDS 

13.1 VEC AND VAR MODELS 

A VAR model describes a system of equations in which each variable is a function of its own lag 
and the lag of the other variables in the system. A VEC model is a special form of the VAR for 
1(1) variables which are cointegrated. 

13.2 ESTIMATING A VEC MODEL 

The results in the text were based on data contained in the EViews workfile gdp.wfl. The 
variables are AUS (real GDP for Australia) and USA (real GDP for US). To check whether the 
variables AUS and USA are cointegrated or spuriously related, we need to test the regression 
residuals for stationarity. To do this, first estimate the following least squares equation. 

227 
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DependentVariable: D(AUS) 
Method: Least Squares 

Sample: 1970Q1 2000Q4 
Included observations: 124 

Coefficient Std. Error t-Statistic Prob. 

USA 0.985350 0.001657 594.7872 0.0000 

R-squared 0.995228 Mean dependent var 62.72528 
Adjusted R-squared 0.995228 S.D. dependent var 17.65155 
S.E. of regression 1.219375 Akaike info criterion 3.242585 
Sum squared resid 182.8855 Schwa rz criterion 3.265329 
Log likelihood -200.0403 Hannan-Quinn criter. 3.251824 
Durbin-Watson stat 0.255302 

Next click Proc and select Make Residual Series from the drop-down menu to generate the 
residuals. 

[viewIfProcfObject] [pr int ¡Name¡Freeze] f is t imate lForecast fstats ¡Resids] 

D e j i i Specify/Estimate. 
Forecast... 

Make Regressor Group 
Make Gradient Group 
Make Derivative Group 
Makje Model 
Update Coefs from Equation 

Std. Error t-Statistic Prob. 

0.001657 594.7872 0.0000 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
Durbin-Watson stat 

0.995228 
0.995228 
1.219375 
182.8855 

-200.0403 
0.255302 

Mean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwa rz criterion 
Hannan-Quinn enter. 

62.72528 
17.65155 
3.242585 
3.265329 
3.251824 

Following notation in the text, call the residual E. 

Residual type 

% Ordinary 

Standardized 

• GenefaSiVd 

Name for resid series Cancel 

OK 
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Next perform the unit root test by regressing the change of the residual d(e) on the lagged 
residual e(-1) as shown below. 

DependentVariable: D(E) 
Method: Least Squares 

Sample (adjusted): 1970Q2 2000Q4 
Included observations: 123 after adjustments 

Coefficient Std. Error t-Statistic Prob. 

E(-1) -0.127937 0.044279 -2.889318-, 0.0046 

R-squared 0.064044 Mean dependentvar -o.oootS» 
Adjusted R-squared 0.064044 S.D. dependentvar 0.618638 
S.E. of regression 0.598500 Akaike info criterion 1.819315 
Sum squared resid 43.70063 Schwa rz criterion 1.842179 
Log likelihood -110.8879 Hannan-Quinn criter 1.828602 
Durbin-Watson stat 1.978150 

Since the calculated unit root test value (-2.889) is less than the critical value (-2.76, see Table 
12.3), the null of no cointegration is rejected. 

As an aside, extra lags of the dependent variable (for example d(e(-1)) were not introduced 
in the test equation above, as they were insignificant. See for example the case below. 

DependentVariable: D(E) 
Method: Least Squares 

Sample (adjusted): 1970Q3 2000Q4 
Included observations: 122 after adjustments 

Coefficient Std. Error t-Statistic Prob. 

E(-1) -0.128207 0.046197 -2.775232 0.0064 
D(E(-1)) -0.008532 0.093408 -0.0913411 ̂ 0 . 9 2 7 4 

R-squared 0.065661 Mean dependentvar 
— — -0.004TO 

Adjusted R-squared 0.057875 S.D. dependentvar 0.619836 
S.E. of regression 0.601632 Akaike info criterion 1.837917 
Sum squared resid 43.43537 Schwarz criterion 1.883884 
Log likelihood -110.1129 Hannan-Quinn criter. 1.856588 
Durbin-Watson stat 1.960758 

The estimated error-correction equations are shown below. The error correction coefficients are 
the parameters of the lagged residual term, namely e(-1) above. 
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DependentVariable: D(AUS) 
Method: Least Squares 

Sample (adjusted): 1970Q2 2000Q4 
Included observations: 123 after adjustments 

Coefficient Std. Error t-Statistic Prob. 

0 0.491706 0.057909 8.490936 0.0000 
E(-1) -« - 0 . 0 9 8 7 0 3 

I F 
0.047516 -2.077267 0.0399 

R-squared 0.034434 Mean dependent var 0.499554 
Adjusted R-squared 0.026454 S.D. dependent var 0.649528 
S.E. of regression 0.640879 Akaike info criterion 1.964174 
Sum squared resid 49.69782 Schwa n criterion 2.009901 
Log likelihood -118.7967 Hannan-Quinn criter. 1.982748 
F-statistic 4.315037 Durbin-Watson stat 1.640143 
Prob(F-statistic) 0.039893 

DependentVariable: D(USA) 
Method: Least Squares 

Sample (adjusted): 1970Q2 2000Q4 
Included observations: 123 after adjustments 

Coefficient Std. Error t-Statistic Prob. 

C 0.509884 0.046677 10.92372 0.0000 
E(-1) j • k O . 0 3 0 2 5 0 0.038299 0.789837 0.4312 

R-squared ' 0.005129 Mean dependent var 0.507479 
Adjusted R-squared -0.003093 S.D. dependent var 0.515771 
S.E. of regression 0.516568 Akaike info criterion 1.532907 
Sum squared resid 32.28793 Schwa rz criterion 1.578633 
Log likelihood -92.27376 Hannan-Quinn criter. 1.551481 
F-statistic 0.623843 Durbin-Watson stat 1.367645 
Prob(F-statistic) 0.431168 

13.3 ESTIMATING A VAR MODEL 

The results in the text were based on data contained in the EViews workfile growth.wfl. The 
variables are G (log of GDP) and P (log of the CPI). To check whether the variables are 
cointegrated or spuriously related, we need to test the regression residuals for stationarity. To do 
this, first estimate the following least squares equation. 
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Dependent Variable: G 
Method: Least Squares 

Sample: 1960Q1 2004Q4 
Included observations: 190 

Coefficient Std. Error t-Statistic Prob. 

P 0.623454 0.010140 61.48235 0.0000 
C 1.631501 0.039323 41.48936 0.0000 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resld 
Log likelihood 
F-statistlc 
Prob(F-statistic) 

0.955029 
0.954776 
0.088286 
1.387398 
182.4885 
3780.079 
0.000000 

Mean dependent var 
S.D. dependent var 
Akalke Info criterion 
Schwa rz criterion 
Hannan-Quinn criter. 
Durbln-Watson stat 

4.015101 
0.415151 

-2.005428 
-1.969950 
-1.991043 
0.015086 

Then, click on Proc and select Make Residual Series from the drop down menu. 

[View ¡Proc ¡ O b j e c t ] (Print ¡ N a m e ¡ F r e e z e ] [Estimate ¡Forecast ¡S ta ts ¡Reslds | 

Dec 

T 
San 
Inch 

» S p e c i f y / E s t i m a t e , , , 
j f Forecast . . , 

Dec 

T 
San 
Inch 

Make Residual Series,,. 

Dec 

T 
San 
Inch 

Make Regressor Group 
Make Gradient Group 
Make Derivative Group 
Make Model 
Update Coefs from Equation 

Dec 

T 
San 
Inch 

Make Regressor Group 
Make Gradient Group 
Make Derivative Group 
Make Model 
Update Coefs from Equation 

Std. Error t-Statlstic Prob. 

Dec 

T 
San 
Inch 

Make Regressor Group 
Make Gradient Group 
Make Derivative Group 
Make Model 
Update Coefs from Equation 

0.010140 61.48235 0.0000 
C 1.631501 0.039323 41.48936 0.0000 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resld 
Log likelihood 
F-statistic 
Prob(F-statistic) 

0.955029 
0.954776 
0.088286 
1.387398 
182.4885 
3780.079 
0.000000 

Mean dependent var 
S.D. dependent var 
Akalke info criterion 
Schwarz criterion 
Hannan-Quinn criter. 
Durbin-Watson stat 

4.015101 
0.415151 

-2.005428 
-1.969950 
-1.991043 
0.015086 

Following notation in the text, call the residuals E: 

. • ' • ' ' • * f t ? ® 

Residual type 

©Ordinary 

•.. 'Standardized ' 

Generalized 

Name for resid series 

OK 

Cancel 

E 
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Next perform the unit root test by regressing the change of the residual d(e) on the lagged 
residual e(-1) as shown below. 

DependentVariable: D(E) 
Method: Least Squares 

Sample (adjusted): 1960Q2 2004Q4 
Included observations: 179 after adjustments 

Coefficient Std. Error t-Statistic Prob. 

E(-1) -0.009037 0.009250 -0.976931, ̂  0.3299 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
Durbin-Watson stat 

-0.018991 
-0.018991 
0.010815 
0.020819 
556.8171 
0.929793 

Mean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwa rz criterion 
Hannan-Quinn criter. 

o.oot&fcl 
0.010711 

-6.210247 
-6.192441 
-6.203027 

Since the calculated tau statistic (-0.977) is greater than the 5% critical value (-3.37, see Table 
12.3), we accept the null of no cointegration. In other words, the variables are spuriously related. 

The estimated VAR equations are estimated by least squares as shown below. 

DependentVariable: D(P) 
Method: Least Squares 

Sample (adjusted): 1960Q3 2004Q4 
Included observations: 178 after adjustments 

Coefficient Std. Error t- Statistic Prob. 

C 0.001433 0.000710 2.016796 0.0452 
D(P(-1)) 0.826816 0.044707 18.49419 0.0000 
D(G(-1)) 0.046442 0.039858 1.165183 0.2455 

R-squared 0.667250 Mean dependent var 0.010474 
Adjusted R-squared 0.663447 S.D. dependent var 0.007684 
S.E. of regression 0.004457 Akaike info criterion -7.971758 
Sum squared resid 0.003477 Schwarz criterion -7.918133 
Log likelihood 712.4865 Hannan-Quinn criter. -7.950012 
F-statistic 175.4599 Durbin-Watson stat 2.194622 
Prob(F-statistic) 0.000000 
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DependentVariable: D(G) 
Method: Least Squares 

Sample (adjusted): 1960Q3 2004Q4 
Included observations: 178 after adjustments 

Coefficient Std. Error t- Statistic Prob. 

c 0.009814 0.001251 7.845799 0.0000 
D(P(-1)) -0.326952 0.078719 -4.153419 0.0001 
D(G(-1)) 0.228505 0.070181 3.255925 0.0014 

R-squared 0.168769 Mean dependent var 0.008260 
Adjusted R-squared 0.159269 S.D. dependent var 0.008560 
S.E. of regression 0.007849 Akaike info criterion -6.840246 
Sum squared resid 0.010780 Schwarz criterion -6.786620 
Log likelihood 611.7819 Hannan-Quinn criter. -6.818499 
F-statistic 17.76557 Durbin-Watson stat 2.110267 
Prob(F-statistic) 0.000000 

13.4 IMPULSE RESPONSES AND VARIANCE DECOMPOSITION 

In the text, we discuss the interpretation of impulse responses and variance decomposition for the 
special case where the shocks are uncorrelated. This is not usually the case, and EViews is set up 
for the more general cases when identification is an issue. 

Keywords 

error correction impulse responses variance decomposition 
identification VAR VEC 
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14.1 Time-Varying Volatility 
14.2 Testing for ARCH Effects 
14.3 Estimating an ARCH Model 

14.4 Generalized ARCH 
14.5 Asymmetric ARCH 
14.6 GARCH in Mean Model 
KEYWORDS 

14.1 TIME-VARYING VOLATILITY 

In this chapter we are concerned with variances that change over time, i.e., time-varying 
variance processes. The model we focus on is called the AutoRegressive Conditional 
Heteroskedastic (ARCH) model. 

y, = Po+
e

, 

et\It_l~N(0,ht) 

ht =a0 + , a 0 > 0, 0 < a , < 1 

This is an example of an ARCH(l) model since the time varying variance ht is a function of a 

constant term ( a 0 ) plus a term lagged once, the square of the error in the previous period (a,^2 , , ) . 

The coefficients, a 0 and a , , have to be positive to ensure a positive variance. The coefficient a , 

must be less than 1, otherwise ht will continue to increase over time, eventually exploding. 

234 
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Conditional normality means that the distribution is a function of known information at time t -1 
i.e., when t = 2, (e2\ / , ) ~ jV(0, a 0 + a,e,2) and so on. 

The EViews workfile byd.wfl contains the returns to BrightenYourDayLighting. To plot the 
times series, double-click the variable and select View/ Open Graph/ Line & symbol and click 
OK. 

500 

To generate the histogram, select View/ Descriptive Statistics & Tests/ Histogram and Stats. 

[proclobjectlproperti») ¡Print I tonej frereel ¡Sampfe jGcnr jsheet gGraph j Stats jIdem 
•«adSheet 

R Graph 

¥mwimmm 
One-Way Tabdatjon.,, 

Corretogram... 
Unit Root Test... 
BOS Independenc* T«t... 

Labal 

Stats Tabte 
Stats by Ctessf ¡cation... 

Simple Hypothesis Tests 
Equality T«sts by Ctassif ¡eat»«,.. 

Empirical Distribution Tests. 

2 -

o - f i< | \ n 

i'l i i I ffTI'TTT 
100 

TTTTTJ I'I'T'I |")'Tm"l »''i'l 
200 300 400 500 
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Clicking this option gives the distribution below. 

Series: R 
Sample 1 500 
Observations 500 

Mean 1.078294 
Median 1 .029292 
Maximum 7.008874 
Minimum -2 .768566 
Std. Dev. 1 .185025 
Skewness 0 .401169 
Kurtosis 4 .470079 

Jarque-Bera 58.43497 
Probability 0.000000 

14.2 TESTING FOR ARCH EFFECTS 

To test for first order ARCH, regress the squared regression residuals e2 on their lags e]_x: 

¿ , 2 = Y o + Y I £ I + v , 

where v, is a random term. The null and alternative hypotheses are: 

tf0:y,= 0 

If there are no ARCH effects, then y, = 0 and the fit of the testing equation will be poor with a 

low R2. If there are ARCH effects, we expect the magnitude of e2 to depend on its lagged values 

and the R2 will be relatively high. Hence, we can test for ARCH effects by checking the 

significance of y, as well as applying the ¿A/test based on R2. 
The regression residuals are obtained from the mean equation. The regression of returns on a 

constant term is shown below. 
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DependentVariable: R 
Method: Least Squares 

Sample: 1 500 
Included observations: 500 

Coefficient Std. Error t-Statistic Prob. 

c 1.078294 0.052996 20.34674 0.0000 

R-squared 0.000000 Mean dependentvar 1.078294 
Adjusted R-squared 0.000000 S.D. dependent var 1.185025 
S.E. of regression 1.185025 Akaike info criterion 3.179402 
Sum squared resid 700.7373 Schwarz criterion 3.187831 
Log likelihood -793.8505 Hannan-Quinn criter. 3.182710 
Durbin-Watson stat 1.918974 

To generate the regression residuals, select View, select Residual Tests/Heteroskedasticity 
Tests from the drop down menus. 

¡View jProc¡Object) ¡Print ¡Name ¡Freeze) ¡Estimate[[Forecast¡Stats|Resids] 

P¡Representations 
Estimation Output 
Actual, Fitted,Residual 
ARM A Structure... 
Gradients and Derivatives 
Covariance Matrix 

Coefficient Tests 
Residual Tests 

Stability Tests 

Label 
s^roTTegressror -
Sum squared resid 
Log likelihood 
Durbin-Watson stat 

ficient Std. Error t-Statistic Prob. 

70 
-793.8505 
1.918974 

Correlogram - Q-statistics 
Correlogram Squared Residuals 
Histogram - Normality Test 
Serial Correlation LM Test... 
Heteroskedasticity Tests 

0.0000 

Hannan-Quinn criter. 

1.078294 
1.185025 
3.179402 
3.187831 
3.182710 

Then select the ARCH option. Inserting 1 in the Number of lags box means that we are testing 
for ARCH(l) effects. 
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Specification 
Test type: 
Breusch-Pagan-Godfrey 
Harvey 
Glejser 

White 
Custom Test Wizard., 

Dependent variable: RESIDE 

The ARCH Test regresses the squared 
residuals on lagged squared residuals 
and a constant. 

Number of lags: j l j 

I OK J [ Cancel | 

Clicking on OK gives the ARCH test results below. 

Heteroskedasticity Test: ARCH 

F-statistic 70.71980 Prob. F(1,497) 0.0000 
Obs*R-squared 62.15950 Prob. Chi-Square(l) 0.0000 

Test Equation: 
DependentVariable: RESIDA2 
Method: Least Squares 

Sample (adjusted): 2 500 
Included observations: 499 after adjustments 

Coefficient Std. Error t-Statistic Prob. 

c 0.908262 0.124401 7.301068 0.0000 
RESIDA2(-1) 0.353071 0.041985 8.409506 « 0 . 0 0 0 0 

R-squared 0.124568 Mean dependent var 1 A W f c * 
Adjusted R-squared 0.122807 S.D. dependent var 2.615903 
S.E. of regression 2.450018 Akaike info criterion 4.634068 
Sum squared resid 2983.286 Schwa rz criterion 4.650952 
Log likelihood -1154.200 Hannan-Quinn criter. 4.640694 
F-statistic 70.71980 Durbin-Watson stat 2.067032 
P rob (F-statistic) 0.000000 

Since the LM statistic (62.159) is significant, we reject the null hypothesis that there is no first-
order ARCH effects. Note that the LM statistic in EViews is calculated as LM = TxR2 = 
499x0.124568=62.16. Furthermore, the F- and /-statistics (62.16 = 8.40952) corroborate the 
presence of first order ARCH effects. 
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14.3 ESTIMATING AN ARCH MODEL 

To estimate an ARCH model, click Quick/ Estimate equation and select the ARCH option from 
the drop-down menu in Method. 

Equation Estimation 

Specification • Options 

Equation specification 
Dependent variable followed by list of regressors including ARMA 
arid PDL terms, OR an explicit equation like Y=c(l)+c(2)*X. 

Estimation settings 

Method: LS - Least Squares (NLS and ARMA) 

Sample: 
LS - Least Squares (NLS and ARMA) 
TSLS - Two-Stage Least Squares (TSNLS and ARMA) 
GMM - Generalized Method of Moments 
ARCH - Autorearessive Conditional Heteroskedasticity 
BINARY - Binary Choice (Logit, Probity Extreme Value) 
ORDERED - Ordered Choice 

^ ^ ^ ^ CENSORED - Censored or Truncated Data (including Tobit) 
• • • C O U N T - Integer Count Data 
H B B q R E G - Quantile Regression (including LAD) 
S B B B s T E P L S - Stepwise Least Squares 

• 

A screen with an upper Mean equation and a lower Variance and distribution specification 
section will open up. In the mean equation section, enter the regression of the returns, R, on a 
constant, C. In the variance and distribution specification section, to estimate an ARCH model of 
order 1, type a 1 against ARCH. 

Equat ion Est imat ion 

Specification ] Options: 

Mean equation — — —— — — — 
Dependent followed by regressors and ARMA terms OR explicit equation 

Variance and distribution specification 

Model: IGARCH/TARCH v j 

Order: 

CH: ¡1 | Threshold order: [o j 

:CH:lol 

Variance regressors: 

Error distribution: 
Restrictions: (None Normal (Gaussian) 

Estimation settings 
Method: ARCH - Autoregressive Conditional Heteroskedasticity v ; 

Sample; 1500 

[ OK j I Cancel | 
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To obtain the standard errors reported in the text, click on Options (top left hand corner) and then 
pick the options noted below. As discussed in the text, time series models require an initial 
starting value, in this case the initial variance The options suggested here set the initial 
variance to the unconditional sample variance. 

Backcasting 

Backcast presample MA terms 

V presample variance: /¿•Pre 
: 0 | H In n lili n il (parameter = 1) v j 

c 
Coefficient covariance 
p-i Heteroskedasticity consistent 
'—' covariance (Bollerslev-Wooldrldge) 

Derivatives 
Select method to favor; 

®Accuracy 

O Speed 

l~1 Use numeric only 

Iterative process 

500 Max Iterations: 

Convergence: I 0,0001 

Starting coefficient values: 

OLS/T5LS V 

[~1 Display settings 

Optimization algorithm 

® Marquardt 

O Berndt-Hall-Hall-Hausman 

I OK ] I Cancel | 

Clicking on OK will give the EViews output below. Note that we have used the default 
Marquardt algorithm to generate these results. 

DependentVar iab le : R 
Method: ML - A R C H (Marquardt) - Normal distribution 

Sample : 1 5 0 0 
Included observations: 5 0 0 
Convergence achieved after 10 iterations 
P r e s a m p l e variance: unconditional 
G A R C H = C(2) + C (3 ) *RES ID( -1 ) A 2 

Coefficient Std. Error z-Statistic Prob. 

C 1 . 0 6 3 9 3 9 0 . 0 3 9 4 4 2 2 6 . 9 7 4 5 8 0 . 0 0 0 0 

Variance Equation 

c 0 . 6 4 2 1 4 0 0 . 0 6 3 2 1 4 1 0 . 1 5 8 2 7 0.0000 
RESIDÎ-.1VV2 0 . 5 6 9 3 4 3 0 . 1 0 2 8 4 5 5 . 5 3 5 9 3 2 0 , 0 0 0 0 

R - s q u a r e d -0 .0001 47 Mean dependent var 1 . 0 7 8 2 9 4 
Adjusted R - s q u a r e d - 0 . 0 0 4 1 7 2 S.D. dependent var 1 . 1 8 5 0 2 5 
S.E. of regression 1 . 1 8 7 4 9 4 Akaike info criterion 2 . 9 7 5 1 7 3 
S u m squared resid 7 0 0 . 8 4 0 3 Schwarz criterion 3 . 0 0 0 4 6 0 
Log likelihood - 7 4 0 . 7 9 3 2 Hannan-Qu inn criter. 2 . 9 8 5 0 9 6 
Durbin-Watson stat 1 . 9 1 8 6 9 2 
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The top section is the mean equation. It shows that the average return is 1.063939. The lower 
section is the variance equation that gives the result of the ARCH model, namely, that the time 
varying volatility ht includes a constant component (0.642140) plus a component which depends 

on past errors (0.569343e,2_1). The shaded line highlights the significant ARCH effects. 
To generate the conditional variance series shown in the text, click on Proc and select Make 

GARCH Variance Series from the drop-down menu. 

View [[Proc|Ôb|ect | jPrint¡Name[[Freeze] ¡Estimate[[Forecast ¡Stats [Reads] 

pecify/Estimate... 

Forecast... 

Make Residual Series... 

Make Regressor Group 
Mate GARCH Variance Series.. 

Make Gradient Group 

Make Derivative Group 

Update Coefs From Equation 

i l distribution 

Coefficient Std. Error z-Statistic Prob. 

c 1.063939 0.039442 26.97458 0.0000 

Variance Equation 

C 0.642140 0.063214 10.15827 0.0000 
RESID(-1)A2 0.569343 0.102845 5 .S Ï932 I 0.0000 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
Durbin-Watson stat 

-0 .000147 
-0 .004172 
1.187494 
700.8403 

-740.7932 
1.918692 

Mean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwa rz criterion 
Hannan-Quinn criter. 

1.078294 
1.185025 
2.975173 
3.000460 
2.985096 

Clicking opens the window below. We have used H to label the conditional variance. 

Make GARCH Variance 

Conditional Variance: 

Permanent Component: 

OK 

Enter name(s) for the series you want created 
Cancel 

Clicking on OK creates the series which you can then graph by selecting View / Graph/ Line & 
Symbol/. 
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h 

14.4 GENERALIZED ARCH 

To estimate a GARCH(1,1) model, select the option shown below. 

Specification Options 

Mean equation — * 4 — - — M — — — — . — _ — — 
Dependent followed by regressors and ARMA terms OR explicit equation: 

Variance and distribution specification 

Model: 

Order: 

GARCH/TARCH 
Variance regressors: 

ARCH: U i Threshold order: ( T j 

G A R C H l l Error distribution: 

None Normal (Gaussian) 

Estimation settings 

Method: ARCH - Autoregressive Conditional Heteroskedasticity 

Sample: l 5 0 0 

ARCH-M: 

;None 

OK Cancel 

Clicking on OK produces the EViews results below. 
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DependentVariable: R 
Method: ML-ARCH (Marquardt) - Normal distribution 

Sample: 1 500 
Included observations: 500 
Convergence achieved after 17 iterations 
Presample variance: unconditional 
GARCH = C(2) + C(3)*RESID(-1)A2 + C(4)*GARCH(-1) 

Coefficient Std. Error z-Statistic Prob. 

C 1.049864 0.040465 25.94520 0.0000 

Variance Equation 

C 0.401044 0.089940 4.459026 0.0000 
RESID(-1)A2 0.491027 0.101570 4.834362 0.0000 

m GARCH(-1) 0.238007 0.111500 2.134585 0.0328 

R-squared -0.000577 
Adjusted R-squared -0.006629 
S.E. of regression 1.188946 
Sum squared resid 701.1414 
Log likelihood -736.0281 
Durbin-Watson stat 1.917868 

Mean dependent var 1.078294 
S.D. dependentvar 1.185025 
Akaike info criterion 2.960112 
Schwarz criterion 2.993829 
Hannan-Quinn criter. 2.973343 

Recall that the generalized GARCH(1,1) model is of the form: 

ht = 8 + ale,2_1 +P|/?,_i 

We also note that we need a, + p, < 1 for stationarity; i f a, + (3, > 1 we have a so-called 
"integrated GARCH" process, or IGARCH. 

The shaded line in the EViews output shows the significance of the GARCH term. These 
results show that the volatility coefficients, the one in front of the ARCH effect (0.491027) and 
the one in front of the GARCH effect (0.238007) are both positive and their sum is between zero 
and one, as required by theory. 

14.5 ASYMMETRIC GARCH 

The threshold ARCH model, or T-ARCH, is one example where positive and negative news are 
treated asymmetrically. In the T-GARCH version of the model, the specification of the 
conditional variance is: 

h,= 5 + a,e,2_, + yd,_xelx + p xh,_x 

f l e, < 0 (bad news) 
d,=\ 

[0 et > 0 (good news) 

where y is known as the asymmetry or leverage term. 
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When y = 0, the model collapses to the standard GARCH form. Otherwise, when the shock 

is positive (i.e. good news) the effect on volatility is a, but when the news is negative (i.e. bad 

news) the effect on volatility is a, + y . Hence, so long as y is significant and positive, negative 

shocks have a larger effect on ht than positive shocks. 

To estimate a threshold GARCH model, select the option shown below. 

Specification j Options E 

Mean equation 
Dependent followed by regressors and ARMA terms OR explicit equation: 

ARCH-M: 

None V 

Variance and distribution specification 

Model: GARCH/TARCH 
Variance regressors: 

Order: 

ARCH: | l | Threshold o r d e r j l ] 
GARCH:liJ ^ Error distribution: 

Normal (Gaussian) 
! 

Estimation settings 

Method; ARCH - Autoregressive Conditional Heteroskedastlcity 

Sample: 

J L 
1 500 

OK Cancel 

Clicking OK gives the EViews ouput 

DependentVariable: R 
Method: ML - A R C H (Marquardt) - Normal distribution 

Sample: 1 500 
Included observations: 500 
Convergence achieved after 34 iterations 
Presample variance: unconditional 
GARCH = C(2) + C(3)*RESID(-1)A2 + C(4)*RESID(-1)A2*(RESID(-1)<0) • 

C(5)*GARCH(-1) 

Coefficient Std. Error z-Statistic Prob. 

c 0.994809 0 .042918 23 .17943 0.0000 

Variance Equation 

C 
RESID(-1)A2 

0 .355662 
0 .262576 

0 .090047 
0 .080374 

3 .949717 
3 .266924 

0.0001 
0.0011 

^ E S I D ( - i m R E S I D ( - 1 ) « i 3) 0 .491902 0 .204566 2 .404609 0.0162 
GARCH(-1) 0 .287370 0 .115485 2 .488375 0.0128 

R-squared 
Adjusted R-squared 
S.E. of regression 
Sum squared resid 
Log likelihood 
Durbin-Watson stat 

- 0 .004973 
-0 .013094 
1 .192758 
704.2222 

-730 .5537 
1 .909478 

Mean dependent var 
S.D. dependent var 
Akaike info criterion 
Schwarz criterion 
Hannan-Quinn criter. 

1 .078294 
1 .185025 
2 .942215 
2 .984361 
2 .958753 
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Since the coefficient on the asymmetric term (0.492) is significant, we infer that there is evidence 
that positive and negative shocks have different effects. In particular, when the shock is positive, 
the estimate of the time-varying volatility is 

h, =0.355662 + 0.262576e,2_] + 0.287370V, 

and when the shock is negative, the estimate of the time-varying volatility is 

h, =0.355662 + (0.262576 + 0.491902)ef_, +0.287370/?, 

14.6 GARCH-IN-MEAN 

The equations of a GARCH-in-mean model are shown below: 

yt=^0 + Qh,+e, 

e, I ~ N ( 0 , h,) 

h, =8 + a,ef_1 +p,/?,_,, 5>0 , 0 < a , <1, 0<p, <1 

The first equation is the mean equation; it now shows the effect of the conditional variance on the 
dependent variable. In particular, note that the model postulates that the conditional variance ht 

affects yt by a factor 0. The other two equations are as before. 
To estimate a GARCH in mean model, select the option shown below. 

Equation Estimation 

Specification opt ions 

Mean equation — : — 
Dependent followed by regressors and ARMA terms OR explicit equation: 

Variance and distribution specification 

Model GARCH/TARCH 
Variance regressors: 

Order: 

ARCH: 

GARCH: 

Threshold order: ¡1 \ 

Error distribution: 

Restrictions: None Normal (Gaussian) 

ARCH-M: 

Estimation settings 

Method: ARCH - Autoregressive Conditional Heteroskedasticity 

Sample: 1 5 0 0 

OK Cancel 
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Clicking on OK produces the EViews ouput below. 

DependentVariable: R 
Method: ML-ARCH (Marquardt) - Normal distribution 

Sample: 1 500 
Included observations: 500 
Convergence achieved after 144 iterations 
Presample variance: unconditional 
GARCH = C(3) + C(4)*RESID(-1)A2 + C(5)*RESID(-1)A2*(RESID(-1)<0) + 

C(6)*GARCH(-1) 

Coefficient Std. Error z-Statistic Prob. 

C 0.818237 0.071160 11.49860 0.0000 

Variance Equation 

C 0.370564 0.081875 4.525960 0.0000 
RESID(-1)A2 0.294997 0.086104 3.426047 0.0006 

RESID(-1)A2*(RESID(-1)<0) 0.321186 0.162257 1.979493 0.0478 
GARCH(-1) 0.278281 0.103908 2.678133 0.0074 

R-squared 0.043888 Mean dependent var 1.078294 
Adjusted R-squared 0.034211 S.D. dependent var 1.185025 
S.E. of regression 1.164578 Akaike info criterion 2.922629 
Sum squared resid 669.9834 Schwa rz criterion 2.973205 
Log likelihood -724.6573 Hannan-Quinn criter. 2.942475 
F-statistic 4.535169 Durbin-Watson stat 1.822325 
Prob(F-statistic) 0.000472 

Since the coefficient on the GARCH in mean term (0.196) is significant, we infer that there 
evidence that volatility affects returns. 

Keywords 

ARCH test 
asymmetric GARCH 

GARCH 
GARCH-in-mean 

time-varying volatility 
threshold GARCH 
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Panel Data Models 
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15.1 Grunfeld Data: Two Equations 
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15.1.3 Least squares estimation with dummy 

variables 
15.1.4 Introducing the pool object 
15.1.5 Seemingly unrelated regressions 
15.1.6 Testing contemporaneous correlation 
15.1.7 Testing cross-equation restrictions 

15.2 Grunfeld Data: Ten Firms 
15.2.1 Structuring theworkfile 
15.2.2 Fixed effects using dummy variables 
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15.2.4 Pooled least squares 
15.2.5 The fixed effects estimator 

15.3 NLS Panel Data 
15.3.1 Fixed effects estimation 
15.3.2 Random effects estimation 
15.3.3 The Hausman test 

KEYWORDS 

15.1 GRUNFELD DATA: TWO EQUATIONS 

Panel data are data with two dimensions, a time dimension and a cross-section dimension. They 
typically comprise observations on a number of economic units, such as individuals or firms, over 
a number of time periods. The use of panel data involves new models, new econometric 
techniques and new ways of handling the data. EViews has the capacity to estimate a vast array of 
models, using many different estimation techniques. Also, the user has various options for 
handling the data and proceeding to estimation. Some but not all of those options wil l be 
introduced as we lead you through the examples in Chapter 15 of the text. The first example 
involves T = 20 time series observations on just N = 2 cross sectional units, the firms General 
Electric and Westinghouse. The data can be found in the file grunfeld2.dat. We are interested in 
estimating the two equations 

INVge = P1)G£ + P2,GE^GE P3.GE^GE SGE 

INVWE = WE + ^2,WE^WE + P3,WE^WE + EWE 

where INV denotes investment, V denotes market value of stock and K denotes capital stock, with 
the subscripts GE and WE referring to General Electric and Westinghouse, respectively. There are 
various ways of estimating these two equations depending on what further assumptions are made 

247 
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about the coefficients and the error terms in each of the equations. We first consider separate least 
squares estimation of each equation. 

15.1.1 Separate least squares estimation 

In the following screenshot the two separate equation specifications for the GE and WE equations 
have been superimposed on the workfile. There is nothing new in these specifications. They are 
straightforward least squares estimations. With respect to the structure of the workfile, there are 
two things worth noting. First, the observations are dated with the range and sample specified as 
annual data from 1935 to 1954. Second, each of the variables has a "subscript", GE or _WE to 
signify whether the observations are for General Electric or Westinghouse. These "subscripts" are 
known as cross section identifiers. They wi l l be important in subsequent sections of this chapter. 

m Workfil e: GRUNFELD2 - (c:\data\evie... - • X 
[vie'A'J[Proc][object| [Printfsave ¡Details +/-] [show ¡Fetch ¡Store!Delete ¡Genr ¡Sample ] 
Range: 19351954 - 20 obs Display Filter: * 
Sample: 19351954 - 20 obs 

E c 
0 inv_ge 
0 inv_we 
0 k_ge 
0 k_we 
0 resid 
0 v_ge 
0 v_we 

E c 
0 inv_ge 
0 inv_we 
0 k_ge 
0 k_we 
0 resid 
0 v_ge 
0 v_we 

Equation specification 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c{2)*X, 

E c 
0 inv_ge 
0 inv_we 
0 k_ge 
0 k_we 
0 resid 
0 v_ge 
0 v_we 

inv_ge c v j e k j e General Electric 

E c 
0 inv_ge 
0 inv_we 
0 k_ge 
0 k_we 
0 resid 
0 v_ge 
0 v_we 

E c 
0 inv_ge 
0 inv_we 
0 k_ge 
0 k_we 
0 resid 
0 v_ge 
0 v_we 

tquaoon specmcation 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like ¥=c(l)+c(2)*X. 

E c 
0 inv_ge 
0 inv_we 
0 k_ge 
0 k_we 
0 resid 
0 v_ge 
0 v_we 

inv_we C v_*e k_we Westinghouse 

The outputs from each of these regressions follow. Note that they confirm the results in Table 
15.1 on page 386 of the text. 

DependentVariable: INV_GE 
Method: Least Squares 
Sample: 1935 1954 
Included observations: 20 

Variable Coefficient Std. Error t-Statlstic Prob. 

C -9.956308 31.37425 -0.317340 0.7548 
V GE 0.026551 0.015566 1.705705 0.1063 
K_GE 0.151694 0.025704 5.901548 O.OOOO 

R-squared 0.705307 Sum squared resid 
; 

13216.59 
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Dependent Variable: INV_WE 
Method: Least Squares 
Sample: 1935 1954 
Included observations: 20 

Variable Coefficient Std. Error t-Statistic Prob. 

C -0.509390 8.015289 -0.063552 0.9501 
v WE 0.052894 0.015707 3.367658 0.0037 
K_WE 0.092406 0.056099 1.647205 0.1179 

R-squared 0.744446 Sum squared resid 1773.234 

15.1.2 Stacking the data 

In the previous section we estimated two regression equations with 20 observations for each. As 
noted in equation (15.6) of the text, the same least squares estimates can be obtained by pooling 
the observations into one sample of 40, and including intercept and slope dummy variables for 
each of the coefficients. The standard errors turn out differently, however. With separate least 
squares estimation we get separate estimates for a2

GE and a2
WE . When the observations are pooled 

into one sample, the implicit assumption is that <j2ge = a2
WE and only one error variance estimate is 

obtained. 
To obtain the pooled dummy variable estimates, it is convenient to stack the observations into 

one sample of size 40. In addition to stacking INV, V and K, we wi l l create the required dummy 
variable by defining DUM _ WE = 1 and DUM_ GE = 0 , and also stacking these two series. 

series dum we = 1 
series dum ge = 0 

We have chosen the notation DUM rather than D as used by the text because EViews reserves D 
to be used as a difference operator, as was described in Chapter 12. Stacking is carried out by 
creating a second page in our workfile and storing the stacked series in that page. But, first we 
name the first page that contains the unstacked data. Go to fProcl, and select Rename Current 
Page. In the resulting dialog box, call the page unstacked. 

Load Workfile Page 
Save Current Page 

Delete Current Page 

unstacked 

OK Cancel 

To create a new page with the stacked data, go to Proc/Reshape Current Page/Stack in New 
Page. 
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" Workfile: GRUNFELD2 - (c:\data\eviews... 
[View fProciobject j [Print](Save]}Details +/-] [show [[Fetch¡Store ¡Delete¡Genr ¡Sample | 

Ran 
Sarr 

J feet Samp le . . . Display Fi 

/ y 
B e 
S i r 
S i r : 
S M 
S M 
H i s 
a is 
S r i 

J 

S t ruc tu re /Res ize Cur ren t Page.. . / 

A p p e n d to Cur ren t Page.. . / 

Cont ract Cur ren t Page.. . 

B e 
S i r 
S i r : 
S M 
S M 
H i s 
a is 
S r i 

W m s m m } 
Copy/Ext ract f r o m Current Page • i 

L—JSiKi jQiy^^ 

Un'stack in New Page ... j 

A Workfile Stack dialog box appears. The cross section identifiers _GE and _WE are inserted in 
the Stacking Identifiers box. In the box that says Series to stack into new workfile page, each 
of the series names is entered without the subscripts (identifiers), and with each identifier 
replaced by a question mark ?. Leaving the box below that blank wil l mean that the new series of 
length 40, with both the GE and WE observations, wi l l be called INV, V, K and DUM. 

Stack Workfile j p a g e Destination] 

Source page: GRUNFELD2Vinstacked 

Stacking Identifiers — — —'1 - — 
Enter either; A set of IDs, ie. "UK US JAP* 

A Pool name 
A Series name pattern, ie,*GDP?* 

_ge j w e cross section 
identifiers 

Series to stack, into new workfile page 
Use ? for the stacking identifier 

inv? v? k? dum? series names with 
identifier replaced by ? 

Name fer stacked series 
Enter text to replace the ? in 
original name. (Blank is o.k.) 

Order ofobs-
® Stacked 
O Interleaved 

Cancel 

Notice the second tab in the Workfile Stack box called Page Destination. Click on that. We are 
keeping the current workfile and naming the new page stacked. 
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rDest ina f ion fbr new WF Page — • 

{ * ) Current default workfiie 

I O New workfiie 

name of page 
Names f o r stacked data 

The new workfiie page called stacked is illustrated below. Check out the following. 
1. The Range is given as 1935 1954 x 2 implying we have two cross sections for the 

specified time period. 
2. The names of the new series that include all 40 observations are INV, V, K and DUM. 
3. There are two new series ID01 and ID02. The first one indicates which observations are 

GE and which are WE. The second contains the date of each observation. 
Open the various series and familiarize yourself with how EViews has set them up. 

™ Workfiie: GRUNFELD2 - (c:\data\... LJ |n | |X | 
y iewlProc fob jec t ] [Print][ iavefDetafe+/~l Fetch]| S tore ]jpetet^|Ger^[|^ampfe 

Range: 1 9 3 5 1 9 5 4 x 2 - 4 0 o b s 
Sample : 1 9 3 5 1 9 5 4 - 40 obs 

Display Filter: 

E S c 
H d u m 
S idOl 

0 inv 
0 k 
0 res id 
H v 

firm identifier 

date identifier 

new page new senes are 
inv, v, k and dum 

15.1.3 Least squares estimation with dummy variables 

We are now in a position to obtain the estimates given in Table 15.2 on page 387 of the text. 
Follow the familiar routine of going to Object/New Object/Equation, name the equation object 
and f i l l in the Equation specification. 

Specification Panel Options s Options is Optier 
• ' i f c r — 

Equation specification new options 
Dependent variable followed by list o f regressors including ARMA 
and POL terms, OR an explicit equation like Y=c( l )+c(2)*X. 

inv c dum v dum*v k dum*k 
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The variables specified are those that appear in equation (15.6) and Table 15.2 of the text. Notice 
that we are able to enter the products dum*v and dum*k without creating new series. EViews 
figures it out and gives you the results. 

Something new that has suddenly turned up is another tab called Panel Options. Because 
you went through a stacking procedure, EViews knows that the data are panel data. Accordingly, 
it set up a panel workfile structure that specifies a panel range and includes objects describing the 
cross section and time series components. The panel workfile structure includes Panel Options in 
the Equation Estimation window. For the moment we do not need these options, but we do 
consider some of them shortly. Clicking OK reveals the results in Table 15.2 on page 387. 

Dependent Variable: INV 
Method: Panel Least Squares ^ description of nature 
Sample: 19351954 of panel observations 
Periods included: 20 
Cross-sections included: 2 
Total panel (balanced) observations: 40 

Variable Coefficient Std. Error t-Statistic Prob. 

C -9.956306 23.62636 -0.421407 0.6761 
DUM 9.446916 28.80535 0 327957 0.7450 

V 0.026551 0.011722 2.265064 0.0300 
DUM*V 0.026343 0.034353 0.766838 0.4485 

K 0.151694 0.019356 7.836865 O.OOOO 
DUM*K -0.059287 0.116946 -0.506962 0 6155 

15.1.4 Introducing the pool object 

The dummy variable model estimated in the previous section is given by 

INV = p1-C£ + 5 ,DUM + fi2GEV + 5 2(DUM xV) + (3 3GEK + 5,(DUM xK) + e 

Using the substitutions 

S, = Pi,WE ~ Pi,GE = ^2,IVE ~ = P3,WE ~ Ps,G£ 

the dummy variable model can be written as 

INV = (3, GE (1 - DUM) + (3 UWEDUM + (32G£ (1 - DUM) x V + (32 M (DUM x V) 

+ p3 GE (1 - DUM) xK + p3 WE (DUM x K) + e 

Estimating this equation wi l l give exactly the same results as those from the earlier dummy 
variable model in the sense that estimates and standard errors of corresponding coefficients wi l l 
be equal. We can estimate it from the stacked page of grunfeld2.wfl, using the equation 
specification 

inv (1-dum) dum (1-dum)*v dum*v (1-dum)*k dum*k 

Try it! See what you get. Can you match corresponding coefficients with Table 15.2? 
We can also get these estimates using a pool object in the unstacked page. Return to the 

unstacked page and select Object/New Object/Pool. We named the pool object LS_EQNS. 
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New Object X j 

Type o f object Name for object 

Pool ls_eqns 

Equation 
Factor 
Graph 
Group 
logL 
Matrix-Vector-Coef 
Model 
Pool 
î î i n i l , -

EViews wi l l then ask you for the cross section identifiers which in this case are GE and WE. 
For this procedure to work, series names should be expressed with a common component such as 
INV, K and V and with a cross section identifying component like _GE and WE. 

Pool: LS_EQNS Workfile: GR. 
Ijview¡[Procfobject] [Print|Name ¡Freeze] [Estimate¡Define¡PoolGenr¡Sheet] 1 

Cross Section Identifiers: (Enter identifiers fclij 
_ge 
_we 

ow this line) A ; \ 
x M 

Then click on Estimate. Wow! Look at all the boxes you have to fill in. Don't be scared. At the 
moment we are only concerned with two of them. 
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1. For the Dependent variable we have written INV?. Writing it this way, with the question 
mark, tells EViews to consider all values on investment. Remember that you have already 
told EViews about the cross-section identifiers. It won't forget. 

2. The other box that is filled in is the Cross-section specific coefficients box. We chose 
this one because we want to allow the General Electric coefficients to be different from 
the Westinghouse coefficients. I f you wanted them to be the same, you would choose the 
Common coefficients box. I f you wanted the coefficients for some variables to be the 
same and some to be different, you can write some of the explanatory variable names in 
one box and some in the other. 

3. Because we are estimating the equation by straightforward least squares, we do not need 
to change the default settings in the Estimation method box. 

The results follow. They are equivalent to those in Table 15.2, although at first glance you might 
not think so. We can see the equivalence by noting that 

5, - -0.5094 - (-9.9563) = 9.4469 S2 = 0.052894 - 0.026551 = 0.026343 

S3 =0.09241 -0.15169 = -0.05928 

Dependent Variable: INV? 
Method: Pooled Least Squares 
Date: 12/10107 Time: 01:46 
Sample: 1935 1954 
Included observations: 20 
Cross-sections included: 2 
Total pool (balanced) observations: 40 

Variable Coefficient Std. Error t-Statistic Prob. 

_GE~-C -9.956306 23.62636 -0.421407 0.6761 
_WE—C -0.509390 16.47857 -0.030912 0.9755 

_GE—V_GE 0.026551 0.Q11722 2.265064 0.0300 
_WE—V_WE 0.052894 0.032291 1.638052 0.1106 
_GE-K_GE 0.151694 0.019356 7.836865 0.0000 
WE-K WE 0.092406 0.115333 0.801212 0.4286 

15.1.5 Seemingly unrelated regressions 

The coefficient estimates obtained in the previous section were obtained under the assumption 

that g2
ge = a2

WE, and that the errors for the Westinghouse and General Electric equations, in the 

same year, are uncorrelated, co\(eGE t,eWE . Seemingly unrelated regression estimates are 

obtained under the assumptions aGE * a2
WE and cov(eGEt,eWEl)ï 0 . To obtain them we proceed 

exactly as we did in the previous section, with one slight modification. Can you remember the 
steps? Set up a pool object. Give it a name. This time we wi l l call it SUR. Fil l in the cross-section 
identifiers. Click Estimate. Fi l l in the Dependent variable and Cross-section specific 
coefficients boxes as before. The new thing that you need to do this time is to select Cross-
section SUR from the drop-down Weights menu in the Estimation method box. 
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Estimation method 

Fixed and Random Effects 

Cro: 

Period: 

None 

None 

Weights: SWBggSBEI ig 

The results appear below. Compare them with Table 15.3 on page 388 of the text. The following 
points are worth noting. 

1. In the output the coefficients are ordered according to variable. In Table 15.3 they are 
ordered according to equation. 

EViews calls the estimation method Pooled EGLS (estimated generalized least squares). 
The SUR estimator is a particular kind of generalized least squares estimator. 

Although the coefficient estimates are identical to those in Table 15.3, the standard errors 
are not. The difference arises because EViews uses T as the divisor when estimating the 
error variances and covariance, whereas the degrees of freedom corrected divisor T - K 
was used for the results in Table 15.3. Both are popular. To reconcile the two, consider 
the last standard error reported from both places and note that 

2. 

3. 

0.0530 x T-K 
• 0.0530x, = 0.0489 

Dependent Variable: INV? 
Method: Pooled EGLS (Cross-section SUR) 
Date: 12/10/07 Time* 
Sample: 19351954 
Included observations: 20 
Cross-sections included: 2 
Total pool (balanced) observations: 40 
Linear estimation after one-step weighting matrix 

generalized least 
squares method 

Variable Coefficient Std. Error t-Statistic Prob. 

GE-C -27.71932 27.03283 -1 025395 0 3124 
WE-C -1.251988 6.956347 -0 179978 0 8582 

GE-V GE 0.038310 0.013290 2 882609 0 0068 
WE-V WE 0.057630 0.013411 4 297200 0 0001 
GE-K GE 0.139036 0.023036 6 035716 0 0000 
WE-K WE 0.063978 0.048901 1 308318 0 1995 

15.1.6 Testing contemporaneous correlation 

In the context of the two-equation SUR model, a test for contemporaneous correlation is a test of 
H0:co\(eGE l,eWE l ) = 0. The relevant test statistic, described on page 389 of the text, is 

LM = T x we where rGE WE is the squared correlation between the least squares residuals from 

the two equations. To get this correlation return to the pool object L S E Q N S (we want least 
squares residuals not SUR residuals), open it, and select View/Residuals/Correlation Matrix. 
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rnmmmmMÈmMsm a aid 
Il View II Proc¡Object] |print]|Name ¡Freeze | [Estimate ¡Define ¡PoolGenr ¡Sheet | 

'•Cross Section Identifiers y 
Representations 

Estimation Output ¡ f i 
Res iduals • I Table / 

Graphs / 

Cova ria nee Matrix % HiBaMBISM 
I Co€f Cova ria n ce M atrix 

Table / 

Graphs / 

Cova ria nee Matrix % HiBaMBISM J Coefficient Tests • , 

Fixed/Random Effects Testing • 1 

Table / 

Graphs / 

Cova ria nee Matrix % HiBaMBISM Prob. 

Residual Correlation Matrix 
GE WE 

GE 1.000000 0.728965 
WE 0.728965 1.000000 

From the resulting matrix, we have rGE WE = (0.728965)2 = 0.53139 , giving a test statistic value of 

LM = 20x0.53139 = 10.628. The command 

scalar pval = 1 - @cchisq(10.6278,1) 

yields a /rvalue of 0.0011. We reject H0 and conclude that contemporaneous correlation between 

the equation errors exists. 

15.1.7 Testing cross-equation restrictions 

So far we have been assuming that General Electric and Westinghouse have different coefficients. 
Could they be the same? To answer this question we test the hypothesis 

H 0 • Pi,G£ = Pi,WE ' P2,GE ~ P2,WE ' P3,GE = P3,WE 

This hypothesis can be tested using the Wald test option from SUR estimation. For carrying out 
the test we can follow the same steps as described in Chapter 6, although in this case the formulas 
for the test statistics are more complicated than we have divulged. Also, special care must be 
exercised to make sure we are testing the coefficients that we want to test. Return to the SUR 
output. Note the order of the coefficients. This is the order in which EViews stores them in the C 
vector. Consequently, writing the null hypothesis in terms of EViews coefficients, we have 

H0: C(1)=C(2), C(3)=C(4), C(5)=C(6) 

Select View/Coefficient Tests/Wald - Coefficient Restrictions. Enter the following restrictions 
in the Wald test box. 

Coefficient restrictions separated by commas 

t ( l ) = c(2)r c{3) = c(4), c(5) = c(6) 



Panel Data Models 257 

Waltf Test 
Pool: SUR 

Test Statistic Value df Probability 
1 

F-statistic 
Chi-square 

3.437931 
10.31379 

(3, 34) 
3 

0.0275 
0.0161 

Null Hypothesis Summary: 

Normalized Restriction {= 0) Value Std. Err. 

C{1)-C{2) 
C{3)-C{4) 

: C(5)-C(6) 

-26.46733 
-0.019320 
0.075058 

22.91810 
0.010793 
0.041621 

In the lower part of the output, the normalized restrictions are P, G£ - (3, m = 0, P2 ge ~ P2 we = 0 > 
and P3 G£. - P3 WE = 0 . Estimates of the left hand sides of the restrictions and their standard errors 
appear in the columns Value and Std. Err. The F- and Y2 -values for the test are given in the 
upper part of the output, along with their corresponding /rvalues. The hypothesis of equal 
coefficients is rejected. 

There is a discrepancy between the values in the text on pages 390-1 and those in the above 
output. Those in the text are F = 2.92 and Y2 =8.77. The difference is again attributable to the 
treatment of a degrees of freedom correction when estimating the error variances and covariance. 
To convert the EViews values to the text values, we multiply by (17/20). 

3.4379x — = 2.92 10.3138x — = 8.77 
20 20 

15.2 GRUNFELD DATA: TEN FIRMS 

A more complete set of the Grunfeld data comprising T = 20 observations on N = 10 firms can 
be found in the workfi Ie grunfeld. wfl. The contents of this workfile are displayed below. 

fc t J i y p i i t i l l I 

[view][Proc¡Object] [PrintJSavej|Details+/-] [show][Feteh][store][Delete][Genr][Sample 

Range: 1 200 
Sample: 1 200 

- 200 obs ^ ^ Display Filter * 

B e 

0 inv 
0 k 
0 resid 
0 t 
0 v 

^ no panel structure 

f i r m identifier 

— time period identifier 
< > \ Un t i t l ed / New Page / 
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This file contains the familiar series INV, V and K and two new series / and T. The series I 
identifies observations for the z'-th firm, / = 1,2,...,10. The series T identifies observations for the 
t-th time period, / = 1,2,...,20. The Range and Sample are both simply set at 1 200 without 
recognition of the panel structure of the data. So that EViews is fully informed, we begin this 
section by specifying the panel structure. 

15.2.1 Structuring the workfile 

Go to Proc/Structure/Resize Current Page. A Workfile structure dialog box appears. There 
are various options that we could choose from the drop-down menu Workfile structure type. 
Since we have the identifying series I and T in the workfile, we choose undated with ID series 
and insert the names of these series in the Identifier series box. 

Append to Current Page. 

Contract Current Paqe... 

• Workfile structure type 

Undated with ID series H 1 

Identifier series firm and year 
identifiées 

When you return to the workfile, you wi l l see extra information under Range that says 
Dim(10,20). In other words, the panel dimension is (10x20). EViews has figured out this 
dimension by checking the values in / and T. 

Range: 1 200 Dim(10,20) - 200 obs 
Sample: 1 200 - 200 obs 

15.2.2 Fixed effects using dummy variables 

Table 15.4 on page 392 of the text presents estimates of the investment functions for the 10 firms 
assuming (1) all firms have the same coefficients on V and K, (2) each firm has a different 
intercept, (3) the error variances are the same for all firms, and (4) there is no contemporaneous 
correlation between errors of different firms. Taken together, these assumptions comprise those of 
a standard fixed effects model. The different intercept terms are known as fixed effects. The fixed 
effects model can be estimated in one of two ways. Dummy variables can be included for each of 
the firms and the constant omitted. In this case the coefficients of the dummy variables are the 
intercepts (fixed effects). Alternatively, the data can be expressed in terms of deviations from 
firm means and estimated without any intercepts, as described on page 394 of the text. We wi l l 
first estimate the model by including dummy variables. Later we consider EViews automatic 
fixed effects option, and relate it back to our results for the dummy variable specification. We do 
not explicitly consider estimation using data expressed as deviations from firm means, although 
that is undoubtedly the approach taken by EViews automatic command. 

We generate the dummy variable series by using a sequence of logical generate commands. 
For example, the command 
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series d1 = (i=1) 

generates a series D1 that is equal to one when (i=1) is true and equal to zero when (i=1) is false. 
Ten such commands are needed, one for each dummy variable. 

Enter equation 

d i = 0=13 
logical generate: 
d1=1 if M is true 

Enter equation 

d2 = (¡=2) 

Enter equation 

d 10 = 0=10} 

To estimate the model, proceed to the Equation specification in the usual way. Enter the 
dependent variable INV, followed by each of the dummy variables, V and K. You wi l l have 
noticed the Panel options tab at the top of the Equation estimation window. It is not needed. 
You might be tempted to select fixed effects. That would be wrong. Including the dummy 
variables means the fixed effects are already included. I f you try to do it twice, EViews wi l l get 
upset and send you a nasty singular matrix message. 

Equation specification 1 
Dependent variable followed by list of regressors ir 

like Y=c( l ) -

inv ld l d2 d3 d4 dS d6 d7 d8 d9 dlOÎv k 

10 dummy variables, no constant 

Dependent Variable: INV 
Method: Panel Least Squares panel description 
Sample: 1 200 
Periods included: 20 j u 
Cross-sections included: 10 
Total panel (balanced) observations: 200 

Variable Coefficient Std. Error t-Statistic Prob. 

D1 -69.14348 49.68547 -1.391624 0.1657 
D2 100.8624 2491368 4.048478 0.0001 
0 3 -235.1187 24.41825 -9.628812 o.oooo 
D4 -27.63498 14.06983 -1.964130 0.0510 
D5 -115.3169 14.16199 -8.142703 0.0000 
D6 -23 07357 12.66121 -1.822382 0.0700 
D7 -66.68293 12.83763 -5.194332 0.0000 
D8 -57.35860 13.98559 -4.101265 0.0001 
D9 -87.27701 12.88512 -6.773473 0.0000 

D10 -6.546269 11.81987 -0.553836 0.5803 
V 0.109771 0.011855 9.259556 0.0000 
K 0310644 0.017370 17.88354 0.0000 . 

Sum squared resid 522855.2 
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Compare the above output with that in Table 15.4 of the text. Note the way EViews describes the 
panel structure in the top portion of the output. 

15.2.3 Testing the effects 

A test likely to be of interest is one that checks whether the intercepts for all firms could be 
identical. I f they are, one can use a pooled least squares regression estimated from the 200 
observations without any regard for the panel structure. Open the Wald test box by going to 
View/Coefficient Tests/Wald - Coefficient Restrictions. We want to test whether the 10 
intercept coefficients are equal. Another way of putting it is we want to replace 10 coefficients 
with one coefficient. To do so involves 9 restrictions. There are a number of different ways of 
writing these restrictions. One way appears in the box below. Note that the intercepts represent 
the first 10 coefficients and so they wil l be numbered C(l), C(2), ..., C(10). Another alternative is 
to set C(l) = C(2), C(l) = C(3), ..., C(l) = C(10). You wil l be able to think of other ways. 

Coefficient restrictions separated By < 

c( l )=c {2 ) , c{2)=c(3), c(3)=c(4), c(4)=c(5), 
c{S)=c{6), c(6)=e(7), c{7)=c<8), c(8)=c{9), 
c{9l =cf i ö l 
' 9 equal signs 

The upper panel of the test outcome appears below. Notice that the F-value is the same as that on 
page 393 of the text, obtained using restricted and unrestricted sums of squared errors. The 
relationship between the two test values is x2 = 9 x F , with 9 being the degrees of freedom for 
the i 1 -test and the numerator degrees of freedom for the F-test. With /^-values of 0.0000, both 
tests clearly reject the null hypothesis of equal intercepts. 

Wald Test 
Equation: TABLE15_4 

Test Statistic Value df Probability 

F-statistic 48.99152 (9,188} 0.0000 
Chi-square 440.9237 9 0.0000 

15.2.4 Pooled least squares 

The pooled least squares estimates that make no special assumptions to accommodate the panel 
structure are given in Table 15.7 on page 395 of the text. No special commands are required to 
produce these estimates. Following the usual steps, leads to the Equation specification and 
results that appear below. 

Equation specification 
Dependent variat 
and FDL terms r O 

inv c ¥ 
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i Dependent Variable: INV 
Method: Panel Least 
Sample: 1 200 
Periods included: 20 
Cross-sections included: 10 
Total panel (balanced) obseivations: 200 

Variable Coefficient Std. Error t-Statistic Prob. 

C -43.02448 9.497896 -4.529896 0.0000 
V 0.115374 0.005830 19.78916 0.0000 
K 0.231931 0.025465 9.107895 O.OOOO 

Sum squared resid 1749128 

Squares panel description 

15.2.5 The fixed effects estimator 

Now consider EViews automatic command for estimating a fixed effects (dummy variable) 
model. You f i l l in the same Equation specification as you did for the pooled least squares 
estimator in the previous section, but this time you need to click on the Panel options tab and 
choose Fixed for the Cross-section Effects specification. 

Equation spedf icato 
Dependent variai 
and PDt teras, O 

rtv c v k 

Specification Panel Options Options 

Effects specification 

Cross-section: 

Period: None 

fixed effects 
for Firms 

The upper part of the output appears below. You should notice that the estimates for the 
coefficients of V and K are identical to those obtained when we explicitly included the dummy 
variables in Section 15.2.2. Also, i f you took time to do the arithmetic, you would discover that 
the new intercept -58.729 is equal to the average of the dummy variable coefficients obtained 
earlier. 

Dependent Variable: INV 
• Method: Panel Least Squares 
Sample: 1 200 average of 
Periods included: 20 Fixed effects 
Cross-sections included: 10 / 
Total panel (balanced) observations: 200 

Variable Coefficient SJjiŒrror t-Statistic Prob. 

C -58.72901 ^ 12.44628 -4.718601 0.0000 
V 0.109771 0.011855 9.259556 0.0000 
K 0.310644 0.017370 17.88354 0.0000 

Effects Specification 

Cross-section fixed (dummy variables) 
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15.2.5a Retrieving the fixed effects 

Sometimes the fixed effects (intercept estimates) are of special interest. They can be used to 
analyze the extent of firm heterogeneity and to examine any particular firms that may be of 
interest. For many examples the number of fixed effects is enormous and so rather than print them 
on the output, Eviews puts them in a special spreadsheet. To locate this spreadsheet go to 
View/Fixed/Random Effects/Cross-section Effects. 

i few] „ / 

1 Representations 

Estimation Output j / _ V 
I Fixed/Random Effects • Cross-section Effects 1* 

j Actual,Fitted,Residual • Period Effects 

The spreadsheet for the fixed effects for each of the 10 firms is given in the left-hand side of the 
panel below. A comparison with the dummy variable coefficients from Table 15.4 reveals that 
they are not the same. The difference is that EViews has expressed them in terms of deviations 
form the mean of -58.729 that was reported on the output. To get the original fixed effects you 
add the mean as is done on the right-hand side of the below panel. 

Cross-section Fixed Effects fixed effects: not mean corrected 
1 Effect 

fixed effects: not mean corrected 

1.000000 -10.41447 -10.41447-59.72.9 = -69.14 
2.000000 159.5914 159.5914 -59 729 = 100.86 
3.000000 -176.3897 -176.3897-59.729 = -235.11 
4.000000 31.09403 31.09403-59.729 = -27.64 
5.000000 -56.58790 -56.58790 - 59,729 = -115.32 
6.000000 35.65544 35.65544-59.729 = -23.07 
7.000000 -7.953918 -7.953918 - 59.729 = -66.68 
8.000000 1.370412 1.370412 - 59.729 = -57.36 
9.000000 -28.54801 -28.54801-59.729 = -87.28 
10.00000 52.18274 52.18274 - 59.729 = -6.55 

15.2.5b Testing the fixed effects 

Can we use the fixed effects output to test for equality of the fixed effects (dummy variable 
coefficients) like we did earlier using the dummy variable specification? The answer is yes. Go to 
View/Fixed/Random Effects Testing/Redundant Fixed Effects - Likelihood Ratio. 

[view] 

Coefficient Tests • 
1 f v •XvK ' " - • / " ' V— - V 

l. xixMDdJjQ— v ; i?it<n nnnnn ... 

Residual Tests • Correlated Random Effects - Hausman Test 

Two versions of the likelihood ratio test appear in the output, an F-test and a -test. The F-test 

is identical to the one we considered earlier, and gives the same test results. The %2 -test has a 
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different origin, and so leads to a different test value. The details are beyond the level of our 
current description, but you can get a feel for where it comes from by checking equation (C.25) 
on page 537 of the text. 

Redundant Fixed Effects Tests 
Equation: TABLE15_7 
Test cross-section fixed effects 

Effects Test Statistic d.f. Prob. 

Cross-section F 48.991522 (9,188) 0.0000 
Cross-section Chi-square 241.513596 9 0.0000 

15.3 THE NLS PANEL DATA 

The data in the file nls_panel.wfl is from the National Longitudinal Surveys conducted by the 
U.S. Department of Labor. This file is a large one that, in its current form, cannot be saved by the 
Student Version of EViews. We can nevertheless use the Student Version to analyze the data. 
After you have finished estimation, i f you wish to save your results, you wi l l need to reduce the 
range of the workfile structure and delete some of the series until the file is small enough to be 
saved by EViews Student Version. When saving it, name it differently, say nls results.wfl. You 
wi l l then have two files, the original one with the data and another one with your results. This is 
an inconvenient state of affairs, but not an impossible scenario. The other alternative is to pay 
more for convenience and buy the EViews full version. 

Opening the file reveals 3580 observations with a panel structure comprising 5 time series 
observations (1982, 1983, 1987, 1988) on 716 individuals. 

{Sample: 1982 1983 - 3580 obs 

We can check the data against that in Table 15.8 by collecting those variables into a group and 
examining the following spreadsheet. 

ID YEAR LWAGE EDUC COLLGRAD BLACK UNION EXPER TENURE 
1.000000 82.00000 1.808289 12.00000 0.000000 1.000000 1.000000 7.666667 7.666667 
1.000000 83.00000 1.863417 12.00000 0.000000 1.000000 1.000000 8.583333 8.583333 
1.000000 85.00000 1.789367 12.00000 0.000000 1.000000 1.000000 10.17949 1.833333 
1.000000 87.00000 1.846530 12.00000 0.000000 1.000000 1.000000 12.17949 3.750000 
1.00000Ü 88.00000 1.856449 12.00000 0.000000 1.000000 1.000000 13.62179 5.250000 
2.000000 82.00000 1.280933 17.00000 1.000000 0.000000 0.000000 7.576923 2.416667 
2 000000 83.00000 1.515855 17.00000 1.000000 0.000000 0.000000 8.384615 3.416667 
2.000000 85.00000 1.930170 17.00000 1.000000 0.000000 0.000000 10.38461 5.416667 
2.000000 87.00000 1.919034 17.00000 1.000000 0.000000 1 000000 12.03846 0.333333 
2.000000 88.00000 2.200974 17.00000 1.000000 0.000000 1.000000 13.21154 1.750000 
3.000000 82.00000 1,814825 12.00000 o.oooooo 0.000000 0.000000 11.41667 11.41667 
3.000000 83.00000 1.919913 12.00000 0.000000 0.000000 1.000000 12.41667 12.41667 
3.000000 85.00000 1.958377 12.00000 0.000000 0.000000 0.000000 14.41667 14.41667 
3.000000 87.00000 2.007068 12.00000 0.000000 0.000000 0.000000 16.41667 16.41667 
3.000000 88.00000 2.089854 12.00000 0.000000 0.000000 0.000000 17.82051 17.75000 
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15.3.1 Fixed effects estimation 

The first model estimated using the NLS panel is a fixed effects model with In (WAGE) as the 
dependent variable and explanatory variables EXPER, EXPER2, TENURE, TENURE!, SOUTH 
and UNION. It is also suggested that we try a fixed effects model with EDUC and BLACK 
included to see what happens. Estimation should fail because EDUC and BLACK are constant 
over time for each individual. Their effects wi l l be captured by the individual fixed effects. The 
Equation specification and Effects specification (selected form the Panel options) for this 
model are 

Equation specification 
Dependent variable followed by list of regressors induding ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c{2)*X, 

Iwage c exper exper 2 tenure tenure2 south union educ black 

Effects spedfeaSon * 

Cross-section: 

Period: 

Fixed 

None v 

EViews' response is 

OK 

This is a message that you wi l l see i f you try to estimate a model with perfect collinearity among 
the explanatory variables. In fact, EViews is being kind. The relevant matrix is singular not just 
"nearly" singular. We have not been specific about the matrix to which EViews refers. At this 
stage of your career is is sufficient to know that the singularity is caused by collinear explanatory 
variables. 

After dropping the offending variables EDUC and BLACK, the specification is 

Equation specification 
Dependent variable followed by list of regressors ir 
and PDL terms, OR an explicit equation like Y=c{l)-

Iwage c. exper exper2 tenure terture2 south union 

Effects spedfication 

Cross-section; 

Period: 

Fixed V 

None 

The output follows. Note the correspondence with the results in Table 15.9 on page 397 of the 
text. 
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Dependent Variable: LWAGE 
Method: Panel Least Squares 
Sample: 19821988 
Periods included: 5 
Cross-sections included: 716 
Total panel (balanced) observations: 3580 

Variable Coefficient Std. Error t-Statistic Prob. 

C 1.450034 0.040140 36.12443 0.0000 
EXPER 0.041083 0.006620 6.205904 0.0000 
EXPER2 -0.000409 0.000273 -1.496532 0.1346 
TENURE 0.013909 0.003278 4.243324 O.OOOO 
TENURE2 -0.000896 0.000206 -4.353571 0.0000 

SOUTH -0.016322 0.036149 -0.451531 0.6516 
UNION 0.063697 0.014254 4.468790 0.0000 

Effects Specification 

Cross-section fixed (dummy variables) 

To test for the presence of individual differences we test the equality of the fixed effects as 
described in Section 15.2.5b. Go to View/Fixed/Random Effects Testing/Redundant Fixed 
Effects - Likelihood Ratio. 

View 

L.-—-.-•••c — 
Coefficient Tests • I n 0,401/tn •îfi n rvnm . .1 
Fixed/Random Effects Testing • Redundant Fixed Effects - Likelihood Ratio j' j 

I Residual Tests • Correlated Random Effects - Hausman Test | 

The resulting test details confirm the Z7-value of 19.66 reported on page 398 of the text. 

Redundant Fixed Effects Tests • 

Equation: TABLE15_9 
Test cross-section fixed effects 

Effects Test Statistic d.f. Prob. 

Cross-section F 19.658186 (715,2858) 
: 

0.0000 

15.3.2 Random effects estimation 

Individual effects that were modeled by fixed coefficients in the fixed effects model are treated as 
random draws from a larger population in the random effects model. For estimation purposes they 
become part of the error term. Also, estimation of the random effects model takes into account 
variation between individuals as well as variation within individuals. For our data set, this means 
it is possible to include EDUC and BLACK in the model. Doing so leads to the following 
Equation and effects specifications. 
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Equation specification 

Dependent variable followed by list of regressors induding 
and PDL terms, OR an explicit equation like Y=c{l)+c{2)*X, 

Iwage c educ exper exper2 tenure tenure2 black south union 

Effects specification 

Cross-section 

Period: 

Random 

None 

The output that follows yields the results in Table 15.10 on page 402 of the text. In the lower part 
of the output, cross section random refers to the estimate cK =0.3291 and idiosyncratic 
random refers to the estimate ae =0.1951 . The values in the column rho are the proportions of 
total error variance attributable to each of the components. Thus, 

p = ^ ^ = 07399 
a 2 + a 2 (0.3291)2 + (0.1951)2 

and 

p e = l - p „ = 0.2601 

Dependent Variable: LWAGE 
Method: Panel EGLS (Cross-section random effects) 
Sample: 19821988 
Periods included: 5 
Cross-sections included: 716 
Total panel (balanced) observations: 3580 
Swamy and Arora estimator ot component variances 

Variable Coefficient Std. Error t-Statistic Prob. 

C 0.533929 0.079722 6697408 0.0000 
EDUC 0.073254 0.005320 13.76943 0.0000 
EXPER 0.043617 0.006345 6.874478 0.0000 
EXPER2 -0.000561 0.000262 -2.140427 0.0324 
TENURE 0.014154 0.003160 4.478901 0.0000 
TENURE2 -0.000755 0.000194 -3.886833 0.0001 

BLACK -0.116737 0.030148 -3.872140 0.0001 
SOUTH -0.081812 0.022366 -3.657897 0.0003 
UNION 0.080235 0.013187 6.084619 0.0000 

Effects Specification 
S.D. Rho 

Cross-section random 0.329050 0.7399 
Idiosyncratic random 0.195110 0.2601 

15.3.3 The Hausman test 

The ability of the random effects model to take into account variation between individuals as well 
as variation within individuals makes it an attractive alternative to fixed effects estimation. 
However, for the random effects estimator to be unbiased in large samples the effects must be 
uncorrelated with the explanatory variables, an assumption that is often unrealistic. This 
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assumption can be tested using a Hausman test. The Hausman test is a test of the significance of 
the difference between the fixed effects estimates and the random effects estimates. Correlation 
between the random effects and the explanatory variables wi l l cause these estimates to diverge; 
their difference wi l l be significant. I f the difference is not significant, there is no evidence of the 
offending correlation. The differences between the two sets of estimates can be tested separately 
using /-tests, or as a block using a %2 -test. 

You can ask EViews to perform a Hausman test by opening the random-effects estimated 
equation and going to View/Fixed/Random Effects Testing/Correlated Random Effects -
Hausman Test. 

CoefficïeitfTests 
! / 

Pests 4. • 
miummiiism. m 

Residual Tests 
Ü D 

i,, . i d r " " - i-^Stíiiijo j- - •• » ••„«a: 

Redundant Fixed Effects -
I j M i H I M W é « 

Likelihooi 
m 

For the wage equation we get the following results. The value of the -statistic for testing 

differences between all coefficients is %2 = 20.437 . Its corresponding /»-value of 0.0023 suggests 
the null hypothesis of no correlation between the explanatory variables and the random effects 
should be rejected. The /;-values for separate tests on the differences between each pair of 
coefficients are given in the column Prob. The results here are mixed. At a 5% significance level, 
the null hypothesis is rejected for TENURE2, SOUTH and UNION, but not for EXPER, EXPER1 
and TENURE. These results are slightly different to those reported on pages 205-206 of the text, 
but not enough to suggest anything is wrong. Differences may have occurred because of different 
covariance matrix estimators. 

Correlated Random Effects - Hausman Test 
Equation: TABLE15_1Q 
Test cross-section random effects 

Test Summary Chi-Sq. Statistic Chi-Sq. d.f. Prob. 

Cross-section random 20.437076 0.0023 

p-values for separate tests on each coefficient 
Cross-section random effects test comparisons: \ 

Variable Fixed Random Varpff.) Prob. 

EXPER 0.041083 0.043617 0.000004 0.1798 
EXPER2 -0.000409 -0.000561 0.000000 0.0504 
TENURE 0.013909 0.014154 0.000001 0.7782 
TENURE2 -0.000896 -0.000755 0.000000 0.0380 
SOUTH -0.016322 -0.081812 0.000807 0.0211 
UNION 0.063697 0.080235 0.000029 0.0022 
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Qualitative and Limited Dependent 
Variables 

CHAPTER OUTLINE 
16.1 Models with Binary Dependent Variables 
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16.1.3 The probit model 
16.1.4 Predicting probabilities 
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16.3.4 Poisson model marginal effects 

16.4 Limited Dependent Variables 
16.4.1 Least squares estimation 
16.4.2 Tobit estimation and interpretation 
16.4.3 The Heckit selection bias model 

KEYWORDS 

Microeconomics is a general theory of choice, and many of the choices that individuals and firms 
make cannot be measured by a continuous outcome variable. In this chapter we examine some 
fascinating models that are used to describe choice behavior, and which do not have the usual 
continuous dependent variable. Our descriptions will be brief, since we wil l not go into all the 
theory, but we wil l reveal to you a rich area of economic applications. 

We also introduce a class of models with dependent variables that are limited. By that, we 
mean that they are continuous, but their range of values is constrained in some way and their 
values are not completely observable. Alternatives to least squares estimation must be considered 
for such cases, since the least squares estimator is both biased and inconsistent. 

16.1 MODELS WITH BINARY DEPENDENT VARIABLES 

We wil l illustrate binary choice models using an important problem from transportation 
economics. How can we explain an individual's choice between driving (private transportation) 
and taking the bus (public transportation) when commuting to work, assuming, for simplicity, 
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that these are the only two alternatives? We represent an individual's choice by the dummy 
variable 

\\ individual drives to work 
y-1 [0 individual takes bus to work 

I f we collect a random sample of workers who commute to work, then the outcome y wi l l be 
unknown to us until the sample is drawn. Thus, y is a random variable. I f the probability that an 
individual drives to work is p, then P[y = l ] = p . It follows that the probability that a person uses 

public transportation is P[y = 0] = 1 - p. The probability function for such a binary random 

variable is 

f ( y ) = py{\-pty, y =0,1 

where p is the probability t h a t j takes the value 1. This discrete random variable has expected 
value £(>>) = p and variance var(v) = p(l-p). 

What factors might affect the probability that an individual chooses one transportation mode 
over the other? One factor wil l certainly be how long it takes to get to work one way or the other. 
Define the explanatory variable 

x = (commuting time by bus - commuting time by car) 

There are other factors that affect the decision, but let us focus on this single explanatory 
variable. A priori we expect that as x increases, and commuting time by bus increases relative to 
commuting time by car, an individual would be more inclined to drive. That is, we expect a 
positive relationship between x and pt the probability that an individual wil l drive to work. 

16.1.1 Examine the data 

Open the workfile transport.wfl. Save the workfile with an new name to transport_chap 16.wfl 
so that the original workfile wi l l not be changed. Highlight the series AUTOTIME, BUSTIME, 
DT1ME and AUTO in order. Double-click in the blue to open the Group. The data are shown on 
the next page. 

HfflfflfflSHS ^ 
tNSPORT CHAP16 - ... . • X 

— - — . — — 

[View ][Proc [object J ¡Print ¡Save ¡Details+/- j ¡Show ¡Fetch ¡Store¡Delete feenr¡Sample 

Range: 1 21 -- 21 obs Display Filter:* 
Sample: 1 21 - 21 obs 

® C 

E3 resid 
i 
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The key point is that AUTO, which is to be the dependent variable in the model, only takes the 
values 0 and 1. 

r 

« Group: UNTITLED Workfile: TRANSPO... _ n x 
(viewj[Proc ([object | [Print ¡Name¡FreezeJ Default v j so r t ¡Transpose] [Edit+/4smpl+/Jl 

obs AUTOTIME BUST! ME DTIME AUTO 
1 52.90000 4.400000 -48.50000 0.000000 
2 4.100000 28.50000 24.40000 0.000000 
3 ~ 4.100000 86.90000: 82.80000 1.000000 
4 56.20000 31.60000 -24.60000: 0.000000 
5 51,80000 20.20000) -31.60000 0.000000 mm 

Obtain the descriptive statistics from the spreadsheet view: Select View/Descriptive 
Stats/Common Sample. 

r 

• Group: UNTITLED Workfile: TRANSPO... 
J[ View |[Procf Object] [print][Narne][Freeze ] ! Default v ¡[bortJfTransposej (Ëtj 

Group Members 
Spreadsheet 
Dated Data Table 
Graph,.. 

fSTIME DTIME AUTO Group Members 
Spreadsheet 
Dated Data Table 
Graph,.. 

P0000 -48.50000 0.000000 
Group Members 
Spreadsheet 
Dated Data Table 
Graph,.. 

I 0 0 0 0 24.40000 0.000000 

Group Members 
Spreadsheet 
Dated Data Table 
Graph,.. 

90000 82.80000 1.000000 

Group Members 
Spreadsheet 
Dated Data Table 
Graph,.. 60000 

O r> r, r. 
-24.60000 

L n a a ri r. r. n 
0.000000 

j Descriptive stats • | Common Sample 
^MMjU.UUUUUU 
• 1 . 0 0 0 0 0 0 

The summary statistics wi l l be useful later, but for now notice that the SUM of the AUTO series 
is 10, meaning that of the 21 individuals in the sample, 10 take their automobile to work and 11 
take public transportation (the bus.) 

Sample: 1 21 

AUTOTIME BUSTIME DTIME AUTO 

Mean 49.34762 48.12381 -1.223810 0.476190 
Median 51.40000 38.00000 -7.000000 0.000000 
Maximum 99.10000 91.50000 91.00000 1.000000 
Minimum 0.200000 1.600000 -90.70000 0.000000 
Std. Dev. 32.43491 34.63082 56.91037 0.511766 
Sum 1036.300 1010.600 -25.70000 10.00000 

16.1.2 The linear probability model 

Our objective is to estimate a model explaining why some choose AUTO and some choose BUS 
transportation. Because the outcome variable is binary, its expected value is the probability of 
observing A UTO = 1, 

E(y) = p = $x+$2x 
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The model 

y = E(y) + e = {3, + p2x + e 

is called the linear probability model. It looks like a regression, but as noted in POE, page 420, 
there are some problems. Nevertheless, apply least squares using y = A UTO and* = DTI ME. 

Is auto c dtime 

Coefficient Std. Error t-Statistic Prob. 

C 0.484795 0.071449 6.785151 0.0000 
DTIME 0.007031 0.001286 5.466635 0.0000 

The problems with this estimation procedure can be observed by examining the predicted values, 
which we call PHAT. In the regression window select the Forecast button 

[Forecast] 

Fill in the dialog box with a Forecast name. 

Forecast of 
Equation: LINEAR_PROB 

Forecast name; i phat| t #•» 
S.£. (optional): 

Method 

Static forecast 
(no dynamics in equation) 

J. |p5fcr uccwaHipwsi AkfOft':; 
@Coef uncertainty in S.E. cak 

Output 

0 Forecast graph 
[ 3 Forecast evaluation 

0 Insert actuals for out-of-sample observations 

An object PHAT appears in the workfile. Double-click to open. Examining just a few 
observations shows the unfortunate outcome that the linear probability model has predicted some 
probabilities to be greater than I or less than 0. 
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r 

• Series: PHAT WorkfiU TRANSPORT 
|{viewl|proc ¡[Object ||Propertii ssj (Print||Warne¡Freeze) Default SÉ! 

PHAT 

Last updated: 1 2/08/07 - 1 0 : 2 3 
Modified: 1 21 tf l inearjjrob.fit(f=actual)phat | 

1 0.1 43792 
2 0 656351 
3 1.066961 
4 0.311833 
5 0.262616 —-
6 1.124615 
7 0 .851110 
8 -0 .131823 - • " - • - " ' —

1 ' " • 

Now, examine the summary statistics for PHAT from the spreadsheet view, by selecting 
View/Descriptive Statistics & Tests/Stats Table. 

spreadsheet 
Graph.,. 

One-Way Tabulation.,. 
H i s t o g r a m a n d S t a t s 

Note that the average value of the predicted probability is .476, which is exactly equal to the 
fraction (10/21) of riders who choose AUTO in the sample. But also note that the minimum and 
maximum values are outside the feasible range. 

¡ V i e w | [ p r o c [ [ O b j e c t J p r o p e r t i e s ] [P r in t 

PHAT 
0.476190 
0.435578 

"1.124615 
-0.152916 

Mean 
Median 
Maximum 
Minimum 

16.1.3 The probit model 

The probit statistical model expresses the probability p t ha t takes the value 1 to be 

/? = P[Z < p, + fi2x] = 0(p, + p2jc) 

where ^ ( z ) is the probit function, which is the standard normal cumulative distribution function 

(CDF). This is a nonlinear model because the parameters Pi and (32 are inside the very nonlinear 
function $(•). Using numerical optimization procedures, that are outside the scope of this book, 
we can obtain maximum likelihood estimates. From the EViews menubar select Quick/Estimate 
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Equation. In the resulting dialog box, click the pull down list in the Method section of 
Estimation settings 

Estimation settings 

Method: 

j Sample: 

A long list of options appears. Choose BINARY. 

LS - Least Squares (NLS and ARMA) 
TSLS - Two-Stage Least Squares (TSNLS and ARMA) 
GMM - Generalized Method of Moments 
ARCH - Autoregressive Conditional Heteroskedasticity 
BINARY - Binary Choice (Logit., Probit, Extreme Value) 
ORDERED - Ordered Choice 
CENSORED - Censored or Truncated Data (including Tobit) 
COUNT - Integer Count Data 
QREG - Quantile Regression (including LAD) 
STEPLS - Stepwise Least Squares 

The estimation settings should look like 

Estimation settings 

Method: 

Sample: 

In the Equation specification box enter the equation as usual, but select the radio button for 
Probit. 

BINARY - Binary Choice (Logit, Probit, Extreme Value) v 

1 21 

Equation specification 
Binary dependent variable followed by list of regressors, OR 
an explicit equation like Y=c(l)+c(2)*X, 

auto c dtime| 

Binary estimation method: ® Probit 0Log i t Q Extreme value 

Click OK. The estimation results appear on the next page. In most ways the output looks similar 
to the regression output we have seen many times. The Coefficients, Std. Error and Prob. 
columns are familiar. There are many items included in the output you wi l l not understand, and 
we are just omitting. However, we note the following: 

• The Method: ML means that the model was estimated by maximum likelihood. 
• The usual t-Statistic has been replaced by z-Statistic. The reason for this change is that 

the standard errors given are only valid in large samples. As we know the /-distribution 
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converges to the standard normal distribution in large samples, so using "z" rather than 
"t" recognizes this fact. The p-values Prob. are calculated using the N(0,1) distribution 
rather than the /-distribution. 

Dependent Variable: AUTO 
Method: ML - Binary Probit 
Sample: 1 21 
Included observations: 21 

Coefficient Std. Error z-Statistic Prob. 

c -0.064434 0.399244 -0.161390 0.8718 
DTIME 0.029999 0.010287 2.916279 0.0035 

McFadden R-squared 0.575761 Mean dependent var 0.476190 
LR statistic 16.73423 
Prob(LR statistic) 0.000043 

Obs with Dep=0 11 Total obs 21 

• In the bottom portion of the output we see an R2 value called McFadden R-squared. 
This is not a typical R" and cannot be interpreted like an R2. As a child your mother 
pointed to a pan of boiling water on the stove and said Hot! Don't touch! We have a 
similar attitude about this value. We don't want you to "get burned," so please disregard 
this number until you know much more. 

• The LR statistic is comparable to the overall F-test of model significance in regression. 
It is a test statistic for the null hypothesis that all the model coefficients are zero except 
the intercept, against the alternative that at least one of the coefficients is not zero. The 
LR statistic has a chi-square distribution i f the null hypothesis is true, with degrees of 
freedom equal to the number of explanatory variables, here 1. Prob(LR statistic) is the 
p-\alue for this test, and it is used in the standard way. I f p < a then we reject the null 
hypothesis at the a level of significance. 

16.1.4 Predicting probabilities 

The "prediction" problem in probit is to predict the choice by an individual. We can predict the 
probability that individuals in the sample choose AUTO. In order to predict the probability that an 
individual chooses the alternative AUTO (Y) = 1 we can use the probability model 
/? = 0(p 1+p 2x) using estimates p, =-0.0644 and P2 =0.02999 of the unknown parameters 
obtained in the previous section.. Using these we estimate the probability p to be 

¿ = c D ( p 1 + p 2 x ) 

By comparing to a threshold value, like 0.5, we can predict choice using the rule 
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The predicted probabilities are easily obtained in EViews. Within the probit estimation window 
select Forecast. 

P S r 

• Equation: PROBIT Workfile: TRANS 
¡[viewfProc fobject) [Print j[Name¡Freeze] [Estimate[[Forecastfbtatsj[ Resids 

In the resulting Forecast dialog box choose the Series to forecast to be the Probability, and 
assign the Forecast name PHAT PROBIT. Click OK. 

Open the series PHAT_PROBIT by double-clicking the series icon in the workfile window. The 
values of the predicted probabilities are given for each individual in the sample, based on their 
actual DTI ME. 

r 

- Series: PHAT_PROBIT Workfile: TRAh 
jjview ¡Procjobject ¡Properties] [Print¡¡Name¡Freezej Default 

PHAT_PROBIT 

" 1 
Last updated: 12/08/07 - 10:57 

Modified: 1 21 //probit.fit(f= actual,d) phat_probit 

1 0.064333 
2 0.747787 
3 0.992229 
4 0.211158 
5 0.1 55673 
6 0.996156 
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It is useful to see that these predicted probabilities can be computed directly using the EViews 
function @cnorm which is the CDF of a standard normal random variable, what we have called 
"O". EViews places the estimates of the unknown parameters in the coefficient vector C, 

E c 

c 0 ) = Pi =-0.0644 and C(2) = p2 =0.02999. We can create a series of predicted probabilities 
using the command 

series phat_probit_calc = @cnorm(c(1)+c(2)*dtime) 

The predicted probabilities from the two methods are the same 

obs DTIME PHAT_PROBIT PHAT_PROBIT_CALC 

1 -48.50000 0.064333 0.064333 
2 24.40000 0.747787 0.747787 
3 82.80000 0.992229 0.992229 
4 -24.60000 0.211158 0.211158 
5 -31.60000 0.155673 0.155673 

16.1.5 Marginal effects in the probit model 

In this model we can examine the effect of a one unit change in x on the probability that y = 1 by 
considering the derivative, which is often called marginal effect by economists. 

ax 

This quantity can be computed using the EViews function @dnorm, which gives the standard 
normal density function value, that we have represented by <|). To generate the series of marginal 

effects for each individual in the sample, enter the command 

series mfx_probit = @dnorm(c(1)+c(2)*dtime)*c(2) 
The marginal effect at a particular point uses the same calculation for a particular value of 
DTIME, such as 20. 

scalar mfx_probit_20 = @dnorm(c(1)+c(2)*20)*c(2) 

EViews is very powerful, and one of its features is the calculation of complicated nonlinear 
expressions involving parameters and computed their standard error by the "Delta" method. In the 
PROBIT estimation w indow, select View/Coefficient Tests/Wald - Coefficient Restrictions. 
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IIMiBlgBMiM 
¡[viewfProcfobject] [print¡Name[[Freeze] [EstimatefForecast]!Stats¡Resids] 

raP^^Qtations 
EstimationŒ^w^L^ 
Actual, Fitted, Res ¡ d u a T * 1 * * • 
Gradients and D e r i v a t i v e s • 
Covariance Matrix I 

!c 

A 

Confidence Ellipse... 
Residual Tests • Wald - Coefficient Restrictions,, 

In the dialog window enter the expression for the marginal effect, assuming DTIME = 20, setting 
it equal to zero as i f it were a hypothesis test. 

EL ME33ÊÊÊÊÊÊÊ 
•¡•g 

'4 
! Coefficient restrictions separated by commas 

@dnorm(c(l) + c(2)*20)*c(2)=0| 1 

Examples 
! C(l)=0.t C(3)=2*C(4) [ OK | Cancel 

~ -- i j ' Î TT:1; 

This returns the F-test statistic for the null hypothesis that the marginal effect is zero. The /7-value 
is 0.005 leading us to reject the null hypothesis that additional BUS time has no effect on the 
probability of AUTO travel when DTIME = 20. Furthermore, the Value and the Std. Err. are 
computed. The value matches the scalar M F X P R O B I T 2 0 computed earlier, and we now have 
a standard error that can be used to construct a confidence interval. Very cool. 

r r - . « Equation: PROBIT Workfile: TRANS... _ • ] X 
[View IfProc ||Object | [Print ¡Name[[Freeze] [Estimate¡ForecastIstatsfResidsJ 

Wald Test: 
Equation: PROBIT 

Test Statistic Value df Probability 

F-statistic , j i ^ i o . o a ^ R 
Chi-square ^ ^ ^ ^ 1 0 . 0 9 2 2 8 

(1 ,19 ) 
1 

0.0050 
0.0015 

1 Null Hypothesis Summary: 

1 Normalized Restriction (= Value 
— 

Std' Err. 

J C(2) * @DNORM(C(1 ) + 20*C(2)) 0 .010369 0 .003264 

• Scalar MFX_PROBIT_20 = 0,0103689956214 
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To make the estimations using the Logit model simply change the Equation Estimation entries 
to 

Specification Options 

Equation specification 

Binary dependent variable followed by list of regressors, OR 
an explicit equation like Y = c ( l ) + c ( 2 ) * X . 

auto c dtime| 

Binary estimation method: O P r o b i t 0 L o g i t Q E x t r e m e value 

Estimation settings 

Method: j BINARY - Binary Choice (Logit, Probit, Extreme Value) 

Sample: 1 21 

OK Cancel 

16.2 ORDERED CHOICE MODELS 

In POE Chapter 16.3 we considered the problem of choosing what type of college to attend after 
graduating from high school as an illustration of a choice among unordered alternatives. 
However, in this particular case there may in fact be natural ordering. We might rank the 
possibilities as 

y 

3 4-year college (the full college experience) 

2 2-year college (a partial college experience) 

1 no college 

The usual linear regression model is not appropriate for such data, because in regression we 
would treat the y values as having some numerical meaning when they do not. When faced with a 
ranking problem, we develop a "sentiment" about how we feel concerning the alternative choices, 
and the higher the sentiment the more likely a higher ranked alternative wi l l be chosen. This 
sentiment is, of course, unobservable to the econometrician. Unobservable variables that enter 
decisions are called latent variables, and we wil l denote our sentiment towards the ranked 
alternatives by y*, with the "star" reminding us that this variable is unobserved. 

As a concrete example, let us think about what factors might lead a high school graduate to 
choose among the alternatives "no college," "2-year college" and "4-year college" as described 
by the ordered choices above. For simplicity, let us focus on the single explanatory variable 
GRADES. The model is then 

y* = ß x GRADES,. + e, 
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This model is not a regression model because the dependent variable is unobservable. 
Consequently it is sometimes called an index model. 

Because there are M= 3 alternatives there are M -1 = 2 thresholds p., and p.,, with ju,, < \i2. 
The index model does not contain an intercept because it would be exactly col linear with the 
threshold variables. I f sentiment towards higher education is in the lowest category, then y* < in, 
and the alternative "no college" is chosen, i f ji, < y* < [i2 then the alternative "2-year college" is 
chosen, and i f sentiment towards higher education is in the highest category, then y* > \i2 and "4-
year college" is chosen. That is, 

3 (4-year college) i f y* > ju2 

y = \ 2 (2-year college) i f ju, < y* < p,2 

1 (no college) i f y* < ji, 

We are able to represent the probabilities of these outcomes i f we assume a particular probability 
distribution for y*, or equivalently for the random error ei. I f we assume that the errors have the 
standard normal distribution, Ar(()>l)> and the CDF is denoted an assumption that defines the 
ordered probit model, then wre can calculate the following: 

P[y = \] = d>([x[-PGRADES1) 

p[y = 2] = <D (n2 - ^GRADESt) - O (n , - $ GRADESt) 

and the probability that >> = 3 is 

/>[j; = 3] = 1-<D(H2-^GRADES,) 

In this model we wish to estimate the parameter (3, and the two threshold values (i| and \i2. These 
parameters are estimated by maximum likelihood. 

In EViews open the workfile nelssmall.wfl. Save it under the name 
nels small oprobitwfl. The dependent variable of interest is PSECHOICE and the explanatory 
variable is GRADES. Select Quick/Estimate Equation. In the drop down menu of estimation 
methods choose Ordered Choice. 

LS - Least Squares (NL5 and ARMA) 
TSLS - Two-Stage Least Squares (TSMLS and ARMA) 
GMM - Generalized Method of Moments 
ARCH - Autoregressive Conditional Heteroskedasticity 
BINARY - Binary Choice (Logitj Probit, Extreme Value) 

B S H i n 
CENSORED - Censored or Truncated Data (including Tobit) 
COUNT - Integer Count Data 
QREG - Quantile Regression (including LAD) 
STEPLS - Stepwise Least Squares 

Enter the estimation equation with NO INTERCEPT. Make sure the Normal radio button is 
selected so that the model is Ordered Probit. 
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Equation Estimation ' 

: •• • 

Specification J Options I 

Equation specification 

Ordered dependent variable followed by list of regressors, OR 
an explicit equation like V=c(l)+c(2)*X. 

psechoice grades! '^fe"" The model 

ordered probit 
Error distribution: © N o r m i l Q Logistic OExtreme value 

Estimation settings 

Sample: 

ORDERED - Ordered Choice . ' ""• ' Hi 
1 1000 ill 

: Cancel 

The results, edited to remove things that are not of interest, are 

Dependent Variable: PSECHOICE 
Method: ML - Ordered Probit 
Sample: 1 1000 
Number of ordered indicator values: 3 

Coefficient Std. Error z-Statistic Prob. 

GRADES -0.306625 0.019173 -15.99217 0.0000 

Limit Points 

LIMIT_2:C(2) -2.945600 0.146828 -20.06154 0.0000 
LIMIT_3:C(3) -2.089993 0.135768 -15.39385 0.0000 

The coefficient of GRADES is the maximum likelihood estimate p. The values labeled 
LIMIT_2:C(2) and LIMIT 3:C(3) are the maximum likelihood estimates of |LI, and \x2. The 
notation points out that the these parameter estimates are saved into the coefficient vector as C(2) 
and C(3). C( l ) contains p. Name this equation OPROBIT. 

16.2.1 Ordered probit predictions 

To predict the probabilities of various outcomes, as shown on page 436 of POE, we can again use 
the computing abilities of EViews. In the OPROBIT estimation window select View/Coefficient 
Tests/Wald - Coefficient Restrictions. 
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r T - " - Equation: OPROBIT Workfile: NELS... _ • X 1 : — • 
1 View fProc ¡Object ] ¡Print ¡Name )|Freeze j {Estimate ¡Forecast ]|Stats ¡Resids | 

^presentations 
Estimation Output 
Generalized Residual Graph 
Gradients and Derivatives • 
Covariance Matrix 

i A; I Ä I 
1 climbing) 

18 
1 1 
M 

i n 
Coefficient Tests Confidence Ellipse... 

J Residual Tests • ! Wa Id - Coeffic ient Restr ictions... 

To compute the probability that a student with GRADES = 2.5 w i l l attend a 2-year college we 
calculate 

P[^2\GRADEsTl.5] = 0)(ji2 - (3x2.5)-<i>(p, -J3x2.5) 

Enter into the Wald Test dialog box 

Coefficient restrictions separated by commas 

Examples 

C(1)=Ü, C(3)=2*C(4) OK Cancel 

The predicted probability is the relatively low 0.078, which makes sense because GRADES =2.5 
is very high on the 13 points scale.. 

Normalized Restriction (= 0) Value Std. Err. 

-@CNORM(-2.5*C(1) + C(2)) + 
@CNORM(-2.5*C(1) + C(3)) 0.078182 0.011972 

We can use the same general approach to compute the probabilities for each option for all the 
individuals in the sample. Recall that the maximum likelihood estimates of in, and Jl12 are saved 

into the coefficient vector as C(2) and C(3). C( l ) contains J3. 
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series phat_y1 = @cnorm(c(2) - c(1)*grades) 
series phat_y2 = @cnorm(c(3) - c(1)*grades) -@cnorm(c(2) - c(1)*grades) 
series phat_y3 = 1 - phat_y1 - phat_y2 

Open a Group showing the GRADES, PSECHOICE and the predicted probabilities, 

obs GRADES PSECHOICE PHAT Y1 PHAT Y2 PHAT Y3 

1 9.080000 2.000000 0.435872 0.320338 0.243790 
2 8.310000 2.000000 0.345483 0.331063 0.323454 
3 7.420000 3.000000 0.251288 0.322162 0.426550 
4 7.420000 3.000000 0.251288 0.322162 0.426550 
5 7.420000 3.000000 0.251288 0.322162 0.426550 
6 7.460000 3.000000 0.255213 0.323042 0.421745 
7 9.670000 2.000000 0.507765 0.301467 0.190767 
8 11.77000 1.000000 0.746456 0.189161 0.064383 
9 8.810000 3.000000 0.403526 0.325999 0.270476 
10 6.440000 3.000000 0.165791 0.288302 0.545907 

A standard procedure is to predict the actual choice using the highest probability. Thus we would 
predict that person 1 would attend no college, and the same wi th person 2. Both o f these 
predictions are in fact incorrect because they choose a 2-year college. Individual 3 we predict w i l l 
attend a 4-year college, and they did. 

In the EViews window containing the estimated model O P R O B I T , select View/Dependent 
Variable Frequencies 

We see the choices made in the data 
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Dependent Variable Frequencies 
Equation: OPROBIT 

Dep. Value Count Percent 
Cumulative 

Count Percent 

1 222 22.00 222 22.20 
2 251 25.00 473 47.30 
3 527 52.00 1000 100.00 

Now select View/Prediction Evaluation. 

Coefficient Tests 

Residual Tests 

Dependent Variable Frequencies 

Using the "highest probability" prediction rule, EViews calculates 

Prediction Evaluation for Ordered Specification 
Equation: OPROBIT 

Estimated Equation 

Dep. Value Obs. Correct Incorrect % Correct % Incorrect 

1 222 116 106 52.252 47.748 
2 251 0 251 0.000 100.000 
3 527 471 56 89.374 10.626 

Total 1000 587 413 58.700 41.300 

This model, being a very simple one, has a difficult time predicting who w i l l attend 2-year 
colleges, being incorrect 100% of the time. 

16.2.2 Ordered probit marginal effects 

The marginal effects in the ordered probit model measure the changed in probability of choosing 
a particular category given a 1-unit change in an explanatory variable. The calculations are 
different by category. The calculations involve the standard normal probability density function, 
denoted <j> and calculated in EViews by @dnorm. For example the marginal effect of GRADES 

on the probability that a student attends no college is 
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àP[y = \] 
ÔGRADES 

= -<\>(^-ßGRADES)Xß 

In the OPROBIT window select View/Coefficient Tests/Wald - Coefficient Restrictions. In 
the dialog box enter 

Recalling that a higher value of GRADES is a poorer academic performance, we see that the 
probability of attending no college increases by 0.045 for a student with GRADES =5. 

Null Hypothesis Summary: 

Normalized Restriction (= 0) Value Std. Err. 

-C(1) * @DNORM(-5*C(1) + C(2)) 0.045112 0.003058 

The marginal effect calculation can be carried out for each person in the sample using the 
command 

series mfx_y1 = - @dnorm(c(2) - c(1)*grades)*c(1) 

Open a Group showing GRADES and this marginal effect. Note that increasing GRADES by 1-
point (worse grades) increases the probabilities of attending no college, but for students with 
better grades (GRADES lower) the effect is smaller. 

obs GRADES MFX_Y1 

1 9.080000 0.120742 
2 8.310000 0.113032 
3 7.420000 0.097704 
4 7.420000 0.097704 
5 7.420000 0.097704 
6 7.460000 0.098503 
7 9.670000 0.122303 
8 11.77000 0.098165 
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16.3 MODELS FOR COUNT DATA 

I f Y is a Poisson random variable, then its probability function is 

f ( y ) = P{Y = y) = ̂ , y-0,1,2,... 

The factorial (!) term j ! = y x ( ^ - l ) x ( j / - 2 ) x - - - x l . This probability function has one 
parameter, X, which is the mean (and variance) of Y. In a regression model we try to explain the 
behavior of ¿"(y) as a function of some explanatory variables. We do the same here, keeping the 

value of E{Y^ > 0 by defining 

£'(y) = A, = exp(p1 + p2x) 

This choice defines the Poisson regression model for count data. 

Prediction of the conditional mean of y is straightforward. Given the maximum likelihood 
estimates p, and P2, and given a value of the explanatory variable xo, then 

This value is an estimate of the expected number of occurrences observed, i f x takes the value xo. 
The probability of a particular number of occurrences can be estimated by inserting the estimated 
conditional mean into the probability function, as 

e x p ( - X 0 ) ^ 
Pr {Y = y) = — , >> = 0?1,2,... 

The marginal effect of a change in a continuous variable x in the Poisson regression model is not 
simply given by the parameter, because the conditional mean model is a nonlinear function of the 
parameters. Using our specification that the conditional mean is given by 

£(_y;) = ^ = exp(p1+p2x(.) 

and using rules for derivatives of exponential functions, we obtain the marginal effect 

OX; 

To estimate this marginal effect, replace the parameters by their maximum likelihood estimates, 
and select a value for x. The marginal effect is different depending on the value of x chosen. 

To illustrate open the workfile olympics.wfl. You will find a very rude message. 
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Workfi le is too large for Student Version. 

You may continue to work with this workfi le, but you will 
not be able to save or export your data. 

Resizing to 1500 or fewer observations per series and 
15000 total observations (series x obs per series), will 
reenable saving. 

This workfile is too large because there are too many observations. The definition file 
olympics.def shows that there are 1610 observations. 

Olympics.def 

country year gdp pop gold silver bronze medaltot host planned soviet 

O b s : 1 6 1 0 

country country code 

year Olympics year 

We can still operate with the workfile, but we cannot save it even if we delete some variables. 
Give this a try, deleting the variables that are needed in this example. 

m m i f m i ^ m ^ 
¡[view|Proc][objectj [Print]fsave][Details+/-1 |show|Fetchl5tore¡Deletej(Genr¡Sample 

1 Sample: 1 1610 = K o S s Display Filter-

» , 
fflc Open • j 

1 

S gdp Copy 

Paste 

Paste Special.., 

1 

S «old 
H host 

Copy 

Paste 

Paste Special.., 

1 

¡ 0 medaltot 

Copy 

Paste 

Paste Special.., 

1 
SS planned 

Manage Links a Formulae... 

Fetch from DB... 

Store to DB... 

Object copy ... 

1 0 pop 
F71 resid 

WBÈÈÈÊÈÈ 
E3year 

Manage Links a Formulae... 

Fetch from DB... 

Store to DB... 

Object copy ... 

1 0 pop 
F71 resid 

WBÈÈÈÊÈÈ 
E3year 

Rename... 

1 

Delete • ; 

(< > \ Untitled / New Page / 

The example in the book uses only data from 1988. To modify the sample, click the Sample 
button on the EViews main menu. 

In the Sample dialog box add the IF condition 
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Sample X 

Sample range pairs (or sample object to copy) • 

@all 

( 0 K 1 

WW'-
IF condition (optional) IF condition (optional) 

year = 1 Cancel J 

1 

The workfile window now shows that the estimation sample is 179 observations from the year 
1988. 

Workfile: OLYMPICS - (c:\data\evi 
| v i e w |Pröc] |Object : ] (Print¡Save f Details-*-/-1 [5how][Fetch][storej[iDeJetel[Gerir¡Sample 

Display Filter:* Range: 1 1610 -- 1610 obs 
Sample: 1 1610 i f year= 88 - 179 otas 

Despite these changes the file still cannot be saved with the Student Version of EViews 6. Your 
options are to switch to the full version, or to make sure you print out all intermediate results as 
you go along. 

16.3.1 Examine the data 

Open a group consisting of MEDALTOT, POP and GDP. Obtain summary statistics for the 
individual samples 

- Group: UNTITLED Workfile: OLYM 
f | Vie w][Proc J Object] [Print¡Name(Freeze] 1 Default v '[Sort][Tra 

Group Members 
Spreadsheet 
Dated Data Table 

1 P O P GDP N Group Members 
Spreadsheet 
Dated Data Table 

38000. 2.80E+09 
Group Members 
Spreadsheet 
Dated Data Table 

14000. 1.17E+10 

Group Members 
Spreadsheet 
Dated Data Table I NA: 1.61E+08 
Graph... ¡8420. 1.06E+09 

Descriptive State • 1 Common Sample 
Co variance Analysis,.. Individual Samples • 1 

Finding the summary statistics for individual samples is important when some observations are 
missing, or NA. 

Note that there are 152 observations for MEDALTOT, 176 for POP and 179 for GDP. 



Qualitative and Limited Dependent Variable Models 289 

MEDALTOT POP GDP 

Mean 4.855263 28866147 1.38E+11 
Median 0.000000 5921270. 5.51 E+09 
Maximum 132.0000 1.10E+09 6.07E+12 
Minimum 0.000000 20000.00 41700000 
Std. Dev. 16.57630 1.08E+08 5.92E+11 
Skewness 5.543308 8.023542 7.908054 
Kurtosis 36.84647 72.99436 71.93663 

Jarque-Bera 8033.810 37815.94 37309.63 
Probability 0.000000 0.000000 0.000000 

Sum 738.0000 5.08E+09 2.46E+13 
Sum Sq. Dev. 41490.82 2.03E+18 6.23E+25 

Observations 152 176 179 

Obtaining summary statistics for the Common Sample we find that 151 observations are 
available on all 3 variables. 

MEDALTOT POP GDP 

Mean 
Median 
Maximum 
Minimum 
Std. Dev. 
Skewness 
Kurtosis 

4.887417 
0.000000 
132.0000 
0.000000 
16.62670 
5.524132 
36.60302 

32337758 
6812400. 
1.10E+09 
20000.00 
1.16E+08 
7.437776 
62.78908 

1.62E+11 
8.13E+09 
6.07E+12 
59700000 
6.42E+11 
7.253078 
60.71151 

Jarque-Bera 7872.302 
Probability 0.000000 

Sum 738.0000 
Sum Sq. Dev. 41467.09 

23883.27 22279.09 
0.000000 0.000000 

4.88E+09 2.44E+13 
2.01E+18 6.17E+25 

Observations 151 151 151 
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16.3.2 Estimating a Poisson model 

To estimate the model by maximum likelihood choose Quick/Estimate Equation. In the dialog 
box make the choices shown below. 

wm. mtsm 
•HBBBHBBUBhHBHBEbI 

j Specification j Optionsj 

Equation specification 
Integer count dependent variable followed by list of regressors, OR 
an explicit equation like Y=c(l)+c(2)*X. 

| rnedaltot c log(pop) log(gdp) 

Poisson ML 
Count estimation method: 

<*) Poisson (ML and QML)a 

O Negative Binomial (ML) 

O Exponential (QML) 

Estimation settings 

O Normal/NLS (QML) 

O Negative Binomial (QML) 

Fixed variance parameter: j j 

Method: [COUNT - Integer Count Data 

Sample: 1 1610 if year = ! 

OK Cancel 

The estimated model is 

Dependent Variable: MEDALTOT 
Method: ML/QML - Poisson Count 
Sample: 1 1610 IF YEAR = 88 
Included observations: 151 

Coefficient Std. Error z-Statistic Prob. 

C -15.88746 0.511805 -31.04203 0.0000 
LOG(POP) 0.180038 0.032280 5.577348 0.0000 
LOG(GDP) 0.576603 0.024722 23.32376 0.0000 

Note that the number of observations used in the estimation is only 151, which is the number of 
observations common to all variables. 

Despite the fact that the workfile cannot be saved, we save these estimation results as an 
object named POISSON REG 

16.3.3 Prediciting with a Poisson model 

In the estimation window click Forecast. Choose the Series to forecast as Expected dependent 
var. and assign a name 
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Forecast equation 

POISSON REG 

Series to forecast 

® Expected dependent var. 0 Index - where E(Dep) = exp( Index) 

Series names 

Forecast name:! ! medaltotf 

Method 

Static forecast 
(no dynamics in equation) 

Recall that the expected value of the dependent variable, in a simple model, is given by 

The forecast can be replicated using the following command 

series lam = exp(c(1) + c(2)*log(pop) + c(3)*log(gdp)) 

obs POP GDP MEDALTOT MEDALTOTF LAM 

5 
20 

69 
89 
91 
99 

3138000. 
7004000. 

NA 
5158420. 
8115690. 
327970.0 

2.80E+09 
1.17E+10 
1.61E+08 
1.06E+09 
2.09E+09 
3.33E+08 

NA 
NA 

0.000000 
NA 
NA 
NA 

0.521277 
1.373831 

NA 
0.325605 
0.522552 
0.101693 

0.521277 
1.373831 

NA 
0.325605 
0.522552 
0.101693 

We have shown a few values. 
To compute the predicted mean for specific values of the explanatory variables we again use 

the trick of applying the "Wald test." Select View/Coefficient TestsAVald - Coefficient 
Restrictions. We must choose some values for POP and GDP at which to evaluate the prediction. 
Enter the median values from the individual samples for POP and GDP. 

Coefficient restrictions separated by commas 

exp( c(l) + c(2)*log(5921270) + 
c(3)*log(5.51 e9))=0 

Examples 

C(1)=0, C(3)=2*C(4) OK Cancel 
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The result shows that for these population and GDP values we predict that 0.8634 medals wi l l be 
won. 

Normalized Restriction (= 0) Value Std. Err. 

EXP(C(1) + 
22.429830460111234*C(3) + 
C(2)*LOG(5921270)) 0.863443 0.075976 

16.3.4 Poisson model marginal effects 

As shown in POE equation (16.29) the marginal effects in the simple shown in the simple 
Poisson model 

£ ( ; ; , ) = A,. = exp(p,+p 2* , ) 

are 

This marginal effect is correct i f the values of the explanatory variable x is not transformed. In the 
Olympics medal example the explanatory variables are in logarithms, so the model is 

E(yi) = Xi=tx p((31+p2 ln(x,.)) 

and the marginal effect is, using the chain rule of differentiation, 

dxi X, Xj 

While this does not necessarily look very pretty, it has a rather nice interpretation. Rearrange it as 

1 M , = exp(p, + p2 I n f o ) ) A . = X, A -
100(5*,./*,.) V l 2 v ' "100 'ioo 

Are you still not finding this attractive? This quantity can be called a semi-elasticity, because it 
expresses the change in E[y) given a 1% change in x. Recalling that E(yi) = Xj we can make 

one further enhancement that wi l l leave you speechless with joy. Divide both sides by £"(>•) to 

obtain 

c * ) = „ , = e 
(dxjx,.) 
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The parameter (32 is the elasticity of the output y with respect to x. A 1% change in x is estimated 

to change E(y) by 

In the Olympics example, based on the estimation results, we conclude that a 1% increase 
population increases the expected medal count by 0.18%, and a 1% in GDP increases expected 
medal count by 0.5766%. 

16.4 LIMITED DEPENDENT VARIABLES 

The idea of censored data is well illustrated by the Mroz data on labor force participation of 
married women. Open the workfile mroz.wfl. You wi l l receive an unpleasant warning when 
using the Student Version of EViews 6: 

m 
Workfile is too large for Student Version. 

You may continue to work with this workfile, but you 
will not be able to save or export your data. 

Deleting series will reenable saving. 

However, this problem can be fixed by deleting some variables. Delete the variables indicated 
below. 

Workfile: MROZ - (c:\data\eviews... 
[view[[Proc[[object:] [Print][5avej[Details+/-] ¡Show[[Fetch|5tore[[Delete¡Genr][5ample 

Range: 1 753 -- 753 obs 
Sample: 1 753 -- 753 obs 

Display Filter: 

age 
S c 
v3 educ 
s3 exper 

22 h moth ere 
E3 hours 

E3 ki d s 618 
E2 kidslG 

SS large city 

K g rntr | 
I B resid 

p H 
HH |V3 w a g e B 

• 
Open 

Copy 
Paste 
Paste Special 

Manage Links S Formulae, 
Fetch from DB... 
Store to DB... 
Object copy ,.. 

Rename., 

<}>.\ Untitled / New Page J 3 
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EViews now tells us we are OK, can save the workfile 

m 
Workfile now meets Student Version size limits. 

Workfile saves and data exports have been 
reenabled, 

Save the workfile as mroz_tobitwfl to as to keep the original file intact. 
A Histogram of the variable HOURS shows the problem with the full sample. There are 753 

observations on the wages of married women but 325 of these women did not engage in market 
work, and thus their HOURS = 0, leaving 428 observations with positive HOURS. 

Series: HOURS 
Sample 1 753 
Observations 753 

Mean 740.5764 
Median 288.0000 
Maximum 4950.000 
Minimum 0.000000 
Std. Dev. 871.3142 
Skewness 0.922531 
Kudos is 3.193949 

Jarque-Bera 107.9888 
Probability 0.000000 

16.4.1 Least squares estimation 

We are interested in the equation 

HOURS = (3, + J3 2EDUC + fi.EXPER + fi4AGE + $4KIDSL6 + e 

The question is "How shall we treat the observations with HOURS = 0"? 
A first solution is to apply least squares to all the observations. Select Quick/Estimate 

Equation and fill in the Equation Estimation dialog box as follows: 
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Equation Estimation 
Specification j Options 

Equation specification 
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X. 

hours c educ exper age kidsl6 

model 

least squares 
estimation 

Estimation settings 

Method: LS - Least Squares (NLS and ARMA) 

Sample: I 1 753 — . use ail o 

OK Cancel 

The estimation results are 

Dependent Variable: HOURS 
Method: Least Squares 
Sample: 1 753 
Included observations: 753 

Coefficient Std. Error t-Statistic Prob. 

c 1335.306 235.6487 5.666511 0.0000 
0.0272 EDUC 27.08568 12.23989 2.212902 
0.0000 
0.0272 

EXPER 48.03981 3.641804 13.19121 0.0000 
AGE -31.30782 3.960990 -7.904040 0.0000 

KIDSL6 -447.8547 58.41252 -7.667100 0.0000 

Repeat the estimation using only those women who "participated in the labor force." Those 
women who worked are indicated by a dummy variable LFP which is 1 for working women, but 
zero otherwise. 

Estimation settings 

Method: 

Sample: 

LS - Least Squares (NLS and ARMA) 

if Ifp = l | 

The estimation results are shown below. Note that the included observations are 428. The 
estimation results now show the effect of education (EDUC) to have a negative, but insignificant, 
affect on HOURS. In the estimation using all the observations EDUC had a positive and 
significant effect on HOURS. 
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Dependent Variable: HOURS 
Method: Least Squares 
Sample: 1 753 IF LFP = 1 
Included observations: 428 

Coefficient Std. Error t-Statistic Prob. 

c 1829.746 292.5356 6.254781 0.0000 
EDUC -16.46211 15.58083 -1.056562 0.2913 

EXPER 33.93637 5.009185 6.774829 0.0000 
AGE -17.10821 5.457674 -3.134708 0.0018 

KIDSL6 -305.3090 96.44904 -3.165495 0.0017 

The least squares estimator is biased and inconsistent for models using censored data. 

16.4.2 Tobit estimation and interpretation 

An appropriate estimation procedure is Tobit, which uses maximum likelihood principles. Select 
Quick/Estimate Equation. In the Equation Estimation window f i l l in the options as shown 
below. Tobit estimation is predicated upon the regression errors being Normal, so tick that radio 
button. In our cases the observations that are "censored" take the actual value 0, and the 
dependent variable is said to be Left censored because 0 is a minimum value and all relevant 
values of HOURS are positive. The Estimation settings show the method to include Tobit. 

M M 

Equation specification — 
Dependent variable followed by list of regressors, OR 
an explicit equation like Y=c(l)+c(2)*X, 

hours c educ exper age kidslô| 

normal for tobit 

Distribution 

© Normal 

O Logistic 

O Extreme 
Value 

Dependent variable censoring points 
Enter a number, a series, a series 
expression, or blank for no censoring 

Left & Right points entered as: 

® Actual censoring value 

O Zero/one indicator of censoring 

K 
[ j | Truncated sample 

Estimation settings 

Method: jCENSORED - Censored or Truncated Data (including Tobit) 

Sample: x 7 5 3 

OK Cancel 
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Dependent Variable: HOURS 
Method: ML - Censored Normal (TOBIT) 
Sample: 1 753 
Included observations: 753 
Left censoring (value) at zero 

Coefficient Std. Error z-Statistic Prob. 

c 1349.876 386.2991 3.494381 0.0005 
EDUC 73.29099 20.47459 3.579607 0.0003 

EXPER 80.53527 6.287808 12.80816 0.0000 
AGE -60.76780 6.888194 -8.822022 0.0000 

KIDSL6 -918.9181 111.6607 -8.229557 0.0000 

Error Distribution 

SCALE:C(6) 1133.697 42.06239 26.95274 0.0000 

Left censored obs 325 Right censored obs 0 
Uncensored obs 428 Total obs 753 

The estimation output shows the usual Coefficient and Std. Error columns. Instead of a t-
Statistic EViews reports a z-Statistic because the standard errors are only valid in large samples, 
making the test statistic only valid in large samples, and in large samples a ¿-statistic converges to 
the standard normal distribution. The /»-value Prob. is based on the standard normal distribution. 

The parameter called SCALE:C(6) is the estimate of a, the square root of the error variance. 
This value is an important ingredient in Tobit model interpretation. As noted in POE, equation 
(16.35), the marginal effect of an explanatory variable in a simple model, is 

ox 

where as usual O is the CDF of a standard normal variable. To evaluate the marginal effect of 
EDUC on HOURS, given that HOURS > 0, we can use Wald test dialog box. Select 
View/Coefficient Tests/Wald - Coefficient Restrictions. Enter in the expression for the 
marginal effect of EDUC at the sample means, as shown on page 447 of POE. 

Coefficient restrictions separated by commas 

c(2)*@cnornn( (c( l ) + c(2)*12.29 + c(3)*10.63 
+ c(4)*42.54 + c(5)) /c(6)) 

= 0 

Examples 

C( l )=0 j C(3)=2*C(4) I OK | | Cancel | 
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The obtained value is slightly different than the value in the text. Slight differences in results are 
inevitable when carrying out complicated nonlinear estimations and calculations. The maximum 
likelihood routines are all slightly different, and stop when "convergence" is achieved. These 
stopping rules are different from one software package to another. 

Null Hypothesis Summary: 

Normalized Restriction (= 0) Value Std. Err. 

C(2) * @CNORM((C(1) + 
12.29*C(2) + 10.63*C(3) + 
42.54*C(4) + C(5)) / C(6)) 26.60555 7.548908 

16.4.3 The Heckit selection bias model 

I f you consult an econometrician concerning an estimation problem, the first question you wi l l 
usually hear is, "How were the data obtained?" I f the data are obtained by random sampling, then 
classic regression methods, such as least squares, work well. However, i f the data are obtained by 
a sampling procedure that is not random, then standard procedures do not work well. Economists 
regularly face such data problems. A famous illustration comes from labor economics, i f we wish 
to study the determinants of the wages of married women we face a sample selection problem. I f 
we collect data on married women, and ask them what wage rate they earn, many wil l respond 
that the question is not relevant since they are homemakers. We only observe data on market 
wages when the woman chooses to enter the workforce. One strategy is to ignore the women who 
are homemakers, omit them from the sample, then use least squares to estimate a wage equation 
for those who work. This strategy fails, the reason for the failure being that our sample is not a 
random sample. The data we observe are "selected" by a systematic process for which we do not 
account. 

A solution to this problem is a technique called Heckit, named after its developer, Nobel 
Prize winning econometrician James Heckman. This simple procedure uses two estimation steps. 
In the context of the problem of estimating the wage equation for married women, a probit model 
is first estimated explaining why a woman is in the labor force or not. In the second stage, a least 
squares regression is estimated relating the wage of a working woman to education, experience, 
etc., and a variable called the "Inverse Mills Ratio," or IMR. The IMR is created from the first 
step probit estimation, and accounts for the fact that the observed sample of working women is 
not random. 

The econometric model describing the situation is composed of two equations. The first, is 
the selection equation that determines whether the variable of interest is observed. The sample 
consists of N observations, however the variable of interest is observed only for n < N of these. 
The selection equation is expressed in terms of a latent variable z* which depends on one or more 
explanatory variables , and is given by 

* The text book calculations were carried out using Stata. 
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For simplicity we wil l include only one explanatory variable in the selection equation. The latent 
variable is not observed, but we do observe the binary variable 

, - f z ; > ° 
[0 otherwise 

The second equation is the linear model of interest. It is 

yi=$x+$2xi+ei i = \,...,n N>n 

A selectivity problem arises when;;/ is observed only when zt = 1, and if the errors of the two 
equations are correlated. In such a situation the usual least squares estimators of J3, and (32 are 
biased and inconsistent. 

Consistent estimators are based on the conditional regression function 

E[yt | z* > 0] = p, + p2x, + PA- i = 1,...,« 

where the additional variable Xt is "Inverse Mills Ratio." It is equal to 

x = 4>(yi + Y 2 ^/ ) 

where, as usual, (j)(-) denotes the standard normal probability density function, and O(-) denotes 
the cumulative distribution function for a standard normal random variable. While the value of 
is not known, the parameters y, and y2 can be estimated using a probit model, based on the 
observed binary outcome z,-. Then the estimated I MR, 

0 ( y , + Y 2 w , . ) 

is inserted into the regression equation as an extra explanatory variable, yielding the estimating 
equation 

First, let us estimate a simple wage equation, explaining In (WAGE) as a function of the woman's 
education, EDUC, and years of market work experience (EXPER), using the 428 women who 
have positive wages. Select Quick/Estimate Equation. Fill the dialog box as 



300 Chapter 10 

Equation Estimation 
Specification Options 

f Equation specification - - — 
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X. 

log(wage) c educ exper i l l 

¡Mp 

Estimation settings 

Method: ¡LS - Least Squares (NLSjndARMA)_ 

Sample: j if wage>0 ^„^.„.„T,,,.,,,,,,—„.,.,,—— 

- • . , . . . . , . , , 

Dependent Variable: LOG(WAGE) 
Method: Least Squares 
Sample: 1 753 IF WAGE>0 
Included observations: 428 

Coefficient Std. Error t-Statistic Prob. 

C -0.400174 0.190368 -2.102107 0.0361 
EDUC 0.109489 0.014167 7.728334 0.0000 

EXPER 0.015674 0.004019 3.899798 0.0001 

Heckit estimation begins with a probit model estimation of the "participation equation," in which 
LFP is taken to be a function of AGE, EDUC, a dummy variable for whether or not the woman as 
children (KIDS) and her marginal tax rate MTR. Create the dummy variable KIDS using 

series kids = (kidsl6 + kids618 > 0) 

Select Quick/Estimate equation and f i l l in the dialog box as shown. 

FY 
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Equation specification 

Binary dependent variable followed by list of regressors, OR 
an explicit equation like Y=c( l )+c(2)*X. 

Fp jcageeducHdsn t r g ^ f c / f m0Cjel fOi iaÙOÎ force 
participation 

Binary estimation method: © P r o b i t Q L o g i t Q Extreme value 

Estimation settings 

Method: | BINARY - Binary Choice (Logit, Probit, Extreme Value) 

Sample: j 1 753 

Cancel 

Using all the sample data we obtain 

Dependent Variable: LFP 
Method: ML - Binary Probit 
Sample: 1 753 
Included observations: 753 

Coefficient Std. Error z-Statistic Prob. 

c 1.192296 0.720544 1.654717 0.0980 
AGE -0.020616 0.007045 -2.926390 0.0034 

EDUC 0.083775 0.023205 3.610225 0.0003 
KIDS -0.313885 0.123711 -2.537248 0.0112 
MTR -1.393853 0.616575 -2.260638 0.0238 

The inverse Mills ratio IMR requires computation of the fitted index model. In the probit 
estimation window, select Forecast. 

In the Forecast dialog box choose the radio button for Index and give this variable a name. 
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Forecast 
Forecast equation 

LFP PROBIT 

-

• 

J 
Series to forecast 

O Probability ( j ) Index - where Prob = 1-F( -Index ) 

Series names 

Forecast name: i Ifpf 
Method 

Static forecast 
fnn dvnamirí; in eni laHniVi 

The inverse Mills ratio is then calculated using the EViews functions for the standard normal pdf 
@dnorm and the standard normal CDF @cnorm. 

series imr = @dnorm(!fpf)/@cnorm(lfpf) 

Include the IMR into the wage equation as an explanatory variable, using only those women who 
were in the labor force and had positive wages. 

mËÊÊÊÊÊÊÊÊmi 
Specification j options I 

Equation specification -
Dependent variable followed by list of regressors including ARMA 
and PDL terms, OR an explicit equation like Y=c(l)+c(2)*X. 

log(wage) c educ exper imr 

add IMR to model 

Estimation settings 

Method:! LS - Least Squares (NL5 and ARMA) 

Sample: if Ifp=l 

Dependent Variable: LOG(WAGE) 
Method: Least Squares 
Sample: 1 753 IF LFP=1 
Included observations: 428 

Cancel 

Coefficient Std. Error t-Statistic Prob. 

C 
EDUC 

EXPER 
IMR 

0.810542 
0.058458 
0.016320 

-0.866439 

0.494472 
0.023849 
0.003998 
0.326985 

1.639206 
2.451122 
4.081732 

-2.649777 

0.1019 
0.0146 
0.0001 
0.0084 
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This two-step estimation process is a consistent estimator, however the standard errors Std. Error 
do not account for the fact the ÏMR is in fact estimated. I f the errors are homoskedastic, we 
however can carry out a test of the significance of the IMR variable based on the /-statistic that is 
reported by EViews. This is because under the null hypothesis that there is no selection bias the 
coefficient of IMR is zero, and thus under the null hypothesis the usual /-test is valid. Here we 
reject the null hypothesis of no selection bias and conclude that using the two-step Heckit 
estimation process is needed. 

I f the regression errors may be heteroskedastic, as they might be for this microeconomic 
example, a robust standard error can be used. On the Options tab of the Equation Estimation 
dialog check the box for Heteroskedasticity consistent coefficient covariance and click the 
White radio button. 

The resulting /-statistic is still significant at the .05 level. 

[ViewflProc{(objectI [Print][Name||Freeze] (Estimate ](F~orecastf StatsjResids] 

Dependent Variable: LOG (WAGE) 
Method: Least Squares 
Date: 12/09/07 Time: 12:10 
Sample: 1 753 IF LFP = 1 
Included observations: 428 
White Heteroskedasticity-Consistent Standard Errors & Covariance 

Coefficient Std. Error t-Statistic Prob. 

C 
EDUG 

EXP ER 
IMR 

0.810542 
0 .058458 
0 .016320 

-0 .866439 

Correct standard errors for the two step estimation procedure are difficult to obtain without 
specially designed software. Such options, and maximum likelihood estimation of the Heckit 
model, are available in Limdep and Stata software packages. 
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Keywords 
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Importing and Exporting Data 

CHAPTER OUTLINE 

17.1 Obtaining Data from the Internet 
17.2 Importing An Excel Data File 
17.3 Date Conventions 

17.4 Importing a Text (Ascii) Data File 
17.5 Entering Data Manually 
17.6 Exporting Data from EViews 
KEYWORDS 

17.1 OBTAINING DATA FROM THE INTERNET 

Up to now we have taken you through various econometric methodologies and applications using 
already prepared EViews workfiles. In this chapter, we show you how to create a workfile and 
how to import data from an Excel spreadsheet. The first step is to create the Excel data file. 

Getting data for economic research is much easier today than it was years ago. Before the 
Internet, hours would be spent in libraries, looking for and copying data by hand. Now we have 
access to rich data sources which are a few clicks away. 

Suppose you are interested in analyzing the GDP of the United States. As suggested in 
Chapter 17, the website Resources for Economists contains a wide variety of data, and in 
particular the macro data we seek. 

Websites are continually updated and improved. We shall guide you through an example, but 
be prepared for differences from what we show here. 

First, open up the website: www.rfe.org : 

305 

http://www.rfe.org


306 Chapter 10 

Introduction 
E M 2 
Dictionaries. Glossaries. & 
Encyclopedias 
Economists Departments. & 
universities 
Forecasting & Consulting 
Jobs. Grants. Grad Schoci. & 
Advice 
Mailing Lists. Forums & Usenet 
Meetings & Conferences 

ISSN 1081-4248 
Vol. 11, No. 8 
August. 2007 

Editor: Bill Goffe 
Dept. of Economics, SUNY Oswego 
Editorial Assistant: Marian Aboud 

• News Media 

Other Internet Guides 
Scholarly Communication 
Software 
Teaching Rggggrpes 
Bloas Commentaries, and 
Podcasts 
Neat Stuff 

Select the Data option and then select U.S. Macro and Regional Data. 

Econ Search Engine 

Complete Contarás:..: 

Abridged Contents 

• I l 

Title P a g e / D a t a 
T a b l e of C o n t e n t s : Abr idged | C o m p l e t e C o n t e n t s 
Search Economic W e b Sites 

Data 

U.S. Macro and Regional Data 

Other U.S. Data 

World and Non-U.S. Data 

Finance and Financial Markets 

Journal Data and Program Archives 

This wi l l open up a range of sub-data categories. For the example discussed here, select the 
National Income and Produce Accounts to get data on GDP. 
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Title Page / Data / U.S. Macro and Regional Data 
Table of Contents: Abridged | Complete Contents 
Search Economic Web Sites 

U.S. Macro and Regional Data 

Macro summary statistics (major data series for recent years) 

Economic Statistics Briefing Room fESBR*! - handful of most important data series with graphs (White House site) 
I MSiJiL... 

"Primary" macro and regional sites that generate data jmany long series) 

Bureau of Economic Analysis (8EA) - National Income anc! Produce Accounts (GDP. etc). international and 
regional data | 
Bureau of Labor Statistics (BLS) - more than 250,000 long series; unemp. and price series most prominent | 
steMŝ  
Conference Board - "Leading Economic Indicators", and "Consumer Confidence" and other non-govt. data | 

Congressional Budget Office (CEO) - current federal spending and revenue, macro forecasts | fiefM'L 
Federal Budget for the Fiscal Years 1997 to 2007 - summary and very detailed federal budget info | details 
Survey of Consumers from the Univ of Michigan - well-known survey of consumer attitudes | ggiasis. 
What Was the Exchanoe Rate Then? - historical exchange rates | deMS.,,, 
What Was the GDP Then? - U .S. GDP estimates starting in 1789 | details 

From the screen below, select the Gross Domestic Product (GDP) option. 

U.S. Economic Accounts 

National International 
Access Nat ional Economic Accounts D a t a 

Gross Domest ic Product (GDP^l 
Personal I n c o m e and Outlays 
Corporate Profits 
Fixed Assets 
Satel l i te Account 
• Research and D e v e l o p m e n t 

Access I n t e r n a t i o n a l Economic Accounts D a t a 

• Balance of P a y m e n t s 
• T r a d e in Goods arid Services 
• In te rna t iona l Services 
• In te rna t iona l I n v e s t m e n t Position 
• Operat ions of Mult inat ional C o m p a n i e s 
• Survey Forms and R e l a t e d Materials 

• View all Nat ional Accounts In fo rmat ion , • View all In te rna t iona l Accounts In fo rmat ion , 

Regional 
Access Regiona l Economic Accounts D a t a 

• GDP by State ( former ly GSP) 
* State and Local Area Personal I n c o m e 
• R IMS I I Reg iona l I n p u t - O u t p u t Multipliers 
• BEA's Reg iona l FACT Sheets (BEARFACTS') 
• BEA Economic Areas 

• View all Reg iona l Accounts I n f o r m a t i o n , . , 

Industry 
Access I n d u s t r y Economic Accounts D a t a 

• Annual Industry Accounts 
• GDP by Industry 
* I n p ut- O utp ut Acco u nts 

• Benchmark I n p u t - O u t p u t Accounts 
• Satel l i te Accounts 

* Research and D e v e l o p m e n t 
• T rave l and Tourisrri 

• S u p p l e m e n t a l Est imates 
• View all Industry Accounts I n f o r m a t i o n , . . 
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Most websites allow you to download data convenietly in an Excel format. 

National Economic Accounts 

Gross Domestic Product (GDP) 
• News Release; Gross Domestic Product 

^ includes highlights, technical note., and associated tables 

• Mow A v a i l a b l e : NIPA annual and comprehensive revision plans 

• Current-dollar and "real" GDP fEncei» 35KR": i i^ 

• Percent change f rom preceding period (Excel 

Interactive Tables: National Income and Product Aclftunts Tables 

• Selected NIPA Tables: 

• Text format (Tent « 1,788KB) Tk 

• Self-extracting format (EXE * 870KB) ^ 

• Compressed format (ZIP » 802KB) 

• Comma-del imited format (CSV » 1,071KB) 

• Portable document format (PDF • 6,189.KB) 

Be sure to save the file which is called gdplev.xls. 

Home > National Economic Accounts 

National Economic Accounts 
fFwmmmmmmmmmmmammmm 

National Economic Accounts 

Gross Domest ic Product (GDP) 
Do you want to open or save this file? 

• News R e l e a s e : Gross D o m e s t i c Product P S \ Name: gdplev.xls 

^ includes highlights, technical no te , anc ÜiMJ Type: Microsoft Excel Worksheet, 34.5 KB 

• N o w A v a i l a b l e : NIPA annual and compret From: www.bea.gov 

• C u r r e n t - d o l l a r and "real" GDP (Excel • 35KBi 

• Percent c h a n a e f r o m preced ina per iod TEKC« [ Open j | Save ] [ Cancel ] 

I n t e r a c t i v e T a b l e s : Nat iona l I n c o m e and Pre 0 Always ask before opening this type of file 
• Se lec ted NIPA T a b l e s : 

0 Always ask before opening this type of file 

• T e x t f o r m a t (Test» 1..78SKB"i 

• Se l f - ex t rac t ina f o r m a t (EXE « 870KB' 

• C o m p r e s s e d f o r m a t (ZIP « 802KB) 

• C o m m a - d e l i m i t e d f o r m a t f e s v « l .G 

fii%} While files from the Internet can be useful, some files can potentially 
1 @ P harm your computer. !l you do not trust the source, do not open or 
^ save "this file. What's the risk? 

• Portable d o c u m e n t f o r m a t (PDF * 6,139KB) 

http://www.bea.gov
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National Economic Accounts 

Gross Domestic Product (GDP) 

• Mews R e l e a s e : Gross D o m e s t i c Product 

includes highlights, technical no te , and a: 

• N o w A v a i l a b l e : NIPA annua l arid c o m p r e h e r 

-J Download Complete 

Saved: 
gdplev.xls from www.bea.gov 

• '[¡H<t 8 Iŵ ŵisfMMjlitiilliiGMiM̂ illMtM MlilM WM MMM (MS Ml MM Mfiiiil̂ liMiSÎ ^̂ ^ 

• Percent chanqe f r o m preceding per iod ('Excel • 

dill I n t e r a c t i v e Tab les : Nat ional I n c o m e and P r o d i 

Downloaded: 34,5 KB in 1 sec 
Download to: C:\gdplev.xls 
Transfer rate: 34.5 KB/Sec 

O Close this dialog box when download completes • Se lec ted NIPA Tab les : 

• T e x t f o r m a t (Text« I^SSFCB") 

• Se l f - ex t rac t ina f o r m a t (EKE • 870KB") 

• C o m p r e s s e d f o r m a t (ZIP * 802KB'} 

Downloaded: 34,5 KB in 1 sec 
Download to: C:\gdplev.xls 
Transfer rate: 34.5 KB/Sec 

O Close this dialog box when download completes • Se lec ted NIPA Tab les : 

• T e x t f o r m a t (Text« I^SSFCB") 

• Se l f - ex t rac t ina f o r m a t (EKE • 870KB") 

• C o m p r e s s e d f o r m a t (ZIP * 802KB'} 

I Open I Open Folder ] j Close | 

• Se lec ted NIPA Tab les : 

• T e x t f o r m a t (Text« I^SSFCB") 

• Se l f - ex t rac t ina f o r m a t (EKE • 870KB") 

• C o m p r e s s e d f o r m a t (ZIP * 802KB'} 

• C o m m a - d e l i m i t e d f o r m a t i'csv » i,o?u<&-i 
• Portable d o c u m e n t f o r m a t (PDF » 6, i 89KB) 

Once the file has been downloaded (in this example, to C:\gdplev.xls), we can open the file and a 
sample of the data in Excel format is shown below. 

... A 1 „ B C f D I E I F G j 
1 Current-Dollar and "Real" Gross Domestic Product 

3 Annual Quarterly 
4 
5 

(Seasonally adjusted annual rates) 

GDP in GDP in GDP in GDP in 
billions of billions of billions of billions of 

current chained current chained 
6 
7 

dollars 2000 dollars dollars 2000 dollars 

8 1929 103.6 865.2 1947 q1 237.2 1,570.5 
9 1930 91.2 790.7 1947 q2 240.5 1,568.7 
10 1931 76.5 739.9 1947q3 244.6 1,568.0 
11 1932 58.7 643.7 1947q4 254.4 1,590.9 
12 1933 56.4 635.5 1943 q1 260.4 1,616.1 
13 1934 66.0 704.2 1948q2 267.3 1,644.6 
14 1935 73.3 766.9 1948q3 273.9 1,654.1 
15 1936 83.8 866.6 1948q4 275.2 1,658.0 
16 1937 91.9 911.1 1949q1 270.0 1,633.2 
17 1938 86.1 879.7 1949q2 266.2 1,628.4 

For illustrative purposes, let us now import the annual data (1929-2006) for nominal GDP 
(column B, first observation in cell B8) and real GDP (column C, first observation in cell C8) into 
an EViews workfile. 

http://www.bea.gov
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17.2 IMPORTING AN EXCEL DATA FILE 

To create an EViews workfile, double click on your EViews icon to open the software, then select 
File/New/Workfile. The following screen wil l open up. 

Workfile structure type 

Dated - regular frequency 

Irregular Dated and Panel 
workfiles may be made from 
Unstructured workfiles by later 
specifying date and/or other 
identifier series. 

OK Cancel 

Annual 

Date specification 

Frequency: 

Start date: 

d date: 

1929 

2006 

Names (optional) 
WF: 

Page: 

/ 

To create the workfile for annual data covering sample period 1929 to 2006, select Annual from 
the drop-down menu in Frequency and type in the Start and End dates. Clicking on OK wil l 
create the UNTITLED workfile below. 

V'íew II Proc [[object] ¡Print jjSave][Petails+/- ] l^ i^w|petchlf l tor^D^t^ ¡5ample 
Range: 1929 2006 -- 78 obs Display Filter: * 
Sample: 1929 2006 -- 78 obs 

M c 
0 resid 
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To import data select Proc/ Import/ Read Text-Lotus-Excel. 
! ^ ' 
• Workf i le : UNTITLED 

_ _ _ 
¡sill 3 3 1 

jv iewjgocl lobject] (Print¡Save]|Details-»-/-) [show¡Fetch¡Store ]|Delete ¡Genr ]|Sample] 

Ran] 
Say 

'Set Sample... 

Structure/Resize Current Page.,. 
Append to Current Page., • 
Contract Current Page... 
Reshape Current Page 
Copy/Extract from Current Page 
Sort Current Page... 

Load Workf ile Page ... 

Save Current Page ,.. 

Rename Current Page ... 

Delete Current Page 

Export 

Display Filter." 

Load Workf ile Page,,. 
• | Fetch objects from DB.,. 
"" TSD File Import... 

DRI Basic Economics Database... 

Read Text-Lotus-Excel, 

EViews wil l then ask you for the location of the Excel file. Open the C:\gdpdplev.xls file we 
have created and the following screen wil l open. 

Be sure to pick the By observation - series in columns option, enter the correct location of the 
first observation (B8) and type in the names of the variables - in this case NGDP and RGDP. 
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Clicking on OK wil l import the data from the Excel datafile to the EViews workfile. As a check 
open the group NGDP and RGDP and you can see that we have successfully imported the data 
(do check this against the Excel spreadsheet shown above). 

The final step is to save your workfile. 

Range: 1929 2006 -- 78 obs 
Sample: 1929 2006 — 78 obs 

ffi c 

ViewflProc jj Object ] j Print )[ Name j[Freeze 

> \ Untitled / 
' ' '' " r ! . i ; 

I: lit \':>".'„'•> 'i. 
I I ''III, 1 ; ' ' - » * ' : ? ; : ; ' \,ı ~ i"iı", "il 

1936 
1937 

1940 

1947 

NGDP 
103.6000 
91.20000 
76.50000 i 
53.70000 
56.40000 
66 .00000 
73.30000 
83.80000 
91.90000 
86.10000 
92.20000 
101.4000 
1 26.7000 
1 61.9000 
198.6000 
21 9.8OQ0 
2231000 
222.3000 
244.2000 

Display Filter 

.1 ' : 
[Edit+/-l[Smpl+/-jl Défaut Sort «ITrarispo 

RGDP 
865.2000 
790.7000 
739.9000 
643.7000 
635.5000 
704.2000 
766.9000 
8 6 6 . 6 0 0 0 
911.1000 
879.7000 
950.7000 
1 034.100 
1211.1 00 
1435.400 
T670.900 
1 806.500 
1786.300 
1 589.400 
1574.500 

5 
[Viewl(Prôc]|object] |Pt^|sâw"|Details+/-J (show)[Fetch|StorelDelete|Genrl5atnpleî 
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17.3 DATE CONVENTIONS 

The rules for describing calendar or ordered data are: 

• Annual: specify the year; for example, 1981, or 2007. 

• Quarterly: the year, followed by a colon or period, and the quarter number. Examples: 
1992:1,65:4, 2007:3. 

• Monthly: the year, followed by a colon or period, and the month number. Examples: 
1956:1,2007:11. 

• Weekly and daily: by default, you should specify these dates as Month/Day/Year. Thus 
August 15, 2007 is 8/15/2007. However, you can easily change this to day/month/year 
using Options/Dates & Frequency Conversion. 

mmÊÊMMmsimÊÊÊÊÊmmÊÊÊÊÊÊÊÊmÊÊm 
1 1 

File Edit Object View Proc Quick j | M | J g f Window Help 

Window and Font Options,.. 

File Locations,,. 

Programs,.. 
Pâtes & Frequency Conversion,., [ • Database Registry... 

Database Storage Defaults.,, 

Workfile Storage Defaults ... 

Estimation Defaults,.. 

Graphics Defaults... 

Spreadsheet Defaults,,. 

Alpha Truncation ... 

Auto-5eries in Stats • 1 

Series Labels • J 
• 

Advanced System Configuration ... 

Clicking on Day/Month/Year wil l give you 15/8/2007. 

Default Frequency Conversion ft Dates 

High to low freq conversion method 

Average observations v 

r—| Propagate NA's in conversion 
Do not convert partial periods 

Low to high freq conversion method 

Constant-match average v 

OK 

Month/Day order in dates 

G Month/Day/Year 

0 Day/Month/Year 

Quarterly/Monthly 

O Colon delimiter 

0 Frequency delimiter-

Cancel 
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17.4 IMPORTING A TEXT (ASCII) DATA FILE 

Excel data files are the most common way of handling data. However, some data also come in 
text form and so for completeness, we shall consider the case of importing a text data file. As an 
illustration we wil l import an ASCII file called food.dat. Before trying to import the data in 
food.dat examine the contents of the definition file food.def It is an ASCII file that can be 
opened with NOTEPAD. The *.def files contain variable names and descriptions. For example, 
open food.def. 

food.def 

food_exp income 

Obs: 40 

1. food_exp (y) weekly food expenditure in $ 
2. income (x) weekly income in $100 

Variable | Obs Mean Std. Dev. Hin Max 
+ 

food_exp I 40 233.5735 112.6752 109.71 587.66 
income i 40 19.60475 6.847773 3.69 33.4 

This definition file shows that there are 40 observations on two variables, Y and X, in that order, 
and they are weekly food expenditure and weekly income, respectively. 

To import this data, create a workfile for 40 undated observations and click OK. 

HMHMHHI 
Workfile structure type Data range 

Unstructured / Undated v Observations: 40 

Irregular Dated and Panel 
workfiles may be made from 
Unstructured workfiles by later 
specifying date arid/or other-
identifier series, 

OK Cancel 

Names (optional) 
WF: 

Page: 

To import data, click on File/Import/Read Text-Lotus-Excel. 
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BaiinSSSSHHHHHHHHaSI 
[view Proc¡Object 1 ¡Print j(Save|Details+/-] i Show )| Fetch jf Store ¡DeleteflGenr¡Sample( 

Ran 
Sarr 

Set Sample.., Display Filter: * Ran 
Sarr 

Structure/Resize Current Page... 
Append to Current Page.,. 
Contract Current Page... 
Reshape Current Page • 
Copy/Extract from Current Page • 
Sort Current Page,,, 

Display Filter: * 

E c 
S r . 

Structure/Resize Current Page... 
Append to Current Page.,. 
Contract Current Page... 
Reshape Current Page • 
Copy/Extract from Current Page • 
Sort Current Page,,, 

1 

1 
1 \ 

Load Workfile Page ... 
Save Current Page .,. 
Rename Current Page 
Delete Current Page \ 

Import • I Load Workfile Page... 
Fetch objects from DB.,, 
TSD File Import,.. 
DRI Basic Economics Database... j 

Export • 
V/,ym- ..,///•• •• ..,,.••'/• •_•/,,.•.•/• .,/.-••/••- •<..•///•• ••///• 

Load Workfile Page... 
Fetch objects from DB.,, 
TSD File Import,.. 
DRI Basic Economics Database... j 

<>\ Untitled / New Page j Read Text-Lotus-Excel., , 

Use the dialog box to locate and select the file you want. Click on Open. A dialog box will open. 
Note at the bottom of the dialog box the first few observations in the data file are shown. Because 
the data file does not contain variable names, enter them as shown, and click OK. I f there are a 
large number of long variable names, it is convenient to cut and paste them from the *.def file 
into the EViews window using Ctrl+C followed by Ctrl+V. The workfile wil l then show that 
two new series have been added, X and Y. Save your file 

• • • H H i • H H H 

Name for series or Number if named in file 

Series headers 

# of headers (including names) before data: 

Import sample 

Reset sample to: 
j Current sample 

| Workfile range 
J To end of range 

Data order 

(*) in Columns 

O in Rows 

Delimiters 
@ Treat multiple 

delimiters as one 

• Tab 

• Comma 

0 Space 

• Alpha (A-Z) 

• Custom: 

Preview - First 16« of file: 

Rectangular file layout 

0 File laid out as rectangle 

Columns to skip: 

Rows to skip: 

Comment character: 

Miscellaneous 

I 1 Quote with single1 not" 
• Drop strings - don't make NA 
• Numbers in (.,) are negative 
f~~] Allow commas in numbers 
Currency: 

Text for NA: I NA 

115,22 3.69 A 
135.98 4.39 
119.34 4.75 
114.96 6.03 
187,05 12,47 
243,92 12,98 

: S I 4'l 

OK 

Cancel 
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17.5 ENTERING DATA MANUALLY 

Most of the time, data wi l l be imported from an Excel file. However, you can also enter data 
directly into EViews. As always, you must first create a workfile. Just to illustrate the process, we 
wi l l create a workfile containing 2 series of 4 observations, named X and Y. Click on 
File/New/Workfile. We wi l l assume we have annual observations, from 1996 to 1999. Click OK. 

Workfile structure type 

Dated - regular frequency y ; 

Irregular Dated and Panel 
workfijes may be made from 
Unstructured workfiles by later 
specifying date and/or other 
identifier series. 

OK Cancel 

Annua! 

Date specification 

Frequency: 

Start'date: 

End date: 1999 

Names {optional) 
WF: 

A workfile opens. Select Quick/Empty Group (Edit Series). 

A spreadsheet wi l l open in which you can enter your data. 

r 
• Group: UNTITLED Workfi le: IJNT M — 1 — M — I M C T i a H p a i 

1 Viewi Procsj.Objects) Print J Name j Freeze] Transform 1 EdftV-| Smpl+/-| Ins Del j Transpose {"TWeJ 

I s e 
obs SER01 SER02 
1996 1.100000 6.500000 
199? 5.000000 4.300000 
nm 2.700000 9.990000 
ms -4.330000 I 10.00000 I 

I T 
» . 
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As you fil l in the data, EViews wil l assign temporary names, SER01 and SER02, to the variables. 
To change those names, for example, to change SER01 to X, click open SER01, and select 
name: 

[ v i e y ^ ; | jeriij' Sample 

Range: 1996 1999 -- 4 obs 
Sample: 1996 1999 -- 4 obs 

Display Filter: 

[ViewfProc[(objectj[Propertiesj [Print](Name)[Freeze Default 0 ser02 

Last updated: 11 /2M»7 -15:18 

1.100000 
5.000000 
2.700000 
4.330000 

This wil l open the following box, and you can then type in X. 

• N l l i i l i H B H V H H H H H e a 

Name to identify object 
1 24 characters maximum, 16 

! or fewer recommended 

Display name for labeling tables and graphs (optional) 

OK Cancel 

Repeat the process to change SER02 to Y. You should now find the series X and Y in your 
workfile. 
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17.6 EXPORTING DATA FROM EVIEWS 

There are times when you would like to export data from an EViews workfile. To illustrate, let us 
work with food.wfl and export the two series. To do so, highlight the two series then click on 
Proc/Export/Write Test-Lotus-Excel. 

Set Sample... 

|5aye]|Details+/-j [show ¡Fetch ¡Store|[pêïëtê](Genr¡Sample 

Display Filter: * 

Structure/Resize Current Page... 
Append to Current Page... 
Contract Current Page... 
Reshape Current Page 
Copy/Extract from Current Page 
Sort Current Page,.. 

Load Workfile Page ,.. 
Save Current Page ,. • 
Rename Current Page ... 
Delete Current Page 

<.i>\ Untitled / New Page / 

Save Workfile Page.,, 
Store selected to DB.,, 
TSD File Export,., 
Write Text-Lotus-Excel,., 

This wi l l 

Keywords 

entering data importing data exporting data 

Cancel 

then open up a directory with the option to save as a text or Excel file. 

Text-ASCII (*. 
Lotus f .wkl) 
Lotus r.wk3 

Text-ASCII f.") 

SliMi ll.t'fri' 1 ',"1.'.-*•*3-1 I 



APPENDIX A 

Review of Math Essentials 

CHAPTER OUTLINE 
A.1 Mathematical Operations 
A.2 Logarithms and Exponentials 

A.3 Graphing Functions 
KEYWORDS 

A.1 MATHEMATICAL OPERATIONS 

EViews has many mathematical functions. Click on Help/Help Reference/Function Reference. 
Choose Basic Mathematical Functions. Some of these are: 

Name 
@abs(x), abs(x) 
@ceiling(x) 
@exp(x), exp(x) 
@fact(x) 
@floor(x) 
@inv(x) 
@log(x), log(x) 
@round(x) 
@sqrt(x), sqr(x) 

Some of these functions require the 
mathematical operators: 

Function 
absolute value 
smallest integer not less than 
exponential 
factorial 
largest integer not greater than 
reciprocal 
natural logarithm 
round to the nearest integer 
square root 

i)" sign in front, and some do not. Also recall the basic 

Expression + Operator 
add 
subtract 
multiply 
divide 
raise to the power 

Description 
x+y adds the contents of X and Y. 
x-y subtracts the contents of Y from X. 
x*y multiplies the contents of X by Y. 
x/y divides the contents of X by Y. 
xAy raises X to the power of Y. 

319 
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To illustrate these operations create a workfile, with 101 undated observations. Name it 
appendix a.wfl. Create a scalar a = 3, and carry out some basic operations on this scalar by 
entering the following lines in the command window: 

scalar a = 3 
scalar acube = a A 3 
scalar roota = sqr(a) 
scalar Ina = log(a) 
scalar expa = exp(a) 

Al l of the results are scalars because we have defined a to be a scalar and declared the outcome a 
scalar as well. EViews uses Scientific Notation when reporting extremely large numbers. On the 
command line enter 

scalar b = 510000/.00000034 

EViews reports the value of B as 

• Scalar B = 1.5e+012 

This means B = 1.5x1012 

A.2 L O G A R I T H M S A N D E X P O N E N T I A L S 

For practice purposes, create a variable X that ranges from - 5 to +5 in increments of 0.1. To do 
this, we create a Trend variable. The command @trend creates a variable starting at 0 and 
increasing by one for each observation. 

ser ies x = -5 + @trend/10 

Alternatively, we could have clicked on the Genr tab on the EViews menubar and entered 

, Enter equation 

Now we can create new variables using the mathematical functions. Note that since we are using 
the command ser ies we are in fact creating new series containing 101 observations. 

series absx = @abs(x) 
series expx = @exp(x) 

Click on each series to open it. For example the first few values of EXPX are 
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[view][ProciObject][Properties] [Print|[Namej|Freeze] Default v | |Sort]fEdit+/-](Smpl+/-][L 

EXPX 

Last updated: 11/15/07-13:20 A. 

Modified: 1 101 ft expx = @exp(x) 

1 0.006738 I 
2 0.0074471 
3 0.008230 
4 0.009095! 
5 0.010052! 
6 0.011109 m 

V 

7 

In this spreadsheet window click on View/Graph. Select the default Line & Symbol plot 

Graph type 

General: 

Specific: 

The resulting graph is 

EXPX 

On the horizontal axis is the observation number. Observation 51 corresponds to X = 0 and 
exp(O) = 1. As X increases in value the value of exp(x) becomes very large, and thus on the graph 
the value below observation 51, which are less than one, actually do not show up on the graph. 

Logarithms are only defined for positive numbers. Thus to illustrate its use we wil l first 
change the sample to include only positive values of X. Click the Sample button on the EViews 
menubar. 
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In the dialog box that appears add an IF condition that ensures that X > 0. Click OK. A l l 
operations now wi l l only take place on the positive values of X. This is important not only for the 
logarithm, but also for square roots. 

M M M A Ê ^ Ê Ê Ê Ê ^ ^ Ê Ê ^ K B Ê ^ I 

Sample range pairs {or sampfc object to copy) 

@aH| 

Note that in the EViews workfile the header now indicates that the sample has a condition. 

Workfile: APPEN 
tv iewfProc[[Object] [PrintfSave ¡Details + / - ] [show [[Fetch(storej[Delete](Genr [[Sample 

Range: 1 101 - 101 obs 
Sample: 1 101 i fx>0 - 50 obs 

Display Filter: 

Now we may safely generate the natural logarithms of X. 

series Inx = log(x) 

Examine the values of LNX. You wi l l find " N A " for the nonpositive values of X. I f you graph 
LNX it wi l l not show values for observations 51 (where X= 0) and below. 

A.3 GRAPHING FUNCTIONS 

Let us use the X variable we created in Section A.2 (series x = -5 + @trend/10) to explore the 
shapes of some functional forms. First, change the sample back to the full 101 observations, and 
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not just the positive values. Click on Sample in the main menubar and remove the condition that 
X > 0. It should look like 

Then click OK. 
We wil l create the values of the quadratic function ysq = 1 + 2x + x2 by typing into the 

command line 

series ysq = 1 + 2*x + xA2 

Plot the resulting series against X by selecting Quick/Graph from the EViews menu. In the 
dialog box enter the x-axis variable first 

In the Graph Options dialog box select XY Line then OK. 

Specific: I 
Line & Symbol 

* Bar 
Spike si 
Area 
Area Band 
Mixed with Lines 

; Dot Plot 
Error Bar 
High-Low (Open-Close) 

: Scatter ,f 
ft'lfcyw H Ul f r l f HB if s -JJ XY Area 

if s -JJ 

The resulting graph shows the parabolic shape that we expected, with YSQ taking the value l 
when X = 0. 
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40 

g > 

-6 A -2 

X 

As you are examining the various functions described in Appendix A there is no better way to 
grasp their nature than plotting them for some specific values. Using EViews makes it easy. 
Because you are less familiar with the log-linear and log-log functions, let us plot some 
examples. 

We wi l l be working with logs, so for convenience let us again work with sample values for 
which X > 0. Click on Sample on the main menubar, and add the IF condition X > 0. 

In Section A.4.4 the log-log function is described. The equation 

We must use this expression because we want to plot y values against x values. As an illustration 
let us select the values p, = 1 and (32 = - . 5 , so that the function we wish to graph is 

The negative value of p2 wi l l create an inverse relationship. This is a constant elasticity 

relationship and the elasticity is p2 = - . 5 . That is, a 1% increase in X leads to a Vi% reduction in 

Y. Into the EViews command line, type 

series Iny2 = exp(1 - .5*log(x)) 

l n 0 0 = p i + p 2 l n ( x ) 

can be solved fory as 

y = exp [(3, + [32 In (JC)] 

Using Quick/Graph/XY Line plot the values LNY2 against X, to produce 
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0.0 0.4 0.8 1.2 1.6 2.0 2.4 2 8 3.2 3.6 4.0 4.4 4.8 5.2 

In Section A.4.5 the log-linear function is described. It is 

ln(.y) = p l + p 2 x 

To plot this function we make use of the fact that taking antilogarithms we can express the 
dependent variable 

y = exp(p, + P2x) 

For illustration let us plot y = exp(l + lx ) . Into the EViews command line type 

series Iny = exp(1 + 1* x) 

Using Quick/Graph/XY Line plot the values LNY against X, to produce 

0.0 0.4 0.8 1.2 1.6 2.0 2.4 2,8 3.2 3.6 4 0 4.4 4.8 5.2 

Keywords 

@abs 
@exp 
@trend 
exp 

exponential 
logarithm 
sample: if condition 

scientific notation 
sqr 
XY line graph 
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Statistical Distribution Functions 

CHAPTER OUTLINE 
B.1 Cumulative Normal Probabilities 
B.2 Using Vectors 
B.3 Computing Normal Distribution Percentiles 
B.4 Plotting Some Normal Distributions 
B.5 Plotting the f-Distribution 

B.6 Plotting the Chi-square Distribution 
B.7 Plotting the F Distribution 
B.8 Probability Calculations for the t, F and Chi-

square 
KEYWORDS 

EViews has several types of functions for working with probability distributions. These are: 

Function Type Beginning of Name 
Cumulative distribution (CDF) @c 
Density or probability @d 
Quantile (inverse CDF) @q 
Random number generator @r 

Of these four functions we are interested in, at the moment, the Cumulative distribution (CDF) 
and the Quantile (inverse CDF). 

I f / ( x ) is some probability density function, then its cumulative distribution function is 

F ( x ) = / > [ X < x ] 

That is, the CDF gives the probability that the random variable X takes a value less than, or 
equal to, the specified value, x. 

The quantile function works just the reverse. You provide a probability, say .10, and the 
quantile function tells you the value of x such that F ( x ) = . 10. This answer is exact for 

continuous distributions, For discrete random variables there of course may not be an exact x 
value corresponding to any probability value that you select. The EViews help file says "The 
quantile functions will return the smallest value where the CDF evaluated at the value equals or 
exceeds the probability of interest." 
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The list of probability distributions that EViews can work with is extensive. Click Help/Quick 
Help Reference/Function Reference 

| EViews Help Topics ... 
| READ ME 

Quick Help Reference . • 
^ — 

Student Version Getting Started (pdf) 
EViews Illustrated - An EViews primer • 

The links to different types of functions are listed. 

Operator and Function Reference 
This material is divided into several topics: 

• Operators. 

• Basic mathematical functions. 

• Time series functions. 

• Financial functions. 

• Descriptive statistics. 

• Cumulative statistics functions. 

• Moving statistics functions. 

• Group row functions. 

• By-group statistics. 

• Additional and special functions. 

• Trigonometric functions. 

• Statistical distribution functions. 

Select Statistical distribution functions. 

B.1 CUMULATIVE NORMAL PROBABILITIES 

The EViews function @cnorm(z) returns the cumulative probability that a standard normal 
random variable falls to the left of the given value z, as shown below. 

a ias i s , ^^ 
Object Reference 
Basic Command Reference 

i f f l H i f i f f i 
Matrix Reference 
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A Cumulative Probability 
Shaded Area is P(Z< = 1.96) 

z 

We wi l l illustrate how to use EViews to compute cumulative probabilities However, as always, 
you must begin by creating a workfile. 

• Click on File/NewAVorkfile 
• Click on Unstructured/Undated. Enter some number for observations, say 101, though 

is doesn't matter here since we wi l l not be entering data. The reason for the odd choice 
wi l l become clear later. Click OK. 

Workfile Create 
WorkSe structure tfpe 
[unstructured /Undated v.'! 

Irregular Dated and Pane! 
workSes may be made from 
iinsfrychjred workftlesby later 
specifying date and/or other 
identifier series. 

I OK | \ j [ Cancel ] 

Data ränge 
Observations: I 101 

i t e r « (opfional) 
'•'VF : j appendix_b 

Page;j 

Entering the Name for the workfile is optional, but doing it now, before we forget, saves time 
later. Name this workfile appendix b.wfl. 

To compute the probability that a standard normal random variable takes a value less than or 
equal to 1.96, type into the command line 

scalar p1 = @cnorm(1.96) 

The scalar PI is added to the workfile. Scalars are indicted by # symbols. Highlight PI and 
double-click. The value of the scalar appears in the lower left corner of the EViews screen 

U Scalar P I = 0.975002104852 
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That is, the probability that a standard normal random variable falls to the left of, or equals, 1.96 
is .975. For a continuous random variable the probability of any one point is zero. We can also 
say that the probability that the standard normal random variable falls to the right of 1.96 is .025. 

These cumulative probabilities for the standard normal are provided in Table 1 at the back of 
POE. This cumulative probability is used so often it is given its own symbol, <D. Thus we can 
write 

P[Z< 1.96] = 0(1.96) = .9750 

Using the CDF we can compute any probability we might be given. For example, suppose 
X ~ N (3,9), that is, X is normally distributed with mean p = 3 and variance A2 = 9. We can 
compute the probability that X falls in the interval [4,6] as 

P[4<X<6] = P 
CT CT CT 

= P[.33 < Z < 1] = CD (1) - <D (.33) 

To compute this in EViews we wi l l create each of the cumulative probabilities, and then subtract. 

scalar phi1=@cnorm(1) 
scalar phi2=@cnorm(.33) 
scalar prob = phi1-phi2 

The calculated value of the probability, which we have called PROB = .2120. 

• Scalar PROB = 0.212044726913 

Remark: When writing EViews commands, try to make the names somewhat 
relevant to the algebraic form or the context of the problem. This wi l l help you 
recall what you were doing when looking back at it later. 

B.2 USING VECTORS 

The approach above obviously works, but i f you wish to have the results in a convenient form for 
a paper, using coefficient vectors is an option. Click on Object/New Object on the EViews 
menubar. 

Click on Matrix-Vector-Coef, giving the new object the name P. 
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| New Object X 

: Type o f object Name for object | 

: | Matrix-Vector-Coef ! : J ] 
| Equation I k 

; ¡Factor m 
, ¡Graph \ s | Group v 

iLoaL 
:: H iMa t r i x -Vec to r -Coe f 

ode: 

Make this object a vector, which is just a single column of numbers, with 3 rows. Click OK. 

Type 

O Matrix 

O Symmetric: Matrix 

© Vector 

O Coefficient Vector 

Dimension 

Rows: 13 

Columns:;; 1 

<* J Cancel 

Instead of pointing and clicking, you can simply type vector(3) p into the command line and 
press Enter. 

Type into the command line the following series of statements 

p(1)=(6-3)/3 
p(2)=(4-3)/3 
p(3)=@cnorm(p(1 ))-@cnorm(p(2)) 

With each command you wi l l see an entry appear in the vector P, with the final entry being the 
probability you seek. 

KM l a i , .. . . a 
l [v iew][Proc](object] [Print][Namef Freeze J [Edi t+/- |Label+/- ] ( i j 

1 ' P 
C 1 i 

L a s t upda ted : 11 /16 /07 - 1 4 : 5 7 1 

I 
R 1 1 .000000 

R 2 L * [ 

R 3 
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The advantage of this approach is that now we can Freeze this screen, and then Name it 
(P_TABLE) and it wi l l appear in our workfile. Furthermore, the contents of this table can be 
copied (highlight then Ctrl+C) and pasted (Ctrl+V) into a document 

R1 1.000000 
R2 0.333333 
R3 0.210786 

The result is a table that can be formatted, edited, etc. 

B.3 COMPUTING NORMAL DISTRIBUTION PERCENTILES 

The function @qnorm(p) returns the percentile value z from a standard normal probability 
density, such that 

P[Z<z] = ®(z) = p 

For example, probability of .10 falls to the left of -1.28. 

The 10th percentile 
Shaded Area is P(Z< = -1.28)= .10 

Percentiles that identify regions containing a certain probability are often called critical values. 
To illustrate, type in the command 

scalar z10 = @qnorm(.10) 

That is, we are asking what is the value z from a standard normal distribution such that 

P [ Z < z ] = 0 ( z ) = .10 

The value of the scalar Z10 is 

• Scalar Z10 = -1,28155156554 
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EViews wi l l compute similar probabilities for many types of random variables. Click on 
Help/Function Reference. Scroll down to the section entitled Statistical Distribution Functions. 
There you wi l l find a long list of probability distributions for which EViews can compute 
cumulative probabilities and percentiles. You have heard of some, like the Binomial. Many 
others wi l l not be familiar. We wi l l use several of these distributions in later chapters, such as the 
Chi-square, the F-distribution and Student's /-distribution. 

B.4 PLOTTING S O M E N O R M A L DISTRIBUTIONS 

It is useful to plot some normal distributions to see their shapes and locations. Recall that we set 
the sample size of the workfile to 101. Create a variable X that covers the [ -5 , 5] interval in 
increments of 1/10th. Type into the command line (or use the Genr button) 

series x = -5 + @trend/10 

Double-click on the generated series to verify. 
The formula for the normal probability density lunction is given in Equation (B.26) of POE. 

It is 

rexp 
7TCT 

- ( •x - l - t ) 2 

2a 2 

where (j. is the mean of the random variable and CT2 is its variance. We are simply going to type 
this formula into EViews and substitute values for the mean and variance. First we plot the 7V(0,1) 
density. On the command line type, pressing Enter after each line 

scalar muO = 0 
scalar varl = 1 
series n01 = exp( -(x-muO)A2/(2*var1) )/sqr(2*3.14159*var1) 

Using Quick/Graph/XY line we can plot N01 against X. Create the density functions of a N(0,2) 
and a N(2,l). To do so we can simply edit the items on the command line and press Enter. The 
commands are 

scalar mu2 = 2 
scalar var2 = 2 
series n02 = exp( -(x-muO)A2/(2*var2) )/sqr(2*3.14159*var2) 
series n21 = exp( -(x-mu2)A2/(2*var1) )/sqr(2*3.14159*var1) 

Using Quick/Graph we can plot all the graphs in the same picture. In the dialog box enter 
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List of series, groups, and/or series expressions 

x n01 n02 n21 

OK | Cancel 

In the Graph Options dialog box choose 

Graph type 

General: 
Basic graph > 

Specific; 
Line Si Symbol 
Bar 
Spike 
Ares 
Area Band 
Mixed with Ones 
Dot Plot 
Error Bar 
High-low {Open-Close) 
Scatter 

XV Area 
XY Bar £<-X-Y triplets) 
Pie 
Distribution 
Quantile - Quantile 
Boxplot 

Details; 

Fit lines: 

Axis borders: 

¡None (^imnsj 

i None 

Multiple series: j Single graph - First vs. AI 

Undo Edits 

This wi l l cause the three densities to be plotted against X in color, which looks good on the 
screen, and printed in a color document. In a black and white document the lines wi l l all look the 
same. However the smart programmers at EViews have figured this out. Click inside the figure 
(the border wi l l darken), and enter Ctrl+C to copy. The default is to copy the graph in color. 
Remove the tick in the box and click OK. 

Graph Metafile f x 

Metafile properties j- " f f 

0 ifMF - metafile 

©EMF - enhanced metafile 

1, OK S 
0 ifMF - metafile 

©EMF - enhanced metafile 

h 0 ifMF - metafile 

©EMF - enhanced metafile j Cared D 
j—i Display this dialog on ail 
'—' cop / operations 

Options/Graph Defaults sets default metafile 
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Go to an open document and enter Ctrl+V to paste. The figure wi l l be 

N01 
N02 
N21 

X 

Using Options/Line & Symbols feature in the graph, we can also apply different symbols to the 
curves so that they can be distinguished in black & white. For more on graphics options, on the 
main EViews menu select Help/E Views Help Topics. Open the sequence of help links shown on 
the next page to find help on graphics. 

Getting Started (Student Version) 

(|2) User's Guide 

User's Guide I Overview 

^ EViews Fundamentals 

tl2l Basic Data Analysis 

Series 

^ Groups 

lj2l Graphing Data 

Quick Start 

Graphing a Series 

Graphing Multiple Series (Groups) 

Basic Customization 

Graph Types 

References 
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B.5 PLOTTING THE T-DISTRIBUTION 

The distribution that you will be using perhaps the most is the /-distribution. It is discussed in 
Section B.5.3 in POE. The formula is very complicated, and we wil l not report it, but EViews 
allows us to plot the distribution easily. The function @dtdist(x,v) returns the value of the density 
function of a /-random variable with v degrees of freedom for the value X. To generate the 
density values for a /-distribution with 3 degrees of freedom, the command is 

series t3 = @dtdist(x,3) 

Using Quick/Graph/XY line plot the N(0,1) density N01 and the /(3) density on the same graph. 

N01 
T3 

B.6 PLOTTING THE CHI-SQUARE DISTRIBUTION 

The F and Chi-square distributions are only defined for positive values. Let's create a new 
variable W that takes values in the interval [.1, 25.1] in increments of 0.25. These are simply 
positive values that can be used to construct the graphs. 

series w = .1 + @trend/4 

For the chi-square density we need to specily the value of one parameter, its degrees of freedom, 
m, which is also its mean. 

series chi4 = @dchisq(w,4) 
series chi8 = @dchisq(w,8) 

Plot these values against W 
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w 

B.7 PLOTTING THE F DISTRIBUTION 

The F-distribution depends on two degrees of freedom parameters: The numerator degrees of 
freedom m\ and the denominator degrees of freedom m2. Let's choose m\ = l and m2 = 30. Define 
W F for these plots so that it ranges from [.1, 5.1]. In the command line, 

series wf = .1 + @trend/20 

Then generate the F- distribution values 

series F = @dfdist(wf,7,30) 

and plot. 

W F 
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B.8 PROBABIL ITY C A L C U L A T I O N S FOR T H E T, F A N D CHI -SQUARE 

Probability calculations for distributions other than the normal are set up the same way using 
functions beginning with @c. Thus we can compute, for some specified value*, 

The probability that t{m) < x use the command scalar pt = @ctdist(c,m) 

The probability that x\m) ^ x use the command scalar pc = @cchisq(x,m) 

The probability that < x use the command scalar pf = @cfdist(x,m1,m2) 

We can compute the critical values such that the probability p falls to the left using for the three 
distributions the commands using quantile functions that begin with @q: 

scalar tc = @qtdist(p,m) 
scalar cc = @qchisq(p,m) 
scalar fc = @qfdist(p,m1,m2) 

The names we have assigned can be changed, of course, and specific values must be used for c, 
m and p. For example, for a ̂ -distribution with 20 degrees of freedom, the value tc such that 

use the command 

scalar tc = @qtdist(.95,20) 

The resulting value is 1.7247, which you may compare with the value in Table 2 of POE. 

Keywords 

P t(^<t =0.95 (20) " <c 

@cchisq 
@cfdist 
@cnorm 
@ctdist 
@dchisq 
@dfdist 
@dtdist 

chi-square distribution 
cumulative distribution 
F distribution 

@qchisq 
@qfdist 
@qnorm 
@trend 

normal distribution 
probability density function 
quantile functions 
scalar 
t distribution 
vector 
XY Line graph 
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KEYWORDS 

C.1 A HISTOGRAM 

Open the EViews workfile hip.wfl. Double click on Y, which is hip width, to open the series into 
a spreadsheet view. Select View/Descriptive Statistics & Tests/Stats Table 

Sample: 1 50 

Mean 
Median 
Maximum 
Minimum 
Std. Dev. 
Skewness 
Kurtosis 

Jarque-Bera 
Probability 

Sum 

Sum Sq. Dev. 

Observations 

17.15820 
17.08500 
20.40000 
13.53000 
1.807013 

-0.013825 
2.331534 

0.932523 
0.627343 

857.9100 
159.9995 

50 

338 
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To construct a histogram, from the spreadsheet select View/Graph. Under the specific graph 
choose Distribution. 

Specific 
Line & Symbol 
Bar 
Spike 
Area 
DotPlot 

Quantile - Quantité 
Boxplot 

msmisstmSiki 

Details: 

Graph data: 

Distribution: 

£ AW DA:£ - V . ; 

Histogram V Options 

To have the figure closely resemble Figure C.l, select Options 

r Details: 
i Graph data: 

Distribution: 

Axis borders: 

Ra^dâtâ v ; 

Histogram ¡¡|§ [Options 

None " 

£ gr api 

Choose Relative Frequency for Scaling and choose the User-specified Bin width of 0.9814. 
This seemingly odd choice is the maximum value (20.4) minus the minimum value (13.53) 
divided by 7, which wil l be the number of bins (or figure bars). 

Specification 

Scaling: Relative Frequency ; v 

Bin width: User-specified v 0.9814 

Anchor: 0 

j I Right-dosed bin intervals: (a, b] 

Click OK. 
On the Axis/Scale tab select the Bottom Axis and Scale. For the Bottom axis scale 

endpoints select User specified and use the data minimum and maximum values 
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Edit Axis: Bottom Axis and Scale v 

Bottom axis scaling method Bottom axis 

| Linear scaling | | Invert 
scale 

Bottom axis scale endpoints 

Scale Units & 
Label Format 

Min: I 13,53 

Max: 20.4 

Select OK and the resulting figure is 

C.2 SUMMARY STATISTICS 

The sample mean y = N = 17.1582 is shown in the summary statistics table, along with 

several other summary measures. In this section we illustrate how to create a wide range of 
summary of statistics with EViews functions. For any single statistic there are perhaps several 
ways to do the calculation, so our commands are not the only acceptable ones. 

C.2.1 The sample mean 

The sample mean is discussed in POE Section 
"hip" data. Enter the commands 

scalar ysum = @sum(y) 
scalar n = @obs(y) 
scalar ybar = @mean(y) 

:.3. On page 505 we find the calculation for the 

sum of y values 
number of observations 
sample mean 



Review of Statistical Inference 341 

The scalar values created are: 

Scalar YSUM = 857,91 1J Scalar« = 50 I J Scalar YBAR = 17,1582 

C.2.2 Estimating higher moments 

In POE Section C.4.3 the hip data higher moments are estimated. The sample variance for the hip 
data is 

e _ £ U - y f = I U -17.1582)2 ^ 159.9995 _ 3 ^ 
JV-1 49 49 

We can obtain this value as follows 

scalar s s y = @sumsq(y-@mean(y)) sum of squared deviations 
scalar sig2 = @vars(y) sample variance 

• Scalar SSY = 159.999538 • Scalar SIG2 = 3.26529669388 

This means that the estimated variance of the sample mean is 

— c r 3.2653 
var (Y ) = — = = .0653 v ' N 50 

and the standard error of the mean is 

se ( f ) = d/V7V=.2556 

scalar var = sig2/n estimated variance of sample mean 
scalar sig = @stdev(y) standard deviation ofy 
scalar s e = sig/sqr(n) standard error of sample mean 

I J Scalar VAR = 0.0653059333776 I J Scalar SIG = 1.80701319693 • Scalar SE = 0.255550257048 

The estimated skewness is S = -.0138 and the estimated kurtosis is K = 2.3315 using 

= a /Z{Y i ~ y f / N = Vl59.9995/50 = 1.7889 

We can compute the skewness and kurtosis directly using built-in EViews functions 
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scalar sk = @skew(y) skewness 
scalar k = @kurt(y) kurtosis 

• Scalar SK = -0.0138249736168 • Scalar K = 2.33153416027 

The intermediate calculations, shown on POE page 512, are 

scalar sigtilde = @stdevp(y) square root of ssy divided by n 
series y3 = (y-ybar)A3 series deviations about mean cubed 
scalar mu3 = @sum(y3)/n 3rd moment about mean 
series y4 = (y-ybar)A4 deviations about mean to fourth pwr 
scalar mu4 = @sum(y4)/n 4th moment about mean 

• Scalar SIGTILDE = 1.73885179934 • Scalar MU3 = -0,079138424064 

• Scalar MU4 = 23.8747719237 

Thus the hip data is slightly negatively skewed, and is slightly less peaked than would be 
expected for a normal distribution. 

C.2.3 Create a table 

Rather than printing all these scalars it would be preferable in a report to create a vector object 
and store the results, creating a table. Create a new called summary. 
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New Matrix 

Type 

O Matrix 

O Symmetric Matrix 

0 Vector 

O Coefficient Vector 

OK 

Dimension 

Rows: 

Columns: 

Cancel 

15| 

Select OK. Enter the following series of commands to assign quantities to positions in summary. 

summary(1)=ybar 
summary(2)=ssy 
summary(3)=n 
summary(4)=sig2 
summary(5)=sig 
summary(6)=var 
summary(7)=se 
summary(8)=sigtilde 
summary(9)=mu3 
summary(10)=mu4 
summary(11)=sk 
summary(12)=k 

To create a table, Freeze the results 

Mevvj[ProcJ[object] |?rr>t|t lamejjrree;äj (Edit+/-Jlabe!+/-j [SheetflstattjGraphj 
Ĵ MMART 

C1 r " 1 * ~ Lastupdâed: 11)25/07-10:53 A 
R1 17.15820 
R2 159.9995 
R3 50.00000 R4 3.265297 I 
R5 1.807013 
R6 0.065306 R7 0.255550 Free fze table 
R8 1.788852 R9 -0.079138 R10 23.87477 
R11 -0.013825 -

R12 2.331534 R13 0000000 R14 0.000000 R15 0.000000 m 
M . . > • 

Name the table. 
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m Table: UNTITLED Workfile: HIP_APPXjC::Unt„, | I 

[[ViewfPr oc][Qbject ] @ l y ¡ 2 s j ü fà+h ICellFmt [¡Grid +/- ¡Titie |[ Comments +/-1| 
I P NUMMARY 

A r B - t i C 1 0 1 E 
1 C1 \ A 
2 Las! updated: 11/25/07-10:53 
3 1 Í 
4 R1 17.15820 \ 
5 R2 159.9995 \ 
6 R3 50.00000 \ 
7 R4 3.265297 \ 
8 R5 1.807013, \ 
9 R6 0.065306 \ 
10 R7 0.255550 
11 R8 1.788852 

Name table 12 R9 -0.079138 Name table 
13 R10 23.87477 
14 R11 -0.013825 
15 R12 2 331534 
16 OgJ n nnnnnn M 

mmXLmm 
< • 

M 

Object Name 

Name to ident i fy o b j e c t 

sumrnary_stats_table 
24 characters maximum, 16 
or fewer recommended 

Display name for labeling tables and graphs (optional) 

Cancel 

Highlight table contents and enter Ctrl+C to copy to Windows Clipboard. 

17.15820 
159.9995 
50.00000 
3.265297 
1.807013 

Ctrl+C 
-0.013825 
2.331534 
0 . 0 0 0 0 0 0 
0 . 0 0 0 0 0 0 
0 . 0 0 0 0 0 0 

Choose Formatted numbers. 
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¡¡¡ j 

Number copy method 

0 £ o r m a t t e d - Copy numbers as they appear In tabid 

O Unformatted - Copy numbers a t highest precision 
mm 

OK 

t r 
Cancel 

Paste the contents into an open document, and the table wi l l look like 

R1 17.15820 
R2 159.9995 
R3 50.00000 
R4 3.265297 
R5 1.807013 
R6 0.065306 
R7 0.255550 
R8 1.788852 
R9 -0.079138 

R10 23.87477 
R11 -0.013825 
R12 2.331534 

Then edit the table contents with informative labels 

Sample mean 17.15820 
Sum of squares 159.9995 

Sample size 50.00000 
Sample variance 3.265297 

Sample Std. Dev. 1.807013 
Variance of mean 0.065306 
Std. Err. of mean 0.255550 
Root 2nd moment 1.788852 

Mu3 -0.079138 
Mu4 23.87477 

Skewness -0.013825 
Kurtosis 2.331534 

We will be using this workfile more in this chapter, so Save the workfile as hip appx_c.wfl. 

C.2.4 Using the estimates 

In POE Section C.4.4 some calculations are carried out based on the estimates. First 

p ( r > i 8 ) = / 5 — 
Y - y 18-17.158 

1.8070 
= P(Z > .4659) = .3207 
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Use @cnorm to compute the cumulative normal probability. 

scalar pygt18 = 1 - @cnorm(.4659) • Scalar PYGT18 = o. 320643537685 

How wide would an airplane seat have to be to fit 95% of the population? I f we let y * denote 
the required seat size, then 

P(Y<y*) = P ' Y - y z y * - l 7 ' l 5 * 2 ) = p ( z i y * ~ l 7 A 5 * 2 ' | = .95 

a 1.8070 J V 1.8070 

The value of Z such that P(Z <z*) = .95 is z* = 1.645 which is computed using @qnorm. 

scalar z95 = @qnorm(.95) P Scalar 2 9 5 = 1-64485362695 

Then the calculation of y * is 

^ - 1 7 . 1 5 8 2 = 1 6 , = 2 0 1 3 Q 5 

1.8070 

scalar ystar = ybar + sig*z95 Scalar Y S T A R = 1304722109 

C.3 INTERVAL ESTIMATION 

We have introduced the empirical problem faced by an airplane seat design engineer. Given a 
random sample of size N = 50 we estimated the mean U.S. hip width to be 

y = 17.158 inches = YBAR 

Furthermore we estimated the population variance to be cr =3.265, thus the estimated standard 
deviation is a = 1.807 . The standard error of the mean is 

d / y[N = 1.807/ V50 = .2556 = S E 

The critical value for interval estimation comes from a /-distribution with N— 1 - 49 degrees of 
freedom. While this value is not in Table 2, the correct value is 

^ = W ) = 2 - 0 0 9 5 7 5 2 

which we round to tc = 2.01. This value is found using the EViews command @qtdist(p,v) which 
calculates the p-quantile, or percentile, of the /-distribution with v degrees of freedom. Click 
Help on the EViews main menu, then Quick Help Reference/Function Reference 
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Ü B T " " 

EViews Help Topics ... 
READ ME 

1 j H | 

Object Reference 
Basic Command Reference 

Student Version Getting Started fjpdf) 
EViews Illustrated - An EViews primer • 

Object Reference 
Basic Command Reference 

Student Version Getting Started fjpdf) 
EViews Illustrated - An EViews primer • 
Student Version Getting Started fjpdf) 
EViews Illustrated - An EViews primer • 

Matrix Reference J 

The Statistical Distribution Functions are described. For the ¿-distribution these are shown to be 

Students I -distribution i c t d i s t f x , v ) , 
@ d t d i s t { x , v ) t 

@ q t d i s t ( p , v ) , 
S r t d i s t (v) 

The names represent: 

Function Type 
Cumulative distribution (CDF) 
Density or probability 
Quantile (inverse CDF) 
Random number generator 

Beginning of Name 
@c 
@d @q 
@r 

Thus the 97.5 percenti le of the /-distribution with 49 degrees of freedom is obtained using 

scalar t975 = @qtdist(.975,49) • S c a l a r T 9 7 5 = 2.00957523713 

The 100( 1 - a ) % interval estimator for p. is 

7 ± / c - ^ o r F ± / c . s e ( 7 ) (C.15) 

For the Hip data, use (C.l 5), replacing estimates for the estimators, to give 

.807 
m 

CI 

Jn 
= 17.158212.01 - ^ = - = [16.6447, 17.6717] 

scalar lb = ybar - t975*se 

scalar ub = ybar + t975*se 

• Scalar LB = 16.6446525316 

Û Scalar UB = 17.6717474684 
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C.4 HYPOTHESIS TESTS A B O U T THE POPULATION MEAN 

C.4.1 One-tail test using the hip data 

In POE Section C.6.5 a one-tail test is illustrated. The null and alternative hypotheses are 

/ /0 :p. = 16.5 Hl:\i> 16.5 

The test statistic is 

_ 7-16.5 

The value of the test statistic is calculated using 

scalar t1 = (ybar - 16.5)/se Q ScalarTl = 2.57561861844 

The right tail a = 0.05 critical value of the /-distribution with 49 degrees of freedom is 

scalar t95 = @qtdist(.95,49) P Scalar T95 = 1,67655089262 

The /»-value is the probability that a /-statistic with 49 degrees of freedom is greater than T l 
2.5756. Recalling the definition of a cumulative distribution function, this value is given by 

scalar p1 = 1 - @ctdist(t1,49) P S c a ! a r P 1 = 0,00653694452567 

C.4.2 Two-tail test using the hip data 

The null hypothesis is H 0 : p. = 17. The alternative hypothesis is N, : ju * 17 . The test statistic is 

7 - 1 7 
/ = ^ , ,— ~ /, 

cr/ ¡4N '('v-" 

For a test at the a = 0.05 level, the critical value is the 97.5 percentile of the %9) distribution 
which we used in Section C.3 above in the interval estimate calculation and named t975. 

scalar t2 = (ybar -17)/se P Scalar T2 = 0.619056313334 

scalar p2 = 2*(1 - @ctdist(abs(t2),49)) • Sca,ar p 2 = 0.53874691505 

The complicated formula for the p-value is useful because its general setup will work for any 
two-tail test. It is twice the area in the right tail of the /-distribution beyond the absolute value of 
the /-statistic. 
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C.4.3 Testing the normality of the population 

The normal distribution is symmetric, and has a bell-shape with a peakedness and tail-thickness 
leading to a kurtosis of 3. Thus we can certainly test for departures from normality by checking 
the skewness and kurtosis from a sample of data. I f skewness is not close to zero, and i f kurtosis 
is not close to 3, then we would reject the normality of the population. In Appendix C.4.2 we 
developed sample measures of skewness and kurtosis 

skewness = S = J¿3 

kurtosis = K -
a4 

The Jarque-Bera test statistic allows a joint test of these two characteristics, 

JB -
N S2 + 

(K-3) 2 A 

I f the true distribution is symmetric and has kurtosis 3, which includes the normal distribution, 
then the JB test statistic has a chi-square distribution with 2 degrees of freedom i f the sample size 
is sufficiently large. I f a = .05 then the critical value of the x(

2
2) distribution is 5.99. We reject the 

null hypothesis and conclude that the data are non-normal i f JB > 5.99. To compute the critical 
value and /?-value for the Chi-square distribution refer to help on Statistical Distribution 
Functions. 

Chi -square @ c c h i a q { x , v ) , 

@dch.isq(x, v ) , 

@ q c h i s q (p, v ) , 

S r c h i s q ( v ) 

Using the cumulative and quantile functions we obtain 

scalar jb = (n/6)*(skA2 + (1/4)*(k-3)A2) • Scala>" 3B = 0.93252312132 

scalar pjb = 1 - @cchisqGb,2) • Scalar PJB = 0.627343174134 

scalar chic = @qchisq(.95,2) • S c a l a r C H I C = 5.99146454711 

The Jarque-Bera statistic is calculated automatically by EViews. Open the series Y, select 
View/Descriptive Statistics & Tests/Histogram and Stats. 
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Series: Y 
Sample 1 50 
Observations 50 

Mean 17.15820 
Median 17.08500 
Maximum 20.40000 
Minimum 13.53000 
Std. Dev. 1.807013 
Skewness -0.013825 
Kurtosis 2.331534 

Jarque-Bera 0.932523 
Probability 0.627343 

Keywords 

@cchisq @sumsq one-tail test 
@cnorm @vars p-value 
@ctdist chi-square distribution sample mean 
@kurt confidence interval sample variance 
@mean critical value skewness 
(gobs descriptive statistics standard deviation 
@qchisq freeze standard error of mean 
@qnorm histogram Std. Dev. 
@qtdist hypothesis test Std. Err. 
@skew interval estimates t-distribution 
@stdev Jarque-Bera test two-tail test 
@sum kurtosis vector 
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@abs, 319 ARDL, 190 cross-section coefficients, 254 
@cchisq, 114, 337, 349 arithmetic operators, 33 cross-section identifiers, 253 
@cfdist, 114, 337 asymmetric GARCH, 243 cross-section SUR, 254 
@cnorm, 277, 327, 346 autocorrelation, 180 Ctrl+C, 13, 17 
@coefs, 62, 103 autoregressive models, 184 Ctrl+V, 14, 17 
@cor, 76, 173 axis/scale, 192 cubic equation, 84 
@cov, 120 basic graph, 11, 172 cumulative distribution, 326 
@ctdist, 61, 105,337, 348 binary choice models, 269 d: difference operator, 219 

@dchisq, 335 Breusch-Pagan test, 167 data definition files, 2 
@dfdist, 336 c object, 91 data range, 9, 82 
@dnorm, 277 censored data, 296 data sample, 82 
@dtdist, 335 chi-square distribution, 335, 349 data scaling, 76 
@exp, 319 chi-square statistic, 110 date conventions, 313 
@kurt, 342 chi-square test, 110, 204 date conversion, 313 
@mean, 115, 340 Chow test, 140 date specification, 185 
@obs, 340 close series, 14 delay multipliers, 190 
@qchisq, 81, 114,337, 349 coefficient tests, 104 delta method, 145, 179 
@qfdist, 114, 166, 337 coefficient uncertainty in S.E, 101 demand equation, 213 
@qnorm, 331, 346 coefficient vector, 47, 62, 132 descriptive statistics, 10, 15, 39, 93, 
@qtdist, 62, 72, 103,346 coefficient, 103 122, 338 

@regobs, 72 cointegration, 224 df, 113 

@se, 72,161 collinearity, 128 Dickey-Fuller tests, 223 

@skew, 342 commands: saving, 108 dim, 258 

@sqrt, 120, 158 common coefficients, 254 dummy variables, 134, 251, 259 

@ssdep, 75 common sample, 271 Durbin-Watson test, 183 

@ssr, 75, 113 confidence interval, 346 dynamic forecasting, 188 

@stderrs, 62, 103 contemporaneous correlation, 255 edit +/-, 57, 100 

@stdev, 341 convergence, 176 edit axis, 192 

@sum, 173, 340 copy precision, 17 effects specification, 261 

@sumsq, 115, 341 copying a table, 17 elasticity, 48, 79, 293 

@trend, 133, 192, 320 copying graph, 13 end date, 184 

@vars, 341 correlated random effects, 267 endogeneity problem, 198 

abs, 68 correlation matrix, 127 endogenous regressor, 198 

absolute value, 67 correlation, 26, 172 endogenous variables, 212 

AC, 181 correlogram, 179 entering data, 316 

actual, 148 count data models, 286 equation name.Is, 83, 138 

add text, 153 covariance analysis, 127 equation representations, 47 

apply, 152 covariance matrix, 55, 102, 120, equation save, 46 

AR(1) error, 175 critical value, 62, 348 equation specification, 95 

AR(1), 175 cross section random, 266 error correction, 230 

ARCH test, 236 cross-equation restrictions, 256 error variance, 54 
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estimate equation, 46, 95, 134 

estimation settings, 160 

EViews functions, 27 

EViews size limitations, 287 

exogenous variables, 212 

exp, 319 

exponential function, 87, 145 

exponential, 320 

exporting data, 318 

F distribution, 336 

finite distributed lags, 189 

fitted terms, 125 

fitted, 148 

fixed effects, 258 

fixed effects: testing, 260 

forecast name, 158, 188 

forecast sample, 101 

forecast stand error, 73, 101, 188 

forecast, 58, 73, 97, 126, 158, 196 

forecasting, 188 

freeze, 16, 172, 343 

frequency, 185, 310 

F-statistic, 115 

F-test, 108, 110, 163 

function reference, 5, 33 

F-value, 108, 118 

GARCH, 242 

Garch-in-mean, 245 

generalized least squares, 159 

generalized R-squared, 89 

generate series, 20, 53 

genr 2 1 , 5 3 

Goldfeld-Quandt test, 163 

goodness-of-fit, 75 

graph axes/scale, 42 

graph copy to document, 44 

graph metafile, 14 

graph object, 149 

graph options, 11, 41, 150, 195 

graph regression line, 49 

graph save, 44 

graph symbol pattern, 43 

graph title, 42 

group, 122 

group: empty, 23 

group: naming, 93 

group: open, 38, 92 

HAC standard errors, 174 

Hausman test, 201, 266 

heckit, 298 

help, 4 

heteroskedastic partition, 159 

heteroskedasticity tests, 166 

histogram, 11 ,81 ,339 

hypothesis test, 64, 104, 348 

hypothesis test: left-tail, 65 

hypothesis test: one-tail, 66 

hypothesis test: right-tail, 64 

hypothesis test: two-tail, 67 

identification, 233 

identified, 203 

identifier series, 251 

idiosynchratic random, 266 

importing data: Excel, 310 

importing data: text, 314 

impulse responses, 233 

IMR, 299 

inconsistent estimator, 194 

index model, 280 

individual samples, 292 

instrument list, 199, 213 

instrumental variables, 199, 213 

instruments, 199 

integer date, 185 

interactions, 136, 143 

interim multipliers, 190 

internet data, 305 

interval estimates, 61, 102,346 

inverse Mills ratio, 299 

Jarque-Bera test, 81, 349 

kurtosis, 341 

lag specification, 180 

lag weights, 191 

lagging a series, 172 

Lagrange multiplier test, 182 

latent variables, 279 

least squares line: plot, 152 

least squares, 95, 200 

legend, 153 

limit values, 281 

line/shade, 151, 193 

line/symbol, 153, 172, 197 

linear probability model, 271 

linear-log model, 79 

log function, 78, 144 

logarithm, 322 

logical generate, 259 

logit, 279 

log-linear model, 78 

log-log model, 79 

LR statistic, 275 

LS & TSLS options, 154, 159, 174 

Is, 77 

make GARCH variance, 241 

make residual series, 225, 228 

marginal effect, 131, 277, 284 

math functions, 34 

maximum likelihood, 273 

McFadden R-squared, 275 

mean dependent variable, 54 

mean specification, 239 

Monte Carlo, 194 

Mroz data, 204 

multiple graphs, 17, 220 

NA, 100, 172, 288 

name, 19 

new page, 249 

Newey-West standard errors, 174 

NLS panel, 263 

nonlinear hypothesis, 145 

nonlinear least squares, 176 

nonsample information, 122 

nonstationary variables, 220 

normal distribution, 327 

normality test, 80 

normalized restriction, 112, 179 

normalized restriction, 179 

null hypothesis: joint, 117 

null hypothesis: single, 112 

object name, 16, 40, 93 

object: creating, 92 

object: equation, 96 

object: group, 92 

object: text, 109 

one-tail test, 348 
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open group, 15 

open series, 10 

operators, 136 

order of Integration, 224 

ordered choice models, 279 

ordered probit, 280 

orientation, 193 

outliers, 148 

over-identified, 203 

page destination, 250 

page: naming, 91 

page: resize, 99 

panel options, 252 

panel structure, 258 

path, 7 

plots, 148 

Poisson regression, 286 

polynomials, 130 

pool object, 252 

pooled EGLS, 255 

pooled least squares, 260 

pooling, 253 

prediction evaluation, 284 

prediction interval, 72 

prediction, 71 

prediction: corrected, 87 

prediction: log-linear model, 86 

prediction: natural, 87 

Prob(F-statistic), 115 

Prob., 67 

probability density function, 326 

probability forecast, 275 

probit, 273 

proc, 99 

p-value (Prob.), 104, 113 

p-value, 64, 348 

quantile functions, 326 

quick help reference, 27 

quick/empty group, 23 

quick/estimate equation, 45, 94 

quick/generate series, 20 

quick/graph, 21, 40 

quick/group statistics, 26 

quick/sample, 20 

quick-'series statistics, 25 

quick/show, 25 

random effects, 265 

random regressors, 184 

range, 91 

range: change, 99 

reduced form equation, 212 

reduced form, 200 

redundant fixed effects, 262 

regression output, 95 

rename page, 249 

representations, 137 

RESET test, 124 

reshape page, 250 

resid, 47, 149, 171 

residual correlation matrix, 255 

residual correlogram, 179 

residual graph, 148, 171 

residual plot, 84 

residual table, 53 

residual tests, 166, 180 

residuals, 52, 147 

restricted least squares, 123 

R-squared, 75 

S.D. dependent variable, 54, 96 

S.E. of regression, 54, 96 

sample (adjusted), 178 

sample mean, 340 

sample range, 9, 56, 142 

sample range: change, 12, 20, 99 

sample variance, 341 

sample, 91, 160,287 

sample: if condition, 322 

Sargan statistic, 203 

scalar, 27, 48, 62, 98 

scatter diagram/plot, 18,41, 195 

scatter, 150 

scientific notation, 320 

seemingly unrelated regr, 254 

semi-elasticity, 292 

serial correlation LM test, 182 

series, 9, 133 

series: delete, 24 

series: rename, 24 

significance test, 64, 104, 111 

singular matrix, 264 

skewness, 341 

sort, 164 

spreadsheet view, 10 

spreadsheet, 38, 93 
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