EViews 10

User’s Guide |l




EViews 10 User’s Guide Il

7//\\\% IHS Markit



EViews 10 User’s Guide Il

Copyright © 1994-2017 IHS Global Inc.
All Rights Reserved

ISBN: 978-1-880411-38-4

This software product, including program code and manual, is copyrighted, and all rights are
reserved by IHS Global Inc. The distribution and sale of this product are intended for the use of
the original purchaser only. Except as permitted under the United States Copyright Act of 1976,
no part of this product may be reproduced or distributed in any form or by any means, or stored
in a database or retrieval system, without the prior written permission of IHS Global Inc.

Disclaimer

The authors and IHS Global Inc. assume no responsibility for any errors that may appear in this
manual or the EViews program. The user assumes all responsibility for the selection of the pro-
gram to achieve intended results, and for the installation, use, and results obtained from the pro-
gram.

Trademarks

EViews® is a registered trademark of IHS Global Inc. Windows, Excel, PowerPoint, and Access
are registered trademarks of Microsoft Corporation. PostScript is a trademark of Adobe Corpora-
tion. X11.2 and X12-ARIMA Version 0.2.7, and X-13ARIMA-SEATS are seasonal adjustment pro-
grams developed by the U. S. Census Bureau. Tramo/Seats is copyright by Agustin Maravall and
Victor Gomez. Info-ZIP is provided by the persons listed in the infozip_license.txt file. Please
refer to this file in the EViews directory for more information on Info-ZIP. Zlib was written by
Jean-loup Gailly and Mark Adler. More information on zlib can be found in the zlib_license.txt
file in the EViews directory. Bloomberg is a trademark of Bloomberg Finance L.P. All other prod-
uct names mentioned in this manual may be trademarks or registered trademarks of their respec-
tive companies.

IHS Global Inc.

4521 Campus Drive, #336
Irvine CA, 92612-2621
Telephone: (949) 856-3368
Fax: (949) 856-2044
e-mail: sales@eviews.com
web: Www.eviews.com

June 20, 2017


http://www.eviews.com

Table of Contents

EVIEWS 10 USER’S GUIDE |

PREFACE .ttt et e e 1
PART |. EVIEWS FUNDAMENTALS . . o ettt ettt e et et et et e e eens 3
CHAPTER T. INTRODUCTION 4 ¢ 4 v vttt ettt e ettt et e e e te e et et et e e eeeaateennneeannennns 5
What is EVIeWS? . ... 5
The EViews WINAOW . . . ... e e e 5
Custom Edit Fields in EVIEWS . . . .. 10
Breaking or Canceling in EViews . . . ... ... 14
Closing EVIEWS . . . oottt e e 14
Where to Go For Help . ... .. 14
EViews Updates . . . ..ot 15
CHAPTER 2. A DEMONSTRATION . . ot vttt ettt et ettt e e ae e iaeaeaeaes 17
Getting Data into EVIews . . . . .. 17
Examining the Data . . . . ... 20
Estimating a Regression Model . . . . ... . . 27
Specification and Hypothesis Tests . . . . ... ... e 30
Modifying the EQuUation . . .. .. ... .. 31
Forecasting from an Estimated Equation . ........ ... ... .. . . .. 34
Additional Testing . . . . . ... 39
CHAPTER 3. WORKFILE BASICS .ttt t ettt et et e e ai it eaaeans 41
What is @ Workfile? . .. ... 41
Creating a Workfile . . .. ... .. .. 42
The Workfile Window . . ... ... 60
Saving a Workfile . .. ... .. 75
Loading a Workfile . ... ... 82
Multi-page Workfiles . . . ... .. 82
Comparing Workfiles . . . .. ... 92
Addendum . . ... 94
CHAPTER 4. OBJECT BASICS ettt ettt et 101

What is an Object? . ... .. 101



ii—Table of Contents

Basic Object Operations . . . . . ..ottt e 105
The Object WindOW . . ... ..o e e e e 112
Working with Objects . .. .. ... 115
CHAPTER 5. BASIC DATA HANDLING .+t vttt ettt 123
Data ObjJects . . . oottt 123
SIS . . ot 136
Sample ODJECES . . . oot 144
Importing Data . . .. .. 146
ExXporting Data . . ... ..ot 161
Reading EViews Data using Other Applications . .. ........... ...t 164
Frequency CONVETSION . . . . ..ttt e e e e e et e e e e e e e e e e e e 170
RefeTeNCeS . . . o oo 177
CHAPTER 6. WORKING WITH DATA .o e 179
NUMETIC EXPIeSSIONS . . . o vttt e e e e e e e e e e e e 179
SOIIOS . . i 189
AULO-SETIES .« . . it 193
GIOUPS .« v v et e e e e e e e e e e 198
SCalATS . 202
CHAPTER 7. WORKING WITH DATA (ADVANCED) .+ vtiteeeeeteieeie i eeaneaneannns 203
Auto-Updating Series . . . . . ..o oot 203
Alpha Series . . ... 208
Date SEIIeS . . . vttt 216
Value Maps . .ot 219
CHAPTER 8. SERIES LINKS . ot vttt ettt et ettt et ettt e et e et et et e eaeanns 233
Basic LiNK CONCePLS . . ..ttt e e e e e 233
Creating a LInK . . . ... 247
Working with Links . ... ... 257
CHAPTER 9. ADVANCED WORKFILES . . . ettt et ittt et et et e ee e et et et eaeenns 263
Structuring a Workfile . . . ... 263
Resizing a Workfile . . ... ... o 288
Appending to a Workfile . .. ... .. .. 291
Contracting a Workfile . ... ... ... .. 294
Copying from a Workfile . . ... ... . . . . 294

Reshaping a Workfile . .. ... .. . . 298



Table of Contents—iii

Sorting a Workfile . ... ... 315
Exporting from a Workfile .. ... .. ... . .. 315
ReferenCes . . .. o 316
CHAPTER 10. EVIEWS DATABASES ..ttt ittt ettt e 317
Database OVEIVIEW . . . ..ottt e e e e e e e e e e e e e 317
Database BasiCs . . . . ... 318
Working with Objects in Databases ... .. ... ... ... e 322
Database AUto-Series . . . ... oo 329
The Database Registry . . ... ... 331
Querying the Database . . . .. ... 333
Object Aliases and Illegal Names . . ... ... ...t 341
Maintaining the Database .. ... ... . 343
Foreign Format Databases . . ... .. ... ... 345
Working with DRIPro Links . . ... ... 389
PART 1. BASIC DATA ANALYSIS ettt ettt 395
LY 1 I Y 397
Series VIEWS OVEIVIEW . . . o ottt et e e e e e e e e e e e e e 397
Spreadsheet . ... ... 398
Graph . .o 398
Descriptive Statistics & Tests . .. ... 398
One-Way Tabulation . . ... .. ... .. 415
(070 y =] (o =4 1 1 KPP 416
Long-run VarianCe . . . . . ..ottt e 419
Unit ROOt TSt . o oot e e 419
Breakpoint Unit ROOt TeSt . . . . . oottt e e e 420
Variance Ratio TSt . . . ..ot 420
BDS Independence Test . . .. ...ttt e e 420
Forecast Evaluation . . .. ... ... 420
Label .o 427
PIOPEItIES . . o ot 428
Series AdJUSE . . o oot 429
Series ProCs OVEIVIEW . . ... oottt e e e e e e 430
Generate by EqQuation . . ... ... ... 430
Generate by Classification . ... ... ... ... ... 431

ResamIple . . . 435



iv—Table of Contents

INtETPOlAte . . .ot 437
Seasonal AJUSTMENT . . . . ..ottt 440
Automatic ARIMA Forecasting . . . . ... 491
Forecast AVETaging . . . . ..ottt e 500
Exponential Smoothing . . ... ... 506
Hodrick-Prescott Filter . . . ... ..o 533
Frequency (Band-Pass) Filter . .. .. ... ... . 534
Whiten Data . . . ..o 538
Distribution Plot Data . . ... ... 538
RefereNCeS . . .. o 539
CHAPTER T2. GROUPS . .t ettt ettt e et e e et e et e e e e e et e et e e 543
Group VIeWS OVEIVIEW . . . .o ittt ettt e e e e e e e e e e e e e e 543
Group MemDbETS . . . ..t 543
Spreadsheet . .. ... 544
Dated Data Table . .. ... .. 550
GIaph . . o 568
Descriptive StatiStiCs . . . . oot e 568
Covariance ANAlySiS . . . ..o vttt e 568
N-Way Tabulation . ... ... .. 581
Tests of EQUAlItY . . . . oot 585
Principal COmpPONENnts . . ... ...t 586
COITELOZTAIMIS . . . .t e e e e e e 599
Cross Correlations and COrrelograms . . ... ... ... ...ttt . 599
Long-run COVATIANCE . . . . . vttt et e e e e e e e e e e e e e 600
Unit ROOt TSt . . o o 606
Cointegration Test . . . . . .o 606
Granger Causality . . ... ... i e 606
Label . o 607
Group Procedures OVEIVIEW . . ...ttt e e e e e e e e e e e 608
RefeTeNCeS . . . o 612
CHAPTER 13. GRAPHING DATA .ottt e et e et et 613
QUICK Start . . .. 614
Graphing a Series . ... . ... 617
Graphing Multiple Series (GIOUPS) . . . o v vt v e e 626

The Graph Sample . ... ... e 637



Table of Contents—v

Graph Pan and ZOOM . . . . . .ottt 640
Multi-graph Slideshow . . . .. ... 642
Basic Customization . . . ... ...t 644
GIaph TYPES . . ottt et e 665
ReferenCes . . . . o 711
CHAPTER T4. CATEGORICAL GRAPHS ...ttt t ettt e et e e e et ee e 713
Hlustrative EXamples . . ... ... 713
Specifying FactoTs . . . .. oo oot 730
PART . CUSTOMIZING OUTPUT ..ttt ettt ettt et e e 745
CHAPTER 15, GRAPH OBJECTS t vt ittt et ettt ettt ettt e it e et aieenieeennens 747
Creating Graph ODbjects . .. ... ... 747
Combining Graphs . .. ... ... 752
Customizing Graphs . .. ... .. 752
Modifying Multiple Graphs . ... ... ... . 779
Printing Graphs . . . . .o 782
Saving Graphsto a File . ... ... .. 783
Graph Commands . . ... ... 784
CHAPTER 16. TABLE AND TEXT OBJECTS '+t vtvtttttet ettt ieineniee et enenenens 785
Table Objects . . ..o 785
TeXt ODJECtS . . o ittt 796
CHAPTER 17. SPOOL OBJECTS .+ttt ittt ettt ettt ettt e e e a i et aniaeennens 797
Creating a SPO0l . . . ..o oo 797
Managing the Spool . . . . ... 798
Customizing the Spool . . . .. ... 809
Editing Objects in @ SPO0L . . . . ... .o 812
Printing @ Spool . . . . . o 815
Saving @ SPOO0L . . .. 816
PART IV. EXTENDING EVIEWS oottt ittt enaas 819
Create Your Own EStimator . ... ... ... . e 819
Add Menu Items and Object Classes . . . ... ...ttt e 819
Connect with External Applications . ........... .. .. i 820
CHAPTER 18. OBJECT LINKING AND EMBEDDING (OLE) ... ..o 823

Embedding vs. Linking . .. ... ... 824



vi—Table of Contents

UsINg OLE . . . 824
Opening Documents with Linked Objects . ... ... ......... ... 851
APPENDIX A. GLOBAL OPTIONS .+ vttt tttttee ettt eiee e ieette e e eeiiteeeeeannnneeens 855
The Options MENU . . . .ottt et e e e e et e e e e e e e 855
Print SetUD . . .. oo 875
APPENDIX B. ENHANCED SPREADSHEET EDITING .. vttt iteeee et tieeieieeieeneaeennns 879
ATTAY EXPIesSSiOnS . . . oottt e e 879

EVIEWS 10 USER’S GUIDE Il

PREFACE oot ittt ittt ettt ettt e e 1
PART V. BASIC SINGLE EQUATION ANALYSIS .ttt i i i e e eens 3
CHAPTER 19. BASIC REGRESSION ANALYSIS &+ vt ettt ettt e e it et ie e eiee i et aieeanns 5
EqUation ObJectS . . . ..ottt 5
Specifying an Equation in EViews ... ...... ... . . . 6
Estimating an Equation in EViews .. ... ... ... . 9
Equation OUtpUL . . . .. . o 11
Working with EQUAtiOns . . . ... .. 18
Estimation Problems . . .. ... ... 22
RefeTeNCeS . . . o o e 22
CHAPTER 20. ADDITIONAL REGRESSION TOOLS . .« e e ettt et e e et e eee e eeaen 23
Special Equation EXpressions . . ... ... ...t 23
Robust Standard EITOTS . . . ... 32
Weighted Least SQUATES . . . . . oottt e e 47
Nonlinear Least SQUATES . . . . . o vttt it e e e e e e e e 51
Stepwise Least Squares Regression . . . ... ...ttt 60
RefeTeNCES . . . . o 67
CHAPTER 21. INSTRUMENTAL VARIABLESAND GMM ... ... e 69
Background . ... ... 69
Two-stage Least SQUATes . . ... ... 69
Nonlinear Two-stage Least SQUATES . . . . . ...ttt 76
Limited Information Maximum Likelihood and K-Class Estimation ...................... 77
Generalized Method of MOMENts . ... ...t 81

IV Diagnostics and Tests . . .. ...ttt 92



Table of Contents—uvii

RefeTences . . . o 97
CHAPTER 22. TIME SERIES REGRESSION ..t vvittttt et i e eaeaes 99
Background . . . . ... 99
Testing for Serial Correlation . . ... ... ... .. . . . 107
Estimating ARIMA and ARFIMA Models in EViews ... ... ... ... ... .. ... ... 110
Estimation OUtPUL . . . . ..t e 124
Equation DiagnostiCs . . . . ...ttt 127
EXaMIDIES . . oo 133
Additional TOPICS . . . oottt 138
Estimation Method Details . . ... ... .. 140
References . . .. o 145
CHAPTER 23. FORECASTING FROM AN EQUATION ..\ttt eiee e 147
Forecasting from Equations in EViews ... ... ... ... ... .. 147
An THUSITAtion . . . o . 150
Forecast BasiCs . .. .. v it 154
Forecasts with Lagged Dependent Variables . ............. .. ... . ..., 160
Forecasting with ARMA EITOTS . . . . . .. ... e et 162
Forecasting from Equations with Expressions . ............ .. ... ... 167
Forecasting with Nonlinear and PDL Specifications .. .......... ... ... .. ............ 173
RefeTenCes . . . o 174
CHAPTER 24. SPECIFICATION AND DIAGNOSTIC TESTS vt tteeeie e eiieei i ennannenns 175
Background . . . .. ... 175
Coefficient DIagnostiCs . . . . . . o ottt et e e e 176
Residual Diagnostics . .. ... ..ottt 193
Stability DIagnostiCs . . . . oo ottt 205
APPLICAtIONS . . .o 234
RefeTenCes . . . o 239
PART VI. ADVANCED SINGLE EQUATION ANALYSIS .o vvtt it 241
CHAPTER 25. ARCH AND GARCH ESTIMATION « ..ttt ettt ieeeee 243
Basic ARCH Specifications . . ... ... ... . 243
Estimating ARCH Models in EViews . . ... ... ... et 246
Working with ARCH Models . ....... ... . e 253
Additional ARCH Models . . . ... . 256

EXAMIDIES . . ot 261



viii—Table of Contents

RefeTenCes . . oo 265
CHAPTER 26. COINTEGRATING REGRESSION ..ttt vv ettt iiiee e eaeaes 267
Background . .. ... ... 267
Estimating a Cointegrating Regression . ... ... ... .. ...ttt 269
Testing for Cointegration . . . ... . ... 282
Working with an Equation . . . .. ... ... 291
RefeTenCes . . . . o 293
CHAPTER 27. AUTOREGRESSIVE DISTRIBUTED LAG (ARDL) MODELS .....vuviiieienennnnnnn. 295
Background . ... ... 295
Estimating ARDL Models in EViews . . . ... ... 301
AN EXample . ... 304
RefereNCeS . . . . o 311
CHAPTER 28. MIDAS REGRESSION . . v vttt ettt ettt ettt e e eaeaes 313
Background . ... ... 313
MIDAS Estimation in EVIewWs . . . . . ... 318
AN ExXample . ... 323
ReferenCeS . . . . o 330
CHAPTER 29. DISCRETE AND LIMITED DEPENDENT VARIABLE MIODELS ... .vvieiieeeeneann 331
Binary Dependent Variable Models . ........ ... . ... 331
Ordered Dependent Variable Models .. ......... ... i 350
Censored Regression Models .. ... ... ... 357
Truncated Regression Models . ... ... ... ... 367
Heckman Selection Model . ... ... ... 371
Count Models . . . ... 377
Technical NOteS . ... ... e 387
RefereNCeS . . . . oo 389
CHAPTER 30. GENERALIZED LINEAR MODELS .+ .ottt ieieenes 391
OVEIVIEW . o o ottt et et e e e e e e e e e 391
How to Estimate a GLM in EVIeWS . . . . . ... e 393
EXampleS . . o 397
Working with @ GLM Equation ... ... ... ... .. 405
Technical Details . .. ... ... 409

ReferenCes . . . . o e 420



Table of Contents—ix

CHAPTER 31. ROBUST LEAST SQUARES .ottt tttt ettt 421
Background . . . . ... 421
Estimating Robust Regression in EViews . . . .. ... ... ... . . 429
An THUSITAtion . . . . . 434
RefeTenCes . . . o 440

CHAPTER 32. LEAST SQUARES WITH BREAKPOINTS ...ttt eiii i et eieeannns 441
Background . . . .. ... 441
Estimating Least Squares with Breakpoints in EViews . .......... ... ... ... .......... 443
Working with Breakpoint Equations . ... ........ ... e 446
EXaMIDIe . .. 453
References . . . . . 459

CHAPTER 33. DISCRETE THRESHOLD REGRESSION .. . ettt teeete it eie e eaeeeaeenen 461
Background . . . . ... 461
Threshold Estimation in EViews . . . .. .. ... e 463
Working with Threshold Equations . .......... ... ... .. e 465
ReferenCes . . .. 475

CHAPTER 34. SMOOTH TRANSITION REGRESSION ... .vuvniiiiiiiiiiiii e 477
Background . . . . ... 477
Estimating a Smooth Transition Regression in EViews . .. ............ .. ... ... ...... 480
Working with Smooth Threshold Equations . ......... ... .. ... . . ... 483
ExXamDle . .. 496
References . . . . 503

CHAPTER 35. SWITCHING REGRESSION . .ttt itt ettt ettt eieeeiieeeie e eniaeennnns 505
Background . . . .. ... 505
Estimating Switching Regressions in EViews . .. ... ... ... ... . 513
Estimation OUtPUL . . . . .ot e 519
Switching Views . ... 521
SWItChIng PrOCS . . . o o oo e 524
EXAMIDIES . . ot 525
ReferenCes . . .. o 539

CHAPTER 36. QUANTILE REGRESSION ..ottt ettt e e 541
Estimating Quantile Regression in EViews .. .... ... ... . . . . . 541

Views and Procedures . . ... ... ...ttt 546



x—Table of Contents

Background . .. .. ... 553
RefeTenCes . . .o o 563
CHAPTER 37. THE LOG LIKELIHOOD (LOGL) OBJECT v\vviiitttii i iie e eieenns 565
OVEIVIEW . o ottt e e e e e e e 565
Specification . . . .. ... 567
EStimation . ... ..o 572
LOgL VIBWS . . ottt 575
LOgL PIOCS . . oot 575
Troubleshooting . . . ... ... 578
Limitations . . . . oot 579
EXAMIDIES . . .ot 580
RefeTeNCeS . . . o oo 586
PART VII. ADVANCED UNIVARIATE ANALYSIS ..o vttt i i i e ee 587
CHAPTER 38. UNIVARIATE TIME SERIES ANALYSIS oot tttteie et i i eieieanns 589
Unit ROOt TeSHING . . . . 589
Unit Root Tests with a Breakpoint . ... ...... . ... . . . . . . e 601
Panel Unit ROOt TESHINE . . . . . . oottt et e e e e e e e e e e 617
Variance Ratio TSt . . . ..o ot 627
BDS Independence Test . . .. ...ttt 636
RefeTenCes . . o o 640
PART VIII. MULTIPLE EQUATION ANALYSIS o \'vvtttttttiiieiiiiennnnnannnns 643
CHAPTER 39. SYSTEM ESTIMATION . .ottt ettt et e e 645
Background . ... ... 645
System Estimation Methods . .. ... ... . 646
How to Create and Specify a System . .. .. ... ... e 648
Working With Systems . ... ... ... 661
Technical DISCUSSION . . . . . . oottt e e e e e e e e e e 674
RefeTenCes . . . oo 685
CHAPTER 40. VECTOR AUTOREGRESSION AND ERROR CORRECTION MODELS .. .....ovvuennn... 687
Vector Autoregressions (VARS) . .. ... 687
VARs With Linear COnstraints . ... ... ... ... e 693
Views and Procs of @ VAR . . .. ... 701

Structural (Identified) VARS . . . . . ... 714



Table of Contents—xi

Vector Error Correction (VEC) Models . ... ... .. e 726
Bayesian VAR . . ... 732
ReferenCes . . .. o 753
CHAPTER 41. STATE SPACE MODELS AND THE KALMAN FILTER . ..o vvivivi e 755
Background . . . . ... 755
Specifying a State Space Model in EViews . . .. ... ... 760
Working with the State Space . ... ... ... 773
Converting from Version 3 SSPace . .. ... ... ...t 778
Technical DiSCUSSION . . . . . . oottt e e e e e e e e 779
ReferenCes . . .. 779
CHAPTER 42, IMIODELS .+« ettt it te ettt et ettt ettt e e 781
OVEIVIEW . ottt e e e e e 781
An Example Model . ... ... 784
Building a Model . . . .. 799
Working with the Model Structure . ........ .. .. .. . . 801
Specifying SCenarios . . .. ... ... 808
Using Add FaCtors . . . .. oot t 812
Locking the Model . . . .. ... o 814
Solving the Model . . ... ... 815
Working with the Model Data . ...... ... .. .. . . . 833
Comparing Solution Data . . . . . ..ot 837
ReferenCes . . ... 839
PART IX. PANEL AND POOLED DATA ..o 841
CHAPTER 43. POOLED TIME SERIES, CROSS-SECTION DATA ... 843
The Pool Workfile . .. ... . 843
The Pool Object . . . . oo 844
Pooled Data ... ..ottt 847
Setting up a Pool Workfile . .. ... .. . . .. 849
Working with Pooled Data . . ... .. ... o e 856
Pooled EStimation . . ... ... ... i 864
ReferenCes . . .. o 891
CHAPTER 44. WORKING WITH PANEL DATA ..ot 893
Structuring a Panel Workfile . ... ... ... . .. 893

Panel Workfile Display . .. ... ...t 896



xii—Table of Contents

Panel Workfile Information . ... ... ... .. ... 897
Working with Panel Data .. ... ... ... . . 901
Panel Data Analysis . . ... ...t 914
RefeTenCes . . . o 914
CHAPTER 45. PANEL ESTIMATION ..\ttt t et ettt e et ee e et et i eieanns 917
Estimating a Panel Equation . ... ... ... ... ... 917
Panel Estimation Examples . ... ... ... .. 927
Panel Equation Testing . . . ... ..o i 943
Estimation Background . .. ... ... .. ... 966
ReferenCeS . . . . o 971
CHAPTER 46. PANEL COINTEGRATION ESTIMATION .ottt ie e 973
Background . ... .. .. 973
Estimating Panel Cointegration in EViews . ........... ... ... ... . . ... 974
Working With a Panel Cointegrating Equation .............. ... . . .. ... ... 980
EXaMIDIES . . .t 981
Technical Details . .. ... ... 987
REfereNCeS . . .. oo 992
CHAPTER 47. PANEL STATISTICS .+t vttt ettt ettt ettt ieieenes 993
By-StatistiCs . . . ottt 996
Panel CovarianCes . . . . ..o oot e 999
Panel Principal COmMPONENtS . . . . ...ttt e et e e e e 1004
Panel Causality TeStiNg . . . . .. oo 1010
Panel Long-run VarianCes . . ... ... ...t e 1012
Panel Unit ROOt TESHING . . . . . o oot e 1014
Panel Cointegration TeStiNg . . . . . . ..o e 1016
Panel Cross-section Dependence Test . . ... ... .. ..t e 1018
Panel Resampling . . ... ..o e 1018
Panel Stacked Analysis . . ... ... ... 1019
ReferenCes . . . . ot 1020
PART X. ADVANCED MULTIVARIATE ANALYSIS .ttt eaeens 1021
CHAPTER 48. COINTEGRATION TESTING vttt ettt et eeeeeeeeeieeaieenneannnens 1023
Johansen Cointegration Test . . ... ... ...ttt 1023
Single-Equation Cointegration TeStS . . . .. ... ...ttt 1032

Panel Cointegration TeStiNgG . . . . . . .o e 1036



Table of Contents—xifii

RefeTenCes . . . o 1041
CHAPTER 49. FACTOR ANALYSIS « vttt ittt ettt ettt ettt et e ettt eanans 1043
Creating a Factor Object . . . . .. ..o 1044
Rotating FaCtors . . . ..ot e 1050
Estimating SCOTS . . . . ... 1051
FacCtor VIEWS . . . oo 1054
Factor Procedures . . .. ... ... 1058
Factor Data Members . . . . .. ..o 1059
AN ExXample . ... 1059
Background . . . . .. .. 1074
References . . . . 1086
APPENDIX C. ESTIMATION AND SOLUTION OPTIONS ..ttt teeeeieeeieeeieenineennnn 1089
Setting Estimation OPtIONS . . . . . ..ottt 1089
Optimization Algorithms . . ... ... .. 1095
Nonlinear Equation Solution Methods . .......... ... .. . . . . . .. 1098
References . . . . . 1100
APPENDIX D. GRADIENTS AND DERIVATIVES vt ttittteite et teie e eaieenaneeanns 1103
Gradients . ... ...t 1103
DETIVatIVES . . . ot 1106
RefeTenCes . . . o 1110
APPENDIX E. INFORMATION CRITERIA . . .\t tttt ettt ettt et i et aieennns 1111
Definitions . . .. .o 1111
Using Information Criteria as a Guide to Model Selection . .. ........ ... ... .......... 1113
ReferenCes . . .. o 1113
APPENDIX F. LONG-RUN COVARIANCE ESTIMATION .. .uttttieiii i iieaineennns 1115
Technical DiSCUSSION . . . . oottt e e e e e e e e e 1115
Kernel FUNCHON Properties . . . . . .. .ottt e e e e e e e e e 1125
References . . . . . 1126



xiv—Table of Contents




Preface

The first volume of the EViews User’s Guide describes the basics of using EViews and
describes a number of tools for basic statistical analysis using series and group objects.

The second volume of the EViews User’s Guide, offers a description of EViews’ interactive
tools for advanced statistical and econometric analysis. The material in User’s Guide II may
be divided into several parts:

Part V. “Basic Single Equation Analysis” on page 3 discusses the use of the equation
object to perform standard regression analysis, ordinary least squares, weighted least
squares, nonlinear least squares, basic time series regression, specification testing and
forecasting.

Part VI. “Advanced Single Equation Analysis,” beginning on page 241 documents two-
stage least squares (TSLS) and generalized method of moments (GMM), autoregres-
sive conditional heteroskedasticity (ARCH) models, single-equation cointegration
equation specifications, discrete and limited dependent variable models, generalized
linear models (GLM), robust least squares, least squares regression with breakpoints,
threshold regression, switching regression, quantile regression, and user-specified
likelihood estimation.

Part VII. “Advanced Univariate Analysis,” on page 587 describes advanced tools for
univariate time series analysis, including unit root tests in both conventional and
panel data settings, variance ratio tests, and the BDS test for independence.

Part VIII. “Multiple Equation Analysis” on page 643 describes estimation and forecast-
ing with systems of equations (least squares, weighted least squares, SUR, system
TSLS, 3SLS, FIML, GMM, multivariate ARCH), vector autoregression and error correc-
tion models (VARs and VECs), state space models and model solution.

Part IX. “Panel and Pooled Data” on page 841 documents working with and estimat-
ing models with time series, cross-sectional data. The analysis may involve small
numbers of cross-sections, with series for each cross-section variable (pooled data) or
large numbers systems of cross-sections, with stacked data (panel data).

Part X. “Advanced Multivariate Analysis,” beginning on page 1021 describes tools for
testing for cointegration and for performing Factor Analysis.
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Part V. Basic Single Equation Analysis

The following chapters describe the EViews features for basic single equation and single
series analysis.

Chapter 19. “Basic Regression Analysis,” beginning on page 5 outlines the basics of
ordinary least squares estimation in EViews.

Chapter 20. “Additional Regression Tools,” on page 23 discusses special equation
terms such as PDLs and automatically generated dummy variables, robust standard
errors, weighted least squares, and nonlinear least square estimation techniques.

Chapter 21. “Instrumental Variables and GMM,” on page 69 describes estimation of
single equation Two-stage Least Squares (TSLS), Limited Information Maximum Like-
lihood (LIML) and K-Class Estimation, and Generalized Method of Moments (GMM)
models.

Chapter 22. “Time Series Regression,” on page 99 describes a number of basic tools
for analyzing and working with time series regression models: testing for serial cor-
relation, estimation of ARMAX and ARIMAX models, and diagnostics for equations
estimated using ARMA terms.

Chapter 23. “Forecasting from an Equation,” beginning on page 147 outlines the fun-
damentals of using EViews to forecast from estimated equations.

Chapter 24. “Specification and Diagnostic Tests,” beginning on page 175 describes
specification testing in EViews.

The chapters describing advanced single equation techniques for autoregressive conditional
heteroskedasticity, and discrete and limited dependent variable models are listed in Part VI.
“Advanced Single Equation Analysis”.

Multiple equation estimation is described in the chapters listed in Part VIII. “Multiple Equa-
tion Analysis”.

Part IX. “Panel and Pooled Data” on page 841 describes estimation in pooled data settings
and panel structured workfiles.



4—Part V. Basic Single Equation Analysis




Chapter 19. Basic Regression Analysis

Single equation regression is one of the most versatile and widely used statistical tech-
niques. Here, we describe the use of basic regression techniques in EViews: specifying and
estimating a regression model, performing simple diagnostic analysis, and using your esti-
mation results in further analysis.

Subsequent chapters discuss testing and forecasting, as well as advanced and specialized
techniques such as weighted least squares, nonlinear least squares, ARIMA/ARIMAX mod-
els, two-stage least squares (TSLS), generalized method of moments (GMM), GARCH mod-
els, and qualitative and limited dependent variable models. These techniques and models all
build upon the basic ideas presented in this chapter.

You will probably find it useful to own an econometrics textbook as a reference for the tech-
niques discussed in this and subsequent documentation. Standard textbooks that we have
found to be useful are listed below (in generally increasing order of difficulty):

e Pindyck and Rubinfeld (1998), Econometric Models and Economic Forecasts, 4th edition.
e Johnston and DiNardo (1997), Econometric Methods, 4th Edition.

e Wooldridge (2013), Introductory Econometrics: A Modern Approach, Sth Edition.

e Greene (2008), Econometric Analysis, 6th Edition.

e Davidson and MacKinnon (1993), Estimation and Inference in Econometrics.

Where appropriate, we will also provide you with specialized references for specific topics.

Equation Objects

Single equation regression estimation in EViews is performed using the equation object. To
create an equation object in EViews: select Object/New Object.../Equation or Quick/Esti-
mate Equation... from the main menu, or simply type the keyword equation in the com-
mand window.

Next, you will specify your equation in the Equation Specification dialog box that appears,
and select an estimation method. Below, we provide details on specifying equations in
EViews. EViews will estimate the equation and display results in the equation window.

The estimation results are stored as part of the equation object so they can be accessed at
any time. Simply open the object to display the summary results, or to access EViews tools
for working with results from an equation object. For example, you can retrieve the sum-of-
squares from any equation, or you can use the estimated equation as part of a multi-equa-
tion model.
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Specifying an Equation in EViews

When you create an equation object, a specification dialog box is displayed.

You need to specify three things Equation Estimation
in this dialog: the equation Specification | Options
specification, the estimation e

method, and the sample to be Dependent variable followed by list of regressors induding ARMA
i i X and POL terms, OR an explicit equation like ¥ =c{1)+c{2)*X.
used in estimation.

In the upper edit box, you can
specify the equation: the depen-
dent (left-hand side) and inde-
pendent (right-hand side)
variables and the functional
form. There are two basic ways
of specifying an equation: “by
list” and “by formula” or “by
expression”. The list method is
easier but may only be used
with unrestricted linear specifi-
cations; the formula method is more general and must be used to specify nonlinear models
or models with parametric restrictions.

Estimation settings

Method: | |5 - Least Squares (NLS and ARMA) ]

Sample: [ 1g50mp1 1989M 12

Specifying an Equation by List

The simplest way to specify a linear equation is to provide a list of variables that you wish to
use in the equation. First, include the name of the dependent variable or expression, fol-
lowed by a list of explanatory variables. For example, to specify a linear consumption func-
tion, CS regressed on a constant and INC, type the following in the upper field of the
Equation Specification dialog:

cs ¢ inc

Note the presence of the series name C in the list of regressors. This is a built-in EViews
series that is used to specify a constant in a regression. EViews does not automatically
include a constant in a regression so you must explicitly list the constant (or its equivalent)
as a regressor. The internal series C does not appear in your workfile, and you may not use
it outside of specifying an equation. If you need a series of ones, you can generate a new
series, or use the number 1 as an auto-series.

You may have noticed that there is a pre-defined object C in your workfile. This is the
default coefficient vector—when you specify an equation by listing variable names, EViews
stores the estimated coefficients in this vector, in the order of appearance in the list. In the
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example above, the constant will be stored in C(1) and the coefficient on INC will be held in
C(2).

Lagged series may be included in statistical operations using the same notation as in gener-
ating a new series with a formula—put the lag in parentheses after the name of the series.
For example, the specification:

cs cs(-1) ¢ inc

tells EViews to regress CS on its own lagged value, a constant, and INC. The coefficient for
lagged CS will be placed in C(1), the coefficient for the constant is C(2), and the coefficient
of INC is C(3).

You can include a consecutive range of lagged series by using the word “to” between the
lags. For example:

cs ¢ ¢cs(-1 to -4) inc

regresses CS on a constant, CS(-1), CS(-2), CS(-3), CS(-4), and INC. If you don't include the
first lag, it is taken to be zero. For example:

cs ¢ inc(to -2) inc(-4)

regresses CS on a constant, INC, INC(-1), INC(-2), and INC(-4).

You may include auto-series in the list of variables. If the auto-series expressions contain
spaces, they should be enclosed in parentheses. For example:

log(cs) c log(cs(-1)) ((inc+inc(-1)) / 2)

specifies a regression of the natural logarithm of CS on a constant, its own lagged value, and
a two period moving average of INC.

Typing the list of series may be cumbersome, especially if you are working with many
regressors. If you wish, EViews can create the specification list for you. First, highlight the
dependent variable in the workfile window by single clicking on the entry. Next, CTRL-click
on each of the explanatory variables to highlight them as well. When you are done selecting
all of your variables, double click on any of the highlighted series, and select Open/Equa-
tion..., or right click and select Open/as Equation.... The Equation Specification dialog
box should appear with the names entered in the specification field. The constant C is auto-
matically included in this list; you must delete the C if you do not wish to include the con-
stant.

Specifying an Equation by Formula

You will need to specify your equation using a formula when the list method is not general
enough for your specification. Many, but not all, estimation methods allow you to specify
your equation using a formula.
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An equation formula in EViews is a mathematical expression involving regressors and coef-
ficients. To specify an equation using a formula, simply enter the expression in the dialog in
place of the list of variables. EViews will add an implicit additive disturbance to this equa-
tion and will estimate the parameters of the model using least squares.

When you specify an equation by list, EViews converts this into an equivalent equation for-
mula. For example, the list,

log(cs) ¢ log(cs(-1)) log(inc)
is interpreted by EViews as:

log(cs) = c(l) + c(2)*log(cs(-1)) + c(3)*log(inc)
Equations do not have to have a dependent variable followed by an equal sign and then an
expression. The “ =" sign can be anywhere in the formula, as in:

log(urate) - c(l)*dmr = c(2)
The residuals for this equation are given by:

e = log(urate) — c¢(1)dmr — ¢(2). (19.1)

EViews will minimize the sum-of-squares of these residuals.

If you wish, you can specify an equation as a simple expression, without a dependent vari-
able and an equal sign. If there is no equal sign, EViews assumes that the entire expression
is the disturbance term. For example, if you specify an equation as:

c(l)*x + c(2)*y + 4*z

EViews will find the coefficient values that minimize the sum of squares of the given expres-
sion, in this case (C(1)*X + C(2)*Y +4*Z). While EViews will estimate an expression of this
type, since there is no dependent variable, some regression statistics (e.g. R-squared) are not
reported and the equation cannot be used for forecasting. This restriction also holds for any
equation that includes coefficients to the left of the equal sign. For example, if you specify:

x + c(l)*y = c(2)*z
EViews finds the values of C(1) and C(2) that minimize the sum of squares of (X+ C(1)*Y-
C(2)*Z). The estimated coefficients will be identical to those from an equation specified
using:

x = —c(l)*y + c(2)*z
but some regression statistics are not reported.
The two most common motivations for specifying your equation by formula are to estimate
restricted and nonlinear models. For example, suppose that you wish to constrain the coeffi-

cients on the lags on the variable X to sum to one. Solving out for the coefficient restriction
leads to the following linear model with parameter restrictions:
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y = c(l) + c(2)*x + c(3)*x(-1) + c(4)*x(-2) + (1-c(2)-c(3)-c(4))
*x (=3)
To estimate a nonlinear model, simply enter the nonlinear formula. EViews will automati-
cally detect the nonlinearity and estimate the model using nonlinear least squares. For
details, see “Nonlinear Least Squares” on page 51.

One benefit to specifying an equation by formula is that you can elect to use a different coef-
ficient vector. To create a new coefficient vector, choose Object/New Object... and select
Matrix-Vector-Coef from the main menu, type in a name for the coefficient vector, and click
OK. In the New Matrix dialog box that appears, select Coefficient Vector and specify how
many rows there should be in the vector. The object will be listed in the workfile directory
with the coefficient vector icon (the little 3).

You may then use this coefficient vector in your specification. For example, suppose you cre-
ated coefficient vectors A and BETA, each with a single row. Then you can specify your
equation using the new coefficients in place of C:

log(cs) = a(l) + beta(l)*log(cs(-1))
Estimating an Equation in EViews

Estimation Methods

Having specified your equation, you now need to choose an estimation method. Click on the
Method: entry in the dialog and you will see a drop-down menu listing estimation methods.

Standard, single-equation regression is per- LS - Least Squares (NLS and ARMA)
i TSLS - Two-Stage Least Squares (TSMLS and ARMA)
formed using least squares. The other meth- GMM - Generalized Method of Moments
. K LIML - Limited Information Maximum Likelihood and K-Class
ods are described in subsequent chapters. COINTREG - Cointegrating Regression

ARCH - Autoregressive Conditional Heteroskedasticity
BINARY - Binary Choice (Logit, Probit, Extreme Value)
ORDERED - Ordered Choice

Equatlons estlmated by C01ntegrat1ng regres— CEMSORED - Censored or Truncated Data (incuding Tobit)
. . . . COUNT - Integer Count Data
sion, GLM or stepwise, or equations includ- OREG - Quantie Regression {nduding LAD)
ing MA terms, may only be specified by list s e e e
i g . ROBUSTLS - Robust Least Squares
and may not be SpeCIﬁEd by eXpresleH. AH HECKIT - Heckman Selection {(Generalized Tobit)

other types of equations (among others, ordi-  Fresin - seiag Ao

nary least squares and two-stage least ARDL < e eesve ok Lag Model

squares, equations with AR terms, GMM, and

ARCH equations) may be specified either by list or expression. Note that some equations,
such as quantile regression may be specified by expression, but only linear specifications are

permitted.

Estimation Sample

You should also specify the sample to be used in estimation. EViews will fill out the dialog
with the current workfile sample, but you can change the sample for purposes of estimation
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by entering your sample string or object in the edit box (see “Samples” on page 136 of
User’s Guide I for details). Changing the estimation sample does not affect the current work-
file sample.

If any of the series used in estimation contain missing data, EViews will temporarily adjust
the estimation sample of observations to exclude those observations (listwise exclusion).
EViews notifies you that it has adjusted the sample by reporting the actual sample used in
the estimation results:

Dependent Variable: Y

Method: Least Squares

Date: 08/08/09 Time: 14:44

Sample (adjusted): 1959M01 1989M12
Included observations: 340 after adjustments

Here we see the top of an equation output view. EViews reports that it has adjusted the sam-
ple. Out of the 372 observations in the period 1959M01-1989M12, EViews uses the 340
observations with valid data for all of the relevant variables.

You should be aware that if you include lagged variables in a regression, the degree of sam-
ple adjustment will differ depending on whether data for the pre-sample period are available
or not. For example, suppose you have nonmissing data for the two series M1 and IP over
the period 1959M01-1989M12 and specify the regression as:

ml c ip ip(-1) ip(-2) ip(-3)

If you set the estimation sample to the period 1959M01-1989M12, EViews adjusts the sam-
ple to:

Dependent Variable: M1
Method: Least Squares
Date: 08/08/09 Time: 14:45
Sample: 1960M01 1989M12
Included observations: 360

since data for IP(-3) are not available until 1959M04. However, if you set the estimation
sample to the period 1960M01-1989M12, EViews will not make any adjustment to the sam-
ple since all values of IP(-3) are available during the estimation sample.

Some operations, most notably estimation with MA terms and ARCH, do not allow missing
observations in the middle of the sample. When executing these procedures, an error mes-
sage is displayed and execution is halted if an NA is encountered in the middle of the sam-
ple. EViews handles missing data at the very start or the very end of the sample range by
adjusting the sample endpoints and proceeding with the estimation procedure.

Estimation Options

EViews provides a number of estimation options. These options allow you to weight the esti-
mating equation, to compute heteroskedasticity and auto-correlation robust covariances,



Equation Output—11

and to control various features of your estimation algorithm. These options are discussed in
detail in “Estimation Options” on page 54.

Equation Output

When you click OK in the Equation Specification dialog, EViews displays the equation win-
dow displaying the estimation output view (the examples in this chapter are obtained using
the workfile “Basics.WF1”):

Dependent Variable: LOG(M1)
Method: Least Squares

Date: 08/08/09 Time: 14:51
Sample: 1959M01 1989M12
Included observations: 372

Variable Coefficient Std. Error t-Statistic Prob.
C -1.699912 0.164954  -10.30539 0.0000
LOG(IP) 1.765866 0.043546 40.55199 0.0000
TB3 -0.011895 0.004628 -2.570016 0.0106
R-squared 0.886416 Meandependentvar 5.663717
Adjusted R-squared 0.885800 S.D. dependent var 0.553903
S.E. of regression 0.187183 Akaike info criterion -0.505429
Sum squared resid 12.92882 Schwarz criterion -0.473825
Log likelihood 97.00979 Hannan-Quinn criter. -0.492878
F-statistic 1439.848 Durbin-W atson stat 0.008687

Prob(F-statistic) 0.000000

Using matrix notation, the standard regression may be written as:

y= XB+e (19.2)
where y is a T-dimensional vector containing observations on the dependent variable, X
is a T x k matrix of independent variables, 8 is a k-vector of coefficients, and € is a

T -vector of disturbances. 7' is the number of observations and % is the number of right-
hand side regressors.

In the output above, y is log(M1), X consists of three variables C, log(IP), and TB3, where
T =372 and k& = 3.

Coefficient Results

Regression Coefficients

The column labeled “Coefficient” depicts the estimated coefficients. The least squares
regression coefficients b are computed by the standard OLS formula:

b= (X'X) ' X'y (19.3)
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If your equation is specified by list, the coefficients will be labeled in the “Variable” column
with the name of the corresponding regressor; if your equation is specified by formula,
EViews lists the actual coefficients, C(1), C(2), etc.

For the simple linear models considered here, the coefficient measures the marginal contri-
bution of the independent variable to the dependent variable, holding all other variables
fixed. If you have included “C” in your list of regressors, the corresponding coefficient is the
constant or intercept in the regression—it is the base level of the prediction when all of the
other independent variables are zero. The other coefficients are interpreted as the slope of
the relation between the corresponding independent variable and the dependent variable,
assuming all other variables do not change.

Standard Errors

The “Std. Error” column reports the estimated standard errors of the coefficient estimates.
The standard errors measure the statistical reliability of the coefficient estimates—the larger
the standard errors, the more statistical noise in the estimates. If the errors are normally dis-
tributed, there are about 2 chances in 3 that the true regression coefficient lies within one
standard error of the reported coefficient, and 95 chances out of 100 that it lies within two
standard errors.

The covariance matrix of the estimated coefficients is computed as:

var(b) = s(X'X)"'; & = &/(T—k); &= y— Xb (19.4)
where € is the residual. The standard errors of the estimated coefficients are the square
roots of the diagonal elements of the coefficient covariance matrix. You can view the whole
covariance matrix by choosing View/Covariance Matrix.
t-Statistics

The t-statistic, which is computed as the ratio of an estimated coefficient to its standard
error, is used to test the hypothesis that a coefficient is equal to zero. To interpret the ¢-statis-
tic, you should examine the probability of observing the #-statistic given that the coefficient
is equal to zero. This probability computation is described below.

In cases where normality can only hold asymptotically, EViews will often report a z-statistic
instead of a t-statistic.

Probability

The last column of the output shows the probability of drawing a #-statistic (or a z-statistic)
as extreme as the one actually observed, under the assumption that the errors are normally
distributed, or that the estimated coefficients are asymptotically normally distributed.

This probability is also known as the p-value or the marginal significance level. Given a p-
value, you can tell at a glance if you reject or accept the hypothesis that the true coefficient
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is zero against a two-sided alternative that it differs from zero. For example, if you are per-
forming the test at the 5% significance level, a p-value lower than 0.05 is taken as evidence
to reject the null hypothesis of a zero coefficient. If you want to conduct a one-sided test, the
appropriate probability is one-half that reported by EViews.

For the above example output, the hypothesis that the coefficient on TB3 is zero is rejected
at the 5% significance level but not at the 1% level. However, if theory suggests that the
coefficient on TB3 cannot be positive, then a one-sided test will reject the zero null hypothe-
sis at the 1% level.

The p-values for t-statistics are computed from a t-distribution with 7 — &k degrees of free-
dom. The p-value for zstatistics are computed using the standard normal distribution.

Summary Statistics

R-squared

The R-squared (Rz) statistic measures the success of the regression in predicting the values
of the dependent variable within the sample. In standard settings, R’ may be interpreted as
the fraction of the variance of the dependent variable explained by the independent vari-
ables. The statistic will equal one if the regression fits perfectly, and zero if it fits no better
than the simple mean of the dependent variable. It can be negative for a number of reasons.
For example, if the regression does not have an intercept or constant, if the regression con-
tains coefficient restrictions, or if the estimation method is two-stage least squares or ARCH.

EViews computes the (centered) R2 as:
apn

RQ = 1——-—;‘6—‘__—, Yy = /T (195)
G--»n 7 Ely”

where ¥ is the mean of the dependent (left-hand) variable.

Adjusted R-squared

. . 2 - 2 .
One problem with using " as a measure of goodness of fit is that the R” will never
. 2
decrease as you add more regressors. In the extreme case, you can always obtain an R" of
one if you include as many independent regressors as there are sample observations.

The adjusted R’ , commonly denoted as Rz , penalizes the R’ for the addition of regressors
which do not contribute to the explanatory power of the model. The adjusted R%is com-
puted as:

—2 2. T-1

R =1-(1-R)=— 19.6

(1-R)7— (19.6)

The RQ is never larger than the R’ , can decrease as you add regressors, and for poorly fit-
ting models, may be negative.
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Standard Error of the Regression (S.E. of regression)

The standard error of the regression is a summary measure based on the estimated variance
of the residuals. The standard error of the regression is computed as:
€'e

Sum-of-Squared Residuals

The sum-of-squared residuals can be used in a variety of statistical calculations, and is pre-
sented separately for your convenience:

e =y (y,— X,'b) (19.8)
t=1

Log Likelihood

EViews reports the value of the log likelihood function (assuming normally distributed
errors) evaluated at the estimated values of the coefficients. Likelihood ratio tests may be
conducted by looking at the difference between the log likelihood values of the restricted
and unrestricted versions of an equation.

The log likelihood is computed as:
l = —g(l +log(27) + log(e'e/ T)) (19.9)

When comparing EViews output to that reported from other sources, note that EViews does
not ignore constant terms in the log likelihood.

Durbin-Watson Statistic

The Durbin-Watson statistic measures the serial correlation in the residuals. The statistic is
computed as

DW = 3 (¢-4.1)"/ 3 & (19.10)
t=2 t=1
See Johnston and DiNardo (1997, Table D.5) for a table of the significance points of the dis-
tribution of the Durbin-Watson statistic.

As a rule of thumb, if the DW is less than 2, there is evidence of positive serial correlation.
The DW statistic in our output is very close to one, indicating the presence of serial correla-
tion in the residuals. See “Background,” beginning on page 99, for a more extensive discus-
sion of the Durbin-Watson statistic and the consequences of serially correlated residuals.
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There are better tests for serial correlation. In “Testing for Serial Correlation” on page 107,
we discuss the ()-statistic, and the Breusch-Godfrey LM test, both of which provide a more
general testing framework than the Durbin-Watson test.

Mean and Standard Deviation (S.D.) of the Dependent Variable

The mean and standard deviation of y are computed using the standard formulae:

T T
= Y/ s,= S (y-0°/(T-1) (19.11)

t=1 t=1
Akaike Information Criterion
The Akaike Information Criterion (AIC) is computed as:

AIC = -2/ T+2k/T (19.12)
where [ is the log likelihood (given by Equation (19.9) on page 14).

The AIC is often used in model selection for non-nested alternatives—smaller values of the
AIC are preferred. For example, you can choose the length of a lag distribution by choosing
the specification with the lowest value of the AIC. See Appendix E. “Information Criteria,”
on page 1111, for additional discussion.

Schwarz Criterion

The Schwarz Criterion (SC) is an alternative to the AIC that imposes a larger penalty for
additional coefficients:

SC = — 21/ T+ (KogT)/ T (19.13)

Hannan-Quinn Criterion
The Hannan-Quinn Criterion (HQ) employs yet another penalty function:

HQ = - 2(I/T) + 2klog(log(T))/ T (19.14)

F-Statistic
The F-statistic reported in the regression output is from a test of the hypothesis that all of

the slope coefficients (excluding the constant, or intercept) in a regression are zero. For ordi-
nary least squares models, the F'statistic is computed as:

R*/(k-1)

F =
(1-R)/(T-k)

(19.15)

Under the null hypothesis with normally distributed errors, this statistic has an F-distribu-
tion with k£ — 1 numerator degrees of freedom and 7 — k£ denominator degrees of freedom.
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The p-value given just below the F*statistic, denoted Prob(F-statistic), is the marginal sig-
nificance level of the F-test. If the p-value is less than the significance level you are testing,
say 0.05, you reject the null hypothesis that all slope coefficients are equal to zero. For the
example above, the p-value is essentially zero, so we reject the null hypothesis that all of the
regression coefficients are zero. Note that the F'test is a joint test so that even if all the ¢-sta-
tistics are insignificant, the F-statistic can be highly significant.

Note that since the F-statistic depends only on the sums-of-squared residuals of the esti-
mated equation, it is not robust to heterogeneity or serial correlation. The use of robust esti-
mators of the coefficient covariances (“Robust Standard Errors” on page 32) will have no
effect on the F-statistic. If you do choose to employ robust covariance estimators, EViews
will also report a robust Wald test statistic and p-value for the hypothesis that all non-inter-
cept coefficients are equal to zero.

Working With Equation Statistics

The regression statistics reported in the estimation output view are stored with the equation.

These equation data members are accessible through special “@-functions”. You can retrieve
any of these statistics for further analysis by using these functions in genr, scalar, or matrix

expressions. If a particular statistic is not computed for a given estimation method, the func-
tion will return an NA.

There are three kinds of “@-functions”: those that return a scalar value, those that return
matrices or vectors, and those that return strings.

Selected Keywords that Return Scalar Values

@aic Akaike information criterion

@coefcov(i,j) covariance of coefficient estimates ¢ and j

@coefs(i) i-th coefficient value

@dw Durbin-Watson statistic

@f F-statistic

@fprob F-statistic probability.

@hq Hannan-Quinn information criterion

@jstat J-statistic — value of the GMM objective function (for
GMM)

@logl value of the log likelihood function

@meandep mean of the dependent variable

@ncoef number of estimated coefficients

@12 R-squared statistic

@rbar2 adjusted R-squared statistic
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@rlogl retricted (constant only) log-likelihood.
@regobs number of observations in regression
@schwarz Schwarz information criterion

@sddep standard deviation of the dependent variable
@se standard error of the regression

@ssr sum of squared residuals

@stderrs(i) standard error for coefficient ¢

@tstats(i) t-statistic value for coefficient 7

c(i)

i-th element of default coefficient vector for equation (if
applicable)

Selected Keywords that Return Vector or Matrix Objects

@coefcov matrix containing the coefficient covariance matrix
@coefs vector of coefficient values

@stderrs vector of standard errors for the coefficients
@tstats vector of {-statistic values for coefficients

@pvals vector of p-values for coefficients

Selected Keywords that Return Strings

@command full command line form of the estimation command

@smpl description of the sample used for estimation

@updatetime string representation of the time and date at which the
equation was estimated

See also “Equation” (p. 33) in the Object Reference for a complete list.

Functions that return a vector or matrix object should be assigned to the corresponding
object type. For example, you should assign the results from @tstats to a vector:

vector tstats

egl.@tstats

and the covariance matrix to a matrix:

matrix mycov

eqgl.@cov

You can also access individual elements of these statistics:

scalar pvalue

scalar varl

1-Q@cnorm(@abs (egl.@tstats (4)))

egl.@covariance(1,1)

For documentation on using vectors and matrices in EViews, see Chapter 11. “Matrix Lan-
guage,” on page 261 of the Command and Programming Reference.
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Working with Equations

The follow description outlines common views and procedures that are available for an esti-
mated equation. Specialized estimators may support only a subset of these views and procs,

while perhaps offering others.

Views of an Equation

¢ Representations. Displays the equation in three basic forms: EViews command form
showing the command associated with the equation, as an algebraic equation with
symbolic coefficients, and as an equation with a text representation of the estimated

values of the coefficients.

You can cut-and-paste
from the representations
view into any application
that supports the Windows
clipboard.

¢ Estimation Output. Dis-
plays the equation output
results described above.

e Actual, Fitted, Residual.
These views display the
actual and fitted values of

=  Equation: EQ1 Workfile: BASICS:Basics\ | = || & |5
[ViewlProclObject] [PrintINameIFreeze] [EstimateIForecastIStatisesids]
Estimation Command:

LS LOG(M1) C LOG(IP) TB3

Estimation Equation:

LOG(M1) = C(1) + C{2FLOG(IP) + C(3)*TB3

Substituted Coeflicients:

LOG(M1)=-1.69991200512 + 1.76586641142*LOG(IP) - 0.0118951916682
*TB3

the dependent variable and the residuals from the regression in tabular and graphical
form. Actual, Fitted, Residual Table displays these values in table form.

Note that the actual value
is always the sum of the
fitted value and the resid-
ual. Actual, Fitted, Resid-
ual Graph displays a
standard EViews graph of
the actual values, fitted
values, and residuals,
along with dotted lines
showing at plus and minus
one estimated standard
error. Residual Graph

=  Equation: EQ1 Workfile: BASICS:Basics\, [ = [ = |=3]
[ViewlProclObject] [PrintINameIFreeze] [EstimateIForecastIStatisesids]
obs Actual Fitted | Residual Residual Plot

1959M01 | 4.93375 459436 033940 ! ! ~
1959M02 | 493735 4.62985 0.30750 ! !
1959M03 | 4.93950 4.65208 0.28742 ! !
1959M04 | 493950 4.68837 025113 ! !
1959M05 | 4.94663 471733 022930 ! !
1959M06 | 4.95018 4.71262 023756 ! !
1959M07 | 4.95371 467101 028271 ! !
1959M08 | 4.95512 4.60767 034745 ! !
1959M09 | 494876 4.60006 0.34870 ! !
1959M10 | 4.94521 458403 036118 ! !
1959M11 | 4.94450 459269 0.35180 ! !
1959M12 | 4.94164 4.69686 024478 ! ! e
1960M01 | < >

plots only the residuals, while the Standardized Residual Graph plots the residuals
divided by the estimated residual standard deviation.
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ARMA structure.... Provides views which describe the estimated ARMA structure of
your residuals. Details on these views are provided in “ARMA Structure” on page 128.

Gradients and Derivatives. Provides views which describe the gradients of the objec-
tive function and the information about the computation of any derivatives of the
regression function. Details on these views are provided in Appendix D. “Gradients
and Derivatives,” on page 1103.

Covariance Matrix. Displays the covariance matrix of the coefficient estimates as a
spreadsheet view. To save this covariance matrix as a matrix object, use the @coef-
cov member of the equation, as in

sym mycov = eqgl.@coefcov

Coefficient Diagnostics, Residual Diagnostics, and Stability Diagnostics. These are
views for specification and diagnostic tests and are described in detail in Chapter 24.
“Specification and Diagnostic Tests,” beginning on page 175.

Procedures of an Equation

Specify/Estimate.... Brings up the Equation Specification dialog box so that you can
modify your specification. You can edit the equation specification, or change the esti-
mation method or estimation sample.

Forecast.... Forecasts or fits values using the estimated equation. Forecasting using
equations is discussed in Chapter 23. “Forecasting from an Equation,” on page 147.

Make Residual Series.... Saves the residuals from the regression as a series in the
workfile. Depending on the estimation method, you may choose from three types of
residuals: ordinary, standardized, and generalized. For ordinary least squares, only
the ordinary residuals may be saved.

Make Regressor Group. Creates an untitled group comprised of all the variables used
in the equation (with the exception of the constant).

Make Gradient Group. Creates a group containing the gradients of the objective func-
tion with respect to the coefficients of the model.

Make Derivative Group. Creates a group containing the derivatives of the regression
function with respect to the coefficients in the regression function.

Make Model. Creates an untitled model containing a link to the estimated equation if
a named equation or the substituted coefficients representation of an untitled equa-
tion. This model can be solved in the usual manner. See Chapter 42. “Models,” on
page 781 for information on how to use models for forecasting and simulations.

Update Coefs from Equation. Places the estimated coefficients of the equation in the
coefficient vector. You can use this procedure to initialize starting values for various
estimation procedures.
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Residuals from an Equation

The residuals from the default equation are stored in a series object called RESID. RESID
may be used directly as if it were a regular series, except in estimation.

RESID will be overwritten whenever you estimate an equation and will contain the residuals
from the latest estimated equation. To save the residuals from a particular equation for later
analysis, you should save them in a different series so they are not overwritten by the next
estimation command. For example, you can copy the residuals into a regular EViews series
called RES1 using the command:

series resl = resid

There is an even better approach to saving the residuals. Even if you have already overwrit-
ten the RESID series, you can always create the desired series using EViews’ built-in proce-
dures if you still have the equation object. If your equation is named EQ1, open the equation
window and select Proc/Make Residual Series..., or enter:

eqgl.makeresid resl

to create the desired series.

Storing and Retrieving an Equation

As with other objects, equations may be stored to disk in data bank or database files. You
can also fetch equations from these files.

Equations may also be copied-and-pasted to, or from, workfiles or databases.

EViews even allows you to access equations directly from your databases or another work-
file. You can estimate an equation, store it in a database, and then use it to forecast in sev-
eral workfiles.

See Chapter 4. “Object Basics,” beginning on page 101 and Chapter 10. “EViews Databases,”
beginning on page 317, both in User’s Guide I, for additional information about objects,
databases, and object containers.

Using Estimated Coefficients

The coefficients of an equation are listed in the representations view. By default, EViews will
use the C coefficient vector when you specify an equation, but you may explicitly use other
coefficient vectors in defining your equation.

These stored coefficients may be used as scalars in generating data. While there are easier

ways of generating fitted values (see “Forecasting from an Equation” on page 147), for pur-
poses of illustration, note that we can use the coefficients to form the fitted values from an
equation. The command:

series cshat = eql.c(l) + egl.c(2)*gdp
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forms the fitted value of CS, CSHAT, from the OLS regression coefficients and the indepen-
dent variables from the equation object EQ1.

Note that while EViews will accept a series generating equation which does not explicitly
refer to a named equation:

series cshat = c(1l) + c(2)*gdp

and will use the existing values in the C coefficient vector, we strongly recommend that you
always use named equations to identify the appropriate coefficients. In general, C will con-
tain the correct coefficient values only immediately following estimation or a coefficient
update. Using a named equation, or selecting Proc/Update Coefs from Equation, guaran-
tees that you are using the correct coefficient values.

An alternative to referring to the coefficient vector is to reference the @coefs elements of
your equation (see “Selected Keywords that Return Scalar Values” on page 16). For example,
the examples above may be written as:

series cshat=eqgl.Qcoefs(1l)+egl.Qcoefs (2) *gdp
EViews assigns an index to each coefficient in the order that it appears in the representations
view. Thus, if you estimate the equation:
equation eq0l.ls y=c(10)+b(5)*y(-1)+a(7)*inc
where B and A are also coefficient vectors, then:
® cg0l.Q@coefs (1) contains C(10)
® cg0l.Q@coefs (2) contains B(5)

® cq0l.Q@coefs (3) contains A(7)

This method should prove useful in matching coefficients to standard errors derived from
the @stderrs elements of the equation (see “Equation Data Members” on page 37 of the
Object Reference). The @Gcoefs elements allow you to refer to both the coefficients and the
standard errors using a common index.

If you have used an alternative named coefficient vector in specifying your equation, you
can also access the coefficient vector directly. For example, if you have used a coefficient
vector named BETA, you can generate the fitted values by issuing the commands:

equation eg02.1ls cs = beta(l) + beta(2)*gdp
series cshat = beta(l) + beta(2)*gdp

where BETA is a coefficient vector. Again, however, we recommend that you use the @coefs
elements to refer to the coefficients of EQ02. Alternatively, you can update the coefficients in
BETA prior to use by selecting Proc/Update Coefs from Equation from the equation win-
dow. Note that EViews does not allow you to refer to the named equation coefficients
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EQO02.BETA(1) and EQ02.BETA(2). You must instead use the expressions, EQ02.@COEFS(1)
and EQ02.@COEFS(2).

Estimation Problems

Exact Collinearity

If the regressors are very highly collinear, EViews may encounter difficulty in computing the
regression estimates. In such cases, EViews will issue an error message “Near singular
matrix.” When you get this error message, you should check to see whether the regressors
are exactly collinear. The regressors are exactly collinear if one regressor can be written as a
linear combination of the other regressors. Under exact collinearity, the regressor matrix X
does not have full column rank and the OLS estimator cannot be computed.

You should watch out for exact collinearity when you are using dummy variables in your
regression. A set of mutually exclusive dummy variables and the constant term are exactly
collinear. For example, suppose you have quarterly data and you try to run a regression with
the specification:

y ¢ x @seas(l) @seas(2) @seas(3) @seas(4)

EViews will return a “Near singular matrix” error message since the constant and the four
quarterly dummy variables are exactly collinear through the relation:

c = @seas(l) + @seas(2) + @seas(3) + @seas(4)

In this case, simply drop either the constant term or one of the dummy variables.

The textbooks listed above provide extensive discussion of the issue of collinearity.
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Chapter 20. Additional Regression Tools

This chapter describes additional tools that may be used to augment the techniques
described in Chapter 19. “Basic Regression Analysis,” beginning on page 5.

e This first portion of this chapter describes special EViews expressions that may be
used in specifying and estimating models with Polynomial Distributed Lags (PDLs) or
dummy variables.

¢ In the second section, we describe methods for heteroskedasticity consistent, het-
eroskedasticity and autocorrelation consistent, and cluster robust covariance estima-
tion.

¢ Next, we describe weighted least squares and nonlinear least squares estimation.

¢ Lastly, we document tools for performing variable selection using stepwise regression.

Note that parts of this chapter refer to estimation of models which have autoregressive (AR)
and moving average (MA) error terms. These concepts are discussed in greater depth in
Chapter 22. “Time Series Regression,” on page 99.

Special Equation Expressions

EViews provides you with special expressions that may be used to specify and estimate
equations with PDLs, dummy variables, or ARMA errors. We consider here terms for incor-
porating PDLs and dummy variables into your equation, and defer the discussion of ARMA
estimation to “Time Series Regression” on page 99.

Polynomial Distributed Lags (PDLs)
A distributed lag is a relation of the type:

Y, = Wb+ Lz, + L2+ ... + BTt E (20.1)
The coefficients 3 describe the lag in the effect of  on y. In many cases, the coefficients

can be estimated directly using this specification. In other cases, the high collinearity of cur-
rent and lagged values of x will defeat direct estimation.

You can reduce the number of parameters to be estimated by using polynomial distributed
lags (PDLs) to impose a smoothness condition on the lag coefficients. Smoothness is
expressed as requiring that the coefficients lie on a polynomial of relatively low degree. A
polynomial distributed lag model with order p restricts the 3 coefficients to lie on a p-th
order polynomial of the form,

. _ . _\2 . _
By =1 +12(i—0)+v3(-0) + ... +7,,(-0) (20.2)

for j = 1,2, ..., k, where ¢ is a pre-specified constant given by:
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5 = { (k)/2 if kis even (20.3)
(k-1)/2 if kis odd

The PDL is sometimes referred to as an Almon lag. The constant ¢ is included only to avoid
numerical problems that can arise from collinearity and does not affect the estimates of 3.

This specification allows you to estimate a model with £ lags of « using only p parameters
(if you choose p > k, EViews will return a “Near Singular Matrix” error).

If you specify a PDL, EViews substitutes Equation (20.2) into (20.1), yielding,
Y = wl+y121+ Yozt ot Y, 012,01 T € (20.4)

where:

2= TyF Tt Ty

29 = —¢cx;+(1-¢)z,_+...+(k-0)z,_,,

(20.5)

21 = Oz +(1-0)'z,_ + .+ (k-0)'z,_

Once we estimate  from Equation (20.4), we can recover the parameters of interest 3, and
their standard errors using the relationship described in Equation (20.2). This procedure is
straightforward since (8 is a linear transformation of .

The specification of a polynomial distributed lag has three elements: the length of the lag %,
the degree of the polynomial (the highest power in the polynomial) p, and the constraints
that you want to apply. A near end constraint restricts the one-period lead effect of = on y
to be zero:

By = vi+7a(-1-0)+ ..+, (-1-2)" = 0. (20.6)

A far end constraint restricts the effect of z on y to die off beyond the number of specified
lags:
Bri1 = 1i+va(k+1-0)+ . +7,, (k+1-28)" = 0. (20.7)

If you restrict either the near or far end of the lag, the number of v parameters estimated is
reduced by one to account for the restriction; if you restrict both the near and far end of the
lag, the number of y parameters is reduced by two.

By default, EViews does not impose constraints.

How to Estimate Models Containing PDLs

You specify a polynomial distributed lag by the pdl term, with the following information in
parentheses, each separated by a comma in this order:
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e The name of the series.
¢ The lag length (the number of lagged values of the series to be included).
¢ The degree of the polynomial.

¢ A numerical code to constrain the lag polynomial (optional):

1 constrain the near end of the lag to zero.
2 constrain the far end.
3 constrain both ends.

You may omit the constraint code if you do not want to constrain the lag polynomial. Any
number of pdl terms may be included in an equation. Each one tells EViews to fit distrib-
uted lag coefficients to the series and to constrain the coefficients to lie on a polynomial.
For example, the commands:

ls sales c pdl (orders,8,3)

fits SALES to a constant, and a distributed lag of current and eight lags of ORDERS, where
the lag coefficients of ORDERS lie on a third degree polynomial with no endpoint con-
straints. Similarly:

ls div c¢ pdl(rev,12,4,2)
fits DIV to a distributed lag of current and 12 lags of REV, where the coefficients of REV lie

on a 4th degree polynomial with a constraint at the far end.

The pd1l specification may also be used in two-stage least squares. If the series in the pdl is
exogenous, you should include the PDL of the series in the instruments as well. For this pur-
pose, you may specify pdl (*) as an instrument; all pd1 variables will be used as instru-
ments. For example, if you specify the TSLS equation as,

sales ¢ inc pdl(orders(-1),12,4)
with instruments:
fed fed(-1) pdl(*)

the distributed lag of ORDERS will be used as instruments together with FED and FED(-1).

Polynomial distributed lags cannot be used in nonlinear specifications.

Example

We may estimate a distributed lag model of industrial production (IP) on money (M1) in the
workfile “Basics.WF1” by entering the command:

ls ip ¢ ml1(0 to -12)
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which yields the following results:

Dependent Variable: IP

Method: Least Squares

Date: 08/08/09 Time: 15:27

Sample (adjusted): 1960M01 1989M12
Included observations: 360 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.
C 40.67568 0.823866 49.37171 0.0000
M1 0.129699 0.214574 0.604449 0.5459
M1(-1) -0.045962 0.376907 0.121944 0.9030
M1(-2) 0.033183 0.397099 0.083563 0.9335
M1(-3) 0.010621 0.405861 0.026169 0.9791
M1(-4) 0.031425 0.418805 0.075035 0.9402
M1(-5) -0.048847 0431728 0.113143 0.9100
M1(-6) 0.053880 0.440753 0.122245 0.9028
MA1(-7) -0.015240 0436123  -0.034944 0.9721
M1(-8) -0.024902 0.423546  -0.058795 0.9531
M1(-9) -0.028048 0.413540 -0.067825 0.9460
M1(-10) 0.030806 0.407523 0.075593 0.9398
M1(-11) 0.018509 0.389133 0.047564 0.9621
M1(-12) -0.057373 0.228826  -0.250728 0.8022
R-squared 0.852398 Meandependentvar 71.72679
Adjusted R-squared 0.846852 S.D. dependent var 1953063
S.E. of regression 7.643137 Akaike info criterion 6.943606
Sum squared resid 20212.47 Schwarz criterion 7.094732
Log likelihood -1235.849 Hannan-Quinn criter. 7.003697
F-statistic 153.7030 Durbin-W atson stat 0.008255
Prob(F-statistic) 0.000000

Taken individually, none of the coefficients on lagged M1 are statistically different from zero.
Yet the regression as a whole has a reasonable R’ with a very significant F-statistic (though
with a very low Durbin-Watson statistic). This is a typical symptom of high collinearity
among the regressors and suggests fitting a polynomial distributed lag model.

To estimate a fifth-degree polynomial distributed lag model with no constraints, set the sam-
ple using the command,

smpl 1959m01 1989ml2

then estimate the equation specification:
ip ¢ pdl(ml,12,5)

by entering the expression in the Equation Estimation dialog and estimating using Least
Squares.

The following result is reported at the top of the equation window:
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Dependent Variable: IP
Method: Least Squares

Date: 08/08/09 Time: 15:35
Sample (adjusted): 1960M01 1989M12
Included observations: 360 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.
C 40.67311 0.815195 49.89374 0.0000
PDLO1 -4.66E-05 0.055566  -0.000839 0.9993
PDL02 -0.015625 0.062884  -0.248479 0.8039
PDLO3 -0.000160 0.013909  -0.011485 0.9908
PDLO4 0.001862 0.007700 0.241788 0.8091
PDLO5 2.58E-05 0.000408 0.063211 0.9496
PDLO6 -4.93E-05 0.000180  -0.273611 0.7845
R-squared 0.852371 Mean dependent var 71.72679
Adjusted R-squared 0.849862 S.D. dependentvar 19.53063
S.E. of regression 7.567664 Akaike info criterion 6.904899
Sum squared resid 20216.15 Schwarz criterion 6.980462
Log likelihood -1235.882 Hannan-Quinn criter. 6.934944
F-statistic 339.6882 Durbin-Watson stat 0.008026
Prob(F -statistic) 0.000000

This portion of the view reports the estimated coefficients vy of the polynomial in
Equation (20.2) on page 23. The terms PDLO01, PDL02, PDLO03, ..., correspond to 2, 2y, ...
in Equation (20.4).

The implied coefficients of interest 3 ; in equation (1) are reported at the bottom of the
table, together with a plot of the estimated polynomial:

= Equation: UNTITLED Workfile: BASICS:Basics\, | = | & |3
[ViewlProclObject] [PrintINameIFreeze] [EstimateIForecastIStatisesids]

Lag Distribution of... i Coefficient Std. Error t-Statistic "

! 0 0.10270 0.14677 0.69970

! 1 0.01159 0.10948 0.10587

2 -0.00215 010138 -0.02123

! 3 0.00920 0.06150 0.14955

! 4 0.01766 0.07435 0.23756

! 5 0.01363 0.06974 0.19547

G -4 7E-05 0.05557  -0.00084

! 7 -0.01399 0.07080  -0.19764

! 8 001821 007537  -0.24158

! 9  -0.00798 0.06399  -0.12475

! 10 0.01017 0.10454 0.09726

l 11 0.01260 0.11069 0.11386

! 12 -0.04737 015693  -0.30182

Sum of Lags 0.08780 0.00297 205534
v

The Sum of Lags reported at the bottom of the table is the sum of the estimated coefficients
on the distributed lag and has the interpretation of the long run effect of M1 on IP, assuming

stationarity.



28—Chapter 20. Additional Regression Tools

Note that selecting View/Coefficient Diagnostics for an equation estimated with PDL terms
tests the restrictions on 7, not on 3. In this example, the coefficients on the fourth-
(PDLO5) and fifth-order (PDL06) terms are individually insignificant and very close to zero.
To test the joint significance of these two terms, click View/Coefficient Diagnostics/Wald
Test-Coefficient Restrictions... and enter:

c(6)=0, c(7)=0
in the Wald Test dialog box (see “Wald Test (Coefficient Restrictions)” on page 182 for an

extensive discussion of Wald tests in EViews). EViews displays the result of the joint test:

Wald Test:
Equation: Untitled
Null Hyp othesis: C(6)=0, C(7)=0

Test Statistic Value df Probability
F-statistic 0.039852 (2, 353) 0.9609
Chi-square 0.079704 2 0.9609

Null Hyp othesis Summary:

Normalized Restriction (= 0) Value Std. Err.
C(6) 2.58E-05 0.000408
C(7) -4.93E-05 0.000180

Restrictions are linear in coefficients.

There is no evidence to reject the null hypothesis, suggesting that you could have fit a lower
order polynomial to your lag structure.

Automatic Categorical Dummy Variables
EViews equation specifications support expressions of the form:

@expand (serl[, ser2, ser3, ...][, drop_spec])

When used in an equation specification, @expand creates a set of dummy variables that
span the unique integer or string values of the input series.

For example consider the following two variables:
e SEX is a numeric series which takes the values 1 and 0.

e REGION is an alpha series which takes the values “North”, “South”, “East”, and
“West”.

The equation list specification

income age (@expand (sex)
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is used to regress INCOME on the regressor AGE, and two dummy variables, one for
“SEX=0" and one for “SEX=1".
Similarly, the @Gexpand statement in the equation list specification,
income @expand(sex, region) age
creates 8 dummy variables corresponding to:
sex =0, region = "North"
sex =0, region = "South"
sex =0, region = "East"
sex =0, region = "West"
sex =1, region = "North"
sex =1, region = "South"
sex=1, region = "East"
sex =1, region = "West"
Note that our two example equation specifications did not include an intercept. This is

because the default @expand statements created a full set of dummy variables that would
preclude including an intercept.

You may wish to drop one or more of the dummy variables. @expand takes several options

for dropping variables.

The option @dropfirst specifies that the first category should be dropped so that:
@expand (sex, region, @dropfirst)

no dummy is created for “SEX =0, REGION = "North"”.

Similarly, @droplast specifies that the last category should be dropped. In:
@expand (sex, region, @droplast)

no dummy is created for “SEX=1, REGION = "WEST"”.

You may specify the dummy variables to be dropped, explicitly, using the syntax

@drop (vall[, val2, val3,...]) , where each argument specified corresponds to a successive
category in @expand. For example, in the expression:

@expand (sex, region, @drop(0,"West"), @drop(l,"North"))

no dummy is created for “SEX =0, REGION = "West"” and “SEX =1, REGION = "North"”.

g

When you specify drops by explicit value you may use the wild card to indicate all val-

ues of a corresponding category. For example:

@expand (sex, region, @drop(l,*))
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specifies that dummy variables for all values of REGION where “SEX = 1" should be
dropped.

We caution you to take some care in using @expand since it is very easy to generate exces-
sively large numbers of regressors.

@expand may also be used as part of a general mathematical expression, for example, in
interactions with another variable as in:
2*@expand (x)
log (x+y) *@expand (z)
a*@expand (x) /b
Also useful is the ability to renormalize the dummies
@expand (x)-.5
Somewhat less useful (at least its uses may not be obvious) but supported are cases like:
log (x+y*@expand(z))
(Rexpand (x) -@expand (y) )
As with all expressions included on an estimation or group creation command line, they

should be enclosed in parentheses if they contain spaces. Thus, the following expressions
are valid,

a*expand (x)
(a * Qexpand(x))
while this last expression is not,

a * (@expand(x)

Example

Following Wooldridge (2000, Example 3.9, p. 106), we regress the log median housing price,
LPRICE, on a constant, the log of the amount of pollution (LNOX), and the average number
of houses in the community, ROOMS, using data from Harrison and Rubinfeld (1978). The
data are available in the workfile “Hprice2. WF1”.

We expand the example to include a dummy variable for each value of the series RADIAL,
representing an index for community access to highways. We use @expand to create the
dummy variables of interest, with a list specification of:

lprice lnox rooms @expand(radial)

We deliberately omit the constant term C since the @expand creates a full set of dummy
variables. The top portion of the results is depicted below:
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Dependent Variable: LPRICE
Method: Least Squares
Date: 08/08/09 Time: 22:11
Sample: 1 506

Included observations: 506

Variable Coefficient Std. Error t-Statistic Prob.
LNOX -0.487579 0.084998  -5.736396 0.0000
ROOMS 0.284844 0.018790 15.15945 0.0000
RADIAL=1 8.930255 0.205986 43.35368 0.0000
RADIAL=2 9.030875 0.209225 43.16343 0.0000
RADIAL=3 9.085988 0.199781 45.47970 0.0000
RADIAL=4 8.960967 0.198646 4511016 0.0000
RADIAL=5 9.110542 0.209759 43.43330 0.0000
RADIAL=6 9.001712 0.205166 43.87528 0.0000
RADIAL=7 9.013491 0.206797 43.58621 0.0000
RADIAL=8 9.070626 0.214776 42.23297 0.0000
RADIAL=24 8.811812 0.217787 40.46069 0.0000

Note that EViews has automatically created dummy variable expressions for each distinct
value in RADIAL. If we wish to renormalize our dummy variables with respect to a different
omitted category, we may include the C in the regression list, and explicitly exclude a value.
For example, to exclude the category RADIAL = 24, we use the list:

lprice c¢ lnox rooms @expand(radial, @drop(24))

Estimation of this specification yields:



32—Chapter 20. Additional Regression Tools

Dependent Variable: LPRICE
Method: Least Squares
Date: 08/08/09 Time: 22:15
Sample: 1 506

Included observations: 506

Variable Coefficient Std. Error t-Statistic Prob.
C 8.811812 0.217787 40.46069 0.0000
LNOX -0.487579 0.084998  -5.736396 0.0000
ROOMS 0.284844 0.018790 15.15945 0.0000
RADIAL=1 0.118444 0.072129 1642117 0.1012
RADIAL=2 0.219063 0.066055 3.316398 0.0010
RADIAL=3 0.274176 0.059458 4611253 0.0000
RADIAL=4 0.149156 0.042649 3497285 0.0005
RADIAL=5 0.298730 0.037827 7.897337 0.0000
RADIAL=6 0.189901 0.062190 3.053568 0.0024
RADIAL=7 0.201679 0.077635 2597794 0.0097
RADIAL=8 0.258814 0.066166 3.911591 0.0001
R-squared 0.573871 Meandependentvar 9.941057
Adjusted R-squared 0.565262 S.D. dependent var 0.409255
S.E. of regression 0.269841 Akaike info criterion 0.239530
Sum squared resid 36.04295 Schwarz ciiterion 0.331411
Log likelihood -49.60111 Hannan-Quinn criter. 0.275566
F-statistic 66.66195 Durbin-W atson stat 0.671010

Prob(F-statistic) 0.000000

Robust Standard Errors

In the linear least squares regression model, the variance-covariance matrix of the estimated

coefficients may be written as:
V(B) = B(B-B)B-B) = (X'X) X'QX(X'X)"
where Q = E(ee').

If the error terms, €, are homoskedastic and uncorrelated so that F(ee') = oI , the cova-

riance matrix simplifies to the familiar expression

V(B) = (X' X) P (X X)X X)) = (X X)L
By default, EViews estimates the coefficient covariance matrix under the assumptions
underlying Equation (20.9), so that

I
~ _ t
Q = -Tt;lf I=s1 (20.10)

and

VB) = (XX (X200 X = £(x X! (20.11)
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2 . . . .
where s~ is the standard degree-of-freedom corrected estimator of the residual variance.

We may instead employ robust estimators of the coefficient variance V() which relax the
assumptions of heteroskedasticity and/or zero correlation. Broadly speaking, EViews offers
three classes of robust variance estimators that are:

e Robust in the presence of heteroskedasticity. Estimators in this first class are termed
Heteroskedasticity Consistent (HC) Covariance estimators.

® Robust in the presence of correlation between observations in different groups or clus-
ters. This second class consists of the family of Cluster Robust (CR) variance estima-
tors.

e Robust in the presence of heteroskedasticity and serial correlation. Estimators in the
third class are referred to as Heteroskedasticity and Autocorrelation Consistent Covari-
ance (HAC) estimators.

All of these estimators are special cases of sandwich estimators of the coefficient covari-
ances. The name follows from the structure of the estimators in which different estimates of
 are sandwiched between two instances of an outer moment matrix.

It is worth emphasizing all three of these approaches alter the estimates of the coefficient
standard errors of an equation but not the point estimates themselves.

Lastly, our discussion here focuses on the linear model. The extension to nonlinear regres-
sion is described in “Nonlinear Least Squares” on page 51.

Heteroskedasticity Consistent Covariances
First, we consider coefficient covariance estimators that are robust to the presence of het-

eroskedasticity.

We divide our discussion of HC covariance estimation into two groups: basic estimators,
consisting of White (1980) and degree-of-freedom corrected White (Davidson and
MacKinnon 1985), and more general estimators that account for finite samples by adjusting
the weights given to residuals on the basis of leverage (Long and Ervin, 2000; Cribari-Neto
and da Silva, 2011).

Basic HC Estimators

White (1980) derives a heteroskedasticity consistent covariance matrix estimator which pro-
vides consistent estimates of the coefficient covariances in the presence of (conditional) het-
eroskedasticity of unknown form, where

Q = E(ee') = diag(a?, 03, e O'QT) (20.12)

Recall that the coefficient variance in question is
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V(B) = EB-B)(B-B) = (X'X) ' X2X(X'X)'

Under the basic White approach. we estimate the central matrix & = X'QX using either
the d.f. corrected form

T
2 T A2 ,
tI)Wl = “T—_‘—K z etXtXt (2013)
t=1
or the uncorrected form
T
S = Y & XX/ (20.14)

t=1

where €, are the estimated residuals, 7T is the number of observations, k is the number of
regressors, and 7/ (T - k) is the conventional degree-of-freedom correction.

~

The estimator of ® is then used to form the heteroskedasticity consistent coefficient covari-
ance estimator. For example, the degree-of-freedom White heteroskedasticity consistent
covariance matrix estimator is given by

T

Lwor = (X'X)_l(?% > éthXt'j(X'X)‘1 (20.15)
t=1

Estimates using this approach are typically referred to as White or Huber-White or (for the
d.f. corrected case) White-Hinkley covariances and standard errors.

Example

To illustrate the computation of White covariance estimates in EViews, we employ an exam-
ple from Wooldridge (2000, p. 251) of an estimate of a wage equation for college professors.
The equation uses dummy variables to examine wage differences between four groups of
individuals: married men (MARRMALE), married women (MARRFEM), single women (SIN-
GLEFEM), and the base group of single men. The explanatory variables include levels of
education (EDUC), experience (EXPER) and tenure (TENURE). The data are in the workfile

“Wooldridge.WF1”.

To select the White covariance estimator, specify the equation e

as before, then select the Options tab and select Huber-White method: - Huber-ithite e
in the Covariance method drop-down. You may, if desired, Information | opG \
use the checkbox to remove the default d.f. Adjustment, but [¥]d.f. Adjustment

in this example, we will use the default setting. (Note that the
Information matrix combo setting is not important in linear
specifications).

The output for the robust covariances for this regression are shown below:
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Dependent Variable: LOG(WAGE)

Method: Least Squares

Date: 31/05/17 Time: 12:15

Sample: 1 526

Included observations: 526

White-Hinkley (HC1) heteroskedasticity consistent standard errors
and covariance

Variable Coefficient Std. Error t-Statistic Prob.
C 0.321378 0.109469 2.935791 0.0035
MARRMALE 0.212676 0.057142 3.721886 0.0002
MARRFEM -0.198268 0.058770  -3.373619 0.0008
SINGFEM -0.110350 0.057116  -1.932028 0.0539
EDUC 0.078910 0.007415 10.64246 0.0000
EXPER 0.026801 0.005139 5.215010 0.0000
EXPER?2 -0.000535 0.000106  -5.033361 0.0000
TENURE 0.029088 0.006941 4.190731 0.0000
TENURE"2 -0.000533 0.000244  -2.187835 0.0291
R-squared 0.460877 Mean dependent var 1.623268
Adjusted R-squared 0.452535 S.D. dependent var 0.531538
S.E. of regression 0.393290 Akaike info criterion 0.988423
Sum squared resid 79.96799 Schwarz criterion 1.061403
Log likelihood -250.9552 Hannan-Quinn criter. 1.016998
F-statistic 55.24559 Durbin-Watson stat 1.784785
Prob(F-statistic) 0.000000 Wald F-statistic 51.69553

Prob(Wald F-statistic) 0.000000

As Wooldridge notes, the heteroskedasticity robust standard errors for this specification are
not very different from the non-robust forms, and the test statistics for statistical significance
of coefficients are generally unchanged. While robust standard errors are often larger than
their usual counterparts, this is not necessarily the case, and indeed in this example, there
are some robust standard errors that are smaller than their conventional counterparts.

Notice that EViews reports both the conventional residual-based F-statistic and associated
probability and the robust Wald test statistic and p-value for the hypothesis that all non-
intercept coefficients are equal to zero.

Recall that the familiar residual F*statistic for testing the null hypothesis depends only on
the coefficient point estimates, and not their standard error estimates, and is valid only
under the maintained hypotheses of no heteroskedasticity or serial correlation. For ordinary
least squares with conventionally estimated standard errors, this statistic is numerically
identical to the Wald statistic. When robust standard errors are employed, the numerical
equivalence between the two breaks down, so EViews reports both the non-robust conven-
tional residual and the robust Wald F-statistics.

EViews reports the robust F-statistic as the Wald F-statistic in equation output, and the cor-
responding p-value as Prob(Wald F-statistic). In this example, both the non-robust F:statis-
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tic and the robust Wald show that the non-intercept coefficients are jointly statistically
significant.

Alternative HC Estimators

The two familiar White covariance estimators described in “Basic HC Estimators” on
page 33 are two elements of a wider class of HC methods (Long and Ervin, 2000; Cribari-
Neto and da Silva, 2011).

This general class of heteroskedasticity consistent sandwich covariance estimators may be
written as:
T
N ~ L ~
The = LXZX)I[EZ(dﬁg X;X;j(XQX)I (20.16)
t=1

where d, are observation-specific weights that are chosen to improve finite sample perfor-
mance.

The various members of the class are obtained through different choices for the weights. For
example, the standard White and d.f. corrected White estimators are obtained by setting
d, = 1and d, = T/(T- k) for all ¢, respectively.

EViews allows you to estimate your covariances using several choices for d,. In addition to
the standard White covariance estimators from above, EViews supports the bias-correcting

HC2, pseudo-jackknife HC3 (MacKinnon and White, 1985), and the leverage weighting HC4,
HC4m, and HCS5 (Cribari-Neto, 2004; Cribaro-Neto and da Silva, 2011; Cribari-Neto, Souza,

and Vasconcellos, 2007 and 2008).

The weighting functions for the various HC estimators supported by EViews are provided

below:
Method d,
HCO - White 1
HC1 - White with d.f. correction T/(T-F)
HC2 - bias corrected -1/2
(1-"hy)

HC3 - pseudo-jackknife =il
(1-hy)

HC4 - relative leverage -6,/2
8 (1-h)"
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HC4m —8,/2
(1-h) "

HCS —8,/4
(1-hy '

User - user-specified arbitrary

where h, = X,/(X' XX . are the diagonal elements of the familiar “hat matrix”
H= XXX "X.

Note that the HCO and HC1 methods correspond to the basic White estimators outlined ear-
lier.

Note that HC4, HC4m, and HCS all depend on an exponential discounting factor ¢, that dif-
fers across methods:

e For HC4,
6, = min(Th;/k, 4)

is a truncated function of the ratio between &, and the mean h (Cribari-Neto, 2004;
p. 230).

¢ For HC4m,
6, = min(Th,/k, ;) + min(Th,/ k, ky)

where «; and «, are pre-specified parameters (Cribari-Neto and da Silva, 2011). Fol-
lowing Cribari-Neto and da Silva,

EViews chooses default values of k;, = 1.0 and «x, = 1.5.
e For HC5,
6, = min(Th,/ k, max(4, k Th,,./k))

is similar to the HC4 version of 4,, but with observation specific truncation that
depends on the maximal leverage and a pre-specified parameter k (Cribari-Neto,
Souza, and Vasconcellos, 2007 and 2008).

EViews employs a default value of k = 0.7.

Lastly, to allow for maximum flexibility, EViews allows you to provide user-specified d, in
the form of a series containing those values.

Each of the weight choices modifies the effects of high leverage observations on the calcula-
tion of the covariance. See Cribari-Neto (2004), Cribari-Neto and da Silva (2011), and Crib-
ari-Neto, Souza, and Vasconcellos (2007, 2008) for discussion of the effects of these choices.
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Note that the full set of HC estimators is only available for linear regression models. For non-
linear regression models, the leverage based methods are not available and only user-speci-
fied may be computed.

Example

To illustrate the use of the alternative HC estimators, we continue with the Wooldridge
example (“Example” on page 34) considered above. We specify the equation variables as
before, then select the Options tab and click on the Covariance method drop-down and
select HC (Various):

Coeffident covariance

Covariance -
method: Ordinary Y]

Ordinary

Huber-White

HAC (Newey-West]
[CAERLITE HE fyarious)

|Cluster robust_[» |

The dialog will change to show you additional options for selecting the HC method:

Coeffident covariance
Covariance

method: HC (various) Y]

OPG

HC method:  |HC2 (bias adjusted) ¥
HCO {ordinary)
HC1 (d.f. adjusted

hias adjusted
Optimization |HC3 (pseudo-jackknife)
H

HC4m
HCS
User-spedfied

Note that the HCO (ordinary) and HC1 (d.f. adjusted) items replicate the Huber-White
option from the original Covariance method dropdown and are included in this list for com-
pleteness. If desired, change the method from the default HC2 (bias adjusted), and if neces-
sary, specify values for the parameters. For example, if you select User-specified, you will be
prompted to provide the name of a series in the workfile containing the values of the
weights d,.

Continuing with our example, we use the Covariance method dropdown to select the HC5
method, and retain the default value k = 0.7 . Click on OK to estimate the model with
these settings producing the following results:
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Dependent Variable: LOG(WAGE)

Method: Least Squares

Date: 31/05/17 Time: 12:11

Sample: 1 526

Included observations: 526

Cribari-Neto et al. (H5) heteroskedasticity-consistent standard errors
& covariance (k=.7)

Variable Coefficient Std. Error t-Statistic Prob.
C 0.321378 0.110175 2.916988 0.0037
MARRMALE 0.212676 0.057869 3.675129 0.0003
MARRFEM -0.198268 0.059220  -3.347974 0.0009
SINGFEM -0.110350 0.057236  -1.927970 0.0544
EDUC 0.078910 0.007502 10.51918 0.0000
EXPER 0.026801 0.005147 5.206623 0.0000
EXPER?2 -0.000535 0.000107  -4.995281 0.0000
TENURE 0.029088 0.009312 3.123691 0.0019
TENURE"2 -0.000533 0.000387  -1.378837 0.1685
R-squared 0.460877 Mean dependent var 1.623268
Adjusted R-squared 0.452535 S.D. dependent var 0.531538
S.E. of regression 0.393290 Akaike info criterion 0.988423
Sum squared resid 79.96799 Schwarz criterion 1.061403
Log likelihood -250.9552 Hannan-Quinn criter. 1.016998
F-statistic 55.24559 Durbin-Watson stat 1.784785
Prob(F-statistic) 0.000000 Wald F-statistic 51.54430

Prob(Wald F-statistic) 0.000000

The effects on statistical inference resulting from a different HC estimator are minor, though
the quadratic effect of TENURE is no longer significant at conventional test levels.

Cluster-Robust Covariances

In many settings, observations may be grouped into different groups or “clusters” where
errors are correlated for observations in the same cluster and uncorrelated for observations
in different clusters. EViews offers support for consistent estimation of coefficient covari-
ances that are robust to either one and two-way clustering.

We begin with a single clustering classifier and assume that
E(ee;) =0

20.1
E(ee;) = 0 (20.17)

for all 4 and j in the same cluster, and all ¢ and A that are in different clusters. If we
assume that the number of clusters G goes to infinity, we may compute a cluster-robust
(CR) covariance estimate that is robust to both heteroskedasticity and to within-cluster cor-
relation (Liang and Zeger, 1986; Wooldridge, 2003; Cameron and Miller, 2015).



40—Chapter 20. Additional Regression Tools

As with the HC and HAC estimators, the cluster-robust estimator is based upon a sandwich
form with an estimator the central matrix & = X'QX:
G
dcp = Z X,/ Deges D)X, (20.18)
g=1

where X is the T x k matrix of regressors for the T observations in the g-th cluster, €
isa T, vector of errors, and D isa T x T, diagonal matrix of weights for the observa-
tions in the cluster. The resulting family of CR variance estimators is given by:
G
Lor = (X’X)_l( > Xg'DgégEg'z)nggJ(X'X)‘1 (20.19)

g=1

4

The EViews supported weighting functions for the various CR estimators are analogues to
those available for HC estimation:

Method d,
CRO - Ordinary 1
(C(f\elfa_u 1ftl)mte sample corrected G (T-1
(G-1) (T-k
CR2 - bias corrected (1- ht)_l/Q
CR3 - pseudo-jackknife (1- ht)71
CR4 - relative leverage -8,/2
8 (1-h) "
CR4m -8,/2
(1-h) "
CR5 -5,/4
(1-hy)
User - user-specified arbitrary

where h, = Xt'(X'X)_lXt are the diagonal elements of H = X(X’X)_IX’. For further
discussion and detailed definitions of the discounting factor 6, in the various methods, see
“Alternative HC Estimators” on page 36. See Cameron and Miller (CM 2015, p. 342) for dis-
cussion of bias adjustments in the context of cluster robust estimation.

Note that the EViews CR3 differs slightly from the CR3 described by CM in not including the
~ G/ (G -1) factor, and that we have defined the CR4, CR4m and CRS estimators which
employ weights that are analogues to those defined for HC covariance estimation.
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We may easily extend the robust variance calculation to two-way clustering to handle cases
where observations are correlated within two different clustering dimensions (Petersen
2009, Thompson 2011, Cameron, Gelbach, and Miller 2015).

It is easily shown that the variance estimator for clustering by A and B may be written as:
~ ~ A ~ B ~ANB
Yor = Xcr+Xcr—-Xor (20.20)
where the EJCR is used to indicate the estimator obtained assuming clustering along the
given dimension. Thus, the estimator is formed by adding the covariances obtained by clus-
tering along each of the two dimensions individually, and subtracting off the covariance
obtained by defining clusters for the intersection of the two dimensions.

Note that EViews does not perform the eigenvalue adjustment in cases where the resulting
estimate is not positive semidefinite.

If you elect to compute cluster-robust covariance estimates, EViews will adjust the ¢-statistic
probabilities in the main estimation output to account for the clustering and will note this
adjustment in the output comments. Following Cameron and Miller (CM, 2015), the proba-
bilities are computed using the #-distribution with G — 1 degrees-of-freedom in the one-way
cluster case, and by min(G 4, Gp) — 1 degrees-of-freedom under two-way clustering. Bear
in mind that CM note that even with these adjustments, the tests tend to overreject the null.

Furthermore, when cluster-robust covariances are computed, EViews will not display the
residual-based F*statistic for the test of significance of the non-intercept regressors. The
robust Wald-based F-statistic will be displayed.

Example

We illustrate the computation of cluster-robust covariance estimation in EViews using the
test data provided by Petersen via his website:

http://www.kellogg.northwestern.edu/faculty/petersen/htm/papers/se/test_data.htm

The data are provided as an EViews workfile “Petersen_cluster. WF1”. There are 5000 obser-
vations on four variables in the workfile, the dependent variable Y, independent variable X,
and two cluster variables, a firm identifier (FIRMID), and time identifier (YEAR). There are
500 firms, and 10 periods in the balanced design.

First, create the equation object in EViews by selecting Object/New Object.../Equation or

Quick/Estimate Equation... from the main menu, or simply type the keyword equation in
the command window. Enter, the regression specification “Y C X” in the Specification edit
field, and click on OK to estimate the equation using standard covariance settings.

The results of this estimation are given below:


http://www.kellogg.northwestern.edu/faculty/petersen/htm/papers/se/test_data.htm
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Dependent Variable: Y
Method: Least Squares
Date: 30/05/17 Time: 15:44
Sample: 1 5000

Included observations: 5000

Variable Coefficient Std. Error t-Statistic Prob.

C 0.029680 0.028359 1.046560 0.2954

X 1.034833 0.028583 36.20414 0.0000
R-squared 0.207766 Mean dependent var 0.035238
Adjusted R-squared 0.207607 S.D. dependent var 2.252704
S.E. of regression 2.005277 Akaike info criterion 4.229841
Sum squared resid 20097.64 Schwarz criterion 4.232448
Log likelihood -10572.60 Hannan-Quinn criter. 4.230755
F-statistic 1310.740 Durbin-Watson stat 1.096121
Prob(F-statistic) 0.000000

Next, to estimate the equation with FIRMID cluster-robust covariances, click on the Esti-
mate button on the equation toolbar to display the estimation dialog, and then click on the
Options tab to show the Coefficient covariance options.

Equation Estimation

Spedification | Options

Coeffident covariance Weights

Covariance

Type:
method: Cluster robust v Type None W
OPG
Cluster firmid Eviews default

series:

CRmethod:  |CR1 (finite sample)  w

Optimization
Gauss-Newton
Marguardt
Coeffident name
500
C
1e-08

Display settings in output

Select Cluster robust in the Covariance method dropdown, enter “FIRMID” in the Cluster
series edit field, and select a CR method. Here, we choose the CR1 (finite sample) method
which employs a simple d.f. style adjustment to the basic cluster covariance estimate. Click
on OK to estimate the equation using these settings.
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The results are displayed below:

Dependent Variable: Y

Method: Least Squares

Date: 30/05/17 Time: 15:50

Sample: 1 5000

Included observations: 5000

CR1 (finite sample adjusted) cluster-robust standard errors &
covariance

Cluster series: FIRMID (500 clusters)

Standard errors and t-statistic probabilities adjusted for clustering

Variable Coefficient Std. Error t-Statistic Prob.
C 0.029680 0.067013 0.442897 0.6580
X 1.034833 0.050596 20.45298 0.0000
R-squared 0.207766 Mean dependent var 0.035238
Adjusted R-squared 0.207607 S.D. dependent var 2.252704
S.E. of regression 2.005277 Akaike info criterion 4.229841
Sum squared resid 20097.64 Schwarz criterion 4.232448
Log likelihood -10572.60 Hannan-Quinn criter. 4.230755
Durbin-Watson stat 1.096121 Wald F-statistic 418.3244

Prob(Wald F-statistic) 0.000000

The top portion of the equation output describes both the cluster method (CR1) and the
cluster series (FIRMID), along with the number of clusters (500) observed in the estimation
sample. In addition, EViews indicates that the reported coefficient standard errors, and ¢-sta-
tistic probabilities have been adjusted for the clustering. As noted earlier, the probabilities
are computed using the ¢-distribution with G—1 = 499 degrees-of-freedom.

Note also that EViews no longer displays the ordinary F-statistic and associated probability,