Technical Assistance 8761 — Solomon Islands

Economic Modeling for Policy Support

Workshop 4: Estimating from Local Data

David Roland-Holst
University of California, Berkeley

Jointly Organized by:
Economic Reform Unit, MOFT, Solomon Islands and the

Asian Development Bank
9-13 April 2018




Examples of Policy from National Data

e Population and Education — HIES
e Don’t drink and Drive
e How to forecast the CPI
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Population and Education
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Solomon Islandsstiousehold Income and

Expenditure Survey (HIES)

e TWO rounds:
= 2005-6
= 2012-13

e A really good survey and national
information resource.

e Can inform more effective policy design
and targeting for many years.
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High response rate — Quite

Representative

Table 1.1 Response Rate by Province

Province Sample Sample Response
Planned Responded Rate
Choiseul 300 279 93.0
Western 540 436 80.7
Isabel 360 259 71.9
Central 360 332 92.2
Renbell 120 113 94.2
Guadalcanal 600 570 95.0
Malaita 780 687 88.1
Makira-Ulawa 420 401 95.5
Temotu 360 312 86.7
Honiara 480 433 90.2
Solomon Islands 4,320 3,822 88.5
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Income vs Expenditure

Table 1.2 Ratio of Total Annual Expenditure over Total Annual Income by Province

Province
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Ratio
Exp/income No. % No. % No. % No. % No. % No. % No. % No. % No. % No. % No. %
0.00 to 0.25 0 0.0 40 0.3 0 0.0 39 0.9 0 0.0 12 0.1 32 0.1 64 0.8 25 0.6 138 1.4 348 0.4

0.26 to 0.50 77 1.5 295 22 162 3.3 88 21 5 0.7 318 2.2 637 2.9 190 25 88 2.0 589 59| 2438 2.8
0.511t00.75 271 5.4 673 4.9 288 6.2 188 45 39 5.9 529 3.6 604 2.7 472 6.3 222 5.2 907 9.1 4193 4.8
0.76 to 1.00 603 119 | 1,937 142 614 133 483 115 | 63 9.3 | 1445 99 | 3155 143 | 1348 179 835 194 | 1,594  16.0 | 12,076  13.9
1.01t01.25 | 1,558 308 | 2,744 201 | 1,765 383 | 1,000 23.8 [ 181 269 | 3,204 219 | 4769 216 | 2308 307 | 1,230 286 | 1473 147 | 20231 233
1.26 to 1.50 838 166 | 1,942 142 828 179 961 228 [ 163 228 | 2313 158 | 4536 205 | 1,067 142 974 227 [ 1,152 115 | 14764  17.0
1.51t01.75 424 84 | 1,108 8.1 341 74 492 117 | 62 92| 1784 122 | 2697 122 671 8.9 451 105 | 1,027 103 | 9,057 104

1.76 to 2.00 369 7.3 | 1,008 74 193 4.2 287 68| 8 122 | 1338 9.2 | 1,866 8.4 308 41 191 4.5 627 6.3 | 6,270 7.2

2.00 + 915 18.1 3,903 28.6 433 9.4 672 16.0 88 13.1 | 3,669 25.1 3,819 17.3 | 1,096 14.6 285 6.6 | 2,478 248 | 17,358 20.0

Total 5056 100.0 | 13,650 100.0 | 4614 100.0 | 4,209 100.0 | 672 100.0 | 14,611 100.0 | 22,115 100.0 | 7,524 100.0 | 4,300 100.0 | 9,984 100.0 | 86,734 100.0
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Snapshot of Income Status

Table 0.2: Average Annual Household and Per Capita Expenditure
and Household Size by Area

Average Median Average Average Median

Area Annual Annual Househc;qld Annual | Annual Per

Household Household Size Per Capita Capita

Expenditure | Expenditure Expenditure | Expenditure

Urban 69,935 52,726 6.9 10,215 7,701

Rural 23,366 17,668 6.0 4,871 2,927
Solomon

Islands 30,069 20,035 6.2 4,887 3,256

9 April 2018 ‘ 50 TA-8761, Slide 7




Demographics

Fertility vs Migration

Table 2.1 Population Estimate by Sex, households and Province :1999-2005/6

2005/6 1999
Annual Annual
Private growth % Private growth %
Province Male Female Total  |Household |(1999-2005)]  Male Female Total  |Household |[(1986-1999)
Choiseul 16,193 15,066 31,259 5,056 74 10,236 9,772 20,008 3045 3.0
Western 40,640 41,212 81,852 13,650 44 33,190 29,549 62,739 9570 3.2
Isabel 11,256 12,382 23,638 4,614 24 10,424 9,997 20421 3472 26
Central 12,822 11,670 24 491 4,209 2.1 11,193 10,384 21577 3533 2.0
Rennel 2,196 2,213 4409 672 103 1,230 1,147 2,317 423 2.2
Guadalcanal 44678 39,759 84,438 14,611 56 31,423 28,852 60,275 10,164 15
Malaita 72,470 68,098 140,569 22,115 2.3 61,209 61411 122,620 18,362 3.3
Makira 26,442 23,584 50,026 7,524 8.0 15,943 15,063 31,006 4859 27
Temotu 11,736 12,064 23,800 4,300 38 9,146 9,766 18,912 333% 1.9
Honiara 35,665 33,525 69,189 9,984 5.7 21 387 21,720 49,107 6641 3.8
Grand Total 274098 259573 533,672 86,734 44 211,381 197,661 409,042 63404 28
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Age Distribution:

Very high dependency

Table 2.3: Percentage distribution of estimated population in Age
Group by Area and Sex

Age group Urban Rural Solomon Islands
male | female | Total | male | female | Total | male | female | Total
<15 34.0 35.6 34.8 40.7 40.4 40.6 39.6 39.6 39.6
15-19 12.3 12.6 12.4 10.2 10.0 10.1 10.6 10.4 10.5
20-24 12.1 12.4 12.2 7.9 9.4 8.6 8.6 9.9 9.2
25-29 11.8 12.2 12.0 8.2 9.4 8.8 8.8 9.9 9.3
30-34 7.8 9.9 8.8 7.7 8.0 7.9 7.7 8.3 8.0
35-39 7.3 5.8 6.6 6.3 6.2 6.3 6.5 6.1 6.3
40-44 4.0 4.0 4.0 4.9 4.3 4.6 4.8 4.3 4.5
45-49 4.2 2.8 3.5 3.7 3.4 3.6 3.8 3.3 3.6
50-54 2.5 2.0 2.3 2.8 2.7 2.8 2.8 2.6 2.7
55-59 2.0 1.2 1.6 2.1 2.2 2.2 2.1 2.1 2.1
60-64 0.9 1.0 0.9 1.8 1.5 1.7 1.7 1.4 1.6
65+ 1.0 0.6 0.8 3.0 2.0 2.5 2.7 1.7 2.2
Ns 0.1 0.0 0.1 0.5 0.3 0.4 0.5 0.3 0.4
Total 100.0 100.0 100.0 | 100.0 100.0 100.0 | 100.0 100.0 100.0
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Population: Historical trends
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Spatial Distribution of Population

TA-8761, Slide 11




The/Demographic Transition

e Stage I: High birthrates and death rates

e Stage II: Continued high birthrates,
declining death rates

e Stage III: Falling birthrates and death
rates, eventually stabilizing
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Bemographic Transitions

North and South

Birth and death rates Population Birth and death rates Population
A A A A

Birth

Death

Birth
Death

1800 1950 > Years 1940 2000 >Years
Industrial revolution Health revolution
Urbanization

Industrialized countries Developing countries
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Male

Population Structure Matters:

Pyramids of Age and Gender

Kenya - 2012
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China - 2012
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Solgmaons Population Pyramid:

high youth dependenc

Male China - 2012 Female

Solomon Islands - National

65 52 39 26 13 0 0 13 26 39 52 65
®Male HFemale Population (in millions) Age Group Population (in millions)
Solomon Islands - Rural Solomon Islands - Urban

B Male HFemale
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Population/Education Pyramids:

Access/Attainment
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What Developing Countries Can Do

e Address incentives and disincentives for having children
through the principal variables influencing the demand for
children

e Coercion is not a good option

e Raise the socioeconomic status of women
e Persuasion through education

e Family planning programs

e Increase employment opportunities for women (increases
opportunity cost of having more children, as in
microeconomic household theory)

o Help facilitate genuine and faster development of developing
countries that still have high fertility rates

9 April 2018

‘ D % TA-8761, Slide 17



Don’t Drink and Drive
Social Policy and Panel Data
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What are panel data?

e Panel data consists of the observations on the same n entities
at two or more time periods T. If the data set contains
8bser£ve(1jtions on the variables X and Y, then the data are

enote

o (X,Y),i=1,...,nand t=1,...,T,
o whdere the first subscript, i, refers to the entity being observed,
an

o the second subscript, t, refers to the date at which it is
observed.
e Balanced panel Vs. unbalanced panel.
= Balanced panel: Variables are observed for each entity and
= each time period.
= Unbalanced panel: Some missing data for at least one time
= period.
e We consider the analysis of balanced panel. But extension to

unbalanced is straightforward.
‘ 50 TA-8761, Slide 19
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Omitted Variables Biases

e Issue: Do alcohol taxes help decrease
traffic deaths?
e Data: fatality.wf1l

= 48 U.S. states (excluding Alaska and
Hawaii): N = 48.
= 1982 -1988: T =7.

= fatality rate = # of traffic accident deaths
per 10,000 people.

= beertax = tax per a case of beer ($).
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e Estimation results for the 1982 data:
FatalityRate = 2.01 + 0.15BeerTax
(0.15) (0.13)

e Estimation results for the 1988 data:
FatalityRate = 1.86 + 0.44BeerTax
(0.11) (0.13)

9 April 2018
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Traffics=atalities and Beer Tax

1982 Data

Fatality Rate Panel a is a scatterplot of traffic
(Fatalities per 10,000) fatality rates and the real tax on
4.5 r a case of beer (in 1988 dollars)
. : for 48 states in 1982. Panel b
Fatality Rate " e data | "
(Fatalities per 10,000) shows the data for 1988. Bo
45 — plots show a positive relation-

ship between the fatality rate

4.0
X and the real beer tax.

35+ —

. * FatalityRate = 1.86 + 0.44BeerTax

-
3.0
0.5 - X
”.“ 1 1 1 1 1 J ;)
(.0 0.5 1.0 1.5 2.0 25 3.0
Beer Tax TA-8761, Slide 22
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Traffics=atalities and Beer Tax

1988 Data

Panel a is a scatterplot of traffic

Fatality Rate
(Fatalities per 10,000) fatality rates and the real tax on

45 — a case of beer (in 1988 dollars)
for 48 states in 1982. Panel b

i shows the data for 1988. Both
S Fosiofe = 186 + OBeeTux  Plots show a positive relafion:
ship between the fatality rate
and the real beer tax.

4.0 =

00 1 1 1 1 ] J

0.0 0.5 1.0 1.5 2.0 25 3.0
Beer Tax
(Dollars per case $1988)
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VWhat is going on here?

e By looking at individual time periods, we
are comparing different states at the
same time,

e Not different taxes in the same state

o States will differ in many ways, but here
can't isolate the effect of changing a tax

9 April 2018
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e Two equations for 1982 and 1988:

FatalityRate; ;055 = By + BiBeerTax; 1955 + B2 + U; 1088
Fata"tYRatei,lgSz — BO + BlBeerTaXi,1982 + Bzz| + ui,1982' %

FatalityRate; ;955 — Fatality; 195,
= [B,(BeerTax; 1985 —Beertax; 192) + (U; 1988-U; 1982)

e Actual estimation results for (1):

FatalityRate, 195 — Fatality; 194,
= -0.072 — 1.04(BeerTax;qgg — BeerTaxigsy)

(0.065) (O. 36)

9 April 2018 S%g

‘ D % TA-8761, Slide 25



PanelPData Reveal the Expected

Relationship

This is a scatterplot of Change in Fatality Rate

the change in the traffic  (Fatalities per 10,000)

fatality rate and the 1O~ FatalityRate, ogg — FatalityRate,qg, = —0.072 — 1.04(BeerTax,qgg — BeerTax,qg;)
change in real beer

taxes between 1982
and 1988 for 48 states.
There is a negative
relationship between

0.0 =

changes in the fatality
rate and changes in 205
the beer tax.

-15 1 1 L 1 1 J

-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6

Change in BeerTax
(Dollars per case $1988)
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Comments

e As real beer tax increases by $1 per
case, the traffic fatality rate falls by 1.04
deaths per 10,000 people.

e This is a big effect, because mean traffic
fatality rate is approximately two.

e This before-and-after approach works
well if T = 2.

e What should do if T > 27
5 d o m TA-8761, Slide 27
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How to Forecast
with the CPI

9 April 2018 TA-8761, Slide 28




Data and Workfile Documentation

« WS4_Data.wfl and WS4 _Data.xls have monthly data from January 1960-
December 2011.

v' M1 — money supply, billions of USD (source: Board of Governors of the Federal Reserve)

v IP —industrial production, index levels (source: Board of Governors of the Federal Reserve)
v Tbill - 3-month US Treasury rate (source: Board of Governors of the Federal Reserve)

v' CPI — Consumer Price Index, level (source: Bureau of Labor Statistics)

PSS Solomon Islands Government * .
Y ©W e sicen



Simplé Ttme Series Regressions

« Suppose you wish to estimate a model that captures movements in M1 (money
supply) based on other variables: IP (industrial production) CPI, and Tbill rate.

 As a first step, it may help to open
these variables as a group, and
plot the series in order to observe
trends in the data. . - -

» M1 seems to grow over time, so
adding a time trend may improve
the fit of the model.

@ Group: UNTITLED Workfile: TUTORIALL0_DATA:Tutoriall0_data\ - B X

[ViewIProclObject] [PrinthameIFreeze] [Default v] [OptionsIPositionISamplelShe-

5 B B § &
. 88 8 8

° CPIand IP seem to move @ e 7o o5 5 W s o o5 10 S s5 7o 75 o 5 % 5 oo 65 1o
together with M1 and also grow = =
over time. N )
* Thill appears to have a different 2
pattern from M1 (and other N o
SerIeS). mmmmmmmmmmmmmmmmmmmmmmmmmmm
1960M01 [[1] I [l 2011m12
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SimplesTime Series Regressions:

Example. 1

« Specifying a time series equation in EViews is very easy and follows the same
basic steps we introduced in the Basic Estimation tutorial.

Estimation: Example 1

. Equation Estimati [
1. Open Data.wf1 workfile. i
2. In the main menu, select Object > Spedfication’ | afiegs
= = - Equation specification
NeW ObJeCt % Equatlon and CIICk Dependent variable followed by list of regressors including ARMA
OK. and PDL terms, OR an explicit equation like Y=c(1)+c(2)*X.

. . . ' log(m1) c log(ip) log(cpi) thill
3. The Equation Estimation box opens TR

up. Specify here your variables:

v log(m1) - dependent variable

v’ € — constant

v log(ip) — 1t independent variable
v

v

Estimation settings

Method: [LS - Least Squares (NLS and ARMA) v ]

log(cpi) — 2" independent variable
Tbill — 3rd independent variable

4. Click OK.
*Note: This equation is saved as eq01 in

WS4 _Results.wf1 workfile.

Sample: [ 1950M01 2011M12

TA-8761, Slide 31
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SimplesTime Series Regressions:

Example 1. (contq)

« The estimation Output is shown here. & Equation: EQo1 Workfile: RESULTS: TimeSeries_Estimation\ - B X

[View[ Proc[ Object]_[ PrintIName I Freeze ]_[ EstimateI Forecast] Stats I Resids ]

A number of things stand out:

Dependent Variable: LOG(M1)

v All variables appear to be highly Method: Least Squares
icti P ifi - Date: 03/25113 Time: 02:57
statistically significant (based on p S amete- 060KGH 2012
values/t-stats). Included observations: 624
v The R-squared value is very high: regul_ts Variable Coefficient Std. Error t-Statistic Prob.
imply that around 99.25% of the variation
. . o 0.859324  0.042875  20.04261  0.0000
in log(m1) can be explained by the other LOG(P) 0196350 0025865  7.591598  0.0000
variables in the model. Normally this LOG(CPI) 1.055454  0.015406 6851129  0.0000
would imply a very good fit for the model. TBILL -0.021441  0.000986 -21.74826  0.0000
v ; ; « i _ R-squared 0.992558) Mean dependentvar 6.286356
We caution agamSt these rgsu_lts. hlgh R Adjusted R-squared 0.992522) S.D. dependentvar 0.825190
squared does not necessarily imply that - wetom a Akaike info criterion -2.435840
; Sum squared resid 3.156971 Schwarz criterion -2.407403
the model is a good or useful one. Log likelihood 763.9820 Hannan-Quinn criter. -2.424789
F-statistic 27564.63 Durbin-Watson stat 0.027685
Prob(F-statistic) 0.000000
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SimplesTime Series Regressions:

Example 1. (contq)

« Let's take a look at the behavior of resi

Examining Residuals:
1. Open eq01 in WS4_Results.wf1 80

workfile. L
2. Click View on the Equation 31 65

Object menu bar. od / 6.0
g M j—s.s

3. Select Actual, Fitted, Residual > N e,
- - i 5.0
Actual, Fitted, Residual Graph. . MX'H;\/\\ .
-1+
* The residuals of this regression S

appear to have long periods of
positive values followed by long
periods of negative values,
providing strong visual evidence of
serial correlation.

| — Residual —— Actual — Fitted |
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SimplesTime Series Regressions:

Example 2

« Distributed lag models are easy to specify in EViews.
« In these models, one or more variables affects the dependent variable with a lag.

« Lags of dependent or independent variables can be specified directly in the

equation box in EViews (see Data Function tutorial for more details).
Estimation: Example 2

1. Suppose you want to examine how M1 is affected by CPI and its first two lags in
log form. Type in the command window:

ls log(ml) ¢ log(cpi) log(cpi(-1)) log(cpi(-2))

ﬂ EViews
File Edit Object View Proc Quick Options Add-ins Window

Command

2. Press Enter. Is log(m1) ¢ log(cpi) log(cpi(-1)) log(cpi(-2))

*Note: This equation is saved as eq02 in
WS4 _Results.wf1 workfile.

P2 Solomon Islands Government * .
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SimplesTime Series Regressions:

Example 2. (contq)

» The estimation Output is shown here.

=) Equation: EQ02 Workfile: TUTORIALL10_RESULTS:: Tutoriall0_data\ - B X

| View | Proc| Object | | Print | Name | Freeze | | Estimate | Forecast | Stats | Resids |

A few quick notes:

v" Notice that we now have 622 instead of Dependent Variable: LOGMM1)
i i Method: Least S
624 observations because we are using Hethod Leasl Sauares s
two lags of CPLI. Sample (adjusted): 1960M03 2011M12

Included observations: 622 after adjustments

v R-squared and F-statistic values are high,

. . .. . . Variable Coefficient Std. Error t-Statistic Prob.
which is surprising especially since some
. . c 1.019323  0.026417 3858627  0.0000
coefficients do not appear to be very LOG(CPI) 2672317 1531671 -1744707 00815
i nifi ; LOG(CPI(-1)) 2267378 2754062 -0.823285  0.4107
5'9”_'f'_cant- F9r ¢>_<ample, current CPI'is LOG(CPI(-2)) 6117664 1530592  3.996926  0.0001
statistically significant only at the 10%
. . . R-squared 0.986847 §lean dependentvar 6.290681
level, while the first lag of CPI is not Adjusted R-squared 0986783 _|.D. dependent var 0.822974
. nificant S.E. of regression 0.094614 Akaike info criterion -1.871608
Slg . Sum squared resid 5532245 Schwarz criterion -1.843100
...... o o Hannan-Quinn criter. -1.860528
v What causes these results? It turns out, F-statistic 1545537 | Durbin-Watson stat 0.031493
there is substantial correlation between - ) U

CPI, CPI(-1) and CPI(-2).
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SimplesTime Series 'Regressions:

Example 2. (o)

v You can IOOkat the correlation matrix of | (G] Group: UNTITLED Workfile: RESULTS: TimeSeries_Estima... — [ X )
CPIanC_I Its fIrSt_ two lags' To create the [ViewlProc]Object] [PrintINameIFreeze] [Default v] lSortlEdib/-lSn
correlation matrix, follow these steps: Group Members CPI-N)  CPI(-2)]

1. Type in the command window: Spreadsheet :29.3%‘ m 7
. . . Dated Data Table 29.410 29.370
show cpi cpi(-1) cpi(-2) Sranh.. [ 20.410 YT
to open these series as a group. £ 29.540 oL
p g p Descriptive Stats »| 29.570 29.540
2. On the top menu of the group, Covariance Analysis..  20.610 29.570
click on View - Covariance N-Way Tabulation... T —— .

Analysis.

Tests of Equality...

3. The Covariance Analysis box Principal Components..
opens up. Click the Correlation Correlogram (1) ..
box under Statistics. Cross Correlation (2) ..
4. CIICk OK Lor.'ng-run Covariance...
Unit Root Test...
. . Cointegration Test »
(G) Group: GROUP02 Workfile: TUTORIALI0_RESULTS:... — M X Granger Causality...
lView| ProcIObjectn PrintINamelFreezen SampleISheetIStatsISpec‘ Label
Correlation
LOG(CPI) | LOG(CPI(-1)) | LOG(CPI(-2) | As you can see from the correlation matrix, the
LOG(CPI) 1.000000 0.999990 0.999966 R : hiahl lated iticoll .
LOG(CPI(-1))| 0999990 | 1000000 | 0.999990 | — SEries are nignly correlate (_mu_ ICO |nea|'|tY_)-
_LOG(CPI(-2))| 0.999966 0.999990 1.000000 = This multicollinearity makes it difficult to estimate
7 | T b the effect at each lag.
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Simpledlime Series Regressions:

Example 2 (cont’'d)

« A more formal way to investigate collinearity among regressors is the Coefficient
Variance Decomposition from the View menu of the Equation box.

 This test is particularly useful if there is a linear relationship between regressors (i.e.,
X;=X>+3X; ) which the simple correlation matrix may fail to detect.

Coefficient Variance Decomposition:
1. Click on eq02 to open it.
2. On the top menu of the equation

E] Equation: EQ02 Workfile: RESULTS: TimeSeries_Estimation\ - B X

[ViewIProcI Object] [Printl Name I Freeze] [ Estimate I Forecastl Stats I Resids ]

Representations

bOXI C"Ck on V|eW - Estimation Qutput
Coefficient Diagnostics > Actual Fitted, Residual b ho
Coefficient Variance ARMA Structure.. stments
Decomposition. Gradients and Derivatives > Std. Error t-Statistic Prob.
Covariance Matrix
0.026417 38.58627 0.0000
i . Coefficient Diagnostics » Scaled Coefficients
«  Note that decomposition calculations follow _ — ,
Residual Diagnostics » Confidence Intervals...
Besley, Kuh and Welsch (2004). In general, o , , ,
. . . L. Stability Diagnostics 4 Confidence Ellipse...
there is a high degree of collinearity if: Variance Inflation Fact
ariance Inflation Factors
it ; Label
v" A condition number is smaller than 1/900 - _ Coefficient Variance Decomposition
(0.001) Sum squared resid 5532245
. . Log likelihood 586.0700 Wald Test- Coefficient Restrictions...
v There are two or more variables with F-statistic 1545537 . . . .
. . i -~ ‘ Omitted Variables Test - Likelihood Ratio...
higher covariance decomposition Prob(F-statistic) 0.000000 . o .
roportion than 0.5 (associated with a Redundant Variables Test - Likelihood Ratio...
prop iy ) Factor Breakpoint Test...
small condition humber).
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SimplesTime Series Regressions:

Example 2. (contq)

« The Equation View changes and " (=) £quation: EQD2 Workfile: RESULTS: TimeSeries_ Estimation\

- B8 X
dISp|ay5 d table ShOW'”g Eigenvalues, [ViewIProclObject] [PrintINameIFreeze] [EstimateIForecastIStatsIResids]
Condition Numbers, Variance Coefficient Variance Decomposition

f s : Date: 04/26/13 Time: 01:32
Decomposition Proportions and Sample: 196001 2011M12
Eigenvectors, as shown here. included opsenvations. 622

v" The top portion shows the _

_ Eigenvalues 1137741 0896239 0.000637 2.28E-07
Eigenvalues sorted from the smallest Condition 200E-08 254E-07 0.000358 1.000000
to the largest.

v In our case, the condition numbers Variance Decomposition Proportions
are much smaller than 1/900=0.001, Associated Eigenvalue
which indicates the presence of Variable 1 2 3 N
collinearity. (Note that the last c 6.30E-05 0.101787 0.898145 5.06E-06

it i LOG(CPI) 0.808877 0.191122 117E-06  3.19E-08

condition number is always equal to LOG(CPI(-1)) 1.000000 278E-08 434E-07 9.86E-09
1). LOG(CPI(-2)) 0.808856 0.191142 166E-06 3.19E-08

v’ The middle panel displays the
variance decomposition proportions. Eigenvectors
The proportions associated with the Associated Eigenvalue
smallest condition number. As you can Variable 1 2 3 4
see, 3 of the values are above 0.5, c -6.22E-05 0008903 0992187 -0.124440
indicati i - LOG(CPI) 0.408399 -0.707309 -0.065526 -0.573263
|ndlca’Flng t_hat there is a high degree LOG(CPI(-1)) -0.816492 -0.000485 -0.071895 -0.572863
of collinearity between CPI, CPI(-1) LOG(CPI(-2)) 0.408106 0706848 -0.078115 -0.572462
and CPI(-2).
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SimplesTime Series Regressions:

Example. 3

You can just as easily specify a model containing a large number of lags without
h&gtirgatoexpliaithidgpe out all the lags.

1. Suppose you would like to examine how

M1 is affected by current CPI values
and its 12 lags. On the main menu, B =
select Object > New Object > Spedfication | Options
Equation and click OK. il ‘ S
2. The Equation Estimation bOX Opensl 2:%%?&1:;%#::?:;2? g;ﬁé?:ﬁﬁ?iiﬁ;ﬂt(’gﬁ?(.ARMA

'm1ccpi( to -12)

3. Specify here your variables:
v m1 — dependent variable
v €— constant

v CPI(0 to -12) — current and lagged
Values Of CPI Method: (L5 - Least Squares (NLS and ARMA) v

4. Click OK. Sample: | 1960m01 2011m12

Estimation settings

*Note: This equation is saved as eq02a in
WS4 _Results.wf1 workfile.

[ OK ][ Cancel ]
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SimplesTime Series Regressions:

Example 3 (cont’d)

=i Equation: EQO2A Workfile: RESULTS::TimeSeries_Estimation'\ - B8 X

¢ The eStImatlon OUtpLIt IS ShOWn here' [ViewIProcIObject][PrintINameIFreeze][Estimate[Forecast[StatsIResids]

Dependent Variable: M1
Method: Least Squares

A few quick notes: Date: 12110112 Time: 00:06
i . L. Sample (adjusted): 1961M01 2011M12
v Again, taken |nd|V|duaIIy, none of the Included observations: 612 after adjustments
c_oef.f|_<:|ents (except Iag 12) IS StatIStlca”y Variable Coefficient Std. Error t-Statistic Prob.
significant.
C -104.7026  8.063640 -12.98453  0.0000
v However, the R-squared value and the F- CPI 4664840 1094955 -0.426030 06702
. g . CPI(-1) -1.266860  20.40829 -0.062076  0.9505
statistic are very high. CPI(-2) 5402067 2200400 -0.245504  0.8062
o : . CPI(-3) 5.963252 2213892  0.314525  0.7532
v S'm'l'—‘_]r to the preV_'OUS _example, the issue CPI(-4) 0714523 2217279 -0.032225  0.9743
here is that there is a high degree of CPI(-5) -2113961 2232003 -0.094711  0.9246
) ) . CPI(-6) 2018993 2243649 -0.089987  0.9283
collinearity among all regressors (since CPI(-7) 4547749 2234103 0203560  0.8388
these are |ags Of the same Variab|e)_ CPI(-8) -4.054178 2221367 -0.182508 0.8552
_ _ _ — _ CPI(-9) 1175856 2221645 -0.052927  0.9578
v A way to deal with high collinearity is to fit CPI(-10) 3759427 2210938  0.170038  0.8650
. . . . CPI(-11) 2307787 2053068 -1.124067  0.2614
a polynomial distributed lag model CPI(-12) 3726513  11.04690 3373355  0.0008
(nOt dISCUSSGd n thIS tUtOFIal). R-squared 0.968625] Mean dependentvar 736.1742
Adjusted R-squared 0.967943) S.D. dependentvar 501.4292
C. Ol TegIeooIon - Akaike info criterion 11.85516
Sum.sqqared resid 4819906. Schwarz criterion 11.95620

sbeeign Hannan-Quinn criter. 11.89446
F-statistic 1420.155] Durbin-Watson stat 0.027281
roo(F-statistic .
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SimpleFime Series Regressions

Example 4

« You can just as easily specify a dynamic model containing lags of dependent and

independent variables.

Estimation: Example 4

1. On the main menu, select Object >
New Object - Equation and click
OK.

2. The Equation Estimation box opens.
Specify here your variables:

log(m1) — dependent variable
€ — constant

log(m1(-1))

log(cpi)

log(cpi(-1))

log(cpi(-2))

3. Click OK.

RN N NN

*Note: This equation is saved as eq03 in
WS4_Results.wf1 workfile.

9 April 2018 ), o
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Noeene

- ~
Equation Estimation ﬂ
Spedification m

Equation spedfication

Dependent variable followed by list of rearessors including ARMA
and PDL terms, OR an explicit equation like Y=c(1)+c(2)*X.

' log(m1) ¢ log(m1(-1)) log(cpi) log(cpi(-1)) log(cpi(-2))

Estimation settings

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

Sample: | 1960m01 2011m12

OK ][ Cancel ] ‘
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SimpleFime Series Regressions

Example 4 (contq)

e The estimation Output IS shown here| &) Equation: EQD3 Workfile: RESULTS: TimeSeries_Estimation\ - [ X
[ViewIProcIObjectnPrintINameIFreezeﬂEstimateIForecastIStatsIResids]
Dependent Variable: LOG(M1)
H . Method: Least Squares
A feW CIUICk nOteS' Date: 04/05/13 Time: 22:40
v ; Sample (adjusted): 1960M03 2011M12
NOFICG that the Iagged C_Iependent . Included observations: 622 after adjustments
variable (log(m1(-1)) is close to unity
and is highly significant. Variable Coefficient Std. Error t-Statistic Prob.
v If errors are serially correlated, OLS LOGOMCT) 0994099 0002849 3489773 00000
. . . - v - R . . .
.estlmates are biased and inconsistent LOG(CPI) 0.070822  0.109118  0.649043  0.5166
in the presence of lagged dependent LOG(CPI(-1)) -0.421052  0.195764 -2.150816  0.0319
(see Appendix to Basic Time Series LOG(CPI(-2)) 0.357229 0.110003 3.247445 0.0012
Estimation for details). R-squared 0.999934 Mean dependentvar 6.290681
Adjusted R-squared 0.999933 S.D. dependentvar 0.822974
S.E. of regression 0.006723 Akaike info criterion -7.158591
Sum squared resid 0.027887 Schwarz criterion -7.122956
Log likelihood 2231.322 Hannan-Quinn criter. -7.144741
F-statistic 2326285. Durbin-Watson stat 1.486173
Prob(F-statistic) 0.000000
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Time Series Models and
Date Functions
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Time’Series Regressions and

Date Dummies

« EViews allows you to estimate regression models using dummy variables directly
in the estimation window without first having to create the dummies.

[ @ Series: M1 Workfile: TUTORIALL0_RESULTS:Tutoriall0_data\ - B8 X 1
o FOI‘ example, JUdglng by the [ViewlProclObjectIProperties] [PrintINameIFreeze] [Log v] [OptionsISamplelG
behavior of M1 in the graph shown
here, it appears that the series ~ sl
grew at a much more rapid pace |
since 2008, thanks to the many N
rounds of quantitative easing (QE) =7
carried out by the Federal Reserve. A
7.3
7.2+
7.1
7.0+
6.9 R | | R | | | | | IR | U R TR |
o0 01 02 03 04 05 06 07 08 09 10 M
2000M01 | [l 2011m12
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Time’Series Regressions and

Date Dummies: Example. 1

- Let’s check whether the period since 2008 has indeed had an outsized
impact in the growth of M1.

Date Dummies: Example 1
1. Specify the equation by typing in the command window:
ls log(ml) c log(cpi) log(ip) @year>2008

Note that command @year>2008 creates a dummy variable, equal to 1 for the period
after 2008 and 0 otherwise.

2. Press Enter.

ﬂEViews
File Edit Object View Proc Quick Options Add-ins Window

Command

Is log(m1) ¢ log(cpi) log(ip) @year>2008

*Note: This equation is saved as eq04 in
WS4 _Results.wf1 workfile.
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Time’Series Regressions and

Date Dummies: Example 1. contq)

» The estimation output is
shown here.

« Notice that the impact of the

. . Equation: E Workfile: RESULTS: TimeSeries_Estimation - B X
dummy variable on M1 is large =5 o - :
. . [ViewIProcIObject]_[PrintINameIFreeze]_[EstimateIForecastIStatsIResids]
and significant.
) Dependent Variable: LOG(M1)
» This means that post-2008, there Method: Least Squares
. . . . . Date: 11/19/12 Time: 23:47
is a sizable and significant increase Sample: 1960M01 2011112
in M1 Included observations: 624
Variable Coefficient Std. Error t-Statistic Prob.
C 0.847154 0.041678 20.32641 0.0000
LOG(CPI) 1.037515 0.015235 68.10099 0.0000
LOG(IP) 0.214960 0.025293 8.498799 0.0000
TBILL -0.018851 0.001044  -18.05355 0.0000
@YEAR=2008 0.085273 0.013727 6.211980 0.0000
R-squared 0.992995 Mean dependentvar 6.286356
Adjusted R-squared 0.992950 S.D. dependentvar 0.825190
S.E. of regression 0.069288 Akaike info criterion -2.493109
Sum squared resid 2971713 Schwarz criterion -2.457563
Log likelihood 782.8500 Hannan-Quinn criter. -2.479296
F-statistic 21936.49 Durbin-Watson stat 0.028152
Prob(F-statistic) 0.000000
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Time’Series Regressions and

Date Dummies: Example 2

individual impact in the growth of M1.

Date Dummies: Example 2
1. Enter in the command window:

ls log(ml) c log(cpi) log(ip)
tbill @year=2008 Qyear=2009
@year=2010 @year=2011

2. Press Enter (please type the
command in one line).

* Note that command @year=2008 creates a
dummy variable equal to 1 for all months in
2008 and 0 otherwise, and so on.

*Note: This equation is saved as eq05 in
WS4_Results.wf1 workfile.

9 April 2018
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You can also create a dummy for each year post-2008, to determine their

ﬂEViews
File Edit Object View Proc Quick Options Add-ins Window Help

Command

|Is log(m1) c log(cpi) log(ip) thill @year=2008 @year=2009 @year=2010 @year=2011

@ Equation: EQ05 Workfile: RESULTS:: TimeSeries_Estimation\ - 08 X

[ViewI ProcI Object] [PrintINameIFreeze] [EstimateIForecastIStats I Resids]

Dependent Variable: LOG(M1)
Method: Least Squares

Date: 11/20112 Time: 00:18
Sample: 1960M01 2011M12
Included observations: 624

Variable Coefficient Std. Error t-Statistic Prob.
C 0.642998 0.049480 12.99519 0.0000
LOG(IP) 0.271078 0.030692 8.832175 0.0000
LOG(CPI) 1.010272 0.018492 5463376 0.0000
@YEAR=2008 -0.040880 0.025191  -1.622787 0.1051
@YEAR=2009 0.127980 0.025234 5.071650 0.0000
@YEAR=2010 0.158954 0.025173 6.314363 0.0000
@YEAR=2011 0.258509 0.025194 10.26084 0.0000
R-squared 0.989614 Mean dependentvar 6.286356
Adjusted R-squared 0.989513 S.D. dependentvar 0.825190
S.E. of regression 0.084504 Akaike info criterion -2.092891
Sum squared resid 4405907 Schwarz criterion -2.043127
Log likelihood 659.9821 Hannan-Quinn criter. -2.073553
F-statistic 9798.527 Durbin-Watson stat 0.018788

Prob(F-statistic) 0.000000

7d ©m
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Time’Series Regressions and

Date Dummies: Example 3

« We can examine the direct impact of QE on M1, by specifying the year and the
quarter (or month) when it was announced.

. E 1 largely took place in the first quarter of 2009, whereas QE 2 was announced in
the third quarter of 2010.

Date Dummies: Example 3

1.Type in the command window:
ls log(ml) c log(cpi) log(ip)
(@year=2009 and @gquarter=1) (@year=2010
and @Qquarter=3)

ﬂEViews
File Edit Object View Proc Quick Options Add-ins Window Help

‘Is log(m1) ¢ log(cpi) log(ip) (@year=2009 and @quarter=1) (@year=2010 and @quarter=3)

2.Press Enter (please type the command in one line).

Note that command @year=2009 and @quarter=1 creates a dummy variable, equal to 1 for all months in
the first quarter of 2009, and 0 otherwise.
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Time’Series Regressions and

Date Dummies: Example 3. conta)

« Estimation output is shown here.
* Notice that while the announcement of QE1 is not statistically significant, QE2 is.

r E] Equation: EQ06 Workfile: RESULTS: TimeSeries_Estimation\ - B X
[View[ Proc[ Object] [ Print [ Name I Freeze ] [ EstimateI ForecastI Stats I Resids ]

Dependent Variable: LOG(M1)
Method: Least Squares
Date: 11/25/12 Time: 21:43

*Note: This equation is saved as Sample: 1960M01 2011M12
eq06 in WS4_ResuIts.wf1 Included observations: 624
workfile. Variable Coefficient  Std. Error t-Statistic Prob.
C 0.608298 0.054477 11.16609 0.0000
LOG(CPI) 1.038984 0.020366 51.01572 0.0000
LOG(IP) 0.249711 0.034031 7.337778 0.0000

(@YEAR=2009 AND @QUARTER=1) 0.074946 0.054770 1.368360 01717
(@YEAR=2010 AND @QUARTER=3) 0.133944 0.054759 2.446066 0.0147

R-squared 0.987044 Mean dependentvar 6.286356
Adjusted R-squared 0.986960 S.D. dependentvar 0.825190
S.E. of regression 0.094231 Akaike info criterion -1.878160
Sum squared resid 5.496367 Schwarz criterion -1.842614
Log likelihood 590.9860 Hannan-Quinn criter. -1.864347
F-statistic 11789.29 Durbin-Watson stat 0.017239
Prob(F-statistic) 0.000000
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Time’Series Regressions and

Date Dummies. conta)

N YOU can aISO Create a dummy Varlable by @Series: M1 Workfile: TUTORIAL10_RESULTS: Tutoriall0_data\ - B X
. . . - [ViewlProclObjectJProperties] [PrinthameIFreeze] [Log v] [OptionstampleIG
specifying a date value using the @during
function.
Log M1
« For example, based on the graph shown -5
here, it also seems that the growth of M1
7.0

was unusually high in the period between
1988 and 1993. 6.8-

» Let's create a dummy variable for this period 4/
and examine its impact on the growth of

M1. 6.4 1
6.2
80 T T T T T
1 1984 1 1988 1990 1992 1994 1996 1998
1982M01 | [ —— 2 1998m12
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Time’Series Regressions and

Date Dummies: Example 4

Date Dummies: Example 4
1. Specify the equation by typing in the command window:

ls log(ml) c log(cpi) log(ip) @during("1988m01 1993ml2")

2. Press Enter.
ﬂEViews
File Edit Object View Proc Quick Options Add-ins Window Help

Command

Is log(m1) ¢ log(cpi) log(ip) @during("1988m01 1993m12")

*Note: This equation is saved as eq07
in WS4_Results.wf1 workfile.

Alternatively, you can also type in the command line:

ls log(ml) c log(cpi) log(ip) (@date>=@dateval("1988m01") and
@date<=@dateval("1993ml12"))
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Time’Series Regressions and

Date Dummies: Example 4. contq)

- Estimation output is shown here.

* Note that command: @during("1988m01 1993ml12") creates a dummy variable

equal to 1 from January 1980 until December 1993, and 0 otherwise.
' [E] Equation: EQ07 Workfile: RESULTS:TimeSeries_Estimation\ - B X

| View| Proc| Object | | rint | Name | Freeze | | Estimate | Forecast | stats | Resids |

Dependent Variable: LOG(M1)
Method: Least Squares

Date: 04/26/13 Time: 02:04
Sample: 1960M01 2011M12
Included observations: 624

Variable Coefficient Std. Error t-Statistic Prob.
C 0.526554 0.054927 9.586371 0.0000
LOG(IP) 0.317464 0.035378 8.973494 0.0000
LOG(CPI) 0.995043 0.021463 46.36088 0.0000
@DURING("1988m01 1993m12") 0.073181 0.012535 5.838146 0.0000
R-squared 0.987565 Mean dependentvar 6.286356
Adjusted R-squared 0.987505 S.D. dependentvar 0.825190
S.E. of regression 0.092242 Akaike info criterion -1.922406
Sum squared resid 5.275359 Schwarz criterion -1.893969
Log likelihood 603.7907 Hannan-Quinn criter. -1.911356
F-statistic 16412.71 Durbin-Watson stat 0.009846
Prob(F-statistic) 0.000000
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Time’Series Regressions and

Date Dummies: Example 5

You can also use @expand function to create a set of dummy variables.

Date Dummies: Example 5
1.Suppose you want to check the effect of each quarter of the year in
the growth of M1. Type in the command window:
ls log(ml) ¢ log(cpi) log(ip) @expand(@quarter,
@dropfirst)

ﬂ EViews

2 Press Enter File Edit Object View Proc Quick Options Add-ins Window Help
C

’Is log(m1) ¢ log(cpi) log(ip) @expand(@quarter, @dropfirst)

* Note that command @expand(@quarter) creates a set of dummy
variables: @quarter=1 is a dummy variable equal to 1 for the first three
months of each year and 0 otherwise; @quarter=2 equals 1 for months
in the second quarter, etc.

* Note also that since here we have included a constant, we need to drop
one of the dummy variables in order not fall in the dummy variable trap.
This can be accompllshed by using @dropfirst command.
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Trends and Seasonality
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Time Trends

«  Many economic time series have a » For example, judging from their graphs
tendency to grow over time. (shown below), M1 and IP appear to grow

- Ignoring the fact that two series together over time.
contain a time trend (are trending

tO g eth er) can | ea d us tO fal S 6|y '@Group: UWLED .Workﬁle:TUTORIALIO_RESULTS::Tutoria.llo_data\" - B X 1
) | View | Proc| Object | | rint | Name | Freeze | | Log ~ | | options| Position | sample | sh
conclude that changes in one o
variable actually cause changes in 2
the other variable. ]
» Finding a relationship between two ]
or more trending variables simply ]
because they are growing over time S —
is an example of a spurious T
regression problem. s
« The good news is that adding a time-
trend to the regression eliminates
this problem.
1960M01 {1 i [} 2011m12
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T|me TrendS (cont’d)

« Time trends can be accommodated easily in EViews using function @trend.
« Let’s illustrate the impact of time trend in the simple regression of IP on M1.

Estimation with no Time Trends:

: ) : : , :
1. First, let’s specify a simple () Equation: EQI9 Workfile: RESULTS: TimeSeries_Estimation\ - o x
regression without time trends.

Type in the command window: _
. Dependent Variable: LOG(M1)
ls log(ml) c log(ip) Method: Least Squares

Date: 11/25/12 Time: 23:10
Sample: 1960M01 2011M12

[View[ Proc[ Object] [ Print[ NameI Freeze] [ EstimateI Forecastl Stats I Resids]

2. Press Enter. Included observations: 624

Variable Coefficient Std. Error t-Statistic Prob.
= : C -1.450611 0.084318  -17.20412 0.0000
¢ AS Seenl Iog(’p) has d hlghly LOG(IP) 1.927221 0.020893 92.24404 0.0000

statistically significant coefficient.
y g . . R-squared 0.931880 Mean dependentvar 6.286356
The R-squared is also very high, Adjusted R-squared 0931771 S.D. dependentvar 0.825190
. . . . S.E. of regression 0.215546 Akaike info criterion -0.228085
mdlcatmg -- at first look --a very Sum squared resid 28.89815 Schwarz criterion -0.213867
i Log likelihood 73.16265 Hannan-Quinn criter. -0.222560
gOOd ﬁt for the mOdel' F-statistic 8508.963 Durbin-Watson stat 0.006200

Prob(F-statistic) 0.000000

*Note: This equation is saved as eq09
in WS4_Results.wf1 workfile.

P2 Solomon Islands Government * .
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Time Trends: Example 1

- Let’s include a time trend and see if anything changes.

Time Trends: Example 1
1. Type in the command window:
ls log(ml) c log(ip) @trend
2. Press Enter.

[E] Equation: EQ10 Workfile: RESULTS:TimeSeries_Estimation\ - B X

[ViewlProclObject] [PrinthamelFreeze] [EstimatelForecastlStatisesids]

Dependent Variable: LOG(M1)

Results are very different now: Method: Least Squares

. L. . . Date: 11/25112 Time: 23:10

v First, the coefficient of log(ip) is now Sample: 1960M01 2011M12

negative and not significant. NEcatied D Snmons: fod
v In addition, the coefficient of the time Variable Coefficient ~ Std. Error  t-Statistic ~ Prob.
trend is positive and statistically c 5020579 0212328 2364536  0.0000
significant. LOG(IP) -0.042589  0.063964 -0.665823  0.5058
_ _ @TREND 0.004612  0.000147 3145030  0.0000

v The R-squared is very high even

- Y R-squared 0.973727 Mean dependent var 6.286356
thou.g'h the coefficient O_f log(ip) is not Adjusted R-squared 0.973643 S.D. dependentvar 0.825190
significant. Movements in log(m1) are S.E. of regression 0.133969  Akaike info criterion 1.177614
; ; Sum squared resid 11.14559 Schwarz criterion -1.156286
explalned by the time trend. Log likelihood 370.4156 Hannan-Quinn criter. -1.169326
v This means that omitting @trend can F-statistic 11507.80 Durbin-Watson stat 0.002548

Prob(F-statistic) 0.000000

result in a spurious regression yielding
biased estimators of the impact of

log(ip) on log(m1).

*Note: This equation is saved as eq70 in
WS4_Results.wf1 workfile.
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Time Trends: Example 2

- Quadratic time trend are also very easy to specify in EViews.

Time Trends: Example 2
1. Type in the command window:
ls log(ml) c @trend @trend”2

2. Press Enter. ( : : S =
[E] Equation: EQ11 Workfile: RESULTS:TimeSeries_Estimation\ - B X
« For a more detailed | View | Proc| Object | | Print | Name | Freeze | | Estimate | Forecast | stats | Resids |
discussion on time trends, Dependent Variable: LOG(M1)
. . Method: Least Squares
interpretation, and de- Date: 1112512 Time: 23:27
. : Sample: 1960M01 2011M12
trenc!lng, Se_e the COmp?nlOn Included observations: 624
to this tutorial: Appendix: ‘ ‘ =
. i Variable Coefficient Std. Error t-Statistic Prob.
Time Series Models.
C 4695590  0.012616 3721939  0.0000
@TREND 0.006290  9.35E-05  67.23958  0.0000
@TREND"2 -2.85E-06  1.45E-07 -1957715  0.0000
*Note: This equation is saved as R-squared 0.983742 Mean dependent var 6.286356
: Adjusted R-squared 0.983690 S.D. dependentvar 0.825190
eq11in WS4_Results.wf1 S.E. of regression 0.105386  Akaike info criterion 1.657580
workfile. Sum squared resid 6.896939 Schwarz criterion -1.636253
Log likelihood 520.1651 Hannan-Quinn criter. -1.649292
F-statistic 18788.10 Durbin-Watson stat 0.004268
Prob(F-statistic) 0.000000
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Seasonality

« Sometimes time series exhibit seasonal patterns. For example,
retails sales tend to be higher in the last quarter of the year because
of the Holiday Shopping season.

« Most macroeconomic series are already seasonally adjusted
beforehand so there is no need to worry about seasonal issues.

« If you suspect a series displays seasonal patterns, you can include a
set of dummy variables to account for the seasonality in the
dependent variable.

- EViews has a built-in function that creates dummy variables
corresponding to each month (or quarter, if the data is quarterly).
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SeaSOna| |ty (cont'd)

Regression with seasonal factors:

1. Type in the command window:

ls log(ml) c log(ip) log(cpi) @trend @seas(2) @seas(3) @seas(4) @seas(5)
@seas(6) @seas(7) @ seas(8) @seas(9) @seas(10) @seas(ll) @seas(1l2)

’(& EViews E
File Edit Object View Proc Quick Options Add-ins Window Help
Is log(m1) clog(ip) log(cpi) @trend @seas(2) @seas(3) @seas(4) @seas(5) @seas(6) @seas(7) @ seas(8) @seas(9) @seas(10) @seas(11) @seas(12)

2. Press Enter (please type the command in one line).
*Note: This equation is saved as eq72 in
WS4 _Results.wf1 workfile.
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SeaSOna| |ty (cont'd)

(=) Equation: EQ12 Workfile: RESULTS:: TimeSeries_Estimation\ — =] o<
[ViewIProcIObject] [PrintINameIFreeze] [EstimatelForecastIStatsIResids]
Dependent Variable: LOG(M1) s
° 1 Method: Least Squares
The seasonal dummies are not By Mares o
individually statistically significant Sample: 1960M01 2011M12
Included observations: 624
(you can also carry out a Wald test
.. . . - Variable Coefficient Std. Error t-Statistic Prob.
for joint significance and conclude |
C 2.699636 0.148310 18.20261 0.0000 |&
the same). LOG(P) 0136870 0039130 -3497040  0.0005
. . LOG(CPI) 0.791548 0.024327 3253799 0.0000
« This means that the M1 series does @TREND 0.001846 0000123  14.95019  0.0000
H H @SEAS(2) -0.000666 0.016032 -0.041545 0.9669
not display seasonal patterns (this @SEAS(3) 0000627 0016032 -0.039090  0.9688
i i 1 @SEAS(4) -0.000722 0.016032 -0.045041 0.9641
IS t_)ecause the SErIEs IS already @SEAS(5) -0.001008 0.016032 -0.062870 0.9499 -
adjusted for season patterns). @SEAS(6) -0.001478  0.016032 -0.092207  0.9266
@SEAS(7) -0.001122 0.016033 -0.070004 0.9442
@SEAS(8) -0.000531 0.016033 -0.033142 0.9736
@SEAS(9) 0.000386 0.016033 0.024079 0.9808
@SEAS(10) 0.000169 0.016033 0.010522 0.9916
@SEAS(11) 0.001791 0.016034 0111733 09111
@SEAS(12) 0.003615 0.016034 0.225470 0.8217
R-squared 0.990406 Mean dependentvar 6.286356
Adjusted R-squared 0.990186 S.D. dependentvar 0.825190
S.E. of regression 0.081748 Akaike info criterion -2.146599
Sum squared resid 4069813 Schwarz criterion -2.039961
Log likelihood 684.7390 Hannan-Quinn criter. -2.105160
F-statistic 4490809 Durbin-Watson stat 0.008287
Prob(F-statistic) 0.000000
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Testing for Serial Correlation
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Serial Correlation

« As we have seen in the previous examples, residuals from
our time series regressions appear to be correlated with
their own lagged values (they display serial correlation).

* Serial correlation is @ common occurrence in time series
data because the data is ordered (over time); it is
therefore not surprising that neighboring error terms turn
out to be correlated.

» Serial correlation violates the standard assumption of
regression theory that error terms are uncorrelated.

9 April 2018
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Serial Correlation conta)

« If untreated, serial correlation leads to a number of issues:
v Reported standard errors and t-statistics are invalid (even
asymptotically).
v Coefficients may be biased, though not necessarily inconsistent (if data
is weakly
dependent).

v In the presence of lagged dependent variables, OLS estimates are
biased and inconsistent.

« Fortunately, EViews provides tools for detecting serial correlation and
correcting regressions to account for its presence.

Note: in the following examples we will treat serial correlation as a statistical issue.
However, serial correlation is sometimes a hint of model misspecification. Though
we don't investigate this here, misspecification is likely an issue in the following
examples.
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Petecting Serial Correlation

Visual Inspection: Example-1

« You can visually inspect your residuals to see if serial correlation is present.
1. Open eq01 in the Results.wf1 workfile.
2. Click View on the Equation box menu bar.
3. Select Actual, Fitted, Residual -> Actual, Fitted, Residual Graph.
- From the graph shown here, residuals seem to display runs of positive and
negative values, providing strong visual evidence of serial correlation.

(=) Equation: EQO1 Workfile: TUTORIALI0_RESULTS::Tutoriall0_data\ - & X [ (=] Equation: EQ01 Workfile: TUTORIAL10_RESULTS: Tutoriall0_data\ - B X )
< ' oclObject] [PrinthamelFreeze] [EstimatelForecastIStatsIResids] [View]Proc[ObjectnPrint]Name]FreezeHEstimateIForecastIStatsIResids]

Dependent Variable: LOG(M1)
Method: Least Squares 2=
Date: 11/2712 Time: 14:30 204

Sample: 1960M01 2011M12
Included observations: 624 A5
Variable Coefficient  Std.Error  t-Statistic  Prob. 104
C 0.859324 0.042875 20.04261 0.0000 39
LOG(IP) 0.196359 0.025865 7.591598 0.0000 .00 ,M, N "
LOG(CPI) 1.055454 0.015406 68.51129 0.0000 W
TBILL -0.021441  0.000986 -21.74826  0.0000 -051
R-squared 0.992558 Mean dependentvar 6.286356 =l
Adjusted R-squared 0.992522 S.D. dependentvar 0.825190 _154
IIIIIIIII|||lI|IIIIIIIII|IIII|II|||IIII|IIII
70 75 80 85 90 95 00 0s

S.E. of regression 0.071357 Akaike info criterion -2.435840

Sum squared resid 3.156971 Schwarz criterion -2.407403 =20 T
Log likelihood 763.9820 Hannan-Quinn criter. -2.424789 60 65 10
F-statistic 27564.63 Durbin-Watson stat 0.027685

Prob(F-statistic) 0.000000 —— LOG(M1) Residuals
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[Detecting Serial Correlation

Visual Inspection: Example 2

« Another way to visually inspect the residuals is

to obtain a scatter plot of residuals aEnst () Group: UNTITLED Workfile: RESULTS:Tiv. — = X |
roc
the|r |agged Values- ' (| view oc]ObjectﬂPrint]NameIFreezeT Default v
Scatterplot of residuals against lagged values: Group Members = -
Spreadsheet 1017012 B

1. Click on eq01 to open it. Click the

. Dated Data Tabl 025771

button on the top menu of the Equation — =
- - r e 3

box, and select Make Residual Series. £ 044891

v

2. Name the residuals resid_eq1 Descriptive Stats ggﬁgg

Lo . Covariance Analysis... 1057508
Cre_ate a group consisting _of r_eS|duaIs and N-Way Tabulation.. 051605
their lagged values by typing in the = . 046388
) ) ests of Equality... ;
command window (and pressing Enter - 057122
) . incipal Components... 053893
after typing): o " 055164 i
. . rr ram b=m - - - -
show resid eql resid eql(-1) sreegr _ ] '
- - L Cross Correlation (2) ...
4. The Group Spreadsheet opens up. On the AT
top menu of the Group Spreadsheet, select Unit Root Test...
View - Graph Cointegration Test 4

Granger Causality...

Label
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[Detecting Serial Correlation

Visual Inspection: Example=2 siq

5. The Graph Options dialog box opens up. Select Scatter under Graph type
> Specific.

6. Click OK.

f~ R
Graph Options @
Option P
plion Fages Graph type Details
8- G:raphTﬁ General: , —
i 2™ Basic type ara 13L: aw data
I%I-- Frame & Size [Basic graph i
f#)- Axes & Scaling Spedific: R [None ~ [options|
[+ Legend Line & Symbol ) )
(- Graph Elements Ba.r Axis borders: [None ']
Iiy-Quick Fonts i’:‘:: . e series: [ Snde oraoh
(- Templates & Objects Area Band ' i SEESIE
Mixed with Lines
Dot Plot
Error Bar
Hiih-Low ioi en-CIosei
Scatter
XY Line
XY Area
Pie
Distribution
Quantile - Quantile
Boxplot
Seasonal Graph
Undo Page Edits [ OK ] [ Cancel ]
| |
L
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PRetecting Serial Correlation

Visual Inspections: Example 2. (ontq)

- There is strong evidence that residuals [ (6) Group: GROUPO4 Workfile: TUTORIALI0 RESULTS: Tutorial0_data\  — B X |
and thelr Iagged Va|UES are pOS|tlve|y [ViewlProclObject]lPrinthamelFreeze][Default v][OptionslPositionlSampIelSh

correlated. 2 gﬁi
15

10 A

(1)

.05 +

.00 +

RESID_EQ1

-.05 1

~109 o R,

-15 1

-20

T T T T
-2 -1 0 ol 2 3
RESID_EQ1

1960M01 | 2{1] T (12 2011m12
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[Detecting Serial Correlation

Visual Inspection: Example 3

 Another visual approach is to look at the Correlogram which shows the
empirical pattern of correlation between residuals and their own past
values.

Correl Ogram Of reSi duals: @Equationz EQO01 Workfile: RESULTS:: TimeSeries_Estimation', - B X
1 CI k 01 t t O th [ViewIProcIObject] [PrintIName[Freeze] [EstimateIForecastIStatsIResids]
' IC OI’) eq 0 .Open.l - Unthe Representations
Equation box, click View - -
- - . Estimation Output
Residual Diagnostics - Actul Fitted Recidual ,
. ual,Fitted,Residu
Correlog ram-_Q_-Sta_ltlstlc. ARMA Structure.
2. Ige SLeeI,egc fglzcé’z;abté?g fbl(;)g(jso?tﬁ'\nes Gradients and Derivatives | gtq Error  t-Statistic  Prob.
. Covariance Matrix
default, 36, is ﬁne) 0.042875 20.04261 0.0000
_ P | Coefficient Diagnastics »| 0025865 7591598  0.0000
3. Click OK. Residual Diagnostics Correlogram - Q-statistics... >
3 - ) Stability Diagnostics » Correlogram Squared Residuals...
Lag Specificat @
el Label Histogram - Normality Test
—OTCETUTTEQTESSIONT U7 T307 Serial Correlation LM Test...
- . o Sum squared resid 3.156971 -
Lags to indude: | £ Log likelihood 763.9820 Heteroskedasticity Tests...
F-statistic 27564.63 Durbin-Watson stat 0.027685
[ ] [ ] Prob(F-statistic) 0.000000
OK Cancel
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PRetecting Serial Correlation

Visual Inspection: Example 3

. The Correlogram is shown here. () quation: Qo1 Workile: RESULTS: TimeSeries_Estimation\ _ o x|
° If there iS no Serial Correlation [ViewIProcIObject] [PrintINameIFreeze] [EstimateIForecastIStatsIResids]

the AC and PAC at all Iags Correlogram of Residuals
Date: 04/14/13 Time: 21:23

ShOl_J|d_ be near zero_an_d a” Q- Sample: 1960M01 2011M12
statistics should be insignificant. | Included obsenations: 624

[ »

I— I 14 0.665 -0.034 6016.2 0.000
I— I 15 0.641 -0.056 6279.3 0.000
I— i 16 0.617 0.002 6524.0 0.000
I— I
1 I

17 0594 -0.039 6751.1 0.000
18 0.569 -0.046 6959.8 0.000 ~

< I 3

TA-8761, Slide 70

o C|ear|y thIS iS not the case here- Autocorrelation Partial Correlation AC PAC Q-Stat Prob
f :

the correlogram shows | S— (=== 1 0980 050 60155 0.000
. : | S— n 2 0952 -0.204 1170.7 0.000
substantial and persistent = i 3 0925 0.058 1709.0 0.000
SR - | S— i 4 0899 -0.026 2217.9 0.000
autocorrelation in residuals. e b E 8870 D8N 26967 0088
| S— 1] 6 0.848 0.035 31527 0.000
| S— .% 7 0827 0.045 35852 0.000
| S— 1] 8 0.808 0.040 3999.2 0.000
“Note: Thi _ q | S— if 9 0788 -0.072 43933 0.000
ote: This output is saved as | —| o 10 0.763 -0.103 4763.7 0.000
- | S— It 11 0.737 -0.016 5109.6 0.000
table01 in . | — | 12 0.710 -0.024 54315 0.000
WS4_R€SUItS.Wf1 workfile. ] — 15 13 0687 0092 57333 0.000

|

|

|

|

|
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Testing for Serial Correlation in EViews

« Visual checks provide important information, but we may want to carry out
formal tests for serial correlation.

« EViews provides three test statistics:
1. Durbin-Watson
2. Breusch-Godfrey
3. Ljung-Box Q-Statistic (or the correlogram; explained above).

U Solomon Islands Government x * ) -
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Testing‘for Serial Correlation:

Durbin-Watson Statistic

e EViews automatica”y Computes the (=) Equation: EQD1 Workfile: TUTORIALLO_RESULTS: Tutoriall0_data\ — M X
DW StatiStiC and |nC|UdeS It |n every [ViewlProclObject] [PrinthamelFreeze] [EstimatelForecastlStatisesids]
. . Dependent Variable: LOG(M1)
equatlon ObJeCt. Method: Least Squares
. ] Date:11‘l27/12 Time: 18:52
v To test the hypothesis of no serial el
Corr.ela_tlonl Compare the reported DW Variable Coefficient Std. Error t-Statistic Prob.
statistic to a table of critical values. S com:  ooisse  sooiei oo
Notice that EViews does not compute \om i tomm i oio
p_values for the DW StatIStIC. TBILL -0.021441 0.000986  -21.74826 0.0000
v Tn our case, the DIW=0.02768, Which | 5smo e SoZics Uaniesensontir  c200s
means we soundly reject the null of N0 | Shteesens  Sierr Sowarmann  3ionas
Serlal Correlat|0n. II;E)S%elnlt'i<.°(,atliln?oOd ;ggﬁgfgg IDurbin-‘;Vatson stat -0.027685|
Prob(F-statistic) 0.000000
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Testing for Serial Correlation

Breusch-Godfrey Test: Example 1

« A more general test for serial () Equation: EQU1 Workfile: TUTORIALL0_RESULTS: Tutoriall0_data\  — B X
Correlatlon |S the BrQUSCh-GOdfrey test_ " rocIObject] [PrintINameIFreeze] [EstimatelForecastIStatsIResids]
Representations
Breusch- Godfrey Test: Example 1 Eetimation Outpat
1. Click on eq01 to open it. On the Equation Actual Fitted,Residual »
box menu, click View->Residual ARMA Structure...
Diagnostics-> Serial Correlation LM Gradients and Derivatives "} gtg Error t-Statistic  Prob.
test. Covariance Matrix

0.042875 20.04261 0.0000
2. The Lag Specification box opens up. Coefficient Diagnostics bf 0025865  7.591598  0.0000

Here you need to Specify the h|ghest order [ < Residual Diagnostics » Correlogram - Q-statistics...
of serial correlation you would like to test. Stability Diagnostics » Correlogram Squared Residuals...
If testing for first order serial correlation, Label Histogram __Normality Test
i — o= : < Serial Correlation LM Test... >
specify lags=1. Sum squared resid 3.156971 Heteroskedoorem Teate
3. Click OK. Log likelihood 763.9820 steroskedasticity Tests..
. The null hypothesis is that there is no serial Lag Specification e
correlation in the residuals up to the
specified order. Lags to indlude: | 1
[ OK ] [ Cancel ]
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Testing for Serial Correlation

Breusch-Godfrey Test: Example 1. contq)

e Results are shown here. 'E] Equation: EQD1 Workfile: TUTORIAL10_RESULTS: Tutoriall0_data\ - = X )
7 The top panel reports the test statistics in - B ap macrem e e e e
squared statistics (either one is fine). The |E’§§3§i§§uarea Gops6s Prob ChiSaure() 00000 ‘
associated p-values are also shown next I
to each statistic. DependentVariable RESID
v The bottom panel provides additional Date 12712 Tims. 192

Sample: 1960M01 2011M12

information of the auxiliary regression that | Incudgedobsenations: 624 |
i . L Presample missing value lagged residuals setto zero.
is carried out to create the test statistic.

Variable Coefficient Std. Error t-Statistic Prob.
v" Since we are testing for first order serial - 0009233 0007092 1301957 01934
correlation, there is only one residual lag g pmn man mm o
in the auxiliary regression. RESD(1) 0962783 0008667 1484723 00000
v The null hypothesis of no serial correlation R-squared 0.972687 Mean dependentvar  -1.26E-15
is easily rejected, corroborating our O iregmesion. 001003 Akeimsciedon 603309
previous findings. Coglkeliood 1887307 Hanman-Quimncier 6019208
F-statistic 5511.005 Durbin-Watson stat 1.443291

Prob(F-statistic) 0.000000

*Note: This output is saved as table02 in
WS4 _Results.wf1 workfile.
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Correcting for Serial Correlation:
ARMA Models
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Correcting for Serial Correlation

o If you detect serial correlation, something needs to be done.

 Serial correlation in the error term may be evidence of a serious problem
of model misspecification.

 If your goal is to estimate a model with complete dynamics, you need to
re-specify the model.

 If you do not wish to estimate a fully dynamic model, but would like to
carry out statistical inference, then you need to account for serial
correlation so that test statistics are valid.

» EViews has built-in features to correct for either autoregressive (AR(p)) or
moving average (MA(q)) errors, or both.
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Correcting for Serial Correlation (conta)

e Let’s illustrate with a new model how to:
v' Check for serial correlation.
v Correct for serial correlation.

E] Equation: EQ13 Workfile: RESULTS: TimeSeries_Estimation\ - B8 X

[ViewI ProcI Object]_[ PrintI Name I Freeze ]_[ Estimate I Forecastl Stats I Resids ]

Dependent Variable: TBILL
Method: Least Squares
Date: 12/02/112 Time: 23:35
Sample: 1960M01 2011M12
Included observations: 624

Estimate the model:
1. Enter in the command window:

ls tbill ¢ log(ml) log(cpi) Variable Coefficient ~ Std.Error  t-Statistic  Prob.
log(ip) @trend C 5043675 3474332 -17.10739  0.0000
LOG(M1) -10.24916  0.765226 -13.39365  0.0000
- LOG(CPI) 2057633 0760181  27.06767  0.0000
2. _C“Ck OI_( (please type the command LOG(IP) 1437032 0746583  19.24812  0.0000
in one line). @TREND -0.068292  0.002726 -25.05265  0.0000
» There is plenty of evidence that errors R-squared 0729276 Mean dependentvar 5127516
; . Adjusted R-squared 0.727527 S.D. dependentvar 2957858
are serially correlated based on: SE of regression 1543071 [ er

alke Into criterion

. o Sum squared resid 1475602 Lga G
v" DW-statistic (which is very small) Log likelihood 1153.947 Hannan-Quinn criter. 3.728386
. . F-statistic 416.8657 Durbin-Watson stat 0.082899

v Residual plot (next slide) Prob(F-statistic) 0.000000

v Breusch-Godfrey test (next slide).

*Note: This equation is saved as eq713 in

WS4_Results.wf1 workfile.

‘ﬁ
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Correcting for Serial Correlation (conta)

e Residual Plot e Breusch-Godfrey Test

1. Click View on Equation box. 1. Click View on Equation box.
2. Select Actual, Fitted, Residual-> 2. Select Residual Diagnostic->Serial
Actual, Fitted Residual Graph. Correlation LM Test (select 2 lags).
- ~ E] Equation: EQ13 Workfile: RESULTS:: TimeSeries_Estimation\ - 0O X
[E] Equation: EQ13 Workfile: RESULTS:: TimeSeries_Estimation\ - B X ) 5
[ViewIProcIObject] [Print[NameIFreeze] [Estimate[ForecastIStatisesids] Breusch-Godfrey Serial Correlation LM Test:
F-statistic 3789.435 Prob. F(2,617)
20 Obs*R-squared 577.0241__Prob. Chi-Square(2)

15
\ Test Equation
M L 10 Dependent Variable: RESID
¢ A , Method: Least Squares
J/M F‘wzb\? Date: 04/05/13 Time: 17:10
BW S Sample: 1960M01 2011112
Included observations: 624
i-o Presample missing value lagged residuals setto zero.

-5 Variable Coefficient Std. Error t-Statistic Prob.

2
ﬁ,}k\’\ }"{u [/ c 0526637 0955624 -0551093 05818
0 \ LOG(M1) 0330807 0211124 1609935 01079
M vy " W ‘\\r/ v LOG(CPI) 03890158 0210080 -1.852433  0.0644
o LOG(IP) 0.046833 0205278 0228145 08196

@TREND -0.000139 0.000749  -0.185794 0.8527

‘4 IIII|IIII|IIII|IIII|IIII|IIII|IIIIlllllllllllllllll RES|D(_1) 1220008 0038747 3148633 00000

60 65 70 75 80 85 90 95 RESID(-2) -0.269668 0.038962 -6.921374 0.0000

I —— Residual —— Actual —— Fitted | R~§quared 0.924718 Mean dependentvar -4.30E-14

Adjusted R-squared 0.923986 $S.D. dependentvar 1.539007

S.E. of regression 0.424314 Akaike info criterion 1.134467

Sum squared resid 111.0860 Schwarz criterion 1.184232

Log likelihood -346.9537 Hannan-Quinn criter. 1.153805

* . H H H F-statistic 1263.145 Durbin-Watson stat 1.876415
Note: This output is saved as table04 in et atatic o ona000

WS4 Results.wf1 workfile.
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Corregting for Serial Correlation:

AR(p) models: Example 1

* Now let’s correct for serial correlation in this model. Suppose you suspect the
error term in the previous model follow an AR(1) process.

e You can specify an AR(1) model in EViews very easily.

Example 1: AR(1) Model:

1. Type in the command window the same equation as before, adding the term AR(1) as
if it were another variable.

ls tbill ¢ log(ml) log(cpi) log(ip) @trend ar(1l)

2. Press Enter.

{i. EViews
File Edit Object View Proc Quick Options
Is tbill clog(m1) log(cpi) log(ip) @trend ar(1)

*Note: This equation is saved as eq74 in
WS4 _Results.wf1 workfile.
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Correcting for Serial Correlation

AR(p) models: Example 1. contq)

« Results are shown here.

A feW notes: ’ (2] Equation: EQ14 Workfile: RESULTS:: TimeSeries_Estimation\ E]@ “
L. . . [ViewlProcIObjectﬂPrintINameIFreezeﬂEstimate]ForecastIStatsIResids]
v The coefficient estimate for AR(1) is 5 .
- ) N ependent Variable: TBILL
shown in the middle panel. This is the I\éethog:?gznlg Maziemuam Likeiood (BFGS)
. . . . . ate: ime: 11:
serial correlation coefficient and in our Sample: 1960M01 2011M12
o P ; iFi Included observations: 624
case it is large and statistically significant. Convergence achieved after 6 fterations
v “Inverted AR I'OOtS" are Shown at the Coefficient covariance computed using outer product of gradients
bottom of the equation box. Stationarity Variable Coefficient ~ Std. Error  t-Statistic ~ Prob.
requires that inverted roots lie inside the C 7771905  17.99783  -4.318245  0.0000
: : : : : : LOG(M1) -1.659585 2650218 -0.626207 0.5314
i i i i LOG(IP) 14.04829 1.860123 7.5652343 0.0000
rOOtS_are_ Imaglnary’ bUt EVIeWS Is_sues a @TREND -0.079405 0.018511 -4.289689 0.0000
warning if the process is non-stationary. AR(1) 0966300 0012059  80.13358  0.0000
i i SIGMASQ 0.188071 0.004441 4235236 0.0000
v Notice that the number of observations has — e ——— pp—
. . . . -squar : ean dependent var .
dEC“ned by 1/ EVIGWS adJUStS the Sample Adjusted R-squared 0.978260 S.D. dependent var 2957858
- i S.E. of regression 0.436125 Akaike info criterion 1.193729
to free up the Pre S_ample Observatlon Sum squared resid 117.3566 Schwarz criterion 1.243493
needed for estimation of an AR model. Log likelihood -365.4434 Hannan-Quinn criter.  1.213067
L F-statistic _ 4673.219 Durbin-Watson stat 1.468547
v' The summary statistics at the bottom of Prob(F-statistic) 0.000000
the table are now based on the one- Inverted AR Roots 97
period-ahead forecast errors (which
includes the information from lagged

residuals) and not on the unconditional

residuals. o ———
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Correcting for Serial Correlation

AR(p) models: Example-d

A few notes (cont'd):

v Versions of EViews prior to EViews 9 used constrained least squares as an estimation method
for ARMA models. EViews 9 introduced Maximum Likelihood (ML) and Generalised Least
Squares (GLS) estimation of ARMA models. The results above are for the default ML method.

v You can change the ARMA estimation method using the Options tab of the estimation dialog.
v The results of the same estimation in versions prior to EViews 9 are shown below:

(=) Equation: EQ14 Workfile: RESULTS: TimeSeries_Estimation\ =N EoR ()

[ViewIProcIObject] [PrintINameI Freeze] [Estimatel ForecastIStatsIResids]

Dependent Variable: TBILL

Method: ARMA Conditional Least Squares (Marquardt - EViews legacy)
Date: 07/29/15 Time: 11:48

Sample (adjusted): 1960M02 2011M12

Included observations: 623 after adjustments

Convergence achieved after 14 iterations

Variable Coefficient ~ Std. Error  t-Statistic Prob.
C -77.52357 1512180 -5.126610  0.0000
LOG(M1) -1.530652 2423761 -0.631519 05279
LOG(CPI) 13.77027  3.447891 3.993825  0.0001
LOG(IP) 13.83459 2207270  6.267738 0.0000
@TREND -0.080538  0.014372 -5603997  0.0000
AR(1) 0967406 0.011118  87.01414  0.0000
R-squared 0.978478 Mean dependent var 5128764
Adjusted R-squared 0.978303 S.D. dependent var 2.960070
S.E. of regression 0.436012 Akaike info criterion 1.187291
Sum squared resid 117.2957 Schwarz criterion 1.229999
Log likelihood -363.8410 Hannan-Quinn criter. 1.203888
F-statistic 5610.198 Durbin-Watson stat 1.468803
Prob(F-statistic) 0.000000
Inverted AR Roots 97
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Correcting for Serial Correlation

AR(p) models: Example-d

 You can also check for serial correlation now by inspecting residuals and
carrying out the Breusch-Godfrey Test.

Residual Plot:

1. Click on eg14 to open it. On
the Equation box menu,
click on View.

2. Select Actual, Fitted,
Residual -> Residual
Graph.

» As you can see, residuals
behave better now
compared to the original

(=) Equation: EQ14 Workfile: RESULTS:TimeSeries_Estimation\ - 0O X

[ViewlProclObject] [PrinthamelFreeze] [EstimatelForecastlStatisesids]

model, though there are =9
still some concerns -4 -
regarding serial correlation. S
65 70 75 80 85 S0 95 00 05 10
— TBILL Residuals
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Correcting for Serial Correlation

AR(p) models: Example 1. contq)

° Breusch_GOdfrey Test_ r@ Equation: EQ14 Workfile: RESULTS: TimeSeries_Estimation\, - B X ’
. . [ViewIProcIObject] [PrintINamelFreeze] [EstimateIForecastIStatsIResids]
1. Re-estimate eq14 using CLS ARMA , . , F
. . . Breusch-Godfrey Serial Correlation LM Test: Er
estimation method. (Options tab)
. . F-statistic 4228100 Prob. F(2,615) 0.0000
2. On the equation toolbar, click Obs*R-squared 75.30730 Prob. Chi-Square(2) 0.0000
View-Residual Diagnostics->
1 1 Test Equation:
Serial Correlation LM test. Donariant Variable: RESID
oy = Method: Least Squares =
3. The Lag SPIeC’ﬁcatlon box opens Date: 04/05/13 Time: 19:15
up. Specify lags=2. Sample: 1960M02 2011M12
p p fy g Included observations: 623
4 ClICk OK. Presample missing value lagged residuals setto zero.
v AS you can see from the teSt Variable Coefficient Std. Error t-Statistic Prob.
H 3 C 0.659192 14.21049 0.046388 09630
rESL”tSI we fall to reJeCt the LOG(M1) 0.656229 2.285937 0.287072 0.7742
i i LOG(CPI) -0.056669 3.238314  -0.017500 0.9860
presence Of Serlal COI‘I‘e|atI0n after LOG(IP) -1.090581 2114127  -0.515854 0.6061
|nc|ud|ng an AR(I) term. @TREND -0.000515  0.013497  -0.038163  0.9696
AR(1) -0.003684 0.011136  -0.330822 0.7409
i i RESID(-1) 0.332979 0.040428 8.236314 0.0000
v Thls means the AR(I) mOdel IS nOt RESID(-2) -0.224751 0.041039 -5.476527 0.0000
d gOOd SpeCIflcat_lon (It doe_s nOt R-squared 0.120878 Mean dependentvar 1.45E-13
fully address serial correlation). Adjusted R-squared 0.110872 S.D. dependentvar 0.434256
S.E. ofregression 0.409476 Akaike info criterion 1.064879
. : : : Sum squared resid 103.1172 Schwarz criterion 1.121823
*Note: This output is saved as table05 in Log likelihood -323.7098 Hannan-Quinn criter. 1.087009
WS4 Results.wf1 workfile. F-statistic 12.08028 Durbin-Watson stat 1.981309
- Prob(F-statistic) 0.000000
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Correcting for Serial Correlation

AR(p) models: Example 2

« EViews allows you to estimate higher order (AR(p)) models just as easily.
« This should help you address issues of higher-order serial correlation.

Exam ple 2 AR ( p ) Model = Equation: EQ15 Workfile: RESULTS: TimeSeries._Estimation\ o ] ) ]
1. If you Suspect that the error term [VleWIProcIObject]'[PnntINameIFreeze] [EstlmateIForecastIStatisesnds]
Dependent Variable: TBILL
follows an AR(2) process, then add Method: ARMA Maximum Likelihood (BFGS)
Date: 07/29/15 Time: 11:51
terms AR(1) and AR(2) to your Sample: 1960M01 2011M12
. . Included observations: 624
I‘eg ression comma nd . Convergence achieved after 6 iterations
Coefficient covariance computed using outer product of gradients
ls tbill c lOg ( ml ) lOg ( Cpl ) Variable Coefficient ~ Std. Error  t-Statistic ~ Prob.
log(ip) @trend ar(l) ar(2) c 5813466 1661489 -3.498950  0.0005
LOG(M1) -2.710568 2648626 -1.023386  0.3065
LOG(CPI) 13.74863  4.244990  3.238791 0.0013
LOG(IP 9676880 2098578 4611159  0.0000
2. Press Enter (please type the Command @TRI(EN%) -0.065524 0.017272  -3.793582 0.0002
in one line). AR(1) 1252827 0018392  68.11769  0.0000
AR(2) -0.294976 0.016812 -17.54522 0.0000
SIGMASQ 0172832  0.004475  38.62024  0.0000
. R-squared 0.980214 Mean dependent var 5127516
« Notice that now both AR(1) and AR(2) | adustedRsquared 0979989 SD.dependentvar 2957858
. S.E. of regression 0.418422  Akaike info criterion 1.112781
terms are estimated. They are both Sum squared resid 107.8473  Schwarz criterion 1.169654
Log likelihood -339.1875 Hannan-Quinn criter. 1.134881
icti i ifi F-statistic 4359498 Durbin-Watson stat 1.868507
statistically significant. Prob(F-statistic) 0.000000
* . . . . .
Note: This equation is saved as eq15in RIp— o o
WS4 _Results.wf1 workfile.

P2 Solomon Islands Government * .
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Corregting‘for Serial Correlation:

AR(p) models: Example 3

 You can just as easily specify non-contiguous AR(p) terms (i.e., ar(1), ar(4), etc.)

Exam p| e 3:AR (p ) Model El Equation: 5916 wérkﬁle RESULTS::Tlme?eries_Estimation\ | =N icR ="
[VIEWIPI’OClObJEd] [PnntINamelFreeze] [EstlmateIForecastIStatsIReslds]
1. You can add non-contiguous AR terms by | pependent variable: TBILL
H ; ; Method: ARMA Maxi Likelihood (BFGS
typing them directly in the command g e ot
i i . Sample: 1960M01 2011M12
window (OI’ equatlon bOX). Included observations: 624
Convergence achieved after 14 iterations
1ls tbill c lOg ( ml ) lOg ( Cpi ) Coefficient covariance computed using outer product of gradients
log( lp) @trend ar(l) ar(3) Variable Coefficient ~ Std. Error  t-Statistic ~ Prob.
ar ( 5 ) C -70.40118 17.99168 -3.912985  0.0001
LOG(M1) -2.009392 2776238 -0.723782  0.4695
LOG(CPI) 13.68657  4.277505  3.199661 0.0014
i LOG(IP) 12.38062  2.072393 5974068  0.0000
2. PreSS Enter (please type the Command In @TREND -0.074182  0.018526 -4.004183  0.0001
one |ine). AR(1) 1.020976  0.016580 61.57763  0.0000
AR(3) -0.083437  0.018295 -4.560583  0.0000
AR(5) 0.025958  0.014411 1.801253  0.0722
SIGMASQ 0.186274  0.004584  40.63559  0.0000
« Notice that all AR terms are estimated. | rsquared 0.978675 Mean dependentvar  5.127516
Adjusted R-squared 0978397 S.D. dependent var 2.957858
S.E. of regression 0.434742 Akaike info criterion 1.190544
* . i i i 1 Sum squared resid 116.2353 Schwarz criterion 1.254527
Note: This equatlon is saved as eq16 In Log likelihood -362.4498 Hannan-Quinn criter. 1.215408
WS4 Results.wf1 workfile. F-statistic 3527.996 Durbin-Watson stat 1.565888
- Prob(F-statistic) 0.000000
Inverted AR Roots .96 33+300 .33-30i -.30+.22i
-.30-.22i
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Corregting‘for Serial Correlation:

AR(p) models. @onta)

A couple of additional notes:

v As shown above, EViews allows you to include non-contiguous
AR terms (ar(2) ar(4), etc.)

v The downside to this is that if you are estimating a higher-order
AR process, EViews requires you to include all lower-order terms.
For example, to estimate an AR(3) model, you need to include:
ar(1) ar(2) a(3) (or, in EViews 8, ar(1 to 3)).

v If you simply type ar(3) and omit other terms, this forces the
estimate of ar(1) and ar(2) to zero. You may want this on rare

occasions (for example, when dealing with seasonal
components), but not on a routine basis.
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Correcting for Serial Correlation

MA(qQ) models: Example 1

- You can easily correct for serial correlation, when errors follow an MA process.

Example 1: MA(1) Model rElEquation: EQ18 Workfile: RESULTS: TimeSeries_Estimation\ E]@\
1. If you suspect your errors follow an | View| Proc| Object | | Print | Name | Freeze | | Estimate | Forecast | stats | Resids |
MA(].) process, then add term Dependent Variable: TBILL

! ) Method: ARMA Maximum Likelihood (BFGS)

MA(1) in your regression command: | Date: 07/29/15 Time: 11:53

Sample: 1960M01 2011M12

. . Included observations: 624

l1s tbill ¢ log(ml)log(cp1i) Convergence achieved after 6 iterations

log ( ip ) Qtrend ma( 1 ) Coefficient covariance computed using outer product of gradients

Variable Coefficient ~ Std. Error  t-Statistic Prob.
2. Press Enter (please type the c 5829338 4560925 -12.78104  0.0000
i i LOG(M1) -10.01354  0.891650 -11.23036  0.0000
command in one Ime)' LOG(CPI) 20.34622 0686036 2965768  0.0000
LOG(IP) 1390759  0.817128 17.02009  0.0000
@TREND -0.067423  0.003613 -18.65948  0.0000
* . i i i i MA(1) 0906602  0.016854  53.79295  0.0000
Note: This equatlon Is saved a? eq18 n SIGMASQ 0.745412  0.043239 17.23938  0.0000
WS4_Results.wf1 workfile.
R-squared 0.914663 Mean dependent var 5127516
Adjusted R-squared 0.913833 S.D. dependent var 2957858
S.E. of regression 0.868256 Akaike info criterion 2.569260
Sum squared resid 465.1369 Schwarz criterion 2619024
Log likelihood -794.6090 Hannan-Quinn criter. 2.588598
F-statistic 1102.191 Durbin-Watson stat 0.492218
Prob(F-statistic) 0.000000
Inverted MA Roots -9
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Correcting for Serial Correlation

MA(qQ) models: Example 2

- You can just as easily specify higher order or non-contiguous MA terms.

Example 2: MA(Q) Model (=) Equation: EQ19 Workfile: RESULTS: TimeSeries_Estimation\ ==l =
1 If you wa nt to SpeC|fy an MA(3) [ViewIProclObject] [PrinthamelFreeze] [EstimatelForecastIStatsIResids]
i i Dependent Variable: TBILL
proceSS, type In the Comman_d WlndOW Method: ARMA Maximum Likelihood (BFGS)
(note: this is a feature of EViews 8): Date: 07/29/15 Time: 11:55
Sample: 1960M01 2011M12
Included observations: 624
1ls tbill c ]_og ( ml ) log ( cpj_ ) Convergence achieved after 10 iterations
. Coefficient covariance computed using outer product of gradients
log(ip) @trend ma(l to 3)
Variable Coefficient ~ Std. Error  t-Statistic Prob.
C -5499223 6419515 -8.566415  0.0000
2. Press Ente_r (plea_se type the LOG(M1) -8.913111 1.181876 -7.541494  0.0000
command in one line). LOG(CPI) 19.38389 0852676 2273300  0.0000
LOG(IP) 12.25341 1.110789  11.03127  0.0000
@TREND -0.065006  0.005198 -12.50512  0.0000
MA(1) 1494225 0017448 8563869  0.0000
R MA(2) 1245272  0.028195 4416674  0.0000
MA(3) 0586943  0.023470  25.00781 0.0000
SIGMASQ 0272124  0.011602 2345436  0.0000
R-squared 0.968846 Mean dependent var 5127516
Adjusted R-squared 0.968441 S.D. dependent var 2.957858
S.E. of regression 0.525458 Akaike info criterion 1.569772
* . ; ; H H Sum squared resid 169.8053 Schwarz criterion 1.633755
Note: This equation is saved as eq719in Log likelinood 4807690 Hannan-Quinn criter. 1594636
WS4 Results.wf1 workfile. F-statistic 2390.734 Durbin-Watson stat 1.588388
- Prob(F-statistic) 0.000000
Inverted MA Roots - 33+.77i -33-77 -.84
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Corregting for Serial Correlation:

MA(Q) models. (conta)

Some additional notes:

v As it must be obvious by now, if your errors follow an MA(2) process, you need to
include both ma(1) and ma(2) terms in the regression.

v Unlike nearly all other EViews estimation procedures, MA models require a

continuous sample. If your sample includes a break or has missing data (NA
values), EViews will give an error message.

v" Notice that in general, MA models are notoriously difficult to estimate. In

particular, higher order MA terms should be avoided unless absolutely required for
your model.

P2 Solomon Islands Government * .
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Correcting for Serial Correlation

ARMA(p,q) Models: Example 1

- ARMA models (autoregressive and moving average errors) are also estimated

very easily in EViews.

(=) Equation: EQ20 Workfile: RESULTS:: TimeSeries_Estimation\ (oo S
. View |Proc| Object| | Print | Name | Freeze | | Estimate | Forecast | Stats | Resids
Example 1: ARMA(1,1) Model (e[ roc] ol namel ree] [eumat]rrecan] st s
Dependent Vanablg: TBILL. .
1. Suppose you suspect your errors follow | Method: ARMA Maximum Likelihood (BFGS)
. . Date: 07/29/15 Time: 11:56
an ARMA(1,1) process. To specify this, Sample: 1960M01 2011M12
H ; Included observations: 624
add AR and MA terms in your regression Convergence achieved after 8 iterations
comma nd: Coefficient covariance computed using outer product of gradients
1ls tbill c log(ml) log( ij_ ) Variable Coefficient ~ Std. Error  t-Statistic ~ Prob.
log(ip) @trend ar(l) ma(l) C 5495901 1683223 -3265105  0.0012
LOG(M1) -2.766148 2515193 -1.099776  0.2719
LOG(CPI) 13.33536 4284563  3.112420  0.0019
LOG(IP) 9209863 2037330 4520555  0.0000
2. Press Enter (please type the command @TREND 0062635 0017744 -3530000  0.0004
in one “ne) AR(1) 0944015 0015368  61.42789  0.0000
. MA(1) 0421720 0014887  28.32834  0.0000
SIGMASQ 0.165917  0.004893  33.91041 0.0000
R-squared 0.981005 Mean dependent var 5127516
« Results show both AR and MA terms. | Adjusted R-squared 0980789 S.D. dependent var 2957858
S.E. of regression 0.409965 Akaike info criterion 1.072191
Sum squared resid 103.5320 Schwarz criterion 1.129065
* . : : . . Log likelihood -326.5237 Hannan-Quinn criter. 1.094292
Note: This equation is saved as eq20 in F-statistic 4544873  Durbin-Watson stat 2.054379
WS4_Results.wf1 workfile. Prob(F-statistic) D000
Inverted AR Roots 94
Inverted MA Roots -42
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Correcting for Serial Correlation

ARMA(p,q) Models: Example 2

- You can just as easily specify higher order ARMA(p,q) models.

Example 2: ARMA(p,q) Model

1. Suppose you suspect your errors follow an
ARMA(2,1) process. To specify this, type in
the command window:

ls tbill ¢ log(ml) log(cpi)
log(ip) @trend ar(l to 2) ma(l)

2. Press Enter (please type the command in
one line).

*Note: This equation is saved as eq21
in WS4_Results.wf1 workfile.

9 April 2018
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[=] Equation: EQ20 Workfile: RESULTS:: TimeSeries_Estimation\

=)

[ViewI ProcIObject] [PrintINameI Freeze] [EstimatelForecastIStatsIResids]

Dependent Variable: TBILL
Method: ARMA Maximum Likelihood (BFGS)
Date: 07/29/15 Time: 11:56
Sample: 1960M01 2011M12
Included observations: 624

Convergence achieved after 13 iterations
Coefficient covariance computed using outer product of gradients

Variable Coefficient ~ Std. Error  t-Statistic Prob.
C -56.92676 17.34743  -3.281567  0.0011
LOG(M1) -2.435588 2563601 -0.950065  0.3425
LOG(CPI) 12.80266 4398146 2910921 0.0037
LOG(IP) 9844700 2.029720 4850275  0.0000
@TREND -0.063479  0.018378 -3.454037  0.0006
AR(1) 0.713765  0.043304 16.48259  0.0000
AR(2) 0.227503  0.044395 5124579  0.0000
MA(1) 0.618351 0.042066 1469954  0.0000
SIGMASQ 0.164751 0.005299  31.09019  0.0000
R-squared 0.981139 Mean dependent var 5127516
Adjusted R-squared 0.980893 S.D. dependent var 2957858
S.E. of regression 0.408855 Akaike info criterion 1.068400
Sum squared resid 102.8048 Schwarz criterion 1.132383
Log likelihood -324.3407 Hannan-Quinn criter. 1.093263
F-statistic 3998.940 Durbin-Watson stat 1.994871
Prob(F-statistic) 0.000000
Inverted AR Roots 95 -.24
Inverted MA Roots -62
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ARMAEquation Diagnostics:

Correlogram

- EViews provides access to several diagnostic views to help you assess the ARMA
terms.

- One of the most useful diagnostic tools is the ARMA Correlogram.

ARMA Correlogram:

1. Click on eq21 to open it. On the top menu of A D —
the Equation box, click View - ARMA Select a diagnostic: N _—
Structure. Roos e 33 © graph

2. The ARMA Diagnostic Views dialog box Freasenty Specrum | L s

opens up. Select Correlogram, the number
of lags (24 here) and click Graph (if you want
to see a graph).

o)
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ARMA-Equation Diagnostics:

Correlogram (cont'd)

o The graph ShOWS autocorre|ations r (=) Equation: EQ21 Workfile: RESULTS: TimeSeries_Estimation\ - M X |
and partial Correlations for: [ViewIProcIObject] [PrintINamelFreeze] [Estimate[ForecastIStats[Resids]
v Theoretical correlogram (red line) — this e

corresponds to ARMA terms. 5 0%
v Empirical correlogram of residuals (blue S oo \I\| \HT
spikes) -- this corresponds to original L 04
residuals with no ARMA terms). Tl L H\‘\Hm.

. If the model is properly specified, the : |—Am _Thm’iall’s v
blue spikes and red line should be
“close”.

- Note that if the ARMA model is non- $
stationary, EViews shows only the £ o5l
sample structural residual £ 1A . |
autocorrelation patterns. é N AL

& 2f 2 4 B 8 10 12 14 16 18 20 2 24
| — Actusl — Theoretical |
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Differenting and Serial Correlation

« An alternative way to deal with serial correlation is to
difference the data.

« In fact, differencing the data (e.q., taking first-order

differences) addresses a number of issues that arise in
time series data:

v It eliminates most (perhaps not all) serial correlation
v It de-trends the data

v It transforms an I(1) process to an I(0).
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Differencing”and Serial Correlation (conta)

 Let’s first estimate the [ &) Equation: EQ22 Workfile: RESULTS: TimeSeries_Estimation\ B x|
fO”OW“"]g mOdel |n IEVE'S_ [ViewIProcIObject][PrintINameIFreeze][EstimateIForecastIStatsIResids]
- : - . D dent Variable: TBILL
EStImatmg in levels: lletph%nd:T_TeasEthaqugres

. . Date: 12/03/12 Time: 00:22
1. Type in the command window Sample (adjusted): 1960M02 2011M12

. . Included observations: 623 after adjustments
1ls tbill ¢ log(ip) ! ' o

tbill(-1) @trend Variable Coefiicient ~ Std.Error  t-Statistic  Prob.
2. Click OK. o -2.792855  0.797777 -3.500795  0.0005
LOG(IP) 0.899720  0.247337  3.637627  0.0003
TBILL(-1) 0.974549  0.007347 1326380  0.0000
@TREND -0.002233  0.000582 -3.836297  0.0001
[ ]

There IS_ eVI_dence that Serl_al R-squared 0.977187 Mean dependentvar 5.128764
correlation is present in this Adjusted R-squared 0.977077 S.D.dependentvar 2.960070
| P | S.E. of regression 0.448168 Akaike info criterion 1.239103
model. DW-statistic is low, and Sum squared resid 124.3291 Schwarz criterion 1.267576
_ Log likelihood -381.9807 Hannan-Quinn criter. 1.250168
the BreUSCh GOdfrey teSt (nOt F-statistic 8838.302 Durbin-Watson stat 1.336255

shown here) detects the Prob(F-statistic) 0.000000

presence of serial correlation.

*Note: This equation is saved as eq22
in WS4_Results.wf1 workfile.
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Differencing”and Serial Correlation (conta)

 Now let’s estimate the same model in first differences.

« Remember that EViews allows you to difference the data very easily
by typing d() before the name of the variable or dlog (if you want to
take log differences).

Estimating the model in first-differences:
1. Type in the command window:

ls d(tbill) c dlog(ip) d(tbill(-1))@trend
2. Press Enter.

*Note: This equation is saved as eq23
in WS4_Results.wf1 workfile.
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Differeneing-and Serial Correlation

-

- Results are shown here. [ (=) equation: EQ23 Workfile: RESULTS: TimeSeries_Estimation\ -8 x

A feW th | ng S: [Viewl Procl Object] [ PrintIName I Freeze] [ EstimateI ForecastI Stats I Resids ]

v The DW-statistic is now a lot closer Dependent Variable: D(TBILL)
Method: Least Squares

to 2, suggesting that we have Date: 04/05/13 Time: 22:20
: - Included observations: 622 after adjustments
correlation in the error term (not all
disappears; BG test ShOWS errors Variable Coefficient Std. Error t-Statistic Prob.
are serially correlated, but the c 0018652 0034911 -0534280 05933
problem |S Iess severe now). DLOG(IP) 9.958048 2257113 4411852 0.0000
D(TBILL(-1)) 0.295673 0.038230 7.733967 0.0000
v The time trend is now not @TREND 252E-05  9.48E-05 -0.265719  0.7905
significant: taking first-differences R-squared 0.138837 Mean dependentvar -0.006350
has de-trended the data. Adjusted R-squared 0.134656 S.D. dependentvar 0.453535
. S.E. of regression 0.421895 Akaike info criterion 1.118292
v The R—squared value is much lower Sum squared resid 110.0014 Schwarz criterion 1.146799
i it i Log likelihood -343.7887 Hannan-Quinn criter. 1.129371
Now reﬂec’glng_ the faCt that Itis F-statistic 33.21131 Durbin-Watson stat 1.889591
harder to fit differenced data Prob(F-statistic) 0.000000

(compared to levels).
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