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ECO 5350 Prof. T. Fomby
Intro. Econometrics Fall 2016

Mid-Term I Exam

Instructions: Put your name and student ID in the upper right-hand-corner of this exam.
This exam is worth a total of 78 points. The breakout of these points by question is as
follows:

Q1 — Q12 = 2 points each
Q13 =4 points

Q14 =3 points

Q15 =5 points

Q16 =3 points

Q17 =5 points

Q18 — Q20 = 4 points each
Q21 =(2, 2, 2) = 6 points
Q22=(2,2,2,2)=8 points
Q23- Q24 = 4 points each

You have one hour and twenty to take this test. Don’t get hung up on any one question.

Answer the easy questions first and then go back and pick up the hard ones later.
Good luck.



1. Consider the following quarterly sales data (in millions) of the XYZ corporation
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a) Using the SSP model approach predict the sales of the XYZ corporation for quarters 1
through 4 for the third year. Show in detail how you got your answers.
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b) What are the major assumptions of the SSP model? Tha ,l e seaq fomd /

rm/w:‘vm art Stable aCrols yeant aud fhat she change
iy ear 7‘0)[1/3 are "smjeoft 7 S e cense ﬂaf ﬂe7 240

9457 fo esh'mat€,

¢) In the above quarterly data which quarter is the strongest quarter? Which quarter is the
weakest quarter? Support
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d) Briefly explain the logic of Friedman’s two-way ANOV A test for seasonality in time
series data. What is the null hypothesis of the test
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€) Suppose that we ran the Friedman test on the above data and the test gave rise to a p-
value of p=0.4. What would you conclude? Explain your answer.
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2. Consider the following SAS code that we used to model the Plano Sales Tax Revenue
data with a Deterministic Trend/Deterministic Season (DTDS) model:

proc reg data = plano;
model rev = t t2 d2 d3 d4 d5 d6 d7 d8 d9 d10 d11 d12/DWPROB;
run;

proc autoreg data = plano;
model rev = t t2 d2 d3 d4 d5 d6 d7 d8 d9 d10 dll dl12/ nlag = 12
method=ml backstep slstay=0.05;
run;

proc autoreg data = plano;
model rev = t d2 d3 d4 d5 d6 d7 d8 dS dl10 dll dl2/ nlag = 12
method=ml backstep slstay=0.05;
test d2, d3, d4, d5, d6, d7, d8, 49, 410, dil1, diz;
run;

a) Describe the purpose of the “proc reg” statement above. What was the conclusmn"
Thes cfep qees OLS o qef1he OLS regjduak o oL e mod ‘#
+o ’}"i‘!‘)(—FW an Lo cm~7 sled ermnf o5mg fhe DWAm- S
£ ants-

. we the oL S residuals fo have iy alyd\van
@ fmvt:‘tﬁ; sow’i‘;ﬂ:{/ we eould nof condue - ShFrshra [

ind er-ence “5”*7 olJ (/"MJC ), £ w Steat] wt n-prded Yo
move Fo &S es‘?"’t‘m)‘-y‘an Q;LﬂE* pode( ( Pro An!"-re?)
Do o s S P e
('wvfcl“ aus(—lcuw-e a9 om erwnr Lo e frarl ronth e zlao de/
Th en o reel Prdr_./c}thtv (6LS) fo detevrmme r‘#ﬁwi,}' 7[
@ canruaturt in e et of fhe data . Sinee The Co L1

m et '/“-"H"‘I wa M/-;%nf—ff)‘r‘c‘a//? s:gm%‘rmf iy

cm\cfu J-eel f"ta 2 ‘ﬂlf’ /Mj‘!:;l_:reu , Was he

¢) escubc the purposeo the becond roc 'mtoreE statement above. What was the F'e/
conclusion? E’/N’ N HAe Cﬂ)’?‘e: ooy }P,\’ryrt Byfﬁ"—t..f o F 9"%

Fhe )orn s ?Hr \firane+ of-fhr Seaspnal dumm) s 45/MF
emH‘ et e Fund the Feshofichi oo hat quth’m
@ 5wa{f;>—va/tw‘ /-?cuf:‘&? fo fhe comcluS)on Phast fhet )t :l ;
son sowalify tn fhe dafa. Ginee fhe s tualt o f the pod ijeh
w’nH Nt v /f/rL 3 Haf-He mode [ oFthe Aatn v/

urg e P! worl e[ wzej Cowaﬂ e,



@ PoOee

©

(>

3. As we know, the DTDS model is written as

y,=a+pt+a* +yD, + 72D + 73D+ 1D,y + 8,

E, =PE 0, pE L Hq,

a) The seasonal part of the model is represented by z “E ; t) nl S - 2 Lﬁf 2

b) The trend part of the model is represented by 2 -l— + & -)L 2’

¢) The cyclical part of the model is represented by w (\). ¢ £ F ot {71, ﬂ—- r

d) The irregular part of the model is represented by aL

e) In our work with the Plano Tax Reyenye data we woupd up dropping the Dy vmnbh,
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f) Suppose you wanted to test for the lack of curvature in your data. What would your
1l hypothesis be? What 1d Iternative hypothesis be? ' — ,
null hypothesis be at would your alternative hypothesis be /7(0 ' @_ = (g/ /d : éiﬂ .

2) Suppose you wanted to test for the lack of trend altogether in your data. What would
your null hypothesis be? What would your alternative hypot:ism be?
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h) Suppose you wanted to test for the lack of seasonality in your data. What would your
null hypothesis be? What would your alternative hypnthulq be?
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i) Suppose you wanted to test for the lack of cyclical effects in your data. What would
your null hypothesis be? What would your alternative hypothesis be?
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J) What are the implications of the followifig diagmlns produced by the second proc
autoreg statement above? Fully explain what you see in the relevant graphs.
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4. Briefly describe to me how we went about building a “best” UCM model for the Plano
Sales Tax Revenue data.
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5. Briefly explain to me why the concepts of Stationarity and Invertibility cll"e important
considerations in build Box-Jenkins time series models. Gl Lo ; a%q )t m €
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rite out the conditidns for a time series y; to be stationary.
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7. Write out the minimum mean square error forecasting equations for the following
models:

a) ARMA(0,0)

Vevn = 9 V 11 }

b) ARMA(O0,1)
Desn = TA— & rlay) For h=
¢) ARMA(1,0) % R |
= g+ 4 (=), k=0

8. Suppose you had a data set that produced the following plot, sample ACF, and sample
PACF. Would you say that the time series is stationary? Why or why not?
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Trend and Correlation Analysis for x2
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9. Suppose you were given the below graphical information presented in Computer
Output #1.What would be your tentative identification of the appropriate Box-Jenkins
model for the data? Fully explain your answer. P=___ ) . Q= { .
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Trend and Correlation Analysis for y
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10. Using Computer Output # 1, fill in the following P-Q box. Assume the data being
analyzed is monthly data. Be sure to tell me what the entries of the cells of your box are.
Which model is indicated to be the best model in the P-Q box? Explain your reasoning.

Q
0 1 2
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223,819 | 2875705
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11. Use Computer OQutput #1 to conduct an overfitting exercise on the model you
chose from the P-Q box. Below, report the overfitting coefficient of each overfitting
model and its corresponding t-statistic. What conclusion do you draw from the
overfitting exercise? Explain your answer.

Overfitting Model 1 is ARMA(® , 2).

The overfitting coefficientis —0 .0 ¥ Y03

The T-statistic of the overfitting coefficientis - o,¢Y
Therefore the overfitting coefficient from this model is
statistically (significan m Circle one alternative.

Overfitting Model 2 is ARMA(_| , ).

The T-statistic of the overfitting coefficient is 0.8
Therefore the overﬁtting coefficient from this model is

statistically (significant/dfsignificaniy Circle one alternative.

My conclusionis _Fhe ARAR Co,1) wodrl /¢ the beck mod
bE’(‘cth be mrezrf#m? coerFl ot eu s art 4%}4\‘)%4//7

Ingignifacant

12. In the below space write out the final model that you have chosen for the Y time
series in Computer Output # 1 with accompanying t-statistics, standard errors,
goodness-of-fit measures, and a test statistic for white noise residuals with accompanying
p-value. (You can report your estimated model either in the intercept-form or the
deviation-from-mean form.)
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Arc= 285 67%5 sge = 298.9067



SAS Output Page 1 of 14

C‘MWMLW@?“@WVI 4 |

The ARIMA Procedure

I Name of Variable =y

Mean of Working Series | 49.96876

Standard Deviation 1.390358

| Number of Observations 100

Autocorrelation Check for White Noise ‘

To LagIéhi-Square DF_ _I;>Ehi8q Autocorrelations ‘
6 2872 6 <0001 0505 0.019| 0.038-0.009]-0.089|-0.113
12 3809 12 00001 -0203|-0.175| 0.053 | 0.054 -0.040| 0.074
T 4230 18 0.0010 0.132|-0.034  -0.101|-0.039 -0.060 -0.034
24 4439 24 00069 -0.024 -0.086 -0.081 -0.004|-0.033 -0.026

Trend and Correlation Analysis for y
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SAS Output Page 2 of 14
Parameter Estimate Standard Error | t Value i Pr> |t| ‘ Lag |
MU 49,96876 0.13974 357.59i <.0001 0
Constant Estimate 49.96876
| Variance Estimate 1.952621
| Std Error Estimate | 1.397362
'AIC 351.6999
SBC 354.3051
Number of Residuals | 100 |
* AIC and SBC do not include log determinant.
Autocorrelation Check of Residuals
To Lag | Chi-Square DF i Pr > ChiSq Autocorrelations
6 I 2872 6 <.0001 0.505 ‘ 0.019 | 0.038 -0.009 | -0.089 | -0.113
12| 38.09 12 0.0001 | -0.203 | -0.175| 0.053 | 0.054 -0.040 ‘ 0.074
18 | 42.30 18 0.0010  0.132 -0.034  -0.101 |-0.039 i -0.060 | -0.034
24 | 4439 | 24 | 0.0069 | -0.024 | -0.086 | -0.081 | -0.004 | -0.033 | -0.026
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SAS Output Page 3 of 14

Residual Correlation Diagnostics for y
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Residual Normality Diagnostics for y

Distribution of Residuals - QQ-Plot o -
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‘ Model for variable y
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SAS Output Page 4 of 14

Estimated Mean | 49.96876

Conditional Least Squares Estimation

' | Approx !
Parameter ‘ Estimate | Standard Error | t Value | Pr> |t| | Lag |
MU ‘ 49.98908 ‘ 0.18524 | 269.86  <.0001 ‘ 0
MA1,1 | -0.95652 0.03345 | -28.60 <.0001 1

Constant Estimate 49,98908

Variance Estimate | 0.999309
Std Error Estimate 0.999654

AIC [ 285.6083
SBC 290.9087
Number of Residuals ! 100

* AIC and SBC do not include log determinant.

Correlations of Parameter
Estimates

Parameter| MU MA1,1 ‘
MU 1.000 -0.046
MA1,1 -0.046  1.000

Autocorrelation Check of Residuals ‘

To Lag | Chi-Square  DF ‘ Pr > ChiSq : Autocorrelations
6 | 096 5 | 0.9656 | 0.034 | -0.013 | 0.032 0.005|-0.072 | -0.037
12I 9.14 11 0.6088 | -0.094  -0.201 0.1390.018 l -0.062. 0.027
18 15.98 17 ‘ 0.5252 | 0.149 | -0.045 -0.110 0.068 | -0.121 ‘ 0.041

|
24 18.90 23 ‘ 0.7072 |-0.035 | -0.020 | -0.090 | 0.030 | 0.008 | -0.107 |
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SAS Output Page 5 of 14

Residual Correlation Diagnostics fory
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SAS Output

Page 6 of 14

Estimated Mean | 49.98908

Moving Average Factors ‘

Factor 1: | 1+ 0.95652 B**(1)

Warning: Estimates did not improve after a ridge was encountered in the objective function. The iteration

process has been terminated.

Warning: Estimates may not have converged.

ARIMA Estimation Optimization Summary

Estimation Method
Parameters Estimated

Termination Criteria

Conditional Least Squares

3

Maximum Relative Change in Estimates

Iteration Stopping Value 0.001
Criteria Value 1.76E-15
Maximum Absolute Value of Gradient 0.075249
R-Square Change from Last Iteration - 0.000517 |

Objective Function

Sum of Squared Residuals

Objective Function Value 97.80768

Marquardt's Lambda Coefficient 1E12
| Numerical Derivative P_er:curbation Delta 0.001

Iterations 15 |

Warning Message

Estimates may not have converged.

Conditional Least Squares Estimation

Parameter | Estimate Standard Error ‘ t Value

Approx
Pr> ||

Lag

MU 1 49.99108 | 0.19308‘ 258.91 | <.0001 ‘ 0
MA1,1 -1.00002 0.10219| -9.79| <.0001| 1
MA1,2 -0.04405 0.10074 | -0.44 06629 2

Constant Estimate | 49.99108 |

Variance Estimate ‘ 1.008327

Std Error Estimate | 1.004155 ‘

AIC 287.571

SBC | 295.3865 |

file:///C:/Users/00008904/AppData/Local/temp/SAS%20Temporary%20Files/ TD4156 1...
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SAS Output Page 7 of 14

Number of Residuals | 100

* AIC and SBC do not include log determinant.

Correlations of Parameter Estimates ]

Parameter | MU | MA1,1| MA1,2
MU 1,000 -0.021  _ -0.008
MA11 | 0021 1000 0.947
MA1,2 -0.008 0.947'5 1.000 |

Autocorrelation Check of Residuals
To Lag ‘ Chi-Square ‘ DF | Pr> ChiSq
6 0.79 4 09402 -0.008 -0.017  0.035 0.004 | -0.069|-0.032

| Autocorrelations

12 9.27 10 ‘ 0.5068 I-O.082 -0.206 | 0.15010.012 ! -0.062 | 0.021
_ | _
18 | 16.63 16 | 0.4099 | 0.151 | -0.048 | -0.109 | 0.078 -0.126 0.047I
24| 19.81 22 0.5951 -0.036 -0.015 | -0.090 0.031' 0.013  -0.116
Residual Correlation Diagnostics for y
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Residual Normality Diagnostics for y
Distribution of Residuals QG-PIot
[ | Nermal
A ‘=) | | “ e
g [{ernal 2 A6
| 5]
oo
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f, ‘..‘ N
-E 20 b ‘ g .
= 1 = 0
él_:'! ‘,"I \ | g
/ \ |
4 |
10 | / ' -1 - o
| | o
_\,3 i &
"\,_ | 2 o
0 I ; g oP
33 21 08 0.3 15 27 2 -1 0 1 2
Residual Quantile

Model for variable y

Estimated Mean | 49.99108

Moving Average Factors

 Factor 1: | 1 + 1.00002 B*(1) + 0.04405 B**(2)

Conditional Least Squares Estimation

Approx
Parameter Estimate Standard Error |t Value | Pr> |t| | Lag
MU 49.95608 0.24369 | 205.00 | <.0001 0
AR1,1 0.51126 0.08752 5.84 | <.0001 1

Constant Estimate 24.41574
Variance Estimate 1.463036
Std Error Estimate 1.20956

AlC 323.8188

SBC 329.0292 |
— |

Number of Residuals | 100 |

* AIC and SBC do not include log determinant.
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Correlations of Parameter
Estimates

Parameter‘ MU | AR1,1
MU 1.000 | -0.020

AR1,1 -0.020  1.000

Autocorrelation Check of Residuals

'_I'o_Lag Chi-Squar;_DF F:> ChiSq Autocorrelations
6 1505 5 00101 0.165 -0.334| 0.046 0.010|-0.061| 0.006
12 28624 11 00030 -0.154 -0.188| 0.163 0.083 -0.151 0051
18 3633 17 00056 0184 -0.073 -0.111 0.038 -0.057 -0.003
2 3897 23| 00200 0037 -0.067 -0.075 0058 -0.035 0108

Residual Correlation Diagnostics for y
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Residual Normality Diagnostics fory

Distrilbution of Residuals

Normal _]
25 Kernel : /“ gl 9

/ - -
20 / | o
A

QQ-Flot

8 2 0
: |
i
| o
| = 50°
| /s
e
-48 -3.2 -1.8 0 1.6 32 -2 1 Q 1 2
Residual Quantila
Model for variable y
Estimated Mean | 49.95608
Autoregressive Factors ‘
Factor 1: | 1-0.51126 B*(1)
Conditional Least Squares Estimation *‘
| ‘ Approx
Parameter Estimate | Standard Error | t Value | Pr > |t| Lag|
MU | 49.94664 0.17676 282.56 <.0001 i 0
| AR1,1 | 0.67900 0.09679 7.01| <0001 1
AR1,2 -0.32773 0.09680 | -3.39‘ 0.0010 2

Constant Estimate | 32.40194
Variance Estimate l 1.321875 |
Std Error Estimate | 1.149728
AIC 314.6469
SBC ‘ 322.4624

| 100 |

Number of Residuals |

* AIC and SBC do not include log determinant.
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‘ Correlations of Parameter Estimates

‘Parameter MU AR1,1| AR1,2

MU R 1000 -0.014| -0.015
AR1,1 -0.014 1.000| -0.511
AR1,2 0.015 -0.511| 1.000

Autocorrelation Check of Residuals

_ To Lag Chi-Square DF* P_r > ChiSq A_utocorrelations
| 6 B 1343 4 0.0094 0.087|-0.194_ 0.264 -0.011_:m 0?)32
i 12 26.59 ‘ 10 0.0030 -0.121_i -0.2_20 0.149 l 9.0_62 .. -0.163 | 0.041 |
18 3522 | 16 0.0037 0.190 -0.101|-0.091 | 0.074|-0.109 | -0.027
: 2_4_ 39.21 22 0.0133 0.025 | -0.069 -0.096 | 0.066 -0.(505 .-0.107

Residual Correlation Diagnostics for y
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Residual Normality Diagnostics for y

Distribution of Residuals QQ-Plot
20 Mormal 3
) Kernel |
/ L\ 2
/ |\ | 4
\ i 1 iffih
20 \ _ al
E \ | g |
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gj \\\ IZCE |
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J"‘ \\ [ 9
.: O
/ \ \\ -2 &
P y | N /0@
0 s : . 3 % o
-4.4 -28 -1.2 0.4 2 38 -2 -1 0 1
Residual Quantile

Model for variable y i

Estimated Mean | 49.94664

Autoregressive Factors

Factor 1: | 1-0.679 B*™(1) + 0.32773 B**(2)

Conditional Least Squares Estimation |
| — I

| Approx
Parameter_ Estimate | Standard Error | t Value | Pr> |t| | Lag
MU :49.99101 | 0.19201 260.35| <,0001 0
|
' MA1,1 -0.95435 0.03590| -26.59 | <.0001 | 1

AR1,1 . 0.03726 0.10720 0.35 | 0.7289 | 1

Constant Estimate | 48.12834

Variance Estimate | 1.008322

Std Error Estimate | 1.004152
AlC - 287.5705
SBC | 295.386 II
Number of Residuals | 100

* AIC and SBC do not include log determinant.
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Correlations of Parameter Estimates
Parameter | MUA MA1,1_. AR1,1
MU 1.000 -0.041  0.006
MA1,1 | -0.041 1.000 0312
AR1,1 | 0.006 0.312| 1.000

Autocorrelation Check of Residuals

ToLag Chi-Square ‘ DF  Pr> ChiSq

Autocorrelations

6 0.79 4| 0.9392 0.000| -0.018 | 0.035 0.005 -0.069 | -0.033
12 9.23 10| 0.5106 | -0.084 -0.205 ‘ 0.148 0.014 -0.062 | 0.022
| | | ! |
18 16.49 16 | 0.4195  0.151  -0.048 | -0.109 | 0.076 | -0.124 | 0.046
24 1961 22 0.6073 -0.035 -0.016 | -0.090 | 0.031| 0.012 |-0.114
Residual Correlation Diagnostics for y
1.0 107
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Residual Normality Diagnostics for y

Distribution of Residuals - QGQ-Plot
T —— Mormal | #
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Residual Luantile

Model for variable y

Estimated Mean ‘ 49.99101

Autoregressive Factors

| Factor 1: | 1-0.03726 B**(1)
| i

| Moving Average Factors ‘
| —
|

Factor 1: | 1 +0.95435 B*(1)
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