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ECO 5375 Prof. Tom Fomby
Eco. & Bus. Forecasting Fall 2015

MID-TERM EXAM

Instructions: Write in your name and student ID above. You have 1 hour and 30
minutes to complete this exam. This exam is worth a total of 97 points. The points for
the separate question are broken out as follows:

Q1 - Q7 =2 points each.
Q8 =4 points

Q9 =5 points

Q10 = 3 points

Q11 -Q13 =2 points each
Q14 =(2, 2, 2) = 6 points
Q15 =2 points

Q16 = 6 points

Q17 = 4 points

Q18 = (6, 2) = 8 points
Q19 =5, 2) =7 points
Q20 - Q28 =2 points each
Q29 =(2, 2, 2) = 6 points
Q30 =4 points

Q31 =4 points
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consists of four components. These components are T » €n

1. In an additive decomposition of time series we assume that a::];fy time series potentially
7

2. SAS programs have two basic steps. They are the m _step and the
Pru C  step.

3. The basic punctuation following each executable statement in SAS is
a. Quotation mark (*)
b. Period (“.”)
(c)Semicolon (“;”)
d. Dash (“-*)

4. To put comments in a SAS program
a. Enclose the comments between quotation marks as in: “content”
}nclose the comments between /* and */ as in /*content*/
c. Enclose the comments between ( and ) as in (content)
d. Enclose the comments between # and # as in #content#

5.r False. If a time series is slow-turning around a mean, it is probably a
nonstationary time series and needs to be differenced before analyzing it.

6. If a time series y, exhibits an exponential growth pattern, it can be transformed to

stationarity by the transformation
a. Ay,

(b )alog, (3,)

c. exp(y,)
d. tan™'(y,)
7. r False. If some time series data, say x, data needs to be differenced to be

made stationary, then the identify statement in the SAS Procedure ARIMA should
read “identify var = x(1);”

Consider the AR(1) Box-Jenkins Model y, = @,y:_1 + a; (Model (1))

8. The four propertieg that we assume for the error term a, in Model (1) are
= (a.) =0
Vav(a,) = o> V¢

(evlae a, )= 6 W ?S#‘(‘

-

Cl{_ NINJ(&J/d‘iLJ V&

9. Fill in the following blanks as they relate to the above Model (1) with |@,] < 1.
E(y) = o
Var(y;) = &7 -.7( 1 "4{')
Cort(ye, ye-) = __of?

Vian = __ ¢ ktﬂ;[ 4 2(h-])
se(egrn) = rt(e2() 4+ "+¢,"‘"""4 )]

Ceasmm, Cy ele, Trrequ ler
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10. Suppose that the last available observation we have available on some time series
data described by Model (1), y, = 4. Assume that by the method of least squares we
determine that a reasonable model for the data is y, = 0.5y;_, + @; with sd(a,) = 1.0
or equivalently, Var(a;) = 1.0. Then the one-step-ahead forecast fory is y,,, =
2. . The 95% prediction interval for this forecastis (o .® 3
3. :'?_6 ). Show your work below to receive full credit. 2 J_: | ’q 6 SP(C{.H)

A

?(.’.‘:¢ _‘::@)(‘)l)-—- - -+ [

se (€)= sq
11. In the Unit Roul case of'Model (I) suppose that the last available observatlon in our
time serleils Ve = 4 and 62 = 1. Then P, = and se(e;;,)= 4 2

“Yerh ‘}*‘ sele ) Ah Oy

12. (Crudor False. The* ‘Damping” dnd ‘Cutting Off” patterns of the ACF and PACF of
the stationary form of a time series provide a way to identify the orders of pure Box-
Jenkins processes.

13. If the ACF has 3 spikes in it and then cuts off and if the PACEF tails off, the ARMA
model that is appropriate for the data is ARMA( € > )

14. Consider the time series plotted in Figure 1 below.

Figure 1
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@ (a) Does this time senus look stationary to you? Explain your answer. / /{
(VO .Ef‘ '8 S low- M:W,? auc| (w/; //A€ q veudova wa

w1/ heufof m‘f
@ (b) Is it all right to apply the Box- nkins modeling approach to this data directly or
should you transform the data first and if' so, how? Explain your answer.

/Ls e dafa s S/un'lav fo Hhe process ¢ =Y¢- gt
wiHhig, = s, ur should dirteente the ofafa Fo Ap "

emar
@ (¢) Formally, state the condltlonq for a time series y; to bc/(atlonary. s*a )(’ 7
The Hime cenies 7 s s Fafrlon

w;:;: _{r,f;a,;zﬁ’-,,a. (oo e /
s o (i) (ol/?‘f(_ 'j(.-.}) H" V'ILMQHP‘?/MM’ M N“M;Af*tdu&l'ﬂw}

]” (t 'V ) zg_ s awu«/f; q‘l‘lf"" bujed
CWJ’" I{Iow let us conduut a tnit root test on the data in Figure 2. In the EVIEWS Computer
Y v hewrt Output # 1 there is some information that should allow you to answer the followmg}' 2

SM"""Q % questions.

¢ fﬂf‘lw, Figure 2
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@ 15. The null hypothesis of the Dickey- bull[ test for the data in Figure 2is ¢ ' ., C fr'w z seres
—Géﬂ-&ﬁi eud . The alternative hypothesis is hag & z,m,‘f‘ ro
7 )

Shm/ﬂ[ bhe Mod*t/eol ags TS atbt Q¢
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16. Using EVIEWS Computer Output # 1 and the correct Dickey-Fuller case for this
data (Y), report the following information:
(a) The appropriate case for the Dickey-Fuller test is Zero Mean / Single Mean /
circle a choice) p( r(.., })
(b) The number of augmenting terms chosen for the test is = 2 Y (-2 ))
(c) Dickey-Fuller t-statistic (tau)= =~ {, T2 2 %% D
(d) Probability Value of DF t-statistic = @ « ¢ ©2.%
(e) This test result indicates that the time series Y (isdS_nob) stationary and
(does not) need to be differenced to make the series stationary.

Now consider the SAS Computer Output # 2. Use this output to determine a best Box-
Jenkins model for the data plotted in Figure 2. Assume that the time series is observed

monthly.

17. Using the sample ACF and sample PACF that is provided by SAS Computer
Output # 2, give me a tentative identification of the p and q values for the Y series.
Explain your answer.

p: l .\q: 0

Explanation: ] e PA'CF hag rwne Sm'/ée anel 74 ey Cy /‘I 0,7[7£
_w_llﬁ:_ﬂue_ﬂﬁdgu;u ouk, !

18. Using Computer Output # 2, fill in the following P-Q box. 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 L %J,’ A
l\.uceﬂg SKQ
0 i 2 Q,_.,/ :
( p-va e
_ ,D/C‘pf-'f
8% (or7 | 117-696k |aTh0T( T
9¢7,6 312 ?f;-:ﬁf? ﬁf%.gécf??
céf’r-_f‘z‘!;) (0, 16E) | (orf21%)
¢7%.0893 | Y. (61€
7157837 ‘i?!c,?m‘“‘?ﬁ
dffzﬁu otgew)
9729127,
A€).5709)
13503
(©.5602)




@ Reasoning: 70.e ﬁ‘I o chooses "H\'e_ A"P—(l\ o\tﬂdff) M.-'/'PJ‘N’

P
i wadel K e el I s T4
lﬂUse/é;R(“” Aol o HAe ve]&t(»} molt [. The vl fs of bol4

mputer Output #2 {o conduct an itting exercise on the model you MU‘A'/( € UK,
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(Z, . ® ). e

The overfitting coefficientis g, /3 830 . AR /, T (<o P’c/' t .&‘7‘
The T-statistic of the overfitting coefficient is [ %7 .

Therefore the overfitting coefficient from this model is =

statistically (significant/ . Circle one alternative.

@ Overfitting Model 2 is ARMA( |, [).

The overfitting coefficientis ¢, 323" 3§ . NA’/ ] (o '974('\(/%‘7
The T-statistic of the overfitting coefficient is . 22 .

Therefore the overfitting coefficient from this model is

statistically (significant/ i. Circle one alternative.

My conclusion is f=w : . Lﬁﬁd 7(
& iﬁmg : \ : o1 Choose

) 5 oy "gJ
20. In the below space write out the final model that yﬂﬂ_é&e(c!lgsg pc';gﬁle Y time 1y f/ ’

series in Computer OQutput # 2 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 :
)G‘m ;

deviation-from-mean form.) ( /)eu .\q7'-«‘m - ﬁ ~a PAM
L atent F Forw ! ; ~ |
Ay e = 3ZIS’¥67 +0.3(=27m‘/f—r+3h (Qy 95 65861) = 0.3627%

(o0 2Y) Ay, - H6.500))

@ 21. One reason we use Information Criteria, teéts for white noise residuals, and + a"
overfitting exercises to pick “best” Box-Jenkins models is because =Cl=
a. Choosing the wrong Box-Jenkins model can lead to poor forecasting accuracy. s ﬁ;
b. Sometimes the sample ACF and PACF functions are not pristine in the sense that ? 7 Y
they don’t sharply distinguish between competing Box-Jenkins models. < 5 =9 rq‘ »

¢. Box-Jenkins models whose residuals are not white noise are incomplete in that
they have not explained all of the variation in the times series and, therefore, more Qz'{ = / 6 28
parameters need to be added to the B-J model to produce more accurate forecasts.
@ All of the above statements are true. p £0. ?S—Lf
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22. Consider the following graph:

Residual Correlation Diagnostics for leadprod
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Are the r651duals of this fitted Box-Jenkins model white noige? Explain:

e mode( au gk, Ye :?rP TﬁeAcf‘
MI mmm
e Q- o - fre_pdial 0 (08 Al houyt -utl«ff
—4 L/ o S 8 (e d N 4 hi¥
NO 52 ~eS .
23. When forecasting aggregate sales by summing up individual product sales forecasts,
we are utilizing the hﬁm - u,'r) approach to forecasting aggregate sales.

24. When forecasting indjvidual product sales from the aggregate sales forecast, we are
utilizing the 4o £- d Jwn approach to producing individual product
sales forecasts. 7

25. The purpose of looking at the SAS programs
MCARLO Det Trend Pred Intervals.sas and MCARLO RW Pred Intervals.sas during

our class was o com Parp The pml:c.)‘:w h n]"&r
e e

when the Rafn com fo/us o .s/pcdqgﬁt -ﬁ.e,“e ﬂf
A eterm tni sl Frendd predifion fatey vy s ant foo ncrrow
cand Uus foo o )-!-ourn[:‘c when the dafa confarms a
d ¢ feymintiht 1he ctockat Fie P end predrichiion fepnls e p

4o o wideaud fug asre f*po P{?sc.-/m; J’]’:‘(




26. Suppose that Alogy; is the correct transformation of a time series to stationarity.
Draw a diagram below that has Ay, on the y-axis and time (t) on the x-axis and then in
the graph draw the Ay, time series that shows that the level transformation is the
incorrect transformation.

oy .

al
Fremsferm D94
A '3 slouhy freadr™y
¢ ¢ ap el beawy

27. Consider the following output produced by the SAS Macro %logtest: mort

TRANS LOGLIK RMSE AIC SBC
NONE  -252.221 53.0128 516.442 530.267
LOG -219.245 46.2693 450.490 464.314

In this case which transformation of the data is preferred? Explain your answer.
The (m Fram Levtwalion 1 ')'ul;g}_vufe,w . The A/ ¢ 7{e_yL

m.'.u. H:EC SBC( 7@1» ﬂle ¢
-l;*:afuhsﬁim m %Q ey ,(t;;{ 5 e[ hoed uafut. 1

28. Suppo the last 'Wdlhbl obscrvati nony is yr = 100. Further suppose that the
¥, series has a unit root in it and that we have built a good Box-Jenkins model that

produced the two forecasts Ay, = 20 and Ay;,, = 10. Then we know that P, = A
A

(g0 : 0 =
: Qo= 100 r20fle = Yot Dypy b Ay,

29. Suppose you have applied ordinary least squares model to a DTDS model that
produces the following table.

OLS regression to get the DW statistic

The REG Procedure
Model: MODELA1
Dependent Variable: TOT

Durbin-Watson D 0.432
Pr<DW <.0001
Pr>DW 1.0000
Number of Observations 312

1st Order Autocorrelation 0.783

Note: Pr<DW is the p-value for testing positive autocorrelation, and Pr>DW is the p-value
for testing negative autocorrelation
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(a) What are the null and alternative hypotheses of this test?

Hot The evrrors of-the Wode( awre wncon®laf &
13y The ervers of /he Mode| wre aq}‘acmﬂ%?/ﬁ/

(b) Given the above result, what is the conclusion of this test?

Smce At DW [¢ <, 000 auwd hus nt »ejeu‘ Mo and
accept H, that fhe errers o X fRe modt( 2w anfo cont /o) o

(c) In further testing of the DTDS model that you are investigating, would you be
inclined to use Ordinary Least Squares Output (Proc Reg) or Geneflgized Least
Squares Output (Proc Autoreg)? Explain your answer.

S e Fhe emns of e model e autocontliipl ue shou (d

Us ¢ i 6-eatsmlized L&Iffg«w‘h“}fm,‘gﬁ,eg?:g )/!;‘:'i:rf{)

30. Given the computer output below, does it look like there is significant seasonality in
the data? (It is assumed that the proper choice of OLS and GLS has been chosen for the
DTDS model.) Explain your reasoning. What are the null and alternative hypotheses of

the test result reported in this output? '
TWR befow [F-Fest /s %es%v\l phejlom] s g nifr af of

- | efANdeuts M He PTP ,“04f4 JA¢ )
AResr b;"‘z"lb;j’p:'; }bh};f :1: :1?44044/#‘1"“0!4?{4 whif¥ #J' rMs‘M”&

wafl Agpe ‘s pressafsu Hheelafy, S48
| " rhe probabr :'/7 L [
Test = /,14 Mo s Je
Source DF Mean F Value Pr>F ~ e 0
o .0 wP
Square %A C‘l”-%’ ), . %W
Numerator 11 29317586854  24.37 <.0001 /'s seasoal h; su TP
Denominator 298 1202946247 L4 ¢

31. Consider the computer output below. Suppose that the DTDS model has produced
the following output. Which months of the year are weak? Which months are strong?
Which is the weakest month? Which is the strongest month? Thoroughly explain your
answer.

Obs sum d1a d2a d3a d4a d5a d6a
1 1.97E-15 -0.0231 -0.146 0.21651 -0.1997 -0.2707 0.19076
d7a d8a d9%a d10a di1a d12a

042398 059343 -0.37016 -0.22391 -0.27397  0.082865
Tt 9/"“‘70!% Wt s Hhe - H) mm}/h il)}/i,u w;‘)ﬂ;ﬁ 8
Mo Fh has fhe (wc—’fsf i tive coeFrel ey, ( 5:; ‘
ex wen hes F oaom th 11/ vhie 114 Mt (séphemben), Ths

potsitue ool Mmem i has the WUJ?“”%#LV\P"E—‘)()#(Y’M% ~6.270lt)

ﬂ%?,bv'&j’

;T“{?/ np?qﬁ;uf’ frﬂ/’ufé‘hm ) F‘EJ’-, /—)/J&J

Jhe W'QC{/{ mm Mis e Hese with
May, seph O, VO, §



Computer Output #1

Null Hypothesis: Y has a unit root
Exogenous: None
Lag Length: 1 (Automatic - based on SIC, maxfag=11)

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic 5.312408 1.0000
Test critical values: 1% level -2.590340

5% level -1.944364

10% level -1.614441

*MacKinnon (1996) one-sided p-values.

Augmented Dickey-Fuller Test Equation
Dependent Variable: D(Y)

Method: Least Squares

Date: 10/19/13 Time: 11:52

Sample (adjusted): 3 94

Included observations: 92 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.
Y(-1) 0.004872 0.000817 5.,312408 0.0000
DY (-1)) 0.342754 0.094485 3.627604 0.0005
R-squared 0.147427 Mean dependent var 51.82283
Adjusted R-squared 0.137954 S.D. dependent var 45,59209
S.E. of regression 42.33063 Akaike info criterion 10.35040
Sum squared resid 161269.4 Schwarz criterion 10.40522
Log likelihood -474.1183 Hannan-Quinn criter. 10.37252

Durbin-Watson stat

2.096705

e




Null Hypothesis; Y has a unit root
Exogenous: Constant

Lag Length: 1 (Automatic - based on SIC, maxlag=11)

t-Statistic Prob.*
Augmented Dickey-Fuller test statistic 0.820061 0.9939
Test critical values: 1% level -3.503049
5% level -2.893230
10% level -2.583740
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(Y)
Method: Least Squares
Date: 10/19/13 Time: 11:53
Sample {adjusted): 3 94
Included observations: 92 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
Y(-1) 0.002599 0.003170 0.820061 0.4144
D(Y{(-1)) 0.343837 0.094727 3.629753 0.0005
C 16.49044 22.01721 0.748979 0.4558
R-squared 0.152767 Mean dependent var 51.82283
Adjusted R-squared 0.133728 S.D. dependent var 45.69209
S.E. of regression 42.43425 Akaike info criterion 10.36585
Sum squared resid 160259.3 Schwarz criterion 10.44809
Log likelihood -473.8293 Hannan-Quinn criter. 10.39904
F-statistic 8.023939 Durbin-Watson stat 2.107897

Prob(F-statistic) 0.000625

s TR 4




Null Hypothesis: Y has a unit root
Exogenous: Gonstant, Linear Trend
Lag Length: 2 (Automatic - based on SIC, maxlag=11)

{-Statistic Prob.*
Augmented Dickey-Fuller test statistic -1.983249 0.6023
Test criical values: 1% level -4.,062040
5% level -3.459950
10% level -3.156109
*MacKinnon (1996) one-sided p-values,
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(Y)
Method: Least Squares
Date: 10/19/13 Time: 11:55
Sample (adjusted): 4 94
Included observations: 91 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
Y(-1) -0.047957 0.024181 -1.983249 0.0505
D(Y(-1)) 0.293021 0.104490 2.804304 0.0062
D(Y(-2)) 0.1567670 0.100263 1.572572 0.1195
Cc 235.8543 107.2270 2.199580 0.0305
@TREND("1") 2.705673 1.306515 2.070809 0.0414
R-squared 0.196223 Mean dependent var 52.47473
Adjusted R-squared 0.168838 S.D. dependent var 4541148
S.E. of regression 41.64909 Akaike info criterion 10.34981
Sum squared resid 149179.6 Schwarz criterion 10.48777
Log likelihood -465.91656 Hannan-Quinn criter. 10.40547
F-statistic 5.248705 ODurbin-Watson stat 1.958721

Prob(F-statistic) 0.000786







CODE FOR COMPUTER OUTPUT # 2

data MT;
input vy;
datalines;
4958.900
4857.800
4850.300
4936.600
5032.500
4997.300

9485.600
9518.200
9552.000
9625.500

I’

proc arima data = MT;
identify var = y(1);

. /

. we

~e

-

®® 0000
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COMPUTER OUTPUT # 2

The ARIMA Procedure
Name of Variable =y

Period(s) of Differencing 1
Mean of Working Series 50.17849
Standard Deviation 47.77749
Number of Observations 93
Observation(s) eliminated by differencing 1

Autocorrelation Check for White Noise

To Lag Chi-Square DF Pr> ChiSq

6 2215 6 0.0011
12 26.08 12 0.0105
18 28.50 18 0.0548

Autocorrelations
0.360 0.261 0.153 0.061 -0.053 0.029
0.027 -0.082 0.112 0.038 -0.069 -0.103
-0.079 -0.055 -0.078 0.004 -0.019 0.075
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Trend and Correlation Analysis for y{(1)
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Conditional Least Squares Estimation

Parameter Estimate Standard Error tValue Approx Lag
Pr>|t|

MU 50.17849 498115 10.07 <.0001 0

Constant Estimate 50.17849
Variance Estimate 2307.501
Std Error Estimate  48.03645

AIC 985.1017
SBC 987.6343
Number of Residuals 93

* AIC and SBC do not include log determinant.

20

20



Autocorrelation Check of Residuals

To Lag Chi-Square DF Pr > ChiSq Autocorrelations
6 2215 6 0.0011 0.360 0.261 0.153 0.061 -0.053 0.029
12 26.08 12 0.0105 0.027 -0.082 0.112 0.038 -0.069 -0.103
18 28.50 18 0.0548 -0.079 -0.055 -0.078 0.004 -0.019 0.075
24 30.39 24 0.1723 0.045 0.012 -0.102 -0.028 -0.045 0.002

Residual Correlation Diagnostics for y(1)
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Residual Normality Diagnestics for y(1)

Distribution of Residuals QQ-Plat
/ \ Mormal
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Residual Gluantile
Model for variable y
Estimated Mean 50.17849
Period(s) of Differencing 1

Conditional Least Squares Estimation

Parameter Estimate Standard Error t Value Approx Lag

Pr>|t|
MU 48.88861 727282 672 <0001 O
ARL,1 0.36274 0.09787  3.71 0.0004 1

Constant Estimate 31.15467
Variance Estimate 2028.233
Std Error Estimate 45.03591

AIC 974.0883
SBC 979.1535
Number of Residuals 93

* AIC and SBC do not include log determinant.



ACF

IACF

Correlations of Parameter
Estimates

Parameter MU ARI1,1
MU 1.000 -0.021
AR1,1 -0.021 1.000

Autocorrelation Check of Residuals

To Lag Chi-Square DF Pr> ChiSq Autocorrelations
6 3.83 5 0.5741 -0.055 0.126 0.064 0.040 -0.107 0.052
12 10.88 11 0.4532 0.060 -0.164 0.163 0.032 -0.061 -0.072
18 13.21 17 0.7222 -0.032 -0.006 -0.075 0.050 -0.058 0.088
24 16.23 23 0.8452 0.026 0.041 -0.126 0.028 -0.047 0.056

Residual Correlation Diagnostics for y{1)
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Residual Normality Diagnostics for y(1)

Distribution of Residuals Q3-Plot
30 ] e HOrmal 100
Kernel
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150 o
185 135 75 15 45 105 5 -1 0 1’ 2
Residual Quantile
Model for variable y
Estimated Mean 48.88861
Period(s) of Differencing 1

Autoregressive Factors

Factor 1: 1-0.36274 B**(1)

Conditional Least Squares Estimation

Parameter Estimate Standard Error t Value Approx Lag

Pr> |t
MU 47.76943 8.49179 5.63 <.0001 0
AR1,1 0.30844 0.10446 295 0.0040 1
AR1,2 0.15330 0.10456 1.47 0.1461 2

Constant Estimate  25.71258
Variance Estimate 2003.35
Std Error Estimate 44.7588
AIC 973.9127



To Lag Chi-Square DF Pr> ChiSq

6
12
18
24

SBC 981.5105
Number of Residuals 93

* AIC and SBC do not include log determinant.

2.14
9.96
11.81
15.05

Correlations of Parameter Estimates

Parameter MU ARI1,1 AR1,2

MU 1.000 -0.018 -0.036
AR1,1 -0.018 1.000 -0.365
AR1,2 -0.036 -0.365 1.000

Autocorrelation Check of Residuals

4 0.7095 -0.003 -0.003 0.048 -0.002

10 0.4438 0.045 -0.160 0.169
16 0.7570 -0.025 -0.003 -0.065
22 0.8602 0.057 0.028 -0.128

0.072
0.037
0.008

Autocorrelations

-0.128 0.052
-0.075 -0.085
-0.041 0.089
-0.016 0.075



Residual Cerrelation Diagnostics for y(1)
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Model for variable y
Estimated Mean 47.76943
Period(s) of Differencing 1

Autoregressive Factors

Factor 1: 1-0.30844 B**(1) - 0.1533 B**(2)

Conditional Least Squares Estimation

Parameter Estimate Standard Error t Value Approx Lag

Pr > |t]
MU 49.71299 6.04443 822 <0001 O
MAL€1 -0.27289 0.10104 -2.70 0.0082 1

Constant Estimate 49.71299
Variance Estimate 2108.473
Std Error Estimate 45.91811

AIC 977.6966
SBC 982.7618
Number of Residuals 93

* AIC and SBC do not include log determinant.

Correlations of Parameter

Estimates
Parameter MU MAIL,L1L
MU 1.000 0.005

MAL,1 0.005 1.000

Autocorrelation Check of Residuals

To Lag Chi-Square DF Pr > ChiSq Autocorrelations
6 750 5 0.1859 0.059 0.233 0.082 0.064 -0.081 0.040
12 1291 11 0.2991 0.053 -0.135 0.144 0.016 -0.055 -0.079

18 15.40 17 0.5665 -0.052 -0.021 -0.081 0.041 -0.052 0.087
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Autocorrelation Check of Residuals

To Lag Chi-Square DF Pr > ChiSq
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Autocorrelations

Residual Correlation Diaghostics for y(1)
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Distribution of Residuals QQ-Plot
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Model for variable y
Estimated Mean 49.71299
Period(s) of Differencing 1

Moving Average Factors

Factor 1: 1+ 0.27289 B**(1)

Conditional Least Squares Estimation

Parameter Estimate Standard Error t Value Approx Lag

MU
MA1,1
MA1,2

Pr > |t|
49.09344 6.83021 7.19 <0001 O
-0.28720 0.10419  -2.76  0.0071 1
-0.17595 0.10429  -1.69 0.0950 2

Constant Estimate  49.09344
Variance Estimate  2050.408
Std Error Estimate  45.28143
AIC 976.0719

[



SBC 983.6697
Number of Residuals 93

* AIC and SBC do not include log determinant.

Correlations of Parameter Estimates

Parameter MU MAL1,1 MA1,2

MU 1.000  0.007 0.014
MA1,1 0.007 1.000 0.240
MA1,2 0.014 0.240 1.000

Autocorrelation Check of Residuals

To Lag Chi-Square DF Pr > ChiSq Autocorrelations
6 447 4 0.3459 0.027 0.056 0.145 0.036 -0.117 0.073
12 1190 10 0.2920 0.055 -0.167 0.153 0.057 -0.084 -0.078
18 13.51 16 0.6351 -0.024 -0.017 -0.070 0.038 -0.045 0.069

24 1589 22 0.8214 0.048 0.025 -0.116 0.008 -0.034 0.043



IACF

Percent

Residual Correlation Diagnostics for y{1)
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Model for variable y
Estimated Mean 49.09344
Period(s) of Differencing 1

Moving Average Factors

Factor 1: 1+ 0.2872 B**(1) + 0.17595 B**(2)

Conditional Least Squares Estimation

Parameter Estimate Standard Error t Value Approx Lag

Pr> |t
MU 47.70871 873031 546 <0001 0
MA1,1 0.32538 024581 132 0.1890 1
ARL,1 0.64697 0.19839 326 00016 1

Constant Estimate 16.84271
Variance Estimate 2008.722
Std Error Estimate 44.81877

AIC 974.1618
SBC 981.7596
Number of Residuals 93

* AIC and SBC do not include log determinant.

Correlations of Parameter Estimates

Parameter MU MAI1,1 ARI,L1

MU 1.000 -0.043 -0.059
MAI1,1 -0.043  1.000 00914
AR1,1 -0.059 0914 1.000

Autocorrelation Check of Residuals
To Lag Chi-Square DF Pr > ChiSq Autocorrelations
6 217 4 0.7036 -0.014 0.043 0.019 -0.010 -0.134 0.037
12 949 10 0.4866 0.044 -0.155 0.171 0.060 -0.065 -0.082



IACF

To Lag Chi-Square DF Pr > ChiSq
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Residual Normality Diagnostics for y(1)
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