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SUMMARY

A time series model has been developed for forecasting
the number of pilgrims using Box-Jenkins approach. The iden-
tified model represents a random walk process. This leads to

the finding that the best forecast for next year's Hajj is
just simply the present year's Hajj.






I- INTRODUCTION

For the purpose of effective planning of Hajj services
it is necessary to forecast the future numbers of pilgrims
and in particular external Hajjis. In the present research
we have tried to forecast the number of external pilgrims

by making use of Box-Jenkins approach.

The forecasting of the numbers of external pilgrims
through the application of other methods has also been at-
tempted. H. Pasha and H. Jamal (1983) estimated and predic-
ted the external demand for pilgrimage using an econametric
model. They assumed that a measure for external Hajj is in-
fluenced through a partial adjustment hypothesis by the lag-
ged effect of the measure, the income level, distance from
Saudi Arabia, system's capacity expansion, congestion, and

random effects.

The present research uses time series models, namely
Box-Jenkins models in an attempt to obtain high forecasting

accuracy of the generated predictions.



This research is divided into nine sections: The
first contains a broad outline of the Box-Jenkins Approach.
The second deals with a preliminary examination of data and
the third with the identification of the original time
series. The fourth section is concerned with estimating the
identified models. In the fifth section the original time
series is differenced and models are identified from this
differenced series. Estimation of these models is performed
in the sixth section. This is followed by diagnostic check-
ing and forecasting in the seventh and eighth sections res-
pectively. The last section contains conclusions drawn from

the empirical results.

I- BROAD OUTLINE OF THE BOX-JENKINS PROCEDURE

A stationary process can often be parsimoniously re-
presented by a mixture of autoregressive and moving average
models. A homogeneous non-stationary process needs to be
differenced in order to fit a stationary model. Conversly a
stationary process may be summed or integrated to give a

non-stationary process and an integrated model for a non-



stationary process is one which yields a stationay model
when differenced in the appropriate way. The Box-Jenkins
procedure is concerned with fitting a mixed autoregressive
integrated moving average ARIMAmodel to a given set of

data.

The general algebraic expression of an ARIMA model for
seasonal or non-seasonal realizations and the qimportant

special cases that occur more frequently in practice are

widely discussed in the forecasting 1literature, and hence

repetition is unnecessary.

We concentrate on describing briefly the main stages

in setting up a Box-Jenkins forecasting model. These are as

follows:

1- Model Identification:

This involves examination of data to see which model
in the class of ARIMA processes appears to be the most ap-

propriate.



2- Estimation:

This means estimating the parameters of the selected

model by least squares or other methods. (1)
3- Diagnostic Checking:

This is done by examining the estimated residuals from

the fitted model to see if it is adequate.

4- Consideration of Alternative Models if Necessary:

If the first model appears to be inadequate for some

reason, then other ARIMA models may be studied by repeating

the above procedure until a satisfactory model is found.

5- Forecasting:

This involves the use of the adequate estimated
model (s) for forecasting for one or more periods into the

future.

(1) For example Maximum Likelihood and Bayesian methods.



2- THE DATA

The data are given in table 1 and plotted in figure 1.
The series rises through time, so its mean may not be fixed.
But deciding if the mean is fixed with visual inspection can
be misleading. We must rely on the appearance of the auto-
correlation and autoregressive coefficients at the estima-
tion stage to decide if the external Hajj data has fixed

mean.

Inspection of figure 1 suggests that variance is sta-
tionary since it does not change over time, and hence no

transformation is required.



TABLE 1

NUMBER OF PILGRIMS IN THE YEAR 1347 A.H. to 1404 A.H.

Year Pilgrims year Pilgrims
1347 90764 1376 215575
1348 81666 1377 209197
1349 39045 1378 207171
1350 29065 1379 253369
1351 20181 1380 285948
1352 25291 1381 216455
1353 33898 1382 199038
1354 33830 1383 266555
1355 49517 1384 283319
1356 76224 1385 294118
1357 59577 1386 316226
1358 32152 1387 318507
1359 9024 1388 374784
1360 23863 1389 406295
1361 24743 1390 431270
1362 62590 1391 479339
1363 37857 1392 645182
1364 37630 1393 607755
1365 61286 1394 918777
1366 55244 1395 894573
1367 75614 1396 719040
1368 99069 1397 739319
1369 107652 1398 830236
1370 100578 1399 862520
1371 148515 1400 812892
1372 149841 1401 879368
1373 364072 1402 853555
1374 232971 1403 1005060
1375 220722 1404 919671

Source: Kingdom of Saudi Arabia, Ministry of Interior: Pil-
grimage Statistics for 1404 A.H.(Dar AlAsfhani,
Jeddah).



GRAPHIC DISPLAY OF SERIES FOR VARIABLE Y

DATA - =

MEAN - .

OBS. DATA —-2+0E 05 3.0€ 05 8.,0E 05 l.3E 06 1.8E 06
1 93076440 H = .
2 81666.0 . d .

3 39045.,0 ] ” .
4 29065.0 : L] .
5 20181.0 1 * .
6 25291.0 H * .
7 33898.0 H = .
8 33830.0 H x .
9 49517.0 : * -
10 7622440 - * .
11 59577.0 t *x -
12 3215240 t 4 .
13 9024.00 H = .
14 23863,0 H % .
15 24743.0 ' x .
16 6259060 H * .
17 37857.0 ] L] N
13 37630.0 : L] .
19 6128640 ' * -
20 5524440 - & .
21 T5614.0 H o .
22 99069.0 H * .
23 107652, H L -
24 100578, 1 * .
25 148515. H * .
26 149841. L] LI
27 364072, H ¥
28 232971, H #,
29 220722, i % .
30 215575, - .
31 209197. H x o
32 207171, ] LS
33 253369, 3 By
34 285948, g ¥
35 216455, 1 x .
36 199038. t x .
37 266555, 1 .
38 263319. H =
39 294118, % *
40 316226« - ¥
41 318507, : =
42 374784 H ok
43 406295, H ° =
44 431270. H - F
45 479339, H . *
46 645182, : . i



0BS. DATA —240E 05 3.0E 05 840E 05 1.3E 06 1l.8E 06
< t H H 3 H
&7 607755, H . =
48 918777, H . *
49 894573, H . B
50 719040. - . %
51 739319, H . *
52 830236, H . &
53 862520, H . -
54 812392, 3 . ®
55 879368, H . #
56 853555, ¢ . *
57 0.100506E 07 . 2*
58 919671, H . *

MEAN VALUE OF THE PROCESS
0+30737E 06

STANDARD DEVIATION OF THE PROCESS
0+30392E 06



3- IDENTIFICATION

We begin with the analysis of the autocorrelation
function using the undifferenced data to decide on the
stationarity of the time series. To decide this we look at
the estimated ACF(%) For nonstationary data the auto-cor-
relations are typically significantly different from zero
for the first several time lags, and only gradually drop to

zero or show a spurious pattern as the number of time

periods increases.

Figure 2 shows the estimated ACF for the undifferenced
data. The auto-correlations for the first twelve time lags
are significantly different from zero, and the pattern
gradually drops to zero rather than dropping to zero expo-
nentially. A straight line would fit the points extremely

well. This indicates that the mean of the data is non-sta-

tionary and that nonseasonal differencing is required. We
will see later if estimation stage results confirm the need

for differencing.

(1) ACF = autocorrelation function
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Assuming for the moment that differncing is not needed.

(1)

We proceed to examine the PACF' for the undifferenced data

in Figure 3. We identify an AR(1) model. This is
consistent with the combination of a decaying pattern in the
estimated ACF and the cutoff to zero after lag 1 in the
estimated PACF. Therefore, we identify the following

ARIMA(1,0,0) model

(1-¢IB)Zt=at

where Z = Z -4 and M is the mean of the original time

series.

In other words the identified model in a difference equation

form is given by

4= (1-¢0+%beat

(1) PACF = partial autocorrelation function
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AUTOCORRELATION FUNCTION FOR VARIABLE Y
AUTOCORRELATIONS =
TWO STANDARD ERROR LINITS .

AUTO. STAND.
LAG CORR. ERRe =1 =075 <45 =425 0 «25 o5 « 75
1 0933 0.126 [y v e
2 0e.866 0.125 . : .
3 0.814 0.123 . 1 . i
4 0.758 0.122 . H . =
S 0.702 06121 - : . *
6 00639 06,120 . 2 -
T 0.575 06119 . H .
8 04520 00117 . ] . *
9 0.469 0,116 . H . =
10 0.387 0el15 - : .
11 0.308 Oellé . : %
12 00252 0.112 - ] o %
13 0.193 0.111 . H ®
14 0.157 0.110 . 3 %o
15 0.126 0.109 . : e
16 0.091 0.107 . T %,
17 Qo061 0.106 ® LR -
18 0,038 06104 . 3% .
19 0016 0e103 ___ . = -
20 —0.011 0.102 . = -
21 -0.028 0.100 °« % .
22 —06057 04099 ° 3 .
23 -0.078 06097 « ¥ 2 .
24 —0,099 0,096 « %® 3 .
25 —0.125 0.094 « B3 .
26 <0149 0,093 ¥ 3 .
27 0,162 0,091 o 2 -
28 —0.181 00090 L] H .
29 —0.202 0.086 b H .
30 -0.220 0,086 Fe I o
31 ~0.250 0.085 %, 2
32 —-0.288 0.083 [ Y
33 -0.305 0,081 . 3 .
364 —0.319 0,080 L I S
35 —0e331 06078 & « o
36 —0+341 0.076 L e« 3 o
37 —0e348 04074 » s 3
38 -0.352 06072 x e 3 o
39 —0.356 0,070 ® e f o
40 =04360 0,068 = e 3 o
41 ~0e358 04066 o . H °
42 —0e355 04,063 2 e 3 o
43 ~0.353 0,061 * « 2 .
646 —0e344 04059 * e i e
45 —0e331 0.056 2 o« e
AUTO. STAND.
LAG CORR. ERRe =1 —.75 ~.5 —.25 0 «25 o5 «75
46 —0.306 04054 * . 7 a
&7 —0.289 0051 ] * * a
46 ~0.263 0,048 % :
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PARTIAL AUTOCORRELATION FUNCTION FOR VARIABLE Y
PARTIAL AUTOCORRELATIONS %
TWO STANDARD ERRGCOR LIMITS .

PR-AUT
CORR »

0933
-0.032
0.084
-0.067
-0,012
-0.100
-0.039
0.011
0.002
~0.270
—-0.030
0,087
—0.063
Oel64
0.020
—-0.024
—-0+040
0.019
0.030
—0.074
—0.005
—0.109
—-0.031
—0.093
0.022
—04033
0,070
—04070
—-0.007
=0.104
—-0.110
0,101
-0.006
—-0.015
~-0.059
0,023
—-0.014
-0.051
0.039
0.072
—-0.152
~0e04])
0.031
-0.010

PR=-AUT
CORR .,

0.096
~-0.021
0.096
~0.086

STAND.
ERR.

0.131
00131
00131
00131
0.131
0.131
0.131
0,131
00131
0.131
0.131
0.131
0,131
00131
0.131
00131
0el131
0.131
00131
Oel131
0,131
0.131
0.131
O.131
00131
0.131
00131
Oel31
Oel31
00131
0.131
0.131
0.131
0.131
0.131
O0el31
00131
0.131
0.131
0.131
00131
00131
00131
00131
00131

STAND.
ERR «

0.131
0.131
0.131
0.131

-1

—e75 =45 —025

[}

1
*

3* £+
*

3+

g
&

-
1t

3
3+

s oo 06 b 86 e as b 00 oo b o {F b o¢ an e se sy i I ea @s 37 e se s se em

* 3
&% 4%
o 4} 3 ve o0 ac 00 3
3+

%
*

2%

e 86 ® 8 & 6 ¢ € © & & & 0 & ¢ @ 6 O © 6 ¢ O O & @ 85 6 &6 ¢ ©6 &a © ¢ 6 o e 0 & s 4 8 0 8 &
*
L se ve se er se b §
3t it

1

4 &% & &4 ®m £ & 0 & 8 & T & & S 0 & O § % & T ¥ 8 & & % 3 & & &4 9 & 8 & 4 = 0 T & & 8 ¢ "8 0

%
%
*
~a75 =05 =425 0 25 »5 « 75
. = .
L ; * *
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4- ESTIMATION

The whole results of estimation and diagnostic check-
ing for the ARIMA (1,0,0) model are shown in Figure 4 (a,b,

and c).

We begin with the estimation results in Figure 4-a.
Since the mean of the series Z is equal to 307370 while its
standard deviation is equal to 303920, which means that they
are nearly equal, therefore using the t test(llwe accept
the hypothesis that the actual mean,ﬂ,of the original time
series is not different from zero. Thus the constant temm
of the ARIMA (1,0,0) model, as given by

AL (1-#;) is dropped, and on1y¢lis estimated.
The estimated model is therefore as follows:
Z, = 1.0248 7, , + a,
(52.125)

The t value shown in parantheses under the estimatedﬁ coef-
ficient indicates that the latter is significantly different

from zero at all levels of significance. However, there are

(1) t = 307370/303920 = 1.01
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two striking facts in the estimation results. First, the
model does not satisfy the stationarity condition, since
A

_.d'.= 1.0248 »1. This confirms that the time series is non-

stationary in the mean. Second, the estimated coefficient °

A

¢%= 1.0248 is virtually 1.0. Testing the null hypothesis
N

that.¢ = 1 gives the following t statistic

1
8 _
t S ——
s (&)
1.0248 0248
= = = 1.26
0.01966 . 01966

Since- t- < 2, we fail to reject the hypothesis thatq%»= 1.

This might indicate that taking a first difference of the

original time series may be appropriate for inducing

stationarity.

Since the ARIMA (1,0,0) model is not good in the sense
of not satisfying the stationairty condition, no attempt,

therefore, has been made to test the statistical adequacy
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of the model. the diagnostic cheking results shown in
Figures 4-b and 4-c, however, are kept for completeness and

for later reference.
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VARTABLE Y CONTAINS THE TIME SERIES
DEGREE OF NONSEASONAL DIFFERENCING - O
DEGREE OF SEASONAL DIFFERENCING — O
SEASONAL SPAN - 1

MEAN VALUE OF THE PROCESS
0,30737E 06

STANDARD DEVIATION OF THE PROCESS
0.30392E 06
NONLINEAR ESTIMATION RESULTS
PAR LAG ESTIMATE STD ERRGR T RATIO
AR 1 1.0248 0e19661E-01 524125
COVARIANCE MATRIX OF THE ESTIMATES

PAR LAG
AR 1 0.38657€E-03

CORRELATION MATRIX OF THE ESTIMATES

PAR LAG
AR 1 1.00000

MEAN VALUE OF RESIDUAL SERIES
D.48532E 04

STANDARD DEVIATION OF RESIDUAL SERIES
De64498E 05

VARIANCE OF RESIOUAL SERIES

0.41600E 10
N\

DIAGNOSTIC CHI-SQUARE STATISTICS FOR RESIDUAL SERIES OF VARIABLE Y

LAG CHI-SQ D.F PRGOS

6 5.73 5 03332
12 13.46 11 062644
18 1679 17 04687
24 2767 23 0.2284
30 33.50 29 0.2581
36 37 44 35 03576
42 38046 41 0.5843
43 39.39 47 Q.7771

49 39452 48 0.8033



GRAPHIC DISPLAY OF RESIDUAL SERIES FOR VARTABLE Y

DATA - *
MEAN -~ &

0BS. DATA
1 =6130.31
2 =5981.69
3 =5836.63
4 <5695.13
5 =5557.06
6 =5422.38
7 =5290.9%
8 -—5162.63
9 =5037.4%
10 -4915.31
11 =479%.13
12 =4679.88
13 45666044
14 =11353,2
15 -64650,1
16 -=10950.1
17 =9606.18
18 4608456
19 T7978.59
20 -—-910.262
21 14846404
22 2547667
23 =18540.9
24 =—28905,.3
25 =—23926.9
26 1461448
27 287.078
28 3723262
29 —26288.2
30 =-1167.63
31 2272160
32 =T56477
33 139974
34 2157643
35 6121e44%
36 =—9748.81
37 45437.9
38 -—-2364.13
39 210508,
40 —~140147.
41 -18037.6
42 -10631,.3
43 -—11734,.4
44 -7223.88
45 410504
46 26283.6

~le1E 05 —1.0E 04

9.0E 04

1.9€E 05

2.9€ 05

s we ww own s

B (R VT T I T TR L S,

TR

%

‘.
e
*.
e
Fe
Fo
%o
X
Se

=

3+

#*

a0 e o 0 0 2

o

3
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0BS. DATA —-1e1E 05 —1.0E 04 9+0E 04 1.9€ 05 2+9E 05

%

4T =76597.9

48 —22795.3 : C

49 62571.5 : . .
50 1014049 . o

51 3759.38 : ®

52  14800.1 : ¢

53 -5576425 : #

54 48363,.1
55 22198.8
56 14879.8
57 37353.3



RESIDUAL AUTOCORRELATION FUNCTION FOR VARIABLE Y
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AUTOCORRELATIONS =
TWO STANDARD ERROR LIMITS &

LAG

VRN NSWN

LAG

46
47
48
49

AUTO.
CORP..

—-0.262
—-0.051
=0.025
0.070
—-0.018
0033
-0.014
=0.077
0el65
0.147
-0.072
-0.100
=0.024
0e136
-0.069
-0.047
-0.022
0.131
=-0.167
0.239
0.002
-0.050
—-0.050
0.007
0.056
-0.035
0.019
0.173
—001’09
0.069
—-0.024
-0.,008
-0.,007
06045
0.020
—-0.056
0.015
-0.,017
—-0.027
-0.035
-0.039

AUTO.
CORR.

0.002
0.,032
-0.011
-0.023

STAND.
ERR,

0.115
Oella
0.114
00113
0.112
Oelll
0.110
0.109
0.108
0.107
0.106
0,105
00104
0.104
0.103
00102
0.101
0.100
0.099
0.099
0.097
0.096
0,094
0,093
0.092
0.091
0090
0,089
0.088
0.087
0,086
0.085
0.083
0.082
0.081
0.080
0.078
0.077
0.076
0.075
0.073
0.072
0,070
0,069
0.068

STAND.
ERR .

0.066
0,065
0.063
0.061

=1 =75 =¢5 =425
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5- DIFFERENCING AND FURTHER IDENTIFICATION

To induce stationairty, we difference the series {:Z;}
until a stationary series, {\M;} say, is obtained. We ex-
periment with first differences on the basis of the estima-

tion results of the last section.

The first regular differences of the time series are

plotted in Figure 5 and appear to be stationary in the mean.

This is confirmed by the estimated ACF of the first regular
differences, which is given in Figure 6. In this figure the
working series is given by

wt= (1-B) Zt

i.e., the working series W, consists of the first regular

differences of the original time series.

The estimated ACF of the first differences has the fol-
Towing characteristics: (1) The auto-correlation coefficient
at the first lag is nearly significantly different from

zero, since it lies on the lower vertical axis of the 95%
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1)
confidence limits, (2) A11 the autocorrelation coeffi-

cients lie within the confidence limits except the first
auto-correlation coefficient which lies on the lower axis
and the 21th autocorrelation coefficient which lies outside
the confidence limits but near the upper axis. This may be
attributed to chance. On the basis of these characteristics
we may assume either that the first auto-correlation is dif-
ferent from zero, and in this case, the estimated ACF cuts
off to zero after the first lag; or that the first autocor-
relation coefficient is not statistically different from
zero, and in this case, all the estimated autocorrelation
coefficients lie between the two confidence limits except

that one that is ubnormally large.

As regards the sample PACF of the first di fferences
which is shown in Figure 7, it has exactly the same behavior
as that of the sample ACF which is described above. Again,

we may assume either that the first partial autocorrelation

(1) From figure 5, the t value of the first autocorrelation
coefficeint is given by r -.242
i =-109

1s(ry) 127
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coefficient is different from zero, and in this case, the
estimated PACF cuts off to zero after the first lag, or that
the first partial autocorrelation coefficient is not signi-
ficantly different from zero, and in that case, all the
estimated partial autocorrelation coefficients lie between
the confidence 1imits except that one that is exceptionally

large.

The most plausible assumed behavior which is consis-

tent with theory for the estimated ACF and PACF of the first
differences is the one which is compatible with the assump-
tion that all the estimated autocorrelation and partial
autocorrelation coefficients are not significantly different
from zero. According to theory, this leads to an ARIMA
(0,1,0) random walk model. From figure 5, the sample mean
of the first regular differences is 14542, which is not
large compared with the sample standard deviation of the
first regular differences, where the 1latter 1is equal to
71035. Therefore, no constant term is included in the

model. Thus the identified random walk model is given by
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where
W= (1-8) 2z,

In other words, the identified random walk model in a dif-

ference equation form is as follows:
Z;=Z; 3 t+ay

It is possible, however, to expand the random walk

model and identify the followi ng two further autoregressive
and moving average models successively

(1-¢B)w =a
and

=
n

(l-eB)at

where

=
1]

(1-13)2t

In terms of the original values of the time series,
the last two identified models are successively as follows:
Zt= (¢1+1) Zt -ﬂlzt—2+ %

= - e + a
Zt Zt—l lat—l t
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The first ARIMA (1,1,0) model is consistent with a
hypothesis of a significant spike at the first lag in the
estimated PACF and no significant spikes in the ACF. For
the second ARIMA (0,1,1) model, it is consistent with a
hypothesis of a significant spike at the first lag in the
ACF and no significant spikes in the PACF. This is admit-
tedly not exactly the same as theory says. They are intro-
duced, however, to increase the hope of obtaining a good
modet( 1).

In summary, the identified models in this section are
as follows:

ARIMA (0,1,0): W = a

ARIMA (1,1,0): W =@ W _, a

ARIMA (0,1,1): W.=a - 83 _4
where

W= (1 -8) Z,;

(1) Although it was possible to identify a further ARIMA-
(1,1,1) model. This was not tried for two reawons.
First, we have to wait to see if ‘the pure AR and MA
parts of this mixed model as represented by ARIMA
(1,1,0) and ARIMA (0,1,1) models are statistically
adequate at the estimation and diagnostic cheking
stages. Second, the estimated ACF and PACF do not
closely resemble their corresponding theoritical coun-
terparts for the ARIMA (1,1,1) model.
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GRAPHIC DISPLAY OF DIFFERENCED SERIES
DEGREE OF NONSEASONAL DIFFERENCING —

DATA -
MEAN -

0B8S.

N Fo et et ps et P ek et e P
cvo~NcwnbPwWwRNROVE~NCMIUN~

NNNNNMNNNNND
DNV SH WN

W
-0

wWwuww
[V B¢ W V)

36
37
38
39
40
41
42
&3
e
45

DATA

—9098.00
-42621.40
-9980.00
—-8884.00
5110.00
8607.00
—68.0000
1568740
26707.Q
—16647.0
-27425,0
-2312840
14839.0
880,000
3784740
—24733.0
-227.000
2365640
-6042.00
2037060
2345540
8583.00
—7074.00
47937.0
1326,00
214231,
-131101.
-12249.0
-5147.00
—-6378.00
-2026.00
46198,0
32579.0
-69493.0
-17417.0
67517.0
1676440
10799.0
22108.0
2281.00
56277.0
31511.0
24975.0
48069.0
165843,

FOR VARIABLE Y
1 DEGREE OF SEASONAL DIFFERENCING O

3.2E 05

e e e el e e en o
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CORRELATION FUNCTION FOR VARIABLE Y

CORRELATIONS =

STANDARD ERROR LIMITS

AUTO.
CORR »

Q.242
0.042
0.015
0.076
0.008
0.043
0.006
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PARTIAL AUTOCORRELATION FUNCTION FOR VARIABLE Y
PARTIAL AUTOCORRELATIONS
TWQ STANDARD ERROR LIMITS

LAG
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6- FURTHER ESTIMATION

Estimation results for the ARIMA (1,1,0) and ARIMA
(0,1,1) models identified in section 5, are given in figures
8-a and 9-a respectively. The estimated AR coefficient in
the ARIMA (1,1,0) model (§ =-0.19214) is not even signifi-
cantly different from zero at 10% level of significance
(t-value = -1.6059). The same is exactly true for the esti-
mated MA coefficient in the ARIMA (0,1,1) model (8 = 0.18799
and t-value =1.6011). This confirms the validity of the
identification of the random walk model as a good represen-
tation of the unknown, underlying process of Hajj as well as

a good respresentation of the available pilgrimage data.

This is so because if either of the estimated coefficients
of the ARIMA (1,1,0) and ARIMA (0,1,1) models is insigni-

ficantly different from zero, then both of the models reduce

to a random walk (0,1,0) model.

Since the ARIMA (1,1,0) and ARIMA (0,1,1) models are
not good in the sense of not having significantly estimated

coefficients, there is no point, therefore, to test their
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statistical adequacy. The diagnostic checking results shown
in figures 8-b and 8-c for the estimated ARIMA (1,1,0) model
and in figures 9-b and 9-c for the estimated ARIMA (0,1,1)

model are kept for the sake of completeness.
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VARIABLE Y CONTAINS THE TIME SERIES
DEGREE OF NONSEASONAL DIFFERENCING - 1
DEGREE OF SEASONAL DIFFERENCING - ©
SEASONAL SPAN - 1

MEAN VALUE OF THE PROCESS
0.14542E 05

STANDARD DEVIATION OF THE PROCESS
0.71035e 05

NONLTNEAR ESTIMATION RESULTS
PAR LAG ESTIMATE STD ERROR T RATIO

AR 1 -0.19214 0.11965 -1.6059

COVARIANCE MATRIX OF THE ESTIMATES

PAR LAG
AR 1 0.14316E-01

CORRELATION MATRIX OF THE ESTIMATES

PAR LAG
AR 1 1.00000

MEAN VALUE OF RESIDUAL SERIES
0.14585E 05

STANDARD DEVIATION OF RESIDUAL SERIES
0.630478 05

VARTANCE OF RESIDUAL SERIES
0,39749E 10

DIAGNOSTIC CHI-SQUARE STATISTICS FOR RESIDUAL SERIES OF VARIABLE Y

LAG CHI-5Q D.F PROB

6 176 5  0.881T
12 6.51 11  0.8371
18 9.70 17  0.9158
24 18423 23  0.7449

30 21.72 29  0.8315
36 2497 35  D.8954
42 26052 41  0.9610
48 2915 47 00,9809
49 29,60 48  0.,9830
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GRAPHTC D!SPLAY OF RESIDUAL SERIES FOR VARIABLE Y

DATA - *
MEAN -
o8s. DATA ~8.0E 04 2.0E 04 1.28 05 2.28 05 3.28 0%
~04221895E-04 3 ¥
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0,847236€-01

-
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(]
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4 00312797E-02
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7
8

&4 4580807 s
45 41455.7 :
46 =-63233,1

-0.440938 : e
2029482 b *o
9 ~=11.9432 : Fo
10 62.1574 - e
11 =323.493 : Mo
12 1683.59 : o
13 -8762.11 : * o
14 =44369.1 H * .
15 -168169%9.4 : .
16 -10801.6 i x
17 3402.99 : e
18 9588.86 B x
19 1585.79% : e
20 156739 ¥ o
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22 =-11515.4 : LY
23 =30623.6 : * .
24 -28397,.6 : = .
25 10395.1 : %
26 373123 : e
27 38016,1 : . %
28 -17460,9 R .
29 =-4979.31 : -~
30 23612.4 & ot
31 -1496.63 : L
32 19209.1 z ¥
33 27369.0 : .
34 13089.8 : %
35 -5424.82 : &,
36  465T7.8 : . =
37 10536.8 g *
38 214486 : - %
39 -89937.6 : i .
40 -37439.4 - % .
41 -T7500458 : ¥ .
42 -7366,96 : % .
43 -3251.50 : N
. x

-
i
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aBS, DATA -8.0€ 04  2.08 04 1. 2E 05 2.2E 05 3. 2E 05
47 =30769.7 B ax "
48 64170.4 H . *
49 297370 g 4
50 14020.1 - E ]
51 24183.0 : ok
52 6523493 : X

53 56715.3

4

54 42324,3 : R
55  31029.7 : .
S6  52867.8 3 . %
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RESTDUAL AUTOCORRELATION FUNCTION FOR VARIABLE Y

AUTOCORRELATIONS *

TWO STANDARD ERROR L IMITS .

LAG

O @~0 S W

—
o

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

33
34
35
16
37
38
39
40
41
@2
43
44
45

LAG

46
467
48
49

AUTQ.
CORR o

-0e062
-0,074%
0.004
0097
0,028
0062
0,009
-0.,026
04152
-0.888
0,153
=0.046
-0.100
-0.007
0137
-0,045
-0.063
~0+005
0.104
-0,105
06225
0,038
-0,072
~0¢069
0,009
0,055
-0.,027
-0.015
-0.086
0.130
-0,114
04049
-0.025
-0,052
~0e068
-0.029
-0.014
Qe0u b
-0.001
-0.072
=-0s017
-0.040
-0.,057
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~0s064

AUTO.
CORR.
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STAND.
ERR.
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VARIABLE Y CONTAINS THE TIME SERIES
DEGREE OF NONSEASONAL DIFFERENCING -~ 1
DEGREE OF SEASONAL DIFFERENCING - ¢
SEASONAL SPAN - 1

MEAN VALUE OF THE PROCESS
0.14542¢ 05

STANDARD DEVIATION OF THE PRACESS
0.,71035¢ 05

SAMPLE RUN FOR SPSS

NONLINEAR ESTIMATION RESULTS
PAR LAG ESTIMATE STD ERROR T RATIQ
MA 1 0+18799 0411741 1,6011
COVARTANCE MATRIX OF THE ESTIMATES

PAR LAG
MA 1 0.13785E~01

CORRELATIQGN MATRIX OF THE ESTIMATES

PAR LAG
MA 1 1.00000

MEAN VALUE OF RESIDUAL SERIES
0.14831E 05

STANOARD ODEVIATION OF RESIDUAL SERIES
0.,62511E 05

VARTANCE OF RESIDUAL SERIES
0.39076E 10

DIAGNOSTIC CHI-SQUARE STATISTICS FOR RESTDUAL SERIES OF VARIABLE Y

LAG CHI-SQ O.F PROB

[3 1.55 5 0.9070
12 6071 11 0.8221
18 962 17 0.9186
24 18.14 23 00,7500

30 21.83 29 0.8272
36 25.21 35  0.8687
42 26.59 41 0.9601
48 29439 47 0,9793
49 29,88 48  0,98]3
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GRAPHIC DISPLAY OF RESIDUAL SERIES FOR VARIABLE Y

DATA -
MEAN -

0BS.
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N = e bttt
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OO0 ~NO>WV ™MW
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S

45
46

”

DATA

0.0
0.0
0.0
0.0
0e0
0.0
3292429
=847909
=44215.0
-18291.9
-12322+6
2793 ,50
9132.14
164873
15996,.9
2971442
-11061.1
-29504.3
-28674.4
944856
2656.21
38346.3
~1752444
~3521.36
229940
=1719.41
20046,8
27223.5
137007
-4498.44
47091.3
10178+6
216144,
-9046845
~292559
-10646,8
-8379.406
~3601023
4552140
4113644

" o

B e ws ws | ar s ke ss as o®

s ae

-9.0E 04 1.0€ 04

1.1E 05

2.1E Q5

3.1E 05

w8 & % fe @ I
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oBS. DATA -9, OE 04 1. OE 04 le lE 05 2e lE 05 B lE 05
47 -61759.9 ] * .
48 =29027,1 : * .
49 6206043 : . #
50 2843046 - .
51 16143,6 H ]
52 2514248 i . %

53 700753 3 W

54 57594,3 H . *
55 42338.0 : .
56 3293440 H o ¥

57 5426062 . #
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RESIDUAL AUTOCORRELATION FUNCTION FOR VARIABLE Y
AUTOCORRELATIONS #*
TWO STANDARD ERROR LIMITS .

AUTO. STAND.
LAG CORR, ERRe =1 =o75 =o5 =25 (o] #25 o5 75 1

1 -0.4067 00115 . H °
2 -0,037 0,114 . ws .
3 0.005 Oell4 . kK .
4 0097 0,113 - g T % .
5 0,031 0112 . Hd .
6 06066 00lll . HE .
7 0.015 0.110 ° % .
8 -0.026 0.109 o T .
9 00163 06108 - I v,
10 -0,093 0,107 « X2 .
11 0.151 ©0.106 - T Fa
12 -04046 00105 .« =3 .
13 -0.092 0.10¢ - 2 .
14 -0,006 0.104 . S .
15 0e134 06103 . HI
16 -0,049 0,102 . X2 R
17 -0,054 0,101 . X3 .
18 =0:é010 06100 . = .
19 06,111 0.099 . - I
20 -04106 0.098 o« %o .
21 04226 0097 . H o
22 0,032 0,098 . HE SN
23 =0.060 00094 - : .
24 -0.062 0,093 . f2 N
25 0.005 0,092 . x .
26 04054 00091 . T,
27 -0.031 0.09%0 « =2 -
28 -0.006 0.089 . * .
29 =0.091 0088 ¢ X 3 N
30 0.133 0,087 « 5 ¢
31 -00111 0,086 ¥ 3 3
32 04047 0.085 o IE .
33 -0.,030 0,083 P
34 -0.052 04082 o W2 o
35 ~0e068 0081 o %I .
36 -0,021 0,080 . %2 4
37 -0.217 0.078 e ™ a
38 0.030 0.077 e % 4
39 0.004 0,076 « T
40 -=0,070 0,075 o ®E &
41 -0.017 0.073 e ®
42 -0,042 0,072 « *3 .
43 -0,059 0.070 « ¥z o
44 =0.071 0,069 . ¥I .
45 -0,066 0,068 e ¥ =

AUTO. STAND.
LAG CORR, ERR, ~1 =.75 =¢35 725 0 e25 o5 «75 1

46 -0.020 06066 « T .
47 N.01l7 0,065 « F oo
48 -0+026 00063 « ¥,

49 -0.045 0.061 o
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7- DIAGNOSTIC CHECKING

Since the identified model is the random walk model
= +
2= L gt g
it appears at once that the estimated residuals are given by
the first differences of the original time series, i.e.,

a=17-1
t

t t—1

Thus checking the statistical adequacy of the random walk
model boils down to testing the statistical independence of
the values of the first differences of the original time
series through the application of the t or"}i&test on their

autocorrelation function.

Figures 5 and 6 given before show the first regular
differences of the time series and their estimated ACF. The
characteristics of this ACF which were discussed in section
5, and the estimation results presented in section 6, show
that all the autocorrelation coefficients except the 21th

autocorrelation coefficient(l)were not significantly differ-

(1) This as referred to in section 5 may be attributed to
chance
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ent from zero using the t test. Thus we conclude that the
shocks of the random walk model are independent and that
this model is a statistically adequate representation of the

available data.
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8- FORECASTING

Writing the random walk model, i.e., the ARIMA (0,1,0)

model in a difference equation form, we obtain
Lo =g+ o

From this form, we see that the one-step-ahead fore-
cast (Zt) for Hajj data is simply the last observed value:
Zt= Zt—l' Thus the best forecast for the next year's Hajj
(and the Hajj for all future years) is just simply the
present year's Hajj. Since we do not know a or have an
estimate of it, we set a, to its expected value of zero.

However, we do know the last observed Zt(i.e.,Zt_l) and that

becomes our forecast.

The above model contains no constant temm. This is
because Ztis not stationary; it is not varying around a
fixed mean. Furthermore, the first differenced series
(wt= Zt- Zt—l) appears to have a fixed mean of about zero,

so there is no deterministic (constant)trend element in Zt.



42

9- CONCLUSIONS AND COMMENTS

This research has the following important findings and

comments:

1-

The results obtained indicate that the random walk
model is a good representation of the unknown,
underlying process of Hajj as well as a good repre-

sentation of the actual available data on Hajj.

The one-step-ahead forecast for the next year's Hajj
from the random walk model is simply the present

year's Hajj.

The question of seasonality is out of consideration.
The Box-Jenkins approach is not suitable for perfor-
ming seasonality analysis on the available time
series on Hajj. This is due to the fact that the
span of the monthly seasonal cycle in Hajj is 32 or
33 years. The available data on Hajj which covers

only 58 years are not sufficient to show the seasonal
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effects through the autocorrelation coefficients of

the Box-Jdenkins method.

The residual ACF in Figure 4-c for the AR(1) model
is quite similar for the first differences in Figure
6. This should not be surprising. The residual ACF
in Figure 4-c represents the behavior of the ori-
ginal data after they have been filtered through the
operator (1-# B), with }D: = 1.0248. The ACF in
figure 6 represents the behavior of the original
data after they have been filtered through the same
operator (1-}1I B), but with ﬂ.=1. since we have
applied the same operator (l-ﬂ'B) to the same data,
and since (fl in this operator is nearly the same in
both cases (1.0248 vs.1.0), we should expect the two
resulting series to behave similarly. The estimated

ACF's should look much the same.
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