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Table(5)

Wald Test SURE
Wald Test:
System: WALDTESTSURE

Test Statistic Value df Probability

Chi-square 2860.076 28 0.0000

Null Hypothesis Summary:

Normalized Restriction (=0) Value Std. Err.
C(2) - C(30) 2.,074638 0,149973
C(3) - C(30) -0.214409 0.057595
C(4)-C(30) 181:6655 116.2869
C(5)-C(30) 0.322665 0.184250
C(6) = C(30) -0.007389 0.067636
C(7) - €(30) 337.2380 87.34244
C(8) - C(30) 2.815779 0.439390
C(9) - C(30) -0.113883 0.044482
c(10) - €@30) 5.551252 30.84331
C(1) - C(30) 2.527474 0.202608
C(12) - C(30) : -0.144901 0.055618
C(13)-C(30) 108.8515 58.30614

C(14)-C(30) 0.184621 0.912442
C(15) -C(30) 1.585873 0.237411
C(16) - C(30) -6.849691 7.401823
C(17) - C(30) 0.679536 0.274087
C(18) - C(30) : 0.177242 0.049399
C(19) - C(30) 182.2419 53.73191
C(20) - C(30) 4.817411 , 0.601813
C(21)-C(30) -0.642191 0.296046
C(22) - C(30) 20.01008 18.94216
C(23)- C(30) 0.957803 0.415780
C(24) - C(30) 0.038685 0.039134
C(25)-C(30) 188.1375 4210504
C(26) - C(30) 2,543754 0.742064
C(27) - C(30) 0.011832 0.150592
C(28) - C(30) 2.774918 1.753577
C(29) - C(30) 1,074433 0.169668

Restrictions are linear in coefficients.
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Adjusted R-squared  0.867781
S.E. of regression 40.48088
Durbin-Watson stat1.567259

Equation:
C_05=C(13)+C(14)*1_05+C(15)*F_05
Observations: 20

S.D. dependent var
Sum squared resid

111.3275
27857.93

R-squared 0.695047
Adjusted R-squared ~ 0.659171
S.E. of regression 111.9387

Durbin-Watson stat0.245970

Equation;

CL06=C(16)+C(17)*1 06+C(18)*F_06.

Observations: 20 :

Mean dependent var
S.D. dependent var
Sum squared resid

486.7650
191.7395
2130145

R-squared 0.924332
“Adjusted R-squared * 0.915430

S.E, of regression 19.61240
.Durbin-Watson stat0.517569

Equation:
C.07=C(19)+C(20)*1 -07+C(21)*F 07
Observations: 20

Mean dependent var
S.D. dependent var
Sum squared resid

104.2850
67.44070
6538.986

R-squared 0.717644
Adjusted R-squared  0.684426
S.E. of regression 71.13511
Durbin-Watson stat0.700360

Equation:
C.08=C(22)+C(23)*1. 08+C(24)*F- 08
Observations: 20

Mean dependent var
S.D. dependent var
Sum squared resid

314.9450
126.6290
86023.47

R-squared 0471227
Adjusted R-squared . 0.409018
S.E. of regression 47.86639
Durbin-Watson stat0.277428

Equation:
C 09=C(25)+C(26)*]. 09+C(27)*F 09
Observations:-20

Mean dependent var
S.D. dependent var
Sum squared resid

+85.64000

62.26494
38950.25

R-squared 0.450930
Adjusted R-squared  0.386334
S.E. of regression 73.405917
Durbin-Watson stat0.255652

Equation:

C_10=C(28)+C(29)*1_10+C(30)*F_10

Observations: 20

. Mean dependent var
S.D. dependent var
Sum squared resid

297.9000
93.70553
91603.43

R-squared 0.595595
Adjusted R-squared - 0.548018
S.E. of regression 2.127468
Durbin-Watson stat0.54 1849

Mean dependent var
S.D. dependent var
Sum squared resid

5.941500
3.164479
76.94403
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Table(4)

Seemingly Unrelated Regression

System: UNTITLED

Estimation Method: Seemingly Unrelated Regression
Date: 06/01/11  Time: 22:07

Sample: 1935 1954

Included observations: 20

Total system (balanced) observations 200

Linear estimation after one-step weighting matrix

Coefticient Std. Error t-Statistic Prob.
cn 3259463 178.1563 1.829552 0.0691
C(2) 2.072671 0.152993 13,54752 0.0000
Cc3) -0.216375 0.047715 -4.534717 0.0000
C4) 181.6636 116.2846 1.562233 0.1201
C(5) 0.320699 :0.180399 1.777720 0,0772
C(6) -0.009355 0.066805 -0.140041 0.8888
(1) 337.2360 87.34021 3.861177 0.0002
C(8) 2.813813 0.436396 6.447845 0.0000
c(9) -0.115849 0.041587 -2.785683 0.0059
C(10) 5.549285 30.84356 0.179917 0.8574
C(11) 2.525507 0.201131 12.55654 0.0000
C(12) -0.146867 0.050169 -2.927444 0.0039
C(13) 108.8496 58.30302 1.866963 0.0636
C(14) 0,182655 0913560 0.199937 0.8418
C(15) 1.583907 0.238084 6.652731 0.0000
C(16) -6.851658 7.399234 -0.925996 0.3558
cimn 0.677569 0.275844 2.456347 0.0150
C(18) 0.175275 0.042083 4.164979 0.0000
C(19) 182.2399 53.73203 3.391645 0.0009
C(20) 4.815444 0.603284 7.982051 0.0000
c@h -0.644158 0.293695 -2.193288 0.0296
C(22) 20.00811 18.93921 1.056438 0.2923
C(23) 0.955837 0.414786 2.304408 0.0224
C(24) 0.036718 0.034005 1.079798 0.2818
C(25) 188.1355 4210510 4468236 0.0000
C(26) 2.541787 0.741470 3.428038 0.0008
c@n 0.009865 0.148802 0.066298 0.9472
C(28) 2.772952 1.731653 1.601332 0.1112
c(29) 1.072466 0.164802 6.507620 0.0000
C(30) -0.001967 0.023623 -0.083252 0.9337
Determinant residual
covariance 3.10E+28
Gquation: C_ 01=C(1)+C(2)*1.011C(3)*I' 01
Qbservations: 20
R-squared 0.872375 Mean dependent var 648.4350
Adjusted R-squared  0.857360 S.D. dependent var 630.1641
S.E; of regression 237.9982 Sum squared resid 962933.4
Durbin-Watson
stat 0.511929
Equation; C-02-C(4)+C(5)*1_02+C(6)*F 02
Observations: 20
R-squared 0.213302 Mean dependent var 294.8550
Adjusted R-squared . - 0.120749 S.D. dependent var 156.9194
S.E: of regression 147.1408 Sum squared resid 368057.0
Durbin-Watson stat0.429316
Equation; C_03=C(7)+C(8)*1_03+C(9)*F_03
Observations: 20
R-squared 0.569977 Mean dependent var 400.1600
Adjusted R-squared -+ 0.519386 §.D. dependent var 250.6188
S.E. of regression 173.7448 Sum squared resid 5131834
Durbin-Watson stat0.291028
Equation:
C_04=C(10)+C(11)*I_04+C(12)*F_04
Observations: 20

121.2450-

R-squared 0.881699 Mean dependent var
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Table(3)
Hausman Test

Correlated Random Effects - Hausman Test
Pool: RANDOM
Test cross-section random effects

Chi-Sq.
Test Summary Statistic ~ Chi-Sq. d.f. Prob.
Cross-section random : 2.131366 2 0.3445

Cross-section random effects test comparisons:

Variable Fixed  Random  Var(Diff) Prob.
C? 0310065 0308113  0.000006 0.4332
F? 0.110124 0.109781 0.000031 0.9506

Cross-section random effects test equation:
Dependent Variable: [ ?

Method; Panel Least Squares

Date: 06/12/11 Time: 22:36

Sample: 1935 1954

Included observations: 20

Cross-sections included: 10

Total pool (balanced) observations: 200

Variable CoefficientStd. Error t—Stétistic Prob.

-58.74394 12.45369 -4.716990 0;0000
7 0.310065 0.017355 17.86656  0.0000
? 0.110124 0.011857 9.287901  0.0000

mao

Eftects Specification

Cross-section fixed (dummy variables)

R-squared 0.944073 Mean dependent var  145.9582
Adjusted R-squared 0.940800  S.D. dependent var  216.8753
S.E. of regression  52.76797  Akaike info criterion 10.82781

- Sum squared resid  523478.1 Schwarz criterion 11.02571
Log likelihood -1070.781  Hannan-Quinn criter, 10.90790
F-statistic 288.4996  Durbin-Watson stat  0.716733
Prob(F-statistic) 0.000000

&"’{"@W‘\%
g
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Table(2)
. Random Model
Dependent Variable: I_?
Method: Pooled EGLS (Cross-section random effects)
Date: 05/28/11 Time: 03:28
Sample: 1935 1954
~ Included observations: 20
Cross-sections included: 10
Total pool (balanced) observations: 200
Swamy and Arora estimator of component variances

Variable . Coefficient  Std. Error  t-Statistic ~ Prob.
C .57.83441  28.88930  -2.001932  0.0467
Cc.? 0308113 0.017175  17.93989  0.0000
F:? 0.109781  0.010489  10.46615  0.0000
Random Effects
(Cross)
01--C -9.524296
02--C 157.8910
03--C -172.8958
04--C 29.91198
05--C -54.67901
06--C 34.34613
07--C -7.897758
08--C 0.672638
09--C -28.13935
10--C 50,31444
Effects Specification
S.D. Rho
Cross-section random . - 84.20095 0.7180
Idiosyncratic random 52.76797  0.2820
Weighted Statistics
R-squared 0.769503 Mean dependent var 20.25556
Adjusted R-squared 0.767163  S.D. dependent var 109.3928
S.E. of regression 52.78556 Sum squared resid 548904.1
F-statistic 328.8369 Durbin-Watson stat 0.682684
Prob(F-statistic) 0.000000
Unweighted Statistics
R-squared 0.803304 Mean dependent var 145.9582

Sum squared resid 1841062. Durbin-Watson stat 0.203539
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12.1 Summery and Conclusion:

There are two method. for pooling data (i.e. combining time series and cross
section) data. in this study two method application in the balance panel data sets of
Grunfeld Investment Data, 10 Firms, 20 Years (1935-1954), First: pooling PTSCS
(panel data) model, using fixed versus random, and Second: seemingly unrelated
correlation (SUR) model. both method appear efficiency, the differ depend on the

assumptions mad about the coefficient and error vector in each equation.

Dependent Variable: 1_?

. Table(1)
“Fixed Model

Method: Pooled Least Squares
Date: 05/28/11 Time: 03:18

Sample: 1935 1954

Included observations: 20
‘Cross-sections included: 10
Total pool (balanced) observations: 200

Variable Coefficient Std. Error t-Statistic Prob.
C -58.74394 12.45369 -4.716990 0.0000
c? 0.310065 0.017355 17.86656 0.0000
F 2 0.110124 0.011857 9.287901 0.0000
Fixed Effects (Cross)

01--C -11.55278

02--C 160.6498

03--C -176.8279

04--C 30.93464

05--C -55.87281

06--C 35.58264

07--C -7.809534

08--C 1,198282

09--C -28.47833

i0--C 52.17610

Elfects Specification

Cross-section fixed (dummy variables)
R-squared 0.944073. . Mean dependent var 145.9582
Adjusted R-squared 0.940800 - S.D. dependent var 216.8753
S.E. of regression 52.76797 - Akaike info criterion 10.82781
Sum squared resid 523478.1  Schwarz criterion 11.02571
Log likelihood -1070.781 - Hannan-Quinn criter, 10.90790
F-statistic 288.4996 - Durbin-Watson stat 0.716733

Prob(F-statistic) 0.000000
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Statistical Association, 57, 1962, pp. 348-368 for analyses of these data. See table
(1) in appendix.

11.1 Appling Statistical models and Statistical Analysis:

First: we apply fixed model on data and use the least square dummy variable
(LSD) to estimate the parameter of model see table (1). The result show that:
R-squared = 0.944073 these meaning that the model interpretation 94% from
explanatory variable, the low value of Durbin Watson statistics 0.716733
gives evidence for model misspecification. F-Statistics value 288,4996 is
significant so we reject the null hypotheses Ho and conclude that the intercept
of the 10 Firms Cost function are not all the same.

Second: applied Error component as a random model, and estimation the
parameter using generalized least square (GLS) see table (2)..The result show
that: R-squared = 0.76953 these meaning that the model interpretation 76%
from explanatory variable, by calculate Lagrange multipliers LM- Statistics

value. A=NT xR%*,1=200%x0.769503then  A=153.90 5 fined the
tabulating value at & =0.05 ;(2(,) =3.84, A is significant so we reject the null

hypotheses HO:é'ZM =0 and conclude that there is cross sectional

heteroscedasticity.

Third: applied Hausman test to choose the appropriate model for balance panel
data sets (fixed versus random) to test cross section random effects see table

(3).the result show that small the Hausman test value 2.1313660 #?, the p-value

equal 0.3445 not significant at a = 0.05, so we accept Hy that the random effects
estimator are consistent and efficient, and the random model is more appropriate.

Forth: According to the results in parts (second and third), we can advice the
researchers after using the models that combine the cross-section time series data
not to stop at the comparison between the fixed and random models. If the
Hausman test indicates that the random model is the appropriate one.(i.e., the
slops of the various equations are different ), it is important fo use any more
information exit between the errors of these equations. Therefore, we apply the
seeming unrelated regression (SUR) model to benefit from the contemporaneous
covariance across the investment equations under study.

Finally: applied Seemingly unrelated Regression(SUR) model sce table(4)
treats each cross-section and the time series within that cross-section as a separate
equation that is unrelated to any other cross-section in the pooled data set., and test
the significant between coefficients use Walled test see table (5). ,the result show
that the test statistics value 2860.076 and the p-value significant so reject Ho and
conclude that the coefficient are not all the same. The residual correlated test
matrix see table (6) in appendix, which display that there is high correlation
between different disturbances at a given point in -time is known as
Contemporaneous correlation, this meaning that there is a more gain in efficiency.
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All individuals have their own regression parameters, but these are restricted to be
constant over time. The regression relations for the different individuals are only
related via the correlation of the error terms, but the error covariance across
individuals is unrestricted No error covariance across time: no serial correlation, or
serial cross correlation.

Estimating the parameters by OLS per equation is consistent, but is inefficient if the
disturbances for the different individuals display contemporaneous correlation and the
regressors sets differ from individual (equation) to individual (equation) This is easily
shown if we combine data for all the units in one big transformed regression model,
where we can apply OLS

8.1 Basic linear SUR model:

y =X B + u
Tl TLLXK Pkxl TIx1
where k= > kz'

1=1

now the error term have the following properties

E u = 0
(fol) ~loxl

cov u = ®1
[TLxl] LxL T

where ZLXL is known matrix

®= 9.1 Data Description:
= Deal the balance panel data sets of Grunfeld Investment Data, 10 Firms, 20 Years

(1935-1954).

*  Cross-Section: n=10 Firms (GM, US Steel, GE, Chrysler, Atlantic Refining,
IBM, Union Oil, Westinghouse, Goodyear, Diamond Match). .

*  Time Series: T=20 years per firm (1935-1954),Grunfeld estimated the
following regression model:

Lit=p 1+p 2Fit+p 2Cit +uit
u T = Investment

F = Real Value of the Firm
C = Real Value of the Firm's Capital Stock

10.1 Data Source:

& From Greene sites to panel data sets:
http://pages.stern.nyu.edu/~wgreene/Econometrics/PanelDataSets.htm

= Data are fined in Ph.D. dissertation of Y. Grunfeld (Univ. of Chicago, 1958), See,
e.g., Zellner, A., "An Efficient Method of Estimating Seemingly Unrelated
Regression Equations and Tests for Aggregation Bias," Journal of the American
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6.1 Seemingly unrelated regressions:

In econometrics, the seemingly unrelated regressions (SUR) or seemingly unrelated
regression equations (SURE) model, proposed by Arnold Zellner in (1962), is a-
generalization of a linear regression model that consists of several regression
equations, each having its own dependent variable and potentially different sets of
exogenous explanatory variables. Each equation is a valid linear regression on its own
and can be estimated separately, which is why the system is called seemingly
unrelated, although some authors suggest that the term seemingly related would be
more appropriate, since the error ferms are assumed to be correlated across the
equations. See Zellner, Arnold (1962).

The model can be estimated equation-by-equation using standard ordinary least
squares (OLS). Such estimates are consistent, however generally not as efficient as
the SUR method, which amounts to feasible generalized least squares with a specific
form of the variance-covariance matrix. Two important cases when SUR is in fact
equivalent to OLS, are: either when the error terms are in fact uncorrelated between
the equations (so that they are truly unrelated), or when each equation contains exactly
the same set of regressors on the right-hand-side.

The SUR model can be viewed as either the simplification of the general linear
model where certain coefficients in matrix B are restricted to be equal to zero, or as
the generalization of the general linear model where the regressors on the right-hand-
side are allowed to be different in each equation. The SUR model can be further
generalized into the simultaneous equations model, where the right-hand side
regressors are allowed to be the endogenous variables as well.

A seemingly unrelated regression (SUR) system comprises several individual
relationships that are linked by the fact that their disturbances are correlated. Such
models have found many applications. The correlation among the equation
disturbances could come from several sources such as correlated shocks to household
income. Alternatively, one could model the demand of a household for different
commodities, but adding-up constraints leads to restrictions on the parameters of
different equations in this case.

7.1 Two main motivations for use of SUR.

P R A A e ]

First one is to gain efficiency in estimation by combining information on different
equations.

Second motivation is to impose and/or test restrictions that involve parameters in
different equations.
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5.1 The Hausman Testl
Fixed or Random Effects: Dummy Variables versus error component models:

For the panel data the appropriate choice between the fixed effects and the random
effects methods investigates whether the regressors are correlated with the individual
(unobserved in most cases) effect. The advantage of the use of the fixed effects
estimator is that it is consistent even when the estimators are correlated with the

individual effect.
In other words, given a panel data model where fixed effects would be appropriate the
Hausman test investigates whether random effects estimation could be almost as good.

Hausman assumed that there are two estimators, ,5’0 and ,@1 of the parameter vector
and he added two hypothesis-testing procedures. Under Ho, both estimators are
consistent but ﬁo is inefficient, and under H1, ,30 is consistent and efficient, but ﬁl is
inconsistent.

we actually test H0 , that random effects are consistent and efficient, versus H1, that
random effects are inconsistent (as the fixed effects will be always consistent). The
Hausman test uses the following test statistic:

oF -RE , - : ~RE .1 2FE ~RE
H =@ - By var ™ - var 8Nt - 5N - 2w

If the value of the statistic is large, then the difference between the estimates is
significant, so we reject the null hypothesis that the random effects model is consistent
and we use the fixed effects estimators, In contrast, a small value of the Hausman
statistic implies that the random effects estimator is more appropriate.

Figure (1)
Choice of regression model for panel data
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3.1 BALANCED AND UNBALANCED PANELS:
« a “panel” data set will consist of n sets of observations on individuals to be

denoted i = 1, . . ., n. If each individual in the data set is observed the same
number of times, usually denoted 7, the data set is a balanced panel.

= An unbalanced panel data set is one in which individuals may be observed
different numbers of times. We will denote this 7.

» A fixed panel is one in which the same set of individuals is observed for the
duration of the study. :

= A rotating panel is one in which the cast of individuals changes from one
period to the next ~ ‘

4.1 Pooling Time Series — Cross section (PTSCS) data Dummy Variables and

error component models:
In genera!, the models considered can be written as:

. k . o
Yy =By +Zh=2 B X pir +eipr  FL2NSL2.LT

where 1 = |, '2, ... N refers to a cross-sectional unit, hereafter referred to as an
individual, and ¢ = 1, 2,. . . , 7 refers to a given time period. Thus [ is the value of the
dependent variable for individual i at time ¢ and Xi, is the value of the kih

nonstochastic explanatory variable for individual i at time ¢. The stochastic term et is

assumed to have mean zero. [£/eit] = 0, and constant variance, E [e,f ] =0

The Bpj; are unknown parameters or response coefficients and. As the subscripts
suggest, for the most general case they can be different for different individuals and in
different time periods. However, in most cases more restrictive assumptions will be
made and, in fact, this is a convenient way the following tow cases will be

considered:
1. Slope coefficients are constant and the intercept varies over individuals

sk
Yy =B +Zk=2/5kait ey

2. All coefficients vary over individuals,

Yo =(By +u;)ir + X B tey

In cases 1 to 2 the models can be classified further depending upon whether the
variable coefficients are assumed to be random or fixed. The fixed assumption leads to
dummy variable models and the seemingly unrelated regression model while the
random assumption leads to error components models. :
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Given this preamble, we can write the generic pooled linear regression model
estimable by Ordinary Least Squares (OLS) procedure.

_ k
Vi =by v 20 _0bk X iy veiy

Where i = 1,2,....; N; refers to a cross-sectional unit; t = 1,2,....; T; refers to a time
period and k = 1,2,....; K; refers to a specific explanatory variable, Thus, ¥, and X,

refer respectively to dependent and independent variables for unit i and time t; and e,

is a random error and B, and f; refer, respectively, to the intercept and the slope
parameters.2 Moreover we can denote the NT X NT variance-covariance matrix of the
errors with typical element E(e,e, )by €.

Estimating this kind of model and some of its variants , solves many problems of
traditional methods of the comparative research (i.e. time series analysis and cross-
sectional analysis).

Detailed discussion of the methods described in the following sections can be
found in:

Greene, William H. (2011), Judge, George G., W.E. Griffiths, R. Carter Hill, Helmut
Liitkepohl, and Tsoung-Chao Lee, Federico Podesta (2011), Baltagi, B.H., (2008),
Asteriou and Hall (2007), Wooldridge, Jeffrey M.(2006), Moon, H.R. and P. Perron
(2004), Jeffrey. M. Wooldridgev(2010).

If the same units of observation in a cross-sectional sample are surveyed two or more
times, the resulting observations are described as forming a panel or longitudinal data
set. Time-series—cross-section (TSCS) data consist of comparable time series data
observed on a variety of units. researchers have been able to use time-series cross-
sectional data to examine issues that could not be studied in either cross-sectional or
time-series settings alone. Another name of pooled TSCS analysis is panel analysis.

2.1 Several reasons for the increasing interest in panel data sets.

A First reason An important one is that their use may offer a solution to the problem
of bias caused by unobserved heterogeneity, a common problem in the fitting of
models with cross-sectional data sets.

A second reason is that it may be possible to exploit panel data sets to reveal
dynamics that are difficult to detect with cross-sectional data.

A third attraction of panel data sets is that they often have very large numbers of
observations. If there are » units of observation and if the survey is undertaken in T
time periods, there are potentially #T observations consisting of time series of length T
on # parallel units. :
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Methods of Pooling Time Series — Cross section (PTSCS) Data:
A comparative Study

Abeer Ibrakim Zidan Mohamed™

Abstract:
Data sets that combine time series and cross sections are common in economics.

Pooled analysis combines time series for several cross-sections. Pooled data are
characterized by having repeated observations on fixed units. If the same units of
observation in a cross-sectional sample are surveyed two or more times, the resulting
observations are described as forming a panel data set. these paper investigate
- Pooling Time Series — Cross section (PTSCS) data with Fixed and Random Effects
using Dummy Variables versus Error Component Models, and comparative with
Seemingly unrelated Regression model treats each cross-section and the time series
within that cross-section as a separate equation that is unrelated to any other cross-
section in the pooled data set. Most specifically, this model is interpretable as a series
of a nation specific regression analysis that utilizes contemporaneous cross-equation
error correlations among the error of a system of equation to improve the efficiency of
the equation’s estimates. The comparative study implementations in Grunfeld
Investment Data, 10 Firms, 20 Years (1935-1954) as a balance panel data Sets.

Key Word:
Pooling analysis — panel data - Dummy Variables - Error Component - Seemingly
unrelated Regression model. ‘

1.1 INTRODUCTION:

Data sets that combine time series and cross sections are common in economics. Pooled
analysis combines time series for several cross-sections. Pooled data are characterized
by having repeated observations (most frequently years) on fixed units (most frequently
states and nations). This means that pooled arrays of data are one that combines cross-
sectional data on N spatial units and T time periods to produce a data set of N xT
observations. ‘

However, when the cross-section units are more numerous than temporal units (N >T),

the pool is often conceptualized as a “cross-sectional dominant”. conversely, when the
temporal units are more numerous than spatial units (T > N), the pool is called
“temporal dominant”.

Given this preamble, we can write the generic pooled linear regression model
estimable by Ordinary Least Squares (OLS) procedure.

*Cairo University-Institute of Statistical Studies & Research-Department of Applied Statistics
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chemical industries and social services as being key sectors in the Egyptian
economy. Furthermore, maximum jobs could be attained in case the disbursed
funds are to be allocated to the government selected sectors or to social services
alone or to the construction and buildings sectors plus social services and key

sectors as a third best option.

Policy makers should make a two-dimensional trade-off. The first is whether
to target specific sectors of interest or to apply a more uniform allocation across
sectors. The sectoral distribution of the fiscal spending gains much importance,
since the 1-O multipliers differ significantly across sectors. The second trade-
off reflects the choice of realizing a maximum target of job creation versus GDP
growth target. In fact, the current situation revealed a good combination of
achieving both targets; however a re-allocation of resources resulted in a better
position for both targets. The analytical framework proposed in.this paper. seerms
both relevant and appropriate for making decisions related to the optimal
allocation of spending. The optimality of FSP 2009/2010 allocation is based on
the structure of Egypt 1-02007/2008 since it is the only available sectoral
database for the analysis. Thus, the results of the alternative scenarios are very
sensitive to the inter-linkages and structural characteristics besides, the detailed
available breakdown of the sectors. The optimal allocation of the stimulus
spending could guide policy makers in the allocation of targeted investments in
the annual socio-economic plan.

To maximize the benefits of government expenditure in terms of economic
growth and employment, it is reccommended that a detailed analysis of the key
sectors in Egypt is conducted with regard to the Egypt I-O table. More recent,
comprehensive and representative data for the structure of the Egyptian
economy and the interrelationships among sectors should be provided by the
concerned authorities. In order to have an accurate estimate for the impact of
specific amount of money directed o specific sectors, it is very crucial to have
the right multipliers derived from the right structure of the economy given the
inter-linkages among sectors. The sectoral distributional issue of the
government budget in general and especially for the stimulus expenditure is an
important one. Setting the priorities of investment spending is one of the critical
issues that policy makers need to resolve. Further research is needed to explore
the sectoral relations and inter-linkages with their potentials to contribute to
achieve the targets of the socio-economic development plan associated with the

welfare and distributional aspects.
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The analysis of the performance of the key selected sectors in the scenarios 6
and 7 shows that agriculture-vegetarian has two interesting  attributes.
Agriculture-vegetarian occupies the second ranking in scenarios 6-a and 7-a
(that are pro-growth). It is ranked fourth in scenarios 6-b and 7-b (that are pro-
job creation). This may be related to the high shave in labor and GDP
respectively. Besides, agriculture-vegetarian sector enjoys stronger forward
linkages than backward linkages and has moderate value added multiplier. It is
also ranked the second highest sector in the number of workers in the economy
following the social services sector and is among the first five sectors that have
higher shares in GDP. Being one of the selected key sectors, spinning and
weaving is ranked second in scenario 6-b since it shows higher performance in
terms of employment multiplier and share in labor. Besides, high backward
linkages, it is considered the third ranked in scenario 6-a (pro-growth) since it
has a high value added multiplier. Being ranked lower among sectors in both
scenario 7-a and 7=b is'duc to lcwer performance in terms of share in GDP and
low wages and moderate jobs multiplier.

Finally, chemical industries as one of the key sectors, exhibits higher
performance in scenatio 6-b as ranked third among key sectors and fourth in
scenario 6-a and that can be interpreted in light of high job vacancies, high
wages, high forward and backward linkages and high value added multiplier.
The relatively lower position in scenario 7-a and 7-b is owing to that other
sectors in this scenario enjoy higher share in labor, higher employment

multiplier and higher share in GDP.

In brief, diversity in characteristics and linkages in the sectors comprising
Egypt I-O 2007/2008 lead to disparity in performance in capturing FSP
allocation, and hence the contribution to GDP growth and job creation in the
Egyptian Economy. The scenarios of optimal FSP allocation discussed above in
the ranking matrix provide alternative options for policy maker considering
maximizing the benefit of distributing FSP across different sectors.

S. CONCLUSION AND POLICY IMPLICATIONS
This study provides policy makers with criteria to guide the allocation of

fiscal stimulus spending across different sectors in the economy. This is mainly
achieved through setting the government current allocation as a benchmark case
upon which each alternative proposed scenario is evaluated. It seems that the
government choice -to - direct - the fiscal stimulus spending towards the
infrastructure sectors plus social services proved to be a good policy choice, yet
not optimal. The government allocation stood in the middle of achieving both
the growth and employment targets. Maximum GDP growth can be achieved if
the FSP2009/2010 is directed to social services only or to the three construction
and building sectors plus social services as a second best solution. A third
suitable choice is to target agriculture vegetarian, spinning and weaving,
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opportunities vis-a-vis the government current allocation. However, there is a
disparity among them in terms of growth performance (below, equal and above
the benchmark case). The positive values in column five reflect an increase in
jobs created, and hence the different remaining scenarios (1 and 5) range
between 127 thousand jobs created as a lower bound for the difference
compared with the current allocation-and reaching 132 thousand jobs created as
an upper bound. The fourth scenario reflects a number of lost employment
opportunities accounted for 313 thousand jobs in the first scenario, and this in
turn may lead to conclude that concentration of the stimulus spending is better
than distributing it among all the sectors with their different characteristics,
inter-linkages and capabilities in contributing to growth or creating more jobs in
the economy. We can easily detect that the structural characteristics play an
important role in determining the sectoral share in FSP 2009/2010 allocation in

-each scenaro..Social services scctor occupics the first rank among the sectors __ ..

capturing the FSP 2009/2010 in the three proposed scenarios. This might be due
to three main attributes. First, social services sector enjoys a high value added
multiplier. Second, it is ranked the first among sectors in the share in total
workers in the economy. Third, it has the highest third position among sectors
concerning the share of GDP. Moreover, social services sector has high forward
linkages and a little bit lower backward linkages (figure 2 in the appendix). The
wages in this sector is considered above the national average (Moursi et al
2009). Since ranked second among sectors in scenarios 1 and 7-b, water and
sewage sector perform very well in terms of value added and employment
multipliers, and it has moderate linkages with other sectors in the economy.
However, water and sewage and roads and bridges share low performance in
‘terms of the jobs multiplier, wages, share in workers in the economy and share
in GDP. Water and sewage exceeds in terms of value added and employment
multiplier and hence no wonder that roads and bridges succeed water and
sewage in the ranking among sectors. It is also noticed that the share in labor in
roads and bridges is higher than water and sewage sector.

While water and sewage, roads and bridges, and building sectors achieve
higher ranking in the pro-job creation scenario (7-b), the building sector
occupies a good ranking in the scenario that is pro-growth (7-a). Therefore,
building is ranked fourth in the first scenario and ranked fifth in scenario (7-b)
compared to other construction and building sectors. This position is realized
mainly due to the high value added and employment multipliers that are
translated to higher shares in GDP and labor in the economy. It is obvious that
building enjoys higher investments per unit of output, higher shares in GDP and
labor than roads and bridges and water and sewage. Output per worker is also
higher in building than in roads and bridges. Furthermore, building stands in the
middle between water and sewage and roads and bridges in backward linkages
and share with them low level of wages.
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4.2 Comparison of Government Allocation Vis-a-vis Alternative proposed
Scenarios of the Allocation of FSP 2009/2010

To evaluate the performance of the different proposed scenarios in achieving
both GDP growth and job creation targets, a ranking is attached to each scenario
‘1 order to reflect the relative position of the scenario in realizing each target
separately. The deviation between the jobs attained in each scenario and the
benchmark case is illustrated below in order to offer policy makers guidelines in
choosing the optimal allocation of FSP 2009/2010.

The results of the alternative scenarios of distributing FSP 2009/2010 across
sectors shows that the highest increase in GDP growth can be achieved with the
second best number of jobs created according to the fifth scenario (only SOS).
Comparing both ranking for attaining the highest growth rate in GDP and
achieving maximum cmployment opportunities, we find that the first scenario is
quite good in fulfilling both targets compared with the announced government
allocation. In the second scenario, we can detect that a trivial change in the
allocation of FSP 2009/2010 from the selected four sectors to the rest of the
economy leads to a drop in the number of jobs created in the whole economy to
nearly 265 thousand jobs compared to the first scenario, and about 134 thousand
jobs lost in comparison with the benchmark case. Moving to the third scenario
would not improve the situation but it worsens the extra growth attained and
number of jobs created. The policy maker can exclude the third scenario from
the choice set, since it does achieve neither a higher growth nor higher jobs.
However, the third scenario gives a space to all sectors to benefit from the FSP.
If we shift to the fourth scenario, to compare another proposed set of
governments preferences based on the sectoral shares in planned investments,
we can easily notice that the same level of additional growth in GDP is
encountered but with the number of jobs created in favor of the sectoral
allocation represented in the first scenario. ‘

Contrary to the first scenario, the increase in jobs created according to the
sixth scenario will be around 500 thousand jobs that still below the level
attained by the government choice of the distribution of FSP 2009/2010 in the
first scenario. Adding social services, water and sewage, roads and bridges and
building to the four key sectors in the seventh scenario resulted in a lower
growth rate in GDP compared to the sixth and first scenarios but still the same
growth in the benchmark case. Moreover, the increase in jobs created for the
seventh scenario ranges from 522-546 thousand jobs which are higher than the
sixth scenario and greater than the current allocation provided in the benchmark
case but still lower than the first scenario.

It is worth noting that the deviation in jobs encountered in each scenario
compared with the benchmark case is also computed. It is very clear that only
scenarios 2, 3-a, 3-b, and 4 are responsible for a great lost employment
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into consideration. To evaluate this argument we will resort to another two
additional scenarios that would reveal some of the mystery about the
concentration issue. Therefore, the sixth scenario assumes the optimal allocation
will be achieved if the government directs the FSP towards key sectors that will
be determined based on their performance regarding the forward and backward
linkages (figure 3 in the appendix). The key sectors according to this scenario
are the social services, spinning & weaving, chemical industries and agriculture-
vegetarian. If seeking a more reasonable distribution of FSP, the policy maker
may find scenario 6-a appropriate in narrowing the disparity between the shares
of the three building blocks of the Egyptian economy and maximizing GDP
growth simultaneously. Thus, the agriculture sector according to this scenario
captures 26% of FSP allocation and industry has 38% -and services 36%.
Moreover, scenario 6-b gives-more weight to industry-te-account for 44% of
FSP, the same share for services 36% and a slightly lower share for agriculture
nearly 20%. The most interesting issue arises from the choice of the sectors that
are eligible for capturing a significant share of FSP. Again the conclusion
reached earlier that when policy makers concentrate the stimulus spending in a
small number of sectors that are capable of generating employment
opportunities is better than having the funds distributed among a large number
of sectors.

The seventh scenario tries to evaluate the argument of concentration of
the disbursed funds among a limited number of sectors. A nice feature about the
seventh scenario is that it represents a mixed bundle of sectors combining both
key sectors which have strong backward and forward linkages with the four
selected sectors by the government. current allocation of FSP. It seems that the
seventh scenario is counting on the construction and building sectors to play a
signiﬁcant role in the stimulus spending, for which 40% of FSP is allocated,
besides, giving equal weights for services.and industry sectors to have 22% and
23% of FSP respectively and allocating 15% of FSP to the agriculture sector.

To sum up, each of the above discussed scenarios offer policy makers
criteria to take decisions related to the optimal allocation of FSP2009/2010
across sectors. It seems that there will be a dual trade-off that needs to be
considered. The first trade-off is related to whether to distribute the disbursed
funds to the whole set of sectors, so that benefits will spread across all sectors.
Otherwise, policy makers need to consider uneven distribution of the stimulus
spending and hence a selective choice of sectors should be made. The second
trade-off is concerning the compromise between higher growth in GDP and
higher jobs generated. Furthermore, the GOE should determine which target
seems to be crucial for this phase of economic and social development in the
Egyptian economy. Therefore, an analysis of the sectors that are capable of
achieving that target will be considered further




for construction and building sectors (24%), a littie bit lower share for
services(14.6%) agriculture (9%), and almost the same share to the industry

sectors (52%).
Table 3. Optimal Sectoral Allocation for Government FSP 2009/2010 versus Alternative Scenarios
Government . . . . . .
. . Scenario  Scenario . . . Scenario  Scenario  Scepario  Scenario
Sectors FSP Scenariol  Scenario2 3-a 1b Scenariod  Scenario5 6-a 6-b 7-a 7

Food and Tobacco .
Spinning & Weaving 4.18 4.24 0.15 0.00 20.14 24,47 10.46
Clothing 4.04 4.08 0.02 0.00 0.00 0.00 0.00
Chemical Industry 4.83 3.98 0.32 0.00 i8.14 19.70 12.33
Petroleum Products 498 328 2.93 0.00 0.00 0.00 0.00
Non-Metal Industry 5.30 4.27 0.29 0.00 0.00 0.00 0.00
Base Metals 5.06 5.0t 4.22 0.00 0.00 0.00 0.00
Metal Industry 430 549 e Ok e 0.00 0.00 0.00 0.00
Eng. & Machinery 3.67 4.50 5.4 0.00 0.00 0.00 0.00
Other Industry 0.00 0.00 0.00

Roads and Bridges 1.82 20.76 20.30
“7: Water'and Sewage 84:11 23.52 23.05 4.35

Transport & Comm.

Other Prod. Services 4.96 X 0.00 0.00

Social Services 816 685 3614 625 653 2126 100.00 35.84 21.76 2175
B e B s na b e PRt S e R A OO0 sl A EO e s s : =
Change in GDP (%) 148 1.26 125 138 1.81 146 : 39
J?gl‘)’:)c“’a‘ed {thousand 48409 61628 35063 31224 0331090 30278 61079 49813 49656 < 522.66 - 546.56
‘Cn‘:;"rsz in Labor 3093:62 4605.71 463705 2764.54 © 2822.84. 1328823 794919~ 4475.01 - 4506.49  3745.25 376123

Electricity Stations . 0.00
&

445 542 0.05 0.00 0.00

0.60

Source: Computed from Egypt1-O 2007/2008 (IDSC.2009) and simulation analysis.

The first three scenarios illustrated above obtain an optimal allocation for FSP
-2009/2010. Contrary to this, the fourth scenario demonstrates the sectoral shares

in FSP if the government decides to distribute the funds according to the current
investment plan 2009/2010. Therefore, the fourth scenario depicts that there will
e a concentration of the shares of the stimulus spending in the industry sector
that accounted for about 41% of FSP 2009/2010 followed by the social services
(21%) and then other productive services (19 %), and finally construction &
building sectors (16%), and the agriculture sector (3%). Contrary to the above
findings, the fifth scenario favoring only one sector represented in the social
services, proves to be the optimal selection in all the optimal cases presented
above since it achieves 1.8% additional growth in GDP and 611 thousand . jobs
generated that is very close to the first scenario. Nevertheless, this could be

considered a very extreme choice for the policy maker since it is difficult to

direct the entire stimulus spending to only one sector.

Till now, the results attached with each scenario seem very much pro the
argument of concentration of the distribution to limited number of sectors than
to target a more equal distribution, which takes all the sectors of the economy
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4.1 Results of Alternative Proposed Scenarios of the Sectoral Allocation of
FSP 2009/2010

The announced allocation of the stimulus expenditure reveals that the.
government kept an eye on specific sectors on both the first and second rounds
of stimulus. The fiscal expenditure was concentrated in the construction and
building sectors (water and sewage, roads and bridges, building) and social
services sector. Table 3 illustrates the sectoral shares of FSP2009/2010
according to the--alternative scenarios vis-a-vis the government current
allocation. The table also shows the impact of the sectoral allocation of FSP on
GDP growth, jobs creation and extra labor income generated”. The results
pointed out that some scenarios extend the benefits of the stimulus spending to
the whole economy through distributing the funds among all the sectors
- (Scenario 2,3 and 4), while the remaining scenarios allocates the share in fiscal
stimulus package to a limited number of sectors (scenariol, 5, 6 and 7).

The only difference between scenarios (3-a, 6-a and 7-a) and (3-b, 6-b and 7-b)
is that the former is related to the sectoral allocation of FSP 2009/2010 that is
pro-growth in GDP and the latter is illustrating the allocation of FSP across
sectors that is pro-job creation. In other words, the sectoral allocation that
achieves maximum growth GDP differs from that responsible for attaining
maximum of employment opportunities. Otherwise, the remaining scenarios
describe the sectoral optimal allocation that achieves both targets together.

The government FSP allocation given in the first column (the benchmark
case) in table 3 shows that water and sewage sector captures most of the fiscal
spending that accounts for 84% of FSP 2009/2010. The rest of the funds are
“directed to social services (8%); building (6%) and roads and bridges (2%). The
Optimal Allocation according to the first scenario is to distribute the stimulus
expenditure among the four selected sectors but with different shares.
‘Therefore, 19%, 21%, 23% and 37% of FSP should be directed towards
building, roads and bridges, water and sewage and social services respectively.
This would result in achieving higher extra growth (1.5%) and higher
~“employment opportunities (616 thousand jobs) associated with higher labor

income. The second scenario which is a variant of the first scenario after
permitting the rest of the economy to have a small share in FSP, allocates
around 63% of FSP to the construction and building sectors and about 36% to
- the social services. While senario 3-a achieves maximum GDP growth through
allocating more than half of the FSP to industry sectors (53%) followed by
construction and building (22%), services (15%) and agriculture (10%),
scenario 3-b realizes maximum jobs through allocating a slightly higher share

" Tables 3 and 4 in the appendix depict the detailed results for the impact of each sectoral allocation
according to each scenario separately on the value added inducement, jobs, and labor income
respectively.




. Optimal allocation for which the FSP is allocated to key sectors
(allocation taking into consideration inter-linkages between sectors): this
scenario assumes that the government directs the FSP towards key sectors
ihat will be determined basad o their performance regarding the forward
and backward linkages' (figure 3 in the appendix). A decision related to
the choice of key sectors in the Egyptian economy is made to include a
cornbination of the well-performing sectors on backward linkages such
as: Social services, spinning & weaving, and chemical industries, this in
turn reveals the importance of those sectors in stimulating activity
throughout the economy, due to high demand for output from the other
sectors. While the well-performing sectors on forward linkages are:
Social services, agriculture-vegetarian and chemical industries. So, the set
of sectors are the social services, spinning &weaving, chemical industries

and agricuiture-vegetarian’. Only one set of key“seciors ifat prove™t6”

achieve good performance in terms of attaining maximum employment

and growth in GDP. The data is then generated from symmetric beta

distribution as previously mentioned.

Y. Optimal allocation in case of adding key sectors to the selected four
sectors of which the government announced FSP is absorbed: Adding
social services, water and sewage, roads and bridges and building to the
four key sectors in the sixth scenario, then the data is generated as
previously mentioned. The last scenario is a mixture of the sixth and first
scenarios to envisage the impact of the sectoral allocation if we expand
the set of choice in front of the government but making it narrower
enough to exclude other irrelevant sectors in the economy.

4. RESULTS -

This section summarizes the main findings of the proposed alternative
scenarios of the optimal allocation of FSP 2009/2010. A comparison of the
performance of each scenario in terms of achieving the growth and employment
targets is also discussed in details.

' Linkages reflect the increase in the output level owing to an increase in the final demand. Buying
(selling) products from (to) other sectors denotes backward (forward) linkages (Kula 2008). To allow
for comparability between sectors, the forward and backward linkages (FL and BL, respectively) are
normalized to have the mean for each equal unity. Four classes of sectors are identified according to
the normalized linkages: Key sectors exhibiting strong FL and BL (both FL/BL greater than 1),
sectors exhibiting strong FL and weak BL (FL greater/BL less than 1), sectors exhibiting weak FL and
strong BL (FL less/BL greater than 1) and sectors exhibiting weak FL and BL (both FL/BL less than

).

“There are other two sets of a mixture of four key sectors that were tested according to a variant of the

Rasmussen forwards and backward linkages and also Watanabe forward and backward linkages. The

" results are not reported in the paper but available upon request.
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scenario. I{ the highest growth and highest job creation are related to the
same allocation then we have one optimal distribution for the FSP across
sectors but if the highest growth is corresponding to a specific allocation
that is different from the one creating the high«si job creation, then we
will have two optimal distributions for the FSP across sectors; one with
respect to the highest growth and the other with respect to the highest job

creation.

. Optimal allocation with restriction to the above four sectors getting 99%
of the total amount of the stimulus package and about 1% is distributed
on the rest of the economy: the same above process is repeated again in
this scenario while distributing 10942.5 million on the four sectors and
only 55 million on all other sectors. The main idea in this scenario is to

“give all economiy sectors shares of the stimulus package even if they arc:
very small portions. So this scenario permitting the rest of the economy to
have a very limited shares in FSP 2009/2010.

. Optimal allocation without restrictions to all sectors: in this scenario no
restrictions are assumed, all 22 economy sectors have equal opportunities.
The data is generated from symmetric beta distribution as mentioned
before; the optimization is based on the highest growth or highest job
creation or both.

. Allocation according to the planned investment shares: the data in this
scenario is not generated from beta distribution but it is based on the
investment plan announced by the Ministry of Economic Development
(MOED) 2009/2010. So there is no optimality in this scenario, but in fact,
this scenario shows the impact of allocating the stimulus package on the
sectors in the light of the investment plan on the growth and job creation.
This scenario in turn reflects one set of government preferences in
distribution of FSP across different sectors vis-a-vis the current status of
the announced government allocation.

. Optimal Allocation with restrictions that some sectors could not obtain a
share in FSP: the data in this scenario is generated from skewed beta
distribution that forces the sectors with small shared of the FSP to get
nothing (exactly zero) of the stimulus package while the sectors that have
high shares get more of the FSP. This scenario is an extreme case of
government choice where the distribution of the optimal FSP is forced to
completely exclude sectors altogether from the allocation of the stimulus
spending, therefore the optimal result came out to be that only one sector
‘will capture all the funds which may appear as unrealistic choice for the

government.




2008/2009 in order to gain insight about the government allocation of the
investment plan.

3. METHODOLOGY

This section proposes seven alternative scenarios for the allocation of the
government FSP 2009/2010, where six of which represent optimal allocation
across sectors according to each scenario restrictions. The fourth scenario is not
an optimal allocation as it is only assuming that the GOE will direct the funds
towards the sectors according to their shares in the investment plan announced
by the Ministry of Economic Development (MOED) 2009/2010. The simulation
size contains two millions trails. In each trail, the sectors shares in the FSP
2009/2010 are computed based on random number generation process from beta
distribution with parameters depend on the scenario restrictions and at the same
time has small variance to assure the stability of the simulation. For each daia
trail, we multiply FSP sectoral shares by I-O multipliers, namely we use two
main multipliers derived from Egypt 1-02007/2008 (IDSC 2009); employment
and value added inducement multipliers. This method enables us first to carry
out the simulation runs for FSP allocation across sectors. Second, we can
measure the impact of specific sectoral allocation of FSP on the economy and
then compute the optimal combination of sectoral shares that achieves both
maximum GDP and employment. Employment multiplier is defined as the
change in labor income across sectors in the economy owing to a change in any
sector. As pointed out in Mouhammed (2000) and He et al (2009), the value
added coefficients are the ratios of the value added to the gross output for each
sector. The sectoral value added inducement multipliers and coefficients
determine the direct, indirect and induced effects on the value added resulting
from an exogenous change in final demand expenditurei. We follow He et al
(2009) and Moursi et al (2009) in computing Type II multipliers to include the
induced effect on households’. The rropused alternative scenarics in this paper
could be summarized as follows: '

\. Optimal allocation with restriction to the same four sectors (building,
roads and bridges, water and sewage, social services) as announced in the
government allocation: the two millions data sets are generated from beta
distribution with equal parameters to assure symmetry. For each data set,
the impact of the allocation on growth and employment are computed

_based on employment and value added multipliers derived from Egypt IO
2007/2008 table. Then the allocation with the highest growth or job
creation or both is considered as the optimal allocation for this specific

* Interested reader can refer to Mouhammed (2000) for detailed analysis of 1-O model and computation of

multipliers. - :
.° Type 11 employment multipliers are calculated as the ratio of the sum of the changes in direct, indirect, and -

induced employment to the change in direct employment (Mouhammed 2000; Moursi et al 2009).
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Table 1. FSP 2009/2010 Sectoral Expenditure Allocation
(EGP Million)

Outlays

Sectoral Distribution

1. Water and sewage projects
Qiver Al nrojeci\- '

11 .Subsidies 571.5
111.Commodities 164
112.Infrastructure and geographical targeting 407.5

Domestic development projects and poor households
empowerment 150
Geographical targeting program and household empowerment 57.5
Domestic development: Geographlcal targeting 150
Environmental: Financing activities in the poorest villages 50
113.Y outh and sports-sector subsidies 120

1. Housing and wtilities: Nuba housing project
11 Reconstructure of desert villages

: end
Source: MOED (2010).

It is worth noting that the government orientation towards favoring
investments directed to infrastructure is dominant for the second stimulus plan.
Therefore, it is not surprising that the water and sewage sector received the bulk
of the funds (84%) of which about 97.3% going to water and sewage projects
and the remaining 2.7% allocated for the River Nile projects. The table
demonstrates that building has only 5.9% of the total stimulus expenditure with
the most is allocated to the re-construction of the desert villages (77%) and
about 23% directed towards Nuba housing project. The roads and bridges sector
has about 2% of the total spending while the social services sectors emerged to
attract about 8.2% of the second stimulus package of which 23% are directed to
health programs, 13.3% allocated to youth and sports sector and about 63.7% to
subsidies whether commodities or achi¢viry iidiastructure and geog! raphical
targeting projects. It is worth noting that geographical targeting comprises about
3.7% of the total FSP 2009/2010 and around 71.3% of total subsidies (LE 407.5
million) excluding subsidies directed to youth and housing. The interesting
feature about subsidies is that it accounts for 7.65% of the stimulus spending if
both youth and housing subsidies are added to it to reach about EGP 841.5

million.

In Brief, the second stimulus package 2009/2010 followed the first package
in favoring specific sectors and hence depriving the rest of the economy from
the benefits of investment expenditure due to the uneven distribution of
spending across sectors. The privileged sectors are the three construction and
building sectors in addition to the new sector introduced in the FSP 2009/2010
-~ that is social services. Therefore, the paper proposes to take a snapshot of the
sectoral shares of the executed investments in the socio-economic plan




9. SYNOPSIS ON THE FISCAL STIMULUS PACKAGE 2009/2010 AND EGYPT I-O
2007/2008

The GOE announced the implementation of a stimulus program late in 2008
that began to take place in March 2009 after the ratification by the parliament.
The first Egyptian Fiscal stimulus package (FSP) 2008/2009 gave priority to
infrastructure projects concentrating on the sectors achieving goals related to
social dimensions like potable water and sewage projects, building roads,
bridges, schools and basic health care centers. The first FSP also included a
significant spending committed to achieve the government program for sales tax
and custom duties reduction on some industrial inputs and capital goods for
supporting 1nterr1al trade and industrial zones and increasing export
cornpetltlveness The second stimulus program was planned to further facilitate

carrying outl some of the pr()Lt:(,lb financed at the earlier stage of stimulus

spending in addition to encouraging other socio-economic projects related to
poverty geographical targeting. ‘

Egypt 1-O 2007/2008 is designed to incorporate a detailed breakdown of the
construction and building sectors (decomposed into building, roads and bridges,
water and sewage, electricity stations and other construction and building), thus
in turn allows for evaluating the impact of the first and second stimulus
packages on employment and growth. Egypt I-O 2007/2008 comprises 22
sectors representing 2 agricultural, 17 industrial and 3 productive and social
services sectors (IDSC 2009; Moursi et al 2009). Egypt I-O 2007/2008 reflects
a mixture of the structural characteristics and production linkages between
sectors in the Egyptian economy. It is worth noting that the building sector has

‘higher shares in GDP and labor compared to roads & bridges and water &

sewage. However, labor productivity and capital intensity as measured by
output per worker and output per unit of capital respectively are higher in water
and sewage sector. Moreover, all construction and building sectors suffers from
very low level of wages that is below the national average (Moursi et al 2009).
Contrary to this, social services sector has relatively higher consumption per
unit of output ratio and very low investment per unit of output ratio. Besides,
higher value added share in GDP and very low output per worker due to ranking
the first in the number of workers employed and also it has higher wages
compared to construction and building sectors. Table 1 portrays the distribution
of the FSP 2009/2010 expenditures across different sectors according to the
sectoral structure of Egypt I-O 2007/2008 table. The FSP 2009/2010 amounted
to over EGP 10.997 billion equivalent to 1.2 percent of GDP'.

" For a detailed breakdown of first FSP 2008/2009, see Ramadan (2009) and Moursi et al (2009).
" The First stimulus package 2008/2009 amounted to over EGP 15.53 billion equivalent to 1.5 percent
of GDP (Ramadan 2009; Moursi et al 2009; El Ashram and Zakareya 2010).
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sectoral composition of public expenditure in developing countries (Estache et
al. 2007). It is also noticed that no well-defined rules for expenditure allocation
across sectors exist (Stefano et al 2007). Most of the empirical studies uses
endogenous growth framowork fo investigate the optimal allocation
government spending between health, education, and infrastructure. Stefano et
al (2005) investigated to how extent the composition of public spending matters
for growth, equity and poverty-reduction objectives within the broad framework
proposed in the literature by Ferroni and Kanbur (1992). Therefore, the
taxonomy of the public spending is thus between “social expenditure” and
“infrastructure expenditure” with the objective being to maximize the standard
of living. Agénor & Neanidis (2010) provided a full characterization of both the
growth- and welfare-maximizing structures of expenditure. Agénor (2005)
pointed out that the government can choose to achieve maximization of growth
through spending on infrastructure, therefofe consumption and welfare icrcases
and spending on health reduces, which leads to lower welfare in case the supply
of health services falls. Agénor (2005) also claimed that the government is
better off reducing the share of spending that it allocates to infrastructure as
long as the elasticity of output of health services with respect to spending on
infrastructure is not too high, and the supply of health services increases.

Using simulations approach in the analysis of public spending are only
reported in wide applications of computable general equilibrium (CGE) models
combining micro-simulations with distributional analysis in developing
countries (James 2009; Norris and Matovu 2002; Lofgren and Robinson 2004;
Jung and Thorbecke 2003). Simulations derived from CGE are one of the
research tools utilized by Jung and Thorbecke (2003) applied on Tanzania and
Zambia. Their simulations suggest that well-targeted education expenditure can
be effective for growth and poverty alleviation. They also suggest that a
sufficiently high level of physical investment is required to achieve growth.This
study differs from the previous literature in two respects. Firstly, we are
interested in finding the optimal allocation of fiscal stimulus package across a
large number of sectors, nearly 22 sectors given the structure of Egypt I-O
2007/2008. Secondly, the methodology adopted in this paper is different in
combining I-O multipliers with a simulation analysis that seeks to solve the

optimization problem.

The rest of the paper is organized as follows. Section two introduces a
snapshot of the second fiscal stimulus package 2009/2010 and demonstrates the
‘Egypt 1-O data used in the analysis. Then section three illustrates the
methodology applied in the analysis of the optimal allocation of the FSP
2009/2010. Furthermore, section four summarizes the results of the simulation
experiments by presenting the proposed alternative scenarios and comparing
them with the current government allocation of FSP 2009/2010. Finally section
five concludes and proposes some policy recommendations.




1.INTRODUCTION

The Egyptian policy maker is mindful of the need to stimulate the economic
activity in Egypt and achieving reasonable employment opportunities in the
aftermath of the economic crisis. The Government of Egypt (GOE) announced
the implementation of the first stimulus package in 2008/2009 with the aim of
preserving and stimulating domestic demand, supporting the sectors affected by
the crisis and accelerating carrying out national infrastructure projects
contributing to social welfare (Ramadan 2009; Moursi et al. 2009). The first
round of stimulus spending accounted for EGP 15.532 billion that represent
about 1.5 percent of GDP. Moursi et al (2009) pointed out that government
allocated around 65% of the first fiscal stimulus to the building, roads and
bridges, water and sewage and other construction and building sectors.

" The main objective of this study is to find the optimal sectoral allocation of
funds committed to the second stimulus expenditure 2009/2010 in order to
maximize the impact on both employment and growth. The paper adapts a
mathematical approach based on simulation in targeting the optimal allocation
of the Egyptian fiscal stimulus package 2009/2010 across the different
economic sectors of the Egyptian Economy. Following Moursi et al. (2009), the
paper relies on a recent Input-Output table for Egypt 2007/2008 as the core
sectoral database to represent the structure of the Egyptian Economy (IDSC
2009). Egypt I-O 2007/2008 enables us to derive the employment and value-
added multipliers in order to compute the impact of a certain allocation of FSP

2009/2010 on job creation and economic growth.

The paper sets the government allocation to the four selected sectors as a
benchmark case where other seven alternative scenarios are proposed for the
allocation of the government second FSP 2009/2010 that resulted from the
simulation of the allocation across sectors. The simulation model adopted in the
analysis relies on random number generation process for the sectoral shares in
the fiscal stimulus package that is carried over two million trails. For each trail,
we compute the impact of the allocation on GDP growth and employment using
the employment and value added multipliers derived from Egypt 10 2007/2008
table. Accordingly, the optimal allocation is obtained based on the highest GDP
growth attained or the highest employment achieved or both. It is worth noting
that each scenario could be evaluated in light. of the government allocation in
terms of the relative importance of each sector in fiscal stimulus package. A
detailed analysis of the impact of each scenario on economic growth and job

creation is also provided in the paper.

Although the interest in obtaining an optimal allocation of the government
expenditure across sectors is an old issue since the work by Devarajan,
Swaaroop, and Zou (1996), we find a few empirical studies investigated the




OPTIMAL ALLOCATION FOR FISCAL STIMULUS PACKAGE ACROSS SECTORS IN
EGYPT (2009/2010): A SIMULATION ANALYSIS

* AUDA H., ZAKAREYA E."

ABSTRACT

This paper presents a set of policy scenarios related to the choice of the optimal
allocation of the second fiscal stimulus package 2009/2010 across sectors in
Egypt. The analysis is based on a simulation-optimization approach for
obtaining the best combinations of sectoral allocation that produce the
maximum values for both growth in GDP and employment opportunities. The
paper relies on a recent Input-Output table for Egypt 2007/2008 as the core
“sectoral database (IDSC _2009). The structural characteristics and
interrelationships among sectors are retrieved from the derivation of the "
employment and value added inducement multipliers. The government of Egypt
directed the stimulus spending for only four sectors. The main findings of this
paper pointed out that these selected sectors proved to be a suitable policy
choice with respect to GDP growth and employment, however, optimality
requires a re-allocation of the shares of FSP 2009/2010 among the four sectors.
The optimal case among the proposed scenarios revealed that the highest GDP
and labor opportunities could be achieved if the social services sector captures
all the funds dispersed of FSP2009/2010. However, this choice might be an
acute choice. Some of the proposed scenarios need the policy makers to make a
trade-off regarding the choice of realizing a maximum target of job creation
versus GDP growth target. The paper also proposed one scenario of the sectoral
allocation of FSP2009/2010 according to the sectoral shares of the investment
plan, though not optimal, the results in terms of GDP growth and jobs created
seems more reasonable and achieving higher targets than the case of the
government current allocation. Finally, it is important to note that the structural
characteristics of the sectors play a significant role in determining the optimal
allocation, and hence those sectors that has a higher share of FSP2009/2010 in
the optimal case proved to be capable of generating employment opportunities
and contributing to GDP growth.
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results , for the first and second devices, or by the L0u1s results, for the
third device.

8. Conclusions
This article presents ML estimates of the parametexs of the model

suggested by Guirguis (2011) by using EM algorithm. He showed, in his
research, that there is a difficulty to estimate the parameters using the
Lagrange Multipliers with Newton-Raphson techniques when the number
of parameters is greater than one, and it is almost impossible , when the
number of these parameters is more than three. So, we presented an
application of the EM algorithm to Guirguis' Model to compute the ML
estimates of the parameters of the model. It is found that the Lagrange
Multipliers with Newton-Raphson techniques is better, to estimate the
parameters, compared to the EM Algorithm, when the number of
parameters is one. The EM Algorithm technique is better, to estimate the
parameters, compared to the Lagrange Multipliers with Newton-Raphson
techniques, when the number of parameters is greater than one. Also, it is
found that the estimated values of the variances of the estimators, using the
Information matrix, are less than the estimated values of these variances
obtained by Maximum Likelihood method or by Louis' results.

References
Bourke, P., Moran, M., 1984. Application of the EM Algorithm to randomized

response data. JASA. 79, 788-793.
Christofides, T., 2003. A generalized randomized response technique. Metrika.

57, 195-200.

Dempster A., Laird, N., Rubin, D., 1977. Maximum leehhood from incomplete
data via the EM A]gorlthm Jouma] of the Royal Statistical Society, Serial B. 39,
1-38.

Guirguis, F., .2007. On the estimation problem of the proportion of a sensitive
characteristic for randomized response Christofides Model. 19" Annual
Conference on Statistics and Modeling in the Social Sciences and Humanities,
Faculty of Economics and Political Science, Cairo University. March 27-28.
Guirguis, F., 2011. Three-stage randomized response model for measuring two

related sensitive characteristics. Under publication.
Kim, J.-M., Tebbs, J.. An, S.-W., 2006. Extensions of Mangat's randomized

response model. Journal of Statistical Planning and Inference. 136, 1554-1567.
Louis, T., 1982. Finding the observed information matrix when using the EM
Algorithm. Journal of the Royal Statistical Society, Serial B. 44, 226-233.

Singh, J., 1976. A note on the randomized response technique. Proc. of Social
Statistics Section, Amer. Statist. Assoc. 772.

Warner, S., 1965. Randomized response: A survey technique for eliminating
evasive answer bias. JASA. 60, 63-69.




Table (8) presents the estimated values for the parameters m3;'s using
the Lagrange Multipliers with Newton-Raphson and EM Algorithm
techniques, and the estimated values of Var(fiz); k = 1,2,3, 4 using the
Information matrix and Louis' results.

Table (8): The estimated Values of 775, using Lagrange Multipliers with Newton-
Raphson and EM Algorithm techniques and their estimated variances

The Technique a4 [ W
Lagrange Multipliers with 0.00467 | 0.001302 | 0.08316 | 0.001355
Newton-Raphson methods ‘

EM Algorithm technique 0.00458 0.08325
1. Using Louis' results 0.004436 0.004659
2. Using the Information matrix 0.001302 0.001355
= -The Technique flaa l - }
Lagrange Multipliers with 0.0174310.001718 1 0.89474 | 0.001787
Newton-Raphson method
EM Algorithm technique 0.01752 0.89465
2. Using Louis' results 0.042123 0.006421
1.Using the Information matrix 0.001718 0.001787

From Table (5), we find that;
1. The Lagrange Multipliers with Newton-Raphson and EM Algorithm

techniques, approximately, give the same estimated values for the
parameters 73 's .

2. The estimated values of Var(fis),) ; k = 1,2,3,4 by the Information
matrix are less than the estimated values by the results of Louis.

In general;
1. Ifthe randomized device aims to estimate one parameter, as in the first

and second device, and Maximum Likelihood method give
inadmissible estimate of this parameter, then the Lagrange Multipliers
technique, with Newton-Raphson method, is the better computing
technique compared to the EM Algorithm technique because it is

simpler and easier.

2. When the number of parameters is greater than one, as in the third
device, The EM Algorithm is the better technique compared to the
Lagrange Multipliers with Newton-Raphson methods because it is
simpler and easier and can be used whatever the number of the
parameters of the model.

3. The Information matrix gives less estimated values to the variances of
all estimators of the suggested model, compared to the corresponding
estimated values obtained by Maximum Likelihood method or Louis'
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Table (7): The iterations of the EM algorithm for obtaining the estimates of w3, s at pz; = 0.35, p3p =
P3s = O.Hm~3\~wu = How~ M3y = ©m~ M3z = 168 and M34 = 192

0.30, ps3 = 0.20,

Iteration k Ziakh i3y T3, 33 T34
h=1

0 0.01
1 1 0.02131 |.0.14213 | 0.01473 0.82183 0.00997

2 0.01415 | 0.12845 | 0.00856 0.84884 0.07786

3 0.00695 |- 0.04055 | 0.01471 0.93780 0.01213

4 0.00447 | 0.04637 | 0.01081 0.93833 0.90004
2 1 1002124 | 0.14218 | 0.01477 | 0.82181 0.00994

2 | 0.01410 |-0.12850 | 0.00858 | 0.84882 0.07789

3 | 0.00693 |0.04056 | 0.01474 | 0.93777 0.01216

4 | 0.00445 |°0.04638 | 0.01084 | 093832 : 0.90001
10 1 | 0.02088 | 0.14249 | 0.01497 | 0.82165 0.00977

i 2 ] 0.01386 | 0.12878 | 0.00870 | 0.84866 0.07806

3 | 0.00681 | 0.04065 | 0.01495 | 0.93759 0.01233

4 1 0.00438 | 0.04649 | 0.01099 | 0.93814 0.89984
20 1 | 0.02041 | 0.14290 | 0.01524 | 0.82145 0.00955

2 1 0.01355 | 0.12914 | 0.00886 | 0.84845 0.07828

3 1 0.00665 | 0.04077 | 0.01522 | 0.93736 0.01255

4 1 0.00428 | 0.04662 | 0.01119 | 093792 0.89962
e 1 10.00978 | 0.15201 | 0.02132 0.81689 0.00458

2 1 0.00649 | 0.13738 | 0.01239 | 0.84374 0.08325

3 1 .0.00319.].0.04336 | 0.02128 | 093216 0.01752

4 1 .0.00205 | 0.04959 | 0.01565 | 0.93271 0.89465




1. The Maximum Likelihood, Lagrange Multipliers with Newton-
Raphson and EM Algorithm techniques give the same estimated
value for the parameter myq .

2. The estimated value of Var(ft,,), obtained by the Information
matrix, is less than the estimated value obtained by either the
Maximum Likelihood method or the results of Louis.

7.3 For the Third Device

Guirguis (2011) performed the third device to measure the proportion
3, of the female students, in the Faculty of Commerce, Benha University,
having both the two related sensitive characteristics, informal marriage and
induced abortion. He used psy = 0.35, p3o = 0.30, p33 = 0.20 and
124 = 0.15, and got mz; = 103, m3, = 95, M35 = 168 and mz4 = 192.

Table (7) shows the iterations of the EM algorithm for the third device
(see Scctions (3)and (6)) and the estimated values of mg;,'s, for psy =
0.35, p3; = 0.30, pz3 = 0.20, p3s = 0.15, msy = 103, My, = 95,
ms5 = 168 and mg, = 192.
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Table (5): the iterations of the EM algorithm of 5, at
Py = 0.65,ppp = 035 , My = 199 and m,, = 359

Iteration k fpq
a ' h=1 h=2
0 0.03
1 I 1 0.05432 | 0.94568 | 0.0299]
2 | 0.01638 | 0.98362
2 1 0.05416 | 0.94584 | 0.02982
2 | 0.01633 | 0.98367
3 I 0.05400 | 0.94600 | 0.02973
2 | 0.01628 | 0.98372
10 1 0.05298 | 0.94702 | 0.02916
2 | 001596 | 0.98404
20 1 0.05167 | 0.94833 | 0.02843
2 | 0.01555 | 0.98445
00 ] 0.04028 | 0.95972 | 0.02210
2 | 0.01202 | 0.98798

Table (6) presents the estimated values for the parameter 1,; using the
Maximum Likelihood, Lagrange Multipliers with Newton-Raphson and
EM Algorithm techniques, and the estimated values of Var(f,,) using
Maximum Likelihood method, Information matrix and Louis' results.

Table (6): The estimated Values of fiz, using Maximum Likelihood, V
Lagrange Multipliers with Newton-Raphson and EM Algorithm
techniques and their estimated variances

The Technique o1 Var(ft,,)

Maximum Likelihood method 0.02210 | 0.002490

Lagrange Multipliers with Newton-Raphson methods | 0.02210 | 0.001303
EM Algorithm technique 0.02210

1. Using Louis' results 0.004568

2. Using the Information matrix 0.001303

From Table (6), we find that;




Table (4) presents the estimated values for the parameter 7y, using the
Maximum Likelihood,. Lagrange Multipliers with Newton-Raphson and
EM Algorithm techniques, and the estimated values of Var(ft;;) using the
Maximum Likelihood, Information matrix and [.ouis' results.

Table (4): The estimated Values of ft,,using Maximum Likelihood, Lagrange
Multipliers with Newton-Raphson and EM Algorithm techniques

and their estimated variances

The Technique o Var(fi;1)

Maximum Likelihood method 0.08783 | 0.001448

Lagrange Multipliers with Newton-Raphson methods | 0.08783 0.001122
EM Algorithm technique 0.08783

1. Using Louis' results” T 0.002495

| 2. Using the Information matrix 0.001122

From Table (4), we find that;
1. The Maximum I.ikelihood, 1.agrange Multipliers with Newton-Raphson

and EM Algorithm techniques give the same estimated value for the
parameter 74 . ‘ :

2. The estimated value of Var(ft;,), by the Information matrix, is less than
the obtained estimated value by Maximum Likelihood method or results

of Louis.

7.2 For the Second Deyvice

Guirguis (2011) performed the second device to measure the proportion
1,4 of the female students who had abortion, in the Faculty of Commerce,
Benha University. He used pp; = 0.65 and pp; = 0.35, and got My, =
199 and m,, = 359.

Table (5) shows the iterations of the EM algorithm for the second

device (see Sections (3) and (5)) and the estimated values of 1, for
p21 - 0.65, pzz = 0.35, 77121 = 199 and m22 — 359




its allocation to the different strata, using the proportion allocation, are
shown in table (2).

Table (2): The sizes of study population in each stratum and the allocated
of the sample to the different strata

Classes First Second Third Fourth | Total
Female Students 375 1386 1160 1668 4589
Sample 46 168 141 203 558

7.1 For the First Device

Guirguis (2011) performed the first device to measure the proportion
m,, of the informal marriage for the female students, in the Faculty of
Commerce, Benha University. He used p;; = 0.7 and p;, = 0.3, and got
my, = 187 and m,, = 371.

Table (3) shows the iterations of the EM algorithm to the first device
(see Sections (3) and 4) and the estimated values of my,, for p;; = 0.7,

plz = 03, 77111 = 187 and 77’!12 = 371

Table (3): the iterations of the EM algorithm of mr;, at
pl] - 0.7, plz = 0.3 ,mll = 187 and 77112 — 371

Iteration 14

k h=1 h=2

0 0.1

] 1 0.20588 | 0.79412 | 0.09922
2 | 0.04545 | 0.95455

2 1 0.20446 | 0.79554 | 0.09849
2 | 0.04508 | 0.95492

3 1 | 020313 | 0.79687 | 0.09781
2 | 0.04473 | 0.95527

10 1 0.19601 | 0.80399 | 0.09418
2 | 0.04286 | 0.95714

20 1 0.19019 | 0.80981 | 0.09123
2 | 0.04135 | 0.95865

o) 1 0.18347 | 0.81653 | 0.08783
2 | 0.03964 | 0.96036




1 0 0/, (@ 0 1 0 ad (0 0 0 1)/denoting  the
respondent reports 1, 2, 3 and 4, respectively.
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p3zand pag, respectively. Corresponding to equation (3.1), the E step, for
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7. The Applied Study

We now apply the EM procedures presented in sections (3)-(6) to the
case study of the three-stage randomized response model, suggested by
Guirguis (2011) presented in section (2). This study aims to estimate the
proportions of the informal marriage, as the first sensitive characteristic,
and induced abortion, as the second sensitive characteristic, for the female
students in the Faculty of Commerce, Benha University. It also aims to
estimate the proportion of the female students having both sensitive
characteristics. The selected sample size is n = 558. The sample size and




1
0
0 1 : s o - . :
(1 O) with probability pq, ,respectively. Corresponding to equation
3.1) the E step, for the first category, is

Y

matrices in use are Wy, = ( 2) with probability pq; and Wy, =

&)y .
i
E[zq4 / the i threspondent reports 1] = P—l—l—-(t)il— = Z/i1,
11
E e
[zi12 / the i th respondent reports ] = ——i—(—t—)— = Zi112
12
and corresponding to equation (3.2) the M step is
n
1
AlE+1) * . )
11 ""'7—'2211 t-—-—l,z,:), ,OO
l »
i=1
ACt+1) ~(t+1)
Ty =17,

5. ML, Estimation of the Parameters of the Second Device

In the second device we havej = 2; ¢ = 2; h = 1,2. The vector Y;»

can only assume two distinct vaJues namely (1 0)/ and (0 1)/ denoting
the respondent reports 1 and 2, respectively. The transformation matrices in
1 O 1) wim
0 1 0
probability p,, , respectively. Corresponding to equation (3.1) the E step,
for the first category, is »

use are Wy = ( (1)) with probability p,; and Wy, = (

(t)

s
E|z;,1 / the i threspondent reports 1] = P—%-l-a)—z—l- = Zhu
Aa1
heithr d . i __Pzzﬂétl)_ s
E|z;,, / the i threspondent reports 2] = — % = Zins
A23
and corresponding to equation (3.2) the M step is
n
1
ﬁéfl-*.l) = ‘—]; Z ZFZ t = 1’ 2' 3) ey Co
=1
A(E+1) A(t+1)
iy 7 =1—= 105

6. ML Estimation of the Parameters of the Third Device.
In the third device we have j = 3; ¢ = 4; h = 1,2,3,4. The vector Y;3

can only assume four distinct values namely (1 ‘O 0 0),




~ B [Zijh/ _Xi}"EJ('t)] =P [Zifh = 1/Xif'é’§1('t)]
Pr[zijh, Yij / 17.}‘)]
Prlyi/ ]

Then, for the first category at the j th device, the E step is

()
PjnT;
E[zl-jh/the i threspondent reports h] = ——jlzéi— =z (3.1
jh
h=1,2,..,c¢
And the M step is
n
1
~(t+1 *
ALY = = sz t=1,2,3.. ,® (3.2)
i=1

The asymptotic sample variances of the estimators fiy's ;k = 1,2, ..., ¢

can be estimated by two ways;
1. Using the Louis' results (1982) as follows;

n
Ij = ZZZ;' sz/
: =1
where zj; is the column vector of the elements
(Zi*jkh - 1- Zi*jkh

ik 1 -1

>; kh=1,2,..,c

from the final iteration of the EM algorithm.
2. Using the Information matrix as follows;
The Log likelihood function may be expressed directly as
c

Log L(m;) = C + Z mp .1og Ajp
h=1

where C is a constant. Thus, the Information matrix is

Il
J 6njk6nﬂ

0%L(m; :
2 = _E[ (—]):I ;k'l:]_'Z}m’C
4. ML Estimation of the Parameters of the Fil;St Device
In the first device we havej = 1; ¢ = 2; h =1,2. The vector Y1 can

only assume two distinct values namely (1 0)/ and (0 1)/ which means
that the respondent reports 1 and 2, respectively. The transformation




the true response x;; may be determined from the observed response y;; by

means of the transformation

Xij = Win . yij h=1,2,..,c

where W, is one of a set of (¢ X c¢) transformation matrices. The
actual transformations used are chosen according to the probability
distribution pj;, , X521 Pjn = 1. The set of transformation matrices and their
associated probabilities essentially define the particular randomized
response in each device.

If z;; is (¢ X 1) vector of similar structure to x;; above indicating which
transformation matrix is used by the i th respondent, then the actual
response X;; may be determined from vector y; by means of the

transformation
C

Xij = Zzijhwjh Yij
h=1
In EM algorithm z;; corresponds to the missing data on”the sensitive
characteristic level of the respondent. Then, we can represent the log
likelihood function for 1T; as

C C
Log L(m;) = Z Zijn Log pjn + Z Z ZinWin | -Yi;Log T
h=1 k=1 \h=1
= C + Z Z lehwjh _}_’u LOQ njk

k=1 h=1

Then, the complete data likelihood for the sample is

Log L(m;) = C +ZZ Zzijhwjh -YijLog mjx

i=1 k=

Then, the expected complete data likelihood at the t th iteration is

c

n
E[LOQL( j/Tl'(t) ZZ z leh/yljl ()) LOg Tk
(=1 k=1

Then, the E step consists of estimating the complete data sufficient
statistics z; with its expectation z;; conditional on y;; and the current

parameter 1T Tr( )




ms = (31 Tsz T3z 734)/ by solving the Non-Linear programming
problem : '
_ 4
Max. X3 = Xp=1Mzp L0g Azp
with respect to the 75, 's, subject to
T3y + T3 = Tqq

T3q + T33 = Ty
4

Zﬂ3k =1

k=1
and the nonnegative constraints
mgr = 0 k=1,2 3, 4

by using Lagrange Multipliers and Newton-Raphson techniques. In fact,
estimating the parameters of the first and second randomization devices, by
Maximum Likelihood method and Lagrange Multipliers with Newton-
Raphson techniques, is simple and. easy and give the same estimated
values of the parameters of these devices. Estimating the parameters of the
third randomization device, using lLagrange Multipliers and Newton-
Raphson techniques, is very difficult (See Guirguis (2011)). This means
that the estimation of the parameters, of the model, using the Lagrange
Multipliers and Newton-Raphson techniques, is difficult if the number of
categories of the sensitive characteristic, or the number of sensitive
characteristics is more than one. Therefore, we suggest using the EM
algorithm to find the ML estimates of the parameters of the model as
presented in the following sections. :

3. Estimation of the Parameters of the Suggested Model

Consider the sensitive characteristic, measured by the jth device;
= 1,2, 3, has c categories of which at most ¢ — 1 are stigmatizing.
Let : _
the population proportion for category k be 7, where Y5 _; mj; = 1 and-
our objective is to estimate the 7y,'s.

X;; be the true response of the i th respondent in the j th device, where
xijisa (¢ x 1) vector with all elements but one equal to zero, such that the
k th element being unity identifies the i th respondent belongs to the k th
category; i = 1,2, .. , m;j=1,2,3; k=1,2,..,c.

In fact, the randomized response is one which employs a randomizing
device to produce a reported response y; rather than the true response x;;.

So, we assume that y;; be a (¢ X 1) vector of similar structure to x;;. Then,
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2
Max. Xz = Z Map Jog Azp
- | : . h=1
with respect to the 1, 's; k = 1, 2 subject to
Ty + Ty =1 and 1y, e, = 0

2.3 The Third Randomization Device (Third Stage)

Suppose that every individual in the same study population belongs to
one and only one of four related mutually exclusive groups; Group I:
individuals having both related sensitive characteristics A, and B, at the
same time; Group II: individuals having the first sensitive characteristic 4,
and not having the second sensitive characteristic B,; Group III:
individuals not having the first sensitive characteristic A, and having the
second sensitive characteristic B;; Group 1V: individuals not having any of
the two related sensitive characteristics A, and B,. Also, we assume that
the true proportions of these groups are m3,, Tm3,;, TM33and
T34 , respectively. The device consists of four lists, and each list includes
the following four statements; (1) I am a member of groups A; and By,
(A;B;); (2) 1 am a member of groups A;and B,, (4;,B,); (3) 1 am a
member of groups 4, and By, (A4,B;); (4) 1 am a member of groups 4,
and B,, (A;B,), as shown in the following table

Table (1): The different lists used in the third randomization device
First List Second List Third List Fourth List

1. 4, B;
2. A1 B,

The probabilities of selection of these lists are ps;, p3z, P33 and
P34, respectively. By using the same procedures of the first and second

randomization devices, with

X;3 = h if the i th respondent reports a "h" answer h=1,23,4

o Prix;g = 1) = p3iMas + Psallaa + Pasfaz + PagTlag = Azg | = 1,2,..,may,
Pr{xiz = 2) = p3173p + P3aTa1 + Ps3llag + Paallaz = Az 1= 1,2, ..., m3,,
Pr(x;y = 3) = P31733 + P32Tsq + P33llzy + Pasllay = Azz [ = 1,2, ..., M3,
Pr(xiz = 4) = p31734 + P32Ma3 + P33Tlsz T P2aTa1 = Azq 1 = 1,2,..., M3,
Guirguis (2011) found that the Maximum Likelihood method give

inadmissible estimates of the parameters of  this device, so he
calculated the ML estimator for the vector ms;, where




Guirguis (2011) used the Maximum Likelihood method to find the ML
estimator for the vector my. Also, he used the Lagrange Multipliers with

Newton-Raphson techniques to solve the following problem
2
Max. X1+ Z Mmyp Log Aip
h=1

with respect to the 74;'s; k = 1, 2 subject to
91 + T2 — 1 and TTq1, T2 ZO

2.2 The Second Randomization Device (Second Stage)

We assume that, for the same population of the previous case, a
proportion, 7,4; of some individuals of population possess a second
sensitive characteristic, By, .while the remainder individuals of the
population do not posses this characteristic, B, with proportion 7,, = 1 —
54, and we want 1o estimate 7,;. The second randomization device has
the same procedures of the first randomization device. The first list
includes the statements: (1) I am a member of group By, (2) I am a member
of group B,. The second list includes the statements: (1) I am a member of
group By, (2) I am a member of group B;. The probabilities of selection of
these lists are pp;and p,, ,respectively. The respondent is required to
randomly select only one list and reads the selected list carefully then
reports either "1" or "2" according to whether he (or she) has the second
sensitive characteristic or not. Let

Xi» = h if the i threspondent reports a "h" answer, '_h =1,2

Then, the probability that the ith respondent reports a "1" answer is
Pr(xl'z - 1) = P21Tl74 -+ pzzn-zz = 221 i = 1, 2, 3, e Mpq.

The probability that the ith respondent reports a "2" answer is
Pr(xi; = 2) = paiMiay + P22flpn = Az (=1,2,3,.. ,my,.

In matrix notation, we have

Py, = A,
where 1;and 4, are column vectors of p;and 1,5, and Ay  h = 1,2

respectively, and
= [P21 pzz]
2 P22 P21
Guirguis (2011) used the Maximum Likelihood method to find ML

estimators for the vector 1,. Also, he used the Lagrange Multipliers with

Newton-Raphson techniques to solve the following problem
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individuals having the sensitive characteristic B among those having the
sensitive characteristic 4 and the population proportion of the individuals
having the sensitive characteristic B among those not having the sensitive
characteristic A . It is required to estimate, from a sample survey, these
population proportions. Therefore, a simple random sample of size, say n,
is drawn with replacement from that population. The respondents
belonging to the sample are subject to perform three different
randomization devices (each device represents a stage), and each
randomization device has a different predetermined probabilities.

2.1 The First Randomization Device (First Stage)

Consider the case where a proportion, 7,4, of some individuals of the
population possess a first sensitive characteristic, A;, while the remainder
individuals of the population do not posses this characteristic, A,, with
proportion 1, = 1 — 145, and we want Lo estimate 7r1,. With the aid of
the randomization device, the respondent is invited to randomly select one
of the following, lists by chance. The first list includes the statements: (1) |
am a member of group A;, (2) I am a member of group 4,. The second list
includes the statements: (1) I am a member of group 4,, (2) I am a
member of group A;. The probabilities of the selection of these lists are
piiand py,, respectively. The respondent is required to randomly select
only one list and reads the selected list carefully then reports either "1 or
"2" according to whether he (or she) has the first sensitive characteristic or

not. Let

X1 = h if the i threspondent reports a "h" answer, h=1,2

Then, the probability that the ith respondent reports a "1" answer is -
Pr(x;; =1) = p1aman + P12z = Aas i=123,.. ,my.

The probability that the ith respondent reports a "2" answer is
Pr(xi; =2) = pumiz + Pr2Min = Az 1= 1,2,3,... ,myy,
where '

n= Mmqq + My
In matrix notation, we have
Pimy= 244
where 1; and A, are column vectors of myjand 7;5 , and A h = 1,2

respectively, and
_ [P11 P12
Pa= [P12 Pn]




Proportions  of the individuals  having  two " related sensitive
characteristics, such as informal marriage and induced abortion, the income
and proneness to tax evasion, ... , etc. To avoid the estimation mentioned
problem, he used the Non-Linear programming technique with Newton-
Raphson method to estimate the parameters of the suggested model.
Estimating the parameters of the model, using Non-linear programming
technique with Newton-Raphson method, is very difficult, especially,
when the number of categories of each sensitive characteristic, or the
number of sensitive characteristics, is more than one. Therefore, we suggest
using the EM algorithm, which was presented by Dempster et al. (1977), to
find the ML estimates of the parameters of the model suggested by
Guirguis (2011), since it is simpler and easier whatever the number of
sensitive characteristics or the number of categories of each sensitive
characteristic. Bourke and Moran (1984) and Guirguis (2007) used the EM
Algorithm o find ML estimates  of the paramcters of Warner (1965) and
Christofides (2003) models respectively.

The present research is directed towards introducing a numerical
method to compute the ML estimates of the parameters of the Guirguis'
model. So, the remainder of the present research is organized as follows:
Section 2 presents the three-stage randomized response model suggested
by Guirguis (2011). A general formulation of an EM algorithm
procedures to estimate the parameters of the suggested model is presented
in section 3. The EM algorithm procedures to estimate'the parameter of the
first device " first-stage " are constructed in section 4. The EM algorithm
procedures to estimate the parameter of the second device " second-
stage " are designed in section 5. The EM algorithm procedures to
estimate the parameters of the third device " third-stage " are sketched in
section 6. An application to the EM algorithm procedures, to the same case
study in Guirguis (2011), of the informal marriage and induced abortion
among the female students in the University level ‘and a comparison
between the Maximum Likelihood estimates of the parameters and their
estimated variances of the model, using Maximum Likelihood, Non-Linear
programming with Newton-Raphson and EM algorithm techniques, are
given in section 7. Conclusions are drawn in section 8. :

2. The Three-Stage Randomized Response-Model

Suppose, some individuals, in a certain population, have two related
sensitive characteristics 4 and B, and we want to estimate the population
proportion of the individuals having the first sensitive characteristic 4, the
population proportion of the. individuals having the second sensitive
characteristic B, the population proportion of the individuals having both
sensitive characteristics A and B, the population proportion of the
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Estimating thi; Parameters of the Three-Stage
Randomized Response Model Using
the EM Algorithm

Farid Naguib Guirguis

Abstract

Maximum Likelihood (ML) estimates of the parameters of the three-stage
randomized response model, suggested by Guirguis (2011), are presented. -Since the
‘Maximum Likelihood method may give inadmissible estimates of the parameters of the
‘randomized response models, So Guirguis (2011) used the methods of Non-Linear

programming with Newion-Raphson 1o estimate the parameters of the suggested model -

by him. Estimating the parameters of the model, using Lagrange Multipliers with
Newton-Raphson methods, is very difficult, especially, when the number of parameters
of a sensitive characteristic, or the number of sensitive characteristics, is more than one.
So application of the EM algorithm is presented to find the Maximum Likelihood
estimates of the parameters of the model. It is shown that one can apply the EM
~dlgorithm by viewing the observations from the model as incomplete data. A general
“formulation of EM algorithm is sketched for the model. An application to the EM
‘algorithm procedures, to the same case study in Guirguis (2011), of the informal
marriage and induced abortion among the female students in the University level is
given. Comparison between the Maximum Likelihood estimates of the parameters and
their estimated variances of the model, using Maximum Likelihood, Lagrange
Multipliers with Newton-Raphson and EM algorithm techniques, is given.

Keywords: Randomized response; Latin square measurement design; Three-stage
randomized response model; EM Algorithm

1. Introduction .
Randomized response (RR) is a survey technique for. reducing response

bias arising from respondents concern over revealing sensitive information.
Warner (1965) presented the first model, of the randomized response, for
-estimating the population proportion, 7, of individuals having a sensitive
characteristic in the given population. Other randomized response models

were proposed by various other authors. These models either improve
Warner's model, make an extension of the Warner's RR model, or provide
alternative models (see Guirguis (2011)). In fact, many of the presented
estimators for # in the RR models were claimed to be Maximum
Likelihood (ML), although they may produce inadmissible estimates, as
pointed out in Singh (1976) and Kim et al. (2006). Guirguis (2011)
presented a three-stage randomized response model for estimating the

* Associate Professor, Benha University, Faculty of Commerce, Department of Statistics.
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(Pl P3Ps + P1P2P3 + P1P2p4 + P2P3P4)7T12 + (P1P2P4 + P1Pzp3 + P1P3P2
+p, P3P )3 + (PiDLps + P1PEps + P1P5Ds + DaDsPs)TS,]

c; = [y (P2P3 + D2Pi + P1P3Pa) + nzpz(P1P3 + P1P§ + Pap3pa) + N3ps.
(pips + psps + Plpng) + NPy (pips + psps + 771P2P4)]7T12
[,01 (P23 + PaPi + P1D2Ps) + 1P (DIPs + P3P4 + P1P2P3) + N33
(Plpz + pps + P2P3P4) + 1Py (PIps + p2p3 + P1P3P4)]7T21
[Py (P3ps + P5Ps + PiP2P3) + NP2 (p7ps ‘*‘ DsPs + P1P2Pa) + N3Ps.
(Pip; + Pap§ + P1psPa) + 714294(291132 + p1p3 + PaP3Pa)] 22 —
(2 + vz + v [(©3ps + papd + Pzpa + P2p3 + 2291292293 + 2plpzp4
ZP1P3P4 + 2P2P3P4)"127T21 +(pips + pap3 + P3ps + P2P4 + 2P1P2P4
2P1P3P4 + 2P1P2P3 + 2P2P3P4)"127T22 + (pip; + Plpz + P3P4 + P1P4
2p; P3P4 + 2P1P2P3 + 2291272?94 + 2P2P3P4)7T217T22 +
(p pg + pips +pips + pipi + Lplpngm)nlz + (plpz + pipi + p3ps
+pip; + 2P1P2P3P4)7T21 + (pips + pips + psp; + pip; + 2p1D2P3P4)T52]

C3 = NP1P2P3Ps — (Vl + Y2 73)[(?91173?94 + P1P2p3 + Pipaps + P2P3P4)7T12
+(P1 P2P4 t pﬂ)zps + P2P3P4 + P1P3P4)7T21 + (P1P2P3 + P1P2P4 + P1P3P4

+P2P3P4)”22]
cs = —(y1 + V2 + V3)P1D2P3P4
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“”“’Plp;j + Papapa) 4pa(Pipy + P2ps + P1P3734)]7T%27'[21 +

(a1 (PTD2 + P2Pd + PaP3Pa) + Moo (PaPF + P1P5 + P2paba) + n3p3(P3Ps
+pips + P1p2p3) + n4P4(P12P3 + papi + P1P2P4)]T[12”%1 +

[n1p1 (Pips + D3P4 + P1D2Ps) + o0, (pips + Pips + P1p2pa) + naps (p2p3
+paPF + papsps) + napa(pap3 + papi + P2p3P4)]7T§17T22 +

(101 (PIP3 + PIPs + P1Papa) + a2 (PIPs + P3D4 + P1D2P3) + N33 (P13
+p1pi + PaPsps) T uPa(paP3 + P2Pi + P1P3Pa)] 215, +

[1101 (P P4 + PIPs + P1P2D3) + M2p2 (PEP3 + D3PE + P1P2Ps) + n3ps (PiP2
+p2p3 + papsps) + n4p4(p1p22 + P1PZ + P2P3P4)]7T:%27T22 +

(n1p1(PFD2 + P2p5 + P1Papa) + 2Pz (P15 + PaPs + PaPaPs) + Na3ps (PiPs
+p5pa + P102p3) + P33 + P3pi + Pip2pa)]maamh, + -
[y pipsps + n,P5 P3P + napP1P2p3 + 714791?72732]”?2 + [ pip,p, +
N,D1P5P3 + N3DaPiPs + NaD1PaPi]ay + [MpFP2Ds + NP1 p3ps +
NaP1P5Pa + N4P2P3P5 |57 —

(ya + vz + ¥3)[(0ip2 + P1p3 + P3Py + P3pi + 2piDsps + 2pip2ps +
2p1P2Ps + 2P3P3Pa) T2 a1 a2 + (PIPs + Pap3 + P3Ds + Popi + 20ip2ps
+2p,pips + 2pipspi + 2PzP§P4)"1zﬂ§1ﬂzz + (pips + p1pi + p3ps +
Png + 2pip,ps + 2p1p3ps + 2p1p3ps + 2P2P3P2)”12”21”§2 +

(pip3 + pips + +pipi + Pips + 2p1papsp)iions, + (pips + pipsi +
Pip3 + Pipi + 2p1p2papa) i, + (IS + pipi +pipi +pipi +
2P1P2P3P4)7T§1"222 +

(Pfp2p3 + P1P3Ps + P1P5Ps + PszPf)(”m”zﬂ + m3,My) + (PfP2ps +
P1P3Ps + PiDaPs +P205Ps) (1273, + miym,,) +

(Pipapa + P5P3pa + P1P2P3 + P1Daps) (Tan T3, + ”31”22) +

(Pap2paPa) (i + 13y + 113,)]

= [(Pg +'P%P3 + P%PB + PSPZ + 2p10204) (M1 P17012TT2p + NoPaTlipT +

NaPaTl21T22)] + [(293 + P12P4 + Pzzlgz; + P§P4 + 2p102P3) (P12 +
Ny P2M12Mas + N3P3Tay152)] + [(P3 + PEp, + paps + Pabi + 2p1p3pa).

(P31 oy + N3P3TliaMyy + NyPaTlyoTao)] + [(P3 + Paps + paps + Papi

+2P203P4) (NP2 M52 + N3P3TypT a5 + NaPsTyMo0)] +

[n1p1 (P12 + P1Ps + P2PaPa) + Mop, (P2P5 + Pabi + P10aps) + nap2 (PiPs
P3P3 + D1D2Pa) + MaPs(PIPs + DIP4 + P1p2p3)Int, +

[(nyp1 (p1P3 + P1Ps + P2p3Pa) + M2 (PIP2 + P2D5 + P1P3Pa) + N3Pz (PIP3

D3DZ + P1DaPa) + aDa(PiPs + P3Ps + Pap2p3)]mss +
[n1p1 (P1PF + D1P5 + P2PaPs) + Map2 (PID2 + P2PE + P1P3ps) + 13p3 (PEP3
P3Pi + P1P2Pa) + MaPs (P304 + P3P + P1D2P3) ]2 —

(1 +v2 +va)[(pf + p3 +p3 +pd + 2p7p3 + 2pips + 2pipi + 2p5ps +
Zpézpf}z + ZP??PZ + 8D D2D3P4)T12 M1 o0 +

(P3ps + p1p3 + P33 + Pap3 + 20FD2Ps + 2D1PEPs + 20105 Pa + 2P203D5).
(ﬂizzﬂzz + ”51”22) + (P5P3 + P1p33 + ng:; + Pzpz + 2P%P2P4 + 2P1P%P3 +
2271273272 + 2P2P§P4)( 77122”21 + "21”%2) +( p:fpz + Plpg + P33p4 + P3P2 +
27912?93?94 + ZP%PBIM + Zplpng + 2P1P2P2)("12"%1 + 7[12"222) +
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d9; _ Tube NP1 | MaPg  MaP3
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993 _ MpPs  MaPq N3Py M4bPp .

01y A Az A3 Aq nTls
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093 993
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0%g; - 929, o MP1P2 MaPiPz N3P3P4 ;714273?94
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The terms of ¢y, Cl, Cy, C3 and ¢4 of equatlon (5.11)are
Co ~~[7’11?71(191 + paps + P1P3 + P1P4 + 2P2P3P4) + nsz(Pz +pip; + p2p3 +
P2P4 + 2271273?94) + n3p3 (Ps +pips + P2P3 + psps + 2P1P2P4) + n4p4(p4
+pips + Pips + P3P4 + 2p102p3) 1201 o2 +
194 (Pl ps + P3PS + P1P2Psa) + NP2 (p3ps + P3p4 + P1P2P3) + N33 (p1p3




394 n{rl N nérz 3 9g, n{rz N nérl B
01y, M1 M2 014, 5 M2
99, - 9%g, n{rf nérzz
B = (T = 1) B A
%9, ﬂ nlr?
omy, Nt m

9’9,  0%gy n'nr, nérlrz
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The terms of @, a; and a, of equation (3.9) are
ag = n{‘r%u,;z + né}’%n,qz il ‘1"1"2'“%2
a; = n{rlrz + nérlrz — arimy, — arsny,
U, = —Qaryr;
Appendix 2

The first and second partial derivatives of equation (4.6) are

g, _ g, . na, 5 - 08, _ ni/q?,+ n'q, 8
Omg, 5, 5, Oy, 5, 5,
ap % omg, 52 52
0’9, _ ni'a; nj/a}
onj, 82 &2
0%g, i 0%g, = _n{/ﬁhfh . né/ChCIz
67{3167132 aT[BzaT[Bl 512 522

The terms of by, by and b, of equation (4.9)a1'e

bo = )/ ¥, + Y/ ainp, — Pa1a27E,

by = 77{/611512 + né/%% — Baimg, — Ba3mg,
b, = =fq:14;

Appendix 3 .

The first and second partial derivatives of equation (5.4) are
993 _ TuP1 | MaP2 +”3P3 +n4p4 oy =y, =7
0714 A Ay A3 Ay n ’ ’
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Appling equations (6.1) — (6.3) the estimated value of 7p, /4, its bias and its
variance are v
g, 4, = 0.05317,
E(ﬁBl/A1 - 7T31/,41) = —0.089325,
Var(ftg, a,) = 0.175836

Similarly, applying equations (6.5) — (6.7) the estimated value of g, 4, its bias
and its variance are
g, /a, = 0.01782,
E(ﬁBl/AZ - nB]/AZ) = "0000791,
Var(ftp, a,) = 0.002018

9. Conclusions
This article presents a three-stages randomized response model. The [irst

randomized device, the first-stage, is constructed for measuring the proportion of the
individuals having the first sensitive characteristic. The second randomized device, the
second-stage, is designed for measuring the proportion of the individuals having the
second sensitive characteristic. The third randomized device, the third-stage, is sketched
for measuring the proportion of the individuals having both two related sensitive
characteristics. The method of Maximum Likelihood is used to estimate the parameters
of the suggested model. Also, the Non-Linear programming with Newton-Raphson
techniques are applied to estimate the parameters of the suggested model. This article
presents the conditional proportions of the individuals having the second sensitive
characteristic among those having or not having the first sensitive characteristic, their
biases and their variances. An application is presented, for the suggested model, to
estimate the proportions of the informal marriage and induced abortion phenomena
among the female students in the University level. The study showed that the Maximum

Likelihood and Non-Linear programming with Newton-Raphson methods give the same
estimates of the parameters of the first and second randomized devices. The Maximum
Likelihood method gives inadmissible ‘estimates of the parameters of the third
randomized device, and the Non-Linear programming with Newton-Raphson methods
are used to manipulate this problem. The Bootstrap technique is used 1o calculate the
expected values of the estimators of the parameters, the biases and variances of the

conditional proportions.
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values of mhs, and  Var(fia,) = 0001122 and Var(fia,) = 0.001782,

respectively.

8.2 The Second Device

The second device is performed to measure the proportion g, of the female students
induced abortion, in the Faculty of Commerce, Benha University. Putting q; = 0.65
and g, = 0.35, we found that n{/ = 199 and né/ = 359. Appling equations (4.4)

and (4.5), the results are
fip, = 0.02210 and Var(itp,) = 0.002490
Also, by applying the equations (4.7) — (4.9) with Newton-Raphson method and
initial value mp, = 0.04, and using equation (4.10), we get the same estimated value of

mp,, and Var(fip,) = 0.001303, respectively.

8.3 The Third Device ;

The third device is performed to measure the proportion 14,0f the female students,
in the Faculty of Commerce, Benha University, having both two related sensitive
characteristics, informal marriage and induced abortion. This device is also used to

estimate the proportion g, /4, of the female students who had induced abortion among
those having informal marriage and the proportion 7g, /4, of the female students who

had induced abortion among those not having informal marriage. Putting p; = 0.35,
p, = 0.30, p3 = 0.20 and py = 0.15, we found that; n; = 103, n, = 95, n; =
168 and n, = 192. Appling equation (5.2) the estimated values of the proportions

(parameters) are

fi;; = 0.10260, ft,, = 0.13351, 5, = 0.26389 and fi,, = 0.29480
These estimates are inadmissible because Y%, Vi M < 1.

Applying equations (5.5) — (5.11), with Newton-Raphson method and initial value
7,4 = 0.01, and using equation (5.12), the estimates of these proportions and their

variances are

i, = 0.00467 f,, = 0.08316
Var(f;;) = 0.001302 Var(#,,) = 0.001355
f,, = 0.01743 fty, = 0.89474

Var(fi,,) = 0.001718 Var(fi,,) = 0.001787

The Bootstrap Technique is used to calculate the estimated expected values of the
proportions of the two related sensitive characteristics. The number of runs was 50
times. The size of the samples was 0.9 from the original sample. SPSS program is used
to draw these samples. The estimated expected values of the proportions are

E(#,,) =0.08395  E(f,,)= 091605,
E(ft;;) = 0.00397,  E(flz1) = 0.01642

Applying equations (6.4) and (6.8), we found that;
Cov(my,, my,) = 0.000698 Cov(ma,, my1) = 0.000690
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d is the precision of estimating of 774,
2. Similarly, Calculating the sample size using Var(fip,)
_ Z*(q} + 43)8,6;

" (7.2)
d*(q; — q2)*
3. Choosing the sample size as follows
n = Max.[n',n" (7.3)

Since 17;and §;are unknown, they would be estimated by using preliminary random
sample, or replaced by either a suitable suggested values or by 0.5 if no information is

available.

8. The Applied Study
This study aims to estimate the proportions of the informal marriage, as a first
sensitive characteristic, and abortion, as a‘second sensitive characteristic, for {female
students in the Faculty of Commerce, Benha University, and estimate the proportion of
the female students having both sensitive characteristics. This study also aims to
estimate the proportion of the female students who had induced abortion among those
having informal marriage, and the proportion of the female students who had induced
abortion among those not having informal marriage. A preliminary random sample of
size 100 female students, from the study population, is selected, and by using 1y = 0.7
and g, = 0.65, we found that;
f; = 0.34 and &, = 0.36
Appling equations(7.1) and (7.2), we found that
n* =325 and n" = 558

Then, the sample size to be selected is n = 558.
The proportional allocation is used to allocate the sample size to the different strata

of the study population. The sizes of the study population in each stratum, and the
allocation of n to different strata are shown in table (2).

Table (2): The sizes of study population in each stratum and allocation
of'n 1o the different strata

Classes First | Second | Third | Fourth | Total
Female Students 375 1386 1160 1668 4589
Sample 46 168 141 203 558

8.1 The First Device

The first device is performed to measure the proportion 7, of the informal marriage
for the female students, in the Faculty of Commerce, Benha University. Putting
1, = 0.7 and 1, = 0.3, we found that n{ =187 and né = 371. Appling equations
(3.4) and(3.5), the results are

iy, = 0.08783 , fiy, = 0.91217
Var(ft,,) = Var(it,,) = 0.001448

And by applying the equations (3.7) — (3.9) with Newton-Raphson method and

initial value 74, = 0.10, and using equation (3.10), we obtain the same estimated
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the true conditional proportion of the individuals having the second sensitive
characteristic among those not having the first sensitive characteristic.
Then, the natural estimator of 7, /4, is the estimator

LUEE!

Mgy /Ay — T,
1

(6.1)

In fact, i, /4,1s a ratio estimator. As a ratio estimator g /4 is in general biased.
The approximating term of its bias (See Mood et al. (1974)) is given by
E(myq) COV(”Alr”n)

E(ﬁBl/Al s T[Bl/Al) = mvar(nA1) o [E(ﬂ )]2 (62)
Ar Aq

and

E(7T11)>2 Var(m,,) Var(my;) — 200v(7a,, 1)

Var (e, a,) = (E(ml) B EGP  [Ea)]Em)]

(0.3)
where
1
Cov(my, M) = -Z—[Var(nAl) + Var(ny,) — Var(m,,)] (6.4)
Similarly
o Ty
7'[31//12 -—'7;‘— (65)
The approximating term of its bias is given by
E(m5,) Cov(m,,,
21 450 7021) (6.6)

E(7ip - = —=V = 5
(7 1/A2 7T1'31//‘2) [E(TTAZ)]B ar(nAz) [E(TIAZ)]

and

2
Var(h e (E(n21)> Var(m,,) Var(my)  2C0v(my,, 1)
Bi/Az/) = o
4 E(my,) [E (HAZ)]Z [E (121)]? [E (”AZ)] [E (121)]
(6.7)
where
, 1
Cov(nrAz,nm) = E[Var(n,qz) + Var(my,) — Var(nzz)] (6.8)
In the application study, the Bootstrap technique is used to calculate the expected

values of the estimators of all parameters of the suggested model. SPSS program is used
to draw the Bootstrapped samples from the original sample.

7. The Determination of the Sample Size n
The sample size is determined as follows
1. Calculating the sample size using Var(ft4,) (See Yamane (1967))
. Z*(rf +13)mne 7.1
d?(ry = 12)? .

n

where
Z is the reliability

e
Y
el




— 4
Mazx. X3 = Zh=1 ny LOg Ah
with respect to each of the n‘jk's, subject to the constraints
2 _ 2 . 2 2 _
Dk=1Tk = Ta;, Nj=17j = Tgand =1 ie= T = 1
And the non negative constraints; 77, = 0 ; Jk=1,2

By using the Lagrange Multipliers method, then
4

Max. G311, 12,01, Mo, V1, Vs ¥V3) = Z n, Log Ay —
h=1
V1 [”11 + My — ”Al] - 72[7[11 + My — 7?131] =

Yalmay + myp + 7y + 1y, — 1] ) . (5.4)
Performing the same procedure of the previous section, the ML estimator for the

vector 173 is obtained by solving the following system of equations

M2 = Ty — Ty (5.5)

Ty = Tp, =Ty (5.6)

Mg =1 -1y — 1y — 1y (5.7)
_ MpaaAsdy + nopadiAsdy + n3pr A A A, + mupiAidads (5.8)

hi= Ao Aa Ay :
_ MPadaAszAy + mapi Az + napadi A Ay + nupadiAr s

Y2 = /'11121314 ~—M (5'9)
 Mpadodady + MapadiAzdy + nagpi i Ay + nypadiAp 45

V3 = /'{1/'[2/'[314 : e (5'10)

Cp+ CTTq1 F e + iy + iy =0 (5.11)

with Newton-Raphson method and initial value of m,4. The first and second partial
derivatives of equation (5.4) and the terms of ¢y, ¢4, €3, €3 and ¢, of equation (5.11)
are given in the appendix 3. Since the Log likelihood function may be expressed

directly as

4
Log L(Eg) =C3 + Z n, .log 4,
h=1
where, C; is a constant. Thus, the sample variances of the estimated values of the njk's

can be estimated by using the Information matrix

I = EazL(EB) ik lu=1,2 5.12
3. aﬂjkaﬂlu Ijl LU =1, ( , )

6. The Conditional Proportions
Let 7p, /4, be the true conditional proportion of the individuals having the second

sensitive characteristic among those having the first sensitive characteristic, g, /4, be




am a member of groups A, and By, (A, B,), as shown in table (1). The probabilities of
the selection of these lists are py, Py, Ps and p,4 respectively.

Table (1): The different lists used in the Third randomized device

First List Second List Third List Four List
1. A,B, 1. A4B, 1. A,B; 1. A,B,
2. A{B, 2. AiB; 2. A,B, 2. A,B;
3. A,B; 3. A,B, 3. ABy 3. A{B,
4. A,B, 4, A,B, 4. AB, 4, A{B,

Performing the same procedure of the previous randomization devices, with
Xi3 = h if the i threspondent reports an "h" answer h=1,2,3,4
W Pr(xig = 1) = pyftyg + Poltag + D3Tay +PaTloe =4 (=12, 1,
Prx;y = 2) = pymyy + PuTlyg Pyl o+ PaTlyy = A, i=1,2,..,ny,
Pr(x;z = 3) = PaTrpq + Pallpp + PaTlyy + Pty = A3 1 =1,2,..,n3,
Pr(xiz = 4) = pyTap + DaTlpr + P3Tlyp + PuTiyy = A4 1 =1,2,..,1y.
In'matrix notation, we have ;

Pmy= 2 ‘ (5.1)
where 713 and A are column vectors of 715, ;j,k = 1,2 and 4, ;h =1,2,3,4
respectively, and

Pi P2 P3 Pa

P2 P1  Pg P3
P3 Pa  DP1 P2

Ps P3 P2 P
The ML estimator for the vector 13 is given by
, 2 P_IZ"W“W 1P| %0 , : . (5.2)
where Z is a vector of elements /Th = n,/n ;h =1,2,3,4.1tis easy to prove that
E(ft;) = E(P'2) = m,

P =

and
Var(@t;) = Var(P712) = P~ @ (P71)/ (5.3)
Where
[ A (1—24 - T
(A=) 0 0
T :
A2(1—24;) 0 5
= n
Az (1 -2
0 o a( - 3) 0
Ay(1—2
; o o MM

Also, the ML estimator for the vector T3 is obtained by solving the Non-Linear

programming problem
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E(7,) = E(Q7'8) = 1

and
Var(f,) = Var(Q™18) = @' w (@™ (4.5)
where '
816, 9
w=|"
6,6
0
By using the Lagrange Mu]lipliers method, then
Max. gz(nBl,nBz,,B) = an Log 6) — ,8[7131 + 1, — 1] (4.6)

Performing the same ploceduxe of the previous section, the ML estimator for the

vector 1T, is obtained by solving the following system of equations

np, = 1— mp, (4.7)
1 //
ny gy Ny, 4y
ﬁ e a + (48
= )
by + by, + by =0 (4.9)

with Newton-Raphson method and initial value of mp . The first and second partial
derivatives of equation (4.6) and the terms of by, by and D, of equation (4.9) are
given in the appendix 2. Since the Log likelihood function may be expressed directly
as ‘

2
Log L(nz) = C, + Zn,/(/.log O

k=1
- where C, is a constant. Thus the sample variances of the estimated values of the

p's can be estimated by using the Information matrix

L g[8 ku=12 410
2 dnp,0mg, GltT (4.10)

5. The Third Randomization Device (Third Stage)

Suppose that every individual in the same study population belongs to one and only
one of four related mutually exclusive groups; Group I: persons having both sensitive
characteristics A; and B, at the same time; Group II: persons having the first sensitive
characteristic A; and not having the second sensitive characteristic B,; Group III:
persons not having the first sensitive characteristic A, and having the second sensitive
characteristic By; Group IV: persons not having any of the two sensitive characteristics
A, and B,. Also, we assume that the true proportions of these groups are Tyq , Ty »
T, and 70,5, respectively. The device consists of four lists, and each list includes the
following four sfatements; 1 am a member of groups A; and Bl,(A By); I am a
member of groups A; and By, (A1B,); 1 am a member of groups A, and By, (A;B4); 1




Newton-Raphson method.  Since the Log likelihood function may be expressed

directly as

: — /
Log L(z_r_l) =(; + an Jlog n;
j=1
where, C, is a constant. Thus, the sample variances of the estimated values of the 4's
can be estimated by using the Information matrix

I, = EazL(El) il =1,2 3.10
1.7 an_Ajan_Al :]; 2 T A ( . )

4. The Second Randomization Device (Second Stage)

We assume that, for the same population of the previous case, a pr opornon Tp,, of
some individuals of population possess a second sensitive characteristic, By, while the
remainder individuals of the population do not posses this characteristic, B,, with
proportion g, = 1 — mp,, and we want lo estimate 7 . The second randomized
device has the same procedure of the first randomized device. The first list includes the
statements: (1) I am a member of group By, (2) 1 am a member of group B,. The
second list includes the statements: (1) 1 am a member of group B, (2) 1 am a member
of group B;. The probabilities of the selection of these lists are gyand g, respectively.
The respondent is required to randomly select only one list and reads the selected list
carefully then reports either "1" or "2" according to whether he (or she) has the second

sensitive characteristic or not.

Let

., = k if theithrespondent reports a "k" answer, k=1,2
oW Pr(xi, =1) = qing, + @27, = 6, =123 .. // (4D
and S '
Pr(xy =2) = g, + Qoms, = 6, i=1,2,3,.. ,nf (4.2)
where

n= n{/—{— n//

In matrix notation, we have

Qm,= & (4.3)
where 17, and 8 are column vectors of g and 77, and 0, ; k = 1, 2 respectively,
and

41 42
e= [CI2 Q:L]

The Maximum Likelihood (ML) estimator for the vector 7T is given by
fi,= Q'8 1Ql =0 (4.4)

where :5: is a vector of elements §), = nk//n ke =1,2.1tis easy to prove that




The Maximum Likelihood (ML) estimator for the vector 1r4is given by
i, = R7R IR| # 0 (3.4)

where ﬁ is a vector of elements 7); = nj//n ;J = 1,2, It is easy to prove that

E(fty) =E (Rnlﬁ) = 1

and -
Var(m,) = Var (R'5) = R'V (R (3.5)
where

LIERIP 0

v=| "
]
0 11712
n

The resulting vector 7Ty of elements f,, and 714, may be inadmissible, i.e. does

not satisfy
Ty, My, = 0 and my +my = 1
So it is necessary to find the ML estimator for the vector 7r1 by solving the Non-

Linear programming problem
2
Max. X1 = an/ Log n;
j=1

with respect to the 1, 's, subject to the constraints
TIA1+ T[AZ =1 and 7TA1,7TA2 20

By using the Lagrange Multipliers method, then

2
_ / '
Max. gl(nAl,nAz,a) = an Log n; — a[nAl + My, — 1] (3.6)
j=1 ,
Differentiating equation (3.6) with respect to each of the parameters 74 1> Ta, and
«. Equating the resulting partial derivatives to zero and solving the resulting equations

for m,,, 1,4, and a respectively, we get

T[Az =1 T[A1 ' (3.7)
/ / ’
nir,  nir
a =2y 21 (3.8)
1 12 |
ap + a;my, + apmi =0 (3.9)

The ML estimator for the vector T4, is obtained by solving the system of equations

(3.7) — (3.9) with Newton-Raphson method (See Carnahan et al. (1969)) and initial
value of 14, . The first and second partial derivatives of equation (3.6) and the terms

of ag,a, and a, of equation (3.9) are given in the appendix 1. The MathCAD
program is used to solve the system of equations (3.7) — (3.9) and to apply
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2. The Proposed Three-Stages Randomized Response Model

Suppose, some individuals, in a certain population, have two related sensitive
characteristics A and B, and we want to estimate the population proportion of the
individuals having the first .sensitive characteristic A, the population proportion of the
individuals having the second sensitive characteristic B, the population proportion of
the individuals having both  sensitive characteristics A and B, the population
proportion of the individuals having the sensitive characteristic B among those having
the sensitive characteristic A and the population proportion of the individuals having the
sensitive characteristic B among those not having the sensitive characteristic 4 . It is
required to estimate, from a sample survey, these population proportions. Therefore, a
simple random sample of size, say 71, is drawn with replacement from that population.
The respondents belonging to the sample are subject to perform three different
randomization devices (each device represents a stage), and each randomization device

hus a different predetermined probabilities.

3. The First Randomization Device (First Stage)

Consider the case where a proportion, 7, of some individuals of the population
possess a first sensitive characleristic, A;, while the remainder individuals of the
population do not posses this characteristic, A;, with proportion 17,4, = 1—m,,and
we want to estimate 71r,;. With the aid of the randomization device, the respondent is
invited to randomly select only one of the following lists. The first list includes the
statements: (1) 1 am a member of group Ay, (2) I am a member of group A,. The
second list includes the statements: (1) I am a member of group A, (2) | am a member
of group A;. The probabilities of the selection of these lists are 73and 15, respectively.

The respondent is required to randomly select only one list and reads the selected list
carefully then reports either "1" or "2" according to whether he (or she) has the first

sensitive characteristic or not. Let
x;; = j if the i threspondent reports a "j" answer, j=1,2

Then, the probability that the ith respondent reports a "1" answer is

Prixpg=1) = nmy, + 1y, = Mg i=1,23,.. ,n{ (3.1)
The probability that the i th respondent reports a "2" answer is
Pr(x; =2) = nmy, + 1y, = 1 i=1,23,.. ,né (3.2)
where
=/ /
n=n;+n,

In matrix notation, we have
Rmy = 1 (3.3)
where 21 and 17 are column vectors of 74 and 774,, and 1 ; j = 1, 2 respectively, and
L& Tz]

k= [7;2 £
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Following Warner's model many authors presented other randomized response (RR)
models. These models either improve Warner's model, make an extension of the
Warner's RR model, or provide alternative models such as: Greenberg et al. (1969),
Singh et al. (2000), Chang and Huang (2001), Huang (2001), Bhargava and Singh
(2002), Singh (2002), Biswas, (2003), Chang et al. (2004), Chaudhuri (2004), Kim and
Elam (2005), Kim and Warde (2005), Kim and Warde (2005), Padmawar (2006), Van
Den Hout and Kooiman (2006), Gjestvang and Singh (2007), Van Den Houtet al.
(2007), Barabesi (2008), Chaudhuri and Pal (2008), Yu et al. (2008), Jia and Mcdonald
(2009), Odumade and Singh (2009), Barabesi and Marcheselli (2010), Gupta et al.
(2010), Christofides (2010), Son et al. (2010), Bandyopadhyay (2011), Saha (2011),
Singh et al. (2011).

Cheng and Singh (2009) presented a model to measure the proportions of the
population having two non related sensitive characteristics. But in many cases, it is
important to estimate the proportion of the population having two related. sensitive
characteristics at the same time, and to estimate the proportion of the population having
any of these two sensitive characteristics among those having or not having another
sensitive characteristic. These two related sensitive characteristics such as addiction to
drugs and history of past involvement in crimes, informal marriage and induced
abortion, earnings of head of household and tax evasion, ... , etc. Christofides (2005)
presented a model for estimating these proportions. This model depends on the model
suggested by him in (2003). In fact, many of the estimators for the proportions of the
population having sensitive characteristics presented in the early randomized response
models were claimed to be Maximum Likelihood estimators. These estimators and
estimators of Christofides models may produce inadmissible estimates, as pointed out in
singh (1976) and Kim et al. (2006). ' '

To avoid this problem we present a three-stages randomized response model to
estimate the proportions of two related sensitive characteristics, and use the Non-Linear
programming technique with Newton-Raphson method to obtain the Maximum
Likelihood estimates of the parameters of the suggested model, especially , when the
Maximum Likelihood method give inadmissible estimates. The Latin square
measurement design, presented by Bourke and Dalenius (1973), is used to construct the
devices of the model. So, the remainder of the present research is organized as follows:
Section 2 introduces the proposed three-stages randomized response model. The first-
stage " the first randomization device " for measuring the proportion of the individuals
having the first sensitive characteristic is constructed in section 3. The second-
stage " the second randomization device " for measuring the proportion of the
individuals having the second sensitive characteristic is designed in section 4. The
third-stage " the third randomization device " for measuring the proportion of  the
individuals having both sensitive characteristics is sketched in section 5. The
conditional proportions i.e. the proportions of the individuals having the second
sensitive characteristic among those having or not having the first sensitive
characteristic are presented in section 6. The sample size of the application study is
determined in section 7. An application of the suggested model to the study of informal
marriage and induced abortion phenomena among female students in the University
level is given in section 8. Section 9 is devoted for conclusions.
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Three-Stage Randomized Response Model
For Measuring Two Related Sensitive
Characteristics

Farid Naguib Guirguis*

Abstract
A Three-Stage randomized response model is proposed to estimate the proportions of the

individuals having two related sensitive characteristics. The first-stage is constructed to include
the first device to estimate the proportion of the individuals having the first sensitive
characteristic. The second-stage is designed to include the second device to estimate the
proportion of the individuals having the second sensitive characteristic. The third-stage is
sketched to include the third device to estimate the proportion of the individuals having both
related sensitive characteristics at the same time. Estimates of the parameters of the suggested
model are obtained by using Maximum Likelihood method and Non-Linear programming with.
Newton-Raphson methods. Since the Maximum Likelihood method may give inadmissible
estimates of the parameters of randomized response models, so the Non-Linear programming
with Newton-Raphson methods are used to manipulate this problem.  The conditional
proportions , i.e. the proportions of the individuals having the second sensitive characteristic
among those having or not having the first sensitive characteristic, their biases and variances are
derived. MathCAD program is used to solve equations of the Non- Linear programming and to
apply Newton-Raphson method. Ar application to the informal marriage and induced abortion
among the female students in the University level is given. The Bootstrap technique is used to
calculate the estimated expected values of the estimators of all parameters of the suggested
models. SPSS program is used to draw the Bootstrapped samples from the original sample. The
study showed that the Maximum Likelihood method and Non-Linear programming with
Newton-Raphson methods gave the same estimates of the parameters of the first and second
devices. Maximum Likelihood method gave inadmissible estimates of the parameters of the

third device.

Keywords: Randomized response; Maximum Likelihood; Latin square measurement
design; Non-Linear programming; Newton-Raphson ‘method; Ratio estimator;

Bootstrap technique.

1. Introduction
In survey sampling in human population, a major source of biased results due to

refusal of individuals to respond to certain questions of sensitive or highly personal
characteristics, such as addiction to drugs and other intoxicants, induced abortions,
proneness to tax evasion, gambling habits, history of past involvement in crimes, ... ,
etc. In addition, some of those respondents provide untruthful answers. Thus, it is
difficult to make inference about these topics based on human survey sampling in which
sensitive questions are asked directly. ~ Warner (1965) suggested an interviewing
procedure designed to reduce or eliminate this bias. He named this procedure
" Randomized Response Model " because the respondent answers " yes " or " no "to
question which he or she selects at random from two questions and does so in such a
manner that the interviewer does not know which of the two questions was answered.

* Associate Professor, Benha University, Faculty of Commerce, Department of Statistics.
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4. Conclusions
In this paper, the analysis has sought to extend the understanding of

poverty in Mauritania by going beyond the bivaraite analysis of the poverty
profile and visual analysis of the poverty maps. It studied the spatial
determinants of poverty, that is, the relationship between poverty and the
environment, the effect of including spatial analysis in poverty and
environment links and to explore the impact of spatial variables on poverty in
Mauritania.

Spatial explanatory data analyses showed the existence of spatial
clustering and spatial correlation between locations. Spatial Error model added
the average of the error terms in the neighboring counties to the predictor
variables. The spatial error model was better than the ordinary least square
mode] with respect to the information criterion,

It can be noticed that agriculture was positively associated with poverty
and it is not serving as an effective means of reducing food insecurity. On the
role of access to services and infrastructure as a spatial determinant of the
poverty head count, the most important determinant was the distance to the
nearest public transport station.

The spatial error model produced that the determinants of poverty
prevalence vary spatially in their effects across counties in Mauritania. The
results might most easily be employed to guide quite local action to reduce
poverty by examining the local model of the prevalence of poverty for a
specific locale, The implication is that poverty reduction efforts in
Mauritanian's counties will need to be targeted at the counties levels. A
national, relatively inflexible approach to poverty reduction is unlikely to enjoy

broad success.




weighted residuals (W_ERR-RESIDU) by using the weighted file. So a Momn
scatter plot has been constructed as shown in figure (3).

Figure (3): Moran scatter plot for ERR-RESIDU
IMoran's I= 0.0003
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According to Moran’s 1 test statistic it indicates that the spatially

autoregressivé error term in the model has eliminated all spatial

autocorrelation, as it should.




Robus LM (lag) 1 . 0.013 0.908
Lagrange Multiplier (error) | 8.436 0.004
Robus LM (error) ] 3.942 0.047
Lagrange Multiplier (SARMA) 2 8.45 0.015

3.2.2 Spatial Error Model
The ML estimation of the spatial error model is introduced in table (7)

and in table (8). The proper measures of fit L, AIC and SC are given in Table
(7) below. By comparing these values to those in table (4), it can be seeing that
there is an improvement of fit for the spatial error specification (compensating
the improved fit for the added spatially lagged dependent variable).

Table (7)

| Pseudo- R’ - 0.749
Log likelihood (L) -204.392
Akaike info criterion (AIC) 418.783
Schwarz criterion (SC) 428.635

The results shown in table (8) below, confirm a strong positive and
significant spatial autoregressive coefficient (A =0.42). As in the OLS case,
the coefficient for HH-WOM-HEAD is not significant but all the others are.

Table (8)

Variables Coefficients S. E Z-value P-value
Constant -7.946 791 -1.005 0.315
HH-WOM-HEAD 0.16 0.193 0.83 0.406
HH-AGRLAN 0.258 © 0.107 2.419 0.016
HH-MOUTCHE 0.536 0.143 3.758 0.000
DIS-P-TR500 0.35 - 0.103 3.394 0.001
LAMDA 0.423 0.155 2.722 0.006

Spatial error diagnostics are provided in table (9) below. The results
indicated that, there is no problem of heteroskedasticity and the likelihood ratio
test which comparing the null model (the classic regression specification) to
the alternative (spatial lag model) confirms the strong significance of the
spatial autoregressive coefficient. ’

Table (9): Spatial Error Diagnostics

Test | df | Value | P-value
Diagnostics for Heteroskedasticity
Breusch-Pagan test '
Diagnostics for Spatial Dependence -

Likelihood Ratio test [ 1 | 6788 | 0.009
In the spatial error model a distinction has to be done between the

model residuals (ERR-RESIDU) used in further diagnostic checks and the

[ 4 | 4272 | 037
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Table (3)

Variables Coefficients S.E T-stat P-value
Constant -7.44 7.33 -1.015 0.315
HH-WOM-HEAD 0.105 0.198 0.529 0.599
HH-AGRLAN 0.221 0.099 2.235 0.030
HH-MOUTCHE 0.572 0.138 4,143 0.000
DIS-P-TR500 0.347 0.12 2.887 0.005

Finally, table (4) contains three measures that are included to maintain
comparability with the fit of the spatial regression models.

Table (4)
Log likelihood (L) -207.786
Alkire info criterion (AIC) 425.571
Schwarz criterion (SC) 435.423

The results of table (5). below, showed that either multicollinearity,
non-normality of the errors or heteroskedasticity is not significant in the model
and it does not assume a specific functional form for the heteroskedasticity .

Table (5): Regression Diagnostics

Multicollinearity condition number 12.667

Test | df | Value | P-value
Test on Normality of Errors
Jarque-Bera | 2 | 0739 | 0691
Diagnostics for Heteroskedasticity
Breusch-Pagan test : 4 6.133 0.189
Koenker-Bassett test : 4 8.630 0.071
Specification Robust Test
White test | 14 | 17809 | 0.126

In Table (6) helow a six test statistics arc reported (v diagnostic the
spatial autocorrelation. The Moran statistic is highly significant, suggesting a
problem with spatial autocorrelation. Since, Moran’s I statistic has great power
in detecting misspecifications in the model and not only spatial autocorrelation
then it is less helpful in suggesting which alternative specification should be
used. Also, five Lagrange Multiplier (LM). test statistics are considered in the
diagnostic. Since, LM-Lag, LM-Error and the Robust LM Error statistic are
significant while the Robust LM-Lag statistic is not then the spatial error model
is the proper alternative one.

Table (6): Diagnostics of Spatial Dependence

Test MI/dAf Value P-value
Moran's I (MI) 0.277 3.864 0.000
Lagrange Multiplier (lag) 1 4.508 0.034




Figure (2): Permutation empirical distribution for Moran’s I
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3.2 Regression Analysis
When conducting regression analyses with data aggregated to

geographic areas such as counties, it is commonly find that the residuals
usually spatially positively auto-correlated so, high residuals tend to cluster in
space and low-valued residuals similarly tend to show geographic clustering
(Paul, et al., 2005).

To model the prevalence of poverty as a function of spatial variables
two different analyses were carried out: First, Ordinary Least Squares (OLS),
second, Estimation by means of maximum likelihood (ML) of a spatial
regression model that includes a spatially lagged dependent variable :

3.2.1 Ordinary Least Squares (OLS)
The OLS method was applied by using PL as’the dependent variable while

HH-WOM-HEAD, HH-AGRLAN, HH-MOUTCHE and HH-P-TR500 as the

explanatory variables (spatially variables). The results of OLS introduced in

Table (2) to table (4).

Table (2): Summary of the Model

Number of Observations 53
Number of Variables 5
Degree of Freedom . 48
R-squared : 0.701416
Adjusted R-squared 0.676534
F-statistic 28.1897
Prob (F-statistic) 4.49626E-12.

Table (3) shows that all independent variables, except HH-WOM-
HEAD are significant.




fneration Research 26-29

autocorrelation (clustering), while negative values suggest spatial outliers

(Anselin, 1992).
3.1 Global Moran's ] Statistic

Moran's Scatterplot (figure (1)) illustrate the relation between the
standardized value of the poverty for a county (PL) represented by the
horizontal axis and the standardized value of the average poverty rates for that
county’s neighbors as defined by the weighted matrix (W_PL) represented by
the vertical axis. Neighbors are defined under the first-order queen convention.
The upper right quadrant showed counties with above average poverty which
also share boundaries with neighboring counties that have above average
values on the same variable (high-high). The lower left quadrant showed
counties with below average poverly values and neighbors also with below
average values (low-low). The lower right quadrant displays counties with
above average poverty surrounded by counties with below average values
(high-low), and the upper left quadrant contains the reverse (low-high).

Figure (1): Moran's Scatterplot of poverty rate in Mauritanian' Counties.
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The large positive Moran I value (0.5247) suggest a clustered spatial
pattern in distribution of county poverty rate data. Inference for Moran’s | is
based on a random permutation procedure, which recalculates the statistic
many times to generate a reference distribution. The obtained statistic is then
compared to this reference distribution and a pseudo significance level is
computed (Anselin, 2005). The following figure (2) shows the number of
permutations and the pseudo significance level.
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This paper is based on theoretically informed expectation that certain
aggregate socio-economic characteristics of where household or individual
lives can be important determinants of whether those residents will attain an
adequate level of welfare to get their needs. Such a local-scale understanding
of the significant spatial determinants of local welfare, if coupled with
knowledge of how individual or houisehold-specific, broader national and sub-
national factors affect household welfare will contribute to the success of
poverty reduction efforts.

Welfare is defined as the level of expernditure of a household or an
individual (Deaton et al., 2002). The welfare and poverty content of this
analysis is based on the expenditure as a welfare measure for each household
or individual in OSLC. The welfare measure was evaluated agamql the poverty
line to determine if the person is poor or non -poor.

There are four independent variables have been selected for the
analysis: household headed by woman (HH-WOM-HEAD), household headed
agriculture land (HH-AGRLAN), household headed ownership of sheep and
goats (HH-MOUTCHE) and household headed nearest public transport station
500 meters at least (HH-P-TR500). They are categorized by their nature and
their relationship to the level of poverty in the counties.

The discussion of spatial autocorrelation has dealt with situations where
the pomts and its location is the primary focus of interest. A fundamental
concept in the analysis of spatial autocorrelation is the spatial weighted matrix
(in this case, 53 x 53) with each row and column corresponding to an

observation. Also, an element W, of the weighted matrix W is non-zero if
locations 7/ and j are neighbors and zero otherwise (by convention, the
diagonal elements W, equal zero). A wide range of criteria may be used to

define neighbors, such as binary contiguity (common boundary) or distance
bands (locations within a given distance of each other), or the queen contiguity,
meaning that the neighbors for any given location 'A' are those other locations
that share a common boundary (or single point of contact) with 'A' in any
direction. A spatial weighted matrix of the queen first order was used to
formalize a notion of locational similarity and is ccntral to every test statistic.

The presence or absence of pattern is indicated by the concept of spatial
autocorrelation or the co-incidence of similarity in value with similarity in
location. In contrast, if high values at a location were surrounded by nearby
low values, or vice versa, negative spatial autocorrelation is present in the form.
of spatial outliers. The point of reference in the analysis of spatial
autocorrelation is spatial randomness or the lack of any structure (Anselin, et
al., 2000).

The most commonly used measure for spatial autoconelatlon is
Moran’s I statistic. This test indicates the degree of spatial association as
reflected in the data set as a whole. It necessitates the choice of a spatial
weights matrix. Moran’s [ is based on cross products to measure value
association. Positive values for Moran’s 1 indicate positive spatial
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statistical methods for describing and analyzing the patterns of spatially.
distributed phenomenon (Anselin, 1995, 2000).

2. Source of Data

The National Office of Statistics (NOS) under the Ministry of Planning
in Mauritania is the organization mandated by law to collect, compile and
disseminate statistics of importance. The NOS has conducted the Ongoing
Survey of Living Conditions (OSLC) since 1988. OSLC survey conducted in
two steps, the first from August to November 2008, while the second from

December 2008 to February 2009. A two-stage stratified random sampling
technique has been applied in drawing the sample of OSLC 2008 under the
framework of the basis of the population and housing Census 2000. The
sample consists of 13705 households, divided into rural and urban areas. The
questionnaire contains all information about household and socio-economic
characteristics including education, assets, employment and household

consumption expenditure (NOS, 2008).

3. Methods of Analysis
Data on county poverly head count ratios were computed and “digital

data layers of agriculture land, ownership of sheep and goats, and percentage of
households who are away from the nearest public transport station 500 meters
at least along with digitized administrative boundary layers produced by
National Office of Statistics were used as inputs for the study. Spatial weight
matrix was computed internally by GeaDa,0.9.5 as the queen first order
contiguity. To describe the spatial autocorrelation and spatial pattern in county
poverty ratio, statistical measures such as Moran [ statistic and univariate LISA
were computed,(Anselin, 1995, 2003). First a classical regression was
performed to model the functional relationship between county level poverty
and the selected spatial variables. The diagnostics for spatial dependence were
examined to determine the type of spatial dependence (spatial lag dependence
or spatial error dependence).

The poverty linc that uscd for the OSLC is US$1 per person per day.
The extreme poverty line corresponds to a consumption level of US$270 per
person per year (table (1), below shows the values in Ouguiyas).

Table (1): Poverty Lines and Extreme Poverty Lines, 1988-2008.

Year Poverty Line Extreme Poverty Line
1988 32800 24400
1996 58400 43450
2000 72600 54000
2004 94600 ‘ 70400
2008 129600 96400

Source: Poverty Profile, National Office of Statistics (NOS), Mauritania, 2008.
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Spatial Analysis of Poverty in Mauritania

Ahmed Amin El-Sheikh*
Dina H. Abdel-Hady** Mohamed ould Aly Oumar***

Abstract
In this paper, the concept of poverty in Mauritania has been improved

by studying the spatial factors that are related to poverty and how this factors
varies across Mauritanian’s counties? Also, how much the variation in poverty
incidence can be explained by these factors? An approach based on the spatial .
regression model, for mapping poverty rate in Mauritania has been
investigated. The county level poverty head count ratios of Mauritania and
spatial variables were analyzed using spatial regression models.

Key words: poverty measures — expenditure - Maran I Statistic - spatial
analysis — Geoda, 0.9.5. - NOS, 2008.

1. Introduction
Poverty is a multidimensional phenomenon which mamfests itself

primarily in three forms: (i) income poverty; (ii) poverty in terms of living
conditions and (iii) poverty in terms of potentials. Income poverty is measured
by means of Foster-Greer-Thorbecke indexes, which refer in particular to the
incidence of poverty, the depth of poverty and the severity of poverty.

Consumption is theoretically a better indicator of longer-term living
standards than current income. Also, from a practical perspective, survey
respondents tend to reveal their consumption pattern more accurately than thelr
income (Hentschel et al., 1996).

The variability in spatial distribution of poverty is related to its
geographic = determinants such as differences in geographic conditions,
infrastructure, access to public facilities, the presence or absence of hatural
resources (Petrucci, et al.,2003, Monot et al., 2006, Okwi et al., 2007). A
poverty map increases the visibility and perceptibility in spatial heterogeneity
of poverty at a higher disaggregated level. However, it does not provide an
estimate of the relationship between spatial patterns of poverty and spatial
variables that_influence it (Petrucci, et al., 2003). Lack of information on
geographic determinants of poverty hampers the efforts to reduce poverty and
geographic targeting of resources. Geostatical methods provide a set of spatial

*Assoc.Prof.of Applied Statistics and Econometrics Dept, 1.S.S.R,Cairo University
**Assis. Prof. Faculty of Commerce,Tanta University
***National Office of Statistics (NOS). Mauritania
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4-Using the quality indicator q;4 given by (2.16) to measure the quality of
any observation in the data set. ]

There is a need for investigating the performance of the proposed indicator
for several real applications. Further research could introduce much
modification to the proposed indicator as well as investigating its
performance for other forms of data sets and distributions.
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Table (9) :Average MSE of the quality indicator for different quality
indicators for the method (distance <40% percentile of distances) under

model 2,n=25,r=2000.

Manhattan Euclidean Chebyshev
qi1 0.2020425 0.1927604 0.4409465
qi2 0.217401 0.2111933 0.1980929
qi3 0.2324943 0.2308685 0.2170209
g4 0.06898758 0.05082359 0.08310548
qis 0.1687197 0.1518726 0.1584818

~ Table (10): Average MSE of q4 for different distances for the method
(distance <40% percentile of distances) under model 2, n=25, =2000.

Manhattan Euclidean
Dijl 0.200051 0.1976012
D ;2 0.2349765 0.2354078
D3 0.152416 0.1330891

The performance of q;4 was not enhanced any further so the best
performance was for q;4 with the method (distance<40% percentile of
distances) and distance D;; and Euclidean distance. The MSE of q;4 for
n=100 was 0.04617199 so this applies for large sample size also.

4. A recommended indicator for the quality of MVN data

Based on the results of section 3, it can be recommended that the best
indicator of quality for MVN data among the proposed indicators can be
found using the following algorithmic approach:

1-Using the Euclidean distance given by (2.4) to measure the distance
between different observations in the data set.

2-Using the method (distance<40% percentile of distances) to find the
nearest neighbors of any observation in the data set.

3-Using the distance Dy; given by (2. 7) to measure the distance between
any observation and its nearest neighbors.




Table (6) :Average MSE of ¢, for different distances for the methed

(distance <median of distances) under model 2,n=25,r=2000.

Manhattan Euclidean Chebyshev
D1 0.2348656 0.23342 0.2345979
D2 0.2354926 0.2356403 0.2360121
D3 0.2128696 0.2046886 0.2766526

Table (7) :Average MSE of the quality indicator for different quality
indicators for the method (disitance <median of distances) under model

2,n=25,r=2000.
Manhattan Euclidean Chebyshev
qi1 0.2024979 0.1936358 0.467549
qi2 0.2081561 0.2011548 0.1897319
qi3 0.2292204 0.2271319 0.2129621
qi4 0.06922832 0.05744453 0.08677776
qgis 0.1558576 0.140076 0.1483533

Table (8) :Average MSE of q;, for different distances for the method

(distance <40% percentile of distances) under model 2,n=25,r=2000.

Manhattan Luclidean Chebyshev
D1 0.2351933 0.2352913 0.2348812
D2 0.2362015 0.2361687 0.2359246
D3 0.2143886 0.205275 0.2567144










method (distance<median of distances) while Tables (8) and (9) show the
results ior the method (distance<40% percenuie of distances).  ~

It is noted that the performance of the quality indicator was greatly
enhanced when using the indicator q;, with the method (distance <40%
percentile) with the Manhattan and Euclidean distances so the performance
of this quality indicator was investigated more to see if there is any
enhancement when using it with the distances D;1 , D2 or Dy3

.Results are shown in Table (10).

Table (5) :Average MSE of ;. for different distances and methods to find

nearest neighbors under model 2,n=25,r=2000.

Manhattan Euclidean Chebyshev
distance<mean of | 0.1571564 0.1663518 0.2043588
distances
distance<median | 0.123727 0.1063142 0.1703396
of distances .
distance<(median- | 0.2350323 0.2345035 0.235732
s.d) of distances :
distance<30% 0.1422933 0.1168047 0.163964
percentile of
distances
distance<40% 0.1307172 0.1086657 0.1695414
percentile of
distances
distancc<60% 0.1225087 0.1116929 0.1774601
percentile of
distances
distance<20% 0.1655419 0.1424759 0.1677398
percentile of
distances
distance<(median- | 0.2296412 0.2301242 0.2358792
0.5s.d) of
distances
distance<(median- | 0.2366464 0.2361483 0.2362151
2s.d) of distances




Table (2) :Average MSE of q;, for different distances for the method
(distance <40% percentile of distances) under model 1,7=25,r=2000.

Euclidean
D1 0.5599393
D2 0.5694687
D;;3 0.1158264

Table (3) :Average MSE of the quality indicator for different Quality
indicators for the method (distance <40% percentile of distances) under
model 1,n=25,r=2000.

Euclidean
qi1 0.100565
qiz 0.2815847
qi3 0.412242
qi4 0.008305907
q;s 0.212143

Table (4) :Average MSE of q;4 for different distances for the method
(distance <40% percentile of distances) under model 1,n=23,r=2000.

Euclidean
Dy;1 0.4543263
D2 0.5624983
Dy3 0.01697887

Results are given by Table (5). Among the different methods to find the
nn,the methods with the least MSE were distance<median of distances and
distance <40% percentile of distances so these two methods were
investigated more to see if their performance would be enhanced by
changing the distance measure given by (2.7) to one of the distance
measures given by (2.8),(2.9),and (2.10).Also these two mcthods were
investigated (o see if their performance would be enhanced by changing the
quality indicator given by (2.12) to one of thc quality indicators given by
equations (2.13) till (2.17).Tables (6) and (7) show the results for the




Table (1) :Average MSE of q;,for different distances and methods to find

nearest neighbors under model 1,n=25,r=2000.

Manhattan Fuclidean Chebyshev
distance<mean of | 0.1511384 0.1334708 15.12786
distances
distance<median | 0.1083642 0.0533716 13.52241
of distances
distance<(median- | 0.4144564 0.3929098 2.825768
s.d) of distances
distance<30% 0.1487853 0.08149871 7.302385
percentile of
distances
distance<40% 0.07452742 0.01473317 10.74774
percentile of
distances
distance<60% 0.7106853 0.6668251 17.63232
percentile of
distances
distance<20% 0.3037025 0.2538365 4.93655
percentile of
distances
distance<(median- | 0.201758 0.1569697 6.849639
0.5s.d) of
distances
distance<(median- | 0.5431635 0.5263513 0.6153321

2s.d) of distances




investigated to see if its performance would be enhanced by changing the
quality indicator given by (2.12) to one of the quality indicators given by
equations (2.13) till (2.17). Tables (2) and (3) show the results.

It is noted that the performance of the quality indicator was greatly
enhanced when using the indicator q;4 with the method (distance <40%
percentile) with the Euclidean distance so the performance of this quality
indicator was investigated more to see if there is any enhancement when
using it with the distances Dy1 , D;2 or Dy3  Results are shown in

Table (4).

The performance of ¢ was not enhanced any further so the best
performance was for q;4 with the method (distance<40% percentile of
distances) and distance D;; and Euclidean distance. The average MSE of

g4 for n=100 was 0.008463937 so this applies for large sample size also.

Model 2
(X1, X2, X3, X,}, X5, X¢) ~MVN (1, 2.) Wwhere

1=(205,0.56,3,1050,78,6.9)

- 223.34 2032.51 -1198.1 -96.73 -9.45 -277.16
~12032.51 41452.09 -7669.97 -991.91 -833.11 -2511.91
Z= —1198.1 -7669.97 41606.31 —744.4 -—552.01 781.16

~-96.73 -991.91  -744.4  187.92 —57.17  476.54
-9.45 -833.11 -552.01 -57.17 260.45 —209.58
-277.16 -2511.91 781.16  476.54 —209.58 1458.30

Observed values are given by X; =X; +U;,
X*=(x1, X25 X35 X4y X555 X)

where

U,~lognormal(5,3) , U,~ lognormal(3,1), U3~ lognormal(4,0.5),

U4~ lognormal(1.6,1), Uz~ lognormal(7,0.9) , Ug~lognormal(2,0.4)
, (3.2)




3. Investigating the proposed data quality indicator

For data sets where the variables have a MVN distribution, two models
were considered.

Model 1
(X1’XZ’X3’X43X5a Xe) ~MVN (u , Z) where

u=(35,65,650,200,430,150)

- 7.48 —11.99 10.37 13.33 —-0.91  4.86
—-11.99 81.78 12.67 —26.46 26.31 —10.18
5 = 10.37 12.67 66.19 46.06 —10.56 5.84
113.33 -26.46 46.06 57.92 —26.33 2.58
~0.91 2631 -10.56 —26.33 25.82 1.29
L 4.86 —10.18 5.84 2.58 1.29 9.15

Observed values are given by X; =X; +U;,

X'=(xq, X2, X3, X4, X55 Xe)

where U;~N(0,7) , U;~N(0,15) , U3~N(0,25) , U4~N(0,20) ,
U:~N(0,37) ,~ Ug ~(0,40) | | (3.1)

Using D;; as given by (2.7) and q;, as given by (2.12), the MSE of q;.
was calculated for the three different distances given by (2.4),(2.5),and
(2.6),and using different methods to find the nearest neighbors .Sample size
used was n=25,number of replications used was r=2000.The average of
the MSE over the replications was calculated. The program R version
2.13.0(R Development Core Team, 2011), was used in simulating data sets
and calculating all the measures. Results are shown by Table (1).

Among the different methods to find the nn,the method with the least MSE
was (distance <40% percentile of distances )with the Euclidean distance so
this method was investigated more to see if its performance would be
enhanced by changing the distance measure given by (2.7) to one of the
distance measures given by (2.8),(2.9),and (2.10).Also this method was




s oth

Dijlzl (Xij - j(ij(nn)) l (2'8)
Dij2=(Xi; — Xijom) (2.9)
Dij3=< (Xij - nXij(nn)) /Xij(nn)) ? (2.10)

Finally, for each observation i, there will be a set of p measures of
distances (D, Dy, ...,Dj,) available. Let D; denote the mean of these p
distance measures for observation i then :
2jDy

Ei: o

(2.11)

A quality indicator can be proposed based on the distance given by
(2.11). The following indicators were considered:

qi»=1/D; (2.12)
CIi1:1/D—zZ (2.13)
qiz=exp(-D; ) ‘ (2.14)
qis=exp(-D,” ) (2.15)
qiu=14/D, (2.16)

qis=exp(- /D, ) * (2.17)

‘The performance of any of the previous indicators can be judged based on
its mean square error (MSE).For example ,the MSE of q;, given by (2.12)
can be defined as follows:

n o —qi)?
MSEq;,= &ﬂﬂf_&)_ (2.18)
where q; is given by (2.3) and g;, is given by (2.12).

Using simulated data sets from MVN distribution, the MSE of the proposed
indicators can be calculated and compared.




[ G- )’ + 002" 17 (24)
The Chebyshev distance (Canﬁ‘ell,’ 2000), is given by:
Max( | xi-x |, [ »22]) (2.5)
And the Manhattan distance (Krause, 1987), given by
Per - ol + 1 - yal (2.6)
Several methods to find the nearest neighbors to any observation were

considered depending on the distance between the observations as follows:

1-Nearest neighbors to observation i are the observations which their
distance to observation i is less than the mean of the distances between
observation 7 and all other observations.

2-Nearest neighbors to observation i are the observations which their
distance to observation 7 is less than the median of the distances between
observation 7 and all other observations.

3-Nearest neighbors to observation i are the observations which their
distance to observation i is less than ( median-k*s.d) of the distances
between observation i and all other observations, where s.d is the standard
deviation of distances and k = 0.5,1,and 2.

4-Nearest neighbors to observation 7 are the observations which their
distance to observation i is less than the p percentile of the distances
between observation i and all other observations ~ where
p=20%,30%,40%,and 60%.

Now after locating the nearest neighbors to observation i excluding
variable j , there is a need to calculate a distance measure between X;; and

)?ij(nn)where )?ij(nn)indicates the mean of variable j for the nearest

“neighbors of observation i excluding variable ;.

The following distance measures were considered:

Dij=| (Xij = Xijeny) Kijomy | (2.7)
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Quality of X;; = exp J'_li Ky Xy ) 1 (2.2)

L Xy J

where i=1,2,...,n and j=1,2,...,p. 1f the quality of any observation is taken
to be the average quality of values of this observation on all variables then
the overall quality of every observation in the data set can-be calculated.

Let q; denote the overall quality of observation / and q;; denote the

quality of X;; as given by (2.2) then:

_ 24 (2.3)
o .

i

Now with g; known, the performance of any proposed quality indicator can
be evaluated where the performance is judged by the ability to estimate

q; with minimum errors.

It makes sense that in a typical data set, observations tend to fall into
clusters depending on the relation between the variables so that
observations in the same cluster will have a similar type of relations
between variables (Mirkin, 2005). For any observation 7 ,in order to study
the quality of say, X, ,suppose that all the observations in the entire data
set are searched to find those most similar to the combination ( X}, , X3 ,...,
X, ).In other words, to find the nearest neighbors(nn) of observauon i
regarding all values of observation i except the value of X, . It would be
expected now that the value of X}, be somewhat close to the average of the
values of the first variable for the nearest neighbors of observation i .

There is a need for a measure of dissimilarity or distance between the
combination ( X , Xis ,..., Xjp ) and every other combination on the same
variables in the data set. The distance between two points, with coordinates
(x1,y1) and (x2,)2), respectively, could be measured using several measures

of distance.

Three distances were considered. The Euclidean distance (Cantrell ,2000), is

given by:
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already gathered, with no chance to re-measure the same observations
again. In such cases, it seems more practical to study the quality of the
available data set based only on this very data set, without auxiliary

information.

It is the importance of studying the quality of dataas well as the limited use
of statistical tools in addressing the problem, which greatly motivated the

current research.

The current paper presented an indicator of data quality which depends
only on the observed values of the observations without any auxiliary
information. In the following section, the proposed quality indicator will be

presented in detail.

2. A proposed indicator of data quality

For a random sample of » observations drawn from a p-multivariate normal

(MVN) population, values on p variables, (X1, X5 ...,X, ) will be available
for n observations .If the data set described above is measured with error,

then the observed variables will not be X; = (X1, X2 ... &p ) but will rather be
X;=(X{.X; ,....Xp ) where

X, =X, +U, (2.1)

2
UU1 ee 0

where U; ~N[0,2,] and 2y = :
0 .- Jgp

A typical measure of quality or accuracy of any observation measures the
relation between the values of X; j and X l*J for this observation, i=1,2,...,n
and j=1,2,..,p, such that the greater the difference between these two
values, the less the quality of the observation.

Let the quality of observation i for the variable j be defined as follows:
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Data quality refers to the degree of excellence exhibited by the data in
relation to the portrayal of the actual phenomena. Also data quality has
been defined as the state of completeness, validity, consistency, timeliness
and accuracy that makes data appropriate for a specific use (Olsen, 2003).

Researchers realized how much data with poor quality can cost
organizations and governments. The great importance of data quality has
been emphasized by many researchers (see for example, Fisher and Kingma,
2001 and Olsen, 2003).As Olsen (2003), points out, accurate data is a .
fundamental requirement of good information systems. The lack of accurate
data costs organizations dearly in correction activities, lost customers,
missed opportunities and incorrect decisions.

There have been several attempts in the literature for methods or measures
to study and judge the accuracy and preciseness of data, or study the
quality of data in general. Data accuracy in some fields, especially the
medical one, is calculated using the measure of correctness. It is usually
measured using validation data on some sample items, where the gold
standard, which is the true aspect that the data represent, is known.
Reliability of any measurement in general refers to the consistency of a
number of measurements taken using the same measurement method on the

same subject (Kan, 2007).

Cook's distance is an influence statistic. Cook's distance mcasurcs the
effect of deleting a given observation on the regression model (Cook,
1979). Also, Mahalanobis distance, is often used to detect influential
observations in the development of linear models (Mahalanobis, 1936). As
discussed by Olsen (2003), the data profiling approach, is a set of
procedures to check the consistency of the data items in relation to each
other. For example the data rule analysis puts rules to check the value of a
certain variable in relation to other Variable(s).

Statistical tools used to study the problem of data quality are not enough.
Obtaining validation data and repeated measures for some observations
could be quite costly and time consuming especially with large data sets.
Besides, usually in applications, researchers are confronted with data
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Abstract: Correctness and precision of data are very crucial in applications
for reliable results. However, not much statistical tools have been used to
deal with the problem of data quality. Statistical methods for studying data
quality have focused on detecting outliers and influential observations. In
this paper, an indicator for data quality is proposed, which depends on the
relations between observations in multivariate normal data sets without the
need for auxiliary information, where several distances are proposed in the
developing of the indicator. The performance of the proposed indicator for
multivariate normal data is tested by its mean square error as calculated

from simulated data sets.
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1. Introduction

The main core of statistics in general is analyzing data to make
decisions. If the data ‘is not precise or accurate then the results of the
statistical analysis would not be reliable and it will be misleading. The
concept of Data Quality had lots of attention over the past decade and has
been a subject of interest to a decent number of researchers in different

ficlds.
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