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ABSTRACT

In this study, the effect of missing values on a
data set is investigated to see how it impacts the
robustness of the estimated parameters
obtained from the data. Three cases of missing
data are considered which are: extreme,
randomly distributed, and different cases. The
cases are treated in phases of different sample
sizes. For each phase, three existing techniques

and two new techniques namely, Z'ngi/ and
n
l/‘,){i ’

The ordinary Least Squares (OLS) technique is
used to estimate the parameters of the model
from the complete data after the missing data
have been replaced. Results presented in this
paper are readily applicable in decision making
especially when dealing with small sample size.

(Keywords: missing data, heteroscedasticity,
regression model, explanatory variables, parameters)

INTRODUCTION

The phenomenon of missing data in a data set,
whether small or large, is peculiar to all areas of
research that deal with observed data from
experiments and it has constituted a serious
problem in many fields of research. An added
complication is that the more data that are
missing in a database, the more likely it is that
one will need to address the problem of
incomplete cases, yet those are precisely the
situations where inputting or filling in values for
the missing data points is most questionable due
to the small proportion of valid data points
relative to the size of the data matrix. The goal
of statistical procedures must be clear to aid
efficient and statistical inference that will
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enhance robust statistical modeling. When
missing values are present in a data set, the
probability of making valid and efficient
inferences about a population of interest is low;
this is vital to successful planning and
implementation.

There exist large bodies of literature devoted to
various techniques of solving missing data
problems. Prominent among these are:

Cohen and Cohen (1983): Dummy Variables
Approach; this approach indicate the use of
dummy variables for identifying missing
observations. However, it does not produce
unbiased parameter estimates.

Little and Rubin (1987): Case Deletion otherwise
known as Listwise Deletion method. In this
approach, it was indicated that if a record has
missing data for any variable used in particular
analysis, omit that entire record from the
analysis. If the discarded cases form a
representative and relatively small portion of the
entire dataset, this may indeed be a reasonable
approach. It leads to valid inferences that
implicitly assume that the discarded cases are
like a random sub sample. This approach can
result in different magnitudes or signs of casual
or descriptive inferences. When the discarded
cases differ systematically from the rest
estimates, it may be seriously biased. Moreover,
in multivariate problems, case deletion often
results in a large portion of the data being
discarded and an unacceptable loss of power.

Raghunathan (2004): Single Imputation method.
In a similar development, this is an alternate
approach based on filling in or imputing the
missing values in the data set. Again, this
approach can be traced back to survey practices
adopted by the U.S. Bureau of Census, Ford
(1983). This approach of filling in the missing
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values is attractive for several reasons. First,
imputation adjusts for differences between non-
respondents and respondents on variables
observed for both and included in the imputation
process, as well as differences on variables not
included in the model that are predicted by the
model. Second, the complete data software can
be used to process the data to obtain descriptive
statistics and other statistical measures. Third,
when a data set is being produced for analysis
by the public, imputation by the data producer
allows the incorporation of specialized
knowledge about the reasons for missing data in
the imputation procedure.

Raghunathan and Siscovick (1996) demonstrate
that using an auxiliary variable in the imputation
process can improve the efficiency considerably.
Therefore, when the proportion of missing
values is small, single imputation may be quite
reasonable.

Although single imputation enjoys the positive
attributes just mentioned, analysis of single
imputed data tend to produce estimated
standard errors that are too small, confidence
intervals that are too narrow, and significant
tests with p-values that are too small. Without
special corrective measures, single imputation
inference tends to overstate precision because it
omits the between-imputation components of
variability. Rao and Shao (1992) and Rao (1996)
proposed the Jacknife method for computing
correct standard errors in this approach.

Schafer and Graham (2002): Mean Substitution
method; this is a process of replacing each
missing value for a variable with the average of
the observed values. This method may
accurately predict missing data but distort
estimated variances and correlations. A missing
value cannot be properly evaluated apart from
the modeling, estimation, or testing procedure in
which it is embedded.

Rubin (1977): Multiple Imputation method; this
approach generates actual raw data values
suitable for filling in gaps in an existing
database. Multiple imputation methods have
been around for about two decades and are now
the choice of most statisticians. It is a means of
generating multiple simulated values for each
incomplete datum, and then iteratively analyzing
datasets with each simulated value substituted
in turn. The purpose is, arguably, to generate
estimates that better reflect true variability and
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uncertainty in the data than do regression
methods. This was further improved on in Rubin
(1987) and Schafer (1997) that Multiple
Imputation replaces each missing value with a
set of plausible values that represent the
uncertainty about the right value to impute.
Therefore, it is a technique that seeks to retain
the advantages of Single Imputation while also
allowing the uncertainty due to imputation to be
incorporated into the analysis.

This technique involves three distinct phases:

e The missing data are filled in m times to
generate m complete data sets

e The m complete data sets are analyzed by
using standard procedures

e The results from the m complete data sets
are combined for inference.

Little and Rubin (1989); Little and Schenker
(1995) say that inferences based on Multiple
Imputation are more efficient than Listwise and
they are not biased. It is worth nothing that the
method of choice depends on the type of
missing data pattern.

Rubin (1987): Regression Method; In this
approach, a regression equation based on
complete case data for a given variable will be
developed, treating it as the outcome and using
all other relevant variables as predictors. For
cases where Y is missing, the available data is
plugged into the regression equation as
predictors, then substitute the equation
predicting Y value into the database for use in
other analyses. A regression model is fitted for
each variable with missing values, with the
previous variables as covariates. Based on the
resulting model, a new regression model is then
fitted and is used to impute the missing values
for each variable. The process is repeated
sequentially for variables with missing values.

Another existing method by David (2007):
Expectation-Maximization algorithm, abbreviated
as the EM algorithm which is one of the ways of
obtaining maximum likelihood estimators. We
will first estimate the parameters on the basis of
the data we do have. Then we will estimate the
missing data on the basis of those parameters.
Then we will re-estimate the parameters based
on the filled-in data, and so on. We would first
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take estimates of the variances, co-variances
and means. We would then use those estimates
to solve for the regression coefficients, and then
estimate missing data based on those
regression coefficients (for example, we would
use whatever data we have to estimate the
regression Y = bX + a, and then use X to
estimate Y wherever it is missing). This is the
“estimation step” of the algorithm. Having filled
in missing data with these estimates, we would
then use the complete data (including estimated
values) to recalculate the regression
coefficients. The EM algorithm gets around
underestimating error by adding a bit of error to
the variances it estimates, and then uses those
new estimates to impute data, and so on until
the solution stabilizes. At that point we have
maximum  likelihood estimates of the
parameters, which is the “maximization step”,
and we can use those to make the final
maximum likelihood estimates of the regression
coefficients.

Though impressive, the solution techniques
employed by these aforementioned studies are
only capable of handling missing data problems
when the sample size is large. However,
situations arise when the sample size of an
observation data is relatively small. To the best
of authors’ knowledge, studies concerning the
effects of missing values on a data set when the
sample is small are not found in literature. Thus,
this paper assesses the problem of analyzing
the effect of missing data on a data set when the
sample size is small. In order to ensure a level
of confidence in the results obtained in this
study, Goldfeld-Quandt test is used to check for
the presence of heteroscedasticity. The specific
objective is to develop novel techniques or
mechanisms which are capable of handling
missing values problem for both large and small
sample sizes.

PROBLEM STATEMENT

In this work, the model considered for the
simulation is as defined below:

Lety =p,+b,x.+h.X. th.x.+e,

Where, Y = dependent variable, x;, i = 1, 2, 3 are
the explanatory variables, b;, i =0, 1, 2, 3 are the
parameters to be estimated, and e, is the error
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term which is identically and independently
normally distributed with mean zero and
variance 0_2 .

By solving the normal equations, we have
estimators to be:

A

L=(xx)"xY

MATERIALS AND METHODS

The matrices of dimensions 31x4, 62x4, and
95x4 were used. These matrices were selected
in order to determine the effect of various
sample sizes on missing data and the ability to
draw good inference based on the dimensional
specification. The data used for this work were
secondary data obtained from the Statistical
Digest on Nigerian Universities, 4" Edition, a
publication of National Universities Commission
(NUC), Abuja, Nigeria.

Two different techniques were proposed in the
study. The techniques are mean of log of the

explanatory variables (2'09%), and the inverse

of the root of the mean of the explanatory
variables 1/\/; . These techniques will be

examined for Extreme, Randomly Distributed,
and Different cases.

For the techniqueZ'OgX/, the following
n

procedures were employed:

(i) take the log of the incomplete data
set;

(ii) find the mean;

(iii) replace the missing values with the

mean and analyze the complete
data set using SPSS computer
package.

For the techniquel/&, the following
procedures were employed:
(i) find the mean of the incomplete data
set;
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(i) take the inverse of the root of the
mean

(iii) replace the missing values with the
new values and analyze the
complete data set using SPSS
computer package.

The Ordinary Least Squares Method (OLS) was
used for this research to estimate the complete
data in which the best proposed technique has
been used to replace the missing data.
Furthermore, this was extended to generalized
least square test for heteroscedasticity by
considering the Goldfeld-Quandt.

Test For Heteroscedasticity
Goldfeld-Quandt Test

The following procedures were required; Firstly:
order the observations according to the
magnitude of the explanatory variable X.

Secondly: select arbitrarily a certain number (c)
of central observations which will be omitted
from the analysis. The remaining (n-c)
observations were divided into two sub-samples
of equal size [(n-c)/2].

Thirdly: fit separate regressions to each sub-
sample and obtain the sum of squared residuals
from each of them i.e Se? and Se

Each of these sums is divided by the appropriate
degrees of freedom to obtain estimates of the
variances of the p'sin two sub-samples. The

ratio of the two variances:

w28 ln=c)2}-k] e

e /n-clzj-k] Y

has an F distribution with,

v, =V, =[fn—c}/2] -k =[{n—c - 2«}/2] degrees of
freedom,

where n =total number of observations, c
=central observations omitted i.e. ¥4 of n, and k
= number of parameters estimated from each
regression.
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The calculated F is compared with the
theoretical value of F with v =y, =(n—c-2k)/2

degrees of freedom at a chosen level of
significance.

Fourth: if F* > F we have heteroscedasticity
if F* < F we have homoscedasticity

DISCUSSION AND ANALYSIS OF RESULTS

The results of the estimated parameters of
models formulated for mean of Xi's, Expectation

imi i i |OgXi
Maximization, Regression, > % and 1/\/;.

with sample sizes of 31, 62 and 95 were
presented below. The results of the
heteroscedasticity were also presented.

For Table 1 when n is 31 under Phase |, the
estimated parameters bs, by, and bz are
statistically significant at 0.05 for the existing
techniques of Mean of X/'s, and Regression but
statistically significant in only by, and b, for
Expectation Maximization.

The value for by is not statistically significant for
all the existing techniques and b; not significant
at 0.05 significance-level for Expectation
Maximization. Also for the proposed technique,

2.logx /b, and b are statistically significant at
n
0.05. Also, by for the proposed technique 1/\/;

is statistically significant at 0.05 significance-
level.

In Phases Il and lll, the estimated parameters b;
and b; for both the existing methods and the
proposed techniques are statistically significant
at 0.05 significance-level. For all the techniques,
the result shows that the remaining coefficients
of by and b, are not significant at 0.05
significance-level except for the proposed
technique 1/\/; where by is significant.

The R-squared obtained for the proposed
techniques is 0.939 when missing data is
randomly distributed. This shows that the
goodness of fit at this point is better than the
existing techniques.

The proposed technique of 1/\/; approach

produced the minimum standard error for all the
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estimated parameters which shows that it is
more consistent and efficient than the other
techniques.

Table 1 also shows the comparative analysis of
the different phases. For Phase | which is the
extreme cases, the R-squared value for Mean of
X’s and Regression is 0.897, while the
remaining techniques of Expectation

. . . IogXI —
Maximization, > 4 and 1/\/; have the

following magnitudes 0.897, 0.48 and 0.149,
respectively.

In addition, for Phase Il the Randomly
distributed cases, the existing techniques Mean
of Xs, Expectation Maximization and
Regression have the same magnitude of 0.922
while the proposed techniques have the same
magnitude of 0.939. Likewise, for Phase Il the
different cases, existing techniques have
different magnitudes of R-squared values of
0.902, 0.906 and 0.907 respectively. While the

i logx;
proposed techniques 2 % and 1/\/)(*I have

different magnitudes for R-squared 0.93 and
0.889 respectively.

From this analysis, it was also discovered that
all the three existing techniques produced
approximately the same estimated parameters
and corresponding standard errors and R-

squared values of 2'09% andl/\/;.

For Table 2 when n is 62 under Phase |, the
estimated parameters by and b; for the existing
techniques Mean of X’s, Expectation
Maximization and Regression are statistically
significant at 0.05. While the remaining
coefficients by and b, are not significant at 0.05
significance-level. Also for the proposed

techniqueZ'OgX/, all the estimated parameters
n

bo, b1, by and bj are statistically significant at
0.05. While by and b3 for the proposed technique
1/\/; is statistically significant at 0.05

significance-level.

In Phase I, the estimated parameters by and b;
for both the existing and proposed techniques
are statistically significant at 0.05 significance-
level. For all the techniques, the result shows
that the remaining coefficients of by and b, are
not significant at 0.05 significance-level except
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for the proposed technique 1/\/: which is

significant at by.

In Phase lll, the estimated parameters b; and b,
for Mean of X/’s, Expectation Maximization and
Regression  techniques are  statistically
significant at 0.05 significance-level. While for

Zlogx% and 1/\/:. the estimated parameters

be, by and b; are statistically significant at 0.05
significance-level.

The R-squared obtained for Z'ng/ is 0.914
n

when missingness is randomly distributed. This
shows that the goodness of fit at this point is
better than the existing techniques.

It also produced the minimum standard error for
all the estimated parameters which shows that, it
is more consistent and efficient than the other
techniques.

This Table 2 also shows the comparative
analysis of the different phases. For Phase |
which is the extreme cases, the R-squared
values for the existing techniques Mean of X/s,
Expectation Maximization and Regression have
the following magnitudes of 0.678, 0.717 and
0.71 respectively, while the proposed techniques

log x; - i
2 4 and 1/\/; have the following
magnitudes 0.529 and 0.416 respectively.

In addition, for Phase Il the randomly distributed
cases, the existing techniques have the same
magnitude of 0.868 while the proposed
techniques have the following magnitude 0.914
and 0.865 respectively. Likewise, for Phase Il
the different cases, existing technique Mean of
X’s has the magnitude 0.869 while the
remaining existing techniques have the same
magnitude 0.87. The proposed techniques have
different magnitudes for R-squared to be 0.88
and 0.847, respectively.

From this analysis, it was discovered that all the
three existing techniques produced
approximately the same estimated parameters
and corresponding standard errors. However,
there is significant difference in the estimated
parameters, standard errors and R-squared
values of the proposed techniques when missing
data is at the extreme.
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Table 1: The estimated parameiers of models for Mean of X's, Expedston Maximization, Regression, 7 E hw\ and ‘xm___el whenn is 31

PFHASE | [Exfreme cases)

FHASE |l [Randomly distributed cases)

PHASE Il [Different cases)

- - Randomly :
Techniques of Analysis Extreme Standard P- . Standard Different Standard
Cases Error Value Eﬂhmﬂ:%& Error Rz Cases Error Rz
Nlean of D=1 23 200 415 D . ral =i L DRI ] [F Rl D= 473 143 Wala
Xis b=2.427 0.238 0000 | be=1.724 0.254 0. 0eer 114,417 0282 0000
b;=5.525 1.741 0.001% | be=0.TEE 1.591 0.633 by=1.670 2038 0773
br=-1.382 0.551 QUDET | bem1122 0.318 ez b=0.554 0,455 0.018
RE=E3.5% RI*=82.2% b=1.154
R*=30.2%
EM D=og.297 43,130 [V :rr B=0. 130 s 3L [P T b= oS, i [FE )
b,=2.388 0.251 0000 | be=1.724 0.265 0. 0eer" 103452 0.273 0. 000"
Existing b.=50 436 1.552 0002 | b=DT3T 1.605 0,651 b=1.7T08 2035 0526
Technigues b=-1.245 0.655 0LDET b=1.124 0.326 .oz b=0.452 0,456 Q.018°
S Ri=82.2% b.=1.1432
“=50.5%
Regressin | D10, 0 qil i LIRS E D=o0.0Z CUER V) [F R D= L LR O] 080
b=2 385 0.244 0.0 | b=1.731 0.264 0. ee 102 528 0275 OO0
b=5.821 1.820 0,001 | b=0.T45 1.587 0,545 b=1.7T11 2.02D 0,831
by=-1.315 0.622 0043 | be=1.125 0.321 0. by=0.436 0454 0.018*
R=E3.5% Ri*=5Z.2% bo=1.142
=30 T%
g n\\ i e L [im R L] 0T et N 2240 D [ 2 [ L I LI
L b=1.801 0.817 0.0607 | be=1.561 ZEZ 0. 0eer b=1.536 0267 0000
b=-5.252 3.673 0,059 b=1.876 1.273 0.154 b=-0.234 | Z.04E8 0,652
by=2 053 0.616 0000 | b=DlE4 0.21 0. 0eDer" b-=1.455 0.476 0,004
Proposed RI=45% RI=52.5% RE=EI%
Technigues A_.. - D=7 1. 100 S0 ras LR D=o21 450 L0 0D [ERk D=4 200 | 252040 'R i
R b=1.122 0.852 0,203 b=1.632 0.217 00D b=1.2534 0,304 0000
b=-5.242 5.255 0,244 b=1.752 1.254 0173 b=-3.T712 | 2.544 0.781
be=1.543 0.872 0,086 b=0.552 0.21 0. 0eDer" b=1.615 0.561 0,001
RE=14.5% RI=52.5% RI=EE.5%

* P-valus estimatzs thet are sgnificant st 0.05 significant level
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Table 2: The estimated parameters of models for Mean of X's, Expedaton Maximization, Regression, H.b.nh.x\ and ‘\.____el whenn is 62.

FHASE | [Extreme cases)

PHASE Il [Randomly distributed cases)

PHASE Ill [Different cases)

. . Randomly .
Techniques of Analysis Extreme Standard . Standard Different | Standard
Caces Errar P-¥alue Eﬂhmﬂ:%@n Errar P-¥alue caces Errar P-Walue
Nle23n of D=5 1D TR [IRCol) D=2 DD S0 T LI D=2 TiDDig | . 1S U3
Xis b.=1.655 0,421 0.0 =1.218 0.252 0.0 b=1.470 0,245 0. Deer
b=1.820 2.528 0.521 b=0.872 1.768 0624 b=0.37& 1.780 0.831
b=-1.520 0.506 0.001* =1.434 0.413 0.001* b==1.5T0 0385 0. Oeer
RI=G7.5% R*=86.5% R*=86.5%
EM Do=iis ids DL LD LI i 0-= e vl LG I L) Do=228. 440 | 230 .29 UL S0
Existing b=1.636 0417 0000 b=1.31T7 0.252 0000 b.=1.485 0.246 0. DeDer
Technigues b=1.058 2884 0.7T15 b=0.883 1.7T88 0621 b=-0.450 1.783 0.724
b=1.T45 0.458 0.001* b=1.431 0.416 0.001* b=1.551 0.386 0. Oeer
RE=T1.7T% R*=56.5% RE*=ET%
Regressien | Dg=iii.82 D0 LD L 5 D=2 10 200 2000 43 [ Do=2ls S0l | 2060, 2a [ i
b=1.634 2415 0.0 b=1.316 0.253 0.0 b=1.455 0248 0. D e
b=-1.451 2.8Th 0,605 b=0.880 1.785 0624 b=-0.428 1.751 0.808
b=1.531 0458 001" b=1.434 0.416 001" b=1.551 0,386 0. D e
RE=T1% R*=86.8% RE*=ET%
u.:.n.n..\\ D= 1842, 308 | 40413 LR Do=8.. s 200 Zid LR U T3S Do=i 2000 | 214,503 (IR RS
= T A b=1.502 D417 0.001* b.=1.674 0.211 0. e b=1.188 0.186 0. D e
b=46.358 2656 0.015 b=1.132 1.726 2.514 b=1.528 0.5988 0.128
b=2 412 0.503 0.0 b=1.45 0.383 0D b=1.5353 0.216 0. D e
Proposed R*=52.5% RE=31.4% R*=EE%
Technigues ‘.M = Do=2 245 008 | oD T80 IR Do=52D. 20 % S L IR Do=ids. 458 | 220850 (PRI
AR b.=0.084 0.505 0.868 b.=0. 86T 0.158 OO0 b=1.036 0.188 0. D e
b=3.752 2428 1.123 b=0.1TZ 1.821 0.916 b=1.743 1.132 0.128
b=16153 0.559 0. iDers b=2 161 0.360 0.0 b=1.650 0245 0. D e
Ri=41.6% R*=86.5% Ri=04.T%

* P-value estimates that are sgnificant at 0,08 significant level
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Table 3: The estimated parameters of models for Mean of %5, Expadston Maximization, Regression, T ks h.\\ and ‘x____J,I whenn is 85

PHASE | [Extreme cases)

PHASE Il [Randomly distnbuted cases)

PHASE |l [Different cases)

. . Randomly :
Techniques of Analysis Extreme Standard . Standard Different Standard
Caces Error P-¥Walue n_ﬁmﬂcma Error P-¥Walue P Error P-¥alue
Nlean of B = U1 etegh, LMD [E R e De=200 45 | L3330 [P b2 D= 130,200 | 229129 a8
iz b.=1.283 0.252 0,000 by=1.402 0157 0,000 b.=1.535 0.172 0,000
b=1.721 1.78T 0,338 be=-1 535 1.145 0,183 b=0.07T 1.013 0.540
b=1.217 0.486 .00 b=2. 107 0,264 0,000 b=1.642 0.244 0,000
RA=T5.3% RE*=213L RA=ED 6%
EM [ TR T 204, . De=208. 812 | L33.238 [F | ] D=8l 350 | L2020 ais
Existing b.=1.453 0.285 0,000 B=1.4132 0157 0,000 b=1.577 0171 0. 000
N be=1.232 1. 75D 0483 be=1.577 1.145 0172 be=-0.034 1.003 0572
Techniguzs bo=1.404 0.4732 {0.004* be=2.103 0.264 0.000 b-=1.625 | 0.241 0.000
R2=TT.7% R*=21.1% R*=30%
REgreEsson [ D) ETEXAT [VD D=0 133 | L33, S [V ) Do=The. 7aD | 220,130 [V L]
b=1.445 0.285 0,000 by=1.408 0157 0,000 b.=1.569 0171 0,000
be=1. 485 1.751 0.355 bp=-1 552 1.147 0.171 be=-0.010 1.012 0.552
b-=1.248 0.472 0.00E6* B=2.110 0,265 0,000 b=1.622 0.243 0,000
R*=TT.7% Ri=31.1% R*=ED.5%
g I TR TE N SR L) [Fi Br=0ai. 0 | oo, o0s [ERE D B0 S. T | 200 112 [ERE e
- - b.=0.285 0.377 0.445 by=1.233 0178 0,000 b.=1.421 0.158 0,000
b= 123 1.746 0227 be=2 5TE 0.562 0005 be=1 355 0548 0.021*
b=2.054 0.452 0,000 be=1.201 0217 0,000 B=1.111 0.2z 0,000
Proposed R=5&.T% R*=ET.2% RA=EE. 1%
Technigues h‘_.. - D=3 | 2020 [ER B0 1. o0 JULE D [IRIL e D= 132 | 2o%.004 [ERE T
LR b.=0.552 0.35D 0,160 by=1.2363 0,200 0,000 b.=1.591 0.156 0,000
be=3 ZER 2.030 0. 105 be=3.035 1.152 0.013 be=2 445 0586 0.007
b=1.224 0.475 0.00E6* B-=0.214 0.245 0,000 =087 0,231 0,000
RE=5a% R*=m43L RA=EE.T%

* P-valus estimates that are sgnificant at 0.05 significant level

—156—

Volume 10. Number 1. May 2009 (Spring)

The Pacific Journal of Science and Technology

http://www.akamaiuniversity.us/PJST.htm




For Table 3 when n is 95 Phase |, the estimated
parameters b, and bj for the existing techniques
Mean of X’s, Expectation Maximization and
Regression are statistically significant at 0.05.
While the remaining coefficients by and b, are
not significant at 0.05 significance-level. Also for

i logx;
the proposed techniques )y 4 and 1/\/; bg

and b; are statistically significant at 0.05. While
b, and b, are not statistically significant at 0.05
significance-level.

In Phases Il and lll the estimated parameters b;
and b; for the existing methods are statistically
significant at 0.05 significance-level. While all
the estimated parameters are significant at 0.05
significance-level for the proposed techniques,
except for 1/\/:. of Phase Il that is not

significant at 0.05 significance-level for by.

The R-squared obtained for both Expectation
Maximization and Regression is 0.911 when
missing data is randomly distributed. This shows
that the goodness of fit at this point is better than
the proposed techniques.

The Expectation Maximization approach
produced the minimum standard error for all the
estimated parameters which shows that, it is
more consistent and efficient than the other
techniques.

Table 3 also shows the comparative analysis of
the different phases. For Phase | which is the
extreme cases, the R-squared values for the
existing techniques Mean of X/s, Expectation
Maximization and Regression have the following
magnitudes 0.753 and 0.772 respectively, while

i logx; -
the proposed techniques > 94 and 1/\/;
have the following 0.557 and 0.53 respectively.

In addition, for Phase Il the randomly distributed
cases, existing techniques have the same
magnitude of 0.91 and 0.911, respectively, while
the proposed techniques have the following
magnitude 0.872 and 0.84 respectively.
Likewise, for Phase Ill the different cases,
existing techniques have different magnitudes
0.896, 0.90, and 0.899, respectively. The
proposed techniques also have different
magnitudes for R-squared 0.881 and 0.887,
respectively.

From this analysis, it was discovered that all the
three existing techniques produced
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approximately the same estimated parameters
and corresponding standard errors. However,
there is a significant difference in the estimated
parameters, standard errors and R-squared
values of the proposed techniques when missing
data are at the extreme point of the data set. It
was also noted that almost all the estimated
variables under the proposed techniques were
significant at 0.05 significance-level.

Test for Heteroscedasticity
The Goldfeld and Quandt Test

The Goldfeld and Quardt test yields the following
results. By ordering the observations in
ascending order of the X's, and omitting the
twenty five central observations when n is 95,
we are left with

two subsets of the data, one with the lower
values of X with dimension 4x35 and one with
the higher values of X with dimension 4x35.

Applying OLS to each subset we obtain:

(a) For subset 1

Y~ 4649.853 + 48.38x; -110.45x; -33.48x3
R? = 0.225 and z = 610703395.71

(b) For subset 2
y2 = 14469.84 - 2.38x,- 6.13%, + 1.78x%3
R? = 0.287 and Zeﬁ = 540255875.61

We form the ratio of the two unexplained
variations:

ru_ D& _ 54025587561
>'el 61070339571

=0.88 =~ 1

The theoretical value of F at the 5 percent level
of significance with

_n-c-2k 95-25-2(4)

vV, =V, = > =32
F=174butF*=0.88
.. F*<F as 0.88<1.74
—157—

Volume 10. Number 1. May 2009 (Spring)



Table 4: Subsets of data for Goldfeld and Quardt Test.

Subset 1 Subset 2
n1 Y1 X1 X2 | X3 n2 Y2 X1 X2 | X3
1| 11986 | 252 | 42 100 1 1071 | 2684 | 435 (1652
2 | 17511 | 278 | 45 107 2 1820 | 2741 | 436 (1717
3| 13900 | 355| 58 145 3 | 12902 | 2789 | 437 (1752
4 | 11120 | 355| 61 147 4 | 12934 | 2831 | 446 |1781
5| 13175| 357 | 61 149 5| 15985 | 2831 | 448 (1782
6 | 10668 | 384 | 67 197 6 | 14280 | 2831 | 449 (1790
7| 9263 | 396 | 73 197 7 | 15017 | 2905| 450 (1803
8 | 5154 | 412| 83 |[197 8 | 12570 | 2921 | 456 (1919
9 | 5178 | 431 83 335 9 | 10456 | 2959 | 457 (1927
10| 7014 | 436| 89 |335 10| 7138 | 3109 | 468 |1967
11| 3799 | 441 89 335 11| 6681 | 3139 | 475 (2090
12| 6638 | 472 | 92 |362 12| 8089 | 3139 | 478 2111
13| 6972 | 472 | 92 | 366 13| 4134 | 3250 | 502 (2132
14| 1999 | 519 | 92 |373 14| 8815 | 3308 | 519 (2155
15| 896 | 549 | 101 | 390 15| 8317 | 3319 | 617 (2177
16| 1925 | 602 | 108 | 393 16| 2432 | 3463 | 631 [2397
17| 779 | 609| 111 | 398 17| 1394 | 3590 | 642 [2406
18| 1306 | 609 | 125 | 412 18| 2435 | 3820 | 646 [2462
19| 1227 | 609 | 126 | 435 19| 1670 | 3870 | 716 [2478
20| 759 | 631| 131 |457 20| 1849 | 3920 | 716 |2527
21| 6616 | 652 | 144 | 464 21| 2106 | 3966 | 755 (2994
22| 2688 | 679 | 146 |470 22| 1556 | 3967 | 775 |2994
23| 3640 | 700 | 146 |524 23| 278 | 4028 | 784 |3311
24| 6328 | 702 | 151 | 527 24| 9112 | 4295| 879 |3567
25| 2582 | 704 | 155 | 535 25| 6616 | 4327 | 886 |3814
26| 3700 | 715 | 157 | 542 26| 3650 | 4327 | 899 |3816
27| 6641 | 734 | 159 .|549 27| 3640 | 4369 | 912 |3816
28| 6655 | 739 | 160 |553 28| 9328 | 4528 | 920 |3816
29| 1153 | 753 | 165 | 561 29| 3941 | 4542 | 1049|3914
30| 1041 | 755| 170 | 572 30| 4620 | 4623 | 1129|4451
31| 1820 | 811 | 171 | 579 31| 4018 | 5031 | 1135|4452
32| 12162 | 829 | 172 | 634 32| 436 | 5094 | 1137 |4528
33| 12447 | 860 | 173 | 648 33| 1484 | 656 | 1186 (4779
34| 14951 | 878 | 177 | 653 34| 1071 | 6756 | 1186 |4988
35| 11120 995| 183 | 660 35| 1820 | 6756 | 1732|5674

The two variances are the same since the value
of F* tends to 1. We can then conclude that

the 1'S are homoscedastic.

CONCLUSION

In this study, the effect of missing data on
regression models is investigated. New

techniques namely Z'ng/ and 1/\/)(* are
n i
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proposed to handle the problem of missing data.
Results obtain from these new novel techniques
perfectly agree with existing results. These two
techniques have the advantage over the existing
techniques in the sense that they can handle
more efficiently the problem of missing data when
the data set is small. Another interesting feature
of these new techniques is that the problem of
missing data in any multivariate data set can be
handled efficiently. Results also show that when
the missing values are randomly distributed the
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best goodness of fit is obtained, while in the case
of extreme missing values, the weakest goodness
of fit is obtained.

Furthermore, Goldfield-Quandt test is used to test
for the presence of heteroscedasticity in the
missing data used. This test shows that there is
no difference in the variances of sample data
used. Thus, the two proposed techniques can be
used to address the biasedness and the
heteroscedasticity problems associated with
estimated parameters of the model derived from
incomplete data since the two techniques are
found to be consistent with the existing
techniques.
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