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Abstract 
 

The problem of missing data has recently gained the 
attention of the artificial intelligence field. Whilst much 
investigation has been done into many different methods, 
there is no standardized way of assessing the success of 
an estimator. At present there are two main approaches of 
measuring performance. One considers accuracy and the 
other, statistics. This paper shows that both methods are 
somewhat lacking and proposes an alternative, impact 
assessment. This method considers how the data will be 
used in decision making, and measures the impact that 
the estimates have on these decisions. The paper uses this 
methodology to compare two methods, k-Nearest 
Neighbours (kNN) and one based on auto-encoder neural 
networks. HIV sero-prevalence data is used, making a 
Generalized Linear Model (GLM) appropriate for impact 
assessment. The GLM provides insight into the systems 
that accuracy and statistical measures do not, such as the 
impact of estimating each variable and a true reflection 
of the effect of multiple missing variables. kNN shows a 
better accuracy whilst the neural network approach per-
forms better statistically. Impact assessment shows the 
two methods to be equally matched, with kNN handling 
multiple missing values with more success. 
 

1. Introduction 
 
From machine monitoring to sociological surveying, any 
field dependent on collecting data from the environment 
is affected by the problem of missing data. most of mod-
elling techniques fail when presented with incomplete 
data. Ignoring incomplete instances is an unnecessary 
sacrifice of information that leads to a bias within the 
model [1]. Many methods have been developed to esti-
mate these missing data without adulterating the integrity 
of the set. Options span from statistical methods such as 
Multiple Imputation (MI) to machine learning based 
approaches and have shown impressive results [2].  
 
Whilst these methods produce viable outcomes, there is 
at present no standardized way to benchmark the sys-
tems. This paper will use HIV sero-prevalence data from 
antenatal clinics to compare the various assessment pro-
cedures from the literature. This data was chosen as 
much prior investigation in estimating missing data from 
it has been conducted [3,4,5] and because the data is 
heterogeneous, i.e. consists of both nominal and numeri-
cal attributes. Assessments based on accuracy are com-
pared with those based on statistics. A novel approach to 
benchmarking the estimator is proposed by considering 
the purpose of the data. Data such as this is most often 
used by governmental agencies or insurance firms to 
assess the risk of HIV infection and analyse its causes. A 

Generalized Linear Model (GLM) is used to ascertain the 
probability of being HIV positive based on demographic 
inputs [6]. By comparing a target instance passed through 
this model with a simulation of missing data, the impact 
of the estimation paradigm can be better understood.  
 
Two imputation models are compared, an Auto-encoder 
Neural Network (ANN) and Genetic Algorithm (GA) 
based approach and k-Nearest Neighbours (kNN). The 
ANN-GA paradigm is the most investigated imputation 
scheme for this data set. [7] has shown that refining the 
approach to be a local search method, that is to only base 
its estimates on instances with a high similarity instead of 
considering the entire data set, out-performed the global 
search version. kNN is another local search technique 
that has found wide application in the field of missing 
data [12]. To better assay the suitability of an impact 
assessment approach, the GLM is benchmarked against 
mode substitution and random imputation.  
 
The report begins with a background section (2) explain-
ing the problem of missing data in further detail and 
describing the most common methods, as well as present-
ing the data set. This is followed by explanations of the 
ANN-GA (3) and of kNN imputation (4). An explanation 
of the three approaches to assessment (5) precedes the 
results (6). Finally these results are critically analysed 
and the models are compared (7). 
 

2. Background 
 
2.1. What is missing data? 
 
Consider a set of records coming either from measure-
ments of surveys. Each record, or instance, may contain 
multiple attributes. A data set is thus easily visualized by 
considering a matrix whose rows represent instances and 
whose columns are attributes. Table 1 shows the antena-
tal clinic data in this manner. Missing data refers to in-
stances in which some attributes are unknown, such as 
rows 2 and 4 in Table 1. 
 
The problem of missing data has always afflicted re-
searchers. Up until the development of the EM algorithm 
in 1977 [8], missing data was handled mostly through 
editing [1]. [9] formalized the problem in 1976 and de-
scribed three separate mechanisms to explain how data 
can go missing. This work gained widespread attention 
amongst the statistical world with the publication of [10] 
in 1986 which refined these ideas, one year prior to the 
proposal of multiple imputation, a procedure that has 
arguably become the most popular method for handling 
missing data. Mechanism refers to how the fact that data 
are missing is related to the actual values of the data. 
These mechanisms are: 
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1) Missing Completely At Random (MCAR) is the 
mechanism for a missing datum if its reason for be-
ing missing is independent of both observed and un-
observed data. 

2) Missing At Random (MAR) is the mechanism for a 
missing datum if its reason for being missing is de-
pendent on observed data only. 

3) Missing Not At Random (MNAR) is the mechanism 
for a missing datum if its reason for being missing is 
dependent on unobserved data (such as the missing 
value itself). 

  
2.2. Popular methods for estimating missing data 
 
This section will detail some of the popular methods 
available for estimating missing data. More conclusive 
lists can be found in [1,5,11]. One can consider these 
methods in two classes: statistical and machine learning. 
 
2.2.1. Statistical methods of data imputation 
 
 Case Deletion: Instances with missing data are sim-

ply removed from the set. This is only suitable when 
the percentage of incomplete data within the set is 
negligible. This method introduces bias into the set 
and sacrifices potentially useful information [1]. 

 Mean, Median or Mode Substitution: Where a miss-
ing attribute is replaced with the mean, median, or 
for discrete or nominal data, the mode of that attrib-
ute from the rest of the set. This method does not 
predict physically plausible results [11].  

 Hot Deck Imputation: Assigns a value based on the 
class of the missing instance. Most commonly this 
value is chosen randomly from other complete in-
stances sharing an output class [11]. 

 Regression Models: Uses the set of complete data to 
build a regression model, which is essentially an 
analytical equation of a hyper-plane describing the 
data [11]. Regression models breakdown when a 
simple analytical equation cannot describe the data. 

 Expectation Maximization (EM): An advanced sta-
tistical algorithm that iteratively and simultaneously 
estimates the model parameters and the missing val-
ues using a maximum likelihood approach [2]. 

 Multiple Imputation (MI): Multiple imputation is 
one of the most popular methods for estimating 
missing data at present. It tries multiple different es-
timates for every missing value and uses the now 
completed sets to find the optimal choice [1]. 

 
2.2.2. Machine Learning Methods of Data Imputation 
 
 k-Nearest Neighbours: kNN is a hot deck method 

that uses instance based learning to find estimates. 
kNN is explained in detail in section 4. 

 Decision Trees: A basic form of machine learning 
classifier. A tree structure is grown with a route to 
every possible outcome [5,12]. 

 Auto-encoder Neural Networks: NN create a regres-
sion model of the data to find optimal inputs using 
GA. This method is explained in detail in section 3. 

 Support Vector Machines (SVM): SVM form a su-
pervised learning paradigm based on statistical 
learning theory. These models can handle both clas-
sification and regression with a high accuracy [4]. 

 

2.3. H I V sero-prevalence data set 
 
Tests are performed on data collected by the South Afri-
can government in 2001 [13]. To assess the sero-
prevalence of HIV, surveys were conducted in public 
antenatal clinics across the country. Missing data from 
this set is mostly due to non-response from the partici-
pants. Around 25% of instances reported contain some 
missing data. Many investigations into imputing data 
from this survey have been performed in the past [2-5,7]. 
However, all these studies use different metrics to assess 
success. This is explored further in section 5.  
 
Table 1 shows a sample from the data set. Each instance 
is comprised of 8 attributes. The following is a brief 
summary of the attributes: 
 
 Province: Nominal data expressing which of South 

Africa's 9 provinces the data was collected in. 
 Race: Nominal data expressing a subject’s race. 
 Age: The subject’s age at the time of the survey. 
 Education: The highest school grade completed by a 

subject. 0 means no schooling while 13 implies a 
tertiary education.  

 Gravidity: The number of times a subject has fallen 
pregnant. 

 Parity: The number of times a subject has given 
birth. 

 Father's Age: The age of the father responsible for 
the current pregnancy. 

 HIV: HIV status. 
 

Table 1: Sample of data set 
 

Pro Rac Age Edu Gra Par Fat HIV 
GP AF 23 8 4 2 38 0 
MP WH 20 ? 1 0 23 0 
NW AF 40 2 3 1 50 1 
WC CO ? 12 6 3 ? 1 

 
3. Neural network based imputation 

 
This method, proposed in [3], uses Neural Networks 
(NN) to create a model of the data set. The model is 
trained such that if its inputs are from the data set, its 
outputs will equal these inputs, however if the inputs do 
not fit the statistical nature of the set upon which the 
model was built, there will be a discrepancy between the 
inputs and the outputs. GA is used to find replacements 
for missing inputs so as to minimize the error between 
the inputs and the outputs. Further details on NN and GA 
can be found in [14] and [15] respectively.  
 
This missing data imputation paradigm proposed by [3] 
trains an ANN on the complete data set. The incomplete 
data are then passed into this model (in other words the 
known attributes Xk), the remaining unknown inputs (the 
missing values, Xu) are found using the GA. The error 
between all the inputs and outputs of the model is used as 
the GA fitness function. GA runs until this error reaches 
a small enough threshold. Fig. 1 illustrates this system.  
 
The system was refined by [7] to be a local paradigm 
which showed an improvement in the system's accuracy. 
Instead of training the ANN on the global data set, the 
data was broken into categories. Nominal attributes have 
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    Figure 1: ANN-GA model for missing data imputation 
 

obvious categories, i.e. race has African, White etc. Lin-
ear attributes are broken up into ranges by grouping for 
maximum homogeneity. An instance with missing data 
now falls into multiple categories, for instance if age is 
missing it falls into all the age categories but in one spe-
cific category for each other attribute. An ANN is trained 
using data only from these categories. Further reading on 
this paradigm can be found in [2,3,7] 
 

4. k-Nearest neighbours imputation 
 

kNN is an instance based machine learning classification 
algorithm [12]. Basically, instances are classified by 
considering the class of the k nearest instances, making it 
a local paradigm. In the case of nominal or discrete data, 
the choice is based on the mode. This makes kNN a hot 
deck method as it chooses a value from an existing simi-
lar instance. So while the results might not be perfect 
they are unlikely to be nonsensical. The kNN method is 
mostly used in applications such as microarrays where 
there is a physical difference which decides what is 
meant by nearest. However the algorithm has also shown 
promising results on survey data if an apt distance metric 
is chosen. 
 
kNN fails on nominal data if the Euclidean distance is 
used. It makes no sense to define a distance between 
nominal attributes, such as race, using a spatial metric.  
[16] performed a thorough study concerning different 
distance metrics suitable for heterogeneous data. The 
conclusion for data where all the linear data is discrete, 
such as the HIV set, is to use the Value Difference Metric 
(VDM), explained in section 4.1. 
 
4.1. Value difference metr ic 
 
VDM provides a proven distance metric for symbolic 
variables. The distance between two points x and y ac-
cording the VDM is given by equation 1. 
 

 𝑉𝐷𝑀𝑎(𝑥,𝑦) =)*𝑁𝑎 ,𝑥,𝑐𝑁𝑎 ,𝑥
− 𝑁𝑎 ,𝑦 ,𝑐𝑁𝑎 ,𝑦

*
𝑞𝐶

𝑐=1
 (1) 

Where 
 
 Na ,x is the number of instances in the set with 

value x for attribute a. 
 Na ,x,c is the number of instances in the set with 

value x for attribute a belonging to output class c. 
Similarly for Na ,y and Na ,y,c. 

 C is the total number of output classes. Note that 
the assumption is that there is only one output at-
tribute, in this case it is chosen to be HIV status 
meaning there are 2 output classes in total, HIV 
positive and HIV negative. 

 q is a constant usually chosen as 1 or 2 [16]. 
 

VDM can be understood as follows. When considering 
similarity between two nominal attributes, the output 
class is an essential consideration. If the output class is 
type of fruit, and one attribute is colour, for an apple it 
would make sense that green and red are closer than say, 
orange [16]. However if the output class is a mango, then 
green is closer to orange than it is to red. This same 
thought can be applied to discrete attributes such as age. 
HIV status in South Africa in 2001 showed a greater 
prevalence for people in there twenties than it did for 
teenagers or those above forty [13]. Thus ages 16 and 45 
can be considered closer than 16 and 22 even though the 
age gap is far greater. A limitation is that the output class 
cannot be estimated. 
 

5. Assessment 
 
The focus of this paper is not to compare two methods of 
missing data estimation, but to develop a suitable method 
to do so. There has been extensive research in missing 
data imputation using this data set, however no two pa-
pers report their results in the same manner. The ap-
proaches in the literature can be separated into two 
classes, those who use accuracy as an assessment [4,5,7] 
and those who use statistics [2,3]. The statistics approach 
taken is to calculate the correlation coefficient, or a Mean 
Square Error (MSE), between the predicted and the target 
variables. These statistics are practically accuracy meas-
ures as they consider how the values between the target 
and prediction differ. Bearing in mind that the goal of 
missing data imputation should not be on finding the 
exact value every time, but rather on imputing values that 
maintain the integrity of the entire set [1]. It would be 
more useful to measure how the probability distributions 
of the two differ. However to consider quantifying accu-
racy of a data estimator a futile task is rather short 
sighted. In data sets coming from surveys, where the 
action to be taken will involve the entire set at once, ac-
curacy may be unimportant, data sets of scientific meas-
urements such as DNA microarrays or machine monitors 
are more likely to use individual instances to make deci-
sions thus accuracy becomes an essential consideration.  
 
This paper proposes a third class of assessment for miss-
ing data imputations, impact assessment. This method 
considers what the data set itself is used for, simulates 
these experiments, and quantifies the impact that esti-
mated data has compared with real measurements. Re-
sults based on all three assessment classes are presented 
in section 6. The remainder of this section will justify 
how metrics were chosen for each. 
 
5.1. Accuracy 
 
Accuracy is a measure of how closely the estimations 
mimic their goals. The percentage of estimates that lie 
within a specific range away from the target is used to 
quantify this. It is impossible to determine what thresh-
olds will be considered and so this paper measures accu-
racy with 4 such ranges. These are: 
 
 Percentage predicted exactly 
 Percentage predicted to within 1 unit 
 Percentage predicted to within 2 units 
 Percentage predicted to within 5 units 

 

ANN Min 
Error 

GA 

Xk 

Xu 
XP 
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5.2. Statistics 
 
The goal of a statistical assessment is to determine how 
alike the properties of the distribution of the target set is 
to the predictions. Correlation coefficients consider how 
alike the values are rather than the global properties of 
the set and this are not suitable as accuracy has already 
been considered. This assessment considers the following 
statistics and measures the percentage difference between 
the targets and the predictions: 
 
 Mean - The mean gives information regarding a 

bias or constant offset. 
 Standard Deviation (SD) - The SD quantifies the 

spread of the data around the mean.  
 Quartiles - The first quartiles is the value which 

25% of the data is below, the second is where 
50% of the data is below (also know as the me-
dian) and the third, 75%. Quartiles can give in-
sight into the skewness of a distribution.  

 Kolmogorov-Smirnov Statistic (KS) - The KS sta-
tistic is defined as the maximum absolute differ-
ence between two cumulative distributions. It is 
essentially a goodness of fit test. The hypothesis 
in this case is that the estimations have the same 
distribution as the targets. The KS statistic quanti-
fies the similarity of the distributions [17]. 

 
5.3. Impact Assessment 
 
A Generalized Linear Model (GLM) is used to calculate 
the probability of an HIV positive status given the other 
7 inputs described in section 2.3. The discrepancy of this 
probability given estimated data is an excellent measure 
of the impact that estimation has. This is for two reason: 
firstly GLM are widely used on this type of data [6], and 
secondly the model is built using a large set of complete 
data thus modelling the global properties of the set yet 
allows for instance based assessment.  
 
The models find the random distribution of a response 
variable (HIV status in this case) by relating the predictor 
variable (all the others) to the expected value of the dis-
tribution, E(Y). This process is described by equation 2. 
Here X  represents the predictor variables and Y, the re-
sponse. β is a linear combination of the unknown pa-
rameters typically found by maximum likelihood and g is 
known as the link function. 
 

 𝐸(𝐘) = 𝑔−1(𝐗𝛽) (2) 
 
For a binary distribution such as HIV status, the most 
common link function is the logit function shown in 
equation 3. A GLM with this class of link function ex-
actly describes logistic regression. The advantage of 
GLM over logistic regression is that GLM is generalized 
and thus appropriate for a wider range of applications. It 
should be noted that contrary to what the name may im-
ply, GLMs are used for modelling nonlinear data.  
 

 𝑔(𝑝) = ln 6 𝑝
1− 𝑝7 (3) 

 
The impact that estimated variables leave on the GLM is 
quantified via the MSE of the results of passing the target 
data through the GLM and passing the predictions 
through. The GLM is trained on data that was not used to 

simulate missing data, meaning all the target data for this 
test is unseen by the model giving it no advantage. 
 

6. Experiments and Results 
 
This section describes the procedures taken to test the 
missing data estimators and presents these results. An 
interpretation of these results is presented in section 7. 
Two experiments were performed, the first considering 
only a single attribute missing per instance and the sec-
ond considering multiple missing attributes. Both these 
experiments only simulate MCAR and MAR data. 
MNAR data is a far more complex problem to set up and 
analyse the results from. The experiments make no dis-
tinction between MCAR and MAR data as it is very dif-
ficult to make this distinction on a raw data set. The ex-
periments set out to compare the ANN-GA and kNN 
methods as well as to compare the different methods of 
assessment. 
 
6.1. Experiment 1 - single missing attr ibute 
 
For this experiment, each attribute was simulated as 
missing one at a time. The original data set is cleaned of 
all missing values via case deletion. Outliers are consid-
ered missing values here. The same percentage that is 
missing in the original data set of the attribute in question 
is then deleted randomly from this new complete set. 
This way, the target values for the estimates are known 
which allows the success of the estimator to be quanti-
fied. This procedure is repeated 3 times for each variable, 
so as to get a truer reflection of the system response, and 
the results shown are the mean of these runs. Due to the 
nature of the algorithms, the ANN-GA does not estimate 
province or race and the kNN does not estimate HIV 
status. Tables 2 and 3 present the accuracy findings for 
the ANN-GA and kNN respectively. The bold numbers 
indicate which system gives a higher corresponding ac-
curacy for each specific case. The statistical results for 
each system are presented in tables 4 and 5. Note that 
HIV is expressed as specificity. 
 
Table 6 presents the results from the impact assessment 
test. In addition to testing ANN-GA and kNN, the GLM 
method is benchmarked against a random imputation, i.e. 
a random value within the range of each variable is taken 
as the estimate, and mode substitution. Bold values rep-
resent the method with the least impact for that particular 
attribute.  
 
6.2. Experiment 2 - multiple missing attributes 
 
To assess the system response to more than one missing 
value in an attribute, the same experiments described in 
section 6.1 are repeated but with multiple missing attrib-
utes. The results presented show the effect that having 
age missing in conjunction with the 4 other linear vari-
ables has. Other combinations of two missing variables 
are not reported as they offer little new information and 
require a large amount of space.  
For readability, only one accuracy measure and one sta-
tistic is shown for each attribute. These are chosen to 
reflect the other measures. They are percentage to within 
2 units for accuracy and the KS statistic for statistics. 
Table 9 shows the result of the GLM. Bold values in 
these tables highlight results that differ significantly to 
experiment 1. 

42



 
Both systems perform without a noticeable change in 
accuracy or statistics for up to 4 missing variables. The 
impact of estimation increases slightly with every vari-
able deleted. 
 
 
Table 2: ANN-GA accuracy with single missing attributes 
measured as the percentage measured to within n units of 

the target 
 

n Age Edu Gra Par Fat 
0 10.93 13.98 52.78 77.87 7.41 
1 32.22 38.70 90.46 95.74 25.46 
2 51.76 54.44 97.13 99.07 43.52 
3 82.22 79.17 100 100 78.24 

 
Table 3: kNN accuracy with single missing attributes 

measured as the percentage measured to within n units of 
the target 

 
n Age Edu Gra Par Fat 
0 11.67 30.00 81.30 84.03 9.14 
1 35.34 53.64 93.73 93.24 27.84 
2 54.07 70.71 97.50 96.25 44.14 
3 81.67 91.73 99.66 99.63 73.46 

 
Table 4: Percentage difference for ANN-GA statistics 

with single missing attributes of targets with predictions 
 

Statistic Age Edu Gra Par Fat 
Mean 0.54 6.03 -19.15 -10.28 0.66 

Standard Deviation 71.88 143.07 60.53 47.47 69.02 
KS Statistic 0.037 0.1472 0.1185 0.0389 0.1019 
1st Quartile 

Median 
3rd Quartile 

-9.52 
0 

6.67 

-25.00 
0 

0.25 

-100 
0 
0 

0 
0 
0 

-12.00 
0 

8.57 

 
Table 5: Percentage difference for kNN statistics with 

single missing attributes of targets with predictions 
 

Statistic Age Edu Gra Par Fat 
Mean 2.55 -15.1 12.15 11.88 5.66 

Standard Deviation 72.48 61.63 57.68 65.45 79.30 
KS Statistic 0.0531 0.2664 0.0753 0.0269 0.1210 
1st Quartile 

Median 
3rd Quartile 

-9.67 
0 

9.43 

-31.25 
-10.00 

0 

0 
0 
0 

0 
0 
0 

-8.00 
3.37 

12.28 
 

Table 6: Mean square error of targets vs. predictions 
passed through a generalized linear model for single 

missing attributes 
 

Paradigm Age Edu Gra Par Fat 
ANN-GA 6.64 0.31 1.44 1.69 0.69 

kNN 6.56 0.17 1.12 3.45 1.56 
Mode Substitution 13.99 0.68 2.88 24.76 1.70 

Random Imputation 82.99 0.80 28.29 122.35 11.62 
 
Table 7: Accuracy of both age and each other attribute 

missing measured as the percentage predicted to within 2 
units of the target 

 
 Edu Gra Par Fat 

ANN-GA 60.20 96.97 98.79 20.00 
ANN-GA Age 47.27 38.38 47.88 29.29 

kNN 73.32 97.98 96.97 37.98 
kNN Age 51.92 53.54 51.31 46.06 

 

Table 8: KS Statistic of both age and each other attribute 
missing 

 
 Edu Gra Par Fat 

ANN-GA 0.0869 0.1859 0.0444 0.2384 
ANN-GA Age 0.0303 0.1475 0.0505 0.1697 

kNN 0.02889 0.0505 0.0141 0.0990 
kNN Age 0.0545 0.0646 0.0566 0.0970 

 
Table 9: Mean square error of targets vs. predictions 

passed through a generalized linear model for both age 
and each other attribute missing 

 
 Edu Gra Par Fat 

ANN-GA 0.26 1.35 2.39 4.72 
ANN-GA Age 6.70 13.06 8.86 18.80 

kNN 0.14 0.51 4.43 1.29 
kNN Age 5.20 4.95 4.55 5.79 

 
7 Comparisons and Discussion 

 
Some interesting conclusions can be drawn from both 
experiments. From the first experiment, kNN outper-
forms ANN-GA in terms of accuracy, but ANN-GA 
shows a better statistical response. Whilst the results do 
prove the effectiveness of kNN on survey data, they 
make it very difficult to decide which system exhibits a 
better response. The impact assessment results however, 
show the systems to be very equally matched. Thus it 
appears the GLM test provides a useful and sensible 
summary of the results from both accuracy and statistics.  
 
Furthermore, the tests of mode substitution and random 
imputation show that the GLM method can distinguish 
between imputation methods. The results are as expected, 
with random imputation showing a poor response, and 
mode substitution performing better than random imputa-
tion but worse than the more sophisticated methods.  
 
The GLM test makes a distinction between the impact of 
estimating different attributes. Neither of the other as-
sessment methods show this. The results show that whilst 
the accuracy and statistical predictions of age appear to 
be within the range of the other attributes, the impact that 
estimating age has is far greater than any of the other 
variables. The impact of estimating education level is 
much lower, showing almost no impact even for random 
imputation. This indicates that anyone using this data 
should estimate age with caution, but need not be too 
concerned about missing education fields.  
 
The tests for multiple missing variables reveal that whilst 
both systems perform well, kNN does not suffer from the 
same losses in accuracy that ANN-GA does when two 
correlated variables are missing. This sort of accuracy 
loss is best illustrated by the case of age and father's age 
being missing. Accuracy and statistical success metrics 
indicate multiple missing values have a negligible effect 
on the performance of the systems. This has also been 
reported in [7] and [3]. However, the impact assessment 
reveals that the response does in fact get poorer for each 
variable that is missing. This makes sense as, even 
though the accuracy of each estimate remains unchanged, 
the accuracy is always lower than a true value. 
 
To summarize, using an impact assessment technique, 
such as GLM, provides greater insight than either accu-
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racy or statistical metrics. The GLM method has shown 
that whilst kNN and ANN-GA are equally matched for a 
single missing attribute, kNN tends to perform better on 
multiple missing values. Furthermore it has illustrated 
the how estimating each variable has a different impact, 
with age having the largest and education the lowest. 
Thus it would appear that an impact assessment tech-
nique is preferable as a method to verify an estimation 
model and GLMs are suitable as such for this data set. 
 

8. Conclusions 
 
Whilst there is now a multitude of paradigms to choose 
from to address the problem of missing data, there is no 
standard as to how they are assessed. Thus it is difficult 
to know which method to apply for a given set of data. 
This paper has shown that the two main classes of as-
sessment in the literature, namely accuracy measures and 
statistical measures, have inherent flaws. A novel ap-
proach, impact assessment, is suggested. This approach 
considers how the data is used for decision making. In 
the case of the HIV sero-prevalence data studied in this 
paper, impact assessment is done through a Generalized 
Linear Model (GLM) built to find the probability of be-
ing HIV positive given the other attributes as inputs. A 
neural network approach (ANN-GA) is compared with k-
Nearest Neighbours (kNN). The accuracy and statistical 
measures disagreed as to which was superior. GLM 
showed them to be equally matched. The impact assess-
ment measure was tested against mode substitution and 
random imputation. As expected, random imputation 
showed a very poor response whilst mode substitution 
placed between random and the sophisticated imputation 
methods. Impact assessment has been proved to be a 
more effective measure of the success of data imputation 
than methods used in the past. It can show which attrib-
utes have the greatest effect, provides a truer reflection of 
the losses incurred with multiple missing points, and 
provides a useful summary of accuracy and statistical 
test. The successful imputation of HIV sero-prevalence 
data allows for more accurate models to be built. The 
accuracy of such a model is essential for society, as it is 
what HIV policy is based on. This research has devel-
oped a method to successfully choose the best missing 
data estimation technique for this data set, which can aid 
government policy better control the HIV/AIDS epi-
demic. Both ANN-GA and kNN proved effective as data 
estimator for HIV sero-prevalence data, showing far 
better results than mode substitution or random imputa-
tion. Impact assessment such as GLM has shown to be a 
superior method to assess the success of an imputation 
scheme when compared with past methods. 
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