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Abstract

In this paper, we introduce a method to estimate missing input
values for HIV analysis, using a combination of autoencoder
networks and ant colony optimization. The proposed method
is tested on a set of demographic properties obtained from the
South African antenatal survey. This method is able to estimate
missing input to an accuracy of 80%. The estimated missing in-
put values are then used in an autoencoder network and genetic
algorithm classifier model, and a feedforward neural network
classifier model, to analyze HIV. The autoencoder network clas-
sifier model yields a classification accuracy of 81% in the pres-
ence of missing input values, compared to an accuracy of 92%
for a case without missing values. The feedforward neural net-
work classifier model yields a classification accuracy of 82%
in the presence of missing input values, compared to an accu-
racy of 84% for a case without missing values. This study thus
shows that even though autoencoder networks are better clas-
sifiers, feedforward neural networks perform better in the pres-
ence of missing input values for HIV classification. The impact
of the missing input values is, however, not too significant.

1. Introduction
Missing data, i.e. incomplete data matrices, are a problem that
is repeatedly encountered in Acquired Immunodeficiency Syn-
drome (AIDS) modeling systems. The situation is usually due
to the result of individuals not providing all the required infor-
mation demanded in the AIDS surveys. AIDS was first defined
in 1982 [1] to describe the first cases of unusual immune sys-
tem failure that were identified in the previous year. The Human
Immunodeficiency Virus (HIV) was later identified as the cause
of AIDS. In this study, missing demographic and social char-
acteristics of the individuals are estimated. These demographic
and social characteristics of individuals and their behaviour are
then used to determine the risk of HIV infection, referred to as
biomedical individualism [2], [3]. A model is thus created to
estimate missing input values for HIV analysis, using a com-
bination of autoencoder networks and ant colony optimization.
The estimated missing input values are then used in an autoen-
coder network and genetic algorithm classifier model to ana-
lyze HIV. The estimated missing input values are also used in
a feedforward neural network classifier model to analyze HIV.
In previous work, the use of artificial neural networks in the
classification of the HIV status of individuals from their demo-
graphic properties was investigated. Good results were achieved
by using only complete data cases with no missing data values.
In our database, one common missing data value is the educa-
tional level of the female, which was missing from 142 individ-
uals (8% of our demographic database). The values may not

have been recorded due to the female not filling the highest ed-
ucational level attained. Since this parameter is included in the
neural network classification models developed in our previous
study, we propose a model to estimate this missing input pa-
rameter, given that the demographic parametersage group, age
gap, region of origin, province, race, gravidityandparity, are
known. In the literature review, there is no method proposed
thus far that investigates the use of autoencoder networks for
missing data values estimation for the HIV model. From the lit-
erature review, there is also no method that has been proposed
for missing data estimation using ant colony optimization. The
aim of this paper will thus be to propose a new method, which
is based on autoassociative models combined with ant colony
optimization to estimate missing data in the HIV demographic
properties database. These estimated values are then used to
classify the HIV status of individuals, and to also quantify the
impact of missing data on HIV classification. Two models for
classification, based on autoencoder networks and conventional
feedforward networks, are analyzed and compared to obtain the
most missing data (noise) resistant network model.

Multilayer perceptron (MLP) is used in this study rather
than the radial basis function (RBF). In our study, preliminary
design showed that the MLP outperformed the RBF. This can be
attributed to the fact that MLP networks, also known as univer-
sal approximators, are capable of modeling any complex rela-
tionship with one or two hidden layers. Autoencoder networks,
which are models where the network is trained to recall the in-
puts [4], are used in this study. Autoencoder networks consist
of an input and output layer with the same number of inputs
and outputs, hence the name autoassociative, combined with a
narrow hidden layer [4]. The networks will be trained using
HIV/AIDS demographic data. More details on neural networks,
autoencoder networks and MLP can be found in [4], [5], [6]. In
this study neural networks are used with genetic algorithms and
ant colony optimization (ACO).

2. Background
Neural network systems usually handle only complete input
data cases and have been applied to data estimation. [7] applied
neural networks for the imputation of missing values in air qual-
ity data sets, and commented on the substitution of mean values
of the data to replace the missing data. [7] recommended neural
networks for imputation of missing data as the more effective
model. [8] proposed a missing data estimation method using
neuro-fuzzy neural networks, which classified the data success-
fully in the presence of missing data. [9] inspected different
substitution methods for the replacement of missing data values
for use in neural network based decision support systems. [9]
concluded that neural networks could be used for the estimation



of missing data values in the database. [10] used artificial neural
networks to estimate missing data values for predicting blood
concentration levels of pharmaceutical agents in humans, and
showed neural networks outperformed the other method inves-
tigated. [11] showed that neural networks are a reasonable alter-
native for replacing missing data values in a streamflow data set.
[12] presented a state-space neural network model and showed
that it yielded good results on both synthetic and real data for
missing data models. Other methods that have been applied to
missing data estimation include Generative Topographic Map-
ping as in [13] and nearest neighbour methods as in [9]. Reports
and publications showed models based on neural networks for
estimating missing data values in the HIV model and the impact
of such missing data have, however, not been investigated. In
this study neural networks are used with genetic algorithms and
ant colony optimization (ACO).

3. Genetic Algorithms
A genetic algorithm (GA) is an optimization method deriving its
behavior from processes of evolution in nature, inspired by Dar-
win’s theory of natural evolution [14], [15]. This is done by the
creation within a machine/computer of a population of individ-
uals. The individuals then go through the process of evolution.
GA uses fitness-proportionate or tournament selection to select
the missing entries (individuals) probabilistically that yields the
right HIV status for the individuals. Although not guaranteed to
provide the globally optimum solution, GA has been shown to
be highly efficient at reaching a very near optimum solution in
a computationally efficient manner [14], [15]. More details on
GA can be found in [15], [16].

4. Ant Colony Optimization
Ant colony optimization (ACO) is a branch of swarm intelli-
gence, which makes use of the behavioral simulation of ants.
ACO simulates the collective habits of ants - ants searching for
food, and bringing their discovered food back to the nest. Ants
have poor vision and communication, thus the key to the group
effectiveness is pheromone - a chemical substance deposited by
ants as they travel [17]. ACO was first proposed by Dorigo and
Gambardella as a multi-agent approach for difficult combina-
torial optimization problems such as traveling salesman prob-
lem [18], where the ant that finds the shortest path to the food
will have the strongest pheromone trail, faster than the ants that
choose a longer path [19]. This path is thus the optimal path
since as other ants will be attracted to the shorter path. ACO has
been applied for feature subset selection using neural networks
as in [20]. ACO has also been applied in vehicle routing prob-
lems [21] and graph colouring [22]. Publications and reports
reviewed, however, showed that ACO used in data estimation,
to the best of our knowledge, had not been investigated. In this
study, ACO is thus used to estimate missing inputs in the HIV
data set. More details on ACO can be found in [18], [19]. The
next section presents the proposed methodology.

5. Methodology
The literature review showed that neural networks have been
used for missing data estimation and obtained better results
compared to other methods that exist such as replacing the miss-
ing values, with mean of known values. Literature review also
showed that autoencoder networks combined with genetic al-
gorithms have been used for missing data values estimation as

Figure 1:Flow Chart of Missing Data Estimation Model.

in [23]. However, it was found from literature review that au-
toencoder networks have not been applied to HIV modeling, for
estimation of the missing parameter. Quantification of the im-
pact of such missing data values in the HIV model have also
not been investigated in any literature review. Our work thus
focuses on proposing a methodology for missing data estima-
tion in an HIV demographic database, using autoencoder neural
networks. The method proposed for missing data estimation is
based on ant colony optimization, which has not been applied in
missing data estimation. Our work also focuses on classifying
the HIV status of individuals from the estimated missing data
values obtained from the missing data method, using firstly au-
toencoder neural networks, and secondly conventional feedfor-
ward neural networks. The two classification models are then
compared to obtain which of these models is more resistant to
the effects of missing data, and thus the more noise resistant
model.

5.1. Missing Data Estimation Using Autoencoder Networks
and Ant Colony Optimization

In this section, an overview of the proposed method is presented
in Fig. 1. Firstly, a set of ants is initialized. The population
size, which is specified by the user, determines the number of
ants to be initialized. The population size must be sufficient to
explore all the potential solutions. A population size of 100 is
chosen for this study. This was found as the optimal number of
ants during the optimization process. Each ant is then used to
represent the input parameter to be estimated and is propagated
through an autoencoder neural network. A cost function is then
generated, which is the sum-of-squared-errors between the pre-
dicted output from the autoencoder network and actual output



required, which is the inputs of the autoencoder network. This
can be formulated as

costk =
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Here xk
ant represents the k-th ant, andxdrepresents the

known demographic input properties, w represents the mapping
weights of the autoencoder network,Xn represents the n-th ac-
tual demographic input, f(o) represents the autoencoder func-
tion andcostk is the cost function of the k -th ant. The cost
function is then used to obtain the pheromone for each ant as
follows

Phmonek =
Q

costk
(2)

Here Q is a constant (the exploitation probability factor) to
be optimized (in this study, 0.028[19]), andPhmonek is the
pheromone concentration of the k -th ant. The ants are then run
through iterations where the pheromone is updated using the
update rule

Phmonek
t = (1−ξ)Phmonek

t−1+ε∗Phmonebest+Phtempk

(3)
HerePhmonek

t is the k-th ant’s pheromone from iteration 1
to t,Phmonek

t−1 is the pheromone from iteration 1 to (t-1),
Phmonebest is the pheromone of the ant with the least cost in
the current iteration t,Phtempk is the k-th ant’s pheromone
for each iteration t, 0< ξ < 1 is the decay constant of the
pheromone trail (in this study, 0.8 [20]) andε is the best path
weighting constant (in this study, 5 [19]). The optimal ant,
which is the estimated missing data, is then chosen as the ant
with the greatest pheromone trail, after all the iterations. The
number of iterations, used in this study, is 200, since iterations
above this value yielded insignificant changes to the estimation
accuracy.

5.2. HIV Classification Using Autoencoder Neural Net-
works

The NETLAB toolbox [24] was used to create and train an au-
toencoder MLP architecture for this model. This toolbox has a
2-layer MLP network, which according to literature review is
capable of modeling any complex relationship, such as the HIV
model. The network implemented consisted of an input layer,
representing different demographic inputs and the HIV status,
mapped to an output layer representing the same characteristics
as the input layer via the hidden layer. The network was thus
trained to recall itself. One of the input nodes represented the
HIV status of the individual, which was ultimately represented
by one of the output nodes. The neural network equation can be
written as:

{y} = f({x}, {w}) (4)

Here w is the mapping weights and x represents the demo-
graphic input parameters and y represents the predicted demo-
graphic parameters. Since the network is trained to recall the
demographic inputs, the output vector (predicted demographic
properties) obtained will be approximately equal to the input
vector x (actual demographic properties). An error, however,
exists between the input vector x and the output vector , which
can be expressed as the difference between the input and output
vector. This error is formulated as

e = {x} − {y} (5)

Substituting for y from Eqn 4 into Eqn 5 we get

e = {x} − f({x}, {w}) (6)

In our work, a minimum and non-negative error is required.
This can be obtained by squaring the error function in Eqn 6
to obtain

e = ({x} − f({x}, {w}))2 (7)

To predict the HIV status of individuals, the HIV status input,
in the input vector x was assumed as an unknown input, while
the demographic input properties were considered as the known
inputs. When the input vector x has unknown elements, the
input vector set can be categorized into x known represented by
xk and x unknown represented byxu.Rewriting Eqn 7 in terms
of xk and xu, and ensuring that the maximum of the fitness
function is yielded by GA, we obtain

e = −(

{
xu

xk

}
− f(

{
xu

xk

}
, w))2 (8)

Herexu represents the HIV status of the individual, which is
unknown,xk represents the known demographic input parame-
ters of the individuals, w represents the weight vector that maps
the autoencoder network input vector x to the same input vec-
tor x. An estimated value for the HIV status is then obtained
by minimizing Eqn 8 using a genetic algorithm (GA). GA was
chosen because it finds the global optimum solution [25].

5.3. HIV Classification Using Feedforward Neural Net-
works

In this model, the NETLAB toolbox [24] was used to create
and train an MLP neural network architecture. The network
implemented consisted of an input layer, representing differ-
ent demographic inputs of an individual, mapped to an output
layer representing the HIV status of an individual via the hid-
den layer. The network thus mapped the demographic inputs of
individuals to the HIV status.The neural network equation can
be written as in Eqn 4. In this model, however, the output vector
represents the HIV status of the individual. The network is thus
trained to find the relationship between the HIV status of the in-
dividual and the individual’s demographic input properties. An
error, however, exists between the individual’s predicted HIV
status (output vector) y and the individual’s actual HIV status
(target vector) during training, which can be expressed as the
difference between the target and output vector. For the neu-
ral network HIV classification, the mean square error function
between the target output vector and the output vector y is insuf-
ficient as a classification accuracy measure, as it only indicates
the total number of correct classifications. A confusion matrix
was thus constructed and the accuracy was obtained from the
confusion matrix. The accuracy can be formulated as

Accuracy =
TN + TP

TN + TP + FN + FP
(9)

Here TN = True Negatives (where network predicts an HIV neg-
ative person as negative), FP = False Positives (where network
predicts an HIV negative person as positive), FN = False Neg-
atives (where network predicts an HIV positive person as nega-
tive) and TP = True Positives (where network predicts an HIV
positive person as positive).
The accuracy function was then used as the fitness function
in the genetic algorithm to obtain the optimal neural network
parameters[26]. GA was used since as it finds the maximum
value of the fitness function, which was required in this case.



Figure 2:ROC curve for autoencoder network classifier.

GA was also used to obtain the threshold value to convert the
continuous network output to a binary value representative of
HIV.

6. Results and Discussion
The Demographic and medical data, used in this study, came
from the South African antenatal seroprevalence survey of 2001
[27]. A total of 1986 training inputs were provided for the net-
work. A test data set of 2300 inputs was used. 142 demo-
graphic input entries were incomplete. The genetic algorithm,
used arithmetic cross-over, non-uniform mutation and normal-
ized geometric selection. The probability of cross-over was
chosen to be 0.75 as proposed in [28]. The probability of mu-
tation was chosen to be 0.0333 as recommended by Marwala
and Chakraverty [28]. The genetic algorithm had a population
of 40 and was run for 150 generations. The ant colony had a
population of 100 and was run for 200 iterations.

The first experiment investigated the use of autoencoder
networks and ant colony optimization to estimate missing in-
put in the demographic data set model. Input values were dis-
carded from the input data set for experimental purposes, and
were then used to obtain the estimation accuracy of the model.
An autoencoder neural network structure was created with 9 in-
puts, 2 hidden layers and 9 output layers, using Matlab [29].
The proposed method estimated missing input values to an ac-
curacy of 80%. The correlation obtained between the estimated
and actual data sets was 0.84, which confirms the consistency of
this model. Ant colony optimization is used as the optimization
method, rather than GA in this model, in order to ensure that
the autoencoder missing data model and the autoencoder clas-
sification model are uncorrelated and decoupled. This model
was then compared to a genetic algorithm model missing data
model. The genetic algorithm model yielded an accuracy of
82outperformed with respect to time. The ACO model con-
verged after 320s, whereas the genetic algorithm model con-
verged after approximately 1200s.

The second experiment investigated the use of autoencoder
networks for HIV classification in the presence of missing data.
An autoencoder network with 9 inputs and 9 outputs with 2
hidden layers (optimal) was constructed, using Matlab [29].
The estimated missing demographic data obtained from the first
experiment, was combined with the known demographic data

Figure 3:ROC curve for the MLP network classifier.

from the antenatal data set, to classify the HIV status of indi-
viduals. The ROC curve for the classifier is shown in Fig. 2.
The area under the curve was computed as 0.86, thus giving
a very good classifier according to [30]. The accuracy of the
model with missing data presence is 81%. Previous research
carried out by the authors showed that the classification accu-
racy of the autoencoder network for a case with no missing data
was 92%. The effect of the presence of missing data on the au-
toencoder network is quantified by a difference of 11%, which
is quite substantial.

The third experiment investigated the use of a conventional
feedforward neural network MLP architecture to classify the
HIV status of an individual, in the presence of missing data.
The MLP was constructed with 9 inputs indicating demographic
characteristics, 1 output representing HIV class, and 77 neu-
rons in the hidden layer. The estimated missing demographic
data obtained from the first experiment, was combined with the
known demographic data from the antenatal data set, to clas-
sify the HIV status of individuals. The ROC curve obtained
for the classifier is shown in Fig. 3. The area under this ROC
curve was computed as 0.8, which according to [30] is a very
good classifier. The accuracy obtained for the classification in
the presence of missing data is 82%. Previous research carried
out by the authors showed that the classification accuracy of the
conventional feedforward network for a case with no missing
data present was 84%. The effect of the presence of missing
data on the feedforward neural network caused a difference in
accuracy of 2%, which is not really significant.

The results thus show that the effect of missing data is more
significant on the autoencoder network classification model
rather than on the feedforward neural network classification
model. We hypothesize that this may be due to the lower effec-
tive dimension of the autoencoder network classifier, which re-
sults in high correlation between the input parameters for output
classification. For classification of the HIV status from missing
data, if a slightly wrong estimate is yielded for the missing input
value, this also causes the predicted parameters to be affected
due to the high correlation of the input parameters in the narrow
hidden layer. In comparison, the feedforward neural network
model assigns significance of input parameters during learning
through the weights and biases of the hidden layers. The input
parameters yield a decoupled effect on the output, even though
they are combined ultimately in the network. If the missing



input values were slightly wrongly estimated, the pattern gen-
erated by the feedforward neural network will not be signifi-
cantly affected, since the other decoupled known input values
influence the pattern independently. The error analysis can be
demonstrated using the following analysis:
If we consider a network with a hyperbolic tangent hidden acti-
vation function

f(x) = tanh(x) =
ex − e−x

ex + e−x
(10)

Using McLaurin’s Expansion for a function f(x), which is:

f(x) = f(0) + x ? f ′(0) (11)

We get
f(x) ≈ tanh(x) ≈ x (12)

by McLaurin’s approximation where we are effectively assum-
ing a linear activation function. The hidden layer output in the
presence of uncertainty can be represented as:

y′1(x+∆x) = w11(x1+∆x1)+w12(x2+∆x2)+w13(x3+∆x3)+b11

(13)
y′2(x+∆x) = w21(x1+∆x1)+w22(x2+∆x2)+w23(x3+∆x3)+b12

(14)
y′3(x+∆x) = w31(x1+∆x1)+w32(x2+∆x2)+w33(x3+∆x3)+b13

(15)
With a linear output function, we get:

y = w′
1y”1 + w′

2y”2 + w′
3y”3 + b2 (16)

Substituting and simplifying yields:

E = (y(x + ∆x)− y(x)) =

3∑
n=1

w′
n

3∑
k=1

wnk∆xk (17)

This results in a linear combination thus demonstrating that de-
pendence of feedforward neural network on the uncertainty is
linear. If we now consider an autoencoder network, using the
hyperbolic tangent function Eqn (10) as the hidden layer activa-
tion function and approximating with the McLaurin’s series as
in Eqn (12). The output in the presence of uncertainty can be
represented as:

yn(x + ∆x) = yn(x) + w′
n1(w11∆x1 + w12∆x2

+ w13∆x3) + w′
n2(w21∆x1 + w22∆x2 + w23∆x3)(18)

For the above network, the error is quantified as

E =

3∑
i=1

(y
(i)
pred − y

(i)
act)

2 =

3∑
i=1

ξ2
i (19)

Where theyact is equivalent to the inputs. Hereypred is equal
to yn(x + ∆x) andyact is equivalent toyn(x);

ξn = yn(x + ∆x)− yn(x) (20)

ξn = w′
n1(w11∆x1 + w12∆x2 + w13∆x3)

+ w′
n2(w21∆x1 + w22∆x2 + w23∆x3) (21)

ξn = A∆x1 + B∆x2 + C∆x3 (22)

Where A =w′
n1w11 + w′

n2w21, B = w′
n1w12 + w′

n2w22 and C
= w′

n1w13 + w′
n2w23.

ξ2
n = A2∆x2

1 + B2∆x2
2 + C2∆x2

3 + 2AB∆x1∆x2

+ 2AC∆x1∆x3 + 2BC∆x2∆x3 (23)

Since as the weights w, are small the product of four weights
w4 will converge towards a value, K. Thus AB≈ AC ≈ BC≈
A2 ≈ B2 ≈ C2 ≈ K. Also the product of the uncertainty is a
constant, P.
Thus

P = ∆x1∆x2∆x3 (24)

Substituting Eqn (24) in Eqn (23), we get

ξ2
n = K∆x2

1 + ∆x2
2 + ∆x2

3 +
2P

∆x3
+

2P

∆x2
+

2P

∆x1
(25)

which can be written as

ξ2
n = K

3∑
i=1

∆x2
i +

2P

∆xi
(26)

Substituting Eqn (25) in Eqn (19) yields

E =

3∑
n=1

Kn

3∑
i=1

∆x2
i +

2Pn

∆xi
(27)

From Eqn (17), we find that the feedforward network has a lin-
ear output dependence on the uncertainty in input data mean-
while from Eqn (27), we find that the presence of uncertainty
in the input data yields a non-linear quadratic relationship. This
error analysis of the two networks, thus shows that the results
obtained in this study makes sense and is logical, due to the
network architectures for the autoencoder and feedforward neu-
ral network. Feedforward neural networks are thus more noise
resistant than the autoencoder networks.

7. Conclusion
A method based on autoassociative neural networks and ant
colony optimization is proposed to estimate missing input val-
ues in the South African antenatal demographic data set for HIV
classification. This method is proposed in order to investigate
whether missing input values in the demographic survey have
an impact on the classification of the HIV status of individu-
als. The model proposed estimated input values in the demo-
graphic data set with an accuracy of 80%. We then investigate
an autoencoder network classification model and a feedforward
neural network classification model, to quantify the impact of
missing data on these models. The missing input estimates ob-
tained from the autoencoder missing data model, were fed into
the autoencoder HIV classification network model. This net-
work classifier had an area under the ROC curve of 0.86. The
network classifier obtained a classification accuracy of 81% in
the presence of missing data, compared to an accuracy of 92%
obtained for a case without missing data. The missing input
estimates obtained from the autoencoder missing data model,
were then fed into the HIV feedforward neural network clas-
sification model. The network classifier had an area under the
ROC curve of 0.8. The network classifier obtained a classifi-
cation accuracy of 82% in the presence of missing data, com-
pared to an accuracy of 84% obtained for a case without miss-
ing data. The result of this study thus suggests that even though
autoencoder network models are more accurate and better clas-
sifiers for the HIV model than conventional feedforward neural
network models, feedforward neural network models perform
better in the presence of missing data. Feedforward neural net-
works are thus more noise resistant than autoencoder networks,
due to the fact that the narrow hidden layer of the autoencoder
networks causes the input parameters to be highly correlated,



meanwhile the feedforward network architecture model ensures
that the effect of the input parameters on the output is decoupled
and independent.
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