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Viral load (VL) testing is highly important for diagnosis and staging of HIV-1 infection and for initiating
antiretroviral treatment in AIDS patients. However, due to the cost and availability of viral load testing
instruments, VL testing is not being performed in many developing and underdeveloped countries.
Such countries depend on CD4 tests as an alternative. In this work, a method for estimating the HIV-1
viral load from CD4 cell counts, using Particle Swarm Optimization (PSO) technique was proposed. The
efficiency of the proposed method was evaluated using error analysis and correlation analysis. The
average error in estimation of HIV-1 viral load was found to be 3.317%. Further, an average correlation
value (R) of 0.99 was found between the actual and estimated values of HIV-1 viral load. This work
seems to be of high clinical significance, since efficient and low cost strategies for estimation of HIV-1
viral load is required for proper diagnosis and staging of the disease.
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INTRODUCTION

At present, the World Health Organization (WHO)
guidelines recommend routine use of viral load (VL)
testing, since HIV-1 infection cannot be effectively
diagnosed without viral load testing (Greig et al., 2011,
Calmy et al., 2007). Further, Viral load testing is the only
definitive method for early detection of Anti Retroviral
Treatment (ART) failure (Kantor et al., 2009).

However, VL testing has not been routinely
implemented in many resource-limited settings due to
cost, availability and accessibility of testing instruments.
Also, VL testing is complex, making its application in
resource-limited settings challenging (Greig et al., 2011).
Even if equipment to determine VL is available, a single
VL test is very expensive and costs $50-$160 US Dollars
(Koenig et al., 2006).

Implementation of commercial HIV-1 viral load assays
requires high-cost equipment such as thermal cyclers,

highly skilled personnel, and expensive reagents which is
not suitable for resource-limited settings (Fiscus et al.,
2006). Further, VL is commonly assessed by measuring
plasma HIV RNA levels, however the use of nucleic acid
based VL assays in many resource-constrained settings
are susceptible to viral DNA contamination (Greengrass
et al., 2009).

Routine monitoring of viral load and CD4 cell counts
has been adopted in well resourced settings since the
use of a combination of both the tests provides more
information on the risk of disease progression than does
the use of CD4 test alone. However, resource
constrained environments use only CD4 tests for staging
the disease since simple, less expensive and automated
equipment for measurement of CD4 cell count is
available (Balakrishnan et al., 2011; Mermin et al., 2011).
The dynamic three dimensional mathematical model of

*Corresponding author. E-mail: kamalanand@mitindia.edu.




2298 Afr. J. Microbiol. Res.

_ 1000 . - :
E

E 800 acute phase chronic phase -
v

o)

L 600}~ )
%

<

a

@) 200 r r r Iy

0.5 1 1.5 2
years

N~

S 0.08 . - .

X

£ 0.06- -
(7]

@

& 0.04|- -
2

3

S 0.02- -
|

g 0 : r - :
> 0.5 1 1.5 2

years

Figure 1. The acute and chronic stages of HIV-1 infection shown as a function of time.

the HIV system describes the interaction of HIV with the
patient’'s immune system. The dynamics of the model
includes the response of the CD4 lymphocyte population,
the CD8 lymphocyte population and the HIV-1 viral load
and is characterized by first order nonlinear differential
equations (de Souza, 1999).

Swarm Intelligence is the property of a system in which
the collective behavior of simple quasi-independent
agents, locally interacting with their environment, causes
global intelligent behavior to emerge. Swarm intelligence
techniqgues have been widely used for solving hard
estimation problems since they are robust, flexible, fault
tolerant, scalable, and highly parallelizable (Da San
Martino et al.,, 2006; Kennedy and Eberhart, 2001;
Consoli et al., 2008; Kamalanand and Jawahar, 2012).

The objective of this work was to efficiently estimate
HIV-1 viral load from CD4 cell count using a
computational swarm intelligence technique known as the
Particle Swarm Optimization (PSO) technique in
conjunction with the three dimensional HIV model. In this
paper, the preliminary analysis on the possibility of using
PSO for viral load prediction is presented. The efficiency
of the proposed method has been assessed using error

analysis, correlation analysis and time taken for

estimation of HIV-1 viral load.

MATERIALS AND METHODS

In this work, an attempt has been made to estimate the HIV-1 viral
load from CD4 cell count in the acute and chronic phase of the HIV-
1 infection. In the acute stage of the disease, the probability of a
HIV patient infecting his/her partner is very high since the HIV-1
viral load increases rapidly in this stage. Further, a typical evolution
of CD4 cell count and HIV-1 viral load in the acute and chronic
phase of the disease is presented in Figure 1.

The three dimensional HIV model

The response of the concentrations of the CD4 lymphocyte
population, the CD8 lymphocyte population and the HIV-1 viral load
can be characterized by the following first order nonlinear
differential equation (de Souza, 1999; Filter et al., 2005; Ho and
Ling, 2010).

WO _ ax, - x) - bx(t)z(t)
dt (a)



Table 1. Description of HIV model parameters.
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Parameter Description

death rate of CD4 cells

death rate of CD8 cells

- ® QO O T 9

rate of infection of CD4 cells by virus

rate of increase of CD8 cells in response to increased viral load
rate of increase of viral load
rate of decrease of viral load

dt (1)
az() _ z(t)(ex(t) — fy(t))
dt (1c)

Where, x(t), y(t) and z(t) are the concentrations of the CD4
lymphocyte population, the CD8 lymphocyte population and the
HIV-1 viral load, respectively. xo and yo are the normal unperturbed
concentrations of the CD4 and CD8 lymphocyte population. a, b, c,
d, e and f are the system parameters. The description of each
parameter (Sam Ge, 2005) is provided in Table 1.

Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a form of swarm intelligence
in which the behavior of a biological social system like a flock of
birds or a school of fish is simulated (Kennedy and Eberhart, 2001).
For an optimization problem with d variables, each particle i of the
swarm S = {1, 2,.....,s} has an associated position vector x; = (Xi,
Xi2, ...Xij...,Xid) and its corresponding velocity vector v; =
(Vit,.....Vij,.....,Vid). The coordinates of a particle, represents an
individual solution of the optimization problem. The final solution is
obtained as the set of trial solutions converges towards the optimal
solution due to the foraging group dynamics of the swarm of
particles.

Each particle i of the swarm communicates with a subset of S
that can vary dynamically. Each particle keeps and uses
information of its better position during the process search. Also it
can obtain the best position reached among the particles of its
social neighborhood, which can be the whole swarm or a part of it.
The information of the best positions influences the behavior of
particles. In all the cases the value of the objective function is also
stored.

The initial positions and velocities of particles are obtained
randomly. In the computer code, the initial set of particles is
obtained using a random number generator. At every iteration, the
particles update their position and velocity by means of recurrent
equations. The position of the particle is modified using exclusively
its velocity. However, in updating of its velocity, the value of its own
velocity, the best position of the particle (b;), and the best position of
the group of particles of the swarm (g), is taken into account. These
best positions act with different weights, like centers of attraction for
particles. The vector equations to update the position x; and velocity
v; of each particle of the swarm can be described as

Vi = C1Vi + Can(bi-x;) + c3n(gi-x) )

Xi= X TV (3)

The parameter c; represents the effect of the inertia whose mission
is to control the magnitude of the velocity to avoid its indefinite
growth. The values c,; and c3 are the weights that represent the
degree of confidence of the particle. n refers to a random number
with uniform distribution in [0, 1] that is independently generated
each time (Castro et al., 2009).

For estimating the HIV-1 viral load, the CD4 cell count data
consisting of twenty time points (N=20) for a total period of two
years was used. The PSO program was developed in such a way
that it estimates all the six parameters of the three dimensional
HIV/AIDS model so that the HIV-1 viral load could be obtained. The
objective function that needs to be minimized for estimation of
HIV/AIDS model parameters and hence the HIV-1 viral load, is
described by Equation (4).

N )2 —-X 2
JQZZ (n n) @)

o= N mean(x,)

where, @ = [a, b, C, d,e, f] is the set of HIV parameters to be

estimated; X represents the CD4 cell population; N is the total
number of samples available for CD4 data.

In this work the value of the parameters c1, ¢, and c; were set to
0.721, 1.193 and 1.193 respectively. The estimation was performed
using Matlab 7.0.1 on a computer with 1.73 GHz processor.
Further, the PSO algorithm for estimating the HIV-1 viral load from
CD4 cell count is presented.

Algorithm 1: Particle Swarm optimization algorithm for estimation
of HIV-1 viral load.

Input: Set of available measurement data of CD4 cell population.
Output: HIV-1 viral load.
Begin

Step 1: Initialize a population of particles with random positions and
velocities on d dimensions in the problem space.

Step 2: For each particle evaluate the desired optimization fitness
function in d variables.

Step 3: Compare particle’s fithess evaluation with particle’s pbest. If
current value is better than pbest, then set pbest value equal to
current value, and pbest location equal to the current location in d-
dimensional space.

Step 4: Compare fitness evaluation with the population’s overall
previous best. If current value is better than gbest, then reset gbest
to the current particle’s array index and value.
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Figure 2. (a) The variation in CD4 cell count, (b) the actual (——) and estimated (-----) values of HIV-1 viral

load and (c) the error in estimation of viral load shown as a function of time (Sampling time = 0.1 years;

Number of data points = 20).

Step 5: Change the velocity and position of the particle according
to the update equations:

Vi = C1Vi + Can(bi-x;) + can(gi-xi)
Xi = X + Vi

Step 6: Loop to step 2 until a stopping criterion (maximum number
of iterations of good fitness) is reached.

end

RESULTS AND DISCUSSION

Figure 2a, b and c shows the variation in CD4 cell count,
the actual and estimated values of HIV-1 viral load and
the error in estimation of viral load as a function of time,
respectively. For estimation, 25 particles and 50 iterations
were used to balance the tradeoff between accuracy in
estimation and the total estimation time. The average

error in estimation of viral load was found to be 3.317%.
Further, the maximum estimation error in the acute stage
of the disease was found to be 14.19%, whereas, the
maximum estimation error in the chronic phase of the
disease was found to be 0.4399%. Hence it appears that
the PSO algorithm for estimation of HIV-1 viral load is
highly efficient during the chronic phase of the disease.
Further, the value of actual and estimated viral load at
each sampling time instant is presented in Table 2.

The correlation of actual HIV-1 viral load with the viral
load estimated using particle swarm optimization
technique is shown in Figure 3. In this case, a high
correlation (R=0.9971) was observed between the actual
and estimated HIV-1 viral load. Based on the results of
the correlation analysis, it is seen that the proposed
method is efficient in estimation of the HIV-1 viral load
from CD4 measurements.

Further, the results of the correlation and error analysis
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Table 2. The values of actual and estimated viral load at each sampling time, for a particular case.

Time (years)

Actual viral load (copies/ml x 107)

Estimated viral load (copies/ml x 107)

0.1 0.03

0.2 0.0501
0.3 0.07566
0.4 0.09732
0.5 0.10035
0.6 0.08199
0.7 0.05653
0.8 0.03552
0.9 0.0215
1.0 0.01301
11 0.00805
1.2 0.00515
13 0.00344
14 0.00239
15 0.00174
1.6 0.00131
1.7 0.00103
1.8 0.00084
1.9 0.00071
2.0 0.00062

0.03
0.05155
0.08056
0.10764
0.11514
0.09717
0.06931
0.04516
0.02822
0.01745

0.0109
0.00697
0.00459
0.00313
0.00221
0.00162
0.00122
0.00095
0.00077
0.00064

Table 3. Correlation of actual and estimated viral loads, corresponding standard deviations and results of error

analysis for different cases.

Case R R’ Standard deviation Maximum error (%) Average error (%)
1 0.9910 0.9821 0.0054 17.41 5.82
2 0.9971 0.9942 0.0030 14.19 3.31
3 0.9970 0.9940 0.0031 13.57 4.21
4 0.9992 0.9984 0.0016 12.91 2.88
5 0.9932 0.9866 0.0082 25.06 5.16
6 0.9897 0.9795 0.0060 21.09 5.33
7 0.9916 0.9834 0.0037 19.56 5.56
8 0.9921 0.9842 0.0044 13.53 4.19
9 0.9891 0.9783 0.0061 14.50 4.45
10 0.9945 0.9890 0.0072 13.85 4,12

conducted on different cases are presented in Table 3. It
is seen that in all the cases, a high correlation exists
between the actual and estimated values of viral load.
Also, the standard deviation in all the cases is found to be
less than 0.01. The maximum percentage error in all
cases was found to be in the acute stage of the disease.
The average error in estimation of HIV-1 viral load from
CD4 cell count was found to be small in all the cases
(<6%). In all the cases, the results of the t-test indicate a
high P value (P>0.5) between the actual and estimated
HIV-1 viral load, stating that the actual and estimated
values are close to each other.

Further, analysis on the PSO algorithm for estimation of
HIV-1 viral load is described in Figures 4 and 5. The time
taken for estimation of HIV-1 viral load using PSO is
shown as a function of the number of particles, in Figure
4. It is seen that the estimation time increases
exponentially as the number of particles increased. The
estimation time is shown as a function of the number of
iterations in Figure 5. The estimation time is found to
increase nonlinearly with increase in the number of
iterations. Although an increase in number of iterations
results in better accuracy, the estimation time also
increases. Also, increasing the number of iterations is not
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Figure 3. Correlation of actual HIV-1 viral load with the viral load estimated using
particle swarm optimization technique, for a particular case.
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Figure 4. Time taken for estimation of HIV-1 viral load model using PSO, shown as a
function of the number of particles (iterations = 50).

suitable when estimation algorithm is compiled on a the cost of the computer also increases. Since, this work
system with low end configuration. is aimed at the estimation of HIV-1 viral load in resource
Further, by improving the configuration of the computer, limited settings, an optimal particle number of 25
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Figure 5. Time taken for estimation of HIV-1 viral load using PSO, shown
as a function of the number of iterations (number of particles = 25).

particles and 50 iterations were used for estimation.

Conclusions

Viral load (VL) testing is highly important for diagnosis of
HIV-1 infection and for the detection of antiretroviral
treatment (ART) failure in AIDS patients. However, due to
the cost and availability of viral load testing instruments,
VL testing is not being performed in many developing and
underdeveloped countries. Such resource limited
countries depend on CD4 tests as an alternative.

In this work, an efficient swarm intelligence technique
known as the particle swarm optimization has been used
to estimate the values of HIV-1 viral load from CD4 cell
count. The estimation was performed using Matlab 7.0.1
on a computer with 1.73 GHz processor. The
performance of the proposed method has been analyzed
using error analysis, correlation analysis and the time
taken for estimation of HIV-1 viral load.

Using PSO algorithm, the average error in estimation of
HIV-1 viral load was found to be 3.317%. Further it was
found that the estimation error in acute phase of the
disease is more than the estimation error in the chronic
phase of the disease. The time taken for estimation of
viral load was found to be 120 s when 50 particles are
used. Results demonstrate that the PSO technique is
efficient in estimating the HIV-1 viral load from CDA4
measurements. Further, the imprecise and inaccurate
CD4 measurements will affect the accuracy of viral load
estimation using PSO technique. Hence, accurate CD4
cell count measuring instruments are required.

This study seems to be of high clinical relevance since
the resource limited estimation of HIV-1 viral load is

essential for design of proper treatment strategies and for
detection of ART failure for HIV infected patients in
developing and underdeveloped countries.
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