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INTRODUCTION
Human Immunodeficiency Virus (HIV), infection is one of the 
important causes of death in the world. The virus attacks and 
infects T- helper cells (CD4+ cells) which are crucial to maintain the 
immune status of the person. The degradation of T–helper cells 
weakens the immune system which leads to multiple infections 
which ranges from pneumonia to cancer. Almost nine million Human 
Immunodeficiency Virus/Acquired Immunodeficiency Syndrome 
(HIV/AIDS) infected individuals are on Antiretroviral Therapy (ART) 
worldwide by mid of 2013 and probably same have been on 
treatment for 10 years or more [1]. There are lot of disease where 
the progress of the disease depends upon the genetic constitution 
of the individual, hence the prognosis of a patient with HIV infection 
becomes difficult to predict [1]. A lot of research is going in the 
field of HIV/AIDS in terms of better diagnosis and prognosis like 
drug resistance testing, predicting side effects for certain regimens 
etc which in itself is a huge challenge as one patient differs from 
other patient in terms of medical history, response to therapy, 
immune response etc towards highly active antiretroviral therapy 
(HAART) [2]. Many HIV dynamic models have been proposed by 
researchers [3-5] to provide theoretical principles for development 
of treatment strategies for HIV infected patients [6]. Recent studies 
have shown that computational intelligence has been widely used 
in medical diagnosis to solve complex problems by developing 
decision support system with the application of Neural Network 
algorithms which are useful in prediction of most of the medical 
problems. Computer support has become an essence in day to 
day diagnosis, prognosis and therapy though a little emphasis is 
given to it. It has many algorithms for classification, prediction, 
image processing etc., which can be implemented by the health 
services [2]. Analysis of the interaction between HIV-1 and the 
immune system is highly useful for understanding the dynamics 
of the disease [7]. In this study we applied some of the Neural 

 

Network; Radial Basis Function Network algorithms for predicting 
PVL in HIV/AIDS patients with the help of CD4+ in three different 
range which has been described below.

Radial Basis Function Network
The Radial Basis Function Network is an artificial neural network, 
which comprises of three layers, the input, hidden and output 
layer. The nodes within each layer are fully connected to the 
previous layer. The input layer is attached to the input variables 
and these nodes are attached to the hidden layer which in turn 
consists of the hidden nodes in these hidden nodes radial basis 
function are present. The input layers consist of neuron for each 
predictor variable. The main function of input neuron is to feed 
the value to the hidden layer which is done by standardizing the 
range of values by subtracting the median and dividing the inner 
quartile range. The hidden layer has a variable number of neuron 
which comprises of radial basis function centered on a point with 
multiple dimensions, the radius of RBF function differ with each 
dimensions. The values coming out from hidden layer neuron is 
multiplied by the weight associated with the neuron this in turn 
is passed to summation which adds up the weighted value and 
present this sum as the output of the network [8].

AIM
The objective of this work was to establish a correlation between 
CD4+ count and Plasma Viral Load (PVL) measured by two 
different technologies using a Radial Basis Function (RBF) neural 
network in conjunction with the three dimensional HIV model

MATERIALS AND METHODS
The study was carried out for a period of 2 years from January 2014 
to December 2015 after obtaining the ethical clearance from the 
Ethical committee. Blood samples of the patients were collected 
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ABSTRACT
Introduction: Human Immunodeficiency Virus (HIV) infects and 
cripples the immune system of the body. The two important 
marker CD4+T cells and Plasma viral load are crucial not only 
in understanding the disease progression but also in starting 
the antiretroviral therapy. A lot of research is going on in 
understanding the dynamic nature of HIV. 

Aim: To find the correlation between CD4+ count and Plasma 
Viral Load (PVL) measured by two different technologies; 
with the help of correlation technique in conjunction with the 
three dimensional HIV model with a purpose of establishing a 
mathematical model between the CD4+ cells and PVL using 
a sinusoidal function as well as Radial Basis Function (RBF) 
neural network. 

Materials and Methods: Plasma Viral Load were determined 
by two different methods viz Exavir CavidiTM and Abbott Real 
time HIV-1 assay and then they were correlated with the CD4+ 
count with the help of computational intelligence in predicting 
viral load. 

Results: It was found that there exists a positive correlation 
between the CD4+ cells and viral loads. A correlation value of 
0.4082 and 0.3652 was observed between CD4+ cells and viral 
measured using Exavir CavidiTM and Abbott Real time HIV-1 
assay respectively. 

Conclusion: The existence of positive correlation had helped 
us to understand the nature and dynamic of the existence of 
HIV and how the CD4 + and PVL act.
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with written informed consent and HIV testing was performed as 
per NACO guidelines. Samples tested positive for HIV were sent for 
further analysis of CD4+ cell count and PVL testing. One hundred 
thirty three patients were included in the study which comprised 
of HIV naïve patients and HIV sero positive patients who were on 
anti retro viral treatment for 1 year or more and CD4+ was done by 
flow cytometer, a technique that measures and analyses multiple 
physical and chemical characteristics of single cells or other 
biological particles. PVL was performed by two different methods, 
only for HIV–1 by Cavidi ExaVir™, and, Abbott Real time HIV-1 
assay. The Cavidi ExaVir™ works with the reverse transcriptase 
enzyme while Abbott Real time HIV-1 assay involves the genome 
of the HIV – 1. To get a better, correlation of PVL with CD4+ these 
two technologies were employed as the principle of these two 
technologies is entirely different from one another.

The CavidiExaVir™ can detect 30 samples at a time and works on 
the principle of enzyme linked immunosorbant assay (ELISA). The 
HIV virion is purified from the plasma by removing contamination 
and inhibitors by using an extraction device. The extract is lysed 
to release reverse transcriptase enzyme which is added to a 
microtitre plate coated with poly-A oligonucleotides. The enzyme 
reverse transcriptase gets incorporated to BrdUTP (anti bromo-
deoxy-ribouridine monophosphate) into cDNA, using the poly – 
A oligonucleotides as templates. The whole set is incubated at 
33°C for 48 hours. Alkaline phosphatase-conjugated anti–BrdUTP 
antibody and a substrate are sequentially added to achieve 
colorimetric detection, reading is taken at 405nm and values are 
recorded. The Abbott Real Time HIV–1 assay which identifies all 
the variants of HIV–1, incorporates an internal control, not related 
to target sequence of HIV–1 in negative human plasma. The 
hydroxyl-pyruvate reductase gene is introduced at the beginning 
of sample preparation into each specimen. This assay amplifies a 
fragment of 172 nucleotides from the integrase gene. During each 
round of Polymerase Chain Reaction (PCR), the amplified product 
denatures, separates into two and then primer annealing and 
extension takes place at lower temperature. The cycle is repeated 
“n” number of times and amplification of both the targets of HIV – 
1 and internal control, take place simultaneously in same reaction. 
The HIV-1 variant is detected by the help of fluorescent dye.

All the performed test data from two different technologies were 
recorded and a correlation between CD4+cell count and PVL 
was done. The CD4+cell count were divided into three ranges a. 
0-250; b. 250-500; c. 500-1000, and, the correlation between 
the measured CD4+ values and PVL were analysed using the 
Pearson correlation technique. Further, an attempt has been made 
to mathematically model the relation between the CD4+cells and 
PVL using a sinusoidal function as well as Radial Basis Function 
(RBF) neural network. In this work, the correlation between the 
measured CD4+cell count and HIV-1 viral load has been analysed 
extensively.

The Radial Basis Function Neural Network
Radial basis function networks are highly useful for modelling 
complex relationships between the independent and dependent 
variables. The network consists of three layers: an input layer, a 
hidden layer, and an output layer. The hidden layer of the RBF 
network can be viewed as a function that maps the input patterns 
from a nonlinear separable space to a linear separable space. In 
the new space, the responses of the hidden layer neurons form 
new feature vectors for pattern representation. An activation 
function for a hidden layer node is a radial symmetric function, 
whose output reduces to zero as the distance between the input 
vector and its centre increases [9].

The response characteristics of the jth hidden unit is a gaussian 
function given by:

Ψh
h

h
2

2
= exp

- X - C

2σ













where ψh is the output value of the hidden node h

Ch – is the center of the Gaussian

σh – is the standard deviation (width) of the function

X – is the network input vector. 

The response of an output node m of the network can be 
expressed as 
 

 

Y = Wm
h=1

H
hm h∑ Ψ

      

where Whm is the weight connecting hidden node h with output 
node m. 

STATISTICAL ANALYSIS
Pearson correlation technique in conjunction with the three 
dimensional HIV model, Radial Basis Function (RBF) neural 
network was applied.

RESULTS
The correlation of CD4+ cells with measured PVL is presented in 
[Table/Fig-1-3]. The correlation between PVL and CD 4+cells in the 
range of 500-1000 cells/mm3 is presented in [Table/Fig-1a&b]. It was 
found that there exists a positive correlation between the CD4+cells 
and viral loads. A correlation value of 0.4082 and 0.3652 was 
observed between CD4+ cells and viral load measured using Exavir 
CavidiTM and Abbott HIV Real time assay respectively. The correlation 
between the CD4+ cell count measured in the range of 0-250 cells/
mm3 and HIV – 1 viral load measured using Cavidi and PCR is shown 
in [Table/Fig-2a&b] respectively. It was seen that there existed a poor 
correlation between the HIV – 1 PVL by Abbott Real Time HIV – 1 
assay and CD4+cells measured in this range. It was found that the 
CD4+cells correlate with the HIV-1 PVL by Abbott HIV Real time assay 
with a correlation value of – 0.3592. However, in the case of the viral 
load measured using Exavir CavidiTM, a more significant correlation 
of – 0.5383 was found to exist between the PVL and CD4+ cells. In 
both cases an inverse relation was observed between the CD4+ cells 
and PVL. Further, the correlation between the viral load and CD4+ 
cells measured in the range of 250 - 500 cells/mm3 is presented in 
[Table/Fig-3a&b] for Exavir CavidiTM and Abbott HIV Real time assay, 
respectively. It was observed that the correlation was very poor with 
correlation values of – 0.1940 and – 0.1889 for Exavir CavidiTM and 
Abbott HIV Real time assay, based measurements, respectively. In this 
range also, it was found that there exists an inverse relation between 
the CD4+cells and PVL. Similarly, the correlation between PVL and 

[Table/Fig-1]: The correlation between CD 4+cells (range 500-1000) and PVL {Exavir 
CavidiTM (a) and Abbott Real Time HIV – 1 assay(b)}
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CD4+ cells in the range of 500-1000 cells/mm3 is presented I [Table/
Fig-3a&b]. It was found that there exists a positive correlation between 
the CD4+cells and viral loads. A correlation value of 0.4082 and 
0.3652 was observed between CD4+ cells and viral load measured 
using Exavir CavidiTM and Abbott HIV Real time assay, respectively. 

Finally, the modeling results of RBF neural network are presented 
in [Table/Fig-4]. It was found that the actual values of viral load 
and the RBF estimated values of viral load correlate well with 
each other with a correlation value of 0.9201. It was found that 
the model efficiency was observed to be high when compared to 
other developed models. It appears that the model can efficiently 
predict values of viral load from measured CD4+ cells.

DISCUSSION 
Plasma Viral Load (PVL) and CD4+T lymphocytes are two 
important markers in HIV diagnosis and prognosis. The 
importance of CD4+ cell in several chronic viral infections has 
been well documented [10] and has been proved as major marker 
for subsequent disease progression and survival [11,12]. In past 
three decade CD4+ count determination has played a crucial role 
in understanding HIV disease progression and in initiating ART in 
developing and under developed world, yet little is known about 
the presence of these responses in setting of HIV infection. HIV 
infection is characterized by depletion of CD4+ and expansion of 
CD8 cells which leads to altering the dynamic nature of CD4+ and 
CD8 cells which, in turn, leads to immune paralysis. Though both 
show evidence of increased proliferation and preferential loss of 
the naive subset, there is depletion of CD4+ cells and expansion 
of CD8 cells [13-16]. The CD 4+ must be checked at least once 
in 6 months to access the immunological response to therapy 
and need for continuation or discontinuation of prophylaxis for 
opportunistic infection [17]. PVL is a very important marker in HIV 
therapy, the level of PVL decreases in response to proper ART 
giving an idea of disease progression. Several systematic reviews 
of data from clinical trials involving thousands of participants 
have established that decreases in viral load following initiation of 
ART are associated with reduced risk of progression to AIDS or 
death [18-20]. Thus: viral load testing is an established surrogate 
marker for treatment response [21]. The main aim of ART is to 
decrease the viral load. Various different methods employed for 
the detection of the PVL cannot distinguish between infectious 
and non infectious particles, though high copy numbers of HIV 
– 1 can reach in plasma, only few of them has been described 
to be positive [22-26]. Commercially available assay used to 
detect PVL are not able to distinguish between HIV –1 and HIV 
– 2. Moreover, optimal viral suppression is viral load persistently 
below the level of detection (HIV RNA <20 to 75 copies/ml, 
depending on the assay used), isolated blips are not uncommon 
in successfully treated patients and are not predictive of virologic 
failure [27]. 

The  mathematical  correlations  by  both  the  technologies  viz  
Cavidi ExaVir™ and Abbott Real time HIV-1 have almost similar 
output which rule out the variation in the principle of the two 
technologies. There has been some amount of work on prediction 
of HIV drug resistance with neural networks and application RBN 
model for HIV/AIDS Regimen [8,28,29] and other computational 
analysis on Protease gene and prediction of antiretroviral 
susceptibility from HIV-1 [30-33]. Application of radial neural 
network has been less applied and probably this is a first of its 
study where the application of radial neural network along with 
Pearson correlation technique has been applied to understand the 
mathematical correlation between the CD4+ count and the PVL. 

In our study, we got a positive correlation between PVL and CD4+ 
cells in the range of 500-1000 cells/mm3 which gives a new hope 
that some where these HIV markers will give a positive correlation 
opening a new window in HIV regime in countries where PVL 
testing is less affordable. The major limitation of the study includes 
the less sample size.

CONCLUSION
Estimation of PVL along with CD4+ is quite an important tool 
as far as initiation of ART is considered. Due to high cost and 
unavailability of apparatus for measurement of PVL in resource 
limited settings, CD4+ estimation is an alternative. We applied 
the Pearson correlation technique in conjunction with the three 
dimensional HIV model, Radial Basis Function (RBF) neural 
network to analyse the correlation of CD4+ with PVL, it was 
observed that there exists a positive correlation in a CD4+ 
range of 500–1000cells/mm3. This correlation may help the 

[Table/Fig-2]: The correlation between CD 4+cells (range 0-250) and PVL {Exavir 
CavidiTM (a) and Abbott Real Time HIV – 1 assay(b)}

[Table/Fig-3]: The correlation between CD 4+cells (range 250-500 cells/mm3) and 
PVL {Exavir CavidiTM (a) and Abbott Real Time HIV – 1 assay(b)}

[Table/Fig-4]: The actual viral load and viral load estimated using RBF neural 
network.
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physicians to start any treatment based on the CD4+ in patients 
whose PVL has not been done. The improvements that can 
be done in continuation of this research are use of large data 
size with multiple centre involvement. More such research with 
mathematical approach and application needs to be done for a 
standard outcome.
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