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Abstract:- Blood diseases have in the recent past become a major cause of mortality and morbidity all over the world. Consequently, machine learning
has emerged as one of the best and most fruitful methods of research in the present world, both in terms of proposing of new techniques with effective
theoretical algorithms, and also in applying such methods in real life situations. From a technological view, it is evident that there are major changes in
the world that occur at an ever increasing pace. This has seen the development of systems which can be easily adapt to the en vironment in an effective
way by being practically applicable. These systems work through optimizing performance using certain algorithm in accordance with it s maximization or
minimization criteria, but also using experimental data instead of a given program. This study will identify the use of artificial neural networks, support
vector machines and statistical models and methods in the recognition of iron deficiency that leads to anaemic conditions .
Index Terms: - Artificial neural networks, support vector machines, statistical models, Anaemic Red Blood Cell, cross validated
————————————————————

1 INTRODUCTION
The best feature about machine learning is that it combines
knowledge form diverse fields such as pattern recognition
involving; artificial neural networks, reinforcement learning,
support vector machine, and decision tress, data mining,
which entails modelling and time series prediction, statistics
involving methods like Bayesian, Montecarlo and
bootstrapping, or signal processing using Marvoc Method
(Bornn & Tabet, 2010). This paper will look at the artificial
neural networks together with the support vector machine
method and how these methods in-cooperate the use of
statistical methods (Adams, 2010). Due to the fact that,
leucocytes and erythrocytes have a strong inter and intra
variability in individuals, predicting of their ideal composition
is the blood serum has proved to be a difficult
task(QuagliniBarahona, & Andreassen, 2001). The aim of
this study is to establish and analyze the impact of major
parameters that are well known to influence erythrocytes
and leucocytes composition together with iron presence in
blood and to test the performance of the artificial neural
network, support vector machines and statistical models in
determination of anemic conditions in blood serum.

2ARTIFICIAL NEURAL NETWORKS
The performance of neural networks has been established
as an effective strategy than the cox regression model in
the prediction, determination and classification of clinical
outcomes involving blood inflammations(Adams, 2010).
Consequently, studies have shown that it is more accurate
as compared to linear regression.
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In this study, the optimal condition for a stable haemoglobin
level has to be maintained between the range of 11 to 12
g/dl as recommended, and the concentration of the
hemoglobin set above 12 g/dl. However, considering the
possibility of thrombotic activities, it should not go above 14
g/dl (Quaglini Barahona, & Andreassen, 2001). The only
way to determine the levels of these blood components is
looking at aspects such as blood losses, dialysis efficiency,
vitamin B12 deficiency, iron status, folic acid deficiency,
pro-inflammatory cytokine activities, aluminum toxicity, and
any previous treatments with angiotensin. Such parameters
are essential in providing data used by the artificial neural
networks (ANN) and support vector machines (SVM). In
order to establish a non linear function that is continuous
and expresses the interdependency of the data collected
and erythrocytes and leucocytes levels, a series of neural
networks are built, cross validated and trained using the
Excel 4.32 software for neuro-solution, hence forming the
artificial neural network (Suzuki, 2011). The ANN consists
of one layer of in-put that collects in-put variables that
should be predicted, one layer of output that collects the
predictions which are known during training and unknown in
validation and testing cases, and one or more layers that
are hidden which perform the weight sum of the inputs,
which then passes the results through the nonlinear
function to reach the output layer (Adams, 2010). The
individuals weights will be adapted progressively using the
back propagation algorithm in order to reduce the big
difference between the calculated values and the expected
output. This means that the weights that provide an
assurance of best results will be used to determine the
performance of the ANN in establishing the levels of the
leucocytes and erythrocytes (Suzuki, 2011). The purpose of
applying ANN in hematology is to initiate the processes that
human experts have developed to achieve reliable
diagnosis that are separable from pattern analysis. This led
to constructing of a hybrid system that combined rule based
mechanisms and the ANN models in the recognition of
microcytic anaemia (Bornn & Tabet, 2010). This involves
the 3 layered program systems that use haematocrit, mean
corpuscular volume, and coefficient variation of width cell
distribution, as the inputs. The largely considered
categories of anaemia include, iron deficiency (IDA),
chronic disease anaemia (ACD), and hemoglobinopathy
(HEM). These are particularly useful in the classification of
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anaemia cases using the neural networks (Suzuki, 2011).
The number of hidden units, momentum and learning rates
are effectively varied to obtain a more appropriate
classification. Information regarding cases of anaemia is
then obtained and seventeen specific attributes are
identified and used for the model training(Bornn & Tabet,
2010). Other anaemia raw data that is collected and
preprocessed includes data cleansing, data preprocessing,
and data selection. The validation data is used in
monitoring the neuron network performance at the time of
training, while test data is used in analyzing how the trained
model is performing (Suzuki, 2011). An example of the
range that can be used is input layers totalling to17 units,
15 units in the hidden layer, and 8 units for the output layer.
The highest performed results were obtained when the
hidden layer units were 15, 0.7 learning rate, and 0.1
momentum. Consequently, it emerges that there is 71.56%
testing and 72.78% correctness. These show that the
potential of multilayered perception in the recognition and
predicting of anaemic cases and levels can be used by
medical staff and haematologists (Suzuki, 2011).

3 SUPPORT VECTOR MACHINES
Patients suffering from chronic renal failure and
complications, and are treated through maintaining their
hemodialysis, commonly suffer from anaemia that is related
to iron deficiency. In order to determine the iron status in
such patients who are uremic, serum ferritin (SF) is
considered to be the most effective indicator of the iron
stored n the body. However, in some patients, even after
being given iron therapy to manage their anemic conditions,
they still do not improve in spite of being at low levels of SF
(Suzuki, 2011). Other values that are specific to iron status
such as; corpuscular indexes, saturation transfer, and
serum iron are advocated for being reliable parameters in
detecting iron deficiency. Support vector machine (SVM) is
a recent techniques that in-cooperates the use of empirical
data models that was developed by Vapnik. When this
techniques is applied to specific medical problems, and
classification or comparison of results is done there will be
need to bring in statistical methods in such analysis
(Quaglini Barahona, & Andreassen, 2001). The exclusion
criteria used in the support vector machine include
erythropoietin or therapy of androgen, presence of hepatic
and inflammatory diseases and blood transfusion in recent
months. The major classification was either suffering or not
suffering from iron deficiency (Quaglini Barahona, &
Andreassen, 2001). This is in accordance with the response
of administering iron therapy, leading us to a dichotomous
response identified by NR for No response meaning no iron
deficiency and R for Response to iron deficiency. The
variables used included serum ferritin, red cells (GR),
hemoglobin (Hb), mean corpuscular volume (MCV), iron
binding capacity, serum iron, and hematocrit. The problem
with this classification was faced with the theory of the
SVMs involving linear approach, instead of ensuring that
the errors are minimized in the training data. The SVM
conceptually implements the use of input vector which is
non-linearly mapped onto a large dimensional feature
space. This leads to a linear decision spaces. Special
features in this space enable the SVM to embrace high
generalization ability of training and learning of
inflammatory conditions (Cortes, & Vapnik,1995). This is
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the basic feature that has elevated the SVM to be more
effective than other data mine methods such as the
classification trees. This high ability to generalize symptoms
that have come into the machine in the form of data, use
the polynomial input method of transformation. This
exemplifies the SVM performance against the other
classical learning algorithms that have been used in the
recent past for clinical diagnosis (Cortes, & Vapnik, 1995).
For the linear classifier, the SRM principle has to be
implemented using the OSH (optimal separating plane) and
the hyper plane to minimize the distance between the two
diverse classes. Only two points on the training set is
critical in establishing the OSH (Bornn & Tabet, 2010).
These two points are then referred o as the support vectors.
From the numerical view, the SRM is reduced to find
solutions to any constrained optimization problem (Quaglini
Barahona, & Andreassen, 2001). The OSH varies in
relation to other parameters such as the cost function
regulation parameters and maximizes the margin while
minimizing the number of points that are not in the range.
Unpaired and multivariate relationship of the NR and R
group showed major statistical differences for all the tested
variables with the exception of hematocrit and hemoglobin.
The SVM showed the highest value in terms of range
sensibility (SE) (Bornn & Tabet, 2010).

4 STATISTICAL MODELS
The frequency and length of occurrence of iron deficiency
cases are closely linked with morbidity in patients that are
undergoing MD. Such rates are common outcomes in the
statistical measurement and analysis of anemic conditions
in patients. Consequently, more admissions of iron
deficiency related symptoms in both CPD and MHD
patients have been found to be involved with dialysis which
may or may not be as a result of PEM or blood related
chronic inflammation (Kopple, & Massry, 2004). Simple or
multiple regression analysis is widely used in evaluating the
measures of PEM rates in relation to hospitalization rates.
The poisson regression model has also proved to be
essential in the estimating hospitalization rates to a 95%
confidence potential. Consequently, subgroups of anaemia
or small sized sample cases can be predetermined using
the vival-like statistical models. These models are mainly
considered in monitoring the functional status and individual
sense of well being which are generally referred to as the
measurement of the quality of life (Kopple, & Massry,
2004). A number of statistical instruments are used in
assessing the functional status and sense of well being and
fall in a broad category of neural and serum inflammation
detection instruments, while others are applied only to
minimal extents. The Karnof sky score is a technique based
on assessing the functional status of the cardiovascular
system. It uses a simple questionnaire that consists of a
short health care survey form divided into 36 questions
(Zhang, & Rutgers the State University of New Jersey New Brunswick. Graduate School - New Brunswick, 2008).
The answers to these questions will then act as the input
data to the statistical analysis in the models used. Other
statistical instruments include the KDQOL-Kidney Disease
Quality of Life instrument of survey which is mainly used for
patients undergoing dialysis, and the Beck Depression
inventory- BDI. Such instruments brings out results on the
nature of the infection, stenosis or occlusion and the
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frequency of the dialysis complications, which leads to
establishing the survival rates of different dialysis modalities
such as fistula, tunneled catheter, and grafts. These
modalities may influence inflammatory and nutritional
processes in patients that are undergoing MD.
Consequently, the degrees of refractoriness of anemic
conditions in patients that have undergone dialysis are
other outcomes established by statistical models. The
ESRD anaemia is considered as a multi-factorial disorder
that is manage well through the recombination of iron
therapy and erythropoietin (Zhang, & Rutgers the State
University of New Jersey - New Brunswick. Graduate
School - New Brunswick, 2008). Through statistical analysis
it is easy to establish and classify the iron and EPO
requirements that will maintain the optimum hemoglobin
concentration from 11 to 12 g/L. From the above
discussion, it is evident that apart from statistical methods
being used in the diagnosis process in medical facilities,
they are also used in the classification of certain
inflammations and the kind of anemic condition. The
surveys done above has elaborately established that
statistical models in conjunction with the other machine
learning instruments such as the SVM and ANN can be
helpful to clinicians in the diagnosis and treatment of
cardiovascular ailments and also in the learning process
(Kopple, & Massry, 2004).
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5 CONCLUSION
Statistical methods have proven to be useful in supporting
medical diagnosis of diseases and inflammations in the
presence of exhaustible and validated models of study. The
models that have been discussed have confirmed that
evaluation of all available indexes of iron status provides
useful information in the diagnostic process of anaemic iron
deficiency. The next step after making considerations that
have been put forward in this discussion is to establish a
multi-centre study that will have enlarged samples through
which we will carry out an evaluation of the possibility of
modifying the artificial neural networks and support vector
machines to suite the study at hand. This will be essential in
ensuring that the ordinal iron therapy response is taken into
consideration and the data obtained taken through
statistical analysis methods instead of using the dichotomy
one. Owing to the limits of this study, we can conclusively
suggest that support vector machines, and the artificial
neural network through the use of statistical models have to
be embraced as innovative ways in the current computer
technology world as an effective means of approaching
clinical problems such as anaemia recognition. However,
the greatest limitations could be the complexity of the
involved calculations when sampling large sizes, and in
implementing relationships that are non linear.
Consequently, this has been addressed through bring
statistical models on board.
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