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Abstract: Considerable population of the world does not have access to even bare minimum healthcare facilities.
Majority of these are not able to avail these facilities because of lack of resources/funds, resultantly they suffer.
Irony however is that most of the diseases are curable provided diagnosis and treatment is initiated at right time.
Information Technology in general and predictive models in particular is being used to facilitate the physicians in
diagnosis of diseases. Researchers have used Bayesian Belief Networks in medicine for (i) Diagnosis of various
diseases like ovarian cancer [16], breast cancer [17] (ii) analysis of f-MRI [15] (iii) analysis of mammography
[19] and (iv) Study of mutations. In the present study attempt is made to develop a conceptual framework for
pulmonary disease diagnosis.
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I.
INTRODUCTION
Incorrect diagnosis may have severe implications. The current annual per capita public expenditure on health in India
is no more than Rupees Two Hundred, which is among the five lowest in the world. As per National Health Accounts
[2], the total health expenditure in India from all the sources was Rupees 1, 33,776 crores, consisting of 4.25 percent
of the GDP. Of the total health expenditure, the share of private sector was highest at 78 percent (private individual
households 71 percent and private firms 7 percent); public sector at 20 percent (Central Government 7 percent, State
Government 12 percent and Local Government 1 percent) and external flows contributed about 2 percent.

Figure 1 (Health Expenditure India – 2004)
Source: National health accounts 2004-2005
It has been estimated that less than 20 percent of the population, which seek OPD and less than 45 percent of that which
seek indoor treatment avail of such services in public hospitals. These is despite the fact that most of these patients do
not have the means to make out – of – pocket payment for private health services except at the cost of other essential
expenditure for items such as basic nutrition. Stated plainly this means most of the people in India do not have the
capacity to pay for the expensive tests. As such, it is very important for the doctors to make a correct diagnosis and if
possible with minimum reliance on laboratory tests and more on their expertise. The current review study is targeted to
understand how the doctors can be helped making correct computer aided diagnosis.
1.1 Artificial neural networks A neural network consists of an interconnected group of artificial neurons, and it
processes information using a connectionist approach to computation. In most cases a neural network is an adaptive
system that changes its structure during a learning phase.
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1.2 Bayesian Network
A Bayesian network, Bayes network, belief network, Bayes(ian) model or probabilistic directed acyclic
graphical model is a probabilistic graphical model (a type of statistical model) that represents a set of random
variables and their conditional dependencies via a directed acyclic graph (DAG). For example, a Bayesian
network could represent the probabilistic relationships between diseases and symptoms. Given symptoms, the
network can be used to compute the probabilities of the presence of various diseases.
II.
Related Work
Extensive research has been carried out on diagnosis of different types of diseases using Bayesian belief networks.
Bayesian networks can be used to generate posterior probabilities using the conditional probability of particular events
occurring. In relation to medical expert systems this means they can state the probability that a patient has a disease
based upon personal information, existing symptoms, and the results from tests. The ability to generate causal
relationships between these types of information is desirable because it allows doctors to understand how the diagnosis
was made and promotes trust in the system. Other approaches used to build medical expert systems, such as ANN have a
notable disadvantage due to their lack of explain ability. Madsen. A. [4] carried out a study on the usage of Bayesian
network in breast cancer diagnosis, ovarian cancer diagnosis, and tongue diagnosis. Results show that Bayesian networks
are a viable approach in these fields. Nikovski D [5] has discussed several knowledge engineering techniques for the
construction of Bayesian networks for medical diagnostics when the available numerical probabilistic information is
incomplete or partially correct. This may happen when epidemiological studies publish only indirect statistics and when
significant un-modeled conditional dependence exists in the problem domain. Nikovski suggested that while nothing can
replace precise and complete probabilistic information, still a useful diagnostic system can be built with imperfect data
by introducing domain-dependent constraints and proposed a solution to the problem of determining the combined
influences of several diseases on a single test result from specificity and sensitivity data for individual diseases. Two
techniques for dealing with unmodeled conditional dependencies in a diagnostic network were also demonstrated in the
context of an effort to design a portable device for cardiac diagnosis and monitoring from multimodal signals. Xiang et
al [6] developed a prototype neuromuscular diagnostic system (PAINULIM) that diagnoses painful or impaired
upper limbs based on Bayesian networks. They discuss non-mathematically the major knowledge representation
issues that arose in the development of PAINULIM. Motivated by the computational overhead of large application
domains, and the desire to provide a user with an interface that gives a focused display of a sub-domain of current
interest, they built PAINULIM using the idea of multiply sectioned Bayesian networks. A preliminary evaluation of
PAINULIM with 76 patients demonstrated good clinical performance. Haddawy et al [7] constructed a
Bayesian belief network in the domain of hepatobiliary disease. The network model's nodes represented
diagnoses, physical findings, laboratory test results, and imaging study findings. The connections between nodes
incorporated conditional probabilities, such as sensitivity and specificity, to represent probabilistic influences. They
extracted Statistical data from peer-reviewed journal articles on hepatobiliary disease, and created a network to
reflect the data. The network successfully determined the a priori probabilities of various diseases, and
incorporated laboratory and imaging results to calculate the a posteriori probabilities. The most informative examination
was identified, that is, the laboratory study or imaging procedure that led to the greatest diagnostic certainty. The
study concluded that Bayesian networks represent a very promising technique for decision support in radiology: they can
assist physicians in formulating diagnoses and in selecting imaging procedures. To capture, conserve and disseminate
such valuable expert knowledge remains a key challenge to the application of knowledge-based systems in veterinary
medicine. McKendrick et al [8] explore the use of a Bayesian belief network to quantify expert opinion with a view to
estimating the likelihood of various diseases in the presence and absence of certain signs. They elicited information from
a panel of 44 experienced veterinarians to provide the response matrix of 27 signs associated with 20 commonly
occurring diseases in sub-Saharan cattle. Bayesian belief networks besides being used in disease diagnosis have also
been used in trauma cases. Ogunyemi. O [9] describes a method for diagnostic reasoning under uncertainty that is used
in Trauma SCAN, a computer-based system for assessing penetrating trauma. Uncertainty in assessing penetrating
injuries arises from two different sources: the actual extent of damage associated with a particular injury mechanism
may not be easily discernable, and there may be incomplete information about patient findings (signs, symptoms and
test results) which provide clues about the extent of the injury. Bayesian networks are used in Trauma SCAN for
diagnostic reasoning because they provide a mathematically sound means of making probabilistic inferences about the
injury in the face of uncertainty. Gadewadikar et al [10] explored the implementation of a Bayesian Belief Network
for an automated breast cancer detection support tool. They were of the opinion that it is intuitive that Bayesian
networks are employed as one viable option for computer-aided detection by representing the relationships
between diagnoses, physical findings, laboratory test results and imaging study findings. Their work brings important
entities such as Radiologists, Image Processing Scientists, Data Base Specialists and Applied Mathematicians on a
common platform. They concluded that encoding of independencies in the network topology admits the design of
efficient procedures for performing computations over the network. Further, for the application of computer-aided
detection in mammography, the researchers designed an interface between the project's Bayesian network learning
algorithm and the radiologists, so that the radiologists could have interaction with the system by labeling only a small
number of informative images presented by the active learning algorithm. In a study conducted by Lu et al [11] used
Bayesian Belief Network for predicting Coronary Artery Disease (CAD) in Traditional Chinese Medicine. They used
Bayesian Network to construct a high-confidence syndrome predictor based on the optimum subset, which was collected
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by Support Vector Machine (SVM) feature selection and compared this subset with Markov blanket feature select using
ROC. They also designed Naıve Bayes, C4.5 Logistic, and Radial basis function (RBF) network compared with Bayesian
network. It was found that Bayesian network method based on the optimum symptoms shows a practical method to
predict six syndromes of CAD in Traditional Chinese Medicine (TCM). Bayesian networks have been used in other
medical areas as well as like emotion recognition [12], ventilator associated pneumonia (13), comparing risk of
alternative medical diagnosis [14], analysis of f-MRI \[15], ovarian cancer [16], breast lesion classification [17], breast
cancer diagnosis [18], analysis of mammography [19], cancer diagnosis on the basis of bio-markers [20] and study of
mutations [21].
III.
Conclusion
Although numerous studies have been carried out for the diagnosis of diseases and one even trauma using Bayesian
belief network, very limited work has been carried out on diseases related to lungs. Some work has been reported on
diagnosis on lung cancer using Bayesian belief network, literature survey however indicates no comprehensive work on
pulmonary diseases as such. Present study aims to use Bayesian belief networks for diagnosis of various pulmonary
diseases.
Pulmonary Disease Diagnosis – A Conceptual Framework
3.1DataCollection: For this study initial data bank of symptoms will be collected on the basis of a survey questionnaire
to be administered to doctors seeking their opinion and rating of symptoms based upon the strength to correctly predict
pulmonary disease.
An initial data bank will thus be developed for further classification and study.
This will be followed by prioritizing the symptoms for accurate disease prediction and diagnosis.
3.2 Symptom Selection Phase - Symptom selection was regarded as the problem of feature selection. Symptoms are
essential to diagnose a disease. Therefore, a strong predicting model of syndrome is based on key symptoms. In this
phase, we investigated which symptoms influence the predicted syndromes most. We propose SVM feature selection
methods to discover critical symptoms.
Support vector machines (SVMs) have been a promising tool for data classiﬁcation. Its basic idea is to map data into
a high
dimensional space and ﬁnd a separating hyperplane with the maximal margin. Given training vectors x k ∈ Rn, k = 1,
m in two classes, and a vector of labels y ∈ Rm such that YK ∈ {1, −1}, SVM solves a quadratic optimization problem
[22, 23]
Subject to YK (ωTφ (xk) + b) ≥ 1 – ξk ξk ≥ 0, k = 1, . . . , m,

Eqn. 1
Where training data are mapped to a higher dimensional space by the function Φ and C is a penalty parameter on the
training error. For any testing instance x, the decision function (predictor) is
f(x) = sgn(ω t φ(x) + b)
Practically, we need only k(x, x’) = ∅ (x)T
used in our experiments:
k(x, x’) = exp(−γ║x – x’║2)

∅ (x’) the kernel function, to train the SVM. The RBF kernel is

Several existing strategies have been combined with SVM for feature selection. Given training vectors x k, k =1, 2, . . .
,m, if the positive and negative instances are n+ and n−, respectively, then the F-score of the ith feature is defined as:
Formula no. 3 to be used from base paper
We selected features with high F-scores and then applied SVM for training/prediction. The procedure was as follows
[24]. (1) Calculate F-score of every feature.
(2) Pick possible thresholds as cutoffs for F-scores. (3) For each threshold, complete the following:
(a) Drop features with F-scores below this threshold,
(b) Randomly split the training data into Xtrain and Xvalid,
(c) Let Xtrain be the new training data. Use the SVM procedure to obtain a predictor; use the predictor to predict Xvalid,
(d) Repeat the steps above five times and then calculate the average validation error.
(4) Choose the threshold with the lowest average validation error.
(5) Drop features with F-scores below the selected threshold. Then apply the SVM procedure. Finally, the features with
efficient prediction power were selected.
Disease Prediction. Disease prediction is important for doctors. In this study we will be developing a Bayesian
network framework to construct a high-confidence disease predictor by integrating a comprehensive list of mingling
Symptoms. Bayesian network, which is one of the most effective classification methods for graphically representing
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and processing feature interdependencies, represents a joint probability distribution over a dataset [25, 26]. Bayesian
network is directed acyclic graphs (DAG) that allow for efficient and effective representation of joint probability
distributions. In this paper, we will be constructing a Bayesian network structure to simulate the data model based
information obtained through research survey. Based upon the results obtained a suitable model will be developed to
predict the prevalence of pulmonary disease.
IV.
Future Scope
Bayesian networks have been extensively used in developing computer aided diagnosis of various diseases. The
purpose of using these computer based systems in healthcare is to reduce the chances of faulty diagnosis and prevent
cost and time over runs. In future study the use of Bayesian belief networks for the diagnosis of pulmonary diseases can
be explored.
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