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Abstract— Tuberculosis (TB) is a severe communicable respiratory tract infection caused by
Mycobacterium Tuberculosis (MTB), thus infiltrating and disrupting the functionality of the lungs which
is the major spot of infection. Tuberculosis is classified as a infectious disease transmitted via diminutive
respiratory droplets let free into the air through coughs and sneezes from symptomatic patients which when
inhaled by asymptomatic patients; it can be transmitted to these individuals inside the first few weeks,
sometimes months leading to years before the manifestation of the infection begin to show in these infected
patients with organs resident in their bodies such as kidneys, bladder and liver just name a few; being are
at risk due to the spread of the infection. Owing to the widespread mode of TB infection, it was categorized
as a global health pandemic by World Health Organization in 1993, which to date remains the world
foremost infectious killer disease which has caused millions of untimely passings of infected persons. What’s
more, the manifestations of TB are hemoptysis (cough with sputum covered with blood), angina (chest
pains), breathlessness, weakness, weight loss, fever, night sweats and loss of appetite just to name but a
couple. Nevertheless, in recent past, several systems have been developed to detect this transmittable
ailment, yet they delivered a ton of bogus negative during testing and couldn't distinguish Tuberculosis in
view of its covering symptoms it imparts to other Respiratory Tract Infections (RTIs). Consequently, there
was the need to proffer a solution for the quagmire of under-diagnosis and misdiagnosis of Tuberculosis
which is much uncontrolled in Sub-Sahara Africa and South-East Asia respectively. Hence, in this paper,
we proposed and developed a model to predict Tuberculosis and Respiratory Tract Infections using an Al
technique called Bayesian Belief Network. The model was structured using Bayes Server and tested with
data retrieved from Tuberculosis machine learning repository. The model had an overall prediction
exactness of 99.98%; 99.84% and 99.96% sensitivity of Tuberculosis and Respiratory Tract infections in
that order.

Keywords— Tuberculosis; Mycobacterium Tuberculosis; Prediction; Detection; Artificial Intelligence,
Supervised Machine Learning; Bayesian Belief Network.

L. INTRODUCTION

Respiration is a procedure of inhaling oxygen to cells contained in tissues and exhaling carbon dioxide via the
same medium in individuals which is regulated by a biological system resident in the human body called the
respiratory system [1].

Respiratory system is an organic system which comprises of precise organs and frameworks employed for the
sole aim of exchanging gases in the mode of oxygen (O) and carbon dioxide (CO>) in humans, animals (mammals,
birds, reptiles) and plants (trees, grasses and shrubs etc) [2]. Conversely, the respiratory system has organs resident
within the system such as the trachea, the diaphragm and the lungs. Of the aforesaid organs of the respiratory
system, the lungs are the most essential organ of all.

Lungs are liable for the retrieval of oxygen from the air we breathe thus conveying it to the cells in the blood
vessels and expulsion of carbon dioxide when breathing out. In any case, regardless of the function of the lungs
in everyday running of the respiratory system, it is susceptible to infections and diseases which can hamper the
functionality of the system such as chronic bronchitis, pneumonia, asthma, sarcoidosis, lung cancer, cystic
fibrosis/bronchiectasis, pneumonia, pleural effusion, tuberculosis and chronic obstructive pulmonary disease and
tuberculosis infection. Of the previously mentioned ailments, Tuberculosis is the most dreadful of all.
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Tuberculosis (TB) is a death-defying transmittable disease that generally affects the lungs and poses threat to other
parts of the human body brought about by the Mycobacterium Tuberculosis (MTB). Moreover, Mycobacterium
Tuberculosis (MTB) is transmitted from one individual to another via miniature respiratory droplets set free into
the air through coughs and sneezes from symptomatic patients. The manifestations of this disease are hemoptysis
(cough with sputum covered with blood), angina (chest pains), breathlessness, weakness, weight loss, fever, night
sweats and loss of appetite just to name but a couple [3].

What’s more, TB infections are categorized into two namely: Latent and Active Tuberculosis respectively with
the sole aim of recognizing the conditions that comes with each form of the TB infection. Yet, men are majorly
at risk of contracting and passing from TB infection compared to women; though TB can be predominantly
ruthless in women specifically during their childbearing years (15 to 49 years) and during pregnancy. Then again,
individuals of all ages are at risk of the TB infection. [4].

Latent TB is a type of TB infection that lingers in the human body in motionless state with no symptoms
whatsoever evident. More so, this class of patients with this form of TB infection is classified as been
asymptomatic. However, latent TB is not infectious but rather has potentials of transforming into active TB.
Besides, patients with this kind of infection stand at approximately 2 billion of the world’s population. In any
case, it was further affirmed that 10% of the aforesaid estimated population sporadically advances to active TB if
not diagnosed early and treated resulting in deaths of infected patients.

Active TB is a form of TB infection that can be due to the transformation from latent TB Infection; more so this
condition makes one ill and majority of this kind of cases could lead to widespread of the TB infection in the very
few weeks or sometimes years after contact with the MTB. Eventually, when the TB infection turns into active
TB, the lungs are the most affected accounting for 90% of active TB infectivity to date [5].

In 2018, over 10 million confirmed cases of active TB were reported causing about 1.5 million passings; thus,
classified as the foremost cause of death from contagious diseases in that year. Additionally, major cases of TB
cases were recorded in different regions of the world, for instance, South-East Asia (44%), Africa (24%) and the
Western Pacific (18%), with above half of confirmed cases being detected in eight nations to be specific: India,
China, Indonesia, the Philippines, Pakistan, Nigeria and Bangladesh amounting to (27%), (9%), (8%), (6%), (6%),
(4%) and (4%) cases respectively in the aforementioned countries attributable to under-analysis and misdiagnosis
of TB infections [6].

Owing to the widespread mode of TB infection, it was categorized as an epidemic (global health emergency) by
World Health organization in 1993, while it remains the world foremost infectious killer disease to date; even as
efforts are being made to curb the disease by the year 2030.

Despite the epidemic nature of TB, clinical methods have been utilized in diagnosing this disease such as chest
X-ray, multiple sputum cultures for acid-fast bacilli (AFB), Interferon-y release assays, tuberculin skin tests,
Nucleic acid amplification tests (NAATs) and adenosine deaminase testing. Conversely this usage of the
aforementioned diagnostic methods exposes patients to radiation which has side effects such as vomiting,
bleeding, fainting in the case of chest X-ray usage; acid fast bacilli test is deficient in making a distinction between
MTB from NTM (Non-tuberculosis Mycobacterium); Interferon-y release assays are capital-intensive and
requires a ton of research facility resources to conduct the test; tuberculin skin tests lacks the ability to differentiate
latent TB from active TB; nucleic acid amplification tests availability is limited and cost-intensive and adenosine
deaminase testing requires chemical substance preparation; hence, it can only be conducted manually.

Subsequently, a lot of false negatives are produced as a result of usage of the above-listed diagnostic methods due
to the overlapping symptoms Tuberculosis has with other respiratory tract infections leading to misdiagnosis of
the aforesaid disease, with several of the aforesaid diagnostic methods quite invasive, risky and capital-intensive.
Thus, there is the need to proffer a solution to assist in diagnosing Tuberculosis. Hence, the use of artificial
intelligence (Al) is viewed as a non-invasive method which will assist in curbing the menace of misdiagnosis and
untimely passings of patients recorded due to Tuberculosis infection.

Then again, several machine learning techniques have been utilized diagnosing Tuberculosis in the works of
[7,8,9,10,11,12,13,14,15,16,17,18,19 and 20] but they generated a lot of false negative during testing and were
unable to detect Tuberculosis due to the overlapping symptoms the disease shares with some respiratory tract
infections.

In this paper, a managed Al technique called Bayesian Belief Network (BBN) was used in diagnosing
Tuberculosis dependent on observed manifestations. BBN is a multifaceted probabilistic network that unites
expert knowledge and observed datasets. It plans a course for conditions and intelligent outcomes relationship
among factors and sets them up with probability that exhibits the level where one variable is most likely going to
impact another. Be that as it may, BBN was our technique of choice because of its ability to make prescient
surmising. The chosen approach uses Bayes theorem which is a statistical technique that guides high accuracy in
predicting and detecting events and its occurrences.
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One significant feature the proposed solution has over existing systems is its ability to diagnose Tuberculosis
likewise the covering side effects this ailment has with other with Respiratory Tract Infections (RTIs) which will
realize enhancement in the accompanying areas such as prediction, detection and diagnosis of Tuberculosis with
possible overlapping symptoms identified with Respiratory Tract Infections.

In any case, the rest of the paper is sorted out as follows: Section II contains the related works on Tuberculosis
and Respiratory Tract diseases diagnosis utilizing Al, Section III clarifies the chosen supervised Al method
(Bayesian Belief Network) used in diagnosing Tuberculosis and Respiratory Tract Infections, Section IV contains
the simulation, results and discussion and Section V finishes up research work with future directions.

II. RELATED WORK

Several studies have been conducted on diagnosing Tuberculosis (TB) using Artificial Intelligence. In [7], a
specialized expert system for diagnosing lung diseases using Fuzzy logic (FL) as an approach was developed. The
system diagnosed Lung diseases with high discovery accuracy. However, the system had the following
accompanying quandaries such as complicatedness to identify respiratory tract diseases with overlapping
symptoms as Tuberculosis. Besides, fuzzy expert systems have concern of real-time responsiveness, difficulty in
making bi-directional inferences; fuzzy systems don’t have the potentials of machine learning and neural network
type pattern identification.

In [8], a dedicated expert system for forecasting results of Tuberculosis treatment using Fuzzy Logic was
developed. What's more, the expert system predicted outcomes of Tuberculosis treatment with high recognition
exactness. Nonetheless, the specialized system had the following dilemmas for instance, the inability of the
specialized expert system to make bi-directional surmisings, problem of real-time sensitivity; fuzzy systems don’t
have the competence of machine learning and neural network type pattern recognition. In addition, the system
failed to detect respiratory tract diseases with overlapping indications as Tuberculosis.

In [9], a novel system for diagnosing respiratory diseases using rules based on Fuzzy Logic was created. The
system diagnosed only 3 respiratory diseases namely pneumonia, tuberculosis and normal influenza with high
discovery precision. On the other hand, the system had the following accompanying issues for example, intricacy
to recognize respiratory tract diseases with overlapping manifestations as Tuberculosis, complexity in making bi-
directional deductions and issue of real-time responsiveness. All the same, fuzzy systems don’t have the
possibilities of machine learning and neural network type pattern classification.

In [10], a dedicated decision support expert system for recognizing Tuberculosis based on Fuzzy Logic was
designed. The expert system identified Tuberculosis with high detection exactness aiding prompt diagnosis of the
aforesaid disease. Then again, the system had the following inadequacies such as difficulty in responding in real-
time and making bi-directional assumptions; failure to distinguish respiratory tract diseases with overlapping
symptoms as Tuberculosis. Still, fuzzy systems don’t have the skills of machine learning and neural network type
pattern recognition.

In [11], a specialized expert system for Tuberculosis diagnosis which was based on Fuzzy Logic was developed.
The dedicated expert system provided a decision support platform for medical professionals as regards
Tuberculosis diagnosis with high identification precision. Conversely, the system had the following
accompanying quagmires such as the inability to detect respiratory tract diseases with covering side effects as
Tuberculosis, failure to respond in real-time and make bi-directional inferences. Yet, the developed fuzzy system
does not have the capability of machine learning and neural network type pattern identification.

In [12], a proficient expert system that diagnosed Tuberculosis using Fuzzy Cluster Means (FCM) as an approach
was developed. The specialized expert system classified Tuberculosis with high detection exactness. Even so, the
system had the following accompanying inadequacies such as difficulty in distinguishing respiratory tract diseases
with overlapping side effects as Tuberculosis. Also, Fuzzy C Means as a technique has concern of handling high
datasets; yet, it is vulnerable to initialization and with ease gets trapped in the local optima.

In [13], a specialized diagnostic decision support expert system based on rules generated using Fuzzy Logic was
created. The expert system diagnosed classes of Tuberculosis with high discovery precision. Nevertheless, the
system had the following dilemmas for example, the intricacy in discovering respiratory tract diseases with
overlapping symptoms as Tuberculosis, inability to make bi-directional conclusions and real-time responsiveness.
In addition, the expert system lacks ability of machine learning and neural network type pattern classification;
fuzzy systems are deficient in tackling uncertainties owing to unawareness, incompleteness and randomness.

In [14], an expert system and architecture for analyzing Lung infections based on rules created using Fuzzy Logic
as an approach was proposed. The system detected lung diseases with high detection accuracy. However, the
system had some accompanying issues such as complicatedness to identify respiratory tract diseases with
overlapping side effects as lung diseases like Tuberculosis, the proposed system failed in making bi-directional
deductions and as well lacks real-time responsiveness. Moreover, the expert system is short of the prospects of
machine learning and neural network type pattern recognition.
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In [15], a decision support expert system for recognizing Tuberculosis that employed Fuzzy logic was created.
The system identified Tuberculosis with high discovery exactness. On the other hand, the system had the following
accompanying inadequacies for instance: the expert system failed to detect respiratory tract diseases with
overlapping side effects as Tuberculosis, powerlessness of the expert system to make bi-directional inferences and
concern of real-time responsiveness. In addition, fuzzy expert systems don’t have the competence of machine
learning and neural network type pattern discovery.

In [16], a dedicated decision support expert system for diagnosing Tuberculosis bacterium class using Fuzzy logic
as an approach was developed. The expert system diagnosed Tuberculosis causing bacterium with high detection
accuracy. What’s more, the expert system had the following accompanying inadequacies such as: the inability of
the expert system to make bi-directional deductions, worry of real-time responsiveness and concern of identifying
respiratory tract diseases with overlapping symptoms as Tuberculosis. Additionally, fuzzy expert systems lack the
capability of machine learning and neural network type pattern detection.

n [17], a hybrid system for diagnosing Pulmonary Tuberculosis using a merger of Neural Networks and Fuzzy
Logic called Adaptive Neuro Fuzzy Inference System (ANFIS) was developed. The expert system diagnosed
Tuberculosis with high discovery precision. What’s more, the system had the following drawbacks such as the
difficulty in understanding the outcomes acquired from the learning process of the neural network; the system
learning process is time-consuming and the system neural network outcome cannot be verified to see if it is
credible because of its black box nature. Also, the system failed to detect respiratory tract diseases with covering
manifestations as Tuberculosis.

In [18], Fuzzy logic as an approach was utilized in the development of an expert for diagnosing and treating
Tuberculosis. The specialized system diagnosed Tuberculosis with high detection exactness. However, the system
failed to identify respiratory tract diseases with overlapping symptoms as Tuberculosis. In addition, fuzzy systems
don’t have the competence of machine learning and neural network type pattern classification; issue of real time
responsiveness and intricacy in making bi-directional inferences. Be that as it may, fuzzy systems are deficient in
handling uncertainties owing to unawareness, incompleteness and randomness.

In[19], an intelligent system that diagnosed Tuberculosis using Adaptive Neuro Fuzzy Inference System (ANFIS)
was developed. The system diagnosed Tuberculosis with 99.58% detection exactness. More so, the system had
the following accompanying drawbacks such as inability of the system to recognize respiratory tract diseases with
overlapping symptoms as Tuberculosis. Also, there exist the intricacies of comprehending the solutions derived
from the learning process of the neural network. Yet, the learning process is time-consuming with the system
neural network solution not easily verified to see its credibility because of its black box nature.

In [20], an Adaptive Neuro Fuzzy Inference System was developed with the solitary aim of diagnosing
Tuberculosis. The hybrid system diagnosed Tuberculosis with high discovery precision. What’s more, the system
had the following downsides such as the difficulty in understanding the result attained from the learning process
of the neural network; the learning process is lingering and the system neural network outcome cannot be
established to see if it is credible. In addition, the system failed to detect respiratory tract diseases with overlapping
symptoms as Tuberculosis.

III. METHODOLOGY

In this paper, the technique we intend to employ towards achieving the aim of this study which is diagnosing
Tuberculosis, Respiratory Tract Infections as well as the overlapping symptoms they have in common; is the
utilization of a non-invasive Al (Artificial Method) method called Machine learning.

Machine learning is a coalition of strategies for creating models that depicts or forecast utilizing data or past
experience. Even so, there are a few techniques of Al namely Supervised Learning: it trains data and integrates
required results (for instance, Bayesian Belief Networks, Neural Networks, Deep learning and so on.),
Unsupervised Learning: it trains data and does leave out wanted end results (for example Grouping,
Dimensionality Reduction), Semi-Supervised Learning: it trains data and hardly slots in any ideal outcome and
Reinforcement Learning: it gains from series of activities (Temporal Difference Learning, Q-learning) [21].

In this paper, we expect to utilize an Al method called Bayesian Belief Network because of its prescient ability
dependent on past experience and example data available to its during training and testing of observed datasets.
Bayesian Belief Network (BBN) is directed acyclic graphical model that utilizes probability to show conditional
dependencies that prevails among nodes on a graph [22]. It is a complex probabilistic network that blends expert
information and investigative datasets. It structures out course of conditions and consistent outcomes associations
among factors and encodes them with probability that indicates the amount wherein one variable is conceivable
to affect another Furthermore, Bayesian Belief Network strives on the Bayes theorem which is relies on
probability.
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The Bayes theorem is represented in the mathematical equation below:
P(alb) = P(bla)P(a) ey
P(b)
Where,
P(a) is the probability of event “a” happening without any information about event “b”. It is called the “Prior”.

P(a/b) is the conditional probability of event “a” happening given that event “b” has already occurred. It is
otherwise called the “Posterior”.

P(b/a) is the conditional probability of event “b” happening given that event “a” has already occurred. It is called
the “Likelihood”.

P(b) is the probability of event “b” happening without any information about event “a”. It is called the “Marginal
Likelihood”.

The Naive Bayes classifiers are regularly spoken to as a type of directed acyclic graph (DAG). The Directed
Acyclic Graph (DAG) comprises of vertices representing random variables and arrows connecting pairs of nodes.

Figure 1 shows a pictorial representation of a Bayesian Belief Network.

Figure 1. A Pictorial Representation of a Bayesian Belief Network

A couple of inclinations of this model are: it is exceptionally fast in making inductions, the subsequent
probabilities are very simple to decode, the learning algorithm is clear and the model adequately solidifies with
utility functions to make ideal surmisings. In this paper, we expect to recognize Tuberculosis, Respiratory Tract
Infections and their symptoms utilizing a managed Al procedure called Bayesian Belief Network (BBN). A model
comprising of 52 nodes where a few nodes speak to a type of ailment illness or elements that impact diagnosis of
Tuberculosis, Respiratory Tract Infections and their side effects will be designed utilizing Bayes Server. A
Tuberculosis dataset will be utilized to train and test the system. Utilizing the Pareto Principle, 80% of the dataset
will be utilized to prepare the model while the remainder will be utilized in testing the model. The point of the
model is to accomplish a high of identification precision with the utilization of the covering indications of
Respiratory Tract Infections and Tuberculosis.

IV. SIMULATION, RESULTS AND DISCUSSION

The simulation was performed utilizing a Tuberculosis dataset in training, testing and predicting Tuberculosis
which was retrieved from [23]. Besides, previews of used dataset, designed BBN model for predicting
Tuberculosis, Respiratory Tract Infections (RTIs) and its manifestations, BBN model convergence chart,
loglikelihood batch query chart, feature importance of nodes chart, in-sample anomaly detection chart, likelihood
plots of ailments being cause of Respiratory Tract Infections and Tuberculosis, loglikelihood graph for detecting
Tuberculosis and likelihood against loglikelihood plot for predicting Tuberculosis, Respiratory Tract Infections
and symptoms were taken during the simulation process which appear beneath in figures 2, 3, 4, 5, 6, 7, 8,9,10,
11 and 12 respectively with the results discussed underneath the diagrams. On the other hand, the used dataset
include mix of ailment afflictions and factors thought about in the recognition of Tuberculosis, Respiratory Tract
Infections and symptoms amounting to 52 with each sickness and factor having a value which addresses the
probability of such ailment malady and factor causing Tuberculosis and Respiratory Tract Infections.
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The sicknesses and components are: Active Tuberculosis, Adult-Onset Asthma, Allergic Asthma, Angina,
Asthma, Asthma-COPD Overlap, Breathlessness, Bronchitis, Chills, Chronic Obstructive Pulmonary Disease
(COPD), Cough, Emphysema, Fatigue, Fever, Hemoptysis, Influenza, Laryngitis, Latent Tuberculosis, Loss of
Appetite, Lower Respiratory Infections, Lung Abscess, Lung Cancer, Lung Nodules, Metastatic Lung Cancer,
Migraine, Muscle Pain, Mycobaterium Tuberculosis Bacteria, Nausea, Night Sweats, Non-Allergic Asthma, Non-
Small Cell Lung Cancer, Occupational Asthma, Pertussis, Phlegm, Pneumonia, Respiratory Tract Infections
(RTIs), Runny Nose, Severe Angina, Sinus Infection, Small Cell Lung Cancer, Sneezing, Sore Throat, Stable
Angina, Swine Flu, Tonsillitis, Tuberculosis, Unstable Angina, Upper Respiratory Infections, Variant Angina
Pectoris, Weakness, Weight Loss and Wheezing respectively.

Figure 2 below shows a snapshot of the dataset utilized in training, testing and predicting Tuberculosis and
Respiratory

Tract Infections.
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Figure 2. Snapshot of Dataset

The Bayesian Belief Network model was designed using Bayes-Server platform. The Bayesian Belief Network
(BBN) for anticipating Tuberculosis (TB) was organized with the ultimate objective that the nodes on the network
are connected reliant on the probability of an illness coming to fruition to another and factor influencing another
factor. In our model for a case to be regarded as a Tuberculosis infection case, the infections and various factors
taken into mindfulness in the diagnosis of Tuberculosis are: Active Tuberculosis, Adult-Onset Asthma, Allergic
Asthma, Angina, Asthma, Asthma-COPD Overlap, Breathlessness, Bronchitis, Chills, Chronic Obstructive
Pulmonary Disease (COPD), Cough, Emphysema, Fatigue, Fever, Hemoptysis, Influenza, Laryngitis, Latent
Tuberculosis, Loss of Appetite, Lower Respiratory Infections, Migraine, Muscle Pain, Mycobaterium
Tuberculosis Bacteria, Nausea, Night Sweats, Non-Allergic Asthma, Occupational Asthma, Pertussis, Phlegm,
Pneumonia, Respiratory Tract Infections (RTIs), Runny Nose, Severe Angina, Sinus Infection, Sneezing, Sore
Throat, Stable Angina, Swine Flu, Tonsillitis, Unstable Angina, Upper Respiratory Infections, Variant Angina
Pectoris, Weakness, Weight Loss and Wheezing respectively.

Figure 3 shows the BBN model for detecting Tuberculosis (TB), Respiratory Tract Infections (RTIs) and their
symptoms.
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Figure 3. Bayesian Belief Network Model for Detecting Tuberculosis (TB), Respiratory Tract Infections (RTIs) and Its Symptoms.

So, to mathematically represent our model we have:
Tuberculosis

B%P( Diseasej) | Parentsj (Diseasej)

i=1 (2)
Where,

Disease: Node with a Disease Ailment

Parents (Disease;) = Nodes that converge on Disease Ailment;.

The dataset in figure 2 was used to train and test the model. Upon completion of training and testing the BBN
model, the test data converged at time series 2. The log likelihood value for each case was recorded.

Figure 4 shows the BBN model convergence of Tuberculosis (TB), Respiratory Tract Infections (RTIs) and their
symptoms at Iteration Count 2.
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Figure 4. Bayesian Belief Network Model for Detecting Tuberculosis (TB), Respiratory Tract Infections (RTIs) and Their Symptoms
Converging at Time Series 2.
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Figures 4,5, 6, 7, 8, 9,10, 11 and 12 shows log likelihood batch query chart for predicting tuberculosis (TB),
respiratory tract infections (RTIs) and its symptoms, feature importance chart of nodes in the BBN model, the in-
sample anomaly detection chart, the likelihood plot of lung diseases, upper respiratory tract infections, lower
respiratory tract infections and symptoms prompting respiratory tract infections case and its probabilities, the
likelihood plot of mycobacterium tuberculosis bacteria, latent tuberculosis, active tuberculosis and its symptoms
prompting tuberculosis infection case and its probabilities, the loglikelihood graph for detecting tuberculosis,
respiratory tract infections and their symptoms and likelihood against loglikelihood for predicting tuberculosis,
respiratory tract infections and their symptoms respectively. The results generated from the simulation
demonstrated that the system had the option to anticipate 99% tuberculosis (TB), respiratory tract Infections
(RTIs) and their symptoms on the dataset precisely and it had a loglikelihood of 62 on the test dataset.

The figure 5 below shows the loglikelihood batch query chart for predicting tuberculosis (TB) and respiratory
tract infections with their symptoms.
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Figure 5. The Loglikelihood Batch Query Chart for Predicting Tuberculosis (TB), Respiratory Tract Infections (RTIs) with Their
Symptoms.

This loglikelihood batch query chart shows the results of test data deployment. Here, 100 exploratory cases were
conducted and the result produced from the test data showed the system ability to predict the likelihood of each
case being Tuberculosis (TB) infection, a Respiratory Tract Infection and their symptoms with the loglikelihood
and likelihood (probability values within 0 to 1) obtained from each of the 100 experimental cases and recorded
as follows:
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In Experiment 1: The probability of Predict(Tuberculosis) was 0.848, Predict(Latent Tuberculosis) was 0.351,
Predict(Active Tuberculosis) was 0.765, Predict(Respiratory Tract Infections) was 0.988 and
Predict(Mycobaterium  Tuberculosis) was 0.651 in experiment 1 put side by side to
0.848000110,0.350700322,0.764910212, 0.988002030 and 0.650801013 respectively in the test data. What's
more, Experiment 1 had 84.8%, 35.1%, 76.5%, 98.8% and 65.1% sensitivity of Tuberculosis, Latent Tuberculosis,
Active Tuberculosis, Respiratory Tract Infections Mycobaterium Tuberculosis) and their symptoms after due
completion of Experiment 1 correspondingly.

In Experiment 2: The probability of Predict(Tuberculosis) was 0.176, Predict(Latent Tuberculosis) was 0.152,
Predict(Active Tuberculosis) was 0.148, Predict(Respiratory Tract Infections) was 0.393 and
Predict(Mycobaterium  Tuberculosis)  was 0.787 in experiment 2 matches up to
0.175701102,0.151600212,0.148010143, 0.392601174 and 0.787002201 respectively in the test data. In addition,
Experiment 2 had 17.6%, 15.2%, 14.8%, 39.3% and 78.7% sensitivity of Tuberculosis, Latent Tuberculosis,
Active Tuberculosis, Respiratory Tract Infections Mycobaterium Tuberculosis) and their symptoms after
termination of Experiment 2 respectively.

In Experiment 3: The probability of Predict(Tuberculosis) was 0.782, Predict(Latent Tuberculosis) was 0.719,
Predict(Active Tuberculosis) was 0.262, Predict(Respiratory Tract Infections) was 0.828 and
Predict(Mycobaterium Tuberculosis) was 0.316 in experiment 3 judged against
0.781802310,0.719000403,0.261602045, 0.828001046 and 0.316011005 respectively in the test data.
Furthermore, Experiment 3 had 78.2%, 71.9%, 26.2%, 82.8% and 31.6% sensitivity of Tuberculosis, Latent
Tuberculosis, Active Tuberculosis, Respiratory Tract Infections and Mycobaterium Tuberculosis and their
symptoms after conclusion of Experiment 3 in that order.

Besides, this experiment continued up to Experiment number 100. Hence, the system results showed a 0.0001
value difference between the prediction results and original test data of 100% resulting to 99% prediction
accuracy.

The figure 6 beneath shows the feature importance of the linked nodes in the designed BBN model in figure 3
above for predicting Respiratory Tract Infections (RTIs) with its symptoms.
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Figure 6. The Feature Importance Chart for Respiratory Tract Infections Node in The Designed BBN Model

The Feature Importance Chart shows probabilistic-value (p-value) of the variable (nodes), Feature and Mutual
information in relation to the Respiratory Tract Infections node.
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The p-value indicates the likelihood (probability) of the nodes inciting Respiratory Tract Infections.

The Feature box is checked if that precise node is actively involved and assists in the detection of Respiratory
Tract Infection case.

The Mutual information shows the bond with nodes directly linked to one another (i.e. in this case the direct
association of the nodes with the Respiratory Tract Infections node) and assigned a value.

The Significance Level indicates the margin of error encountered in the detection of Respiratory Tract Infections.

The figure 7 below shows the feature importance of the associated nodes in the designed BBN model for predicting
tuberculosis and its symptoms in figure 3.
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Figure 7. The Feature Importance Chart for Tuberculosis Node in The Developed BBN Model
The Feature Importance Chart shows probabilistic-value (p-value) of the variable (nodes), Feature and Mutual
information in relation to the Tuberculosis node.
The p-value specifies the likelihood (probability) of the nodes prompting Tuberculosis infection.

The Feature box is checked if that precise node is actively involved and aids the recognition of Tuberculosis
infection case.

The Mutual information shows the connection with nodes directly linked to one another (i.e. in this case the direct
association of the nodes with the Tuberculosis node) and allotted a value.

The Significance Level point to the margin of error encountered during the course of detecting of Tuberculosis.
The figure 8 below shows the in-sample anomaly detection chart of the developed BBN model in figure 3.
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Figure 8. The In-sample Anomaly Detection Chart of BBN Model

The In-sample Anomaly Detection Chart shows 100 experimental tests of distinguishing tuberculosis and
respiratory tract infections. Each case is doled out an ID(Identification value) which are estimations of the

Predict(Tuberculosis), Predict(Latent Tuberculosis), Predict(Active Tuberculosis), Predict(Respiratory Tract
Infections) and Predict(Mycobaterium Tuberculosis Bacteria) in figure 5.

The IsAnomaly checkbox is checked to identify that each case is a confirmed instance of Tuberculosis, Respiratory
Tract Infections with their side effects. The 100 cases includes Tuberculosis, Respiratory Tract Infections with
their side effects having a case tally estimation 50.451 (weighted) which implies the impact of the cases prompting
Tuberculosis and Respiratory Tract Infections. On the other hand, the 100 (unweighted) implies the quantity of
cases in the pool of information accessible to the system for recognition of Tuberculosis, Respiratory Tract
Infections and their manifestations in the dataset pool. The tolerance is the margin of error that could be
encountered as regards to the detection of the Tuberculosis, Respiratory Tract Infections and their symptoms.

The figure 9 below shows the likelihood plot of lung diseases, upper respiratory tract infections, lower respiratory
tract infections and symptoms prompting respiratory tract infections of the designed BBN model in figure 3.
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Figure 9. The Likelihood Plot of Lung Diseases, Upper Respiratory Tract Infections, Lower Respiratory Tract Infections and Symptoms
Prompting Respiratory Tract Infections

The likelihood plot shows the probability of lung diseases, upper respiratory tract infections, lower respiratory
tract infections and symptoms prompting respiratory tract infections case. In this plot, 100 experiments were
undertaken with each shaded point in the chart named a case and allotted a probabilistic value which is in the
scope of 0 tol on Y-axis and 0.00408 to 1.004 on X-axis and positioned on the privilege of the plot. The variable
marked “Predict(Respiratory Tract Infections)” is situated on the Y-axis is plotted against another variable named
“Predict(Lung Diseases, Upper Respiratory Tract Infections, Lower Respiratory Tract Infections and Symptoms)”
stationed on the X-axis. Nonetheless, from this plot, there are five analytical classes of Respiratory Tract Infections
cases which our system had the choice to distinguish; they are asymptomatic, mild, moderate, severe, and critical
classes in the aforesaid order.

Asymptomatic Class: This class likelihood ranges from 0 to 0.2 on Y-axis and 0.00408 to 1.004 on X-axis. This
territory has 16 colored points (cases). This infers that the 16 colored points in this region represents 16 cases of
no Respiratory Tract Infections by any stretch of the imagination; hence this class of patients is viewed as being
Asymptomatic.

Mild Class: This class likelihood ranges from 0.2 to 0.4 on Y-axis and 0.00408 to 1.004 on X-axis. This region

has 25 tinted points (cases). This suggests that the 25 colored points here corresponds to 25 occurrences of
symptomatic patients with Respiratory Tract Infections with the seriousness level identified as being Mild.

Moderate Class: This class ranges from 0.4 to 0.6 on Y-axis and 0.00408 to 1.004 on X-axis. This zone has 16
tinted points (cases).This infers that the 16 toned points in this area signifies 16 examples of symptomatic patients
with Respiratory Tract Infections with the seriousness level classified as being Moderate.

Severe Case: This class ranges from 0.6 to 0.8 on Y-axis and 0.00408 to 1.004 on X-axis. This locale has 24 toned
points (cases). This implies that the 24 hued points in this area symbolizes 24 occurrences of symptomatic patients
with Respiratory Tract Infections with the seriousness level recognized as being Severe.

Critical Class: This level spans from 0.8 to 1 on Y-axis and 0.00408 to 1.004 on X-axis. This region has 19 toned
points (cases). This infers that the 19 toned points around this zone connotes 19 occurrences of symptomatic
patients with Respiratory Tract Infections with the severity level identified as being Critical.
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Al1100 cases in figure 9 had likelihood values less than or equal to 1; with the most essential probability estimation
of Lung Diseases, Upper Respiratory Tract Infections, Lower Respiratory Tract Infections and symptoms
prompting Respiratory Tract Infections reported to be 0.999608087117418 which is very well below 1.

Of the 100 experimental cases, the system anticipated 100 cases of Lung Diseases, Upper Respiratory Tract
Infections, Lower Respiratory Tract Infections and symptoms prompting Respiratory Tract Infections case
extending from asymptomatic, mild, moderate, severe, and critical classes precisely from the test data with 99.96%
sensitivity of Respiratory Tract Infections.

The figure 10 below shows the likelihood plot of mycobaterium tuberculosis, latent tuberculosis, active
tuberculosis and its symptoms prompting tuberculosis infection case.
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Figure 10. The Likelihood Plot of Mycobaterium Tuberculosis, Latent Tuberculosis, Active Tuberculosis and Its Symptoms Prompting
Tuberculosis Infection Case

The likelihood plot shows the probability of Mycobaterium Tuberculosis, Latent Tuberculosis, Active
Tuberculosis and its symptoms prompting Tuberculosis infection case. In this plot, 100 experiments were
undertaken with each shaded point in the chart named a case and allotted a probabilistic value which is in the
scope of 0 tol on Y-axis and 0.0378 to 1.038 on X-axis and positioned on the privilege of the plot. The variable
marked ‘“Predict(Tuberculosis)” is situated on the Y-axis is plotted against another variable named
“Predict(Mycobaterium Tuberculosis, Latent Tuberculosis, Active Tuberculosis and Symptoms)” stationed on the
X-axis. Nonetheless, from this plot, there are five diagnostic classes of Tuberculosis infections cases which our
system had the choice to distinguish; they are asymptomatic, mild, moderate, severe, and critical classes in the
aforesaid order.

Asymptomatic Class: This class likelihood ranges from 0 to 0.2 on Y-axis and 0.0378 to 1.038 on X-axis. This
territory has 18 colored points (cases). This infers that the 18 colored points in this region represents 18 cases of
no Tuberculosis infection whatsoever; hence this class of patients is viewed as being Asymptomatic.

Mild Class: This class likelihood ranges from 0.2 to 0.4 on Y-axis and 0.0378 to 1.038 on X-axis. This region has
21 tinted points (cases). This suggests that the 21 colored points here corresponds to 21 occurrences of
symptomatic patients having Tuberculosis infection; with the seriousness level identified as being Mild.
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Moderate Class: This class ranges from 0.4 to 0.6 on Y-axis and 0.0378 to 1.038 on X-axis. This zone has 24
tinted points (cases).This infers that the 24 toned points in this area signifies 24 examples of symptomatic patients
having Tuberculosis Infection; with the seriousness level classified as being Moderate.

Severe Case: This class ranges from 0.6 to 0.8 on Y-axis and 0.0378 to 1.038 on X-axis. This locale has 17 toned
points (cases). This implies that the 17 hued points in this area symbolizes 17 occurrences of symptomatic patients
having Tuberculosis Infection; with the seriousness level recognized as being Severe.

Critical Class: This level spans from 0.8 to 1 on Y-axis and 0.0378 to 1.038 on X-axis. This region has 20 toned
points (cases). This infers that the 20 toned points around this zone connotes 20 occurrences of symptomatic
patients having Tuberculosis Infection; with the severity level identified as being Critical.

All 100 cases in figure 10 had likelihood values less than or equal to 1; with the most essential probability
estimation of Mycobaterium Tuberculosis, Latent Tuberculosis, Active Tuberculosis and after-effects of diseases
prompting Tuberculosis Infection reported to be 0.998456160976597 which is very well below 1.

Of the 100 experimental cases, the system anticipated 100 cases of Mycobaterium Tuberculosis, Latent
Tuberculosis, Active Tuberculosis and Symptoms Prompting Tuberculosis Infection case extending from
asymptomatic, mild, moderate, severe, and critical classes precisely from the test data with 99.84% sensitivity of
Tuberculosis Infection.

Having attained the severity levels of Tuberculosis and Respiratory Tract Infections ranging from asymptomatic,
mild, moderate, severe, and critical, we intend to plot the chart for the loglikelihood graph for detecting
Tuberculosis and Respiratory Tract Infections; likelihood against loglikelihood graph for foreseeing Tuberculosis
and Respiratory Tract Infections and what's more discover the loglikelihood value for distinguishing Tuberculosis
and Respiratory Tract Infections; and prediction exactness of the BBN model which will be discussed in figure
11 and 12 beneath.

Figure 11 shows the loglikelihood chart for detecting Tuberculosis and Respiratory Tract Infections.
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Figure 11. Loglikelihood Chart for Detecting Tuberculosis and Respiratory Tract Infections.

This loglikelihood graph for detecting Tuberculosis and Respiratory Tract Infections shows residual values on the
Y-axis plotted against the loglikelihood values on the X-axis which are independent variables. Be that as it may,
aresidual value is a degree of how much a regression line perpendicularly fails a data spot. In essence, regression
lines are the principal assault of tons of data. The lines are ordered as midpoints; conversely, a few data spots will
match the line and others will fall short of hitting the spot. In this graph, it shows that 100 experimental cases
achieved estimation of 62,61.35,61.28,61.24,61.22,61.20,60.19,60.16,60.13,60.11,60.09,60.....56.24 and 56
respectively.
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On the other hand, residual values should be equally and intuitively isolated around the level lines. Taking a
standpoint on the system' experimental results regards acquired from the even lines on the outline, it might be
seen that where the uppermost residual value and the loglikelihood independent factor accomplished congregates
at-61.61 on horizontal line with 64 being the most vital value that can be reached on the vertical line. The residual
value achieved is 62 and loglikelihood independent esteem is -61.61, the differentiation between the two
characteristics is 0.39 which is the complexity between the estimations of the prediction outcomes and unique test
data of 100% in figure 5.

Consequently, the attained Loglikelihood value for recognizing Tuberculosis, Respiratory Tract Infections and
their manifestations is 62.

Figure 12 shows the likelihood against loglikelihood for predicting Tuberculosis, Respiratory Tract Infections
with its symptoms of the designed BBN model in figure 3.

8 Data plot o | B it
Plat of 100 case(s)
1 LJ . ] J n
L
1 3 . ¥ .
n |
DB " | ] [ ] n
L | ]
06 !
' |
:§ s L ] ] L 1 1
04 -
| 1 *
02 = : . ’
[ | ] L] .
M ] " L . 'l
N § S | A A
LogLikelihood

Figure 12. The Likelihood against the Loglikelihood Graph for Predicting Tuberculosis, Respiratory Tract Infections with Their
Manifestations

This likelihood against loglikelihood plot for Tuberculosis, Respiratory Tract Infections and their manifestations
shows the residual (likelihood) on the Y-axis plotted against the Loglikelihood on the X-axis both of which are
independent variables. However, the likelihood of events (Predicting Tuberculosis and Respiratory Tract
Infections) occurring are probabilistic values placed between 0 and 1. In this plot, 100 exploratory cases were
conducted which achieved the estimations of 0.9998, 0.9997, 0.9996, 0.9994, 0.9992, 0.9990, 0.8998,
0.8995,.....0.0001,0 individually. Moreover, residual (likelihood) values ought to be reliably and randomly stretch
around the level lines. Essentially, viewing the system' exploratory results obtained from the level lines on the
diagram, it will in general be seen that the residual probability value attained is 0.9998 and loglikelihood
independent value is —61.16.

Consequently, in this system, the most essential likelihood esteem that can be attained is 1. With 1, being the 100
% residual (probability) rate mark, to get our exactness precision rate, we divide attained likelihood probability
esteem by highest likelihood value that can be attained and increase by most imperative residual mark, that is
0.9998/1*100% = 99.98% forecast exactness rate on the test data.

Besides, the likelihood graphs in figure 9, 10 showcased all classes of severity status of lung diseases, upper
respiratory tract infections, lower respiratory tract Infections and symptoms prompting respiratory tract infections,
mycobaterium tuberculosis bacteria, latent tuberculosis, active tuberculosis and its symptoms prompting
tuberculosis infection ranging from asymptomatic, mild, moderate, severe, and critical classes independently with
their probabilities while figure 11 demonstrated the system loglikelihood estimation of 62 for distinguishing
tuberculosis, respiratory tract infections and their manifestations while the likelihood against loglikelihood
anticipation plot of tuberculosis, respiratory tract infections and their manifestations in figure 12 ascertained a
99.98% forecast precision of the system.
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Nevertheless, the likelihood given evidence of Lung Diseases, Upper Respiratory Tract Infections, Lower
Respiratory Tract Infections and Symptoms Prompting Respiratory Tract Infections is denoted as:

P(Respiratory Tract Infections| Active Tuberculosis, Adult-Onset Asthma, Allergic Asthma, Angina, Asthma,
Asthma-COPD Opverlap, Breathlessness, Bronchitis, Chills, Chronic Obstructive Pulmonary Disease (COPD),
Cough, Emphysema, Fatigue, Fever, Hemoptysis, Influenza, Laryngitis, Latent Tuberculosis, Loss of Appetite,
Lower Respiratory Infections, Lung Abscess, Lung Cancer, Lung Nodules, Metastatic Lung Cancer, Migraine,
Muscle Pain, Mycobaterium Tuberculosis Bacteria, Nausea, Night Sweats, Non-Allergic Asthma, Non-Small
Cell Lung Cancer, Occupational Asthma, Pertussis, Phlegm, Pneumonia, Respiratory Tract Infections (RTIs),
Runny Nose, Severe Angina, Sinus Infection, Small Cell Lung Cancer, Sneezing, Sore Throat, Stable Angina,
Swine Flu, Tonsillitis, Tuberculosis, Unstable Angina, Upper Respiratory Infections, Variant Angina Pectoris,
Weakness, Weight Loss and Wheezing) = 0.99960807117418.

The likelihood given evidence of Mycobaterium Tuberculosis Bacteria, Latent Tuberculosis, Active Tuberculosis
and Its Symptoms Prompting Tuberculosis Infection is denoted as:

P(Tuberculosis| Active Tuberculosis, Adult-Onset Asthma, Allergic Asthma, Angina, Asthma, Asthma-COPD
Overlap, Breathlessness, Bronchitis, Chills, Chronic Obstructive Pulmonary Disease (COPD), Cough,
Emphysema, Fatigue, Fever, Hemoptysis, Influenza, Laryngitis, Latent Tuberculosis, Loss of Appetite, Lower
Respiratory Infections, Migraine, Muscle Pain, Mycobaterium Tuberculosis Bacteria, Nausea, Night Sweats,
Non-Allergic Asthma, Occupational Asthma, Pertussis, Phlegm, Pneumonia, Respiratory Tract Infections (RTIs),
Runny Nose, Severe Angina, Sinus Infection, Sneezing, Sore Throat, Stable Angina, Swine Flu, Tonsillitis,
Unstable Angina, Upper Respiratory Infections, Variant Angina Pectoris, Weakness, Weight Loss and Wheezing)
=0.998456160976597.

From the test, it will in general be viewed that our model has a higher residual loglikelihood value which is 62;
on the whole, a prediction precision of 99.98%; 99.84% and 99.96% sensitivity of Tuberculosis and Respiratory
Tract Infections in that order.

In the end, comparing the 99.98% prediction exactness of our model with the works conducted by [7,
8,9,10,11,12,14,15, 16,17, 18, 19 and 20] which has less than 99.58 % prediction exactness individually; it is clear
our model has a superior prediction precision than the aforementioned systems. The higher forecast exactness
achieved by our model could be a direct result of the range of the dataset used in training and testing the model
similarly as its ability to foresee the covering symptoms of tuberculosis and respiratory tract infections, which
assisted in the high recognition exactness of the aforementioned diseases.

V. CONCLUSION AND FUTURE SCOPE

Tuberculosis (TB) is a life threatening communicable disease caused by Mycobacterium Tuberculosis (MTB)
which usually influences the lungs, hence interrupting its function of regulating the inhaling of oxygen and
exhaling of carbon dioxide. Nonetheless, the Mycobacterium Tuberculosis (MTB) is transmitted from one
individual to another via aerosols (miniature respiratory droplets) expelled from the human body into the air
through coughs and sneezes from symptomatic patients. The TB Infection has potentials of affecting other organs
of the human body such as liver, kidney just to a name a few which are at risk due to its spread.

Owing to the widespread of the TB infection, In time past, several systems have been utilized in diagnosing
Tuberculosis and Respiratory Tract Infections with the solitary aim of curbing the untimely deaths of patients due
to late diagnosis and misdiagnosis of the aforesaid diseases an area health and Information Technology experts
are making remarkable attempts to enhance.

In this paper, we used an Al strategy called Bayesian Belief Network to predict Tuberculosis, Respiratory Tract
Infections and their manifestations. The model had 52 nodes with each node addressing a select ailment and factors
that influence diagnosis of Tuberculosis, Respiratory Tract Infections and their side effects. The model was trained
and tested and had a general prediction accuracy of 99.98% and a loglikelihood estimation of 62 in predicting
Tuberculosis, Respiratory Tract Infections with their side effects; 99.84% and 99.96% sensitivity of Tuberculosis
and Respiratory Tract Infections in a that order.

We can surmise that the acquired results exhibited the learning capacity of the BBN model, despite the fact that
the data utilized can be improved significantly. In this paper, we concentrated on the symptoms of Tuberculosis
and Respiratory Tract Infections which supported the model' inference mechanism for early diagnosis of the
aforementioned maladies.

For future works, there is need to incorporate more data inclined by the infection in other to improve the prescient
and derive optimal outcomes which will be utilized and lead to improvement in the accompanying areas: forecast
and classification of Tuberculosis and Respiratory Tract Infections.
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