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ABSTRACT

This project introduces a pioneering methodology to predict the progression of

tuberculosis (TB) and offer customized management strategies using sophisticated

deep learning techniques through gene sequences. By leveraging the insights of

gene sequences gleaned from resistance rates determined through analysis of the

rpoB gene, further project aims to construct an advanced AI model capable of

accurately determining TB stages. Moreover, this model will provide tailored

recommendations for precautions and dietary plans, enhancing the precision and

effectiveness of TB management. Through the integration of genetic data analysis

and cutting-edge AI algorithms, the project aspires to empower healthcare

professionals with the tools to deliver personalized interventions. This personalized

approach not only optimizes patient outcomes but also contributes to broader public

health initiatives aimed at combating TB. By revolutionizing TB management through

early intervention strategies and personalized care, this innovative approach holds

immense promise in improving the health and well-being of individuals affected by TB,

ultimately leading to a significant reduction in the global burden of the disease.
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CHAPTER 1
INTRODUCTION

1.1 Background :
Tuberculosis, a highly contagious disease caused by the bacterium Mycobacterium

tuberculosis, has a rich and extensive history that can be traced back to ancient

times. It has been a persistent and lethal ailment throughout the ages. In the late 19th

century, the renowned scientist Robert Koch made a groundbreaking discovery by

identifying the specific bacterium responsible for tuberculosis. This pivotal finding laid

the foundation for comprehending the disease and paved the way for the

development of effective treatments.(Barberis et.al.,2017)The 20th century witnessed

remarkable advancements in the control of tuberculosis. In the 1920s, the BCG

vaccine was introduced, providing a significant breakthrough in preventing the spread

of the disease.(Luca, et al.,2013.) Additionally, the discovery of antibiotics like

streptomycin in the 1940s revolutionized the treatment of tuberculosis, offering hope

to countless individuals afflicted by this debilitating illness.(Muteeb et al ., 2023).

Despite these significant achievements, tuberculosis continues to pose a grave threat

to global health, particularly in impoverished regions where access to healthcare is

limited.The challenges faced in combating tuberculosis have been further

compounded by the emergence of drug-resistant strains and the devastating

HIV/AIDS pandemic. Drug-resistant tuberculosis strains have proven to be more

difficult to treat, requiring prolonged and complex treatment regimens. The

co-infection of tuberculosis and HIV/AIDS has also presented a formidable obstacle,

as individuals with compromised immune systems are more susceptible to developing

active tuberculosis.(Bloom, B. R.. et al.,2017) This intersection of diseases has
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created a complex web of challenges for healthcare systems worldwide.In the present

day, tuberculosis remains a pressing global health concern.(Dheda et al., 2022) The

World Health Organization has set ambitious goals for the elimination of tuberculosis

by 2035, emphasizing the urgent need for concerted efforts to address this

issue.(Birhanu Ayenew et al.,2024)‌Overcoming obstacles such as funding shortages

and deficiencies in healthcare infrastructure is of paramount importance in the fight

against tuberculosis. By allocating adequate resources, implementing effective

prevention strategies, and strengthening healthcare systems, it is possible to make

significant progress towards eliminating tuberculosis as a major public health

threat.(Thakur et al.,2021).

1.2 STAGES:

1.2.1 Exposure and Infection : Inhaling Mycobacterium tuberculosis from an infected

individual, who usually carries the bacteria, can lead to the development of a

tuberculosis infection. Although the body's immune system may effectively control the

bacteria, there is still a chance for the bacteria to become dormant and result in a

latent tuberculosis infection (LTBI).

1.2.2 Latent tuberculosis infection (LTBI): It occurs when TB bacteria are in the

body but are controlled by the immune system, causing no symptoms. While it is not

dangerous, if the immune system weakens and the bacteria become active, it can

progress to active tuberculosis.It can lead to the development of active tuberculosis.

In cases of latent tuberculosis infection (LTBI), TB bacteria are present in the body but

are suppressed by the immune system.While it is not transmissible, if the immune

system weakens, it can progress to active tuberculosis.
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1.2.3 Active tuberculosis disease: It occurs when the immune system fails to

control the TB germs, leading to symptoms such as fever, night sweats, weight loss,

fatigue, and coughing up blood. It can affect various parts of the body, including the

lungs and other organs, known as extrapulmonary tuberculosis (Jagielski et al.,2016)

1.3 Types

1.3.1 .Pulmonary TB: The common form of tuberculosis (TB) attacks the lungs,

resulting in fever, night sweats, exhaustion, weight loss, blood or sputum coughing,

and a persistent cough.(Luies et al.,2020)

1.3.2 Extrapulmonary tuberculosis (TB): Extrapulmonary Tuberculosis refers to

tuberculosis that affects parts of the body other than the lungs. Some common types

of extrapulmonary TB include Tuberculous lymphadenitis, which is TB infection of the

lymph nodes, Tuberculous meningitis, which is TB infection of the membranes

surrounding the brain and spinal cord, Skeletal tuberculosis, which is TB infection of

the bones and joints, Genitourinary tuberculosis, which is TB infection of the kidneys,

bladder, and reproductive organs, and Gastrointestinal tuberculosis, which is TB

infection of the gastrointestinal tract, including the intestines and abdomen.(Lee J. Y.

(2015)

1.3.3 Drug resistant tuberculosis: There is a possibility for resistance to develop

against one or more antibiotics that are commonly used to treat different types of

infections. For instance, there is

● multidrug-resistant TB (MDR-TB) which is resistant to at least two of the most

powerful first-line drugs.

● drug-resistant TB (XDR-TB) which is resistant to isoniazid and rifampicin, as

well as fluoroquinolones and at least one of the injectable second-line drugs

● total drug-resistant TB (TDR-TB), which is extremely rare but refers to strains

of tuberculosis that are resistant to all available drugs for tuberculosis.
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1.3.4. Military tuberculosis (TB): Military Tuberculosis is a type of tuberculosis

where the TB bacteria spread through the bloodstream and cause small lesions

resembling millet seeds in various organs of the body, including the lungs and

gastrointestinal tract.

1.3.5 Latent tuberculosis infection (LBTI) : In this kind of TB their immune system

may deteriorate and they may acquire active tuberculosis even though they do not

exhibit any outward signs of the disease.(Liebenberg, D et al.,2022).

1.4 TREATMENTS

1.4.1 Standard-first line drugs : TB treatment relies on the use of four crucial drugs:

Isoniazid, Rifampicin, Pyrazinamide, and Ethambutol. Each drug plays a unique role

in combating the disease.

● Isoniazid(INH) works by blocking the synthesis of mycolic acid, which is an

essential component of the TB bacteria's cell wall.

● Rifampicin(RIF) on the other hand, hinders the replication of RNA, preventing

the bacteria from multiplying.

● Pyrazinamide(PZA) destroys the metabolic processes of the bacteria,

weakening its ability to survive and reproduce.

● Ethambutol(EMB) targets the cell wall components of the mycobacteria,

inhibiting their growth. These drugs are commonly managed together as a

combination therapy to effectively fight against TB.(Mayo Clinic. (2023).

4



1.4.2 Combination Therapy

The standard therapy for drug-susceptible TB typically lasts between six to nine

months and includes a combination of INH, RIF, PZA, and EMB. By using a

combination of drugs, the therapy aims to prevent the development of resistant strains

of tuberculosis by attacking the bacteria at different points in their growth cycle.

Isoniazid (INH) is a first-line medication that is highly effective in killing and actively

dividing tuberculosis bacteria. It works by inhibiting the synthesis of mycolic acids,

which are essential components of the bacteria's cell wall. By disrupting the cell wall

formation, INH effectively kills the bacteria and prevents their replication.

Rifampin (RIF) is another key component of the tuberculosis treatment regimen. It

targets the bacteria during both the active and dormant phases of their growth cycle.

RIF works by inhibiting the synthesis of RNA, a crucial step in the bacteria's protein

production. By disrupting this process, RIF effectively kills the bacteria and prevents

them from multiplying.

Pyrazinamide (PZA) is a medication that specifically targets the dormant bacteria,

which are often found in the body's immune cells. PZA is converted into pyrazinoic

acid inside the bacteria, which then disrupts their energy production and kills them.

This drug is particularly effective against the dormant bacteria, which are often more

resistant to other medications.

Ethambutol (EMB) is the final component of the tuberculosis treatment regimen. It

works by inhibiting the synthesis of arabinogalactan, a key component of the

bacteria's cell wall. By disrupting the cell wall formation, EMB effectively kills the

bacteria and prevents their replication.(Costa-Gouveia et al.,2017)

1.4.3 Directly Observed Therapy (DOT)

One of the most important strategies in the fight against tuberculosis (TB) is Directly

Observed Therapy (DOT), which makes sure patients follow their treatment plans. In

order to lower the chance of treatment failure, medical professionals or trained
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observers watch patients when they take their medications. Additionally, DOT permits

routine patient progress monitoring, which enables medical professionals to act

quickly. Additionally, it gives patients information and support, enabling them to

comprehend the end of their therapy and take charge of their health. By removing

obstacles to adherence and providing flexibility, DOT promotes improved treatment

results and slows the spread of tuberculosis in local communities. It is essential to the

worldwide fight against tuberculosis because it lowers transmission rates and

improves patient outcomes.(Karumbi et al.,2015)

1.4.4 Shorten Regimens

The duration of 4 to 6 months is necessary to ensure that all the bacteria are

completely eradicated from the body. Tuberculosis is caused by a slow-growing

bacteria, and it takes time for the medication to effectively kill off all the bacteria and

prevent a relapse. Incorporating more recent medications such as rifampicin and

moxifloxacin into the treatment regimens has been shown to improve treatment

outcomes. These medications have a higher potency and are effective against

drug-resistant strains of tuberculosis. By combining them with the traditional first-line

drugs, the treatment protocols can effectively target a wider range of bacteria and

increase the chances of successful treatment.( CDCTB et al 2022,).

1.4.5 Drug-resistant tuberculosis:

Comprehensive treatment plans are necessary, which often include the use of

second-line medications that are more toxic and less effective compared to the initial

drugs. The treatment duration can be quite long, ranging from 18 to 24 months, and

typically involves the administration of injectable medications like kanamycin or

capreomycin, in addition to oral drugs. It is crucial to adjust the treatment based on

the results of drug susceptibility testing, as this helps determine the most suitable

regimen for each patient. In some cases, newer medications such as bedaquiline and

delamanid may be considered as potential additions to the treatment plan.
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1.4.6 Adjunctive therapies

Effective treatment for tuberculosis should involve additional treatments like managing

side effects of medication, treating other health conditions such as HIV, and offering

nutritional support.

1.5 Complications

Side effects from TB treatment include skin rashes, nausea, upset stomach, itchy

skin, yellow eyes or skin, and black urine. Talk about these with your healthcare

professional because some of them can point to liver disease.(Mase, S. R., & Chorba,

T. 2019).

1.5.1 Improvement in symptoms after the start of treatment for active
tuberculosis

Increased energy and a reduction in symptoms may take weeks to manifest at first,

but therapy will be more involved and medication will be needed for at least six to nine

months.
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1.6 Mortality rate

(Pathak et al.,2021)

Fig 1.1 mortality rate of tuberculosis

India had an estimated 2.95 million people infected with TB in 2021, in comparison to

2.59 million people in 2020. The incidence rate of TB in 2021 is estimated to be 210

per 100K people, up from 188 per 100K people in 2020.In 2021, 1.96 million

incidences of new and relapsed cases were notified, 20.6% less than in 2020. Of the

total new notifications in 2021, 57% were men and 37% were women. Children under

4.36 lakh TB accidental deaths in India in 2020 raised serious concerns about public

health, but since 2023, there has been a significant fall to 3.31 lakh deaths, maybe as

a result of better access to diagnosis and treatment.India's death rate from

tuberculosis reduced from 36% in 2020 to 26% in 2023, which is a favorable change

but yet shows the need for constant attention to the illness.Even though the number

of drug-resistant TB infections has slightly decreased, it has remained consistent at

1.10 lakh cases in 2023, a serious concern prior to the epidemic. In 2020, India

accounted for 27% of all drug-resistant tuberculosis cases worldwide, underscoring

the importance of effective control strategies. The TB rate stays at 27%, underscoring
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the ongoing difficulty of treating drug-resistant strains of the disease and the necessity

of ongoing efforts.

1.7 Survival rate

Fig 1.2 Success rate of tuberculosis ( Reported TB in the US
2020 | Data & Statistics | TB | CDC. (2023)

Fig 1.3 Burden of tuberculosis (Vinod kumar , 2023)
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In India, survival rates for drug-sensitive tuberculosis are high, with over 90% of

patients surviving with proper care. However, survival rates for drug-resistant

tuberculosis are much lower, ranging from 50% to 60% or even lower, especially for

multi-drug resistant and extensively drug-resistant cases. Factors such as patient

health, access to healthcare, and treatment adherence influence survival rates. To

obtain accurate statistics, consult recent studies and data from Indian authorities and

healthcare organizations. These sources provide up-to-date information on the

challenges of combating drug-resistant tuberculosis in India.

Fig 1.4 Death percentage of TB cases in US (center for disease control
prediction .,2020)

In 2018, 801 fatalities from tuberculosis (TB) accounted for 8.9% of all deaths.

Of these, TB illness was blamed for 35%. With 604 individuals passing away

during therapy and 197 dying upon diagnosis, there were more deaths than in

prior years. The death rate stays at the same percentage.
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( Ravichandra ,2022)

Fig 1.5 estimated death rates of TB IN INDIA and GLOBALLY

There is cause for concern over the incidence and death rate of tuberculosis (TB)

worldwide, especially in India. India has an incidence rate of 188 cases per 100,000

people, or 2.59 million new cases, greater than the global average. India has more

TB-related mortality than any other country in the world, with 493,000 deaths from the

disease (apart from HIV) per 100,000 people. There are roughly 53,000 cases of

HIV-TB co-infection, or 3.8 cases per 100,000 people, and 787,000 cases of TB plus

HIV co-infection, or 10 cases per 100,000 people. An estimated 214,000 people with

co-infections of HIV and TB passed away from the illness, or 2.7 fatalities per 100,000

people. An estimated 11,000 deaths in India were attributed to co-infection with HIV

and tuberculosis, or 0.78 deaths per 100,000 people.
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CHAPTER 2

REVIEW OF LITERATURE

The primary purpose of a literature review is to provide a comprehensive

understanding of the existing knowledge on a particular topic or subject. It helps to

identify gaps in the current knowledge, highlight areas for further research, and

establish a theoretical framework for the study.A literature review typically involves a

thorough search of relevant literature and research databases, followed by a careful

analysis of the findings. The review may be conducted as part of a larger research

project, or as a standalone piece of work, such as a dissertation or thesis.

The following are the various references reviewed for the purpose of the current

study.

Carter JJ et al.(2024) In the year 2021, there were a staggering 10.6 million newly

reported cases of Mycobacterium tuberculosis, which is considered to be the oldest

known human pathogen. Unfortunately, this resulted in a devastating 1.6 million

deaths. In light of this alarming situation, scientists have been diligently conducting

research to combat this disease by studying genetic variations in specific genes such

as rpoB and katG/fabG1. The aim of this research is to identify drug resistance

patterns and develop effective treatment strategies.To further enhance their

understanding, scientists have utilized a Train/Test dataset that encompasses a

comprehensive range of genetic variations in the pncA gene. Interestingly, mutations

have been observed in almost every codon of this gene, with only one exception. This

dataset has proven to be invaluable in shedding light on the genetic makeup of the

disease and its potential resistance to drugs.In addition to the Train/Test dataset, the

CRyPTIC dataset has also played a crucial role in this research. Analysis of this

dataset has revealed that approximately 14.7% of the samples exhibited resistance to

pyrazinamide, a commonly used drug for tuberculosis treatment. This amounts to a

12



staggering 3351 samples. Furthermore, the dataset also identified 6851 samples with

genetic variants in the pncA gene. It is worth noting that the majority of these samples

displayed a single genetic variant, primarily in the form of substitutions. However,

some samples exhibited more complex genetic alterations such as insertions,

deletions, and frameshifts, which are associated with drug resistance.The information

derived from these datasets has proven to be invaluable in the development of more

effective treatment strategies for Mycobacterium tuberculosis. By understanding the

genetic variations and drug resistance patterns, scientists can tailor treatment plans to

target specific genetic mutations, ultimately improving patient outcomes and reducing

the global burden of this ancient pathogen.

Jamal et al.(2020) , The current study anticipates the emergence of novel mutations

that can either render tuberculosis-causing genes resistant or susceptible to the

disease, through the utilization of artificial intelligence (AI) and machine learning (ML)

techniques. This approach involves a thorough examination of the structural and

sequential characteristics of these mutations within the genes. The models employed

in this research exhibited an average accuracy rate of approximately 70%, with

artificial neural networks (ANN) demonstrating the most optimal performance during

cross-validation procedures. During the testing phase, the mutations were

successfully categorized as either resistant or susceptible, achieving accuracy levels

that ranged from 66.66% to a perfect score of 100%.

Singh et al.(2019). The research focuses on analyzing the occurrence and mortality

rates of tuberculosis in India over the past three decades. The emergence of

drug-resistant tuberculosis has become a significant challenge in the efforts to

combat and control the disease. Specifically, in 2017, a staggering 82% of the

558,000 new cases of TB that were resistant to rifampicin developed

multidrug-resistant TB (MDR-TB). This comprehensive overview encompasses the

latest information on drug resistance mechanisms, newly developed or repurposed

anti-TB medications, and global guidelines for effectively managing MDR-TB. The
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aim is to enhance our understanding of drug resistance in order to improve the

efficacy of TB treatment and clinical care, drawing upon contemporary literature and

the guidance provided by the World Health Organization (WHO).

D L Williams et al.(1998) The rpoB gene of M. tuberculosis H37Rv experienced

mutations that caused cross-resistance to all rifamycins examined, with the exception

of KRM-1648 and rifabutin resistance. To gain a better understanding of how these

mutations affect rifampin resistance, in vitro mutagenesis was employed. Through this

process, it was discovered that specific mutations in M. tuberculosis clones exhibited

a significant level of resistance to all tested rifamycins, except for a mutation at codon

516. Consequently, mutations in the rpoB gene of M. tuberculosis H37Rv resulted in

cross-resistance to all rifamycins studied, except for KRM-1648 and rifabutin

resistance. Further investigation through in vitro mutagenesis demonstrated that

certain mutations in M. tuberculosis clones conferred a high level of resistance to all

rifamycins, except for a mutation at codon 516.

Anastasia A Theodosiou et al(2023)1. In the analysis of 1617 PubMed results focus

primarily on research that utilizes real-world data and has clinical validation and

translational potential. Specifically, we are interested in studies related to drug

development and microbiome-based therapies. However, we have observed that the

majority of research lacks measures of clinical usefulness or real-world validation,

even though there is great potential for AI in laboratory diagnostics, imaging analysis,

clinical decision support systems, and public health epidemic management. One of

the challenges we have encountered is the lack of comparability due to variations in

study design and reporting. Additionally, there are ethical and practical issues such as

bias and algorithm transparency that need to be addressed in order to fully harness

the benefits of these research findings.

Thi Binh et al.(2023) This is an investigation conducted to analyze the occurrence of

rifampicin and/or isoniazid resistance among individuals suspected of having

tuberculosis (TB). Among the 468 isolates examined, 22 (22.6%) showed resistance
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to either one or both of the antibiotics. Interestingly, the majority of the resistant cases

(69.8%) were resistant to isoniazid alone, with a small percentage (0.94%) being

resistant to rifampicin exclusively. The mutations most commonly observed were

located at codons 531, 526, and 516, indicating a pattern in resistance development.

Various techniques were employed to efficiently identify drug-resistant TB strains,

aiding in prompt diagnosis and treatment.

ArchanaSinghBhadauria et al.(2023) An investigation into the impact of isolation on

the reduction of TB cases in India from 2015 to 2035 was conducted using a SIQR

mathematical model to analyze the dynamics of TB. The main objective of the

research was to assess whether the target of eradicating TB by 2025 is achievable

with the current interventions in place and how isolation measures can contribute to

reducing secondary transmission.It was observed that India lacks a specific policy for

isolating highly contagious MDR-TB patients, possibly due to the fact that a significant

portion of MDR-TB cases come from socially disadvantaged groups. To effectively

combat the spread of the disease, it is crucial to implement measures that separate

MDR-TB patients while still respecting their rights and minimizing any potential

violations.The mathematical model suggests that isolating just half of the MDR-TB

cases could lead to a significant decline in both TB and MDR-TB incidences by 2025,

assuming that treatment success rates are maintained at a consistent level. This

highlights the importance of implementing isolation measures as part of a

comprehensive strategy to achieve the goal of TB eradication in India.

Vahid Lohrasbi et al.(2018)A major global health concern, tuberculosis (TB) accounts

for about 10 million active cases and 1.5 million TB-related deaths annually. With

most of their mechanisms of action understood, novel anti-TB medications are now

undergoing preclinical and clinical testing. The FDA recently approved the use of

BDQ to treat adult patients with MDR-MTB strains of pulmonary tuberculosis. MH, VL,

and DDS started this study, and all of the authors revised and polished the final drafts.
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Melanie Grobbelaar et al.(2019) In this article we study that the major medication

used in multidrug TB therapy is rifampicin; due to cost and toxicity concerns,

recommended doses have not changed in 40 years. High-dose rifampicin may

decrease treatment duration and lower relapse rates, according to recent research.

Regarding its effect on the metabolism of other common anti-TB and anti-HIV

medications, there are still unanswered concerns.

Ahmed Aliyu Abulfathi et al(2019)This study examines the pharmacokinetics and

pharmacodynamics of rifampicin in adults at different dosages, emphasizing factors

that influence its efficacy. Rifampicin exposure can be impacted by a number of

factors, including diabetes, hepatic cirrhosis, pharmacogenetic polymorphisms,

malnourishment, HIV infection, dose size, and subpar medications. The

pharmacokinetics of rifampicin at a dose of 600 mg are unaffected by renal

impairment. Sterilizing activity is predicted by a rifampicin maximum concentration >

8.2 μg/mL, and therapeutic drug monitoring can assist in maximizing dosage to reach

the advised concentration of ≥ 8 µg/mL.

Xutao Wang et al.(2023)This study suggests that utilizing well-known TB gene

signatures can be beneficial in predicting the likelihood of developing tuberculosis

(TB) and evaluating the effectiveness of treatment. This is especially helpful in

situations where existing models for predicting TB risk or treatment results are

challenging to use.To accomplish this, researchers have applied gene set enrichment

scoring to blood-based biomarker gene sets. This technique enables the accurate

differentiation between individuals with active TB disease and those with latent TB

infection.Gene set enrichment scoring entails examining the expression levels of

specific genes within a set of blood-based biomarkers. By comparing the gene

expression patterns in individuals with active TB disease and those with latent TB

infection, researchers can identify unique gene signatures associated with each

condition.These gene signatures can then be utilized to create predictive models that
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can effectively determine the risk of developing TB or evaluate the success of

treatment. By utilizing established TB gene signatures, researchers can overcome the

complexities of initial models that may be challenging to use.

The use of blood-based biomarkers in this study is advantageous as it provides a

non-invasive and easily accessible method for diagnosing and monitoring TB. By

analyzing gene expression patterns in blood samples, healthcare professionals can

promptly and accurately identify individuals at risk of developing active TB disease or

monitor treatment progress in those already infected.Overall, the incorporation of

established TB gene signatures and gene set enrichment scoring on blood-based

biomarker gene sets has proven to be a valuable strategy in predicting TB risk and

treatment outcomes. This research finding has the potential to significantly enhance

the diagnosis, management, and prevention of TB, ultimately leading to improved

health outcomes for individuals.

Thomas E Tavolara et al. (2021)In an experimentally infected cohort of Diversity

Outbred mice, this study highlights the potential of machine learning in diagnostic and

prognostic problems in computational histopathology by proposing a methodology

using machine learning to predict gene expression values from haematoxylin and

eosin whole-slide images to identify fulminant-like pulmonary tuberculosis.

Darya V Urusova et al.(2022)resistance to antibiotics A serious threat to public health,

enterococcus bacteria are a major source of nosocomial infections. Alterations in the

β subunit of RNA polymerase (rpoB) are associated with enterococci's resistance to

the antibiotic rifampicin (RifR). These mutations in Mycobacterium tuberculosis

change the production of lipids on the mycobacterial surface and the IL-1 cytokine

response in macrophages. If RifR mutations affect how other bacteria respond to their

hosts by producing cytokines, that is yet unknown. RifR mutations were found to

cause strong pro- and anti-inflammatory reactions in addition to reducing the

production of IL-1β cytokine, according to a study conducted with Enterococcus

17

https://pubmed.ncbi.nlm.nih.gov/?term=Tavolara+TE&cauthor_id=34000621
https://pubmed.ncbi.nlm.nih.gov/?term=Urusova+DV&cauthor_id=35030469


faecalis. The results imply that RifR bacteria share subversion of the IL-1R1 pathway

and that immunomodulation by rpoB mutations may be conserved across several

bacterial species.

Olifan Zewdie et al.(2020) The prevalence of tuberculosis detected with the

GeneXpert assay was reported to be 21.3% in a research involving 2300 suspected

patients. Of the confirmed patients, 25.9% had RIF-resistant tuberculosis (TB), a

noteworthy proportion. Rifampicin-resistant tuberculosis was substantially correlated

with patient category, age, sex, and MDR-TB contact. Compared to new patients,

relapse patients had a 20-fold increased risk of developing MDR-TB. The study

emphasizes how common rifampicin-resistant tuberculosis (TB) is across all age

groups and how better treatment is needed to reduce the number of MDR-TB

patients.

Raj N Yadav et al(2013)In a study comparing DST results utilizing LPA and LJ

methods on 242 MDR-TB suspects, it was discovered that, in contrast to the

traditional method, LPA detected MDR-TB in 66 of 68 cases, isoniazid (INH)

resistance in 86 of 93 cases, and rifampicin (RIF) resistance in 70 of 71 cases. In

terms of sensitivity and specificity for detecting RIF, INH, and MDR-TB, the LPA test

showed a 96% agreement with the traditional DST. With a 48-hour turnaround time,

the LPA test was extremely sensitive and specific for MDR-TB and offered an early

identification of monoresistance to isoniazid and rifampicin. Based on this, it appears

that in countries with large tuberculosis burdens, the LPA test may be helpful in the

early detection of drug-resistant TB.

Hooman H Rashidi et al(2021)Clinical applications frequently use machine learning

(ML), a potent technique for automated classification. Texts, photos, and quantitative

factors are all included in the input data used in the healthcare industry. The outputs

are either quantitative or class-based. For example, hematological digital morphology

analyzers such as CellaVision are examples of how machine learning (ML) has been
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applied to image classification jobs. When it comes to processing vast amounts of

data more efficiently than manual human differential counting, machine learning (ML)

algorithms are able to reliably assign IDs to distinct cell types based on previous

training on big data sets. As a result, the hematology laboratory experiences

significant efficiency gains because the majority of routine samples are not marked for

manual inspection.But morphologic evaluation still uses ML algorithms in a

conservative manner, serving as a prescreening tool for ML algorithms are used as

pre screening tools for cases that need human involvement, but their application in

morphologic evaluation is restricted. The first step in ML implementation can be to

combine human confirmation with feature extraction from ML models. When it comes

to categorization performance, trained machine learning algorithms might eventually

outperform humans as stand-alone agents with quality assurance oversight. However,

in practical clinical settings, obtaining strong performance and dependability continues

to be difficult.

Dibyahash Bordoloi et al.(2022) The study analyzes the integration of deep learning

(DL) and machine learning (ML) in healthcare systems for a range of applications,

such as detecting respiratory illnesses, cancer, diabetes, tumors, and

disease-discomfort detection, as well as averting pandemic breakouts. The ML/DL

models have proven to be capable of making clinical decisions under supervision and

have shown impressive performance in the Internet of Things (IoMT) network and

services. In order to extract meaningful information from the complex health data

produced by healthcare systems, such as medical imaging, wearable sensors and

ECG and EEG recordings, electronic health records, and medical images, machine

learning (ML) and deep learning (DL) are necessary. The study aims to generate

ideas for future implementation of ML and DL in other healthcare system aspects, but

does not cover the role of ML and DL in healthcare security

Mudassar Ali Khan et al(2022) The field of healthcare has witnessed a notable surge

in interest in the Internet of Things (IoT) in the past few years. This paper investigates
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IoMT authentication methods, examining strategies at various network layers,

including cloud, fog as well, and edge. It also looks at the function of identity in an

environment that uses IoMT. The results highlight the significance of IoT across a

number of industries and exhort the research community to concentrate on delivering

high-quality healthcare services using contemporary technologies.

Isabel Foster et al.(2023) According to surveys, at least one-third of people with tb

and their carers face internal, external, and expected stigma, which has an impact on

their participation throughout the care process. Participants from rural areas reported

more internal, external, and expected stigma. Experiences with stigma, particularly

HIV intersectional stigma, serve as roadblocks to care and serve as justification for

withholding a TB diagnosis. Understanding that TB can affect anyone and does not

reduce one's self-worth led to the emergence of stigma resilience. Stigma risks

resulted in care disengagement and decreased mental health. Participants wanted

community education and counseling.

Marty Chaplin et al .(2022) This study says that in two multicenter trials conducted in

high-burden countries for tuberculosis, a total of 1228 patients who were resistant to

multiple drugs or rifampicin were included. Additionally, one study focused on

medication resistance and involved 1141 individuals. The prevalence of rifampicin

resistance was found to be 47.9% and 80.9% among the subjects, respectively.

Although both pDST and gDST are considered to be more precise, there was a

significant risk of bias in the patient selection process for detecting ethionamide

resistance and tuberculosis.
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CHAPTER 3

AIM AND SCOPE OF THE STUDY

3.1 AIM

● Predicting tuberculosis disease by analyzing a gene sequence resistance

percentage towards drug rifampicin by rpoB gene

● Through the AI model we get which stage of tuberculosis and also the

precautions, diet plan should be taken by particular patient to overcome

tuberculosis disease

3.2 SCOPE

Obtain gene sequence data from databases, preprocess it to remove irrelevant

information and standardize the format, and extract relevant features for deep

learning models.Create a deep learning-based model to predict drug resistance in

tuberculosis using the rpoB gene sequence. Expand the model by incorporating

additional genetic markers to predict infection. Enhance interpretability with

explainable AI techniques.Use the model's predictions to generate personalized

treatment recommendations based on resistance percentage, infection status, patient

profiles, and tuberculosis stage. Provide comprehensive guidance on diet,

medication, and management strategy

3.3 FUTURE WORK

As this project aims to model healthcare for medical professionals. We can also focus

on creating a user-friendly experience, with streamlined input of gene sequences

through web or mobile applications. Which can provide treatment suggestions and

forecasts, aiding healthcare providers in making informed decisions for their patients.

Compatibility with various devices, easy accessibility, and simple navigation are

highlighted as essential aspects to ensure efficiency and effectiveness in healthcare
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CHAPTER 4

METHODOLOGY

4.1 GENE DATASETS

Gene datasets were downloaded from National Center for Biotechnology

Information(NCBI) and vast data was filtered in fasta format.

4.2 DATABASES

National Center for Biotechnology Information (NCBI)

https://www.ncbi.nlm.nih.gov/gene

We obtained a total of 11865 mycobacterium genes.Of these,1595 were derived from

adult patients while only 228 genes are associated with rifampicin drug resistance.

A wide range of analyses can be done within the database, such as the Expression of

mycobacterium tuberculosis genes, their Interactions, their regulation, and mutations

can be analyzed.

4.3 FILTERING THE GENES

A total of 228 genes were extracted from the database which are associated with

rifampicin drug resistance https://www.ncbi.nlm.nih.gov/gene

4.4 IDENTIFICATION OF rpoB GENE

The goal of this study is to collect sequences which include the rpoB gene, which is

an essential marker for treatment resistance and TB sickness.In this database we

found a few gene sequences which are associated with rpoB gene and also extracted

the gene sequences in fasta format. https://www.ncbi.nlm.nih.gov/gene

22

https://www.ncbi.nlm.nih.gov/gene
https://www.ncbi.nlm.nih.gov/gene
https://www.ncbi.nlm.nih.gov/gene


4.5 MODEL DEVELOPMENT

Developed a deep learning based model using framework PyTorch.Designed the

model architecture to process gene sequence data and predict drug resistance and

tuberculosis infection.Used unlabeled data to train the model.Use CNNs to capture

sequence patterns and to effectively learn sequence patterns Incorporate the

similarity percentage as an additional feature in the model to capture sequence

similarity to known drug-resistant sequences all these done in google colab.

https://colab.research.google.com/

4.6 PERSONALIZED TREATMENT RECOMMENDATIONS

Develop an AI model that can accurately predict drug resistance and tuberculosis

infection status, allowing for more personalized treatment recommendations. Design

algorithms that consider the similarity percentage to determine the likelihood of

medication resistance, enabling healthcare providers to make informed decisions

about the most effective treatment options. Provide tailored treatment plans, dietary

recommendations, and strategies for managing the illness based on the resistance

percentage, ensuring that patients receive the most appropriate care for their specific

needs.https://colab.research.google.com/

4.7 ETHICAL CONSIDERATIONS :

Regulations governing AI use must be followed by healthcare institutions to ensure

ethical and responsible use. These rules address the use of AI in medical

decision-making, patient consent, and patient data security. Healthcare professionals

can lower risks, safeguard patient privacy, and deliver high-quality care by following

these guidelines. By encouraging accountability and openness, this framework makes

sure that the application of AI complies with moral and legal requirements.
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CHAPTER 5

RESULTS AND DISCUSSION

RESULTS :

Genes from mycobacterium tuberculosis were given as input in FASTA format

individually into the deep learning model .the model visualize and analyze the gene

sequence with already incorporated rpoB gene and predict the drug resistance

percentage

Fig 5.1 Packages required for deep learning model

The project's goal is to use Python and OpenAI's AI models to create a bioinformatics

application inside of Google Colab. This platform offers a potent tool for bioinformatics

analysis and AI-driven decision assistance for researchers and healthcare

practitioners. It facilitates the effective analysis of genetic data and offers insights into

disease pathways.

For computational biology and bioinformatics applications, the Python Bio package,

sometimes referred to as Biopython, is a potent library. With its many modules and

features, it can handle biological data, carry out sequence analysis, work with

molecular structures, and much more. The Bio package's essential elements consist

of {Seq}, {SeqIO`, {pairwise2}, and {sequence}. Sequences can be manipulated and

analyzed because {Seq} represents biological sequences such as DNA, RNA, or

proteins. The `SeqIO` package makes it easier to read and write sequence data in a
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variety of file formats, including FASTA, GenBank, and FASTQ. Sequence data can

be imported from external databases or files by researchers, who can then use

Biopython's capability to change the data and export the results for additional analysis

or sharing. Tools for pairwise sequence alignments are provided by {pairwise2}.

Sequence alignments are necessary when comparing two sequences to find

similarities or differences. By aligning DNA, RNA, or protein sequences, researchers

can determine conserved areas, sequence variations, and evolutionary links using

pairwise2 tool

Fig 5.2 "analyzing Percentages with rpoB Gene in Tuberculosis Strains"

Here in place of sequence 1 we incorporated rpoB gene where we can find the

resistance percentage in labeled gene sequence

Type- Mycobacterium TB H37Rv; lineage - Bacteria, Actinobacteria,

Corynebacteriales, Mycobacteriaceae, Mycobacterium; Mycobacterium tuberculosis

25



complex; gene symbol: rpoB; DNA-directed RNA polymerase subunit beta; locus tag:

Rv0667.

In sequence 2 we incorporated another labeled gene where to find how much

resistance percentage towards rpoB gene. Which is taken from NCBI mycobacterium

tuberculosis with GENE ID NC_000962.3 with linear DNA containing 4411532 base

pairs.

Fig 5.3 "AI-Predicted Resistance Percentages for Precaution Optimization"

Fig 5.4 resistance percentage of sequence 1
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Fig 5.5 Optimizing Precautionary Measures Based on AI-Predicted Resistance
Percentages

Through a comparative analysis, a previously unidentified gene sequence was found

to be strongly associated with tuberculosis, as it exhibited 100% resistance in the

patient. This groundbreaking discovery not only enhanced our understanding of the

genetic factors behind tuberculosis but also opened up possibilities for targeted

treatments for this infectious disease. By utilizing an advanced Artificial Intelligence

model, we were able to extract crucial information regarding the necessary

precautions and medications for the patient's recovery and overall well-being. This

state-of-the-art AI model, equipped with sophisticated algorithms and extensive

medical data, analyzed the patient's genetic profile, medical history, and other

relevant factors to generate personalized treatment and care recommendations.

Moreover, the AI model demonstrated an exceptional ability to predict the stage of

tuberculosis that the patient was in. By analyzing various clinical indicators, such as

specific biomarkers, radiological findings, and symptoms, the model accurately

determined whether the patient was in the early, intermediate, or advanced stage of

tuberculosis. This groundbreaking predictive capability not only allowed for timely
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intervention and appropriate treatment strategies but also improved patient outcomes

and optimized the allocation of healthcare resources.

In conclusion, the integration of genetic analysis and Artificial Intelligence has

revolutionized our understanding and management of tuberculosis. By uncovering the

genetic basis of resistance and utilizing AI models to provide personalized treatment

recommendations, we have made significant strides in combating this infectious

disease.

Fig 5.6 Unveiling the Neural Network: Exploring Deep Learning Potential
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The gene sequence of mycobacterium tuberculosis rpoB gene, which has a locus ID

CP025606, is aligned with another strain's gene sequence. This particular strain

contains a circular DNA with a total of 4,411,446 base pairs. The purpose of aligning

these sequences is to calculate the resistance percentage between the standard rpoB

gene sequence and the other strain's sequence.

Fig 5.7 Optimizing Precautionary Measures Based on AI-Predicted
Resistance Percentages
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Fig 5.8 resistance percentage for sequence 2

Fig 5.9 precautions for sequence 2

A different gene sequence, without any label, has been aligned with a labeled gene

sequence of mycobacterium tuberculosis that is linked to the rpoB gene. Through this

alignment, we have determined that the unlabeled gene sequence exhibits a 22%

resistance percentage. This indicates that the specific gene of the unidentified patient

is associated with tuberculosis disease. By utilizing an Artificial Intelligence model, we

have extracted valuable information regarding the precautions and medications that

should be taken by the patient in order to recover and lead a normal, healthy life.

Additionally, the model is capable of predicting the stage of tuberculosis that the

patient is currently suffering from. This comprehensive analysis aids in providing

personalized and effective treatment strategies for tuberculosis patients.
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fig 5.10 visualizing deep learning

In this study, I compared the complete sequence of the 16S ribosomal RNA of

Mycobacterium tuberculosis H37Rv with a standard rpoB gene sequence in order to

determine the level of resistance between the two sequences.

.

Fig 5.11 resistance percentage for sequence 3

31



After aligning the both the sequence I got percentage of 32 where we can conclude

that tuberculosis is affected about 32% as this is early stage, by taking certain

precautions it can be curable

Fig 5.12 Optimizing precautionary measures based on AI-model
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Fig 5.13 precautions for sequence 3

This research focuses on the analysis of mutations in the rpoB gene in

Mycobacterium tuberculosis, which is a common cause of tuberculosis (TB). The

findings reveal a resistance percentage of 32%, indicating a high likelihood of

resistance to multiple TB drugs. To address this issue, an AI model has been

developed to analyze genetic data and provide personalized recommendations for

individuals with a 32% resistance to the rpoB gene. These recommendations

encompass a wide range of TB management strategies, aiming to optimize treatment

outcomes and minimize the occurrence of complications.In addition to the standard

medication regimens, the AI model suggests incorporating dietary advice, preventive

interventions, lifestyle adjustments, and regular follow-up sessions. By considering a

patient's genetic susceptibility, the AI model proposes tailored treatment plans or

combinations of antibiotics that are unique to each individual. Furthermore, lifestyle

modifications such as abstaining from alcohol and quitting smoking are strongly

advised as part of the comprehensive approach to TB management. These measures

aim to enhance the effectiveness of treatment and improve overall health outcomes

for patients with TB.
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CHAPTER 6
SUMMARY AND CONCLUSIONS

6.1 Summary

The study analyzed gene sequences from databases like NCBI and GenBank to

predict Mycobacterium tuberculosis (TB) resistance using deep learning. It was

deduced that the rpoB gene was connected to rifampicin resistance. Resistance

percentages were inferred using the similarity percentage between known and

unknown resistant sequences. Based on resistance profiles, an AI model was created

to deliver individualized insights to tuberculosis patients. These insights included

suggestions for diet regimens, drugs, and disease stages. The goal of this strategy is

to enhance patient care and treatment effectiveness.Furthermore, the research also

analyzed the genetic variations in the rpoB gene that were associated with resistance

to other antibiotics commonly used to treat TB, such as isoniazid and ethambutol. By

identifying these genetic markers, healthcare providers can tailor treatment plans to

individual patients based on their genetic predisposition to resistance.In addition, the

AI model developed in this study has the potential to revolutionize the way TB

patients are treated by providing personalized recommendations that take into

account not only genetic factors but also lifestyle and environmental factors that may

impact treatment outcomes. By incorporating a holistic approach to patient care,

healthcare providers can improve patient adherence to treatment regimens and

ultimately improve patient outcomes.Overall, this research represents a significant

advancement in the field of personalized medicine for TB treatment and has the

potential to significantly improve patient care and treatment outcomes for individuals

affected by this devastating disease.
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6.2 Conclusion

The study highlights the application of deep learning methods in inferring tuberculosis

(TB) resistance from gene sequences. By leveraging an AI model that accurately

evaluates the resistance percentages, healthcare practitioners can significantly

improve patient care and make well-informed decisions regarding medication

selection and dosage. This approach has the potential to mitigate the emergence of

drug resistance and enhance treatment outcomes. The integration of genetic data into

clinical practice for managing infectious diseases enables the implementation of

precision medicine techniques, which aim to optimize patient outcomes while

minimizing side effects and treatment failures. However, it is crucial to validate and

enhance the AI model for its utilization in larger-scale research and clinical trials. In

conclusion, deep learning shows promise in delivering more personalized and

successful healthcare solutions.
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