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A VAGUE EXPERT SYSTEM BASED ON RULES FOR MANAGING UNCERTAINTY IN THE DIAGNOSIS OF PULMONARY TUBERCULOSIS

Abstract

Pulmonary tuberculosis remains a major public health problem, the diagnosis of which remains difficult due to the variability of clinical manifestations and the inherent uncertainty of medical data, particularly in resource-limited settings. Classical deterministic diagnostic approaches struggle to model this uncertainty, which can limit the reliability and interpretability of computer-assisted clinical decisions.

This study proposes the design and evaluation of a fuzzy expert system to facilitate the diagnosis of pulmonary tuberculosis. The system combines a rule-based inference engine with fuzzy logic principles to explicitly represent diagnostic uncertainty and produce graded conclusions. Medical knowledge is formalized as fuzzy rules incorporating linguistic variables such as patient age, symptom duration, and various observed clinical parameters.

The system was implemented in the CLIPS environment and evaluated using clinical scenarios inspired by medical practice, demonstrating the feasibility and relevance of the approach. The results show that the fuzzy expert system is capable of providing diagnoses expressed as degrees of certainty, even in situations where traditional expert systems fail to produce a usable decision. The generated treatment recommendations demonstrate satisfactory consistency with established medical protocols.

These results confirm that integrating fuzzy logic into an expert system improves the robustness and flexibility of the diagnostic process and constitutes a relevant tool for medical decision support. However, the study is based on simulated scenarios and does not yet rely on real clinical data, which is a limitation and opens up avenues for future validation in a hospital setting, as well as for extending the approach to other pathologies requiring decision-making in uncertain contexts.
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Introduction

Pulmonary tuberculosis is one of the leading causes of morbidity and mortality worldwide, particularly in resource-limited countries. Despite medical and technological advances, its diagnosis remains complex due to the variability of clinical symptoms, the incomplete nature of available data, and the inherent uncertainty of medical assessment.
In clinical practice, the diagnosis of tuberculosis is not based solely on strict binary criteria, but on a combination of clinical signs, laboratory results, and expert opinion. Therefore, traditional computer-based approaches using Boolean logic are poorly suited, as they require strict truth or falsehood conditions to reach a decision.

Expert systems are widely used as medical decision-support tools, particularly for diagnosing infectious diseases. However, most of these systems rely on deterministic rules, which limits their ability to handle the imprecision and uncertainty inherent in medical data. In this context, fuzzy logic emerges as a relevant alternative, as it allows for the representation of imprecise knowledge and the expression of degrees of certainty close to human reasoning.

Several studies have demonstrated the value of fuzzy expert systems in various medical fields. However, few studies have focused on their specific application to the diagnosis of pulmonary tuberculosis, particularly in contexts characterized by high clinical uncertainty.

Despite these advances, few studies have focused on the explicit modeling of uncertainty in the diagnosis of pulmonary tuberculosis using interpretable fuzzy expert systems. This gap is the primary motivation for the present study and justifies the development of the proposed system.

This article proposes a fuzzy expert system to facilitate the diagnosis of pulmonary tuberculosis. Its main contribution lies in the integration of rule-based fuzzy reasoning to produce progressive and interpretable diagnoses. The system has been implemented and evaluated through clinical simulations, demonstrating its effectiveness in managing uncertainty and improving the robustness of the diagnostic decision-making process.

The main contributions of this work can be summarized as follows:

1. the formalization of medical knowledge relating to the diagnosis and treatment of tuberculosis in the form of vague rules;

2. the design and implementation of a fuzzy expert system capable of producing graded and interpretable diagnoses;

3. the evaluation of the system based on clinical scenarios inspired by medical practice in order to illustrate the feasibility and relevance of the approach.

2. Problem Statement

Modern medical diagnosis relies on the use of multiple, often heterogeneous, incomplete, or imprecise clinical data, particularly in resource-constrained hospital settings. This situation presents a major obstacle to the implementation of reliable diagnostic support systems, especially for pulmonary diseases.
Pulmonary tuberculosis, caused by Mycobacterium tuberculosis , remains an infectious disease with a considerable health and socio-economic impact, particularly in high-incidence countries such as the Democratic Republic of Congo. Its diagnosis relies on a combination of several clinical and contextual parameters, such as the patient's age, the duration of symptoms, and clinical assessment—all elements characterized by significant variability and uncertainty.

Traditional computer approaches, based on Boolean logic, struggle to model this uncertain medical reasoning because they impose strictly binary decisions. However, the reasoning of medical experts incorporates degrees of certainty and intermediate judgments that are difficult to represent with deterministic rules.

In this context, expert systems represent a promising solution for formalizing clinical reasoning. However, their traditional versions have limitations when faced with imprecise data. Fuzzy expert systems, incorporating the principles of fuzzy logic, offer a more suitable alternative by allowing for a progressive representation of uncertainty.

Therefore, several fundamental research questions arise:

· What is the true contribution of coupling expert systems and fuzzy logic to the diagnosis of lung diseases?
· To what extent does this approach improve the management of clinical uncertainty compared to traditional expert systems?
· How can medical expertise relating to pulmonary tuberculosis be effectively formalized in the form of vague, interpretable and usable rules?

3. Hypothesis

Medical reasoning applied to the diagnosis of pulmonary tuberculosis relies on complex cognitive processes integrating factual knowledge, heuristic rules, and a progressive management of uncertainty. Approaches based exclusively on Boolean logic, limited to strictly "true" or "false" decisions, fail to adequately account for this complexity.

Integrating fuzzy logic into a rule-based expert system is a more suitable approach for modeling clinical reasoning. By allowing intermediate degrees of truth, this approach makes it possible to represent the linguistic concepts used by medical experts and to associate a level of certainty with each diagnostic situation.

In this study, we demonstrate that a fuzzy expert system, combining an inference engine and fuzzy rules based on relevant clinical variables, improves uncertainty management in the diagnosis of pulmonary tuberculosis. This system produces diagnoses that are more robust, more flexible, and closer to human medical reasoning than traditional expert systems.

Therefore, the fuzzy expert system constitutes a reliable and interpretable decision support tool, capable of providing actionable diagnostic recommendations, including in ambiguous clinical situations or those characterized by incomplete data.
4. Literature Review

Fuzzy expert systems have been the subject of numerous studies in the medical field to manage the uncertainty and complexity of clinical data. Several studies have demonstrated their effectiveness in monitoring and decision-making regarding infectious and chronic diseases ( Kuo et al., 2023; Bazzan et al., 2023).

In the context of emerging infectious diseases, fuzzy expert systems have been proposed for monitoring patients with COVID-19, enabling the prediction of disease severity from imprecise clinical data and providing relevant therapeutic recommendations ( Kuo et al., 2023). These results confirm the ability of fuzzy logic to model uncertain medical situations.

Extensive studies have also highlighted the value of fuzzy expert systems in the prevention and management of chronic diseases, particularly cardiovascular diseases, diabetes, and cancer ( Bazzan et al., 2005; Bazzan et al., 2023). These approaches make it possible to identify risk factors, assess the severity of pathologies, and propose personalized interventions, with performance superior to that of traditional deterministic systems.

In addition, some studies have combined fuzzy logic with machine learning and deep learning techniques to improve the diagnosis of complex diseases, such as autoimmune pathologies, while maintaining a certain level of interpretability of the reasoning ( Bezdek et al., 2001; Bezdek et al., 2021).

Fuzzy expert systems have also demonstrated their relevance in critical clinical environments, particularly for monitoring patients in intensive care and predicting mortality, thus contributing to more responsive and reliable medical decision-making ( Negoita et al., 2013; Jafar et al., 2016).

Regarding specific infectious diseases, several expert systems have been developed for the diagnosis and management of malaria, HIV/AIDS, and tuberculosis ( Sathiaraj et al., 2004; Pandey et al., 2007; Singh et al., 2020). However, analysis of these studies reveals that the majority of systems dedicated to tuberculosis rely primarily on a classical deterministic logic, which limits their ability to handle diagnostic uncertainty.

Previous works, notably those of Kanda Kanumuabidi (2009) contributed to formalizing medical expertise for the diagnosis and treatment of tuberculosis. However, the lack of explicit uncertainty modeling remains a major limitation of these approaches.

Thus, although the literature highlights the potential of fuzzy expert systems in various medical fields, their application to the diagnosis of pulmonary tuberculosis remains insufficiently explored. This gap justifies the proposal of a fuzzy expert system incorporating fuzzy logic to better manage clinical uncertainty and handle complex cases that traditional expert systems cannot resolve.

5. Research Concepts
5.1. Expert Systems

Expert systems are computer systems designed to replicate the reasoning and decision-making abilities of a human expert in a specific domain. They rely on the formalization of expert knowledge and inference mechanisms to provide diagnoses, recommendations, or solutions comparable to those of a specialist. Their goal is not to simulate human intelligence in its entirety, but to capture and leverage precise know-how to solve complex and poorly structured problems.

5.2. Artificial Intelligence

Artificial intelligence encompasses all the methods, tools, and systems designed to solve problems that typically require human cognitive abilities, such as learning, reasoning, decision-making, and comprehension. It aims to model, both formally and operationally, certain mechanisms of human reasoning in order to reproduce them in computer systems capable of acting autonomously or with assistance.

The scope of artificial intelligence is vast and encompasses knowledge representation, reasoning under uncertainty, machine learning, natural language processing, and pattern recognition. Among these areas, expert systems occupy a central place as key tools for formalizing and leveraging human expertise. By its very nature, artificial intelligence draws upon contributions from philosophy, cognitive science, psychology, mathematics, and engineering, making it a fundamental conceptual framework for the development of complex decision support systems.

5.3. Knowledge Base

The knowledge base forms the core of an expert system. It encompasses all knowledge related to the domain of expertise, formalized in a structured way and usable by an automated reasoning mechanism. This knowledge can include facts, rules, relationships, and heuristics derived from human expertise, and represents the equivalent of the expert's cognitive memory within the system.

Unlike traditional databases, which primarily store static information, a knowledge base is designed to facilitate reasoning and inference. It enables the expert system to interpret complex situations, combine heterogeneous information, and formulate conclusions or recommendations. The quality, consistency, and relevance of the knowledge base directly influence the performance, reliability, and credibility of the expert system, particularly in contexts characterized by uncertainty and complex decision-making.

5.4. Fuzzy Logic

Fuzzy logic is an extension of classical logic designed to model the imprecision and uncertainty inherent in human reasoning. Unlike Boolean logic, which relies on strictly "true" or "false" values, fuzzy logic allows for continuous degrees of truth, generally between 0 and 1, thus enabling the representation of intermediate and nuanced situations.

It relies on concepts such as fuzzy sets, membership functions, and linguistic variables to formalize knowledge expressed in natural language, such as "weak," "moderate," or "high." This ability to represent ambiguity and gradualness makes fuzzy logic particularly well-suited to domains where data is imprecise, incomplete, or subjective. In decision support and expert systems, fuzzy logic thus offers a robust formal framework for producing gradual conclusions, closer to human reasoning than those derived from classical deterministic approaches.

5.4.1. Principles of fuzzy logic

The fundamental principle of fuzzy logic rests on abandoning strictly binary classifications in favor of a gradual representation of phenomena. For example, classifying individuals according to age categories such as "young," "middle-aged," and "elderly" highlights the limitations of classical logic, which imposes rigid thresholds based on binary truth values. In a fuzzy approach, these categories are modeled by sets whose membership functions overlap, allowing an individual to belong simultaneously to several categories with varying degrees of membership.
[image: ]
Figure 1: Classification of people into three groups according to classical logic.

The figure illustrates the principle of fuzzy logic applied to the classification of individuals by age using linguistic variables. The horizontal axis represents age expressed in years, while the vertical axis corresponds to the degree of membership , ranging from 0 to 1. This degree reflects the extent to which an individual belongs to a given category.

Three linguistic categories are taken into account: "Young ", "Middle age", and " Older In a traditional approach, these categories would be defined by strict thresholds, resulting in exclusive and binary membership (0 or 1). Thus, an individual would be either "young" or "old," without any possibility of nuance, which introduces artificial divisions in decision-making.
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Figure 2: Classification of people into three groups according to fuzzy logic 5 Top of form
Bottom of the form
For example, a 25-year-old has some degree of belonging to both the fuzzy set "Young" and the set "Mature , " reflecting a partial and simultaneous membership in both categories. In contrast, a 70-year-old fully belongs to the set "Old , " with a degree of belonging equal to .

5.4.2. Fuzzy Subsets

Fuzzy logic is based on fuzzy set theory, which generalizes classical set theory. Unlike classical sets, also called net sets , where an element's membership is strictly binary, fuzzy sets allow for the representation of gradual membership using a degree of membership between 0 and 1.

In accordance with established usage in the scientific literature, the terms " fuzzy set" and "fuzzy subset" will be used interchangeably in this work. Similarly, classical sets are also called fuzzy sets, while classical logic is commonly referred to as "Boolean logic" or "binary logic."

[image: ]
Figure 3: Graphical representation of a classical set and a fuzzy set
A fuzzy subset is defined on a reference set , called the universe of discourse. This universe is characterized by a membership function.



This function associates each element with a degree of membership expressing its level of belonging to the fuzzy subset . It allows for a progressive quantification of the elements' membership , unlike classical sets where this membership is strictly binary.

5.5. Membership Function

Let a set, a subset of is characterized by a membership function , this membership function is equivalent to the characteristic function of a classical set.
 
The choice of membership function is arbitrary; throughout the tests, one chooses whether it is sigmoid, hyperbolic, tangent, exponential, Gaussian, triangular, or of another form. In other words, a membership function µ between 0 and 1 is associated with the subset.

and to the variable , whose set of possible values is . It is also called the degree of membership, membership coefficient, or degree of possibility; it is the probability that the variable u possesses the quality associated with the subset . It is used for the mathematical processing of linguistic variables to handle fuzzy inferences by computer. Each value of the linguistic variable is assigned a membership function µ; a given value of the variable X will be designated by a degree of membership.
  
In general, the shape of the membership function depends on the application and can be triangular, trapezoidal, or Gaussian, as illustrated in the figure below:

 

Figure 4: Different forms of membership functions

6. General structure of a fuzzy system

The fundamental concept of a fuzzy system rests on a linguistic rule established by a domain expert. Fuzzy variables can then represent currents, voltages, or other useful quantities, for example, for diagnostics (symptoms or fault signatures). The output corresponds to the detected fault, or even its origin. Keywords such as "good," "serious," and "fairly serious" provide imprecise but useful information and are represented by a fuzzy subset of the discursive universe.

The fuzzy logic system is an algorithm that converts a human-expertise-based linguistic control strategy into an automatic control strategy described by a set of fuzzy system rules of the type:






These rules are linked by the concept of fuzzy implication and the composition rule. Each rule of the fuzzy system is represented by a fuzzy relation; the fuzzy system itself is characterized by a unique fuzzy relation determined by the combination of all the fuzzy rules.
                                   
The general structure of a fuzzy system is illustrated in the figure below:

[image: ]
Figure 5 : Structure of a fuzzy system.
6.1. Fuzzification
 
The fuzzification interface is a block that consists of:

· Measure the numerical values of the input variables;
· Projecting them into the universe of discourse using a scaling factor;
· Transforming these numerical values into linguistic values using membership functions that aim to subdivide the input space of the discourse universe into fuzzy subsets.

6.2. Knowledge Base

 It contains information about the application domain. It is defined by the following two bases:

6.2.1. Database

It provides the information necessary for exploring the rules of fuzzy systems.

6.2.2. Rule base
 
Inference rules (or rule bases) are the set of rules that link the fuzzy input variables of a system to its fuzzy output variables using various operators. These rules take the following form:
                  
If condition 1 and/or condition 2 (and/or…) then action on the outputs.
 
In terms of diagnosis, these rules must group the failures. Four methods allow exploration of the rule base: human expertise, an operator's control actions, a fuzzy process model, and a machine learning algorithm for rule development.
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Figure 6 : Normalized universe in the interval [-1, +1] with a partition of 3.5 fuzzy sets.

6.2.3. Decision-making logic

This block represents the core of the fuzzy system, capable of simulating human decisions based on the fuzzy concept and inferring fuzzy control actions through the intervention of fuzzy implication and inference rules.
 
Once all the inference rules have been established, they can be represented by a table or a matrix. The numerical processing of the inferences must then be carried out according to one of the following three methods.

a) max-min inference method

This method is applied to the Mamdani fuzzy system. In this mode of reasoning, the i-th rule leads to the system's decision:

µRi = µRM (α i , µ ei (z)) = min (α i , µ ei (z))
With α<sub>i</sub> = µRM(µAi( x<sub>o </sub> ), µBi(y<sub>o</sub> )) = min(µAi( x<sub>o </sub>), µBi(y<sub> o</sub> )), which represents the truth value of the inference rules. The result of the two rules is constructed as follows:
µ Ros (z) = max [µ R1 (z), µ R2 (z)]

b) max-prod inference method

This is the method applied to the "Larsen" type fuzzy system; this method relies on using the product for implication; in this case, the i- th rule gives the decision:    

µRi = α i .µ ei (Z)
With: α i = µ RM (µ Ai (x o ) , µ Bi (y o )) = min (µ Ai (x0), µ Bi (y o ))

The resulting membership function is given by:

µ Ros (z) = max [(µ R1 (z), µ R2 (z))]
c) sum - product inference method

This method applies to the "Zadeh" type fuzzy system. It is defined as follows:
µ Ri = α je µ ei (z)
α i = µ Rp ( µ Ai (xo), µ Bi ( yo ))= µ Ai ( xo ), µ Bi ( yo )


With: number of rules.
7. Diagnostic problem
 
Diagnosis can be modeled as a formal problem. It follows a well-defined process, applied differently depending on the specialist's reasoning method.

7.1. Problem Formulation
 	 
The problem can be formulated as follows: “Given a set of known and verified attributes, the clinician must choose between establishing a diagnosis or requesting further information through additional tests. The first option carries a risk of diagnostic error, with potentially serious consequences for the patient's life and the practitioner's career. The second option generates additional costs: financial, potential risks to the patient's life, lost time, etc. Once the test results are obtained, they are added to the known attributes. The process therefore repeats itself. The objective of solving this problem is to minimize the sum of the costs associated with the tests and the risk of diagnostic error.”
 
The challenge, therefore, lies in making optimal decisions regarding the relevant questions to ask, the additional tests to order, and the procedures to follow, by assessing the risk and informational value of each option. Beyond determining the patient's condition, diagnosis also involves identifying the data necessary for this determination. The choice of this data must take into account computational constraints (memory space and processing time). Even if the IT infrastructure allows it, optional data can generate more confusion than clarity. This scenario is common in intensive care. Finally, validation is essential before any use of this collected information.


7.2. Diagnostic Process
 
Diagnosis is not a single event but a process composed of a sequence of interdependent individual tasks [23]:
 
· The initial medical history is taken. The doctor listens to the patient, initially freely, then guides them with questions. This history allows the doctor to learn about the patient's medical background, the symptoms experienced, the duration and progression of the illness, any treatments already received, and the patient's expectations.

· Perform a physical examination to look for physical signs and thus provide evidence to support a diagnosis:
 
· Taking vital signs: temperature, blood pressure, pulse;
· Inspection: patient morphology, ulceration, dysmorphia (genetic disease), morphotype (obesity, thinness), skin color;
· Abdominal palpation to look for hepatomegaly, splenomegaly... Palpation of the lymph node areas;
· Reflex test: neurological assessment;
· Auscultation: listening to heart and lung sounds using a stethoscope;
· Percussion: analysis of the tone of the sound produced by soft percussion, performed at different points on the body;
· Examination of the eardrums and throat;
 
· Integrate the data obtained into possible scenarios of known diseases;
· Evaluate and refine diagnostic hypotheses by selectively adding and extracting additional patient information: assessments, further examinations, etc.;
· Initiate treatment at the appropriate time (including before formal diagnosis);
· To estimate the respective impact of the disease and the treatment on the patient over time.

The objective is to shed light on the patient's situation before the onset of the disease, how it manifested itself, its impact on their life, and their understanding of it.

 
7.3. Human diagnostic reasoning
 
Various studies have been devoted to the study of physicians' reasoning, using generic psychological experiments and behavioral methods.
 
The observation and recording of the actions and reflections of diagnosticians in their work environment gave rise to three abstract models of human diagnostic reasoning: probabilistic, causal and deterministic [27].
 
· Probabilistic reasoning
 
It consists of defining the statistical relationships between clinical variables. Mathematical methods then allow the optimal decision to be calculated. Decision analysis, Bayesian approaches, and the Brunswik model [72] are examples.
Decision analysis involves organizing options and possible outcomes using a decision tree, evaluating the probabilities of occurrence and the usefulness of each outcome, and then selecting the best alternative accordingly.
  
It is used successfully in various clinical problems, including cancer and acute kidney failure. That said, this mode of reasoning is not innate in humans, which can lead to errors.
 
· Causal reflection or pathophysiology
 
The aim is to establish cause-and-effect relationships between clinical variables within an anatomical, physiological, biochemical, and genetic representation of reality. This approach relies on comprehensive, shared, and patient-independent knowledge. It is verifiable and explainable. However, experienced clinicians only resort to pathophysiological reasoning when faced with atypical problems or to justify their approach [30,27].

· Deterministic thinking
 
It uses production rules to represent the fundamental elements of problem-solving in humans. This involves specifying appropriate actions in response to certain conditions formalized by clinical flowcharts. The drawback of deterministic thinking is that it does not account for uncertainty, an intrinsic characteristic of clinical practice [27].
 
Information gathering, pattern recognition, decision-making, judgment under uncertainty, and empathy are all cognitive activities necessary for clinical decision-making.

8. Design of a fuzzy expert system

Our fuzzy expert system will play a crucial role in the diagnosis and treatment of tuberculosis, ensuring access to diagnosis and treatment for all people with this disease, even in the absence of a specialist doctor at the hospital.

Effective management of lung disease risk reduction is a primary objective. However, it is equally important to consider other socio-environmental factors such as employment, inequality, socioeconomic status, etc. Our fuzzy expert system draws on the medical field, and more specifically on tuberculosis, and focuses on the following questions:

· How does a doctor diagnose tuberculosis in a patient?
· How does he prescribe medication to patients with this disease?

8.1. Knowledge Base

A knowledge base is a collection of knowledge provided by a specialist, represented by rules. The result below is the product of numerous discussions with physicians specializing in pulmonology.

8.1.1. Presentation of raw knowledge

In medicine, RHZE is an acronym used to designate a tuberculosis treatment protocol.

Each letter corresponds to a specific medication:

· R: Rifampicin
· H: Isoniazid
· Z: Pyrazinamide
· E: Ethambutol

This treatment protocol is commonly used to treat active tuberculosis and is recommended by the World Health Organization (WHO) for its effectiveness in treating this disease.

The table below presents the symptoms (patient categories and treatment regimens) with the following headings: diagnosis, category, cases concerned and treatment regimens.

Table 1 : Patient categories and treatment regimens (WHO standard)

	Diagnosis 
	Categories 
	The cases concerned 
	treatment regimens 

	
	
	
	Phase
initial
	Continuation phase

	· Cough with or without sputum lasting more than 15 days, sometimes accompanied by hemoptysis.
· Night sweats
· Temperature.
· Weight loss.
· Anorexia.
· Asthenia.
· Dyspnea.
	I
	· New cases of untreated tuberculosis.
· New cases of TP with positive smear test.
· New cases of TP with negative smears and significant parenchymal involvement.
· New cases of extrapulmonary tuberculosis.
· Patients with severe tuberculosis and concomitant HIV infection.
	2RHZE
	4RH

	
	II
	· Cases of retreatment (relapse, treatment failure, treatment after interruption).
	2RHZE/1 RHZE
	5RHE

	
	III
	· New cases of smear-negative pulmonary tuberculosis with small lesions and other mild cases of pulmonary tuberculosis and HIV seronegativity.
	2RHZE
	4RH


Source: WHO Standards

The table below presents the treatment category (tablets and weight) 3 with the following headings: patient weight, intensive phase and continuation phase.

Table 2: Number of tablets to be administered for each weight group in category 1 and category 3.

	Patient weight in kg before the start of treatment.
	Intensive phase or 1st phase .
	Continuation phase or 2nd phase .

	
	Duration: 2 months
	Duration: 4 months

	
	RHZE: every day
	HR: every day

	
	Number of tablets
	Number of tablets

	30-39 kg
	2
	2

	40-54 kg
	3
	3

	55-70 kg
	4
	4

	70 kg
	5
	5


Source: WHO Standards
 
 The table above describes that the device has two phases:
 
· An initial 2-month phase (intensive phase) consisting of daily intake of the quadruple combination (2RHZE).
· A 4-month continuation phase combining rifampicin and isoniazid (4RH), taken daily.

[bookmark: _Toc156584]The table below presents the treatment (tablets and weight) of category 2 with the following headings: patient weight, intensive phase and continuation phase.
 
Table 3: Number of tablets to be administered for each weight group in category 2.

	Patient weight in kg before the start of treatment.
	Intensive phase or 1st phase : total duration of 3 months.
	Continuation phase or 2nd phase .

	
	Duration: 3 months
	Duration: 2 months
	Duration: 5 months

	
	RHZE: every day
	Streptomycin: every day
	RHE: every day

	
	Number of tablets
	Quantity (grams)/day
	Number of tablets/day

	30-39 kg
	2
	0.5
	2

	40-54 kg
	3
	0.75
	3

	55-70 kg
	4
	1
	4

	< 70 kg
	5
	1
	5


Source: WHO Standards
 
The table indicates that this treatment applies to category II patients. Its duration is 8 months under strict supervision, given the risk of secondary resistance to antituberculosis drugs.

This treatment plan has two phases:
 
· The initial intensive 3-month phase includes daily administration of the quadruple combination (RHZE) and streptomycin; however, the latter will only be administered for 60 days (2SRHZE/1RHZE).
· The 5-month continuation phase with the triple daily dose combination under direct monitoring (5RHE).

Cases with positive smears at the end of the 3rd month of treatment should continue the 4 drugs for an additional 4 weeks (RHZE).

The table below shows the dosage for children, with the following headings: patient weight, intensive phase and continuation phase.
[bookmark: _Toc156585] 
Table 4: Dosages for children
	Patient weight in kg before the start of treatment.
	Intensive phase or first phase
	Continuation phase or
Phase 2

	
	Duration: 2 months
	Duration: 2 months
	Duration: 4 months

	
	RHZ (60+30+150):
every day
	E (400 mg): every day
	HR (60+30): every day

	
	Number of tablets
	Number of tablets
	Number of tablets

	Up to 7 kg
	1
	0.25
	1

	8-9 kg
	1.5
	0.5
	1.5

	10-14 kg
	2
	0.5
	2

	15-19 kg
	3
	0.75
	3

	20-24 kg
	4
	1
	4

	25-29 kg
	5
	1.5
	5


Source: WHO Standards
The table describes the treatment regimens for children and is identical to that for adults. There are two categories: category I and category II.
 
8.2.2. Knowledge Base Rules
 	 
The following basic knowledge rules were developed from the information contained in the preceding tables:
 
E: finite set of symptoms to be taken into account
HAS: A fuzzy subset of E that determines the disease category with a degree of membership A

There are several operations for manipulating degrees of membership. When a disease is defined by the presence of several vague symptoms, the degrees of membership of these symptoms are aggregated by the OR logical function, which is expressed as follows:

Let 𝑎 ̃ = ( 1 ) and 𝑏 ̃ = ( 𝑥 2 ), two fuzzy variables, then 𝑎 ̃ ∨𝑏 ̃ = max ( 𝑎 ̃, 𝑏 ̃).

HAS. Cough with or without sputum lasting more than 15 days, sometimes accompanied by hemoptysis.
B. Night sweats.
C. Temperature.
D. Weight loss.
E. Anorexia.
F. Asthenia.
G. Dyspnea.
 
The following basic knowledge rules were developed from the information contained in the preceding tables:

· Rule 1: If the following events occur:
· Cough with or without sputum for more than 15 days, sometimes accompanied by hemoptysis;
· Night sweats;
· Temperature ;
· Weight loss;
· Anorexia;
· Asthenia;
· Dyspnea.

The patient therefore suffers from tuberculosis with a certain degree of severity.

· Rule 2: If this case concerns the patient:
· New cases of tuberculosis that have never been treated;
· New cases of TP with a positive smear test;
· New cases of TP with negative smear and significant parenchymal involvement;
· New cases of extrapulmonary tuberculosis;
· Patients with severe tuberculosis and concomitant HIV infection.

The patient is then classified into the first category according to their degree of belonging.

· Rule 3: If this case concerns the patient:
· Relapses;
· Treatment after interruption;
· Treatment after therapeutic failure.
The patient is then classified in category II with a degree of belonging.
· Rule 4: If this case concerns the patient:
· New cases of smear-negative pulmonary tuberculosis with small lesions and other mild PET and HIV-negative cases.

The patient is then classified in category III with a degree of belonging.
· Rule 5: If the patient is classified in category I.
· Therefore: the patient display is classified in category I.
· Display the treatment.
 
· Rule 6: If the patient's weight in kg before the start of treatment is between 30 and 39 kg.
Therefore: Display the processing:
RHZE: 2 tablets per day for 2 months in the first phase .
RH: 2 tablets per day for 4 months in the 2nd phase .
 
· Rule 7: If the patient's weight in kg before the start of treatment is between 40 and 54 kg.
Therefore: Displays the processing:
RHZE: 3 tablets per day for 2 months in the first phase .
RH: 3 tablets per day for 4 months in the 2nd phase .
· Rule 8: If the patient's weight in kg before the start of treatment is between 55 and 70 kg.
So: display the processing
RHZE: 4 tablets per day for 2 months in the first phase .
RH: 4 tablets per day for 4 months in the 2nd phase .
· Rule 9: If the patient's weight in kg before the start of treatment is between: 70 and more kg.
Next: Display the processing.
· RHZE: 5 tablets per day for 2 months in the first phase .
· RH: 5 tablets per day for 4 months in the 2nd phase .
· Rule 10: If the patient is classified in category II.
Therefore: the patient display is classified in category II.
· Display the treatment:
· Rule 11: If the patient's weight in kg before the start of treatment is between 30 and 39 kg.
Therefore: Display the processing:
· RHZE: 2 tablets per day for 3 months in the first phase .
• Streptomycin: 0.5 g/day for 2 months in the first phase .
· RHE: 2 tablets per day for 5 months in the 2nd phase .
· Rule 12: If the patient's weight in kg before the start of treatment is between 40 and 54 kg.
Therefore: Display the processing:
· RHZE: 3 tablets per day for 3 months in the first phase .
• Streptomycin: 0.75 g/day for 2 months in the first phase .
· RHE: 3 tablets per day for 5 months in the 2nd phase .
· Rule 13: If the patient's weight in kg before the start of treatment is between 55 and 70 kg.
Therefore: Display the processing:
· RHZE: 4 tablets per day for 3 months in the first phase .
• Streptomycin: 1 g/day for 2 months in the first phase .
· RHE: 4 tablets per day for 5 months in the 2nd phase .
· Rule 14: If the patient's weight in kg before the start of treatment is between: 70 and more kg.
Therefore: - Display the processing:
· RHZE: 5 tablets per day for 3 months in the first phase .
• Streptomycin: 1 g/day for 2 months in the first phase .
· RHE: 5 tablets per day for 5 months in the 2nd phase .
· Rule 15: If the patient is classified in category III.
Therefore: - The patient display is classified in category III.
· Display the treatment:
· Rule 16: If the patient's weight in kg before the start of treatment is between 30 and 39 kg.
Therefore: - Display the processing:
· RHZE: 2 tablets per day for 2 months in the first phase .
· RH: 2 tablets per day for 4 months in the 2nd phase .
· Rule 17: If the patient's weight in kg before the start of treatment is between 40 and 54 kg.
Therefore: - Display the processing:
· RHZE: 3 tablets per day for 2 months in the first phase .
· RH: 3 tablets per day for 4 months in the 2nd phase .
· Rule 18: If the patient's weight in kg before the start of treatment is between 55 and 70 kg.
Therefore: - Display the processing.
· RHZE: 4 tablets per day for 2 months in the first phase .
· RH: 4 tablets per day for 4 months in the 2nd phase .
· Rule 19: If the patient's weight in kg before the start of treatment is between: 70 and more kg.
Therefore: - Display the processing.
· RHZE: 5 tablets per day for 2 months in the first phase .
· RH: 5 tablets per day for 4 months in the 2nd phase .
· Rule 20: If the patient is a child.
Therefore: - The patient is a child.
· Display dosages for children:
· Rule 21: If the patient's weight in kg before the start of treatment is less than or equal to 7 kg.
Therefore: - Display the processing:
· RHZ: 1 tablet per day for 2 months in the first phase .
• Ethambutol: 0.25 tablets per day for 2 months in the first phase .
· RH: 1 tablet per day for 4 months in the 2nd phase .
· Rule 22: If the patient's weight in kg before the start of treatment is between 8 and 9 kg.
Therefore: - Display the processing:
· RHZ: 1.5 tablets per day for 2 months in the first phase .
• Ethambutol: 0.5 tablets per day for 2 months in the first phase .
· RH: 1.5 tablets per day for 4 months in the 2nd phase .
· Rule 23: If the patient's weight in kg before the start of treatment is between: 10 and 14 kg.
Therefore: - Display the processing:
· RHZ: 2 tablets per day for 2 months in the first phase .
• Ethambutol: 0.5 tablets per day for 2 months in the first phase .
· RH: 2 tablets per day for 4 months in the 2nd phase .
· Rule 24: If the patient's weight in kg before the start of treatment is between: 15 and 19 kg.
Therefore: - display the processing:
· RHZ: 3 tablets per day for 2 months in the first phase .
• Ethambutol: 0.75 tablets per day for 2 months in the first phase .
· RH: 3 tablets per day for 4 months in the 2nd phase .
· Rule 25: If the patient's weight in kg before the start of treatment is between 20 and 24 kg.
Therefore: - Display the processing:
· RHZ: 4 tablets per day for 2 months in the first phase .
• Ethambutol: 1 tablet per day for 2 months in the first phase .
· RH: 4 tablets per day for 4 months in the 2nd phase .
· Rule 26: If the patient's weight in kg before the start of treatment is between 25 and 29 kg:
Therefore: - Display the processing.
· RHZ: 5 tablets per day for 2 months during this phase.
• Ethambutol: 1.5 tablets per day for 2 months in the first phase .
· RH: 5 tablets per day for 4 months in the 2nd phase .

9. Algorithm Design
9.1. Declaration of variables

Declaring a variable means asking the compiler or interpreter to reserve a memory location for the programmer to store data in. The variable label, or its absence, is usually written as a string of characters composed of letters, numbers, and the character "".

· Algorithmic method : This is a systematic problem-solving method. It allowed us to write our algorithm.

· Fuzzy control technique : Fuzzy control aims to regulate and monitor a conventional control system. It is often presented as a robust technique for time-varying systems, capable of compensating almost naturally for uncertainties and/or a lack of precise knowledge about the controlled process.

9.2. Fuzzy variable

Fuzzy logic is a versatile logic where the truth values of variables, instead of being true or false, are real numbers between 0 and 1. In this sense, it extends classical Boolean logic with partial truth values.
 
9.3. Fuzzy Controller
 
A fuzzy controller is a specific knowledge-based system that uses limited-depth reasoning in a rule-chaining procedure (premise-based rule activation). Rule processing involves several steps.

10. Algorithm: Intelligent artificial medical decision-making system

Algorithm: Classification and therapeutic proposal for the tuberculosis patient
VARIABLES:
A, B, C, D: INTEGERS
// Patient classification indicators
// A → Category I
// B → Category II
// C → Category III
// D → Child patient

a, b, c, d, e, f, g, h, i, j, k, l: INTEGER
// Binary clinical criteria (1 = present, 0 = absent)

Patient's weight : WHOLE
// Weight of the adult patient (in kg)

Child's weight: WHOLE
// Weight of the child patient (in kg)

// Reading input data
READ A, B, C, D
READ a, b, c, d, e, f, g, h, i, j, k, l
READ Patient_weight
READ Child's Foot Weight

// Identification of the tuberculosis case
IF (a = 1 AND b = 1 AND c = 1 AND d = 1 AND e = 1 AND f = 1 AND g = 1) THEN
DISPLAY "The patient suffers from tuberculosis with a certain degree of adherence"
END IF

// Classification and treatment of the adult patient
// 1 Category I

IF (A = 1) THEN
DISPLAY "The patient is classified in category I with a degree of adherence"

IF ( Patient_Weight ≤ 39) THEN
DISPLAY "Q Treatment"
ELSE IF ( Patient_Weight ≤ 54) THEN
DISPLAY "R Treatment"
ELSE IF ( Patient_Weight ≤ 70) THEN
DISPLAY "S Treatment"
OTHERWISE
DISPLAY "Treatment T"
END IF
END IF

// 2 Category II

IF (B = 1) THEN
DISPLAY "The patient is classified in category II with a degree of adherence"

IF ( Patient_Weight ≤ 39) THEN
DISPLAY "Treatment U"
ELSE IF ( Patient_Weight ≤ 54) THEN
DISPLAY "Treatment V"
ELSE IF ( Patient_Weight ≤ 70) THEN
DISPLAY "W Processing"
OTHERWISE
DISPLAY "Treatment Y"
END IF
END IF

// 3 Category III

IF (C = 1) THEN
DISPLAY "The patient is classified in category III with a degree of adherence"

IF ( Patient_Weight ≤ 39) THEN
DISPLAY "Treatment Z"
ELSE IF ( Patient_Weight ≤ 54) THEN
DISPLAY "AA Treatment"
ELSE IF ( Patient_Weight ≤ 70) THEN
DISPLAY "AB Care"
OTHERWISE
DISPLAY "AC Processing"
END IF
END IF

// Care for the patient child

IF (D = 1) THEN
DISPLAY "Child Patient File"
DISPLAY "The patient is a child"
DISPLAY "Application of pediatric dosages"

IF ( child's_weight ≤ 7) THEN
DISPLAY "Advertising Treatment"
ELSE IF ( Child's_weight ≤ 9) THEN
DISPLAY "AE Processing"
ELSE IF ( Child's_weight < 14) THEN
DISPLAY "AF Processing"
OTHERWISE
DISPLAY "AG Treatment"
END IF
END IF

CONCLUSION

It is important to emphasize that this work focused on merging two key areas of distributed computing: expert systems and fuzzy logic. This combination provides a robust and efficient decision support tool, beneficial to the scientific community, healthcare professionals, developers specializing in these fields, and the end users of their applications.

Expert systems are essential tools that provide an environment conducive to encoding, recording, and implementing human expertise, particularly in fields where such expertise is scarce, thereby leveraging continuous technological advancements. The goal is to overcome the limitations of human experts, such as fatigue, forgetfulness, and the loss of expertise due to death.

Heuristic problems that rely on intuition, judgment, and fuzzy reasoning are generally well-suited to expert systems. These systems often prove more efficient than linear systems because they produce results very close to human reasoning, provided that the fundamental concepts structuring their operation are clearly defined. These concepts include modeling input data as linguistic variables, establishing inference rules representing the system's knowledge, and choosing logical operators and defuzzification methods.

The performance of fuzzy systems depends on the designer's choices and the recommendations of a domain expert, which can make them highly effective or ineffective. The design of diagnostic support systems follows the classic steps of software engineering and information systems. A user-centered approach, a flexible methodology, and an architecture adapted to the requirements of transparency, accessibility, and scalability are essential. Adherence to standards is a quality criterion that promotes interoperability with existing solutions.

Testing is essential for detecting defects and evaluating the usability of the solution. Portable, wireless, and touch-screen devices offer convenient ways to access and record data, thus improving the user experience. System evaluation begins at the design stage with the implementation of monitoring routines and continues with regular checks of the knowledge base and decision algorithms. A new fuzzy logic-based decision support tool, a fuzzy expert system for tuberculosis diagnosis, is under development. The focus is on the advantages of combining a diagnostic expert system with fuzzy logic.

The development of diagnostic support systems follows classic software engineering steps, with a user-centered approach and a flexible architecture. Testing is essential for detecting defects and evaluating the usability of the solution. A new fuzzy decision tool, a fuzzy expert system for tuberculosis diagnosis, is proposed, highlighting the advantages of combining a diagnostic expert system with fuzzy logic.

Given the above, the use of fuzzy logic in expert systems allows for the processing of incomplete and imprecise information, thereby improving system efficiency and consistency. This approach guides decisions by minimizing human uncertainty, offering a credible alternative that more closely resembles human reasoning.
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Beyond pulmonary tuberculosis, the proposed approach could be extended to other pathologies requiring decision-making in uncertain contexts. The future integration of real-world clinical data, as well as comparison with hybrid approaches combining fuzzy logic and machine learning, offer promising avenues for strengthening the robustness and scientific scope of the proposed system.
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