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Abstract:  
Introduction — Early identification of kidney disease risk is essential to 
prevent progression to severe renal impairment. However, uncertainty 
in symptom perception and limited access to transparent digital 
screening tools often hinder early assessment. This study proposes a 
bio-digital expert system incorporating enhanced Certainty Factor 
reasoning to support early kidney disease risk evaluation. 
Methods — Early identification of kidney disease risk is essential to 
prevent progression to severe renal impairment. However, uncertainty 
in symptom perception and limited access to transparent digital 
screening tools often hinder early assessment. This study proposes a 
bio-digital expert system incorporating enhanced Certainty Factor 
reasoning to support early kidney disease risk evaluation. 
Results — Evaluation across five structured scenarios demonstrated 
differentiated risk classifications consistent with symptom patterns and 
user confidence levels. The system produced graded outputs ranging 
from low to high risk, while minimal evidence scenarios correctly 
resulted in no significant risk classification. 
Conclusion — The proposed system provides an interpretable, 
uncertainty-aware framework for early kidney disease risk assessment, 
emphasizing transparent digital decision support rather than clinical 
diagnosis. 
 
Keywords: kidney disease risk assessment; certainty factor; bio-
digital expert system; explainable artificial intelligence; decision 
support system 

1. Introduction 

Kidney disease represents a significant global health burden, affecting millions of individuals 
worldwide and often progressing silently until reaching advanced stages [1], [2], [3]. Chronic Kidney 
Disease (CKD), Acute Kidney Injury (AKI), glomerular disorders, and kidney stone-related complications 
can lead to severe morbidity, reduced quality of life, and increased healthcare costs [4], [5]. Early 
identification of kidney-related abnormalities is therefore crucial for timely intervention and 
prevention of irreversible renal damage [6]. However, many early-stage symptoms such as fatigue, 
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mild edema, or changes in urination patterns are often nonspecific and frequently underestimated by 
individuals [7], [8]. 
 
In recent years, digital health technologies have emerged as promising tools to support early risk 
identification and self-assessment [9], [10]. Many contemporary approaches employ machine learning 
models trained on clinical datasets [9], [11], [12], [13]. While such methods may achieve strong 
predictive performance, they frequently operate as black-box systems with limited interpretability. In 
health-related applications—particularly those involving risk communication and preventive 
screening—transparency and explainability are essential to maintain user trust and ensure responsible 
artificial intelligence deployment [14], [15], [16]. 
 
Expert systems provide an alternative paradigm for intelligent decision support by explicitly modeling 
domain knowledge using structured rules and logical inference mechanisms [17], [18], [19]. Unlike 
data-intensive models, rule-based expert systems allow knowledge representation to be validated and 
audited by medical experts [20]. Nevertheless, traditional rule-based systems are typically 
deterministic and may not adequately represent uncertainty inherent in subjective symptom 
reporting. 
 
To address this limitation, the Certainty Factor (CF) method—originally introduced in medical expert 
systems—enables uncertainty handling by associating confidence values with both expert knowledge 
and user-reported evidence [21]. Enhanced CF aggregation, such as MYCIN-style combination, allows 
multiple rules to contribute cumulatively to a risk assessment, resulting in graded outputs rather than 
binary decisions [22]. This study proposes a bio-digital expert system with enhanced Certainty Factor 
reasoning for early kidney disease risk assessment. The system integrates rule-based knowledge 
representation, MYCIN-style CF aggregation, explainability mechanisms, and graded risk classification 
to provide transparent and uncertainty-aware digital screening support. 

2. Method 

2.1 System Architecture 
The proposed system is designed as a modular bio-digital expert system consisting of four principal 
components: (1) knowledge base, (2) enhanced Certainty Factor inference engine, (3) risk-level 
classification module, and (4) explanation facility. The system accepts user-reported symptom inputs 
along with confidence values ranging from 0 to 1. These inputs are processed by the inference engine, 
which evaluates rule activation and computes aggregated certainty values for each kidney-related 
condition. 
 
The modular architecture ensures separation between knowledge representation and inference logic, 
allowing scalability and maintainability. The system was implemented in Python within the Google 
Colab environment to facilitate reproducibility and transparent computational procedures [23], [24], 
[25]. Figure 1 illustrates the overall system architecture and data flow of the proposed system. 
 

 
Fig. 1. Architecture of the proposed bio-digital expert system for early kidney disease risk assessment 

using enhanced Certainty Factor reasoning. 
 
As illustrated in Fig. 1, the proposed system consists of a web-based user interface, a structured rule-
based knowledge base, an enhanced Certainty Factor inference engine employing MYCIN-style 
aggregation, a graded risk classification module, and an explanation facility to ensure transparent 
decision support. 
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2.2 Knowledge Representation 
Kidney-related knowledge is represented using structured rule-based models. Each rule contains a set 
of associated symptoms and an expert-defined Certainty Factor (CFexpert) representing the confidence 
level of medical relevance. Multiple rules may correspond to the same kidney-related condition, 
enabling cumulative evidence aggregation. Formally, each rule is expressed as Equation (1). 
 

𝐼𝑓	(𝑆! ∧ 𝑆" ∧ ⋯∧ 𝑆#)	𝑇𝐻𝐸𝑁	𝐷.𝐶𝐹$%&$'(1   (1) 
 
Symptoms include fatigue, edema, nocturnal urination, foamy urine, hematuria, hypertension, lower 
back pain, decreased urine output, and nausea [26], [27], [28]. The system models four kidney-related 
risk categories: Chronic Kidney Disease, Acute Kidney Injury, Kidney Stone Risk, and 
Glomerulonephritis Risk [26], [28]. 
 
2.3 Enhanced Certainty Factor Reasoning 
For each activated rule, the rule-level certainty is computed using the following Equation (2). 
 

𝐶𝐹')*$ = 𝐶𝐹$%&$'( ×𝑚𝑖𝑛(𝐶𝐹)+$')    (2) 
 
where CFuser represents the minimum confidence value among the user-reported symptoms involved 
in the rule [29], [30]. When multiple rules support the same condition, MYCIN-style aggregation is 
applied using Equation (3). 
 

𝐶𝐹,-./0#$1 = 𝐶𝐹! + 𝐶𝐹" × (1 − 𝐶𝐹!)    (3) 
 
This iterative combination allows accumulation of supporting evidence while preventing linear 
overestimation. The final CF value for each condition represents the aggregated confidence reflecting 
both expert knowledge and user-reported uncertainty [30]. Besides, Fig. 2 shows the explained 
enhanced CF reasoning. 
 

 
Fig. 2. Certainty Factor-based inference and explanation process. 

 
Figure 2 presents the internal reasoning flow of the enhanced Certainty Factor mechanism, where rule-
level certainty values are computed and subsequently combined using MYCIN-style aggregation to 
produce interpretable graded risk outputs. 

2.4 Risk-Level Classification 
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The final aggregated Certainty Factor is mapped into graded risk categories, that explained in Table 1. 
This graded classification avoids deterministic diagnosis and ensures the system functions strictly as a 
risk assessment tool. 

Table 1. Risk-level classification criteria 
Classification Criteria 
High Risk CF ≥ 0.7 
Moderate Risk 0.4 ≤ CF < 0.7 
Low Risk 0 < CF < 0.4 
No Significant Risk CF = 0 

 
2.5 Explanation Facility 
To ensure interpretability, the system records activated rules, contributing symptoms, expert CF 
values, rule-level CF contributions, and aggregated certainty values. The explanation trace allows users 
and domain experts to audit how specific symptom inputs influence final risk outcomes. 
 
2.6 AI Disclosure  
ChatGPT (OpenAI) was employed exclusively to support linguistic editing, grammatical refinement, and 
the structural arrangement of the manuscript. Its role was confined to enhancing clarity, coherence, 
and overall academic presentation, ensuring that the manuscript adhered to international scholarly 
writing standards [31]. The AI tool was not involved in the study design, development of the system 
architecture, construction of the knowledge base, formulation of the inference mechanism, Certainty 
Factor calculations, software implementation, experimental procedures, or the analysis and 
interpretation of the research findings [32], [33]. All research methodologies, computational 
processes, system development activities, and analytical evaluations were independently conceived, 
executed, and validated by the authors. The authors assume full responsibility for the accuracy, 
integrity, originality, and scientific soundness of the work presented in this manuscript [34], [35]. 
 
2.7 Ethical Clearance Statement 
Ethical Approval — This research did not involve human participants, animal subjects, or any form of 
clinical intervention. The inputs utilized during system evaluation consisted solely of simulated test 
scenarios developed for validation purposes and did not include any identifiable personal or medical 
information. The proposed expert system is designed as an early risk assessment and decision-support 
tool rather than a clinical diagnostic instrument. Because the study was limited to computational 
modeling, rule-based reasoning, and simulated data, formal ethical clearance was not required. The 
system outputs are intended to promote consultation with qualified medical professionals and are not 
a substitute for clinical diagnosis or medical treatment. 

3. Results 

3.1 Multi-Scenario Evaluation 
Five structured evaluation scenarios were constructed to simulate different symptom patterns. The 
aggregated results generated by the enhanced Certainty Factor inference engine are summarized in 
Table 2. 
 

Table 2. System output across five evaluation scenarios 
Test Case Top Condition Risk Level 
Case 1 – CKD Pattern Chronic Kidney Disease Moderate Risk 
Case 2 – AKI Pattern Acute Kidney Injury High Risk 
Case 3 – Kidney Stone Pattern Kidney Stone Risk Moderate Risk 
Case 4 – Glomerulonephritis Pattern Glomerulonephritis Risk Moderate/High Risk 
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Case 5 – Minimal Symptoms No Significant Risk No Significant Risk 
 

The evaluation demonstrated that the system produces differentiated risk outputs across conditions. 
Case 1 activated Chronic Kidney Disease rules, resulting in a moderate risk classification with 
confidence values above 50%. Case 2 produced a high-risk classification for Acute Kidney Injury due to 
strong symptom alignment and high user confidence values. Case 3 and Case 4 generated moderate 
to high-risk outputs for Kidney Stone and Glomerulonephritis patterns, respectively. Case 5, 
representing minimal symptom input, resulted in no significant risk, demonstrating appropriate 
suppression of unsupported inference. The confidence values observed ranged from low (below 30%) 
to high (above 70%), reflecting variability in both rule strength and symptom certainty. 
 
3.2 Explainability and Evidence Accumulation 
The enhanced MYCIN-style aggregation enabled cumulative evidence modeling. In scenarios where 
multiple rules supported a condition, the combined Certainty Factor increased nonlinearly rather than 
linearly, preserving logical consistency. The explanation trace revealed which symptom combinations 
activated which rules and how each rule contributed to the final risk value. 
 
This behavior demonstrates that the system does not rely on single-rule dominance but instead 
integrates distributed evidence. Such cumulative reasoning aligns with clinical intuition, where 
multiple symptom clusters strengthen suspicion of a condition. 
 
3.3 Explainability and Reasoning Trace Output 
Beyond numerical outputs, the system generates explicit reasoning traces for each valid diagnosis, 
thereby enhancing interpretability and transparency. For instance, in Case 1 (Acne Vulgaris), the 
system identifies “Inflamed red pimples” with a user confidence value of 0.8 and “Pus-filled pimples” 
with a user confidence value of 0.7 as the contributing symptoms that activate the corresponding rule. 
These contributing factors are explicitly displayed in the output, allowing users to trace how their 
reported symptoms influence the final confidence score. This explanation mechanism directly reflects 
the architectural design illustrated in Fig. 1 and the Certainty Factor reasoning flow presented in Fig. 
2. By clearly linking symptom inputs, rule activation, and computed confidence values, the system 
ensures logical transparency. The integration of structured rule representation, Certainty Factor-based 
uncertainty modeling, ranked diagnostic outputs, and explicit reasoning traces confirms that the 
proposed system functions as a transparent and interpretable digital decision support tool rather than 
a black-box classification model. Last, the system’s interface shows in Fig. 3. 
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Fig. 3. The system’s user interface. 

4. Discussion 

The proposed bio-digital expert system demonstrates that enhanced Certainty Factor reasoning can 
effectively support early kidney disease risk assessment under uncertainty. The multi-rule aggregation 
mechanism provides a mathematically consistent framework for integrating expert knowledge with 
subjective user input. Unlike deterministic rule systems, the use of MYCIN-style CF combination 
enables gradual confidence growth as supporting evidence accumulates [30], [36], [37]. 
 
The observed risk differentiation across evaluation scenarios confirms that the system is sensitive to 
both symptom patterns and user confidence levels [30]. High-confidence symptom clusters produced 
high-risk classifications, whereas incomplete or weak evidence resulted in low or no significant risk 
outputs [22], [38], [39]. This graded behavior is particularly important in kidney disease screening, 
where premature or overconfident classification could cause unnecessary alarm. 
 
From an explainability perspective, the system provides transparent reasoning traces linking activated 
rules, symptom inputs, and aggregated certainty values. This transparency distinguishes the approach 
from black-box machine learning models and supports responsible digital health deployment. Users 
are informed that the output represents a risk assessment rather than a clinical diagnosis, reinforcing 
ethical safeguards. 
 
Despite these strengths, limitations exist. The knowledge base is dependent on expert-defined rules 
and does not incorporate adaptive learning from real clinical datasets. The evaluation relied on 
structured test scenarios rather than patient-level clinical validation. Future work may integrate hybrid 
knowledge-data approaches or incorporate longitudinal symptom tracking for improved screening 
robustness. Overall, the proposed system contributes an interpretable, uncertainty-aware, and 
ethically framed digital screening tool aligned with bio-digital health principles and explainable 
artificial intelligence practices. 

Conclusion 
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This study presented a bio-digital expert system employing enhanced Certainty Factor reasoning for 
early kidney disease risk assessment under uncertainty. By integrating structured rule-based 
knowledge representation with MYCIN-style Certainty Factor aggregation, the system enables 
cumulative evidence modeling and graded risk classification rather than deterministic diagnosis. 
Experimental evaluation across multiple structured scenarios demonstrated that the proposed 
approach produces differentiated risk levels consistent with symptom patterns and user-reported 
confidence values, while appropriately suppressing unsupported inferences in cases of minimal 
evidence. The inclusion of an explanation facility further enhances transparency by explicitly linking 
activated rules, contributing symptoms, and aggregated certainty values to final risk outputs. 
Importantly, the system is framed as a risk assessment and decision-support tool rather than a clinical 
diagnostic instrument, reinforcing responsible artificial intelligence deployment in digital health 
contexts. Overall, this research contributes an interpretable, uncertainty-aware, and ethically 
grounded framework for early kidney disease screening, aligning with bio-digital health principles and 
advancing explainable expert system applications in preventive healthcare. 
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