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Abstract

Kidney disease remains a major public health concern because delayed diagnosis can increase the
risk of disease progression and adverse outcomes. Conventional diagnostic procedures may rely on
fixed decision rules and may not adequately reflect differences in patient risk. This study developed
an Enhanced Patient-Specific Bayesian Modified Sequential Probability Ratio Test (PS-BMSPRT) for
personalised kidney disease diagnosis by incorporating patient-specific informative prior probabili-
ties into a sequential Bayesian decision framework. The study used the Chronic Kidney Disease da-
taset cited in the original manuscript from the UCI Machine Learning Repository. The dataset con-
tains 400 observations, 24 predictor variables, and one class variable indicating CKD or non-CKD.
The proposed framework was defined by combining prior odds with sequential likelihood evidence
and by using explicit stopping boundaries for diagnostic decisions. Performance was assessed using
accuracy, sensitivity, specificity, precision, F1-score, and area under the receiver operating charac-
teristic curve (AUC). Based on the reported results, the proposed PS-BMSPRT achieved an accuracy
of 95.1%, sensitivity of 94.3%, specificity of 95.8%, F1-score of 94.7%, and AUC of 0.98. The ma-
chine-learning comparison reported XGBoost and Random Forest as the strongest classifiers. How-
ever, the exact hyperparameters, training/validation split, and prior hyperparameters were not re-
ported in the submitted manuscript and must be verified against the original analysis before publi-

cation.

Keywords: Bayesian MSPRT; informative priors; patient-specific risk; chronic kidney disease; se-

quential probability ratio test; machine learning; ROC-AUC.

1. Introduction

Kidney disease remains a major global public health challenge, affecting millions of individu-
als worldwide and contributing substantially to morbidity, mortality, and healthcare expenditure.

Chronic Kidney Disease (CKD) and Acute Kidney Injury (AKI) are particularly concerning due to
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their progressive nature and often asymptomatic early stages, which frequently result in delayed
diagnosis and treatment (Hastie ef al, 2009). According to the Global Burden of Disease study, kid-
ney diseases have experienced a significant increase in prevalence and mortality over recent dec-
ades, emphasising the need for more accurate and timely diagnostic strategies (GBD Chronic Kid-
ney Disease Collaboration, 2020; Iftikhar et al, 2023). Early detection is critical because prompt in-
tervention can slow disease progression, reduce complications, and improve patient outcomes
(Levey & Coresh, 2012; Kourou et al 2015; Jain & Singh, 2018).

Traditional diagnostic methods for kidney disease rely on biomarkers such as serum creati-
nine, estimated glomerular filtration rate (eGFR), albuminuria, and imaging assessments (Nguyen et
al, 2025; Pedregosal et al 20110. While these approaches have demonstrated clinical utility, they often
employ fixed decision thresholds that do not adequately account for patient heterogeneity, disease
progression patterns, or evolving clinical evidence (Levey et al 2003; Stevens & Levin, 2013; Gold-
stein et al, 2017). Consequently, diagnostic decisions may be delayed or associated with increased
rates of false-positive and false-negative classifications, potentially compromising treatment effec-
tiveness and resource utilization Breiman (2001).

Sequential statistical methodologies offer an attractive alternative by enabling decisions to be
made as data accumulate rather than after a predetermined sample size has been reached. The Se-
quential Probability Ratio Test (SPRT), introduced by Wald 1947, Witten et al. (2016), and Zhang ef al,
(2019), is recognised for its efficiency in hypothesis testing, minimising the expected number of ob-
servations while maintaining specified error rates (Stevens & Levin, 2013). However, conventional
SPRT frameworks are typically based on fixed prior assumptions and population-level parameters,
limiting their adaptability to individual patient characteristics and dynamic clinical environments.

Bayesian approaches provide a principled framework for incorporating prior knowledge and
continuously updating diagnostic probabilities as new patient information becomes available
(Chem & Guestrain, 2016). Integrating patient-specific clinical histories, demographic characteristics,
laboratory measurements, and risk factors, Bayesian methods can generate personalised posterior
probabilities that better reflect an individual's disease status (Spiegelhalter, Abrams, & Myles, 2004;
Guyon & Elisseeff, 2003).

Recent advances in personalised medicine have further highlighted the importance of indi-
vidualised decision-support systems capable of adapting to patient-specific variability and uncer-
tainty (Jameson & Longo, 2015; Cortes & Vapnik, 1995). These considerations, this study proposes
an Enhanced Patient-Specific Bayesian Modified Sequential Probability Ratio Test (PS-BMSPRT) for
personalised kidney disease diagnosis (Chandrashekar & Safin, 2014).

The proposed framework extends the traditional SPRT by incorporating Bayesian updating
mechanisms and patient-specific prior distributions, allowing diagnostic decisions to adapt dynam-
ically to each patient's evolving clinical profile (Smyth, 2001; Dua & Graft, 2019). By leveraging indi-
vidualised risk information and sequential evidence accumulation, the proposed method aims to
improve diagnostic accuracy, reduce decision latency, and enhance clinical decision-making com-
pared with conventional approaches (Aljaaf et al 2018; Bansal & Kats, 2019).

The significance of this research lies in its potential to bridge the gap between statistical deci-
sion theory and personalised healthcare. Through the integration of Bayesian inference and modi-
fied sequential testing procedures, the proposed approach seeks to provide a robust and efficient
diagnostic framework capable of supporting early and reliable kidney disease detection (Charma et

al., 2022). Ultimately, the study contributes to the growing body of research on precision medicine
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by demonstrating how patient-specific probabilistic models can be utilised to optimise diagnostic

performance and improve healthcare outcomes (Rajaraman & Ullman, 2021).

2. Materials and Methods

The analysis used the Chronic Kidney Disease dataset from the UCI Machine Learning Repository,
which is the dataset source cited in the submitted manuscript (Dua & Graff, 2019). The UCI record
describes 400 instances, 24 predictor variables, and one class variable, with mixed numerical and
categorical attributes and missing values. The target variable has two classes: CKD and not-CKD.

The dataset is publicly available and was originally collected over approximately two months.

It is directly proportional to the root mean square of the observations and is used in constructing
likelihood ratios for the MSPRT procedure.
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The number of observations is measured along the horizontal axis since both h and h, Linear

functions of n will lie on a straight line. y, and y, The two lines are parallel to each other; this

estimator is used in constructing the likelihood ratio for the MSPRT procedure.
Let o be the maximum type-I error probability and 3 be the maximum type-II error probabil-

ity. The conventional SPRT likelihood-ratio boundaries are
A=(1-B)/er, B=pB/(1 - a1) (4)

The models were evaluated using accuracy, sensitivity (recall), specificity, precision, F1-score, and
AUC. For a binary classifier, let TP, TN, FP, and FN denote true positives, true negatives, false posi-

tives, and false negatives, respectively.

Sensitivity = TP/(TP + FN) ()
Specificity = TN/(TN + FP) (6)
Precision = TP/(TP + FP) (7)
F1-score =2 x (Precision x Sensitivity)/(Precision + Sensitivity) (8)

Ibrahim et al. (2026)



ICSSDA-PRPO01, 21+-24" July, 2026. Proceedings Paaper 40f6

Accuracy = (TP+ TN)/(TP + TN + FP + FN) )

The false-positive rate used in ROC analysis is FPR = 1 — Specificity. The AUC is the area under the
ROC curve and summarises discrimination across classification thresholds. The confidence interval
for AUC should be reported using the method actually used in the analysis (e.g., DeLong or boot-
strap); the original manuscript did not identify the method.

3. Results and Discussions

Random Forest and XGBoost achieved the highest performance. SVM also performed strongly.
KNN showed limitations due to high dimensionality. Ensemble methods outperform single classifi-
ers due to better handling of high-dimensional data.

Table 1. PS-BMSPRT

Model Accuracy (%) Sensitivity (%) Specificity (%) F1-Score (%) AUC
Traditional SPRT 84.5 82.3 86.1 834 0.87
Bayesian SPRT 89.2 87.8 90.5 88.6 0.92
Proposed PS-BMSPRT 95.1 943 95.8 94.7 0.98

Table 1. Diagnostic performance comparison of the SPRT models.

Table 2. SVM and Naive Bayes

Model Accuracy Precision Recall F1-Score
Logistic Regression 95% 94% 93% 93%
SVM 98% 97% 96% 96%
KNN 93% 92% 91% 91%
Naive Bayes 97% 96% 95% 95%
Random Forest 99-100% 99% 99% 99%
XGBoost 99-100% 99% 99% 99%

Table 2. Reported machine-learning performance comparison.

Reproduces the machine-learning results reported in the submitted manuscript. XGBoost and
Random Forest were reported as the strongest models, followed by SVM and Naive Bayes. KNN
and Logistic Regression showed comparatively lower values. These results can support the selection
of high-performing machine-learning components only if the implementation and validation pro-

cedure are documented and reproducible.

Table 3. ROC/AUC Results

Model AUC
Traditional SPRT 0.87
Bayesian SPRT 0.92

Proposed PS-BMSPRT  0.98
Table 3. AUC comparison of the SPRT models.

The reported AUC of 0.98 for PS-BMSPRT indicates excellent discrimination between CKD and
non-CKD cases. The AUC values of 0.87 and 0.92 for traditional and Bayesian SPRT, respectively,
indicate progressively improved discrimination. The manuscript should include the actual ROC
curves generated from the validated analysis and should state how confidence intervals were ob-

tained.
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4. Conclusion
The study concluded that the enhanced PS-BMSPRT model provided a statistically robust and clin-

ically promising approach for personalised kidney disease diagnosis. Its superior performance sug-
gests that combining Bayesian inference with sequential testing and patient-specific information can
improve diagnostic efficiency and reliability. The proposed model therefore represents a valuable
contribution to the development of intelligent and personalised diagnostic systems for kidney dis-
ease. Future studies should validate the model using larger, diverse, and real-time clinical datasets
and investigate its integration with machine learning and clinical decision-support systems to fur-
ther improve its applicability in routine healthcare practice. The findings suggest that integrating
machine learning into clinical decision systems can significantly enhance early detection and patient

outcomes.
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