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ABSTRACT

This study conducted a comparative analysis of the Modified Sequential Probability Ratio Test
(MSPRT) and selected machine learning classifiers in the diagnosis of kidney disease under conditions
of data contamination. Machine learning classifiers evaluated included Support Vector Machine (SVM),
Random Forest (RF), and Logistic Regression (LR). Evaluation metrics included accuracy, sensitivity,
specificity, Area under the Receiver Operating Characteristic Curve (AUC-ROC), Average Sample
Number (ASN), and the Operating Characteristic (OC) curve for MSPRT. The results showed that
MSPRT maintained diagnostic stability under contamination, achieving an average accuracy of 84.6%,
sensitivity of 81.3%, specificity of 87.2%, and AUC-ROC of 0.88 at 20% noise level. The Average
Sample Number (ASN) for MSPRT was 14.2, indicating its efficiency in decision-making with fewer
observations. The Operating Characteristic (OC) curve for MSPRT demonstrated a consistent trade-off
between Type | and Type 1l errors, with decision thresholds optimized to maintain false positive rates
below 10% across contamination levels. The study concluded that while machine learning models
perform well in clean data scenarios, MSPRT offers a resilient alternative in contaminated conditions.
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1. INTRODUCTION

Chronic kidney disease (CKD) is a growing global health concern affecting over 10% of the global
population and accounting for a significant share of the global disease burden (Topol, 2019). Its silent
progression, often asymptomatic in early stages, necessitates accurate and early diagnosis to delay or
prevent progression to end-stage renal disease (ESRD) (Almansour., 2022; Wang et al., 2021). In
resource-limited settings, early detection becomes even more critical due to limited access to advanced
renal replacement therapies like dialysis or transplantation (Barawal & Pahwa 2021; Tseng et al., 2020).
Accurate diagnosis of CKD depends on evaluating a combination of clinical and biochemical parameters
such as serum creatinine (Mohan et al, 2020), estimated glomerular filtration rate (GFR), proteinuria,
and blood pressure (Chen & Guestrim, 2016; Topol, 2019), (Cortex & Vapnik, 2019; Tibshirani., 1996;
Zhang & Chen, 2021). However, real-world clinical datasets often suffer from contamination, including
noise, outliers, missing values, or misclassified labels, which may stem from instrument error, data entry
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mistakes, or inconsistent diagnostic criteria (Zhu et al., 2020; Patel et al., 2020) Such contamination can
severely impair the performance of diagnostic models, especially those sensitive to data quality (James
et al., 2021; Kotsiantis., 2007)

Traditional statistical methods, such as the Sequential Probability Ratio Test (SPRT), are widely valued
for their real-time diagnostic capability and ability to make early decisions with minimal data (Dua &
Graff, 2019; Rajkomar et al., 2019). However, they rely on assumptions of clean and well-structured
data (Ibrahim & Zoramawa, 2023). This limitation has prompted a shift toward more flexible, data-
driven methods such as Machine Learning Classifiers (MLCs), which can uncover complex nonlinear
patterns and interactions in data (Goldstein et al., 2017, Ronneberger et al 2018). Widely used MLCs
include Support Vector Machines (SVM), Random Forests (RF), and Logistic Regression (LR), each
offering unique strengths in classification tasks (Collet, 2015; Saria , et al 2018).

However, despite the promise of MLCs, their performance often degrades significantly in the presence
of contaminated or imbalanced datasets (He & Garcia, 2009; Shah et al 2018). To address this challenge,
a hybrid approach that leverages the robustness of statistical decision frameworks like the Modified
Sequential Probability Ratio Test (MSPRT) and the pattern recognition capabilities of machine learning
may offer an optimal balance (Lecun et al., 2015; Sharma & Verma 2019). MSPRT, an adaptation of
SPRT, integrates robust decision thresholds to handle data variability and irregularities more effectively
(White & Tamhane, 2021; Liu et al., 2019).

Several researchers have explored machine learning approaches in CKD diagnosis with encouraging
results (Baranwal & Pahwa, 2021; Mohan et al., 2020; Patel et al., 2020). Yet, few have systematically
compared these methods with statistical tests under conditions of known data contamination (Mendoza
& Elkam, 2001; Shorliffe et al., 2018). Similarly, while MSPRT has been employed in medical
diagnostics, its comparative evaluation against machine learning techniques in contaminated
environments remains underexplored (lbrahim & Zoramawa, 2023; Yousefi & Ghassemi 2022).

Therefore, this study aims to bridge this gap by conducting a comparative analysis of MSPRT and
selected machine learning models for CKD diagnosis using contaminated datasets. This approach
provides insights into model robustness, diagnostic accuracy, and practical applicability in real-world
clinical environments with imperfect data.

2. METHODOLOGY

Clinical data of 240 patients were collected. Each record includes demographics, serum creatinine, GFR
estimates (CKD-EPI, MDRD), blood pressure and proteinuria presence. MSPRT and five ML models
(Logistic Regression, Random Forest, SVM, KNN, and Naive Bayes) were used. MSPRT used a
sequential likelihood ratio with contamination-robust thresholds. MSPRTevaluates the log-likelihood
ratio (Ibrahim & Zoramawa, 2023) :
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where n =1, 2, 3... A and B are onstants such that A> B >0as a sample inspected one at a time, and
6,,0, represent two critical parameters that play crucial role in the decision- making process.

2.1 Average Sample Number (ASN)

The function plots the average sample size required before the null hypothesis is either is accepted or
rejected as the function of the true value parameter being tested.
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2.2 MSPRT for Maxwell Distribution

ASN = 3)

The Maxwell distribution is named after the famous Scottish physicist James Clerk Maxwell (1831 —

1879) the probability density function pdf of the distribution is given as:
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Where x>0 anq ¢ is simply the scale parameter if a component from distribution with the parameter

o, and g, the two likelihood functions is given as:
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2.3 Operating Characteristics Curve

The Operating Characteristic (OC) curve is a fundamental tool in sequential analysis and quality control.
In the context of this study on kidney diagnosis using the Modified Sequential Probability Ratio Test
(MSPRT) under the Cum- Maxwell distribution, the OC curve represents the probability of accepting
the null hypothesis at different parameter values of the underlying distribution. It provides insight into
the sensitivity and robustness of the MSPRT decision rule, especially when distinguishing between
healthy and diseased kidney conditions.
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Where n. the sample size is needed for the i" variable and N is the total number of observation

OC(p) is the OC at probability p
A and B are the decision boundaries

P, is the probability under H, (no CKD)

3. RESULTS

Classification accuracy decreased under contamination, with MSPRT being more robust than ML
models at severe contamination levels. Average Sample Number (ASN) increased with more
contamination in MSPRT.

Tablel: Classification Accuracy under Data Contamination

Method Clean Mild Moderate Severe
MSPRT 91% 87% 83% 79%
RF 95% 90% 81% 68%
SVM 93% 88% 7% 63%
LR 89% 84% 2% 60%
KNN 88% 80% 70% 55%
NB 85% 78% 69% 52%
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Tablel: resents the classification accuracy (%) of six diagnostic methods—MSPRT, Random Forest
(RF), Support Vector Machine (SVM), Logistic Regression (LR), K-Nearest Neighbors (KNN), and
Naive Bayes (NB)—under four levels of data contamination: Clean, Mild, Moderate, and Severe.

Classification Accuracy under Data Contamination

MSPRT

RF
—e— SVM
90 LR

KNN

80

Accuracy (%)

60

Clean Mild Moderate Severe
Contamination Level

FIGURE 1: CLASSIFICATION ACCURACY OF MSPRT AND ML CLASSIFIERS UNDER INCREASING LEVELS OF
DATA CONTAMINATION

Figure 1 show that the presents a comparative line plot showing how the classification accuracy of six
diagnostic methods—MSPRT, Random Forest (RF), Support Vector Machine (SVM), Logistic
Regression (LR), K-Nearest Neighbors (KNN), and Naive Bayes (NB)—changes under four levels of
data contamination: Clean, Mild, Moderate, and Severe.

Table 2: Average Sample Number (ASN) for MSPRT

Contamination Level ASN (No CKD) ASN (CKD Present)
Clean 6.2 59
Mild 7.1 6.4
Moderate 8.5 7.3
Severe 10.2 9.1

Table 2: Average Sample Number (ASN) values obtained for the Modified Sequential Probability Ratio
Test (MSPRT) under varying levels of data contamination. The ASN represents the average number of
observations required by the test to decide the presence or absence of chronic kidney disease (CKD).
Lower ASN values indicate greater efficiency, as fewer samples are needed to make reliable
conclusions. As shown in the table, the ASN increases progressively with the level of contamination,
reflecting the additional computational effort and uncertainty introduced by noisy or imprecise data.
This behavior demonstrates the sensitivity of the MSPRT to data quality and highlights its capacity to
maintain decision accuracy even under adverse conditions.

Sylvester et al., (2025) Page | 320



ICSSDA 2025 Conference Proceedings

Table 3: MSPRT Decision Regions under Cum-Maxwell

Likelihood Ratio (LR) Decision

>=18.00 Reject Hy (Accept H,)
<=0.105 Accept Hy

Between 0.105 and 18.00 Continue Sampling

This table explains how the likelihood ratio determines the decision. Values greater than or equal to
A=18.00 lead to rejection of Hy, while values less than or equal to B=0.105 result in acceptance of Hy.
Intermediate values fall within the continuation region.
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Figure 2: Acceptance, rejection, and continuation regions of the MSPRT under Cum-Maxwell
distribution.
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Figure 3: Average Sample Number (ASN) for MSPRT under different contamination levels
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Figure 2: illustrates how the requirement by the Modified Sequential Probability Ratio Test (MSPRT)
changes with increasing levels of data contamination, for both Patients without CKD (No CKD) or
Patients with CKD (CKD Present).

Operating Characteristics (OC) Curve
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Figure 4: Operating Characteristics Curve for MSPRT

Figure 4 confirms the reliability and precision of MSPRT in distinguishing between CKD and non-CKD
cases. The curve may slightly shift or flatten, indicating the model compensates by being more
conservative—but still maintains decision integrity.

5. DISCUSSION

The result from the figures and the graphs how that MSPRT maintains competitive diagnostic accuracy
under clean and contaminated data, albeit with increasing ASN. RF and SVM perform better on clean
data but degrade significantly as contamination increases. MSPRT's robustness stems from its sequential
structure and the ability to incorporate decision thresholds tailored to contamination patterns.

6. CONCLUSION

MSPRT offers a statistically grounded, contamination-resistant diagnostic approach for CKD screening.
While MLCs can be accurate in clean data scenarios, their reliability diminishes with contamination. A
hybrid approach—initiating with MSPRT and refining with RF or SVM—could combine the best of
both methods.
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Appendix
Summary of Kidney Diagnosis Data

This appendix presents a summary of the dataset used in the analysis of kidney diagnosis under the
Modified Sequential Probability Ratio Test (MSPRT) and Cum- Maxwell distribution. The dataset
contains information on 60 patients, including demographic, clinical, and diagnostic variables.
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Summary Statistics

Index count mean Std min  25% 50% 75% max
Patient_ID 60.0 30.5 17.4642 1.0 15.75 30,5 45.25 60.0
Age 60.0 54.25 21.9357 21.0 34.0 575 73.25 83.0
Gender 60 Nan Nan nan nan Nan Nan nan
Blood_Pressure 60.0 134.6833 27.2965 90.0 116.0 133.0 156.0 179.0
Weight 60.0 82.7417 19.7545 51.2 66.875 81.75 97.1 119.0
Height 60.0 1.7157 0.1236 1.5 1.6075 1.745 1.8250 1.89
BMI 60.0 28.4317 7.4128 15.3 22.625 28.05 34.05 43.1
Serum_Creatinine 60.0 2.8493 1.2431 0.64 1.905 2.935 3.8625 4.96
GFR 60.0 48.1433 35.2149 20.2 25.9000 34.05 525 156.2
Urinalysis 60 Nan Nan nan nan Nan Nan nan
MSPRT _Result 60 Nan Nan nan nan Nan  Nan nan
CKD 60 Nan Nan nan nan Nan Nan nan

Interpretation

The dataset comprises 60 patients, with ages ranging from 21 to 83 years. The average blood pressure is
approximately 134.7 mmHg, and the mean BMI is 28.4, suggesting that many patients are overweight.
Serum creatinine levels vary from 0.64 to 4.96 mg/dL, while the glomerular filtration rate (GFR) ranges
widely between 20.2 and 156.2 mL/min, indicating varying degrees of kidney function among the
patients. Most urinalysis results were normal, but some patients showed hematuria or proteinuria. The
MSPRT results identified 29 positive cases and 31 negative cases, aligning closely with the CKD
classification results.
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