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Abstract—Medical research requires greater accuracy,
verification, and validation of predictions, particularly in the
era of precision medicine. Today’s technology in the world is
innovative and taking efforts towards precision medicine using
Machine Learning (ML). Biomedical computing becomes easy
by using an intelligent system. Biomedical computing includes
developing novel medical devices and software for diagnosis and
treatment, as well as using computers to analyze medical data
for applications such as drug development, disease prediction,
and medical imaging.

Hypothesis Testing (HT) is used to study the predictions of
intelligent systems that help to analyze and validate the
predictions by mathematical approaches. This paper presents
the parametric and non-parametric statistical methods of HT to
study machine learning predictions on Breast Cancer (BC). The
T-Test and Kruskal-Wallis Test (KWT) are applied to ML
classifiers and studied the test statistic and p-value. The KWT
gives a test statistic and p-value of 3.0000 and 0.3916,
respectively. Hypothesis pruning, Type-I, and Type-II errors of
the null hypothesis need to be studied for a much better way to
verify medical predictions in the future.

Keywords—hypothesis testing, T-Test, Kruskal-Wallis Test, p-
value, and precision medicine

I

Hypothesis Testing (HT) is a statistical technique that
assesses the possibility of a population assumption using
sample data. A Test Statistic and p-value are determined by
the Null Hypothesis (HO) and an Alternative Hypothesis (H1)
[1]. The HO and HI use the collected sample schema for the
simulation process. HT validates the Machine Learning (ML)
performances on supervised, unsupervised, and test statistics
during feature selection [2]. Genome datasets are too vast,
making it challenging to extract them using both supervised
and unsupervised methods [3]. HT provides a baseline to build
semi-supervised methods to extract and encrypt genome
datasets. HO is a significance testing, utilizing a critical
significance level of 0.05, is employed in a clinical decision
support system [4]. The HO implies the Type-I and Type-II
hypothesis errors. The Type-I and Type-II hypothesis errors
are symbolized as o and [, respectively, represented as
diagrammatically shown in Fig. 1.
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Fig. 1: Block Diagram of Hypothesis Testing

Hypothesis Testing

A scientific experiment is conducted to test the hypothesis
that the study results won’t show an effect. After testing, an
HO is either accepted or rejected, depending on several study
characteristics and results, such as the p-value [5]. The
fundamental social issue with the null hypothesis significance
test is that it frequently fails to provide researchers with the
information they believe it does [6]. Because of the way HO
significance testing is carried out, it is quite simple to mistake
statistical ~significance for substantive or theoretical
importance. This environment generates the requirement to
study HI1.

Although the p-value offers a magnitude of the strength of
affirmation against HO, it does not specifically address the
likelihood that HO is correct [7]. HT fails in some cases; in
such cases, hypothesis pruning can help with research [8].
Hypothesis pruning is a technique used in ML to reduce the
number of viable hypotheses, or possible solutions. This
approach is applied in domains such as computer vision to
handle data contaminated by outliers, logic programming to
enhance search efficiency, and natural language processing to
optimize word alignment models.

This work presents the statistical importance of verifying
and validating the performance of ML classifiers. Multilayer
Perceptron (MLP), MultiClass, Random Forest (RF), and
Sequential Minimal Optimization (SMO) are ML classifiers
that measure performance based on Precision, Recall, F1
Score, Kappa Statistics, Mean Absolute Error (MAE), and
Root Mean Square Error (RMSE) [9]. These performances are
used as a schema for the simulation process for hypothesis
result verification. These ML classifiers are applied on Breast
Cancer [Dataset] [10] to predict the location of the tumor in
the breast, represented as a feature c_breast-quad belonging
to a multiclass classification challenge.
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HT applied by using the T-Test and the KWT to study HO
and HI1. These statistical analyses enable a decision support
system in the medical domain to effectively manage chronic
diseases. HT finds the most relevant ML classifiers used for
prediction [11]. Mostly, the accuracy of prediction among all
classifiers is considered the better-performing approach of
classification. However, HT is used to study the overall
performance of the approach, which indicates another aspect
of classifier performance that gives them justice.

II. LITERATURE REVIEW

HT applied supervised and unsupervised approaches of
ML for statistical analysis, feature selection, verification, and
validation of predictions, and data types in [2]. The authors
included the confusion matrix, specificity, sensitivity,
accuracy, precision, recall, correlations between the features,
and F1 score as performance measures. The limitations of HT
and ML are discussed in [12], which states that by
implementing a human brain and machine interface, the
decision-making capacity can be collectively enhanced in
chronic diseases such as cancer and heart disease. ChatGPT
4.0 generates a hypothesis on colorectal cancer is an example
of the application of Artificial Intelligence (AI) used to study
the research hypothesis on diseases like cancer [13]. The
universal application of Al in research heralds a revolution of
creativity, where Al and humane collaborate to solve complex
problems in cancer detection.

Statistical analysis test performed and using p-value,
breast lesion surgical evaluation is studied before and after
COVID-19 [14]. The authors studied the impact of COVID-
19 on patients’ determination regarding whether to seek a
second opinion from health experts or opt for surgical
treatments. A statistically significant difference in lesion
contrast-to-noise ratio between the two types of imagery was
assessed using a paired T-Test in [15]. It determined whether
there were statistically significant variations between the b-
values selected by various evaluation techniques or clinical
groupings. In [16], Fisher’s Exact Test and T-Test are used to
study the features associated with the predictions of biopsy
mammogram images and screening examinations of abnormal
and normal cell images.

The HT investigation focuses on determining how
different kinds of human involvement in AI-ML co-operation
impact the accuracy of demand predictions under various
contextual circumstances, including product creativity or
uncertainty [17]. Al research in the medical domain always
looks for prediction validation. The importance of HT and p-
value in medical research is discussed in [18] to determine the
validity of scientific predictions, especially when analyzing
the results of medical therapies, comprehending biological
processes, or determining correlations between features. T-
Test, KWT, p-value, and o discussed in [19] and stated
statistical significance for predictions, especially in the
medical area, to solve the problem through problems.

Mathematical model heuristics is a tactic that supports
real-time problem-solving approaches that subdivide the big
problem into subproblems and solve the subproblems.
Approaches of heuristics are explained in [20]. The author
supports real-time problems like disease studies in the medical
domain are solved by applying heuristic approaches, e.g, to
study the pattern of features, divide the complex problems into
subproblems, work backward manner, etc. The authors
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proposed a graphical interface in the R environment [21] for
non-parametric approaches like the KWT, Chi-Square, Fisher
Exact, and Wilcoxon Test, etc., to use the hypothesis testing
for interpreting the results.

A critical analysis of statistical significance testing in
machine learning model comparisons suggests in [22] that a
paradigm change away from the traditional dependence on p-
values and T-Tests is urgently needed. Despite their
foundational nature, these traditional methods have certain
shortcomings, including a tendency to misread, results that are
virtually useless because of sample size sensitivity, and an
inability to adequately capture the breadth and unpredictable
nature of observed effects. In the rapidly evolving field of ML,
this over-reliance has resulted in a “statistical debt” that
manifests as a reproducibility crisis where many published
results may not withstand additional scrutiny.

1. METHODOLOGY

This work uses the T-Test in two conditions and the KWT
to study the hypothesis. A hypothesis is an assumption about
reality with validity that has not yet been established. HT is
applied to the performance of ML classifiers. These
hypothesis studies provide the baseline to validate the
performance metrics. It will help to solve real-world
challenges in chronic diseases (cancer, diabetes, and heart
disease) by simplifying their complexity.

A. T-Test

It is a statistical approach of HT, a type of parametric test.
For numerical data, parametric tests employ parameters such
as the mean and make hypotheses about the statistical
distribution of the population (e.g., health, disease, drug
distribution). The T-Test investigates whether there is a
significant difference between the means of two groups,
illustrated in Equation (1).

difference between means

M

T-Test applied in two conditions, Paired and Independent
T-Test, which are detailed below.

" standard deviation (o) from mean

a) Paired T-Test: It compares the two paired samples.
In the simulation schema classifier, MLP is paired with other
classifiers for comparison. The HO in the paired T-test
contains the zero mean difference between the pairs, while in
H1, the mean difference is not zero.

b) Independent T-Test: This test represents a
significant difference between the separate samples or
groups. Each classifier with its performance metric compares
independently. The HO in the Independent T-Test considers
that the mean value in both groups is are same. There is no
difference between the two groups. On the other hand, in the
case of HI1, the mean value in both groups is not equal. There
are differences between the two groups.

B. Kruskal-Wallis Test (KWT)

It is employed to determine whether many independent
groups vary from one another. It works well with a tiny
schema. The KWT is an analysis of variance. In the schema,
every variable has a rank. First place goes to the greater value,
second place goes to the lower value, and so forth. Just rank
the first group first, followed by the second, and then sum up
the ranks for the other groups. Next, add up all of the ranks in
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every group. The HO is that there is no difference between the
independent groups, and H1 is the a difference between the
independent groups. It is a non-parametric test.

Key Terms: The performances of the HT are studied by
using the test statistic and p-value, which are discussed below.

a) Test Statisticc In a hypothesis test, it is a
standardized number that is computed from sample data to
ascertain how far the sample data deviates from the HO. It
assists statisticians in determining whether to reject the HO by
quantifying the difference between the observed data and the
HO. To determine statistical significance, the test statistic’s
value is either compared to a critical value or utilized to
compute a p-value.

b) p-value: 1t is the hypothesis’s statistical
significance. If the HO proves true, it is known as the
possibility of the observations plus even more severe
outcomes.

IV. DATA PREPARATION

MLP, MultiClass, RF, and SMO classifiers predict the
location of tumors in the breast that belong to multiclass
classification [9]. The success metrics are Precision, Recall,
F1 Score, Kappa Statistics, MAE, and RMSE. For the
simulation purpose, these predictions are depicted in Table I.
The ML classifiers are used on the Breast Cancer [Dataset]
[10] to predict the multiclass classification. As Table I
illustrates, the SMO gives higher predictions than other
classifiers; however, to verify the predictions, the T-Test and
KWT are applied to the classifiers’ performance.

TABLE L. DATA USED FOR HYPOTHESIS TESTING [9]
SN | Smecess | ayp | MultiClass | RF SMO
Metrics
1 | Precision | 0.337 0.350 0.254 | 0375
2 | Recall 0.326 0372 0.256 | 0.442
3 | FlScore | 0.329 0.360 0.253 | 0.405
Kappa -
4| Goies | 00136 | 00563 | 001211
5 | MAE 02738 | 02762 | 0.2871 | 0.287
6 | RMSE 0.4641 | 0.4009 | 04216 | 03817

The UCI repository provides five different kinds of
datasets of the disease BC [23]. Breast Cancer [Dataset] [10]
is one of them, which is used for the simulation to predict the
location of tumors. This dataset contains 10 features of cancer
named as ‘c_age’, ‘c_menopause’, ‘c_tumor-size’, ‘c_inv-
nodes’, ‘c_node-caps’, ‘c_deg-malig’, ‘c_breast’, ‘c_breast-
quad’, ‘c_irradiat’ and ‘c Class’. The feature ‘c_breast-quad’
is considered a target class for the predictions of tumor
location.

V. RESULTS

T-Test applied on classifiers’ predictions to verify the
predictions; however, for the T-Test, the sample size is
minimal, as depicted in TABLE II and TABLE III. In both
conditions of the T-Test, gets test statistic and p-value are
NaN. This motivates the HT by using a non-parametric
approach, i.e., the KWT. The test statistic and p-value of the
KWT are 3.0000 and 0.3916, respectively, represented in
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TABLE IV. KWT applied to MLP, MultiClass, RF, and SMO
classifiers discussed in Section I'V. HT aims to study whether
their performance whether there is a significant difference is
present or not and to study the various hypotheses of the
predictions. These tests are flexible for a small amount of data
on several samples or groups. The test statistic and p-value of
the KWT are the same, indicating that there is no significant
difference between the performance of classifiers, which
indicates there is no difference between the clinical prediction
of the classifiers.

TABLE II. PERFORMANCE OF THE T TEST: CONDITION 1 -
PAIRED T-TEST
Outcomes of T Test: ..
SN Condition 1 Test Statistic p-value

1 MLP. vs MultiClass NaN NaN
Classifier

2 MLP vs Random NaN NaN
Forest

3 MLP vs SMO NaN NaN

Note: NaN indicates that the test statistic and p-value could not be
computed due to insufficient data. For the Kappa Statistics, invalid
conditions occurred for the paired t-test.

TABLE III. PERFORMANCE OF THE T TEST: CONDITION 2 -
INDEPENDENT T-TEST

SN Outcomes of T Test: Condition 1 Test Statistic p-value

1 MLP vs MultiClass Classifier NaN NaN

2 MLP vs Random Forest NaN NaN

3 MLP vs SMO NaN NaN

The significance level is measured by the p-value. If the p-
value is equal to or less than 0.05, then HO is rejected. In the
simulation approach, KWT gives a p-value of 0.3916,
illustrated in TABLE IV, which is greater than the
significance level. The HO is not rejected, although there is no
significant difference. Also, the p-value indicates the ideal
situation for the H1, but H1 is false because 0.3916 is much
higher. In this situation, hypothesis pruning, a, and p need to
be studied in the future. Additionally, it highlights the
importance of non-parametric approaches in medical research.

TABLE IV. PERFORMANCE OF KWT
SN QOutcomes of KWT Test Statistic p-value
1 Precision 3.0000 0.3916
2 Recall 3.0000 0.3916
3 F measure 3.0000 0.3916
4 Kappa Statistics 3.0000 0.3916
5 MAE 3.0000 0.3916
6 RMSE 3.0000 0.3916

The medical diagnostic metrics, which are crucial for the
identification of breast cancer, show that SMO has a minor
clinical advantage in sensitivity and F1 score. The clinical
predictions of the machine learning classifiers will be
discussed in Section VI.
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VI. DISCUSSION

This research demonstrates the application of statistical
hypothesis testing methods to validate the performance of
machine learning classifiers used for breast cancer prediction.
The study compared four classifiers—MLP, MultiClass, RF,
and SMO — using performance metrics such as Precision,
Recall, F1 Score, Kappa Statistics, MAE, and RMSE. The
results from the KWT produced a p-value of 0.3916, which is
greater than the significance level a = 0.05. Therefore, the HO
cannot be rejected, indicating that there is no statistically
significant difference in the performance of the classifiers. In
this case, the H1, which suggests a significant difference
between classifier performances, is not supported. This
outcome implies that all evaluated classifiers perform
comparably on the breast cancer dataset.

From a medical diagnostic perspective, this finding
highlights the importance of statistical validation in machine
learning research. While classifier metrics such as Precision,
Recall, and F1 Score reflect individual performance
tendencies, hypothesis testing ensures that these differences
are not due to random variation. Such statistical reliability is
crucial in sensitive applications like cancer diagnosis, where
false positives or negatives may directly impact patient
outcomes. Future work may extend this study by
incorporating larger and more diverse datasets, optimizing
model architectures, and applying additional non-parametric
tests to strengthen statistical inference. Integrating hypothesis
testing with explainable Al could also enhance clinical trust
and decision-making reliability in cancer diagnostics.

The statistical outcomes indicate that the machine learning
classifiers for BC predictions performed comparably, as
discussed.

1) No single classifier is superior: It cannot claim that, for
example, MLP is better than Random Forest for detecting
breast tumors based on these metrics.

2) Decision-making: Since classifiers perform similarly,
one might choose a classifier based on computational
efficiency, ease of implementation, or interpretability rather
than performance.

3) Sensitivity  (Recall) importance: In  medical
diagnostics, high sensitivity is crucial to minimize false
negatives (missing actual cancer cases). If all classifiers have
similar sensitivity, they are equally reliable in catching
positive tumor cases.

4) Null hypothesis stands: Because HO is not rejected, we
cannot support the idea that any classifier is statistically
better. For future studies, we need larger datasets or more
discriminative features to detect meaningful differences.

VII. CONCLUSIONS

This study presents a statistical evaluation of ML
classifiers for predicting breast tumor locations. Both
parametric (T-Test) and non-parametric (KWT) hypothesis
testing methods were employed to assess classifier
performance. The KWT demonstrated superior flexibility in
evaluating the null and alternative hypotheses compared to the
t-test. The obtained test statistic (3.0000) and p-value (0.3916)
indicate that the HO cannot be rejected. However, KWT states
the no significant difference between ML classifiers’
predictions regarding the tumor locations. All classifiers are
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comparable, and if collectively considering the predictions of
classifiers, that motivates the screening test of patients to
identify the tumors in the real world for precautionary
purposes. The KWT is suitable for small-scale data with
multiple classifier groups. Future work will focus on
hypothesis pruning and the analysis of Type I (o) and Type II
() errors to enhance medical decision support systems.
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