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ABSTRACT

Machine learning (ML) has significantly transformed biomedical research, leading to a growing interest in model development to
advance classification accuracy in various clinical applications. However, this progress raises essential questions regarding how
to rigorously compare the accuracy of different ML models. In this study, we highlight the practical challenges in quantifying the
statistical significance of accuracy differences between two neuroimaging-based classification models when cross-validation
(CV) is performed. Specifically, we propose an unbiased framework to assess the impact of CV setups (e.g., the number of
folds) on the statistical significance. We apply this framework to three publicly available neuroimaging datasets to re-emphasize
known flaws in current computation of p-values for comparing model accuracies. We further demonstrate that the likelihood of
detecting significant differences among models varies substantially with the intrinsic properties of the data, testing procedures,
and CV configurations of choice. Given that many of the above factors do not typically fall into the evaluation criteria of
ML-based biomedical studies, we argue that such variability can potentially lead to p-hacking and inconsistent conclusions on
model improvement. The obtained results from this study underscore that more rigorous practices in model comparison are
urgently needed in order to mitigate the reproducibility crisis in biomedical ML research.

Introduction

Machine learning (ML) has frequently been adopted in biomedical research in the past decade'-2, with the number of ML-based
investigations since 2010 being approximately 10 times greater than before 2010, according to data from Google Scholar
(Search words "machine learning for biomedical"). Unlike classical statistical methods that are primarily bounded by univariate,
population-level inference, data-driven ML bypasses the previous need for extensive prior assumptions on the data, explores
complex multivariate relationships, and generates individual-level predictions®>. As such, the fast-evolving Al field has
witnessed thousands of new ML models developed each year, many of which demonstrate enhanced predictive capabilities in
specific clinical applications®®. While these endeavors have greatly advanced the frontiers of biomedical sciences, there is no
common strategy to determine whether one model is indeed more accurate than another.

In light of the reproducibility crisis in biomedical research, researchers increasingly prioritize assessing the accuracy of
models on external datasets across multiple independent studies'%!?. However, several challenges arise when using external
datasets, such as obtaining access to data specific to the clinical cohort of interest and aligning and standardizing data obtained
from different studies'>~1>. Therefore, cross-validation (CV) based on a single data set remains a prevalent procedure for
assessing ML models. In a CV setting, the data at hand are split into K folds, where K — 1 folds are used to train the model
and the remaining fold becomes the test data. The training and testing procedure repeats until all the folds have been used
for testing. Compared to assessments based on a single test set, the CV procedure is particularly favorable in analyzing
small-to-medium-sized datasets, such as those used in neuroimaging studies with N < 1000, to mitigate the potential high
variance in accuracy associated with limited testing samples!®17.

When developing a new ML model for a specific biomedical application, researchers often compare the accuracy of
the proposed model with existing state-of-the-art methods. In reporting the results, researchers have a strong incentive
to “bold” their proposed model in the table of comparison to highlight the improved accuracy. To statistically justify this
improvement, researchers often use hypothesis testing to derive p-values quantifying the statistical significance in the accuracy
difference. Several theoretical and practical challenges arise when performing hypothesis testing on accuracy scores from the
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Figure 1. A framework for comparing two classifiers with the same intrinsic predictive power using a K-fold cross-validation
repeated for M times. In each of the K x M training runs, the trained classifier undergoes two perturbations (perturbation level
controlled by E), one along direction +v and the other along —v, resulting in two perturbed models. The positively perturbed
model and the negatively perturbed model are subsequently evaluated on the test dataset. After the K x M runs, a statistical
hypothesis test compares the two sets of accuracy scores to yield a p-value quantifying the statistical difference between the
two models. This entire procedure is repeated multiple times to derive the distribution of p-values.

CV setting!® 1. For example, the overlap of training folds between different runs induces implicit dependency in accuracy
scores, thereby violating the basic assumption of sample independence in most hypothesis testing procedures and may impact
the normality of data distribution and the assumption of equal variance across groups. Although previously discussed in the
literature, these issues still receive little attention among biomedical researchers or even ML practitioners. Moreover, largely
unclear is to what extent the specific setup of CV (e.g. the choice of K) could potentially impact the test outcome.

Assessing the impact of CV setups on model comparison outcomes is inherently difficult, as whether a model is "superior"
to another depends on other factors including model input dimension, training sample size, noise level, etc. We address this
ambiguity by proposing an unbiased framework to disentangle the influences of these factors on model comparison and only
focus on assessing the impact of CV setups on the statistical significance of accuracy differences between models. We apply
this framework to compare models in classification tasks in three neuroimaging studies. Based on hundreds of thousands of
training and testing runs of different ML classifiers on these datasets, we re-emphasize that some popular practices in deriving
p-values for model comparison in the CV setting are fundamentally flawed. Moreover, we further reveal that the sensitivity of
the statistical tests for model comparison varies with numerous factors that are often not considered as important in many ML
studies. Overlooking these issues could lead to the potential for p-hacking. Given CV remains the primary model assessment
procedure for a large number of biomedical studies®’, our results highlight the need to seek unified and unbiased testing
procedures to avoid exacerbating the reproducibility crisis in the ML era?!.

Results

A Framework for Comparing Model Accuracy based on Cross-Validation
We first describe our framework for assessing the statistical significance of accuracy differences between two classification
models evaluated by "repeated” CVs”>>23, a practice that has been shown to be problematic but is still frequently adopted by
researchers. In repeated CV, the two models are both trained and evaluated using a K-fold (stratified) CV that is repeated for
M times. The resulting K x M accuracy scores associated with either model are then compared by a statistical test. We now
investigate whether this testing procedure can consistently quantify the statistical significance of the difference in classification
accuracy with different choices of K and M.

In designing this framework, we first note that the accuracy of ML models generally depends on the dataset and sample
size (e.g., training non-linear models generally requires more data than training linear models, so non-linear models are only
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more predictive when training data is sufficient). It poses a challenge to disentangle the impact of CV setups on the accuracy
difference between models. Therefore, we refrain from comparing models with different underlying algorithms but instead
propose a framework to construct two classifiers with the same "intrinsic" predictive power (Fig. 1); that is, for any dataset,
there is no theoretical algorithmic advantage of one model over another, and the observed accuracy difference between two
models is only created by chance. Specifically, we create two classifiers by executing the following steps:

Step 1: Randomly choose N samples from each class;

Step 2: Create a random zero-centered Gaussian vector with standard deviation of é, where E is a predefined parameter called
the perturbation level. The dimension of the vector equals to the number of features;

Step 3: In each of the K x M validation runs, train a linear Logistic Regression (LR) on the training data;

Step 4: Create a perturbed model by adding the random vector to the linear coefficients of its decision boundary;
Step 5: Create a second perturbed model by subtracting the random vector from the decision boundary;

Step 6: Evaluate the accuracy of two perturbed models on the testing data;

Step 7: Use a certain hypothesis testing procedure (e.g., paired 7-test) to produce a p-value quantifying the significant difference
in prediction accuracy across the K x M testing folds.

In this framework, the perturbations along two strictly opposite directions ensure that the magnitude of the discrepancy
between the two models is strictly linked to the perturbation level E. In doing so, the observed accuracy differences between the
two perturbed models is due simply to chance rather than to their intrinsic differences (e.g., one model has a superior algorithm
design or is better suited to a specific sample size than the other model). Ideally, one would want to consistently quantify
statistical significance of that difference regardless of the choices of K and M. In the following sections, we will demonstrate
that in practice, one model can appear statistically significantly better than another based solely on variations in the choices of
K and M.

Model Comparison Using Paired z-test

We applied the above framework to compare model accuracy in three neuroimaging-based classification tasks: 1) classifying
222 healthy control subjects vs. 222 patients with Alzheimer’s disease based on T1-weighted MRI released by the Alzheimer’s
Disease Neuroimaging Initiative (ADNI)?* study; 2) distinguishing 391 individuals with autism spectrum disorders (ASD)
from 458 typically developing controls based on resting-state functional MRI released by the Autism Brain Imaging Data
Exchange (ABIDE I) Dataset>; and identifying sex of 6125 boys and 5600 girls based on (head size corrected) T1-weighted
MRI released by the Adolescent Brain Cognitive Development (ABCD) study?®. Neuroimaging data of all three datasets were
preprocessed into tabular measurements as the input features to the classification (See Section Methods).

A commonly misused procedure for comparing model accuracy is to use a paired ¢-test to compare the two sets of K x M
accuracy scores from two models. To further illustrate this flaw, we applied the proposed framework (Fig. 1) to each of the three
neuroimaging datasets to investigate the outcomes of the z-test based on various CV setups with different K, M combinations.
In each K, M setup, we repeated the framework 100 times and recorded the average p-value of the corresponding statistical test.

In this experiment, we focused on balanced classification by setting the number of random samples N = 500 for ABCD,
N =300 for ABIDE, and N = 222 for ADNI. We chose E (in Step 2) for each dataset such that the resulting p-values were
roughly on the same level. Supplement Fig. S1.1 a-f confirms that in all three classification tasks, the (unperturbed) Logistic
Regression classifier achieved a classification accuracy significantly higher than chance in all K, M setups. Notably, changing K
from 2-fold CV to 50-fold CV resulted in higher average classification and larger variance in accuracy over folds. Next, we
compared the accuracy of the two perturbed classifiers in all three datasets. Based on the proposed comparison framework,
Fig. 2a-c shows the range of p-values (quantifying significant accuracy differences) based on 2-fold or 50-fold CV, without
repetition (M=1) or repeated for up to 10 times (M=10). We observe an undesired artifact that test sensitivity increased (lower
p-values) with the number of CV repetitions M and the number of folds K. Furthermore, Fig. 3a-c shows the average p-value
for more K,M combinations. If we used p < 0.05 as the significance threshold, Fig. 3d-f shows the “Positive Rate", i.e,
how likely the two models have significantly different accuracy based on K-fold CV repeated for M times. We can observe
that, despite applying two classifiers of the same intrinsic predictive power on the same dataset, the outcome of the model
comparison largely depended on CV setups, with a higher likelihood of detecting a significant accuracy difference in a high
K, M combination setting. For example, in the ABCD dataset, the positive rate increased on average by 0.49 from M =1 to
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Figure 2. Statistical significance of comparing the accuracy of two Logistic Regression classifiers with the same intrinsic
predictive power via cross-validation: (a-f) In each K, M setup, the framework of Fig. 1 was executed for 100 times. In each
run, a paired z-test compared the K x M accuracy scores of the two perturbed Logistic Regression models. We record box-plots
of the resulting p-values for (a-c) uncorrected z-test and (d-f) corrected ¢-test.

M = 10 across different K settings, and it increased on average by 0.07 from K = 2 to K = 50 across different M settings,
which highlighted the dependence of the p-value on the choice of K and M settings.

As already pointed out in many studies, one major issue of repeated CV is that the K X M accuracy scores are highly
dependent due to the overlap between the test (or training) folds of different validation runs?>2’. This violates the assumption
of sample independence in the z-test. To resolve this issue, a "corrected" version of the paired ¢-test’>2 has been proposed to
control for the dependency across accuracy scores. We then examined whether the corrected ¢-test could avoid the dependency
of test sensitivity on K and M. Results in Fig. 2d-f show that the correction indeed resulted in more conservative p-values than
the regular ¢-tests but still largely influenced test sensitivity. For example, 50-fold CV still resulted in lower range of p-values
than 2-fold CV in all three datasets, and a large number of CV repetitions resulted in the lowest p-values in ADNI. Fig. 3j-1
suggests that the highest positive rate occurred under a combination of large K and M.

Reproducibility of Results
First, we examined whether the observed pattern in Fig. 2 was due to the relatively low classification accuracy in the
neuroimaging applications (N < 1000). We applied the proposed comparison framework of Fig. 1 to two synthetic classification
datasets with N = 10,000 and N = 100,000, with a known Bayes error of 5% (See Methods for dataset creation). Supplement
Figure S1.2 shows that the classifiers achieved high accuracy (92%) in both synthetic datasets. When N = 10,000 (Figure S1.2
a-d), the observed patterns aligned with the neuroimaging-based results, where higher K, M combinations resulted in lower
p-values (greater chance of detecting significant accuracy differences between two perturbed classifiers). When increasing
the sample size to N = 100,000, Supplement Figure S1.2 e-h suggests that compared to N = 10,000, the dependency of the
p-value on M was less pronounced, but higher K still resulted in lower p-values in 80% of the time.

Next, to investigate whether the dependency of p-values on CV setups was specific to linear models, we repeated
the neuroimaging-based experiments to compare accuracy scores between two perturbed Multi-Layer Perceptrons (MLP)

4/14



Uncorrected t-test

o
2 0.4 2
S g
= ?
s o
b 0.3 o
o >
g 0.2 <
>
(8]
u“—
o
3
g £ 04 8
500

z4 I 0208 N 2
.o o o
: EemEw| .|

s e g

v K » Y o O 0P
K: Number of folds K: Number of folds K: Number of folds

Corrected t-test

ADNI
10 (o) AN 10 - (i) [ N ®
7)) [F] =
g E; [ | ] 043
2 g + 2
‘g o - 0.2 2
o
: g -, i :
3 2 R $
s
K L [F)
g o 0.063 2
5 ° - 0.04 o
z 2 2 2
L = | = =
s .g 0.02 8 8
o - 0.000- a
v 9 0 9 0
> o 9
K: Number of folds K: Number of folds K: Number of folds

Figure 3. The average p-value and positive rate (how frequent the two perturbed Logistic Regression models had significant
accuracy difference based on the threshold of p < 0.05 in the 100 runs) were recorded for each K, M combination for
uncorrected 7-test (a-f) and corrected 7-test (g-1).

(Supplement Fig. S1.1 g-1 and Fig. S1.3, where the perturbation (of Step 4) was applied by adding the random vector to the
weights of the last fully connected layer. Supplement Fig. S1.3 suggests similar patterns as in Fig. 2, where the range of
p-values depended on both K and M. Lastly, instead of applying positive or negative perturbations in the framework of Fig. 1,
the model was perturbed by two totally different random Gaussian vectors with standard deviation é We also replaced #-tests
with permutation tests to handle the potential non-Gaussian distribution of accuracy scores. Supplement Figs. S1.4 and S1.5
largely replicate the findings that test sensitivity increased with K and M.

Rank of Sensitivity across ¢-tests, McNemar’s test, and DeLong’s test

In addition to the #-tests, two other commonly used testing procedures for comparing model accuracy are McNemar’s test?®
and DeLong’s test?®. Unlike the z-tests, McNemar’s and DeLong’s tests typically only require one round of CV (M = 1).
Specifically, the classification results are pooled together from the K runs, and the number of correctly classified samples and
the area-under-the-ROC-curve (AUC) are compared between two models by Chi-squared statistics. Based on the framework of
Fig. 1, we then examined whether the sensitivity of McNemar’s test and DeLong’s test depended on the number of folds K. To
do so, we repeated the model comparison framework 100 times for each K setting (similar to the previous experiment) and
recorded the distribution of p-values and positive rates of McNemar’s test and DeLong’s test. Supplementary Fig. S1.6 shows
that these sensitivity levels were more invariant to K compared to the two variants of the ¢-test.

Next, we examined the relative sensitivity among 7-test, McNemar’s test, and DeLong’s test (i.e., which procedure resulted
in the most conservative p-values). We recorded the distribution of p-values and positive rates over all K, M settings in Fig. 4.
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Figure 4. The distribution of p-values and positive rates when applying 4 testing procedures to compare two perturbed models
in 3 neuroimaging-based classification tasks.

This figure shows that the average positive rate for the three datasets were not in the same range and also varied among different
hypothesis testing procedures. For example, in the ABCD classification task, the difference in the average positive rate between
the most sensitive test and the least sensitive test was 0.46 for the Logistic Regression model (Fig. 4c) and 0.51 for the MLP
model (Fig. 4d). Another observation from Fig. 4 is that the overall rank of sensitivity among the 4 procedures was the same
across the 3 datasets: uncorrected ¢-test was always the most sensitive procedure (highest positive rate), followed McNemar’s
test and corrected #-test, and the least sensitive procedure was DeLong’s test.

We investigated whether the rank of sensitivity among the 4 testing procedures remained constant or, alternatively, varied
with CV setups. To investigate this, we repeated the comparison of the two perturbed Logistic Regression models in ADNI
under two perturbation levels. Fig. 5 plots the average p-value over 100 runs for each E,K,M combination, and the shape of
each radar plot encodes the rank sensitivity of the 4 procedures. For example, Fig. 5a suggests that when choosing one-time
2-fold CV to compare two models perturbed at level E = 6, the rank of sensitivity was the same as in Fig. 4, with uncorrected
t-test being the most sensitive procedure (smallest p-values closest to the center) and DelLong’s test being the least sensitive
(largest p-values farthest away from the center). According to the shape changes of radar plots in Fig. 5, the rank of sensitivity
among the 4 test procedures was not constant. The two variants of the 7-test were the most sensitive tests (lowest p-value)
when M = 1,K = 50 (Fig. 5c) but were less sensitive than DeLLong’s test and McNemar’s test under perturbation level £ = 3 in
Fig. 5a,b.

Variability of Test Outcomes in Comparing Different ML Models

Variations in the sensitivity of test procedures based on CV setups may contribute to p-hacking, where one could search through
CV setups and testing procedures to pursue statistical significance of accuracy differences between two models with different
methodological design. To show this, we estimated the accuracy of 5 classifiers, i.e. Multilayer Perceptron (MLP), Logistic
regression (LR), Random Forest (RF), Support Vector Machine (SVM), and K-Nearest Neighbor (KNN), on the three datasets.
For each classifier, we evaluated the accuracy using 25 different CV setups (based on different choices of K and M, see Methods
for the details). The average classification accuracy for each classifier are shown in Table 1. Apart from KNN consistently
achieving the lowest accuracy across all three datasets, the accuracy difference among the remaining 4 classifiers was small,
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Figure 5. 4 testing procedures were applied to compare two perturbed MLP models for classifying 222 controls and 222
patients from the ADNI dataset. The test was repeated 100 times at two different perturbation levels (E), number of folds (K),
and number of CV repetitions (M). Each radar plot records the average p-value over the 100 runs.

with the gap between the most and least accurate classifier being 6%, 3%, and 2%, for ABCD, ABIDE and ADNI datasets,
respectively.

Next, we aimed to detect statistical differences in the accuracy of the 5 classifiers. There were 10 pairs of models to be
compared. For each pair of models, we conducted 100 comparisons by combining the 4 testing procedures with the 25 CV
setups. For each testing procedure, we recorded the positive rate, i.e., percentage of reaching a significance level of p < 0.05
out of the 25 CV setups (Fig. 6). Across all methods and datasets, McNemar’s test, with an average positive rate of 0.44, was
the most sensitive method, followed by the uncorrected z-test at 0.37, the corrected ¢-test at 0.33, and finally, DeLLong’s test,
was the least sensitive, with an average of 0.30. Critically, the test outcomes significantly varied with CV setups and testing
procedures, making it difficult to draw consistent conclusions about whether one classifier was significantly more accurate
than another. For example, in the ABCD classification, only the comparison between RF and LR using DeLong’s test was
consistently insignificant (positive rate = 0). For all other model pairs, there was at least one CV setup and testing procedure
combination that resulted in a statistically significant accuracy difference between the two models. However, none of the
comparisons were significant for all 100 tests, although the comparison of 3 model pairs (KNN vs. RF, KNN vs. SVM, KNN
vs. LR) had a positive rate>0.8 across all 4 testing procedures. These results on ABCD were largely replicated on ABIDE,
where the majority of model comparisons showed inconsistent outcomes; i.e., only a subset of CV setups resulted in significant
outcomes (0<positive rate<1). Lastly, for the ADNI classification, although the classification accuracy was similar across the 5
classifiers with only a 2% difference between the least accurate (e.g., KNN) and most accurate classifiers (e.g. RF), there were
still CV setups and testing procedures that reached statistical significance for model comparisons.

RF SVM KNN MLP LR
ABCD 0.68(0.02) 0.72(0.01) 0.59 (0.01) 0.66 (0.02) 0.69 (0.01)
ABIDE  0.76 (0.05) 0.79 (0.05) 0.62 (0.05) 0.76 (0.05) 0.79 (0.05)
ADNI  0.80 (0.01) 0.80(0.01) 0.78(0.02) 0.79 (0.01) 0.78 (0.01)

Table 1. Mean and standard deviation of classification accuracy of 5 classifiers applied to the 3 datasets based on 25 different
CV setups.
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Figure 6. We compared classification accuracy across 5 classifiers on the 3 datasets. For a model pair, we conducted the
comparison using 4 testing procedures in 25 different CV setups and recorded the positive rate at the p < 0.05 level for each
procedure.

Discussion

Based on a novel framework that evaluates the statistical significance of model comparison in three neuroimaging-based
classification tasks, we first re-iterated the pitfall that using z-test to compare accuracy scores in CV (repeated or not) could
lead to inflated test sensitivity. More importantly, the relative sensitivity among test procedures, including #-tests, McNemar’s
test, and DelLong’s test, was dependent on factors related to CV setup and characteristics of the data. This eventually led to
contradictory conclusions when applying different testing procedures and setups to compare the accuracy of classification
models in neuroimaging studies.

ML has been increasingly used in neuroimaging research to identify biomarkers of neurological and psychiatric disorders,
predict individual differences in behavior and clinical outcomes, and uncover patterns in high-dimensional brain data that are not
easily accessible through traditional statistical methods**->2. To date, CV remains the predominant evaluation strategy, largely
due to the limited sample size in most clinical cohorts and the lack of established benchmark datasets in most neuroimaging
studies. However, despite considerable efforts being invested in ML model design, how to rigorously formulate hypothesis tests
to compare model performance has been largely neglected in the context of CV. Although commonly regarded as a standard
evaluation approach, studies have shown that improper use of CV can lead to issues such as data leakage and inflated accuracy
estimates in small-sized samples>*~3’. Moreover, there is no standard setup for CV: a search of keyword "cross-validation" on
PubMed returned studies that used every single choice of K (number of folds) from 2 to 10, with many other choices beyond
20. In this study, we particularly illustrate that such variability in CV setups can influence the statistical significance of model
comparisons.

Although prior studies have investigated the influence of CV setup on the performance of a single model”, there has been
limited investigation on the influence of CV on the "comparison" between two different models. The difficulty of validating
model comparison outcome lies in the fact there is usually no ground truth in knowing which model works better on a particular
dataset. Every model has its unique assumption about the data and becomes suboptimal when the assumption is violated. As a
result, statistical significance of accuracy difference depends on testing procedures, model choices, and data characteristics. To
alleviate this challenge, our proposed framework aimed to disentangle the impact of model/data choices (by comparing two
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models with the same algorithm complexity and architectural design), so that the observed variance of statistical significance
was only linked to CV setups.

Using this framework, we first re-emphasized a known pitfall that the accuracy scores in CV are not independent sam-
ples?>27:38  Instead, these scores arise from overlapping testing folds (when M > 1) or overlapping training folds (when
K >2,M > 1) and can have an arbitrary sample size by increasing the number of folds or the number of CV repetition (e.g.,
Monte-Carlo CV). This will eventually lead to significant accuracy differences by regular ¢-tests between any two models, even
if they are practically identical. Moreover, increasing the number of folds not only inflates the number of accuracy scores,
but also increases training set size (potentially improving model accuracy) and decreases test set size (potentially increasing
variance of accuracy). These factors jointly influence the characteristics of test statistics in complex ways, making the sensitivity
of model comparisons highly dependent on the CV setup. While overlooked by many researchers, there exists active discussions
on how to resolve the dependency of test sensitivity on CV setups. One common recommendation is to use a fixed setting
5x2 CV, which was suggested in previous simulation studies to have balanced power and Type I error?>>”-3° Our analysis,
however, indicated the 5x2 was one particular setting from the whole K x M spectrum and its theoretical advantage over other
settings seemed unjustified. Another approach is to use corrected paired ¢-tests to control for the dependency, but our analysis
indicated it did not fundamentally address the problem and still led to substantial variation across test setups. Recently, studies
have increasingly used non-parametric approaches*** to quantify the uncertainty of accuracy of a model. However, these
approaches are still primarily used for comparing accuracy with a random null model***3, and it is unclear how to optimally
transfer these approaches to between-model comparison (see Supplement Fig. S1.7 for additional results using bootstrapping).

Based on the proposed framework, our study also indicated that the outcome of McNemar’s and DeLong’s tests exhibited
greater invariant with respect to the number of folds compared to the ¢-tests. However, the remaining problem was that the rank
of sensitivity across the four procedures was not stable, highlighting a persistent challenge. The variability of sensitivity makes
it difficult for researchers to choose a testing procedure aligned with their analytic goals — whether prioritizing conservativeness
or sensitivity. Critically, our analysis shows that conclusions about model comparisons can vary substantially depending
on the chosen testing procedure and CV setup. For any two models, even with a small accuracy gap, there is likely to be a
testing procedure and CV setup that yields statistical significance for the accuracy difference. Given that the choice of testing
procedure/CV setup does not typically fall into the evaluation criteria of ML-based biomedical studies, this highlights a critical
pitfall: the potential for cherry-picking test settings to favor a desired outcome.

Having revealed the problem, the remaining question is what should be the best practices for reducing the variability of test
results related to testing procedures and CV setups? We first note that compared to the substantial literature on controlling Type
I error in traditional statistical tests, we need more discussion on quantifying model difference in the ML setting. While we do
not have a comprehensive solution, here we outline a few directions. When confined to CV on a single dataset, one should at
least consistently use McNemar’s or DeLong’s tests (that are invariant to K) and avoid using different test procedures across
studies to allow for comparable outcomes. Given the ongoing debate on the disadvantage of prioritizing reporting p-values in
scientific research*®8, an alternative view is that researchers should shift attention from p-values to actually effect sizes*®>,
which, in the context of model comparison, means a prerequisite threshold of accuracy increase (e.g. 5%) for determining
meaningful performance difference. In doing so, one can compare models not only by CV but also based on a single accuracy
score from a one-time validation run, e.g., using pre-registration®! in the Open Science framework or testing on an independent
study or a benchmark dataset. This strategy, however, requires sufficient samples in both the train and test data (e.g., in certain
epidemiological studies) to ensure the generalizability of the trained model and robustness of the single accuracy score. Another
strategy would be considering uncertainty in the model prediction alongside the accuracy. A model can present higher accuracy
compared to other models but provide more uncertain predictions. Thus, using criteria such as the negative log-likelihood of
the test dataset can help select the most appropriate model’>~°.

Lastly, there are a few limitations in the current analysis. While our findings are likely to generalize to a wide variety of
biomedical studies, we focused our analysis on measurements from brain MRI data as the sample size is typically below 1,000,
making cross-validation a more appropriate approach to get reliable accuracy estimates of ML models within a single dataset.
A systematic validation across all data types and samples sizes is still needed. Moreover, the investigation needs to be further
expanded to regression analysis where the evaluation metrics and model comparison approaches are substantially different from
classification models. Lastly, our study focused on analyzing statistical tests for model comparison but did not optimize for
data preprocessing, feature selection, and architecture/hyperparameter search. As a result, the trained models might not fully
capture the discriminative signal in the datasets. The reported accuracy might not be on par with the most accurate models in
the literature and should be interpreted with caution.
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Methods

Data Description

The Adolescent Brain Cognitive Development (ABCD) Study: The ABCD dataset®® was used to identify sex based on
structural measurements derived from the T1-weighted MRI of 11,725 participants at their baseline visits (9-10 years old, 6125
boys/5600 girls). From the preprocessed data in the ABCD 5.0 release, we used cortical thickness and brain surface area of 34
bilateral regions defined by the Desikan—Killiany (DK)>’ atlas and volumes of 24 subcortical regions (aseg)’®, yielding 92
input features. Additionally, to account for the possible confounding effect of sex differences in head size, we removed the
effect of head size from the features using linear regression®”. This critical adjustment ensures that the observed variations in
brain measurements reflect true morphological differences, rather than simply differences in head size.

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) Dataset?*: Baseline data from ADNI 1/2/3/GO was used to
distinguish between normal controls and patients with Alzheimer’s Disease (AD) based on preprocessed structural measurements
from the UCSF Cross-Sectional FreeSurfer Data Release. After removing subjects with missing data, we only kept those that
passed the overall quality control by the UCSF Freesurfer pipeline®, resulting in 1088 controls (573 males with average age of
73.66 and 515 females with average age of 71.93) and 222 AD patients (120 males with average age of 74.60 and 102 females
with average age of 73.37). From the 373 brain features capturing cortical thicknesses and volumes of various brain regions, we
selected 59 features based on the criteria defined in®!. Subsequently, features with missing values were removed, resulting in a
final set of 51 features (Supplement Table S1.1). Similar to the ABCD experiments, a regression analysis was applied to the
neuroimaging features to correct for head size variability.

The Autism Brain Imaging Data Exchange (ABIDE I) Dataset?>: This dataset was employed to compare 391 individuals
with autism spectrum disorders (ASD) to 458 typically developing controls based on resting-state functional MRI released
in the ABIDE preprocessed repository (average age: 16.90, 133 males and 716 females). We processed the functional MRI
data by creating a functional connectivity (correlation) matrix from the time series extracted from the CC200 atlas using the
cpac_nofilt_noglobal pipeline™. Only the upper triangle of these symmetric matrices was utilized to avoid redundancy. We
integrated neuroimaging data with demographic information (age at scan and gender) and applied principal component analysis
(PCA) on the resulting 19902 features to reduce the data dimensions to 256.

Synthetic Datasets

We generated two simulated datasets with 10,000 and 100,000 samples to investigate the impact of sample size on the results.
Each dataset was generated using the make_classification function from scikit-learn® library. In each dataset, samples
consisted of 100 features, including 20 informative features that were directly predictive of the class label (n_informative=20),
and 10 redundant features that were linear combinations of the informative ones (n_redundant=10). We introduced 5% label
noise by randomly flipping a subset of the labels (flip_y=0.05), corresponding to a Bayes error of approximately 5%. These
datasets allowed us to assess whether the observed results remain consistent with larger sample sizes, thus addressing potential
limitations due to small datasets.

Classification Models

K-nearest neighbors (KNN): The number of neighbors was set to 5 in the KNN classifier, which employs a uniform weighting
strategy, ensuring that each of the neighbors contributes equally to the voting process.

Logistic regression (LR): The logistic regression was optimized by the efficient L-BFGS solver, using an L2 regularization
with its weight set to 1. The optimization runs for a maximum of 1000 iterations to ensure convergence.

Multilayer Perceptron (MLP): We used a two-layer MLP that utilizes a ReLU activation function and dropout regularization
to enhance model performance and prevent overfitting. The hidden layer has a dimension of 128, and the dropout rate was
0.5. Another linear layer processes the data for the output stage where a sigmoid activation function was used in the last layer
to enable binary classification. The loss function used is binary cross-entropy with logits, and class weights were applied to
handle the imbalanced dataset. Additionally, an early stopping mechanism is implemented to optimize training efficiency and
stop the training process when no further improvement in validation performance is observed. In all experiments, the learning
rate is set to 0.001, the maximum number of epochs and batch sizes are 400, and 100, respectively.

Random Forest (RF): The RF model was configured with 100 trees, utilizing the Gini impurity criterion, which maximize
information gain when splitting nodes. The model employs bootstrapping to enhance the diversity and robustness of the
individual trees, thereby improving the overall performance and reducing overfitting.

Support Vector Classifier (SVC): This model employs the Support Vector Machine (SVM) framework, utilizing the Radial
Basis Function (RBF) kernel to classify data. The SVC is configured with a regularization parameter of 1, and the kernel
coefficient is determined to be the inverse of the number of features.
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The Multilayer Perceptron model was implemented using the PyTorch®® package, while the rest of the models were implemented
using the scikit-learn® package in Python. Unless otherwise specified, default parameter values were used for both frameworks.
The versions used were PyTorch 1.10.0 and scikit-learn 0.24.2.

Cross-Validation Setups for Model Comparison

To conduct model comparison among the 5 classifiers in Fig. 6, we used the same sample size as in Fig. 2, i.e., N = 1000 for
the ABCD dataset, N = 444 for ADNI, and N = 600 for ABIDE. Comparison of any two models was repeated with 25 different
CV setups, with the number of folds in CV set to 2, 5, 10, 25 and 50 folds, and the number of repetitions of CV setto 1, 2,4, 6
and 10.

Data Availability

The ADNI data are public and shared through the LONI Image and Data Archive (IDA) https://ida.loni.usc.edu
under the contingency on adherence to the ADNI Data Use Agreement. To access the data, one would need to apply through
https://adni.loni.usc.edu/data-samples/adni-data/. We used the tabular data, UCSF - Cross-Sectional
FreeSurfer (5.1) [ADNI1,G0O,2] and UCSF - Cross-Sectional FreeSurfer (6.0) [ADNI3]. Subject and measurement selection is
included in the Github code https://github.com/BahramJafrasteh/classifier_test.

The ABCD data are public and shared under authenticated access by The National Institute of Mental Health Data
Archive (NDA). To access the data, one needs to visit https://nda.nih.gov/study.html?id=2147 and select the “ABCD 5.0
Tabulated Release Data” file in the Results section to download the data. We used the tabular data, mri_y_smr_thk_dsk.csv,
mri_y_smr_area_dsk.csv, mri_y_smr_vol_aseg.csv, and abcd_p_demo.csv. Subject and measurement selection is included in the
Github code. The preprocessed ABIDE data are freely available at http://preprocessed-connectomes—project.
org/abide/. Our Github code automatically downloads the data and runs model training and testing.
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