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Abstract

Background and objectives: Normalization can standard-
ize and improve machine learning (ML) performance on omics
data. However, it is unclear whether normalization is associ-
ated with overfitting (i.e., worse cross-dataset performance
than intra-dataset performance). Therefore, we aimed to ex-
amine associations of normalization and regularization with
overfitting of ML on omics data. Methods: Using three paired
transcriptomic and clinical datasets (lung adenocarcinoma:
the Cancer Genome Atlas (TCGA)/Oncology Singapore; mela-
noma: TCGA/Dana-Farber Cancer Institute; glioblastoma:
TCGA/Clinical Proteomic Tumor Analysis Consortium), we ap-
plied ANOVA-based gene selection methods, six normalization
methods, and six ML models to classify cancer patients’ deaths.
Balanced accuracy (BA) and area under the curve (AUC) in in-
tra- and cross-dataset settings were compared using inferen-
tial analyses. Results: Normalization consistently improved
intra-dataset performance (median BA/AUC changes: 0.035-
0.214/0.115-0.279) on all data, particularly with Z_Raw, but
decreased or slightly increased cross-dataset performance
(median BA/AUC changes: -—0.029-0.079/0.029-0.064).
Least Absolute Shrinkage and Selection Operator (LASSO)
model without normalization consistently outperformed most
of the ML models in cross-dataset testing across cancer types.
ML models on all and molecular-alone data showed similar
best performances. Conclusions: Normalization increases
ML's intra-dataset performance and overfitting in three paired
cancer transcriptomic and clinical datasets. Regularized mod-
els such as LASSO appear to mitigate overfitting and achieve
robust cross-dataset performance. Therefore, cross-dataset
evaluation and regularized models are recommended to as-
sess and reduce overfitting, while normalization should be
used cautiously. Adding clinical data seems to have little im-
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pact on ML models’ performance. However, future work on
other diseases and datasets is warranted.
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Introduction

Machine learning (ML) has become a cornerstone of bioin-
formatics, enabling predictive modeling for classification of
diseases and patient outcomes using high-dimensional omics
data.'=# It is particularly helpful in the era of massive pro-
duction and application of high-throughput data.>~7 However,
the generalizability of ML models across datasets remains a
critical challenge due to heterogeneity in experimental plat-
forms, sample populations, and preprocessing techniques,
reaching an F1 of 61% or an area under the curve (AUC) of
the receiver-operating curve of 71% (dropped from 91% in
intra-dataset testing) in cross-dataset testing.8-1* ML models
may indeed exhibit performance biases for sociodemographic
groups.!?2 Normalization is often assumed to enhance model
performance.’/13-17 However, its impact on cross-dataset
performance is largely unknown, particularly for high-dimen-
sional omics data where overfitting risks are high.18-20

A known cause of the ML generalizability problem is the
possible over-reliance on intra-dataset cross-validation for
model evaluation and selection.2!:22 While valuable in many
cases, it suffers from selection bias and leads to overly op-
timistic estimates of a model’s true performance.8:19.20,23
Moreover, preprocessing strategies, such as data normaliza-
tion and aggressive feature selection, can improve perfor-
mance metrics within a single dataset,24-26 but may uninten-
tionally cause model overfitting. This intensive optimization
can paradoxically harm the model’s ability to generalize, a
finding that has been noted in recent studies.'327 Finally,
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feature selection methods (e.g., differentially expressed
gene (DEG)) can improve intra-dataset performance but
may exacerbate overfitting in cross-dataset validation.® The
evaluation of ML performance also faces scrutiny, as intra-
dataset metrics often fail to predict cross-dataset generaliz-
ability.16:28 However, the association between preprocessing
methods and ML's cross-dataset performance is unclear.

Regularization techniques, such as the Least Absolute
Shrinkage and Selection Operator (LASSO),29:30 have shown
promise in reducing overfitting by penalizing model complex-
ity, but their interaction with normalization remains poorly
understood in classifying omics data. Recent studies suggest
that simpler ML models may outperform complex methods in
transcriptomics due to robustness to data variability.2” How-
ever, it is largely unknown whether LASSO or other simple ML
algorithms retain their performance in cross-dataset testing.

Therefore, we investigated the impact of normalization,
regularization, and evaluation strategies on ML performance
in classifying cancer deaths, focusing on cross-dataset per-
formance. Using three pairs of transcriptomic and clinical
datasets, we explored whether normalization can universally
improve performance, assessed the impact of regularization,
and evaluated the trade-offs of preprocessing and feature
selection techniques. Our study may help develop robust ML
pipelines with better generalizability in precision medicine
and multi-omics applications.3!

Materials and methods

Workflow and dataset selection

We searched for cancer transcriptomic datasets with clinical
and death data in cBioPortal,3? that also had at least one
matched dataset with clinical and death data and could be
used for independent cross-dataset testing. Three pairs of
transcriptomic and clinical datasets in cancer were identi-
fied and used, including those of lung adenocarcinoma in
the Cancer Genome Atlas (TCGA) and Oncology Singapore
(OncoSG),33:34 those of melanoma in TCGA and Dana-Farber
Cancer Institute,3°:36 and those of glioblastoma in TCGA and
the Clinical Proteomic Tumor Analysis Consortium.36:37

Specific experimental steps were described previously
and repeated in all three pairs of cancer datasets (Fig. 1).13
Briefly, 90% of randomly selected samples from the training
dataset were used for training with five-fold cross-validation,
while the remaining 10% served as an internal test set. Then
the other dataset was used for cross-dataset testing, and vice
versa. The entire process was repeated at least five times.
Basic modeling factor values and key model hyperparameter
settings were employed across all experimental steps of each
process, including data cleaning, dataset partitioning, gene
selection, normalization, classification model training, pre-
diction, classification performance evaluation, and statistical
analysis (Supplementary Table 1). Python version 3.11.9 64-
bit was used for the code implementation.

The classification outcome/label was binary (living versus
deceased) in all three pairs of datasets. Only the features
shared by the training and testing datasets were used for
model training and testing. After applying the sample inclu-
sion and exclusion criteria (Fig. 2), all remaining samples
with paired transcriptomic and clinical data were carried for-
ward to the downstream workflow. Transcriptomic data are
in RNA-seq FPKM format and are further normalized using
Z-transformation. Some datasets, such as the TCGA and On-
coSG lung adenocarcinoma datasets, are class-imbalanced.
For binary classification, sample numbers with living and de-
ceased are 212:74 in TCGA (total 286), and 125:42 in On-

coSG (total 167). The same 4:1 split (i.e., 80% for training
and 20% for intra-dataset testing) was applied to the mela-
noma and glioblastoma datasets.

Data cleansing

To enable analyses for two datasets, we cleaned the samples
by retaining only those with matching labels, keeping shared
gene features, and filling missing values feature-wise across
molecular data with training-set medians. After this preproc-
essing, the dataset of lung adenocarcinoma included 16,196
gene features and four clinical features: age, gender, tumor
stage, and tumor mutational burden. These features were
chosen because they are shared between the two datasets.
Some features are numerical, while others are categorical,
requiring tailored processing methods.

Gene selection

As in nearly all transcriptomic studies, the number of sam-
ples is significantly smaller than the number of features (e.g.,
16,196 genes in lung adenocarcinoma datasets), leading to
potential multicollinearity and an increased risk of overfitting.
Therefore, feature selection was performed with ANOVA, as
shown before,3:4:13,38-40 while the F-value, which measures
the ratio of these variances, was used to test the null hypoth-
esis that all group means are equal.!3 By setting different
thresholds of P-values, gene sets can be defined accordingly.
For example, genes with P-values below a selected threshold
are designated as DEGs for classification, while those above
a chosen threshold are designated as non-differentially ex-
pressed genes (NDEGs) for normalization. Specifically, gene
selection was performed using the training set only, and the
selected feature sets (DEGs and NDEGs) were then fixed and
directly applied to the internal and cross-dataset testing sets.

Normalization

To evaluate model generalizability on independent external
cohorts and avoid information leakage across cohorts, we fo-
cused on a set of classical nhormalization strategies that can
be applied without joint modeling across cohorts. Since the
transcriptomic data used here were already Z-transformed,
we first examined the effect of classification on both the origi-
nal dataset (Z_Original) and the gene-filtered dataset (Z_
Raw data). We then evaluated binarization (Z_Binary) and
four other reference gene-based normalization methods ap-
plied to Z_Raw data: Non-Parametric Normalization (Z_NPN),
Quantile Normalization (Z_QN), Quantile Normalization with
Z-Score (Z_QNZ), and Normalization using Internal Control
Genes (Z_NICG), as described before (Supplementary Table
2).13.15,41-43 Each normalization method was applied indepen-
dently to training, internal test, and external test datasets.

ML models

We trained six commonly used ML classifiers on differ-
ent training sets using specific hyperparameter tuning set-
tings (Supplementary Table 1), including multilayer per-
ceptron,*44> extreme gradient boosting (XGB),*¢47 logistic
regression,*® LASSO,2° support vector machine (SVM),*° and
random forest.>? Considering the imbalance in the dataset,
class weights were applied in the XGB and SVM models, re-
ferred to as XGB_W and SVM_W, respectively.

Classification performance evaluation

Due to the binary and unbalanced nature of the data in this
study, balanced accuracy (BA) was the primary performance
metric and AUC was the secondary.?122 We also used the
median of the changes (delta) in model performance (versus
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Fig. 1. The workflow that was repeated for each of the three cancer types, including lung adenocarcinoma, melanoma, and glioblastoma. CV, cross-
validation; DEGs, differentially expressed genes; ML, machine learning; NDEGs, non-differentially expressed genes.

Z_Original) to evaluate the impact of normalization methods
on the changes in model performance. A P-value less than
0.05 was considered statistically significant.

Statistical analysis

A layered statistical analysis framework was adopted for mod-
el performance. Following our previous work in Ref.13,28, we
first constructed internal- and external-test “mean perfor-
mance matrices” indexed by combinations of DEG and NDEG
thresholds. The optimal value in the matrix was used as the
representation for the corresponding model-normalization
combination.

The first layer of analysis was based on the underlying
repeated-run results corresponding to each representation
(five repetitions for the internal test and 15 repetitions for

the external test). In order to evaluate the benefit of incor-
porating clinical features during training, we applied Welch’s
t-test to compare model performance under each model-
normalization combination with versus without clinical fea-
tures.>1:52 In the second layer analysis, to assess whether
feature selection and subsequent normalization improved
model performance, we performed within-model paired
comparisons of Z_Original and the other five normalization
methods against the reference Z_Raw using Welch’s t-test.
The third layer analysis was only for lung adenocarcinoma
datasets. To examine the impact of training-set choice on
performance and cross-dataset generalization, Welch’s t-test
was also used to compare the optimal internal-test results
(also the optimal external-test results) obtained when using
TCGA versus OncoSG as the training set.
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Fig. 2. Sample selection flow diagram. CPTAC, the Clinical Proteomic Tumor Analysis Consortium; DFCI, Dana-Farber Cancer Institute; OncoSG, Oncogenomic-
Singapore; OS, overall survival; PATH_M_STAGE, pathologic distant metastasis (M) stage; TCGA, The Cancer Genome Atlas; TMB, tumor mutational burden.

The fourth layer analysis was conducted on multiple “op-
timal model performance tables” generated under differ-
ent training set choices and clinical features settings using
the Wilcoxon signed-rank test.>3:54 Two paired tests were
included: (1) row-wise comparison of Z_Original and the
other normalization methods against Z_Raw; (2) column-
wise comparison of the other models against LASSO. These
analyses were used to evaluate the generalizability of nor-
malization, feature selection, and model effects across dif-
ferent settings.

For each predefined comparison family, we controlled
multiplicity by performing false discovery rate correction via
the Benjamini-Hochberg procedure (q = 0.05). For layers
1-3, our primary goal was to compare mean performance
across independent conditions. Because heteroscedasticity
and unbalanced sample sizes might arise across repeated
runs under different settings, we used Welch'’s t-test for two-
group comparisons.>:52 For layer 4, because comparisons
involved greater differences in settings and distributional
assumptions were harder to satisfy, we used the nonpara-
metric paired Wilcoxon signed-rank test to compare paired
differences.>3.5%

Results

Baseline characteristics of the datasets

The datasets all included transcriptomic and clinical data
(Supplementary Tables 3-5). The outcome was binary living
status. For lung adenocarcinoma, there were 212 alive and
74 deceased patients in the TCGA dataset (total 286) and
125 alive and 42 deceased in the OncoSG dataset (total 167)
at the end of their follow-ups. For glioblastoma, there were
52 alive and 99 deceased patients in the TCGA dataset (total
151) and 35 alive and 62 deceased in the Clinical Proteomic
Tumor Analysis Consortium dataset (total 97). For melano-
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ma, there were 173 alive and 187 deceased patients in the
TCGA dataset (total 360) and 13 alive and 27 deceased in the
Dana-Farber Cancer Institute dataset (total 40).

Performances of ML models on lung adenocarcinoma
data

We analyzed models’ performances under various conditions,
including multiple randomly selected sample combinations
from the internal or external test sets. The best-performing
models, when present, had statistically better BA and/or AUC
than the average performance of all models (Supplementary
Tables 6-21).

Models trained on the TCGA dataset and the OncoSG
dataset exhibited different performances in external data-
sets. We then compared the best internal testing perfor-
mances of models trained on the TCGA dataset with those
trained on the OncoSG dataset under the three conditions
mentioned above. When only transcriptomic data was used,
the performance differences between the two datasets us-
ing the same method were statistically significant (Table 1).
Moreover, the statistical significance of this difference was
even more pronounced in cross-platform external testing.
Models trained on the TCGA dataset showed significantly
better predictive performance on the OncoSG dataset than
the models trained on the OncoSG dataset when tested on
the TCGA dataset. This discrepancy may stem from the fact
that the OncoSG dataset primarily consists of samples from
Asian populations.

For narrative convenience, we referred to the model based
on genetic features and four clinical features as Data group-
ing A, the model using only genetic feature data as Data
grouping B, and the one based on genetic features and three
clinical features as Data grouping C.

We also compared the best performance of ML in internal
testing and that in external testing obtained for data group-
ings A, B, and C (Supplementary Tables 22 and 23). Inter-

| 62-79 65
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estingly, no models exhibited statistically significant differ-
ences, while the prediction performance of models trained on
OncoSG data and applied to TCGA data showed significant
differences under the three conditions.

Modelling with data in three cancer types

In intra-dataset testing across three cancer types (Table 2
and Supplementary Fig. 1), normalization methods consist-
ently improved model performance compared to the refer-
ence Z_Original (no normalization after initial Z-score trans-
formation). Improvements were substantial, as reflected in
BA and AUC, which were as high as 0.814 and 0.889 in lung
adenocarcinoma, 0.756 and 0.807 in melanoma, and 0.803
and 0.887 in glioblastoma, respectively. Across all cancer
types, normalization markedly enhanced intra-dataset pre-
dictive performance for death classification, with Z_Raw
often providing the greatest median improvement in glio-
blastoma and competitive gains in the other cancers. The
performances of ML models using Z_Original and the other
five normalization methods appeared overall better than
those using Z_Raw (as the reference), as shown by Welch’s
t-test (Supplementary Tables 24-27).

In contrast to intra-dataset results, cross-dataset (exter-
nal) testing revealed limited benefits from normalization and,
in several cases, performance comparable to or worse than
Z_Original (Table 3 and Supplementary Fig. 2).

A striking pattern emerged for the LASSO model. In cross-
dataset testing of all three cancer types, LASSO achieved
positive or minimally negative deltas across nearly all nor-
malization methods, frequently outperforming the normal-
ized versions of more complex models.

Overall, while normalization and associated gene selection
markedly boosted intra-dataset performance, these preproc-
essing steps provided only marginal gains in cross-dataset
testing and occasionally led to reduced performance. Differ-
ences in model performance were more pronounced in cross-
dataset settings than within the same dataset, highlighting
greater sensitivity to dataset heterogeneity in cross-dataset
validation. Simpler, regularized approaches such as LASSO
demonstrated consistent cross-dataset robustness, whereas
more complex models showed variable and sometimes di-
minished generalizability after extensive normalization.

Modelling with molecular data alone in three cancer
types

In intra-dataset testing using only molecular (transcriptomic)
features across the three cancer types (Table 4 and Supple-
mentary Fig. 3), normalization methods again substantially
improved performance relative to Z_Original, with gains
observed in both BA and AUC. Overall, normalization mark-
edly enhanced intra-dataset death classification when using
molecular data alone, with Z_Raw frequently delivering the
strongest median gains, particularly in lung adenocarcinoma
and glioblastoma.

Cross-dataset testing using only molecular features
showed more limited and inconsistent benefits from nor-
malization, similar to patterns observed with combined data,
though overall performance levels were generally lower (Ta-
ble 5 and Supplementary Fig. 4).

Across the three cancer types, normalization offered only
marginal benefits in cross-dataset settings when relying sole-
ly on molecular data, and certain methods (e.g., Z_Binary)
occasionally degraded performance. As with combined fea-
tures, LASSO without additional normalization demonstrated
remarkable consistency, achieving positive or near-neutral
deltas in nearly all cross-dataset scenarios. In contrast, more
complex models exhibited greater variability, underscoring

the robustness of regularized approaches for generalization
across heterogeneous datasets.

Discussion

This large and comprehensive study using three pairs of
cancer transcriptomic and clinical datasets reveals critical in-
sights into ML performance in bioinformatics, particularly for
cross-dataset generalization and preprocessing strategies.
These results challenge conventional practices and may help
develop robust, generalizable models for applications such as
gene expression analyses.

First, we showed that the LASSO method without nor-
malization consistently performed well in cross-dataset (ex-
ternal) testing of three pairs of transcriptomic and clinical
datasets (i.e., three cancer types), challenging the neces-
sity of normalization for cross-dataset tasks. This suggests
that regularization inherent in LASSO effectively mitigates
overfitting, simplifies preprocessing pipelines, and reduces
computational costs.295> Our finding also aligns with a study
showing robust LASSO performance without extensive pre-
processing.2’” However, LASSO may not be robust for some
tasks, as shown in one study on spatial gene expression in
the brain.>6

Second, normalization and gene selection (DEG/NDEG)
significantly improve intra-dataset performance but yield
limited gains in cross-dataset testing, often leading to over-
fitting.13:19.23-25 This underscores the need for cautious ap-
plication of extensive preprocessing to avoid models that fail
in external validation.20 Interestingly, as shown by us and
others, LASSO and other regularized methods can be used
to reduce overfitting in microarray and single-cell RNA-seq
data.24:26

Third, performance differences among ML models are
smaller in intra-dataset testing than in cross-dataset set-
tings, partly due to limited normalization and gene selection
benefits in external contexts. This highlights the importance
of selecting robust algorithms for heterogeneous datasets,
such as random forest.13:57-59 Indeed, recent works confirm
that simpler, regularized models often maintain consistent
performance across datasets, unlike complex models prone
to overfitting.6%.61 This finding may help select models for ap-
plications requiring broader generalizability.!

Fourth, reliance on intra-dataset evaluation (e.g., cross-
validation) may overestimate model generalizability, as
shown by others and by us.®10 For example, the performance
of ML models achieved with negative data generation cannot
be transferred to cross-dataset testing, either.® We thus ad-
vocate shifting toward cross-dataset evaluation to prioritize
models with consistent, acceptable performance, enhanc-
ing applicability in clinical settings like precision medicine,®
while it is noteworthy that intra-dataset evaluation may
match that of cross-dataset evaluation in some scenarios.®?
This paradigm shift addresses the gap between intra-dataset
optimization and real-world robustness.>® Others have also
introduced benchmark datasets to robustly assess models’
performance.®3 Further studies are needed to address this
issue in more depth.

Finally, normalization’s impact varies by ML model and
is more pronounced with all data than with molecular data
alone. This is particularly relevant for multi-omics inte-
gration, where data-specific preprocessing strategies are
critical.3:38:64 Recent studies on multi-omics data modeling
support tailored normalization approaches to improve ML
performance.31.65.66 Therefore, we recommend data-specific
ML workflows to enhance cross-dataset robustness.

Certain limitations of this study should be acknowledged.
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