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ABSTRACT

The human gut microbiome, crucial in various diseases, can be utilized to develop diagnostic
models through machine learning (ML). The specific tools and parameters used in model construc-
tion such as data preprocessing, batch effect removal and modeling algorithms can impact model
performance and generalizability. To establish an generally applicable workflow, we divided the
ML process into three above-mentioned steps and optimized each sequentially using 83 gut
microbiome cohorts across 20 diseases. We tested a total of 156 tool-parameter-algorithm combi-
nations and benchmarked them according to internal- and external- AUCs. At the data preproces-
sing step, we identified four data preprocessing methods that performed well for regression-type
algorithms and one method that excelled for non-regression-type algorithms. At the batch effect
removal step, we identified the “ComBat” function from the sva R package as an effective batch
effect removal method and compared the performance of various algorithms. Finally, at the ML
algorithm selection step, we found that Ridge and Random Forest ranked the best. Our optimized
work flow performed similarly comparing with previous exhaustive methods for disease-specific
optimizations, thus is generally applicable and can provide a comprehensive guideline for con-
structing diagnostic models for a range of diseases, potentially serving as a powerful tool for future
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Introduction

The human gut microbiome plays crucial roles in
various functions such as food digestion," immune
system regulation,” antiviral and antibacterial pro-
tection, and even impacts on the central nervous
system.” The human gut bacterial community is
a complex microbial ecosystem closely linked to
overall health. Over the past decades, researchers
have highlighted the pivotal role of the gut micro-
biome in the onset and progression of various
diseases,” including gastrointestinal diseases like
Colorectal Cancer (CRC), Crohn’s Disease (CD),
and Ulcerative Colitis (UC);*” autoimmune dis-
eases such as Rheumatoid Arthritis (RA)® and
Systemic Lupus Erythematosus (SLE);” metabolic
disorders like Obesity'® and Type 2 Diabetes
Mellitus (T2D);!'' and neurological conditions

such as Parkinson’s Disease (PD);'? Alzheimer’s
Disease (AD)'’ and Autism Spectrum Disorder
(ASD)."*"'® Additionally, gut microbiome has
been identified as a potential biomarker for distin-
guishing between patients with CRC, UC, and CD
from control groups.'” Meanwhile, growing evi-
dence supports the feasibility of constructing dis-
ease diagnostic models based on gut microbiome
using machine learning. These models integrate the
composition of gut microbiome with sample meta-
data for training, enabling differentiation between
patient and control groups and evaluation of pre-
dictive performance through area under the recei-
ver operating characteristic curve (AUC) within
cohorts (i.e., internal validation). Multicohort diag-
nostic models for colorectal cancer based on meta-
genomic data have demonstrated consistently high
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accuracy across different cohort test sets, outper-
forming models constructed from data such as
metabolic pathways, while also elucidating the rela-
tionship between CRC and gut microbiome.'®™°
For metabolic disorders, gut microbiome features
can also be used to build machine learning models.
Gou W et al. linked input features to Type 2
Diabetes Mellitus using Gradient Boosting
Decision Trees (GBDT) and constructed
a microbiome risk score (MRS), revealing a set of
microbial features consistently associated with
Type 2 Diabetes Mellitus.>' In addition, gut micro-
biome, through the gut-microbiome-brain axis and
its bidirectional interactions with the nervous sys-
tem via multiple pathways, is also associated with
the onset and progression of neurological diseases.
The construction of ASD diagnostic models further
underscored the immense potential of predicting
disease occurrence and progression through gut
microbiome.?? In summary, machine learning
models constructed using gut microbiome have
demonstrated exceptional efficacy in the identifica-
tion of disease biomarkers and diagnostic predic-
tion across a range of diseases. This underscores
the feasibility and substantial potential for the
development of microbiome-based diagnostic
models.

However, achieving accurate predictions
through microbiome-based ML models still faces
several challenges. Firstly, the composition of the
gut microbiome is highly complex, exhibiting sub-
stantial inter-individual variation. Moreover,
a multitude of factors, including environmental,
dietary, and genetic influences, contribute to the
modulation of the gut microbiome. Furthermore,
the performance of microbiome-based ML models
could be significantly affected by sample prepro-
cessing processes>> and choice of machine learning
algorithms.”»** P. J. McMurdie et al. found that
filtering low-abundance microbes can help reduce
noise in the data, thereby enhancing the stability
and reliability of the model.”> Rescaling the data
ensures that it maintains a consistent scale, facil-
itating more accurate comparisons and analysis.*®
Normalizing the data is crucial for ensuring com-
parability and reproducibility of results.*®
Confounding factors, which are external variables
that may influence the relationship between the
dependent variable (e.g., disease status) and the

independent variable (e.g., gut microbiome), can
lead to spurious associations.”” Additionally,
numerous other steps in model construction can
affect performance,”® with each step offering var-
ious execution parameters. For example, different
filtering thresholds can be applied to remove low-
abundance microbes, and multiple methods are
available for data normalization.”® Also, there are
numerous algorithms selectable.” For instance,
among machine learning algorithms, methods
based on Random Forest and Least Absolute
Shrinkage and Selection Operator (Lasso) logistic
regression are particularly popular due to their
advantages, which include high performance with
small sample sizes (e.g., fewer than 50), robustness
with complex and heterogeneous data (e.g., high-
dimensional compositional data), clear ranking of
feature importance, and reduced risk of overfitting
through feature selection.”® Therefore, to improve
model accuracy and applicability, it’s crucial to
compare data preprocessing methods and explore
various machine learning models.

To address the aforementioned challenges, sev-
eral solutions have been proposed. J. Wirbel et al,,
when constructing a model on the CRC dataset,
found that avoiding feature selection could effec-
tively prevent overfitting and improve the model’s
external validation AUC.*® Recently, S. Lee et al.
employed an exhaustive approach to compare
5,184 pipeline combinations across four dimen-
sions — profile modality, batch correction, normal-
ization, and algorithm - to identify the most
suitable disease-specific pipelines for CRC and
CD.’' However, a comprehensive and universally
applicable machine learning model optimization
strategy for multiple diseases remains lacking.

To establish a generally applicable workflow, we
divided the machine learning process into three
steps (including data preprocessing methods,
batch effect removal methods, and model algo-
rithms) and optimized each step sequentially
using 83 gut microbiome cohorts across 20 dis-
eases. The data preprocessing involved four com-
ponents: removal of low-abundance taxa (using
four different threshold values), data rescaling,
normalization (with six different methods), and
correction of confounding factors. Thus, we eval-
uated 156 different combinations of tools, para-
meters, and algorithms, and assessed their



performance using both internal AUC and external
validation. Finally, we identified five high-
performing methods. Our optimized workflow
performed comparably to previous exhaustive
methods for disease-specific optimizations and is
generally applicable to a wider range of diseases.

Results
Data collection and experimental workflow

To explore the optimal construction process for
disease diagnostic models based on gut micro-
biome, we utilized case-control cohort data pre-
viously collected and analyzed by M. Li et al,*?
comprising 83 cohorts associated with 20 distinct
diseases. Among these, there were 46 cohorts with
16S rRNA sequencing data and 37 with metage-
nomic sequencing data, encompassing 5,988 dis-
ease samples and 4,411 healthy samples
(Figure 1b). Of the 20 diseases, 8 were exclusive
to the 16S group: Irritable Bowel Syndrome (IBS),
Clostridium Difficile Infection (CDI), Alzheimer’s
Disease (AD), Mild Cognitive Impairment (MCI),
Chronic Fatigue Syndrome (CFS), Multiple
Sclerosis (MS), Juvenile Arthritis (JA), and Non-
alcoholic Fatty Liver Disease (NAFLD). Five dis-
eases were exclusive to the WGS group: Adenoma,
Inflammatory Bowel Disease (IBD), Obesity,
Overweight, and Ankylosing Spondylitis (AS).
Seven diseases were represented in both sequen-
cing types: Colorectal Cancer (CRC), Crohn’s
Disease (CD), Ulcerative Colitis (UC), Type 2
Diabetes Mellitus (T2D), Parkinson’s Disease
(PD), Autism Spectrum Disorder (ASD), and
Rheumatoid  Arthritis (RA) (Figure 1b).
According to the Medical Subject Headings
(MeSH, https://meshb.nlm.nih.gov/.) database
and the Human Disease Ontology (DO)
database,”” these 20 diseases were categorized into
tive groups: seven Intestinal, three Metabolic, four
Autoimmune, five Mental/nervous system diseases
(Mental for short), and one Liver disease
(Figure 1b).

To comprehensively compare the various mod-
eling steps and parameters, we divided the model
construction process into three stages. First, we
investigated the optimal data preprocessing meth-
ods for building disease diagnostic models based
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on gut microbiome. The data preprocessing pro-
cess included four components: filtering low-
abundance taxa, data rescaling, data normalization,
and confounding factors correction. Data rescaling
and confounders correction were binary decisions
(i.e., either performed or not), while there were
multiple options for the threshold of low-
abundance filtering and data normalization meth-
ods. Therefore, we first determined the optimal
threshold for low-abundance filtering and the best
data standardization method, then compared com-
binations of these with or without rescaling and
confounders correction. Next, we compared three
methods for removing batch effects to identify the
most effective one. Finally, we compared four algo-
rithms to find the one that yielded the best model
performance (Figure 1a).

In this study, we constructed models for all
datasets corresponding to each disease, performing
both internal and external validations. Each dataset
underwent five-fold cross-validation repeated three
times. In total, 156 tool-parameter-algorithm com-
binations were developed, with 12,948 internal and
external validation processes conducted. From
these comprehensive analyses, we identified an
optimal model construction workflow that demon-
strates robust generalizability across multiple
diseases.

Appropriate filtering thresholds and normalization
methods improve model performance

Before determining the optimal data preprocessing
method, we first compared the performance of
models under different thresholds for filtering low-
abundance taxa and varying data normalization
methods. All models in this section were con-
structed using the Lasso algorithm. To identify
the optimal threshold for filtering low-abundance
taxa, we kept all parameters consistent across mod-
els except for the threshold itself (i.e., no rescaling
of data, no confounders adjustment, and no batch
effect correction). Both 16S and WGS data were
modeled for each study, and internal and external
validations were conducted. The same approach
was applied to explore the best data normalization
method.

For the selection of the optimal threshold, we
compared the performance of models with
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Figure 1. Research workflow and data collection statistics. (a) This flowchart illustrates the main stages of the research, including data
collection, analysis, and the exploration of the optimal model construction process. The first section focuses on comparing data
preprocessing methods, including filtering low-abundance taxa (using five different thresholds), data rescaling, data normalization
(involving seven methods), and confounding factors adjustment. The second section compares batch effect removal methods



thresholds set at 0.001%, 0.005%, 0.01%, and 0.05%
against models where no low-abundance taxa were
removed. Taxa with maximum abundance below
these thresholds were removed. We calculated the
AUC:s for each parameter setting and computed the
median AUCs for each group. The significance of
the differences between the models using these four
thresholds and the control group (with no taxa
removal) was assessed using the Wilcoxon rank-
sum test and paired tests. The comparison of AUCs
across models with thresholds of 0.001%, 0.005%,
0.01%, and 0.05% against the no-removal control
group showed no significant improvement in
AUCs (Figure 2a). However, since the removal of
low-abundance taxa was conducted within each
cohort, we focused on the internal validation
results. For internal validation, the model with
0.001% threshold yielded the highest median
AUQG, and it also performed well in external valida-
tion (Figure 2a). Therefore, in subsequent model-
ing, we adopted the 0.001% threshold for filtering
low-abundance taxa.

In the selection of the data normalization
method, we used an approach similar to the thresh-
old selection process. We compared the AUCs of
models with data normalized using six different
methods against models with data non-
normalization and explored the significance of
their differences. These six normalization methods
are all parameters within the “normalize.features”
function of the SIAMCAT R package.*® Specifically,
“rank.unit” converts features into ranks and then
normalizes each column by the square root of the
rank sum (where the number of columns equals the
number of samples). “rank.std” converts features
into ranks and applies z-score normalization. “log.
clr” refers to centered log-ratio transformation
(with pseudocounts added). “log.std” involves log-
transforming features (after adding pseudocounts)
and subsequently applying z-score normalization.
“log.unit” applies a logarithmic transformation to
features (after adding pseudocounts) and then
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normalizes the features or samples using various
standardization methods. Finally, “std” refers to
the application of z-score normalization only.
During internal validation, models with data nor-
malized using any of the five methods, except for
std, exhibited higher median AUCs than models
with data non-normalization. Specifically, models
with data normalized using “rank.std” and “rank.
unit” showed the highest median AUCs, both
reaching 0.79, significantly higher than the 0.71
AUC observed non-normalization (Figure 2b).
Notably, the model with data normalized using
the “rank.std” method showed a more significant
inter-group difference when compared to the data
non-normalization model (p <0.01). Additionally,
in external validation, the model with data normal-
ized using the “rank.std” method also had a high
median AUC and significant inter-group differ-
ences (p <0.001) (Figure 2b). Therefore, in subse-
quent modeling, we chose to use the “rank.std”
method for data normalization.

Specific data preprocessing methods enhance
model performance

We next explored additional data preprocessing
steps including data rescaling and confounding
factors correction into our overall comparison.
Firstly, the removal of low-abundance taxa was
considered in two scenarios: without removal and
with a threshold of 0.001%. Secondly, data rescaling
was evaluated as two scenarios: performed or not
performed. Thirdly, data normalization was exam-
ined in two scenarios: without normalization and
with “rank.std“ method. Lastly, confounding fac-
tors adjustment was also considered in two scenar-
ios: performed (the “removeBatchEffect” function
from the limma R package) or not performed. We
also summarized the specific confounders adjusted
for in each cohort (Table S1). These considerations
resulted in 16 possible combinations of data pre-
processing methods. We constructed models using

including three techniques. The third section evaluates algorithm performance involving four algorithms. Yellow indicates selectable
methods, purple denotes the R packages used, and pink represents the evaluations used to assess model performance. b. The
heatmap shows the composition of samples in the study, categorized into two data types (16S and WGS) and covering 20 diseases.
The heatmap also presents the number of cohorts per disease and the count of case and control samples in each cohort. Diseases are
classified into six categories based on the Medical Subject Headings (MeSH, https://meshb.nIm.nih.gov/.) database and the Human

Disease Ontology (DO) database.*®
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Figure 2. Exploration of optimal data preprocessing methods. a. The bar graph compares model performance between models that
did not filter low-abundance taxa and those applied four different thresholds for filtering. The graph displays the median AUCs for
both internal and external validations. The left color square highlights the differences in AUC between models using the four
thresholds and models without filtering, with p values calculated using the Two sides Wilcoxon rank-sum test. b. The violin plots
compares the model performance between models without data normalization and those with six different normalization methods.
The plot annotates the median AUCs for both internal and external validations, and highlights the differences in AUCs between
models using the six normalization methods and models without normalization. The p values are calculated using the two-sided
Wilcoxon rank-sum test. ¢. The violin plot compares model performance between the top four data preprocessing methods and
models without any preprocessing. The plot annotates the median AUCs for both internal and external validations and highlights the
differences in AUC between models using these four preprocessing methods and those without any preprocessing. The legend
indicates whether the four steps - filtering low-abundance taxa, data rescaling, data normalization, and confounding factor
correction — were applied (T for applied, F for not applied). The p values are calculated using the Two sides Wilcoxon rank-sum
test. Two sides Wilcoxon rank sum test was used for pairwise group comparisons. The colored horizontal lines represent different AUC
levels. The numbers marked in the bottom of d, e, f and g represent the mean of the corresponding AUCs. *p < 0.05, **p < 0.01,
***p < 0.001, ****p < 0.0001.

each of these 16 preprocessing methods, including  experimental groups. We compared the AUCs of
one control group (i.e., no removal of low- these 16 models and the differences between the 15
abundance taxa, no rescaling, no normalization,  experimental groups and the control group
and no correction for confounding factors) and 15  (Figure S1A).



In internal validation, the models built with the
data preprocessing methods F_T_T_F (i.e.,, no
removal of low-abundance taxa, rescaling per-
formed, “rank.std” normalization, no confounding
factor correction), T_F_T_F (i.e., removal of low-
abundance taxa at 0.001% threshold, no rescaling,
“rank.std” normalization, no confounding factor
correction), T_T_T_F (i.e., removal of low-
abundance taxa at 0.001% threshold, rescaling per-
formed, “rank.std” normalization, no confounding
factor correction), and F_F_T_F (i.e., no removal
of low-abundance taxa, no rescaling, rank.std nor-
malization, no confounding factor correction)
showed higher median AUCs of 0.77, 0.77, 0.77,
and 0.79, respectively, compared to the control
group’s AUC of 0.71, with significant differences
(all p-values <0.01) (Figure 2c). In external valida-
tion, these four preprocessing methods also
demonstrated good performance, with median
AUCs of 0.61, 0.60, 0.60, and 0.60, respectively,
notably higher than the control group’s 0.57, and
significant differences (all p-values <0.001)
(Figure 2c). Besides AUC, we also compared the
models using AUPRC (Figure S2A), Flscore
(Figure S3A), and unitMCC (Figure S4A). The
four methods that performed best in terms of
AUC also demonstrated consistent advantages
across these three additional metrics.

In summary, the models constructed using the
FTTFETFTFTTTFadF F T Fdata
preprocessing methods performed best, showing
consistency in both internal and external valida-
tion. Therefore, for subsequent modeling steps, we
adopted these four combinations as effective data
preprocessing strategies.

Data normalization improves model performance
while confounders adjustment lowers it

To investigate the contribution effects for improv-
ing performance AUCs of these four data prepro-
cessing steps, we applied Adonis analysis (a type of
multivariate analysis of variance)’* to assess the
contribution and significance of each step. From
the internal validation results, we found that data
normalization and confounders adjustment were
the two primary contributors to model perfor-
mance differences, both with significant results
(Figure 3a, p<0.01). In contrast, removing low-
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abundance taxa and data rescaling had minimal
contributions to these differences. The external
validation results corroborated these findings,
further indicating that data normalization and con-
founders adjustment are the two most impactful
factors affecting model performance (Figure 3a).

To determine whether these preprocessing steps
positively or negatively impacted model performance,
we analyzed and compared the median AUCs of the
16 models derived from the 16 preprocessing meth-
ods. In internal validation, we observed no significant
impact from either removing low-abundance taxa or
data rescaling, whereas both data normalization and
confounders adjustment caused significant differ-
ences in model performance, which aligns with our
earlier conclusions. Notably, data normalization sig-
nificantly improved AUCs (p < 0.05), while confoun-
ders adjustment significantly decreased AUCs (p <
0.05) (Figure 3b). We observed similar results in
external validation that removing low-abundance
taxa and data rescaling had no significant effect on
AUGCs, whereas data normalization significantly
improved AUCs (p < 0.01), and confounders adjust-
ment significantly reduced AUCs (p < 0.05).

Regarding the confounders adjustment, in addi-
tion to the methods mentioned above, we also
attempted confounders adjustment using
a matching approach (the “matchit” function
from the Matchlt R package). Internal validation
results showed that applying the matchit function
from the Matchlt R package for confounders
adjustment led to a significantly lower AUCs com-
pared to the removeBatchEffect function from the
limma package (Figure S5A). The decrease in
AUCs observed with Matchlt correction may be
due to the reduction in sample size after matching,
as only matched pairs were kept. The smaller data-
set could limit the model’s capacity to learn effec-
tively, resulting in lower performance. In contrast,
limma correction retains all samples, providing
a larger dataset for model training, which likely
contributes to the higher AUCs observed.
Furthermore, when compared to models without
confounders adjustment, this approach also caused
a significant reduction in AUCs, consistent with
previous findings in the literature.”® Therefore,
the confounder adjustment method applied in sub-
sequent analyses will remain consistent with the
previous approach.
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Figure 3. Analysis of the impact of four data preprocessing steps on model AUC. a. The bar graph illustrates the contribution of the
four preprocessing steps (filtering low-abundance taxa, data rescaling, data normalization, and confounding factor correction) to the
variance in median AUCs, as determined by Adonis analysis. The left color square highlights the significance of these contributions,
with higher values indicating a greater impact of the step on model performance. b. The boxplot shows the differences in median
AUCs across 16 different preprocessing methods, as analyzed by the four preprocessing steps. The p values are calculated using the
Two sides Wilcoxon rank-sum test. The legend indicates whether each step was applied (T) or not applied (F).

These findings are consistent with the four effec-
tive preprocessing methods identified earlier that
data preprocessing involved data normalization
without confounders adjustment, leading to better
model performance. As a result, these four prepro-
cessing methods will be used in subsequent model
performance comparisons.

ComBat effectively removes batch effects while
preserving strong model performance
In this study, we compared three methods for
batch effect removal: the “removeBatchEffect”
function from the limma R package,” the
“adjust_batch” function from the MMUPHin
R package,’® and the “ComBat” function from
the sva R package.’” First, we compared the

AUCs of models using these three batch effect
removal methods with those of models without
batch effect removal. In terms of median AUCs,
none of the three methods significantly improved
the AUCs (Figure 4a). While in the external vali-
dation results, the models with batch effect
removed by the “ComBat” function from the sva
R package had a slightly higher median AUC
(0.58) compared to 0.57 for the models without
batch effect removal, with a significant difference
between the groups (p <0.01) (Figure 4a).
However, we believe that evaluating batch
effect removal methods solely based on AUCs
is insufficient and lacks comprehensive justifica-
tion. Therefore, we conducted Adonis analysis
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Figure 4. Comparison of batch effect removal methods and algorithms and summary of optimal machine learning methods for gut
microbiome-based model construction. a. The violin plot compares the performance of models generated using three batch effect
removal methods with those generated without batch effect removal. The plot annotates the median AUCs for both internal and
external validations, with p values calculated using the Two sides Wilcoxon rank-sum test. b. The boxplot shows the change in
R-squared (R%) values before and after batch effect removal using the limma, MMUPHin, and sva packages, indicating the extent to
which batch effects were reduced. P-values are calculated using the Two sides Wilcoxon rank-sum test, with smaller post-removal R?
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to calculate the R* values (variance explained by batch
effect) before and after batch effect removal using
these three methods. A higher R” value indicates that
batch information explains more of the group differ-
ences, while a lower R value indicates the opposite.
Thus, if the R* value after batch effect removal is
significantly lower than before, it suggests that the
method effectively removes the batch effect. After
batch effect removal using the “removeBatchEffect”
function from the limma R package, we observed an
increase in R> values for some models, particularly
those constructed with 16S data (Figure S5B), indicat-
ing that this method might not be suitable for 16S
data. Consequently, we do not consider the
“removeBatchEffect” function from the limma
R package to be the optimal batch effect removal
tool. In contrast, both the “adjust_batch” function
from the MMUPHin R package and the “ComBat”
function from the sva R package showed significantly
reduced R values after batch effect removal (p <
0.0001) (Figure 4b), indicating that these two methods
effectively reduce the contribution of batch informa-
tion to group differences.

Considering the previous AUCs performance,
we concluded that the “ComBat” function from
the sva package was the best batch effect removal
method among the three and will be used in sub-
sequent modeling processes.

Random forest ranks the best, although different
ML algorithm require specific data preprocessing
methods

We selected four commonly used machine learning
algorithms in SIAMCAT *® for constructing disease
diagnostic models for comparison: Lasso
regression,”® Ridge regression,’® Elastic Net
(Enet),*” and Random Forest.*! The relative abun-
dance data used for model construction was

divided into two data types including 16S and
WGS, and models were built separately for each
type. The data preprocessing methods used were
the four well-performing methods previously
recommended, namely T_T T F, T_F_T_F,
FTTEF and F F T F, and the batch effect
removal was performed using the “ComBat” func-
tion from the sva R package. All model parameters
were kept identical except for the algorithm. The
AUCs of the four groups of models generated by
the four different algorithms were compared.

When we combined the models constructed using
16S and WGS data for comparison, we found no
significant differences in AUCs among the four algo-
rithms. Therefore, we separately compared the mod-
els built with 16S data and WGS data (Figure 4c,
Figure S6A). For models built with 16S data, there
was no significant difference in the median AUCs
among the four algorithms in the internal validation
results, as confirmed by the Kruskal-Wallis test
(Figure S6B, p = 0.67). However, in the external vali-
dation results, the Random Forest algorithm showed
a slightly higher median AUC compared to the other
three algorithms (with AUCs of 0.58, 0.58, 0.57, and
0.58 for the models using the four different preproces-
sing methods), and significant intergroup differences
were observed compared to the other three algorithms
(p-values all < 0.05) (Figure S6B). When comparing
algorithms for models built with WGS data, the inter-
nal validation results again showed no significant
difference in median AUCs among the four groups
(Figure S6C, p = 0.89). However, in the external vali-
dation results, the Ridge algorithm resulted in
a slightly higher median AUC compared to the
other three algorithms (all models using the four
different preprocessing methods had an AUC of
0.73), with significant differences observed compared
to the Random Forest and Enet groups (p-values all <
0.05) (Figure S6C).

values indicating better batch effect removal. c. The violin plot compares the performance of two better-performing algorithm models
constructed using the previously identified optimal preprocessing methods and the best batch effect removal method. The plot
annotates the median AUCs for both internal and external validations, with p-values calculated using the Two sides Wilcoxon rank-
sum test. d. The violin plot shows the comparison of external validation AUC results between the models built using the most suitable
data preprocessing methods for each of the five additional algorithms, Lasso, Enet and the two best methods from our original
conclusion. The plot annotates the median AUCs for external validations, with p-values calculated using the Two sides Wilcoxon rank-
sum test. e. The roadmap illustrates five optimal workflows for constructing diagnostic models, identified through three key steps:

data preprocessing, batch effect removal, and algorithm selection.



Since the algorithm used for model construction
when exploring the best preprocessing methods ear-
lier was Lasso, we compared the performance of mod-
els constructed using the four different algorithms
without any data preprocessing. It was observed that
the median AUCs of models built with Lasso, Ridge,
and Enet was significantly lower than that of models
constructed with the previously recommended pre-
processing methods, while the median AUC of the
Random Forest model was significantly higher than
the earlier models (Figure S7A). Therefore, we con-
cluded that the previously recommended best data
preprocessing methods may not be suitable for mod-
els constructed using the Random Forest algorithm.

To determine the best data preprocessing method
for models using the Random Forest algorithm, we re-
compared 16 different data preprocessing methods. In
internal validation, the T_F_F_F method (i.e., only
removing low-abundance taxa) resulted in the highest
median AUC of 0.84, significantly higher than the
control group’s 0.79 (Figure S7B, p < 0.05). In external
validation, the T_F_F_F method still performed well,
with the highest median AUC of 0.64, although it did
not show a significant difference compared to the
control group (Figure S7B).

Additionally, we used Adonis analysis (multi-
factor variance analysis) to calculate the contribu-
tion and significance of the four data
preprocessing steps to model performance differ-
ences. Internal validation results showed that the
step of data rescaling contributed significantly to
model performance differences (p <0.05).
External validation results indicated that con-
founding factors adjustment was a significant
contributor to model performance differences (p
<0.01) (Figure S8A). Further analysis of the med-
ian AUCs of models built using the 16 different
data preprocessing methods revealed that data
rescaling significantly lowered the AUCs in inter-
nal validation (p <0.05), while confounding fac-
tors adjustment significantly lowered the AUCs in
external validation (p <0.05) (Figure S8B). These
findings are consistent with the conclusions
drawn from the Adonis analysis and align with
the T_F_F_F method’s lack of data rescaling and
confounding factor adjustment steps.

Given that the optimal low-abundance taxa
removal threshold and data normalization
method were initially determined using the
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Lasso model, in order to strengthen the robust-
ness of our identified optimal preprocessing
methods, we extended our investigation to evalu-
ate these two optimal parameters for both Ridge
and Random Forest models which performed
better in our previous analyses. For the removal
of low-abundance taxa, we assessed four thresh-
old values and discovered that the threshold of
0.001% consistently yielded the highest median
AUC in both internal and external validations
for both the Ridge and Random Forest models
(Figure S9A, S9B). Notably, for the Random
Forest model, the internal validation results
were significantly improved compared to the
models which were not performed the removal
of low-abundance taxa (p < 0.05) (Figure S9B). In
terms of data normalization, we tested six differ-
ent methods. We found that the “rank.std”
method was the most effective for the Ridge
model, achieving the highest median AUC (0.78)
in internal validation and maintaining robust per-
formance in external validation. Importantly, the
performance of the Ridge model with “rank.std”
was significantly superior in both internal and
external validation compared to the models
which were not performed any data normaliza-
tion method (Figure S9A). Conversely, for the
Random Forest model, the highest median AUC
was observed when no data normalization was
employed, both in internal and external valida-
tions (Figure S9B). These results corroborated the
optimal data preprocessing methods we con-
cluded above: for the Random Forest model, the
optimal method involved removing low-
abundance taxa with a 0.001% threshold without
applying any data normalization; for the Ridge
model, the optimal methods included employing
“rank.std” as the normalization method.

To make the conclusions more rigorous, we
further investigated whether the most suitable
data preprocessing methods for the Ridge and
Enet algorithms were the same as the four best
methods identified before. We also compared the
performance of the 16 data preprocessing methods
when using the Ridge and Enet algorithms. As
expected, we found that the best preprocessing
methods for both the Ridge and Enet algorithms
were indeed the same four methods previously
identified (Figure S10A,S10B).
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In conclusion, when using the Random Forest
algorithm, the best model construction process
involves the T_F_F_F data preprocessing method
and batch effect removal using the “ComBat” func-
tion. When using Lasso, Ridge, or Enet regression
algorithms, as the external validation results
showed no significant differences among the three
algorithms for 16S data models (Figure S6B), and
Ridge performed better than the other two for
WGS data models (Figure S6C), the best model
construction process includes the four data prepro-
cessing methods T_T_T_F, T_F_T_F, F_.T_T_F,
and F_F_T_F, batch effect removal using the
“ComBat” function, and model training with the
Ridge algorithm (Figure 4e).

To further validate the robustness of our
approach, we expanded our comparison to
include several widely-used algorithms for con-
structing gut microbiome-based disease diagnos-
tic models, such as Linear support vector
machine (Linear SVM),** Radial basis function
support vector machine (Radial SVM),*
Extreme gradient boosting (XGBoost),*>** Light
gradient boosting machine (LightGBM),*>*® and
Neural Networks,*” in addition to the four algo-
rithms we initially examined. In order to ensure
a fair comparison, we systematically evaluated the
performance of the 16 data preprocessing meth-
ods for each of these five algorithms in order to
identify their most suitable preprocessing meth-
ods. Based on AUC results from external valida-
tion, the optimal preprocessing methods for each
algorithm were determined as follows: T_T_T_F
for Linear SVM (Figure S11A), T_T_T_F for
Radial SVM (Figure SI12A), F_T_F_F for
XGBoost (Figure S13A), T_F_F_F for LightGBM
(Figure S14A), and T_T_T_F for Neural
Networks (Figure S15A).

Subsequently, we built models using the best
data preprocessing methods for each of these five
algorithms and compared their performance
against the models generated by the optimal meth-
ods identified for the Lasso, Enet, Ridge and
Random Forest. Our analysis revealed that the
median AUC for the Ridge and Random Forest
(0.635 and 0.64, respectively) outperformed the
best models from the seven other algorithms
(Figure 4d). This suggests that the optimal model-
ing workflow we proposed maintains a distinct

advantage over the best workflows of these com-
monly used algorithms.

Ultimately, given that our optimal method is
derived from a macro-level analysis of datasets
from multiple diseases, we further validated whether
our method improves model performance for each
disease individually. We compared the AUC of
models constructed using the optimal method with
those built using non-optimal methods across 20
diseases. Among the 20 diseases, 9 showed
a significant improvement in AUC when the optimal
method was used. The AUCs for the other 11 dis-
eases also demonstrated an upward trend (Figure
S16A). This indicates that the optimal methods we
proposed can be applied to a wide range of diseases,
demonstrating a certain level of generalizability.

Comparing our pipeline with methods reported in
the literature

We next compared our pipeline with the optimal
methods recently reported by S. Lee et al., which
were identified through exhaustive search on CRC
and CD datasets.”" Since the profiling methods, as
reported by S. Lee et al., also affected significantly
the final model performance, we adopted the same
data procedure. Specifically, we first used
Kraken2*® and Bracken®’ with the HRGM human
gut-specific microbial genome database® to obtain
the relative abundance profiles of gut microbiome.
Using the methods summarized above, we con-
structed a leave-one-dataset-out (LODO) model,
where the training datasets included all datasets
analyzed in S. Lee et al.‘s study, and the validation
datasets were kept consistent with theirs. We then
calculated the AUC and unitMCC to evaluate
model performance and compared the results
with those of S. Lee et al. For the CD dataset, our
model demonstrated comparable performance to
S. Lee et al.‘s approach, with no significant differ-
ences observed in AUC or unitMCC (Figure S17B).
Importantly, while S. Lee et al.s methods were
specifically optimized for CRC and CD datasets,
our methodology was derived from a systematic
evaluation across 20 disease datasets. This high-
lights the broader applicability of our approach,
which achieves performance on par with S. Lee
et al.'s methods while demonstrating greater gen-
eralizability across diverse datasets.



Discussion

Due to the close relationship between gut micro-
biome and the onset and progression of human
diseases, gut microbiome can be used as biomar-
kers to distinguish between diseased and healthy
samples,”’ making them valuable for constructing
diagnostic models. Diagnostic models based on gut
microbiome for various diseases have already
demonstrated excellent performance.”® However,
the model construction process involves multiple
steps and various methods, so it is crucial to com-
pare different data processing and modeling tech-
niques, evaluate various parameters, and establish
a comprehensive guide for constructing diagnostic
models based on gut microbiome that can be
applied across multiple diseases.”® This guide
would provide a valuable reference for related
research, greatly enhancing research efficiency.

In this study, we compared three critical aspects
of model construction: the selection of data pre-
processing methods, the choice of batch effect
removal methods, and the selection of algorithms.
We conducted modeling analysis using data from
83 case-control cohorts across 20 different diseases,
including both 16S and WGS data. Models were
constructed using the relative abundance of gut
microbiome at the species or genus level, and
both within-cohort (internal validation) and cross-
cohort (external validation) performances were
evaluated. We compared the internal and external
validation performances of models constructed
using different data preprocessing methods, batch
effect removal techniques, and algorithms.

We evaluated multiple thresholds for filtering
low-abundance microbes and various data nor-
malization methods. By comparing 16 data pre-
processing methods, we identified the four
optimal methods, which interestingly shared
common features: all included data normaliza-
tion, and none involved confounding factor cor-
rection. The consistent finding that data
normalization improves model performance
aligns with previous research, as normalization
ensures the comparability and reproducibility of
results. However, the observation that con-
founding factors adjustment led to a decrease
in AUCs contrasts with some previous reports.
Gut microbiome is significantly influenced by
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various factors beyond disease, such as
: 53,54 55,56 ol 57,58

diet, drugs, seasonal variations,

regional differences,”®>’ and  genetic

background.’®®’ Confounding factors adjust-
ment is generally thought to more accurately
assess the relationship between gut microbiome
and disease, thereby enhancing the model’s
reliability and generalizability. However, our
results suggest that confounding factors adjust-
ment may reduce the AUCs because disease
characteristics might be driven by potential con-
founders. Thus, correcting for these confoun-
ders could diminish the differences between
disease and healthy groups, leading to
a lower AUC.

Furthermore, we analyzed the AUC differ-
ences among 20 diseases across five disease cate-
gories (Intestinal, Autoimmune, Metabolic,
Mental and Liver disease types). In internal vali-
dation, Intestinal diseases generally exhibited
high median AUCs, such as CDI (0.985), IBD
(0.97), and CD (0.91). Most other diseases also
showed relatively high AUCs, with 13 out of 20
diseases having a median AUC above 0.7. In
external validation, however, only CDI, CD,
IBD, and CRC had a median AUC above 0.7
(0.975, 0.855, 0.785, and 0.745, respectively),
while the others did not exceed 0.7 (Figure
S18A). Therefore, it remains necessary to
explore more advanced data processing meth-
ods, batch effect removal techniques, and more
sophisticated algorithms to improve predictive
performance for a broader range of diseases.

Conclusion

We conducted a comprehensive comparison of
various data preprocessing methods, batch effect
removal techniques, algorithms, and different
parameters at each step, ultimately developing an
optimal, generalizable guide for constructing dis-
ease diagnostic models based on gut microbiome.
This guide is applicable to multiple diseases and
both 16S and WGS data types. Our workflow
enhances the accuracy and applicability of the
models, deepening the understanding of the rela-
tionship between gut microbiome and disease, and
holds promise for providing more reliable tools for
future medical diagnostics.
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Methods
Data collection

In this study, we leveraged 83 case-control cohorts
spanning 20 distinct diseases, previously curated and
analyzed by M. Li et al,’* to systematically evaluate
and refine workflows for constructing predictive
models. These datasets were sourced from public
databases, including MGnify (https://www.ebi.ac.
uk/metagenomics/.),"” the NCBI Sequence Read
Archive (SRA) (https://www.ncbi.nlm.nih.gov/sra.
),>* and GMrepo(https://gmrepo.humangut.info.)**
a database focused on the human gut microbiome.
These cohorts were selected for providing complete
disease phenotype metadata and ensuring robust
and reproducible results by including more than 15
samples in both case and control groups.

The eligible data were then categorized into two
subtypes based on their sequencing strategies: 16S
ribosomal RNA gene amplicon sequencing (16S)
and shotgun metagenomic next-generation
sequencing (WGS). Within each subtype, diseases
represented by more than one cohort were
included to facilitate cross-cohort comparisons.
Ultimately, our analysis encompassed 83 cohorts
spanning 20 diseases: 46 16S studies covering 15
diseases (3,573 cases and 2,242 controls) and 37
WGS studies covering 12 diseases (2,415 cases
and 2,169 controls). Notably, 7 diseases were repre-
sented by multiple cohorts in both 16S and WGS
datasets. These 20 diseases included Colorectal
Cancer (CRC), Crohn Disease(CD), Irritable
Bowel Syndrome(IBS), Adenoma, Ulcerative
Colitis (UC), Clostridium Difficile Infection
(CDI), Inflammatory Bowel Disease (IBD), Type
2 Diabetes Mellitus (T2D), Obesity, Overweight,
Parkinson’s Disease (PD), Autism Spectrum
Disorder (ASD), Alzheimer’s Disease (AD), Mild
Cognitive Impairment (MCI), Chronic Fatigue
Syndrome (CEFS), Rheumatoid Arthritis (RA),
Multiple Sclerosis (MS), Ankylosing Spondylitis
(AS), Juvenile Arthritis (JA), and Non-alcoholic
Fatty Liver Disease (NAFLD). Finally, we classified
these 20 diseases into five categories: Intestinal,
Autoimmune, Metabolic, Mental and Liver disease
types, using the MeSH database and the Human
Disease Ontology (DO) database,” to facilitate
subsequent comparisons of model performance
across different disease categories.

For final validation and methodological compar-
isons, we further extended our CRC and CD data-
sets, incorporating five additional cohorts for each
disease, as guided by the work of S. Lee et al.,”' to
ensure a more rigorous and comprehensive
evaluation.

Sequencing data processing and taxonomic
annotation

Raw sequencing data in this study were down-
loaded from the NCBI SRA® or the European
Nucleotide Archive (ENA).°> Trimmomatic®®
was employed to trim the reads, removing
sequencing vectors and low-quality bases; reads
shorter than 50 bp after trimming were also
removed. Following these steps, we obtained
the clean reads.

For WGS data, Bowtie2®” was used to align the
clean reads to the human reference genome (hg19),
with potential human reads being removed from
subsequent analysis using default parameters.
Multiple sequencing runs corresponding to the
same sample were merged. For the taxonomic pro-
filing of all CRC and CD cohorts during the final
validation phase, we calculated the relative abun-
dance of taxa from the phylum to species level
using  MetaPhlAn3,°® MetaPhlAn4,””  and
Kraken2*® & Bracken,* with the HRGM human
gut-specific microbial genome database,”® all
employing default settings.

Feature filtering

We selected four thresholds for filtering low-
abundance taxa for comparison: 0.001%, 0.005%,
0.01%, and 0.05%. Taxa with maximum abun-
dance below these thresholds were removed. We
then compared the AUCs of models constructed
using these thresholds with the AUC of the con-
trol model, which did not filter low-abundance
taxa. All other parameters in these models were
kept identical to the control model, except for the
threshold used for filtering. We performed the
Wilcoxon rank sum test and paired tests to assess
the differences between groups and observed
which threshold resulted in superior model
performance.


https://www.ebi.ac.uk/metagenomics/
https://www.ebi.ac.uk/metagenomics/
https://www.ncbi.nlm.nih.gov/sra
https://gmrepo.humangut.info

Data rescaling

After filtering the low-abundance taxa, whether
rescaling the relative abundance data affects
model performance is a potential factor. We com-
pared the AUCs of models with and without rescal-
ing (with all other parameters held constant). We
used Adonis analysis to assess whether rescaling
impacted the performance of models. The normal-
ization method we employed was min-max rescal-
ing, which, as the name suggests, involves rescaling
using the maximum and minimum values in the
data column. The rescaled values are scaled to the
range [0,1], calculated by subtracting the minimum
value of the column from the data and then divid-
ing by the range.

Data normalization

We selected six data normalization methods, all
available in the “normalize.features” function of
the SIAMCAT R package:*® rank.unit, rank.std,
log.clr, log.std, log.unit, and std. Specifically:

(1) rank.unit: converts features to ranks and
normalizes each column by the square root
of the rank sum (where the number of col-
umns equals the number of samples).

(2) rank.std: converts features to ranks and
applies z-score normalization.

(3) log.clr: refers to centered log-ratio transfor-
mation (with pseudocounts added).

(4) log.std: involves log-transforming features
(after adding pseudocounts) and performing
z-score normalization.

(5) log.unit: applies log transformation to fea-
tures (after adding pseudocounts) and then
normalizes the features or samples using
different methods.

(6) std: applies only z-score normalization.

Identification and removal of confounding factors

The presence of confounding factors within each
cohort may affect the performance of the models,
such as diet,”® drugs’"’* and regional differences.”
To investigate whether correcting for these con-
founding factors results in a better-performing
model, we constructed both models with and
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without confounding factor correction and com-
pared their performance.

In this study, we compared two methods for
correcting confounding factors: the
“removeBatchEffect” function from the limma
R package (version 3.46.0)°° and the “matchit”
function from the Matchlt R package (version
4.7.0).”* For disease prediction modeling with con-
founding factor correction, we identified confoun-
ders within each cohort by examining all available
metadata factors, such as age, gender, body mass
index (BMI), disease stage, and geographical loca-
tion. When correcting for confounding factors
using the limma package, we tested for significant
differences between the disease group and the con-
trol group. Fisher’s exact test was applied to quali-
tative variables (including gender, disease stage,
and geographical location), while non-parametric
Wilcoxon rank-sum tests were used for quantita-
tive variables (including age and BMI). The
“removeBatchEffect” function was used to adjust
for confounding factors, which having a p-value
<0.05 (with significant categorical and continuous
variables included as covariates and batch para-
meters in the function, respectively, while other
settings remained at their defaults). When using
the Matchlt package, we employed the “matchit”
function to match samples between the control and
disease groups based on metadata factors such as
age, gender, body mass index (BMI), disease stage,
and geographical location. Confounding factor
adjustment was performed for cohorts with 15 or
more matched pairs.

Batch effect removal

We also compared different methods for remov-
ing batch effects. Specifically, we evaluated the
performance of the “removeBatchEffect” function
from the limma R package,”” the “adjust_batch”
function from the MMUPHin R package (version
1.8.2),%% and the “ComBat” function from the sva
R package (version 3.42.0).>” We constructed
models where the only varying parameter was
the method used for batch effect removal, keep-
ing all other parameters consistent. To quantify
the effectiveness of each method in removing
batch effects, we compared the AUC and calcu-
lated the proportion of variance explained (R?)
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using ADONIS analysis. Batch effect removal
methods that achieve higher AUC and lower R®
was used as the optimal approach for subsequent
modeling.

Algorithm selection

In this study, we compared nine algorithms: Lasso
regression,”® Ridge regression,”” Elastic Net,*
Random Forest,*! Linear support vector machine
(Linear SVM),” Radial basis function support vec-
tor machine (Radial SVM),” Extreme gradient
boosting (XGBoost),”® Light gradient boosting
machine (LightGBM)77 and Neural Networks.
The first four algorithms are all selectable para-
meters within the “train.model” function of the
SIAMCAT R package.”® The Linear SVM and
Radial SVM are implemented using the “svm”
function from the e1071 R package (https://
CRAN.R-project.org/package=e1071.), XGBoost
with the “xgboost” function from the xgboost
R package (https://CRAN.R-project.org/package=
xgboost), LightGBM with the “Igb.train” function
from the lightgbm R package (https://CRAN.
R-project.org/package=lightgbm.), and Neural
Networks with the “nnet” function from the nnet
R package (https://CRAN.R-project.org/package=
nnet).

(1) Lasso regression is a linear regression
method that fits data by minimizing the
loss function while adding an L1 regulariza-
tion term. This encourages sparsity in the
model parameters, allowing it to automati-
cally select features that significantly impact
the model. This method is effective for fea-
ture selection and reduces the risk of over-
fitting, making it suitable for datasets with
a large number of features.

(2) Ridge regression is another linear regression
method, similar to Lasso, but it uses an L2
regularization term to control the size of the
model parameters rather than inducing
sparsity. This helps in reducing the risk of
overfitting.

(3) Elastic Net combines both Lasso and Ridge
regression by employing both L1 and L2
regularization terms, thus taking advantage
of the strengths of both methods. This

4)

(5)

(6)

)

(8)

approach allows for simultaneous feature
selection and parameter shrinkage.
Random Forest is an ensemble learning
method that constructs multiple decision
trees, introducing randomness during the
construction of each tree. The results of all
trees are then aggregated to improve the
model’s generalization ability and stability.
Random Forest is known for its robustness
and predictive performance, being less
prone to overfitting and particularly effective
for datasets with non-linear relationships.
Linear SVM is a supervised learning algo-
rithm that aims to find the optimal hyper-
plane that best separates data into different
classes. It does this by maximizing the mar-
gin between the classes while minimizing
classification error. Linear SVM is effective
for linearly separable datasets and is robust
to high-dimensional feature spaces, making
it a good choice for text classification and
other high-dimensional problems.

Radial SVM is an extension of the Linear
SVM that uses the Radial Basis Function
(RBF) kernel to map data into higher-
dimensional spaces. This allows it to handle
non-linear relationships between features by
transforming the input into a space where
a linear separator can be found. Radial SVM
is particularly effective for datasets with
complex, non-linear decision boundaries.
XGBoost is an ensemble learning technique
based on gradient boosting. It builds decision
trees in a sequential manner, where each tree
corrects the errors made by the previous one.
XGBoost is known for its high predictive accu-
racy, scalability, and regularization capabilities,
making it highly effective for both regression
and classification tasks, particularly in large
datasets with complex relationships.
LightGBM is another gradient boosting
algorithm, similar to XGBoost, but opti-
mized for faster training and lower memory
usage. It uses a histogram-based approach to
bin continuous features, improving effi-
ciency in large-scale datasets. LightGBM is
highly effective for large datasets and is par-
ticularly well-suited for high-dimensional
data with a large number of features.


https://CRAN.R-project.org/package=e1071
https://CRAN.R-project.org/package=e1071
https://CRAN.R-project.org/package=xgboost
https://CRAN.R-project.org/package=xgboost
https://CRAN.R-project.org/package=lightgbm
https://CRAN.R-project.org/package=lightgbm
https://CRAN.R-project.org/package=nnet
https://CRAN.R-project.org/package=nnet

(9) Neural Networks is a class of machine learn-
ing models inspired by the structure of the
human brain. They consist of layers of inter-
connected neurons, where each neuron per-
forms a simple mathematical operation.
Neural Networks is particularly powerful
for modeling complex non-linear relation-
ships and can automatically learn feature
representations from raw data. They are
widely used in tasks such as image recogni-
tion, natural language processing, and time-
series forecasting.

When partitioning the data and constructing the
models, we used the parameters num.folds = 5 and
num.resample = 3. By comparing the performance
of models built using these nine different algo-
rithms, we aimed to identify the algorithm that
yields the best model performance.

The procedure for comparing the efficacy of
parameters and the criteria for evaluating model
performance

In exploring the optimal workflow, our study was
divided into three main components: the selection
of data preprocessing methods, the choice of batch
effect removal methods, and the selection of
algorithms.

First, we investigated the optimal data prepro-
cessing strategy, which encompassed four key
steps: filtering low-abundance taxa, data rescaling,
data normalization, and correction for confound-
ing factors. By systematically evaluating all possible
combinations of these steps and their respective
parameters, we identified a robust data preproces-
sing workflow that was applicable across multiple
diseases.

Next, in the batch effect removal step, we com-
pared three different methods to determine the
most effective approach for removing batch effects.

Finally, we assessed algorithm selection, where
we combined the nine algorithms with the selected
data preprocessing and batch effect removal
method to identify a universally effective algorithm
and workflow that yielded the best model
performance.
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When comparing model performance, we pri-
marily focused on the AUCs and the significance of
inter-group differences. We generated boxplots of
both internal and external validation AUCs, obser-
ving trends in the boxplots, the median AUCs, and
the presence of significant differences between
groups. In order to assess the imbalance in sample
sizes between cases and controls, we also computed
AUPRC, Flscore, and unitMCC to evaluate model
performance: AUPRC measures the performance
of binary classifiers, particularly in imbalanced
datasets, focusing on precision and recall; the F1
score combines precision and recall into a single
value, balancing both metrics; the unitMCC stan-
dardizes the MCC (a measure taking into account
true positives, true negatives, false positives, and
false negatives) by adding 1 and dividing by 2,
giving a result between 0 and 1. Additionally, to
examine the impact of multiple parameters on
model performance and to evaluate the effective-
ness of different batch effect removal methods, we
conducted Adonis analysis of variance to assess the
explanatory power of different grouping factors on
sample variation. We calculated the R-squared (R?)
value to evaluate the statistical significance of these
effects. A higher R” value indicated a greater expla-
natory power of the group for sample variation.

Statistical and bioinformatics methods

In this study, all data processing, analysis, and
visualization were carried out using R (version
4.2.1, https://www.r-project.org/). For compari-
sons between two groups, we utilized the
Wilcoxon rank sum test and paired tests for pair-
wise data as needed. For multi-group comparisons,
the Kruskal-Wallis test was applied using the
“stat_compare_means” function from the ggpubr
R package (version 0.6.0, https://github.com/kas
sambara/ggpubr). To quantify the contribution of
grouping factors to sample variation (R* values),
we employed the “adonis2” function from the
vegan R package.”
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