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Abstract 

Bac kgr ound: Biomarker discov er y exploiting featur e importance of machine learning has risen r ecentl y in the micr obiome landscape 
with its high pr edicti v e performance in several disease states. To have a concrete selection among a high number of features, recursive 
feature elimination (RFE) has been widely used in the bioinformatics field. How ever, mac hine learning–based RFE has factors that 
decrease the stability of feature selection. In this article , w e suggested methods to impr ov e sta bility while sustaining performance. 

Results: We exploited the abundance matrices of the gut microbiome (283 taxa at species level and 220 at gen us lev el) to classify 
between patients with inflammatory bowel disease (IBD) and healthy control (1,569 samples). We found that applying an already 
published data transformation before RFE improves feature stability significantly. Moreover, we performed an in-depth evaluation of 
differ ent v ariants of the data transformation and identify those that demonstrate better impr ov ement in sta bility while not sacrificing 
classification performance. To ensure a robust comparison, we evaluated stability using various similarity metrics, distances, the 
common number of features, and the ability to filter out noise features. We were able to confirm that the mapping by the Bray–
Curtis similarity matrix befor e RFE consistentl y impr ov es the sta bility while maintaining good performance . Multilay er per ce ptr on 

algorithm exhibited the highest performance among 8 different machine learning algorithms when a large number of features (a few 

hundr ed) wer e consider ed based on the best performance across 100 bootstrapped internal test sets. Conv ersel y, when utilizing onl y a 
limited number of biomarkers as a tr ade-off betw een optimal performance and method generalizability, the random forest algorithm 

demonstrated the best performance. Using the optimal pipeline w e developed, w e identified 14 biomarkers for IBD at the species level 
and analyzed their roles using Shapley additive explanations. 

Conclusion: Taken together, our work not only showed how to impr ov e biomarker discov er y in the metataxonomic field without 
sacrificing classification performance but also provided useful insights for future comparative studies. 

Ke yw or ds: microbiota, mac hine learning, feature selection, biomarkers discov er y, Shapley v alues 
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Introduction 

Next-generation sequencing technologies allow reconstructing 
the internal composition of the whole micr obial comm unity (mi- 
cr obiota) pr esent in a sample possibl y exploiting 2 differ ent a p- 
pr oac hes: whole-genome shotgun sequencing (WGS) and targeted 

amplicon sequencing of 16S ribosomal RNA (16S rDNA-seq) [ 1 , 2 ].
The first focuses on all genomes, while the second only on a re- 
gion of a single gene (i.e., 16S rRNA gene). Different bioinformatics 
pr epr ocessing pipelines can be used to obtain the so-called abun- 
dance matrix and taxonomy matrix [ 3 , 4 ] fr om r aw-r ead data.
The abundance matrix describes the r elativ e abundance of differ- 
ent operating taxonomic units (OTUs) or of different amplicon se- 
quence variant (ASVs) [ 5 , 6 ] on each sample, while the taxonomy 
matrix contains information about the taxonomy of each OTU or 
ASV (i.e., kingdom, phylum, class, order, family, genus, species). 

Machine learning (ML) can be used to classify samples based 

on their taxa composition, thus identifying a microbial signature 
that c har acterizes host phenotypes. Recentl y, se v er al studies ex- 
ploited different ML-based techniques to develop models for pre- 
dicting disease states, such as inflammatory bo w el disease (IBD) 
Recei v ed: J une 21, 2023. Re vised: A ugust 23, 2023. Accepted: September 17, 2023 
© The Author(s) 2023. Published by Oxford Uni v ersity Pr ess GigaScience. This is an
Attribution License ( https://cr eati v ecommons.org/licenses/by/4.0/ ), which permits 
the original work is pr operl y cited. 
 7 , 8 ], colorectal cancer [ 9 , 10 ], and cardiovascular disease [ 11 ], us-
ng microbial data. This growing interest is mainly due to the po-
ential impact on diagnosis and therapeutic target identification. 

Ho w e v er, the a pplication of ML methods to microbiota might
e challenging for a number of reasons [ 12 ]. Despite the existence
f se v er al consortium studies [ 13–16 ], ther e is a lac k of standards
n data structures, metadata collection, and pr epr ocessing. This
eads to limited generalizability [ 17 , 18 ] of the results in terms of
ia gnostic and pr ognostic biomarkers—that is, taxa that could be
sed as diagnostic or prognostic markers [ 19 ] and that, as such,
eed to be robust and reproducible indicators of the biological
tate. 

In this w ork, w e performed a compr ehensiv e e v aluation of
iomarker stability and classification a ppr oac hes in the con-
ext of gut metataxonomic data used to identify a micro-
ial signature of IBD-affected patients versus healthy controls.
ig. 1 summarizes the whole analysis pipeline . T hree different
atasets (described in Methods , Data ) w er e mer ged to incr ease
he number of examples . T he final merged dataset consists of
,569 samples in total, where 702 samples were identified as
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Figure 1: Dia gr am for the ov er all experiments . T he figur e r eports the anal ysis performed on ensemble dataset 1 using ensemble dataset 2 onl y for 
testing (black: inputs and outputs; blue: analysis steps; green: results assessment). A symmetric analysis was performed on ensemble dataset 2 using 
ensemble dataset 1 for testing. The inset r epr esents the details of the mapping transformation procedure. 
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BD-affected patients and the others as healthy controls . T he
erged dataset was split in two, thus obtaining ensemble dataset
 (ED1) and ensemble dataset 2 (ED2) by mixing the samples
rom the original studies. Note that, although the percentage of
amples from different datasets is similar in ED1 versus ED2, we
xpected the abundance of each taxon to be different in the 2
atasets due to the high number of features and the high variabil-

ty and sparsity of metagenomics datasets [ 20 ]. This characteristic
ight potentially affect the performance and generalizability of
ethods, which is a property w e w anted to check in our experi-
ents. 
Each dataset was given as input to a “typical” ML pipeline, in-

luding splitting the data into test and training sets, feature selec-
ion, and a final classification step. Since generalized biomarker
iscovery is a k e y point in this landscape, our effort focused on
tudying the feature selection step. In particular, we used recur-
iv e featur e elimination (RFE) within a bootstr a p embedding [ 21 ]
s described in Methods, Feature selection approach to identify and se-
ect r obust featur es. Mor eov er, the integr ation of prior knowledge
n the learning process was investigated as a method to achieve
igher stability of the biomarker list [ 22 ]. A fourth external dataset

or which the samples’ labels were not available was used for this
ur pose, to compute featur e similarity. We r efer to this pr ocedur e
s ma pping str ategy, since it is based on a kernel-based data trans-
ormation that projects data in a new space where the more sim-
lar 2 features are, the closer they are mapped in the new space.
he basic idea is to take into account the correlation of differ-
nt taxa: if some features are strongly correlated, then they likely
ave similar importance and are equally relevant for the classifi-
ation task. More details about the mapping strategy are provided
n Methods, Mapping . In Methods, Evaluation metrics , we introduce
ll metrics used to assess features stability (robustness of taxa
elected). 

It is worth noting that there are similar approaches that use
 similarity matrix to map similar features into closer space [ 23–
6 ]. Among others, AggMapNet utilizes a unique approach for data
r ansformation, conv erting the original data into m ultic hannel 2-
imensional (2D) spatial-corr elated ima ges thr ough pairwise cor-
elation distances . T his is ac hie v ed b y emplo ying the manifold
earning method called Uniform Manifold Approximation and
r ojection (UMAP) [ 27 ]. Thr ough a pr eliminary clustering step, v ar-
ous c hannels ar e selected based on the pairwise correlation dis-
ances among featur es. Subsequentl y, the featur e ma ps ar e fed as
nput to machine learning models, such as convolutional neural
etworks, enabling effective classification tasks. Ho w e v er, tr adi-
ional ML methods r equir e as input 1-dimensional (1D) vectors.
ur a ppr oac h can ma p unorder ed featur es as 1D v ectors for con-
entional ML models and is therefore somehow complementary
o the AggMapNet approach. 

With the selected set of features, we used different classifi-
ation a ppr oac hes to classify IBD-affected patients and healthy
ontr ols—namel y, logistic r egr ession, support v ector mac hines,
 andom for ests, extr eme gr adient boosting, and neur al networks.
n Methods, Classification model algorithms , we introduce all the pre-
iction methods used in our study. To assess the generalizabil-

ty of the classifiers and the robustness of the microbial sig-
atur e, the models de v eloped using ED1 wer e tested on test 1

obtained by splitting ED1 in training and test in proportions
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80% and 20%, r espectiv el y) and on the entire ED2. Similarly,
models de v eloped using ED2 wer e tested on test 2 and on the 
entire ED1. 

Using the Bray–Curtis similarity matrix to map the data pro- 
vides the best, impr ov ed stability, without sacrificing the classi- 
fication performance. Using this pipeline, we selected the top 14 
features as a trade-off between optimal performance and method 

generalizability. The best-performing algorithm on this robust set 
of features was the random forest. We further investigated the 
role of these biomarkers using Shapley values [ 28–30 ]. 

To ensure the reproducibility of the results, datasets and all 
code written in support of this publication ar e publicl y av ailable 
in the GigaScience Database [ 31 ]. 

Methods 

Data 

Four datasets were downloaded from Qiita, an open-source mi- 
crobial study management platform (see Table 1 for the reference 
Qiita study ID for r epr oducibility) [ 16 , 32–34 ]. Table 1 summarizes 
the c har acteristics of the differ ent datasets, suc h as 16S r egion se- 
quenced, the specimen analyzed, the patient’s geogr a phic origin,
and the abundance matrices’ dimensionality. Throughout the ar- 
ticle, we will refer to each dataset with the ID indicated in the first 
column (Dataset#). 

We downloaded the metadata file, with all the available covari- 
ates (e.g., sample ID, age, sex, weight), the .biom file with the abun- 
dance matrices of the processed 16S rDNA sequences, and the as- 
sociated taxonomy. For all the datasets, the abundance matrices 
were obtained by a ppl ying the same bioinformatics pr epr ocessing 
steps—that is, trimming (QIIMEq2 1.9.1) and Pick closed-reference 
OTUs (QIIMEq2 1.9.1) [ 35 ] as implemented in Qiita. 

Se v er al pr epr ocessing tools hav e been de v eloped to handle 
with 16S sequencing data c har acteristics, suc h as log ratio–based 

tr ansformation, normalization, and zer o imputation [ 36–38 ]. How- 
e v er, no standard a ppr oac h has been identified yet. We pr epr o- 
cessed each dataset independently and then combined them in 

ED1 and ED2. First, all the taxa with the same taxonomy classifi- 
cation (i.e., same species le v el or genus le v el) wer e a ggr egated and 

their r espectiv e counts wer e summed, as usuall y done in micr o- 
biome studies [ 19 , 3 , 39 ]. We considered both species and genus 
le v els independentl y, thus obtaining 2 abundance matrices for 
each dataset. After that, we filtered out those taxa with more than 

99% of abundances equal to 0. It is worth noting that usually, in 

the field of micr obiota anal ysis, a thr eshold of 95% or 90% is used.
Ho w e v er, lo w er thresholds can alter the composition of the abun- 
dance profiles (i.e., the abundances of all the features in a sam- 
ple) and have an effect on the following normalization step [ 40 ].
Then we divided the abundance profiles by the geometric mean 

and took the log (base 2) of the ratios leveraging on the idea of clr 
transformation, using a pseudocount value equal to the minimum 

observed data. 
After finishing pr epr ocessing Dataset 1 + Dataset 2 + Dataset 

3 separ atel y, we integr ated the 3 datasets as shown in Fig. 1 . To 
this pur pose, fr om the entir e set of featur es, onl y the ones com- 
mon throughout all datasets were k e pt. In this w ay, w e selected a 
core set of features with 283 taxa at the species level and 220 at 
the genus le v el. After dataset splitting in ED1 and ED2, min–max 
scaling was performed to scale features into the same range . T he 
pr epr ocessing was performed separ atel y to the external dataset 
(Dataset 4) following the same steps described abo ve . 
eature selection approach 

or each taxonomic level (genus, species) and each dataset ED1
nd ED2, RFE was used as a featur e r anking method to obtain
he optimal number of features [ 21 ] as described in the follow-
ng. RFE was performed 100 times with bootstr a pping. In eac h
ootstr a p, the tr aining dataset was split into an internal tr ain-

ng set and an internal test set. A prediction model was trained
ithin the internal training set using a linear support vector ma-

hine (SVM). RFE is a feature selection method that fits a model
nd r emov es the weakest feature (or features) until the specified
umber of features is reached. Linear SVMs were chosen because
f their cost-efficiency trade-off and their ability to deal with a
igh number of predictors [ 41–43 ]. The r egularization par ame-
er was tuned within each internal training set using grid search
nd 5-fold cr oss-v alidation with the Matthew correlation coeffi-
ient (MCC) [ 44 ] as the performance index. Feature importance
as measured based on the feature weight since data had been

tandardized in input. The least important feature was eliminated 

rom the dataset iterating the process until only 1 feature was left.
orting the features from the last eliminated, which will therefore
av e r ank 1, and av er a ging the r anked lists acr oss the 100 boot-
tr a ps, the global featur e r ank was calculated. Finall y, MCC was
omputed independently on each bootstrap internal test sets for 
ifferent numbers of features and then av er a ged acr oss the 100
ootstr a ps . T he number of features corresponding to the maxi-
um MCC (MCC sho ws either a peak or a saturation effect) w as

aken as optimum. 
RFE was performed (i) without an y tr ansformation, (ii) with

apping performed using Pearson correlation, and (iii) with map- 
ing performed using Bray–Curtis similarity, as explained in the 
ollowing par a gr a ph. 

apping 

imilarity matrix 

he similarity matrix is a symmetric matrix encoding the knowl-
dge about the likeness between features. In this article, we used
ither Pearson correlation [ 45 ] or Bray–Curtis similarity [ 46 ]. Pear-
on correlation is the linear correlation between 2 sets, dividing
he covariance of 2 features by the product of each standard de-
iation. Bray–Curtis similarity is the comparison of the composi- 
ion between 2 different sites, dividing twice the sum of the lesser
 alue for onl y those featur es in common between 2 sites by the to-
al sum of values counted at both sites for all the features. Assume
 i j as j th (< n ) feature value of i th (< m ) data sample . T hen we can
efine the list of a th and b th featur e v alue as A = [ x 1 a , x 2 a , . . . x ma ]
nd B = [ x 1 b , x 2 b , . . . x mb ] . Pearson corr elation and Br ay–Curtis sim-
larity are defined as follows: 

Pearso n Co r r el at io n = 

co v ( A, B ) 
σA σB 

(1) 

Bray Curtis Similarity = 

2 
∑ m 

1 min ( A [ i ] , B [ i ] ) 
( 
∑ 

A ) + ( 
∑ 

B ) 
(2) 

It should be noted that, to avoid introducing any bias, the sim-
larity matrices were calculated on dataset 4 (see Fig. 1 and Ta-
le 1 ), an external dataset used only to calculate the similarity
atrix to perform the ma pping tr ansformation (see Methods, Map-

ing, Similarity Matrix ). 

apping transformation and its theoretical advantages 
eatur e ma pping is a crucial steps in mac hine learning that can
ignificantly impact model performance . F eature mapping in- 
olv es tr ansforming r aw input data into a format suitable for the
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Table 1: Summary of datasets used in the study. The table shows, in different columns, the ID of the dataset (Dataset#), the Qiita 
study ID, the sequenced hypervariable region (16S region), the specimen analyzed (Product), the patient’s geographic origin (Geographic 
localization), and the number of samples labeled as IBD versus non-IBD. CD stands for Crohn’s disease and UC for ulcerative colitis. 

Da taset Informa tion 

Biological 
specimen 

Geographic 
localization 

Selected samples for the study 

Dataset# Qiita study ID 16S region Total IBD Non-IBD 

Dataset 1 [ 16 ] 11,484 V4 Feces USA 96 95 
CD:75/UC:20 

1 

Dataset 3 [ 32 ] 2151 V4 Feces USA 836 32 
CD:10/UC:22 

804 

Dataset 2 [ 33 ] 1629 V4 Feces Sweden 637 575 
CD:251/UC:324 

62 

Dataset 4 [ 34 ] 10,317 V4 Feces USA, UK, AU 444 N/A N/A 

Ensemble Dataset Information (Dataset 1 + Dataset 2 + Dataset 3) 
Ensemble Dataset 1—Training Dataset 627 281 346 
Ensemble Dataset 2—Training Dataset 628 281 347 
Ensemble Dataset 1—Test Dataset 157 70 87 
Ensemble Dataset 2—Test Dataset 157 70 87 

Table 2: Stability metrics for eac h r ecursiv e featur e elimination experiment. For each dataset, the best stability value is highlighted in 

bold. 

Level: Species 

SRCC 

Pearson 
correlation 

Hamming 
distance 

Bray–Curtis 
dissimilarity 

Euclidean 
distance 

ED1 
No mapping 0 .662 0 .653 0 .919 0 .085 1 .402 
Mapping: Pearson correlation 0 .652 0 .642 0 .92 0 .086 1 .425 
Ma pping: Br ay–Curtis similarity 0 .667 0 .689 0 .918 0 .08 1 .325 
ED2 
No mapping 0 .617 0 .639 0 .925 0 .088 1 .423 
Mapping: Pearson correlation 0 .579 0 .599 0 .928 0 .094 1 .505 
Ma pping: Br ay–Curtis similarity 0 .643 0 .662 0 .921 0 .084 1 .355 
Level: Genus 

ED1 
No mapping 0 .67 0 .671 0 .921 0 .1 1 .689 
Mapping: Pearson correlation 0 .607 0 .618 0 .903 0 .108 1 .819 
Ma pping: Br ay–Curtis similarity 0 .667 0 .677 0 .919 0 .1 1 .672 
ED2 
No mapping 0 .698 0 .715 0 .916 0 .093 1 .561 
Mapping: Pearson correlation 0 .647 0 .662 0 .922 0 .102 1 .705 
Ma pping: Br ay–Curtis similarity 0 .707 0 .733 0 .917 0 .089 1 .514 
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earning algorithm, enabling the extraction of meaningful pat-
erns and relationships. By converting complex and diverse fea-
ures into a more structured representation, feature mapping em-
o w ers the model to discern r ele v ant information, leading to more
ccur ate pr edictions. In the context of omics data, due to the
bundance of features, the problem of identifying r ele v ant fea-
ures for the predictive model becomes underconstrained, lead-
ng to numerous potential sets of relevant features that could
c hie v e compar able accur acy. To addr ess this, we le v er a ged sup-
lementary data from an external dataset (dataset 4) to impose
dditional constraints during feature mapping. In essence, this
 ppr oac h aims to account for strong correlations among certain
eatures, indicating their similar importance for the classifica-
ion task. As a result, we ensure that these correlated features
r e equall y r ele v ant, enhancing the ov er all performance of the

odel. 
Information about feature correlation is integrated by mapping
ata using a kernel transformation that has been shown to pos-
ibl y alle viate featur e instability [ 22 ]. Tr ansformation matrix P is
btained using the equation P = D 

−1 ( I + α( S − I ) ) , where S is the
imilarity matrix, D is the diagonal matrix whose elements are
he sum of the elements in the rows of the matrix I + α( S − I ) , and
is a tuning par ameter. The v alue of α was decided for each ex-

eriment using 5-fold cr oss-v alidation within its internal training
ataset using a grid of 0.01 and from 0.05 to 1 by step 0.05. In our
 ppr oac h, ma pping was used only in the RFE step. 

v alua tion metrics 

tability 

iffer ent r ank-based stability indexes wer e used to e v aluate the
obustness of the feature selection algorithm: Spearman’s rank
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correlation coefficient (SRCC), Hamming distance, Pearson corre- 
lation, and Bray–Curtis dissimilarity [ 47 , 48 ]. 

Since the ranks are distinct integers, SRCC between 2 rank sets 
can be calculated as follows: 

SRCC = 1 − 6 ∗
∑ 

each feature 

d 2 

n 3 − n 
(3) 

where d is the difference between the 2 ranks of each feature and 

n is the total number of ranked features. 
Hamming distance between 2 rank sets is calculated as the pro- 

portion of disa gr eeing components as follows: 

H amming Dist ance = 

1 
n 

∑ 

each feature 

{ 

1 , i f ranks are not the same 
0 , ot herwise 

(4) 

The equation of Pear son corr elation and Bray–Curtis dissimilarity 
is identical to Eq. ( 1 ) and Eq. ( 2 ), but A and B now comprise rank 
of eac h featur e at eac h bootstr a p wher e x i j r epr esent the r ank of
i th ( i = 1 , . . . , # o f features ) feature of j th ( j = 1 , . . . , 100 ) bootstr a p.
Bray–Curtis dissimilarity is calculated by subtracting Bray–Curtis 
similarity value from 1. 

Euclidean distance is the length of the line segment connecting 2 
different points . T he stability indexes described abo v e wer e com- 
puted for each pair of bootstrap samples used for RFE and finally 
av er a ged acr oss the 100 ∗ (100 – 1)/2 v alues. 

The number of commonly ranked f eatures w as defined b y count- 
ing the number of common features across all bootstraps con- 
sidering a range that starts from the top-ranked single feature 
and expanding the range one by one . T he condition can be var- 
ied by defining “common” as consistent across all 100 bootstr a ps 
or across at least 66 or 50 bootstraps. 

To compare the ability to distinguish unimportant features 
fr om important featur es, a noise-filtering experiment was per- 
formed. We added 100 r andoml y gener ated noisy featur es (r ange 
0 to 1 from a uniform distribution) to the original features (range 
0 to 1 by min–max scaler) before mapping and after mapping 
and RFE compared the average rank of noisy features from 

the av er a ge r ank of true featur es (Table 3 ). With a good noise- 
filtering algorithm, noise featur es ar e expected to have big feature 
ranks. 

P erf ormance measur ement 
MCC was used for the step of r ecursiv e featur e elimination and 

to compare the performance of the different models. MCC esti- 
mates the correlation between the predictive value and ground- 
truth value by using the following equation: 

MC C = 

T N ∗T P − F N ∗F P √ 

( T P + F P ) ( T P + F N ) ( T N + F P ) ( T N + F N ) 
(5) 

where TP is the number of true-positive, TN of true-negative, FN 

of false-negative, and FP of false-positive values. Chicco et al. [ 44 ] 
sho w ed the a ppr opriateness of MCC for e v aluating binary classi- 
fication performance by considering all 4 confusion matrix cate- 
gories. 

AUC, accuracy , specificity , sensitivity , positiv e pr edictiv e v alue 
(PPV), and negativ e pr edictiv e v alue (NPV) wer e also measur ed to 
compare models’ performance. AUC stands for area under the 
R OC curve, and the R OC curv e is dr awn by placing the false- 
positiv e r ate, FP 

FN+ TP , to the x-axis and the true-positiv e r ate,
TP 

TP+ FN , to the y-axis. Accuracy stands for T P+ T N 
TP + FP + FN+ TN , specificity 

for TN 
TN+ FP , sensitivity for TP 

TP+ FN , PPV for TP 
TP+ FP , and NPV for TN 

TN+ FN .
Apart from linear SVM, which outputs the class, predictive values 
should be converted into binary values by establishing a thresh- 
old. Considering the positive to negative ratio was not high (with 
 value of 0.81 as indicated in Table 1 ), we set the threshold
o 0.5. 

lassification model algorithms 

ight different types of prediction algorithms—namely, logis- 
ic r egr ession, linear SVM, r andom for est, XGBoost, percep-
r on, and m ultilay er per ceptron (MLP) with 1, 2, or 3 hidden
ay ers—w ere used to classify samples in IBD versus healthy us-
ng the features selected within the RFE phase. Within each
raining dataset, a classification model that predicts the status 
f IBD was built. Hyper par ameters in each model were tuned
sing 5-fold cr oss-v alidation within the training set with grid
earch. 

Logistic r egr ession outputs prediction scores between 0 and 1 by
 ppl ying logistic function to linear r egr ession. In this study, regu-
arized logistic r egr ession, using L2 penalty (i.e., ridge r egr ession)
as used. For the optimization, lbfgs solver was used with the

oler ance par ameter of 1e-4 (which follo w ed the default setting
f the library sklearn.linear_model.LogisticRegression by scikit- 
earn) [ 49 ]. Regularization parameter was tuned using a grid of
 to the po w er of ( −5, −3, −1, 1, 3, 5). 

Linear SVM linearl y separ ates data maximizing the margin be-
ween 2 classes . T he squared L2 penalty was applied to prevent
 verfitting. T he “rfb” kernel was used, and “gamma” was set as
scale” so that it used 1/(# of features ∗ variation of features) as
he value of gamma (which follo w ed the default setting of the li-
rary sklearn.svm.LinearSVC by scikit-learn) [ 49 ]. Regularization 

arameter was tuned with a grid of 2 to the po w er of ( −5 to 15
ith the step of 2). 
Random forest builds many decision trees and uses bagging to

ake an uncorrelated forest of trees combined for better predic-
ion. Gini impurity was used to decide the splits, while the maxi-

um depth was unlimited so that nodes were expanded until all
eav es wer e pur e or contained less than the parameter “min sam-
les split.” The parameter “min samples split,” which is the min- 

mum number of samples for splitting an internal node, and the
arameter “min samples leaf , ” which is the minimum of samples
o be at a leaf node, were set equal to 2. The number of features
o search for the best split was set as 

√ 

# of features . Finally, the
umber of trees in the forest was set as 100. 

Extr eme gr adient boosting ( XGBoost ) is a tr ee ensemble model
hat utilizes gradient boosting to combine many trees. XGBRe- 
ressor was trained with 200 gradient boosted trees. Base learn-
rs had 20 maximum tree depth. Subsample ratio of the training
nstance was 0.2, while subsample ratio of columns when con-
tructing each tree was 0.5. Minimum loss reduction, which is for
he partition on a leaf node, was set to 1. Learning rate was tuned
ith the grid of 0.005, 0.01, 0.05, 0.1, 0.5. Regularization factor, al-
ha, which is the L1 regularization term, was with the grid of 1e-3,
e-2, 0.1, 1, 10. 

P er ceptron is a single-layer neural network predicting an out-
ut with combinations of input values , weights , and bias . MLP is
 feedforw ar d neural netw ork with multiple hidden lay ers. In the
xperiments, MLP Regressor, which has a single output lay er, w as
uilt. LBFGS optimizer minimizing the squared error function was 
sed to optimize weight variables, while ReLu function was uti-

ized for the activation function. When the loss score was under
e-4, the optimization was considered as converged, and the train-
ng stopped. Learning rate and L2 regularization term were tuned
ith the same pr ocedur e with XGBoost. MLP with 1, 2, and 3 hid-
en lay ers w ere constructed with hidden lay er size corresponding
o the number of features. 
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Table 3: Noise-filtering result for each recursive feature elimination experiment. The margin between the rank of noise features and 

original features is calculated. 

Noise-filtering score 
avg(rank of noises)—avg(rank of real) ∗ rank by recursi v e feature 

elimination 

Taxonom y le vel/algorithm Species Genus 

ED 1: no mapping 11 .30 34 .61 
ED 1: mapping with Pearson correlation 27 .17 − 5 .92 
ED 1: mapping with Bray–Curtis similarity 22 .87 77 .66 
ED 2: no mapping 20 .19 33 .21 
ED 2: mapping with Pearson correlation 14 .10 33 .42 
ED 2: mapping with Bray–Curtis similarity 26 .06 80 .49 
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apping tr ansforma tion and recursi v e feature 

limination 

yper par ameter α used in mapping decides how m uc h w e w eigh
he similarity matrix in data transformation when performing RFE
nd was tuned in cr oss-v alidation within each internal test set as
xplained in Methods, Mapping, Mapping transformation and its the-
retical advantages (see Fig. 2 ). Interestingly, the MCC values ex-
ibit different patterns when comparing mapping performed us-

ng Pearson correlation and mapping performed using Bray–Curtis
imilarity. For mapping with P earson correlation, the MCC sho ws
n unstable profile and a sudden drop as shown in Fig. 2 A, C. The
ptimal α value appears as the smallest value, 0.01, within the
rid range of 0.01 to 1. On the other hand, Bray–Curtis similarity
a ppings demonstr ate an initial incr ease in the performance fol-

o w ed b y a stable pattern of decline, with optimal α values equal
o 0.15 and 0.05 at the species le v el for ED1 and ED2, r espectiv el y,
nd equal to 0.05 at the genus le v el for both ED1 and ED2. 

Performance dependence on the number of features is illus-
r ated in Fig. 3 , wher e MCC is shown (i) with not mapping, (ii) with

apping performed using Pearson correlation, and (iii) with map-
ing performed using Bra y–Curtis similarity. T he pattern is simi-

ar in the 3 cases, with MCC close to 0.8 slightl y incr easing with
he number of features and saturating only at the very right side
f the curve. As a consequence, the optimal number of features
s high (87.1% of featur es ar e selected on av er a ge) in most of the
FE experiments . T he only exception is r epr esented by ma pping
ased on Pearson correlation on ED1 at the species level, which
 eac hes the maximum MCC when using 22 features . T he maxi-
 um v alue of the MCC (av er a ge calculated on the 100 bootstr a p

amples) is shown in the label of Fig. 3 as “Maximum MCC,” with
he corresponding number of features indicated as “Optimal fea-
ure number.”

eature stability 

tability indexes 
able 2 illustrates the values of the stability metrics across the dif-
er ent bootstr a ps in eac h experiment. At the species le v el, ma p-
ing data using Bray–Curtis similarity allows r eac hing better sta-
ility with e v ery dataset and e v ery metric. At the genus le v el, ma p-
ing data using Bray–Curtis similarity still shows the better sta-
ility in the ED1 dataset (with the exception of Hamming distance
nd SRCC metrics) and in the ED2 dataset (with the exception of
amming distance metric). 
Supplementary Figs. S1 and S2 show the number of commonly

anked features across all 100 bootstr a ps or acr oss at least 66 or 50
ootstr a ps. At small r anks, the differ ence between differ ent ma p-
ing strategies is not clear as the number of common features
cr oss bootstr a ps is too small. Ho w e v er, as mor e featur es ar e con-
ider ed, RFE with Br ay–Curtis similarity–based ma pping shows a
reater number of common features in e v ery dataset except ED1
t the genus le v el. 

oise filtering 

o assess the noise-filtering ability of the various approaches
 Methods , Evaluation metrics , Stability ), w e subtracted the average
ank of noisy features from the average rank of original data fea-
ures (283 features at the species level, 220 features at the genus
e v el). In Table 3 , except ED1 at the species le v el, ma pping with
ray–Curtis similarity shows a better noise-filtering score than
he others . T he superiority of mapping with Bray–Curtis similar-
ty is more apparent at the genus level, as the gap is 3 times
igger compared to the species level (22.87 to 77.66 and 26.06
o 80.49). While mapping with Bray–Curtis similarity shows con-
istent noise-filtering ability, mapping with Pearson correlation
hows unstable noise-filtering ability, which is sometimes worse
han no mapping. 

erformance comparison by selected set of 
eatures 

r ediction models wer e built based on the optimal set of features
dentified using linear SVM-based RFE and Bray–Curtis similarity–
ased mapping (Fig. 3 ). To validate the methods, the models
rained on ED1 were tested in both test 1–ED1 and on the entire
D2, and models trained on ED2 were tested on test 2–ED2 and on
he entire ED1. Eight different prediction algorithms (see Methods,
lassification Model Algorithms ) were tested. Overall performance
btained by different methods using different metrics (AUC, accu-
acy , sensitivity , specificity , PPV , NPV , MCC) is illustrated in Supple-

entary Tables S1–S4. Supplementary Table S5 summarizes the
est MCC with the best-performing algorithm in each experiment.
LP with 1 or 2 hidden layers shows the best MCC in most of the

xperiments (23 among 24 results). 
As the optimal number of features is high in most RFE experi-

ents (Fig. 3 ), prediction models were also trained and compared
ith a constant number of a few top features. We choose to con-

ider the top 14 features (see Methods, Full Data Experiment and
iomarker Selection ). Results obtained using different algorithms
re shown in Supplementary Table S6. With a smaller number
f selected features, the performance slightly decreases and the
est-performing algorithm varies. Random forest shows the best
erformance in the most cases (15 among 24), follo w ed b y MLP-
,2 hidden layer, XGBoost, logistic r egr ession, and linear SVM. RFE
ithout mapping shows a better performance than RFE with map-
ing by Bray–Curtis similarity with 0.0016 on av er a ge. Considering
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Figure 2: Av er a ge MCC acr oss bootstr a ps at differ ent v alues of hyper par ameter α in ma pping tr ansformation. Hyper par ameter α is used for contr olling 
the degree of mapping transformation. (A) Species level, mapping by Pearson correlation. (B) Species level, mapping by Pearson correlation. (C) Genus 
le v el, ma pping by Pearson correlation. (D) Genus level, mapping by Pearson correlation. 

Figure 3: Av er a ge MCC acr oss the 100 bootstr a pped r ecursiv e featur e elimination pr ocess. MCC (y-axis) at v arying number of featur es (x-axis) av er a ged 
across the 100 bootstrap internal test sets. Maximum MCC with optimal feature number is written in each legend. Error bars represent the standard 
deviation of MCC. (A) Species level, ED1. (B) Species level, ED2. (C) Genus level, ED1. (D) Genus level, ED2. 
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the small ga p, ma pping with Bray–Curtis similarity, while improv- 
ing feature stability, does not seem to affect method performance 
in terms of MCC, which overall, remains quite stable. 

Full data experiment and biomarker selection 

The best pipeline for biomarker selection (linear SVM-based RFE 
with mapping using Bray–Curtis similarity) is applied to the full 
T  
ataset at the species le v el without any split (i.e., training set is the
ombination of training sets in ED1 and ED2, test set of test sets
n ED1 and ED2) to obtain the possible biomarkers for IBD. Dur-
ng the RFE process, we compute the av er a ge MCC acr oss the 100
ootstr a p internal test sets. Similar to Fig. 3 , av er a ge MCC slightl y

ncreases with the number of features, and the maximum MCC is
 eac hed corr esponding to 267 featur es among the 283 considered.
he 8 differ ent pr edictiv e models presented in Methods, Classifica-
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Figure 4: Differential of av er a ge MCC during RFE. Av er a ge MCC is 
calculated in each feature number, and each average MCC is subtracted 
by its former av er a ge MCC to calculate differentials. x-axis: the number 
of featur es, y-axis: differ ential of av er a ge MCC, horizontal r ed line: y = 0. 

t  

t  

t  

w
 

m  

w  

s  

m  

F  

d  

a  

e  

d  

1  

m  

d  

t
 

v  

f  

t  

o  

a  

o  

d  

c  

a  

n  

t  

a  

a  

I  

d  

i  

(  

a  

(  

t  

C  

a  

o

D
S  

e  

s  

a  

t  

f  

i  

s
 

t  

w  

v  

h  

d  

n  

m  

t  

i  

t  

s  

l  

c
 

o  

i  

s  

r  

f  

b  

s
 

t  

u  

l  

s  

o  

a
 

w  

f
 

t  

t  

a  

b  

s  

l
 

f  

t  

f  

D  

t  

h  

I  

l
 

m  

t  

b  

l  
ion Model Algorithms are trained using the selected features, illus-
rated in Supplementary Table S7. MLP-1,2 hidden layers consis-
ently show the highest performance in terms of MCC, confirming
hat was pr e viousl y found. 
As the optimal number of features is high in most RFE experi-

ents (Fig. 3 ), prediction models were also trained and compared
ith a constant number of a few top features. We choose to con-

ider the top 14 features as a tradeoff between optimal perfor-
ance and generalizability potential, based on results shown in

ig. 4 where we calculated the �MCC as the difference in MCC at
ifferent subsequent numbers of features and selected the value
t which the �MCC starts to converge to zero. Compared to mod-
ls with optimal number of features (267), overall performance
ecreases and the best model algorithm changes. While MLP with
 hidden layer is the best algorithm with MCC 0.963 in Supple-
entary Table S7, it decreases to 0.826. Instead, random forest

ecreases to 0.845 from 0.854, which is the maximum MCC among
he 8 algorithms. 

With the final random forest–based predictive model, Shapley
 alues ar e calculated on the training, test, and external datasets
or the top 14 ranked features. Shapley values calculate the extent
hat each feature at each data sample contributes to the change
f output of the prediction model. Since Shapley values are model
 gnostic, whic h pr ovides local explanations, they are calculated
n the training and test datasets and on dataset 4 (for which we
o not know the sample labels but still can run the models and
alculate the Shapley values). Shapley values on the training set
re shown in Fig. 5 (Shapley values on the test and the exter-
al dataset 4 are shown in Supplementary Table S8). The rank of
he 14 features based on Shapley values shows a high similarity
cr oss differ ent datasets (tr aining, test, and external dataset 4),
nd the dir ections, whic h incr ease or decr ease the possibility of
BD, ar e identical. Random for est model with 14 selected features
etermines Lachnospiraceae (f) Butyrivibrio (g), Bacteroides (g) frag-

lis (s), P orph yromonadaceae (f) Dysgonomonas (g), Erysipelotrichaceae
f) cc_115 (g), Fusobacteriaceae (f) Fusobacterium (g), Alkalimonas (g)
m ylol ytica (s), Lactobacillus (g) zeae (s), Peptococcaceae (f) Peptococcus
g) as indicators of IBD state, and Corynebacteriaceae (f) Corynebac-
erium (g), Tissierellaceae (f) WAL_1855D (g), Campylobacteraceae (f)
ampylobacter (g), Lachnospiraceae (f) Ruminococcus (g), P orph yromon-
daceae (f) Parabacteroides (g), Lactobacillus (g) iners (s) as indicators
f negative of IBD ( f : family, g : genus, s : species le v el). 
iscussion 

table feature selection is a pr er equisite to decide str ong biomark-
rs . To pro ve the validity of a set of features as biomark ers, the y
hould be observed consistently every time a feature selection
lgorithm is applied. In this article, we performed RFE multiple
imes using bootstr a pping and c hec ked the le v el of consistency of
eatur e r anks between trials using stability indexes. Mor eov er, we
nv estigated v arious str ategies that could impr ov e the stability of
elected biomarkers. 

First, we used bootstr a p to cope with the scarcity of samples in
he training set compared to the number of features [ 50 ]. In this
 ay, w e generated various classifiers, selected various features on

arious data splits, and then av er a ged the r esults, pr eserving a
igh r anking onl y for those featur es that ar e consistentl y the most
iscriminating featur es acr oss the splits. Second, since the high
umber of features makes the pr oblem underconstr ained (i.e.,
any possible sets of features can be considered relevant to the

ask and equally good in terms of accurac y), w e used additional
nformation from an external dataset (dataset 4) to include addi-
ional constraints in terms of feature mapping. In other w or ds, if
ome features are strongly correlated, then they likely have simi-
ar importance, and we want them to be equally relevant for the
lassification task. 

Thr ee differ ent datasets wer e mer ged to incr ease the number
f examples and mitigate the potential batch effect and then split
n two. As the division of the dataset was performed using boot-
tr a pping, the r atio of non-IBD v ersis IBD was pr eserv ed, and the
atio of the data sour ce w as also preserved without significant dif-
erence, as shown in Supplementary Table S9. Ho w e v er, the distri-
ution of each feature may differ as the size of the dataset was
mall compared to the number of features. 

Ma pping tr ansformation with linear SVM-based RFE impr ov ed
he stability without the loss of performance. We recommended
sing Bray–Curtis similarity to impr ov e the stability of the se-

ected features since, in most cases, mapping using Bray–Curtis
imilarity sho w ed a significant incr ease of stability compar ed to
ther a ppr oac hes and higher noise-filtering scor e, at both genus
nd species le v els. 

Mor eov er, as shown in Supplementary Figs. S1 and S2, mapping
ith Bray–Curtis similarity presents a higher number of common

eatur es, alr eady at an early stage of RFE. 
Notabl y, the Br ay–Curtis similarity was designed for composi-

ional data (a composition is r epr esented by a v ector of pr opor-
ions with respect to a total sum on the sample under observation)
nd is ther efor e mor e r obust to spurious corr elations intr oduced
y the fact that the taxonomic abundances are multivariate ob-
ervations whose information content is closely linked to the re-
ationship between the components. 

A possible dr awbac k of our method is that the mapping trans-
ormation compresses the information by shortening the dis-
ance between similar features. In case the degree of the trans-
ormation is high ( α in the transformation matrix equation P =
 

−1 ( I + α( S − I ) ) ), the loss of potential information can be impor-
ant. Choosing α in cr oss-v alidation as done in this work might
elp mitigate this risk, although at a higher computational cost.

ndeed, in our experiments, the optimal choice of α did not high-
ight a loss in classification performance. 

Ther e ar e similar a ppr oac hes that use the similarity matrix to
ap similar features into closer space [ 23–26 ]. AggMapNet maps

he original data into m ultic hannel 2D spatial-corr elated ima ges
ased on their pairwise correlation distances using the manifold
earning method UMAP [ 27 ]. Different channels are chosen based
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Figure 5: Shapley additive explanation (SHAP) summary plot of primary indicators of IBD and non-IBD. Random forest model trained by top 14 
features in RFE (species level, trained by the combination of training sets in ED1 and ED2) is used to calculate SHAP values. SHAP values are measured 
by the training dataset. Total rank is the rank between 14 features used for training the model. 
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on a preliminary clustering step, which is again based on pairwise 
correlation distances between features . F eatures maps are then 

given as input to machine learning methods such as convolutional 
neural networks to perform classification. Results obtained us- 
ing the AggMapNet [ 23 , 24 ] approach on our dataset are shown in 

Supplementary Table S10 and compared with our pipeline (Bray–
Curtis similarity–based mapping + RFE + MLP). This comparison 

pr ov es the str ength of our pipeline in the situation of small data 
and a high number of featur es, whic h is typical of omics studies.
Differ entl y fr om AggMa pNet [ 23 , 24 ], our pipeline does not project 
the data in m ultic hannel 2D spatial-corr elated ima ges and thus 
is not suitable for 2D data r epr esentation and omics data integra- 
tion. 

To further assess the consistency of our results and the ro- 
bustness of our a ppr oac h, we calculated the False Discovery Rate 
(FDR)-adjusted P values using the Wilcoxon rank-sum test, fold 

change and a verage , and standard deviation information of the 
top 14 biomarkers we selected in Supplementary Table S11. We 
found that 13 of 14 biomarkers had a q value below 0.001 when 

comparing between IBD and non-IBD samples. Howe v er, despite 
the statistically significant differences in the markers, 52.3% of the 
features sho w ed significant differences betw een IBD and non-IBD 

gr oups, whic h implies that r el ying solel y on statistical tests may 
not be sufficient in determining good biomarkers . T he robustness 
f our algorithm and the excellence of machine learning algo- 
ithms are shown by high-performing prediction for this sparse 
ype of dataset. 

It should be reported that we originally performed the overall
xperiment without logarithmic transformation (data not shown) 
nd c hec ked later that logarithmic tr ansformation impr ov ed the
erformance significantly. We expect the logarithmic transforma- 
ion has accounted for the highl y ske wed distribution of micro-
ial abundances [ 51 ]. Before using the logarithmic transforma- 
ion, the best-performing algorithm was random forest instead of 
LP. While tree-based ensembles utilize feature splitting based 

n a set of thr esholds, neur al network uses continuous values to
uild nonlinear relationships among variables, and logarithmic 
ransformation is expected to advantage the performance in this 
spect. 

Ho w e v er, when fe wer featur es ar e consider ed, r andom for-
st outperforms other methods, including MLP. In recent stud- 
es, r andom for est pr ovides gener all y higher performance than
ther conventional algorithms for microbial data analysis [ 52–55 ].
e suppose the higher complexity of the MLP algorithm takes 
or e adv anta ge when a higher number of features is consid-

r ed, wher eas in case fe wer featur es ar e consider ed, the “split” a p-
r oac h of tr ee-based ensemble models may fit to microbial data
etter. 
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vailability of Source Code and 

equirements 

roject name: MLonMicrobiome 
Pr oject homepa ge: https://gitlab.com/sysbiobig/mlonmicr obiom
Operating system(s): Platform independent 
Pr ogr amming langua ge: Python, R 

Other r equir ements: R 4.1.3, phyloseq 1.27.6, openxlsx 4.2.4,
ython 3.85, scikit-learn 1.0.2 

License: GNU GPL 
RRID: N/A 

upplementary Data 

a ta Av ailability 

our datasets were downloaded from Qiita, an open-source mi-
robial study management platform (see Table 1 for the reference
iita study ID for r epr oducibility) [ 16 , 32–34 ]. Data after each pre-
r ocessing sta ge can be accessed by our code repository. Our code
nd other data further supporting this work, including DOME-ML
nnotations, ar e openl y av ailable in the GigaScience repository Gi-
aDB [ 31 ]. 

bbreviations 

UC: area under the receiver operating characteristic curve;
D: Canberra distance; IBD: inflammatory bo w el disease; MCC:
atthe w corr elation coefficient; MLP: m ultilay er per ceptron; RF:

 andom for est; RFE: r ecursiv e featur e elimination; SRCC: Spear-
an’s rank correlation coefficient; SVM: support vector machine;
GS: whole-genome shotgun sequencing; XGBoost: Extreme Gra-

ient Boosting. 
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