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ABSTRACT

Genome data, characterized by its high dimensionality and complexity, presents
significant challenges for computational analysis and biological interpretation.
Feature selection plays a crucial role in reducing dimensionality, improving model
interpretability, and enhancing predictive performance by identifying the most
informative genomic attributes. In this study, we construct a robust, generalisable
ensemble framework for the feature selection and ML classification of metagenomic
data. The framework incorporates six different feature selection algorithms of
different types working in an ensemble. We comprehensively assess four ML
classifiers to pair with them and three aggregation methods to combine their
results, testing numerous configurations to find which ones perform best. Our
result shows that Random Forest is a general and reliable algorithm for
metagenomic datasests and consistent with the literature, we found that feature
selection wuniversally improves classification performance, though this
improvement varies per dataset and, on non-wrapper methods, depends on
choosing the right subset size. When looking at their best scores, the six FS
algorithms performed broadly similarly across the data, with the largest
differences being on the hardest-to-classify datasets, where mRMR and Boruta
edged out the others.
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INTRODUCTION

The human body - like all other life on Earth - is home to trillions of microorganisms, like
bacteria, viruses, fungi, and so on. Their numbers are so vast that there are in fact more bacterial
cells inhabiting the body than human cells [1]. The human microbiome (as these microbes are
collectively called) affects our health: disturbances in the balance of the microbiome have been
linked to a variety of conditions and diseases: different types of cancer [2,3], diabetes [4], even

asthma [5] and obesity [6].

Metagenomics is the field devoted to studying genetic information taken directly from the
environment. Unlike classic microbiological methods, which focus on a single, clonally cultured
organism at a time, metagenomics analyses whole communities of microbes within their
natural environment - such as the human body - giving a deeper and more diverse picture of a
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microbiome and its effects, though at the cost of not sequencing the whole genome of any
particular species [1]. The field truly took shape with the appearance of next-generation
sequencing (NGS) technologies, which allow researchers to process most genomes in an
environmental sample at high speed and low cost [7]. Today, there are millions of metagenomic
samples available in public databases like the Sequence Read Archive [8]. In tandem with this
sequencing revolution, researchers have started applying machine learning (ML) methods to
process and analyse the huge amounts of data, with promising results: ML models have been
shown to be effective in classifying microbial features, characterising state-specific microbial
signatures, and most importantly, predicting diseases [9].

In its default state, however, most metagenomic data is a poor fit for most of the machine
learning algorithms. One common type of metagenomic data is species abundance, where
samples with millions of raw sequence reads are processed into tables which contain the
relative abundances of each microbial feature in that sample. The tables for each sample can
then be combined to form a frequency table of the whole dataset, with its dimension given by
the total number of microbial features (taxonomically identified, down to a genus, species, or
even strain level [10]) found in the dataset’s samples. This dimension is much higher, often
orders of magnitude larger than the number of samples available for analysis [11,12,13].
Known as the ‘curse of dimensionality’, this mismatch can lead to long ML training times and
overfitted predictive models [14]. Metagenomic data is also known to be sparse (some features
only appear in a handful of samples; in the rest, its abundance is zero) and noisy (there are
many features present that are irrelevant for the task of disease prediction), further reducing
the performance of ML models [12]. In order to overcome these problems and make
metagenomic data suitable for machine learning, it must be pre-processed: its dimensionality
must be significantly reduced, while irrelevant features and noise must be removed. One of the
best ways to achieve these is through feature selection (FS), which has become a vital part of
dealing with genomic data of all kinds [15].

Feature selection is the process of selecting a subset of the most informative and relevant
features from the total feature set. Unlike other dimensionality reduction methods, such as
principal component analysis (PCA), feature selection does not alter features or create new
ones; it only picks out a subset. This makes it ideal for metagenomics, as researchers are often
not just concerned with creating a good predictive model, but also with identifying the specific
microbial taxa that play crucial roles in predicting diseases [16]. The goal of feature selection is
to find the optimal subset of features such that ML training is quicker, the resulting model is
more accurate, and no important information is lost in the process [14].

There have been countless feature selection methods used on genomic, and specifically
metagenomic, data and there is determined, that no single FS method is ideal in every case
[12,14]. As such, some researchers utilise multiple FS algorithms in tandem, combining their
findings in some manner to produce a more optimal feature set — a process known as ensemble
feature selection [15]. While ensemble frameworks have been created for other types of
genomic data [17,18], there have been relatively few studies that specifically use metagenomic
data [19]. Those that do usually consider only a few datasets [12,20], which inherently limits
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their generalisability. Studies that analyse a wider range of data often only use one type of
feature selection [10] or use different dimensionality reduction methods altogether [21,22].
Additionally, the general direction of ML research in metagenomics (as in many other fields)
seems to be towards neural network and deep learning-based architectures [21,22,23], which,
while promising superior performance, require powerful computational resources that might
not be available to researchers or other, non-academic users who could benefit from the disease
prediction and biomarker identification capabilities of these frameworks.

In this paper our aim was to construct a robust, generalisable ensemble framework for the
feature selection and ML classification of metagenomic data. The framework incorporates six
different feature selection algorithms of different types working in an ensemble. We
comprehensively assess four ML classifiers to pair with them and three aggregation methods
to combine their results, testing numerous configurations to find which ones perform best. We
process six open-source metagenomic disease datasets totalling more than a thousand samples
through our framework, contributing a wide array of experimental results to the literature.
Beyond disease prediction, we also use the framework to identify important biomarkers for
each disease. Importantly, every algorithm we use has low computational demand and does not
require powerful hardware, making our work accessible to everyone (without using a
supercomputer).

METHODS

In this section, first we give a short description of the different categories of feature selection
algorithms and describe how they operate, while also reviewing their usage in genomic big data
analysis. To conduct a more thorough review, we consider not just metagenomic studies, but
studies working with other kinds of genomic data as well. The issues that feature selection is
meant to solve (high dimensionality, low sample size, sparse and noisy data) are present in
essentially all genomic data [15,16], hence these studies are also relevant to our work. After
that there is a list of the applied ML algorithms and the description of the used datasets.

FS-methods
Table 1: Summarization of FS methods
Basic methods Filter methods
Wrapper methods
Embedded methods
Advanced methods Hybrid methods
Ensemble methods
Basic Methods
Filter Methods:

Filter methods are independent from the ML classifiers and conduct statistical tests on the
features to see how much they correlate with the target classes (Fig.1). Features are then
ranked based on the results of these tests; those above a certain threshold are selected as the
subset. Filter methods are considered the simplest and least computationally intensive of the
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three categories [14]. This makes them easily scalable, which is important for the high-
dimensional nature of metagenomic data.

‘ All features }—P Filter algorithm —»{Selected features }—»{ ML classifier |

Figure 1: The process of feature selection with filter methods.

Filter methods can be univariate or multivariate. Univariate tests, such as the Chi-squared and
Fisher’s exact test, are the fastest, but they ignore interactions between features, which in a
complex, interconnected microbial community can be detrimental. As such, they were mostly
used in older studies, with information gain-based algorithms being their most common form
[26]. Multivariate tests are slower, but they do account for some of these interactions. Hacilar
et al. [27] used the minimal-redundancy-maximal-relevance (mRMR) multivariate FS method,
among others, on an Inflammatory Bowel Disease (IBD) dataset to find the subset of features
most associated with the disease. Urbanowitz et al. [28] analysed the popular Relief family of
multivariate FS methods on simulated metagenomic datasets, finding that they accurately
detected two-way microbial interactions.

Wrapper Methods:
Unlike filters, wrapper methods are invariably tied to a given ML classifier: they use said
classifier to evaluate different combinations of features and select the subset that performs the

best (Fig.2).

P .,

|:Wrap per algorith m|
N

/J Classification
‘ All features }—DFeature\s:bset performance —b{aelected features

[ ML classifier |

Figure 2: The process of feature selection with wrapper methods.

Because they inherently look for features that perform well with a classifier, wrapper methods
produce higher classification accuracy than filters. Their main issue is cost: given the high-
dimensional nature of metagenomic data, evaluating every possible subset can be
computationally infeasible, requiring search strategies to narrow down the options, Wrappers
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provide the optimal feature subset for their chosen ML classifier, that subset might not be
optimal for other classifiers, which limits the versatility of wrapper methods [14]. Despite their
higher cost, wrapper methods have been used extensively in genomics. He et al. [30] devised a
novel wrapper FS algorithm based on the mRMR filter to predict genetic traits. Kavakiotis et al.
[31] also created a new wrapper, Frequent Item Feature Selection (FIFS), which outperformed
other FS methods in the informative marker selection task. Shen et al. [32] used the Boruta
wrapper, paired with the Random Forest classifier, to find microbes from the gut microbiome
that were important to predicting schizophrenia.

Embedded Methods:

Embedded methods integrate feature selection and ML model training into one step: during
training, the ML algorithm automatically determines the importance of each feature (Fig.3).
These methods can be considered a middle ground between filters and wrappers: like filters,
they are reasonably fast, and like wrappers, they consider the characteristics of the classifier to
achieve higher performance [14].

Embedded algorithm

‘ All features }—» Classifier training —»{Selected features

Internal feature selection

Figure 3: Feature selection with embedded methods.

The two main types of embedded methods are decision tree-based and regularization-based
algorithms. Decision tree-based methods (such as Random Forest or Gradient Boosting) are
effective at uncovering feature interactions, but since they rank every feature rather than
choosing a subset, they do not necessarily eliminate redundant features [14]. Regularization-
based methods (LASSO being a common one) are the opposite: by penalizing features that are
not relevant to the model, they eliminate redundancy, but they do not implicitly cover feature
interactions [33]. Kumar & Rath [34] used Support Vector Machines (SVM) as an embedded
way of feature selection, along with statistical filter methods, on leukaemia datasets. Sasikala
et al. [35] proposed a new Genetic Algorithm (GA), integrating it with four different ML
classifiers to produce a highly accurate model for breast cancer diagnosis.

Advanced Methods

The high dimensionality of genomic (including metagenomic) datasets means that most FS
methods are not stable: meaning that the features they select vary severely between similar
datasets, or even between subsets sampled from a single dataset [36]. To alleviate this problem,
and to create techniques that are more generally applicable, researchers have been developing
more advanced feature selection methods based on a simple but potent idea: using multiple FS
algorithms in a framework.
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Hybrid Methods:
Hybrid methods implement different types of FS algorithms within one, multi-step process,
taking advantage of their different characteristics (Fig.4).

",

Allfeatures  ———»/ Filter algorithm(s) —— ~ Cmoedded 0 Wrapper | | qcojcted features
algorithm(s) Y algorithm(s) /

Figure 4: The process of feature selection with hybrid methods.

As Figure 4 shows, the most intuitive way to construct a hybrid method is to start with a fast
filter technique and then give its (lower dimensional) output to a wrapper or embedded
method, reducing their higher computational cost while retaining their higher accuracy - the
best of both worlds [14].

Hybrid methods have become quite popular in bioinformatics, with some studies calling it the
‘best practice’ for feature selection [14, 15]. Jafari et al. [37] combined two univariate filters
(Pearson correlation and information gain) and a multivariate filter (ReliefF) with a Genetic
Algorithm wrapper to infer gene networks. Wang & Cai [38] analysed five different types of
cancer with a two-step FS framework followed by an SVM classifier, manually confirming that
the hybrid process selected near-optimal feature subsets.

Ensemble Methods:

Ensemble methods also utilize multiple FS algorithms, but unlike hybrid techniques, they do
not implement them step-by-step, but rather, in parallel. In an ensemble process, multiple FS
algorithms are run on the dataset separately, each of which returns a subset of features (Fig.5).

F3 algorithm #1 4){ Feature subset #1

All features FS algorthm #2 ——— Feature subset #2 Aggregation step ———» Selected features

FS algonthm #n ———»{Feature subset #n

Figure 5: The process of feature selection with ensemble methods.

Then, these subsets are aggregated in some manner to find the final, ensemble feature set. This
aggregation can be a simple intersection or union of the individual subsets or some kind of
weighting of each feature based on its position in each individual subset [14].
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Ensemble processes also increase the stability of feature selection [39], which is essential to
generalise high performance across multiple datasets [36].

Verma et al. [18] used a variety of filter and embedded methods - wrappers are rarely present
in ensembles - to show that different FS algorithms selected different features from genetic
data, and thus an ensemble method is needed for the best performance. Farid et al. [40]
proposed an ensemble feature selection and clustering method specifically for high-
dimensional genomic data, showing that it worked better on a Brugada syndrome dataset than
non-ensemble alternatives. Sarkar et al. [17] combined no less than eight different FS methods
into an ensemble process and devised an innovative aggregation step that delivered high
classification accuracy on breast cancer datasets.

ML Classifiers

As with our FS algorithms, we selected classifiers that are used with genomic data in the
literature [9, 55], and which can perform well without requiring high computational power. The
four algorithms we chose are: Random Forest (RF), Support Vector Machine (SVM), Naive Bayes
(NB), and Gradient Boosting (GB). They are all well-known and commonly used algorithms for
a variety of machine learning tasks, thus we only give short descriptions of them in the
following sections. All are available in and implemented from scikit-learn [44]. When possible,
we tune the hyperparameters of the algorithm first to ensure a fair comparison. This tuning is
done using grid search, which tests every possible combination of the given hyperparameter
values, with 5-fold stratified cross-validation, similarly to Pasolli et al. [10] The process of the
latter is the same as that of the 10-fold version detailed above, except here, the splits are made
in a way that preserves the original distribution of classes in each split. The test metrics are
averaged to give the final score for that particular combination of hyperparameters, and the
combination that gives the highest accuracy is ultimately selected. The tuning is done
separately for each tested dataset (using their full, unreduced versions) to ensure optimal
performance.

Finally, we test each of the optimised classifiers individually on our datasets to find the best
performing one to use in our ensemble framework.

Random Forest (RF)

We have already given a technical explanation of Random Forest in the feature selection
methods section; here, we add that it is considered a state-of-the-art classification algorithm
for metagenomic data [55, 56], which has been shown to outperform other algorithms like SVM,
LASSO [57], and ENet [10]. It is well-suited for high dimensional datasets thanks to its in-built
feature selection, and its tree-based structure makes its results interpretable.

The hyperparameters tuned for RF are the number of estimators (100, 200, 300, 400, 500) and
the splitting criterion (entropy or Gini), both of which are identified as critical parameters for
performance in LaPierre et al. [19] The rest are left at scikit-learn’s default settings. The RF we
use as an FS algorithm and the RF we use as the classifier always share the same
hyperparameters for consistency.
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Support Vector Machine (SVM)

The Support Vector Machine (SVM) is an algorithm that tries to separate data into classes by
finding the hyperplane (also called the decision boundary) that has the largest margin between
the support vectors: the different-class samples that are closest to this boundary on either side
of it [9]. As only the support vectors are relevant for learning, SVM works well with high
dimensional, low sample datasets like our metagenomic data, and its different kernels allow it
to be effective on a wide variety of data. It is, accordingly, a popular choice for metagenomic
classification [58, 59].

The hyperparameters tuned for SVM are the C regularisation parameter and the kernel
coefficient gamma for the radial basis function (RBF) kernel we use. The tested values are taken
from the MetAML study: {2-5, 2-3,. .., 215} for C and {2-15, 2-13, .., 23}for gamma [10]. The rest
are left at default settings.

Naive Bayes (NB)

Naive Bayes (NB) is a simple probabilistic classifier that applies Bayes’ theorem with the
assumption that the features are statistically independent from each other. This assumption is
what makes it ‘naive.’ Despite its simplicity, however, NB is used with genetic data, most notably
in the field of taxonomic classification where it is the state-of-the-art algorithm [60].

Scikit-learn offers multiple Naive Bayes implementations. Given that we are doing binary
classification on continuous values, we chose Gaussian NB, which has no important
hyperparameters to tune.

Gradient Boosting (GB)

Gradient Boosting (GB) is an ensemble machine learning technique that uses multiple weak
learners, usually simple, fixed-size decision trees, and creates a prediction model from them by
averaging their predictions [9]. As a boosting algorithm, it weighs the samples misclassified by
previous learners higher than correctly predicted ones, which makes the next learners focus
more on the misclassified samples. GB and its more advanced variants are used in metagenomic
classification to great effect [61, 62]. It is also similar to RF, with both being decision tree-based
ensemble classifiers - all in all, it is a worthwhile algorithm to include in our framework.

GB has the highest number of hyperparameters and requires the most tuning. Following the
study of Bentéjac et al. [63], which extensively fine-tuned RF and boosting algorithms, our
tuned hyperparameters are learning rate (0.025, 0.05, 0.1, 0.2, 0.3), maximum depth of each
individual estimator (2, 3, 5, unlimited), and the minimum number of samples required to split
an internal node (2, 5, 10). The rest are left at default settings.

EXPERIMENTS AND ANALYSIS
Dataset
In their landmark MetAML paper, Pasolli et al. [10] studied and made available six metagenomic
datasets corresponding to five different conditions, with all samples taken from the human gut
microbiome. The samples were gathered using shotgun sequencing, which provides a higher
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resolution to the level of microbial features and a higher consistency across studies compared
to the older, more common 16S rRNA sequencing. We use these six datasets in our study. The
datasets are organised into frequency tables: the rows are the samples, the columns are the
(taxonomically identified) microbial features, and the values are the abundance of each feature
in a given sample. We only use the species and strain-level (the latter is only available in certain
cases) features. The samples are each labelled according to whether they belong to the case or
control group. Some of these datasets have more than those two classes; we transform those
into binary classification problems in the same way Pasolli et al. [10] did for better comparison
with their study. The breakdown of these six datasets by condition, sample distribution, and
feature count can be found in Table 2.

Table 2: Breakdown of the datasets used in the study

Dataset Disease Case Control Total Total Source

name samples samples samples features study

Cirrhosis Liver cirrhosis 118 114 232 562 [41]

CRC Colorectal cancer 48 73 121 527 [2]

IBD Inflammatory 173 319 492~ 575 [42]
bowel diseases

Obesity Obesity 164 89 253 486 [6]

T2D Type-2 diabetes 170 174 344 594 [43]

WT2D Type-2 diabetes 53 43 96 431 [4]

Our datasets are varied in sample size, sample balance, and ease of classification - these are all
important to test the robustness and generalisability of our algorithms. They cover a wide range
of conditions from cancer to obesity, with two separate datasets available for type-2 diabetes
(T2D sampled Chinese subjects, while WT2D sampled European women), which allows us to
run a cross-study analysis as well.

In total, there are 1,538 samples available for analysis, providing a comprehensive base for our
feature selection and classification experiments.

Applied FS Methods

We identified six FS algorithms used for disease detection from genomic data in the literature,
which we found to be well-suited for usage with metagenomic data as well, given the similar
challenges [24]. We implement five of those six algorithms here: Chi-squared (Chi2), Mutual
Information (MI), Minimal-redundancy-maximal-relevance (mRMR), the ReliefF-based
MultiSURF (MSURF), and Random Forest (RF). In addition, we include the Boruta wrapper
algorithm in place of the previous study’s FCBF, which we found to perform below par. Our
reasoning for selecting the first five remains the same as in that study [24]: four are filter
methods, which are frequently used in ensemble feature selection because of their speed and
simplicity, while Random Forest is an embedded method, meaning it conducts feature selection

* Pasolli et al. [10] only considered 110 samples for IBD in their study; however, their published material included a
second IBD dataset with 382 samples. We combined them to get our final sample count of 492. The other five
datasets have the same sample size as in the original study.
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and model training in the same step. Wrappers are not often included in ensemble feature
selection because of their high computational cost which makes them infeasible on very high-
dimensional data.

Chi-squared Test

The Chi-squared (Chi?) test is a univariate, statistical based method applied to test the
independence of two variables [14]. The test is considered valid if the test statistic follows a
chi-squared distribution under the null hypothesis. There are multiple chi-squared tests, with
the most common one being Pearson's chi-squared test, which is used to determine whether
there is a statistically significant difference between the expected frequencies and the observed
frequencies. We implemented the Chi-squared algorithm using the popular machine learning
library scikit-learn [44].

Mutual Information

Mutual Information (MI) is another univariate statistical method, with a strong basis in
information theory. It calculates the amount of information one variable gives about the other,
thus measuring the dependency between them. It is considered more comprehensive than
other measures of independence, as it is zero if and only if two features are fully independent
[45], otherwise, it will be a non-negative value. The higher it is, the stronger the dependency,
which makes it a fitting measure to use for feature selection. We used the scikit-learn [44]
implementation of Mutual Information, which utilises entropy estimation from k-nearest
neighbour distances as described in Kraskov et al. [45].

mRMR Algorithm

The mRMR (Minimal-redundancy-maximum-relevance) algorithm is a popular multivariate
filter that has been effectively used for feature selection in several genomic big data studies [9,
15]. It is designed to solve the minimal-optimal problem: finding the smallest feature set with
the highest predictive power. It is based on the previously described Mutual Information (MI)
measure and built upon three concepts: Max-Dependency, Max-Relevance, and Min-
Redundancy [46].

Max-Dependency is a scheme that aims to find the feature set that has the largest joint
dependency on the target class. This is often difficult to accurately calculate, being downright
infeasible on high-dimensional data [46], thus another criterion called Max-Relevance is used
to approximate it. In Max-Relevance, features are considered individually, and the ones with
the highest Mutual Information are selected. But choosing features based on relevance alone
usually results in features with high redundancy [46], meaning that they depend on each other
as well, not just the target variable. The Min-Redundancy condition is thus adopted to remove
these redundant features and only keep the ones that are mutually exclusive [46]. The mRMR
algorithm combines Max-Relevance and Min-Redundancy (hence its name) into one
incremental technique to find the minimal-optimal feature set.

We use a popular, open-source Python implementation of mRMR, available at
https://github.com/smazzanti/mrmr under the MIT license.
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Relief and MultiSURF Algorithms

MultiSURF is a multivariate filter and one of the newer members of the Relief algorithm family.
The original Relief algorithm has inspired several improvements and variants, most notably
ReliefF, which has replaced it as the baseline Relief-based algorithm (RBA). ReliefF made
multiple improvements (most notably implementing the user-specified k parameter for how
many nearest neighbours the algorithm should find) and is able to deal with multi-class
problems and missing data [48]. Another important variant is SURF, which used a distance
threshold T instead of the previous k to define which instances are considered neighbours.
SURF* iterated on SURF by dividing samples into ‘near’ and ‘far’ from the training sample and
adjusting feature weighting accordingly [48]. MultiSURF* expanded on this by introducing a
‘middle’ distance zone; the samples within that zone were not included in the scoring. Finally,
MultiSURF was introduced by Urbanowitz et al. [28] as an iteration on MultiSURF*: it preserved
most of that algorithm but removed the ‘far’ scoring.

Urbanowitz et al. [28] also provided open-source implementations of all major RBAs, including
MultiSURF, in a scikit-learn-compatible  package called ReBATE, available
https://github.com/EpistasisLab/scikit-rebate under the MIT license. This implementation of
MultiSURF is the one we use.

Random Forest

Random Forest (RF) is an ensemble learning method and one of the most popular machine
learning algorithms, widely used in numerous fields including metagenomic classification [9].
As it ranks every feature during learning, and these rankings can be easily retrieved, it is also
considered an embedded feature selection method [14].

As an ensemble method, Random Forest uses multiple decision trees to learn the data,
combining their predictions to produce one final result. The key is in how the decision trees are
initialised and trained. RF utilises bagging: it selects a random sample of the data with
replacement (meaning each sample can be selected more than once) to train each tree
independently, meaning that each learner learns different data, thus reducing overfitting [49].
It also introduces a second layer of randomness with random feature selection: at each split, a
decision tree only considers a subset of features instead of every feature, which reduces the
correlation between each learner [49]. Once every tree has finished learning, their results are
aggregated to produce the output of the Random Forest; in classification, this is a simple
majority vote. During training, each decision tree calculates the importance of the features it
encounters (there are multiple criteria that can be used; for example, scikit-learn offers Gini
impurity and information gain [44]), and in the end, these importances are averaged across
every tree and normalised to produce the final score for that feature. These scores can be
extracted from the model and used to rank the features, similarly to a filter.

Boruta
Boruta is a wrapper algorithm designed to solve the all-relevant feature selection problem: to
find every feature that is relevant for classification, rather than just the feature set that gives
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the highest classification performance (which is the minimal-optimal problem mentioned in
our description of mRMR) [50]. The main steps of the algorithm are as follows:

1. For each feature in a dataset, the algorithm creates a so-called shadow feature, with its
values taken from the original feature but randomised so it is not correlated to the
target.

2. Next, Random Forest is run on the combined dataset of features and shadow features.
The shadow feature with the highest Z score is taken as the threshold.

3. Real features with significantly higher importance than the threshold are confirmed as
important. Features with significantly lower importance are discarded. The rest are left
undecided for now.

4. The shadow features are removed, and new ones are generated. The steps repeat until
either all features are assigned or the algorithm hits the iteration limit set by the user.

As a wrapper algorithm, Boruta is much more computationally intensive than our filters -
indeed, the creators of the algorithm noted that its goal is not to reduce computational time
[50]. But studies have demonstrated its efficacy in metagenomic feature selection [51, 52], and
its all-relevant nature fits especially well into our ensemble feature selection framework, as
finding every important feature instead of just the minimal-optimal set is better for seeing how
much its findings align with that of other algorithms, which it will be aggregated with.

We use the best-known Python implementation of Boruta, known as BorutaPy, available at
https://github.com/scikit-learn-contrib/boruta_py under the BSD-3-Clause license.

Individual FS Selection

To test each of our feature selection (and ML classification) algorithms, we first run
experiments with each FS method individually, on every dataset, with varying subset sizes. Our
filter and embedded methods rank every feature, and we select the highest ranked ones to form
that method’s feature subset. The subset sizes range from 10 to 200 - the upper bound is set as
such because our datasets generally have 400-500 features in total, thus selecting more than
200 features would not effectively reduce the dimensionality of the dataset, which is one of the
main goals of feature selection. Note that Boruta, as a wrapper, always selects what it deems is
the optimal feature subset, thus we cannot test different subset sizes with it.

In each experiment, the acquired feature subset is used to train and test one of our ML
classifiers, and we store the resulting AUC and accuracy scores (as well as the feature count and
the names of the dataset, the classifier, and the FS algorithm) for analysis. The subset with the
highest AUC is furthermore chosen as that FS algorithm’s contribution to the ensemble, which
will be aggregated with the subsets of the other algorithms chosen the same way.

It is also at this step that we find the best classifier. We run the individual FS experiments with
all subset sizes on three datasets: Cirrhosis, T2D, and Obesity. We chose these three largely
because they differ in ‘classification difficulty,” as shown by Pasolli et al. [10] and confirmed by
our own preliminary experiments. Cirrhosis is one of the easiest to classify, with the highest
AUC scores regardless of algorithm, while Obesity is the hardest, with the lowest scores. T2D
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lies in between, while also being our largest balanced dataset. Together, these three provide a
strong basis to select the best-performing classifier which we will use in our ensemble
experiments.

Feature Aggregation

After each FS algorithm has produced a feature subset, these must be aggregated into one final,
ensemble feature set which the final ML model can be trained on. This aggregation can be done
in several different ways. In this study, we consider three: union, consensus (or simple voting),
and weighted voting.

In the union method, we select every feature that at least one FS algorithm has selected. Verma
et al. [18] found that taking the union of features selected by multiple methods preserved
important features better than single algorithms on genetic data. However, depending on the
heterogeneity of the selections, the size of the union set might not be much smaller than the
total number of features and might not alleviate the curse of dimensionality.

The consensus or simple voting method labels each feature according to how many algorithms
selected it, from one to six - the same technique Sarkar et al. [17] used in their ensemble feature
selection study. The more algorithms selected a feature, the more informative it is deemed to
be. It is important to mention that this method treats every FS algorithm equally, with an equal
vote, which might be suboptimal if there are large differences in classification performance
between them.

To solve this issue, we have also devised a weighted voting aggregation scheme that takes into
account the performances of the participating FS algorithms. As before, each FS method selects
the number of features which deliver the subset with the highest classification AUC score. This
value is recorded and serves as that algorithm’s vote weight, making it so that better-
performing algorithms have a stronger say in which features get selected for the ensemble.
Specifically, each feature from the union set (the others are discarded as no algorithm selected
them; therefore, they are unlikely to be informative) is given a score: the sum of the squared
vote weights of the algorithms that selected that feature. We have chosen to square the values
to emphasise the difference between stronger and weaker algorithms. After scoring each
feature, we create three ensemble sets from the top 30%, 20%, and 10% of features,
respectively.

The Framework
A summary visualisation of our framework can be seen in Figure 6. The exact algorithms, steps,
and configurations that constitute it are detailed in the sections below.

Services for Science and Education - United Kingdom 128



P6dor, Z. & Hekfusz, M. (2025). Feature Selection and an Ensemble Framework for Metagenomic Data. Transactions on Engineering and Computing

Sciences, 13(04). 116-143.

Datasets
[‘ Cimrhosis | ‘ CRC ‘ | IBD ‘ ‘ Obesity | ‘ T2D | | WT2D ‘}
Feature selection algorithms @ —
— / Random ™, §
- ~ Random \._ Forest =
( Boruta ) Chi2 mRMR MultiSURF | [ Mutual Info — =]
\ J Forest — ®
- ( swm )| 8
— 3
<::| — 3
-~ | @
Y Y 2 Y Y 2 'Ha""e E‘EYE_S:' %
Feature Feature Feature Feature Feature Feature — A
subset subset subset subset subset subset . "'ﬁjradiehf" \ ;
'-,.__Boosting__,-' @
S

Ny &/

Weighted
voting

Aggregation [ Union Consensus

4

| Ensemble sets |

Figure 6: The ensemble framework.

RESULTS
Individual Feature Selection
Selecting the Best ML Classifier

First, we tested each, selected FS algorithm and subset size combination with the Cirrhosis, T2D,
and Obesity datasets to find which classifier performed best. The baseline (without feature
selection) and the best FS results (best meaning highest AUC score in this case) for each can be

found in Table 3.

Table 3: AUC and accuracy scores (with standard deviations in parentheses) of the four

tested ML classifiers with and without feature selection. The highest performing

classifier for each dataset is bolded.

Baseline score Best FS score
Dataset | Classifier | AUC Accuracy AUC Accuracy Best FS
algo.
Cirrhosis | RF 0.951 0.875 0.964 0.862 RF
(0.042) (0.067) (0.034) (0.056)
SVM 0.826 (0.088) | 0.742 (0.088) | 0.93 (0.039) | 0.608 (0.062) | MI
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NB 0.770 (0.090) | 0.759 (0.098) [ 0.911(0.039) | 0.819 (0.06) | mRMR
GB 0.896 (0.055) | 0.814 (0.034) | 0.93 (0.053) | 0.862 (0.06) | MI
T2D RF 0.726 (0.070) | 0.678 (0.058) | 0.795 (0.076) | 0.721 (0.072) | Boruta
SVM 0.727 (0.112) | 0.666 (0.090) | 0.755 (0.103) | 0.683 (0.077) | mRMR
NB 0.623 0.622 0.838 0.75 (0.068) | mRMR
(0.089) (0.088) (0.063)
GB 0.682 (0.064) | 0.655 (0.048) | 0.748 (0.077) | 0.672 (0.069) | Boruta
Obesity | RF 0.647 0.656 0.759 0.714 mRMR
(0.070) (0.034) (0.094) (0.093)
SVM 0.543 (0.129) | 0.648 (0.012) | 0.711 (0.096) | 0.661 (0.046) | mRMR
NB 0.529 (0.099) | 0.513 (0.115) | 0.721 (0.08) | 0.719 (0.034) | mRMR
GB 0.576 (0.105) | 0.652 (0.049) | 0.708 (0.061) | 0.68 (0.067) | Boruta

Random Forest performed best on the Cirrhosis and Obesity datasets, with the highest feature
selected AUC scores. It had the highest or almost-highest baseline scores in all three, which can
be attributed to the fact that it already conducts some feature selection implicitly during the
training process, making it a better fit for high-dimensional data than algorithms without this
step. This performance is in-line with the literature [55,56,57] and further confirms that RF is
a premier choice for metagenomic classification.

Naive Bayes outperformed RF in both metrics on the T2D dataset and in accuracy on Obesity.
This is an impressive result, given that NB is a simple algorithm [58] and was the only one not
fine-tuned before classification. NB classifiers have long dominated the field of taxonomic
classification of gene sequences [60]; these results suggest that they are effective in other
domains where taxonomic data is involved as well.

The other two tested classifiers, SVM and Gradient Boosting, performed considerably worse.
This, however, should not be taken as a suggestion that these algorithms are not effective for
metagenomic classification. As we set out in the goals of this study, we are working with the
scikit-learn implementations of all these classifiers, which are not designed for bleeding-edge
performance but for wide accessibility and low computational resource usage.

The results here also give an initial idea of which FS algorithms the classifiers work best with.
There is some variance in the Cirrhosis dataset, though because of the overall high AUC values,
there are often only minuscule (within the standard deviation) differences between the scores
of the algorithms. In the other two, mRMR and Boruta (and especially the former) dominate.
According to our result and the literature review, we chose Random Forest because of its high
performance on all tested datasets, its in-built feature selection, and the interesting insights
that can be gleaned from using it both as the classifier and as an FS algorithm. All the scores in
the rest of our results were acquired using RF as the classifier.

Comparing Feature Selection Algorithms
We conducted hundreds of experiments, running all six datasets through each of our FS
algorithms 20 times, each time with a different subset size ranging from 10 to 200. The goal
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was to get a clear picture of the performance of our chosen algorithms, which is important for
the aggregation step that follows. More generally, we also wished to contribute to the literature
by providing a wide set of results not previously available. Below are the tables with the scores
per subset size for each FS algorithm for the CRC and Obesity datasets. The underlying data for
these and the other four datasets are available as part of the Supplementary Material attached
to this study.

Table 4: Baseline scores of the tuned RF classifier being trained and tested on the full,
unreduced datasets.

Table 5: AUC scores (with standard deviations in parentheses) of the six FS algorithms
with all tested subset sizes on the CRC dataset. The baseline score (on the full dataset

Dataset AUC Accuracy

Cirrhosis 0.951 (0.042) 0.875 (0.067)
CRC 0.871 (0.129) 0.801 (0.120)
IBD 0.946 (0.061) 0.864 (0.074)
Obesity 0.647 (0.070) 0.656 (0.034)
T2D 0.726 (0.070) 0.678 (0.058)
WT2D 0.719 (0.148) 0.688 (0.111)

with all 527 features) is included for comparison. The highest score for each algorithm

is bolded; in case of a tie, only the lowest feature count is bolded. Boruta selected 14

features.
Feature Chi? mRMR MultiSURF Mutual Info RF Boruta
count (14)
Baseline 0.871 (0.129)
(527)
10 0.854 (0.112) | 0.835(0.095) | 0.746 (0.202) | 0.862(0.083) | 0.901 (0.108) | 0.923
(0.076)
20 0.881 (0.087) | 0.874 (0.138) | 0.767 (0.116) | 0.864 (0.119) | 0.911 (0.067)
30 0.888 (0.108) | 0.899 (0.118) | 0.87 (0.092) 0.896 (0.101) | 0.913(0.085)
40 0.908 (0.092) | 0.906 (0.116) | 0.879 (0.09) 0.886 (0.138) | 0.925 (0.075)
50 0.897 (0.093) | 0.895 (0.121) | 0.875(0.093) | 0.887 (0.129) | 0.909 (0.085)
60 0.898 (0.103) | 0.897 (0.122) | 0.868 (0.106) | 0.911 (0.116) | 0.894 (0.102)
70 0.894 (0.094) | 0.906 (0.118) | 0.916 (0.085) | 0.904 (0.116) | 0.894 (0.13)
80 0.903 (0.094) | 0.886 (0.115) | 0.905 (0.082) | 0.868 (0.155) | 0.912(0.091)
90 0.908 (0.087) | 0.889 (0.116) | 0.902 (0.097) | 0.889 (0.141) | 0.896 (0.112)
100 0.9 (0.096) 0.906 (0.108) | 0.895(0.121) | 0.898 (0.146) | 0.889 (0.126)
110 0.896 (0.11) 0.912 (0.111) | 0.915(0.086) | 0.901 (0.156) | 0.9 (0.105)
120 0.903 (0.101) | 0.915(0.097) | 0.898 (0.096) | 0.898 (0.103) | 0.9 (0.097)
130 0.908 (0.078) | 0.924 (0.093) | 0.909 (0.103) | 0.894 (0.137) | 0.895(0.113)
140 0.883 (0.117) | 0.926 (0.094) | 0.907 (0.107) | 0.888 (0.135) | 0.886 (0.116)
150 0.892 (0.101) | 0.929 (0.097) | 0.879 (0.128) | 0.895 (0.146) | 0.889 (0.121)
160 0.882 (0.11) 0.928 (0.079) | 0.892 (0.105) | 0.886 (0.153) | 0.883 (0.114)
170 0.888 (0.11) 0.918 (0.105) | 0.901 (0.105) | 0.883 (0.143) | 0.877 (0.129)
180 0.895 (0.121) | 0.918 (0.106) | 0.888 (0.123) | 0.886(0.132) | 0.892(0.115)
190 0.893 (0.111) | 0.918 (0.105) | 0.892 (0.107) | 0.898 (0.154) | 0.889 (0.103)
200 0.886 (0.117) | 0.912 (0.11) 0.898 (0.106) | 0.899 (0.13) 0.884 (0.128)
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Table 6: AUC scores (with standard deviations in parentheses) of the six FS algorithms
with all tested subset sizes on the Obesity dataset. Boruta selected 7 features.

Feature | Chi? mRMR MultiSURF Mutual Info RF Boruta

count (7)

Baseline 0.647 (0.070)

(486)

10 0.614 (0.098) | 0.67 (0.096) 0.662 (0.12) 0.559 (0.119) | 0.678 (0.064) | 0.683
(0.09)

20 0.641 (0.081) | 0.7 (0.092) 0.678 (0.11) 0.589 (0.142) | 0.703 (0.081)

30 0.646 (0.096) | 0.733 (0.067) | 0.678(0.128) | 0.64 (0.078) 0.712 (0.074)

40 0.657 (0.096) | 0.752 (0.08) 0.673(0.116) | 0.682 (0.075) | 0.715 (0.103)

50 0.646 (0.123) | 0.732(0.094) | 0.668 (0.126) | 0.625(0.101) | 0.711 (0.101)

60 0.668 (0.105) | 0.738(0.097) | 0.669 (0.115) | 0.647 (0.138) | 0.689 (0.086)

70 0.658 (0.105) | 0.758 (0.087) | 0.669 (0.131) | 0.676 (0.089) | 0.692 (0.09)

80 0.663 (0.094) | 0.759 (0.094) | 0.666 (0.144) | 0.634 (0.09) 0.666 (0.103)

90 0.668 (0.092) | 0.736 (0.084) | 0.676 (0.117) | 0.653(0.117) | 0.7 (0.112)

100 0.671 (0.103) | 0.723 (0.091) | 0.673 (0.12) 0.657 (0.105) | 0.687 (0.098)

110 0.645 (0.097) | 0.73 (0.107) 0.67 (0.111) 0.658 (0.12) 0.675 (0.085)

120 0.656 (0.114) | 0.736 (0.093) | 0.664 (0.121) | 0.677 (0.125) | 0.669 (0.133)

130 0.631 (0.13) 0.741 (0.069) | 0.676 (0.096) | 0.653 (0.107) | 0.677 (0.113)

140 0.644 (0.117) | 0.723 (0.082) | 0.703 (0.099) | 0.655 (0.108) | 0.656 (0.1)

150 0.668 (0.089) | 0.726 (0.074) | 0.684 (0.093) | 0.677 (0.101) | 0.678 (0.09)

160 0.646 (0.116) | 0.715(0.063) | 0.676 (0.084) | 0.643(0.109) | 0.656 (0.102)

170 0.647 (0.109) | 0.716 (0.075) | 0.688 (0.09) 0.671 (0.143) | 0.669 (0.102)

180 0.639 (0.129) | 0.71 (0.1) 0.692 (0.106) | 0.648 (0.123) | 0.654 (0.063)

190 0.634 (0.115) | 0.731(0.078) | 0.671(0.109) | 0.62 (0.114) 0.651 (0.076)

200 0.655 (0.12) 0.723 (0.088) | 0.701 (0.094) | 0.661 (0.107) | 0.648 (0.1)

These results, as well as those we saw on the other datasets, unanimously speak to the
effectiveness of feature selection: on every dataset, with every FS algorithm, there is an
improvement in AUC (and accuracy) over the baseline without feature selection. This is well in-
line with the literature; as we discussed in the Background section, feature selection is
acknowledged as a necessary step in the classification of metagenomic data. It is important to
once again note that with RF being our classifier, some feature selection is done even on the
baseline - but additional, explicit feature selection improves scores even further.

The magnitude of this improvement depends on multiple factors, however. First is the dataset
itself: generally, datasets that are harder to classify, with lower baseline scores (such as Obesity
and WT2D) see greater increases in AUC after feature selection than datasets with high
baselines. The subset size also plays a large role: the tables show that the optimal subset size
differs per algorithm and per dataset alike, meaning there is no one-size-fits-all number. In fact,
a poor choice of subset size can bring the performance of an algorithm down to or even below
the baseline level. This is an advantage of wrapper methods like Boruta: while its performance
is not greater than our best filters, it only requires a single run to achieve it, though of course at
a higher computational cost. For the rest, testing multiple different subset sizes is essential to
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achieve the best performance. The range of sizes that should be tested depends on the number
of features in the given dataset, though the results show that reducing the feature set too much
(leaving less than 5% of the features) is detrimental, as is keeping it too large (leaving more
than 30% of the features). This makes intuitive sense: if the dimensionality reduction is too
drastic, some important features will inevitably get lost, but if it is not significant enough, then
irrelevant features and noise will remain in the dataset and reduce classification performance.

Ensemble Feature Selection

As detailed in our Methodology section, we applied three different types of subset aggregation:
union, consensus, and weighted voting. All three methods were applied on the feature subsets
generated for every dataset, and the resulting ensemble sets were tested with the same tuned
RF classifier that we used for the individual experiments to ensure comparability. First, we state
the results of the dimensionality reduction these methods achieved, then their prediction
performance.

Dimensionality Reduction Results
Table 7: The tested aggregation steps and the number of features in their ensemble sets

for each dataset, with the percentage of the dimensionality reduction in parentheses.
Cirrhosis | CRC IBD Obesity T2D WT2D

Total 562 527 575 486 594 431

features
Union Union | 299 227 (56.9%) | 349 (39.3%) | 261 (46.3%) | 310 (47.8%) | 253 (41.3%)
(46.8%)
Consensus | At least | 150 79 (85%) 171 (70.3%) | 98 (79.8%) | 145 (75.6%) | 112 (74%)
in 2 | (73.3%)
subsets
At least | 84 36 (93.2%) | 93 (83.8%) | 36(92.6%) | 60 (89.9%) | 33 (92.3%)
in 3 | (85.1%)
subsets
At least | 54 18 (96.6%) | 58(89.9%) | 8(98.4%) | 20(96.6%) | 13 (97%)
in 4] (90.4%)
subsets
At least | 32 12 (97.7%) | 41(92.9%) | 4(99.2%) | 9 (98.5%) | 4 (99.1%)
in 5 | (94.3%)
subsets
At least | 17 2(99.6%) | 23 (96%) - 2(99.7%) | -
in 6 | (97%)
subsets
Weighted | Top 9% 72 (86.3%) | 107 (81.4%) | 83 (82.9%) | 114 (80.8%) | 77 (82.1%)
voting 30% of | (82.9%)
features
Top 62 48(90.9%) | 78(86.4%) | 59 (87.9%) | 62 (89.6%) | 54 (87.5%)
20% of | (89%)
features
Top 31 29 (94.5%) | 37 (93.6%) | 27 (94.4%) | 34 (94.3%) | 28 (93.5%)
10% of | (94.5%)
features
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The union sets naturally have the highest dimension, including between 45% to 60% of a
dataset’s features. However, more than half of these features were selected by only one
algorithm; this holds true for all datasets, even the easier-to-classify ones like Cirrhosis and IBD.
These results further reinforce the finding of previous studies that metagenomic data is
unstable: different FS algorithms will choose different features as informative [36, 18]. With the
exception of the IBD dataset (which has the most samples by a considerable margin), the union
sets were larger than the number of samples in each dataset, meaning the reduction was not
enough to overcome the curse of dimensionality.

The consensus sets highlight the level of heterogeneity between the individual selections, or in
other words, how much the individual algorithms agreed on the important features. As
expected, harder-to-classify datasets have higher heterogeneity, though the severity of it is still
notable: There are zero features in Obesity and WT2D (and only two in T2D) that were selected
by all six FS algorithms, while less than 4% of features in these datasets were selected by four.
This shows a downside of the consensus method: without advance knowledge of (or
preliminary experiments on) a dataset, it is difficult to gauge the level of filtering required for
the best results. It is intuitive to want to keep only the features selected by almost every or
every algorithm, which will work on some datasets but will leave too few features, if any, on
others. The ensemble sets from the weighted voting method do not have this issue as their sizes
are based on the union set, which can be expected to always be large given the heterogeneity of
individual selections.

Classification Performance Results
Table 8: The best performing (highest AUC) ensemble methods for each dataset,

compared to the best performing individual algorithms.

Dataset | Best Feature count | AUC Accuracy Best Best indiv.
ensemble indiv. algorithm
method AUC

Cirrhosis | At least in 3 | 84 0.962 (0.034) | 0.875 (0.064) | 0.964 Random
subsets (0.034) | Forest

CRC At least in 5 | 12 0.929 (0.072) | 0.843 (0.126) | 0.929 mRMR
subsets (0.097)

IBD At least in 4 | 58 0.954 (0.063) | 0.866 (0.079) | 0.962 Chi2
subsets (0.05)

Obesity | Top 30% of | 83 0.727 (0.096) | 0.692 (0.045) | 0.759 mRMR
features (0.094)

T2D Top 30% of | 114 0.768 (0.064) | 0.686 (0.061) | 0.795 Boruta
features (0.076)

WT2D At least in 4 | 13 0.878 (0.088) | 0.804 (0.102) | 0.851 Mutual Info
subsets (0.116)

At the end of this multi-step ensemble framework, we arrived at the best ensemble sets for each
dataset, listed in Table 8. The method that was deemed the best differs between the datasets,
but crucially, they perform comparably well to the best single FS algorithms. The largest
differences are in the Obesity (an AUC reduction of 0.032) and T2D (reduction of 0.027)
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datasets, but they are both well within the standard deviation of the AUC scores. In the other
datasets, there is virtually no difference between the best ensemble and the best single
algorithm, while the ensemble actually beat out the individual algorithm in the WT2D dataset.
The performance of these ensemble sets is better than what Pasolli et al. [10] were able to
achieve in their original study. They considered two different kinds of data, species abundance
(which is what we also use) and strain-specific marker presence, and they found that using the
latter improved prediction performance in five of the six datasets. Our ensemble framework
delivered higher AUC values than their best marker presence scores in five datasets, with
Cirrhosis being essentially equal, despite using the less-precise species abundance data. Other
studies have worked with the MetAML datasets since, with LaPierre et al. [19] aggregating the
results of three deep learning approaches: PopPhy [23], Met2Img [64], and RegMIL [65]. We
also add DeepMicro, another state-of-the-art [22] neural network framework using the
MetAML data [21]. The comparison of their results with ours on some of the datasets (as not
every framework processed every dataset) can be found in Table 9.

Table 9: Comparison of metagenomic frameworks (including ours) on four of the six
datasets. The values for PopPhy, Met2Img, and RegMIL are taken from the review of
LaPierre et al. [19] For MetAML, the scores using species abundance are listed. The best
scores for each dataset and metric are bolded.

Cirrhosis T2D Obesity IBD
Framework | Accuracy | AUC Accuracy | AUC Accuracy | AUC Accuracy | AUC
MetAML- 0.834 0.922 0.613 0.663 0.636 0.648 0.809 0.862
SVM (0.052) (0.041) (0.057) (0.066) (0.042) (0.071) (0.066) (0.083)
MetAML-RF | 0.877 0.945 0.664 0.744 0.644 0.655 0.809 0.890
(0.043) (0.036) (0.052) (0.056) (0.028) (0.079) (0.050) (0.078)
PopPhy-RF | NA 0.932 NA 0.727 NA 0.642 NA NA
PopPhy- NA 0.94 NA 0.753 NA 0.676 NA NA
CNN
Met2Img- 0.877 NA 0.672 NA 0.645 NA 0.808 NA
RF (0.060) (0.080) (0.042) (0.068)
Met2Img- 0.905 NA 0.651 NA 0.680 NA 0.868 NA
CNN (0.071) (0.094) (0.066) (0.081)
RegMIL 0.923 0.922 NA NA NA NA 0.8387 0.8242
baseline (0.041) (0.040) (0.028) (0.0374)
RegMIL-RF | 0.928 0.927 NA NA NA NA 0.847 0.844
(0.036) (0.035) (0.035) (0.026)
DeepMicro | NA 0.940 NA 0.763 NA 0.659 NA 0.955
Our 0.875 0.962 0.686 0.768 0.692 0.727 0.866 0.954
framework | (0.064) (0.034) (0.061) (0.064) (0.045) (0.096) (0.079) (0.063)

[t is important to note that drawing conclusions based on these scores alone is difficult because
of the differing hyperparameters, feature counts, and cross-validation strategies used in the
studies [19]. Nevertheless, we can say that our results validate the utility of ensemble methods
and the strength of our framework. When given a new sample or dataset, it is not possible to
know in advance which FS algorithm will work best on it - and it is well-established that no one
algorithm will be ideal in every case. Using an ensemble method with multiple similarly strong
FS algorithms eliminates this problem, creating a generalisable framework applicable to any
(metagenomic) data, without much, if any, loss of classification performance. It alleviates the
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instability inherent in this type of data while also reducing dimensionality (in the case of the
consensus and weighted voting ensembles, at least) below the number of samples, making
metagenomic datasets better fit for machine learning.

While ensembling solved the issue of having to choose between algorithms, there are still
multiple aggregation methods to choose from. There is no clear favourite, but based on our
overall findings, we recommend taking the top 30% of features by weighted score if one method
must be chosen. This method performed best on the two hardest-to-classify datasets, while on
every other dataset, it performed on the level of the best methods, which is shown in Table 10.
Furthermore, we believe that the top 30% method strikes a good balance in terms of
dimensionality reduction: its ~80% reduction rate is enough to weed out noise and most
irrelevant features, without reducing the feature set to the point where informative features
are likely lost. By definition, it is also much less dependent on the overall classification difficulty
of the given dataset than the consensus method.

Table 10: The performance of the top 30% features method, compared to the best
ensemble and individual algorithms for each dataset.

Top 30% of features method
Dataset | Feature AUC Difference to best ensemble | Difference to best
count individual
Cirrhosis | 96 0.957 (0.042) | 0.005 0.007
CRC 72 0.908 (0.107) | 0.021 0.021
IBD 107 0.953 (0.059) | 0.001 0.009
Obesity | 83 0.727 (0.096) | - 0.032
T2D 114 0.768 (0.064) | - 0.027
WT2D 77 0.864 (0.077) | 0.014 -0.013
CONCLUSION

We built an ensemble feature selection and machine learning classification framework for
metagenomic data. To our knowledge, there hasn’t been a study before that implemented
ensemble feature selection specifically on metagenomic data and used all six of the benchmark
MetAML datasets to test it. Existing metagenomic frameworks for disease prediction are mostly
deep learning-based, requiring powerful computational resources, while our solution solely
utilises open-source algorithms that can be run on consumer hardware, even without any GPU
acceleration. Despite its simpler structure, our framework performs comparably with the state-
of-the-art methods, even outperforming them in certain cases, though the number of variables
involved makes direct comparisons difficult.

Consistent with the literature, we found that feature selection universally improves
classification performance, though this improvement varies per dataset and, on non-wrapper
methods, depends on choosing the right subset size. When looking at their best scores, the six
FS algorithms performed broadly similarly across the data, with the largest differences being
on the hardest-to-classify datasets, where mRMR and Boruta edged out the others. Despite their
similar performance, we found that each algorithm selected different feature subsets, with
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more than half of the union set’s features only being selected by one algorithm. This highlights
the complexity of metagenomic data and the need for an ensemble methodology to cover
algorithmic blind spots and make feature selection more stable.

By testing four popular and commonly used ML classifiers, we confirmed that RF remains the
premier algorithm to use with metagenomic data thanks to its high baseline performance, built-
in feature selection, and interpretable nature. Among ensemble methods, the consensus and
weighted voting methods both achieved sufficient dimensionality reduction, and their
classification performance was up to par with the best individual FS algorithms. We highlighted
the method of taking the top 30% features by weighted score as a generally high-performing,
adaptive aggregation step that does especially well on hard-to-classify datasets. Using our
ensemble methods, we were also able to identify several biomarkers that were important
signifiers of more than one disease, contributing to the growing literature of microbial features
identified through machine learning methods.

Our ensemble framework was competitive with other methods that use metagenomic data (and
specifically, the MetAML datasets) for disease prediction, but it did not bring any breakthroughs
in classification performance. While our focus was more on simplicity and accessibility than
bleeding-edge performance, it is also possible that we are approaching the limits of what be
achieved using solely metagenomic (and more specifically, species abundance) data. This was
already raised as a possibility some years ago [19], and researchers have been exploring using
other forms of metagenomic data or combining it with different types of information to break
this plateau. One example are strain-specific markers, employed already in the original MetAML
study [10], which might better describe complex diseases, at the cost of being drastically higher
dimensional than species abundance. Other studies have looked at augmenting metagenomic
data with different genetic data (such as metabolomic profiles) [22] or demographic attributes
[74], both promising avenues. We plan on investigating these areas in future work, while also
looking into improving the (for now, lacklustre) generalisation capabilities of the framework
between different datasets for the same disease.

To close this study, we would like to emphasise the value of open-source data and algorithms,
which we believe are essential for a thriving research community in metagenomics and beyond.
To this end, we are glad to provide our ensemble framework and our wide range of
experimental data to the public as well, and we hope it will aid and inspire further research in
the field.
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