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Abstract: The makeup of human microbiota has been linked to a number of autoimmune disorders. Recent
developments in whole metagenome sequencing and 16S rRNA sequencing technology have considerably
aided research into the microbiome and its relationship to disease. Due to the inherent high dimensionality
and complexity of data generated by high-throughput platforms, conventional bioinformatics techniques could
only provide an inadequate explanation for the most relevant changes and seldom provide correct predictions.
Machine learning, on the other hand, is a subset of artificial intelligence applications that enable the untangling
of high-dimensional systems and intricate knots in correlation by learning complex patterns and improving
automatically from training data without being explicitly programmed. Machine learning is increasingly being
utilized to research the influence of microbes on the onset of illness and other clinical features since computer
power has increased dramatically in the last few decades. In this review paper, we focused on emerging
methodological approaches of supervised machine learning algorithms for identification of autoimmune
disorders utilizing metagenomics data, as well as the potential benefits and limitations of machine learning
models in clinical applications.

Keywords: gut microbiome; machine learning; deep learning; metagenomics; autoimmune diseases;
biomarkers discovery; diagnostic models

1.0. Introduction

Clinically autoimmune diseases are defined as scenarios in which the immune system gets
triggered by healthy cells of the body instead of diseased cells or foreign particles. Autoimmune
diseases occur due to genetic susceptibility, environmental triggers, and auto reactivity toward
healthy cells or cell products [1]. The human body system maintains a high level of vigilance against
autoreactive immune cells. Central and peripheral control carries out the vigilance. During the
formation in the thymus, autoreactive lymphocytes are negatively selected and removed in the
thymic medulla due to central tolerance. After maturity, the lymphocytes that enter the bloodstream

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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undergo peripheral tolerance, where autoreactive cells are negatively selected and removed [2].
Despite a strong check system, some autoimmune cells survive and can cause allergic reactions or
inflammation. An autoimmune disease can occur by chance, but several factors increase the
possibility of the disease. For example, the microbiome and epigenome have been explored for their
role in triggering autoimmune responses [3]. Studies have indicated that autoimmune disease
pathogenesis is highly associated with gut dysbiosis, a phenomenon of microbiota imbalance [3],
suggest that microbiome changes result in epigenetic changes that ultimately trigger autoimmunity.
The microbiome is highly sensitive to environmental triggers and diet. For example, in the case of
inflammatory bowel disease, an autoimmune disease, the microbiome undergoes a shift in terms of
population and causes inflammation. Sometimes, the microbiome can also come in contact with the
damaged lining of intestines, which can also cause an infection or inflammation [4]. Similarly,
imbalances in liver microbiota result in autoimmune diseases like primary sclerosing cholangitis
(PSC), primary biliary cholangitis (PBC), and an autoimmune hepatitis (AH) [5]. Liver microbiota is
also known to interact with its intestinal counterparts. As the microbiome and host interactions are
still poorly understood, the field of metagenomics becomes extremely important in diagnosing and
treating autoimmune diseases. Recent approaches like metagenomics, meta-transcriptomics, and
high-throughput sequencing have made it possible to diagnose autoimmune disorders as well
understanding the role of microbiomes in development of autoimmune disorder [6].

1.1. Current Limitation in Diagnosis of Autoimmune Diseases

Due to the heterogeneity of onset and progression, diagnosis and prognosis for autoimmune
diseases are unpredictable. The diagnosis and prognosis of autoimmune diseases remain uncertain
because of the complexity of symptoms and progression of the disease. Unfortunately, studies have
indicated that diagnosing chronic autoimmune diseases like systemic lupus erythematosus (SLE),
multiple sclerosis (MS), and rheumatoid arthritis (RA) may still be challenging and depend on a
specific set of criteria [7,8], To make a definitive diagnosis, several criteria must be satisfied, such as
clinical symptoms, functional outcomes, and biochemical and imaging evidence [9,10]. Misdiagnosis
and delayed diagnosis of such disorders are quite typical when using imprecise and insensitive
criteria [11]. Typically time required from the emergence of symptoms to the confirmation of the
autoimmune diseases reported as two years [12]. Patients can thereby miss the appropriate timeframe
required for disease intervention. Numerous improvements have been achieved in the detection and
treatment of autoimmune disorders during the last decade. To improve scientists' ability for the early
detection of autoimmune disorders, several novel molecular or immunological biomarkers have been
identified [13-15]. However, due to the extremely heterogeneous nature of these disorders and the
inadequate understanding of their pathogenesis, the outcomes remained unsatisfactory [16].
Therefore, more work remains to be done to ensure accurate and timely identification of auto-
immune illnesses.

Numerous research studies have been conducted with the aim of enhancing the accuracy of
disease diagnosis and prognosis, encompassing various ailments such as cancer, among other
diseases using diverse number of data including metagenomics [17,18]. Figure 1 presents a concise
overview of the sequential process involved in developing a diagnostic model for diseases. The
utilization of machine learning techniques has the potential to expedite the identification of
autoimmune diseases by leveraging metagenomics data analysis. In this review paper we present an
overview of the latest methodologies that integrate machine learning and metagenomics to detect
autoimmune diseases, which may serve as a viable diagnostic model for autoimmune diseases. In the
final part, we also discusses the limitations and possible drawbacks of developing a machine
learning-based diagnostic model.
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Figure 1. Steps involved in development of diagnostic model using machine learning for diseases
using high throughput (metagenomics) data.

1.2. Metagenomics and Machine Learning for Microbial Analysis

The total number of microbes in the human body is a controversial topic but it is widely agreed
among researchers that abundance of microbes in human body are at least equal to the number of
body cells [19]. These microbes play an important role in many bodily functions, including people's
health and mood [20]. Numerous microorganism species exhibit symbiotic relationships with host
cells, while a certain number of species function as pathogens or opportunists that exploit a weakened
immune system. Therefore, investigating these microorganisms is crucial for comprehending their
impact on human health and the onset of illnesses [21]. The in-vitro culture methodology is a
conventional approach utilized for the examination of microorganisms within a particular setting.
However, it should be noted that this particular approach may not be universally applicable to all
microorganisms, and thus, it may encounter limitations when confronted with unfamiliar
microorganisms or those inhabiting complex environments. Metagenomics sequencing techniques
can be employed to access microbial organisms” analysis that are non-culturable in laboratory settings
owing to the difficulties in reproducing intricate environments, such as human tissue. The
metagenomics process involves the extraction and analysis of genetic material from microbial sources
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through high-throughput sequencing techniques [22]. There are two main methods utilized for
sequencing microbial DNA, namely whole genome sequencing (WGS), which is also referred to as
Shotgun metagenomics sequencing or untargeted sequencing, and Amplicon sequencing, also
known as targeted sequencing [23]. Figure 2 demonstrates the key steps involved in targeted and
untargeted microbial sequencing method and machine learning for analyses of patterns from
metagenomics data. The Amplicon sequencing approach utilizing 16s rRNA and 18s rRNA has been
extensively employed in microbial studies in previous years. However, the Shotgun sequencing
method has gained popularity in recent times due to a significant reduction in sequencing costs and
its ability to provide information on previously unidentified species of microbial organisms.
Advantages and disadvantages of Amplicon and Shotgun sequencing methods are mentioned in
Table 1.

The utilization of amplicon sequencing and shotgun sequencing techniques has ushered in a
new era of extensive data analysis, enabling researchers to explore the intricate interactions between
microorganisms and the human body, as well as their involvement in the onset and management of
various diseases. For instance, the Human Microbiome Project (HMP) by the National Institutes of
Health (NIH) [24] assessed the human body's microbiota and generated over 35 billion reads using
16S rRNA MG data, utilizing 690 samples from various body sites. In addition to the HMP study,
two additional projects, the American Gut Project [25] and the Human Intestinal Tract [26], have
greatly expanded the knowledge of the composition and function of the human microbiome with
generation of huge amount of data. To research the microbiome's unique nature, composition,
function, and heterogeneity, advanced analytics tools for collecting and interpreting microbial data
are still necessary [27]. The establishment of reliable methodologies for scrutinizing microbial data is
of utmost importance in comprehending the interplay between the host and microbiome, thereby
facilitating the identification of diseases and the formulation of therapeutic interventions aimed at
enhancing individual well-being [28].
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Figure 2. Isolation and fragmentation of genetic material to produce raw readings is the first stage in
the microbial sequencing process, which is used to identify microbes. (A) Amplicon technology begins
with the extraction of genetic material and then amplifies DNA. Clean amplicon reads can be
generated by first using amplicon sequencing libraries to add barcodes to the ends of raw amplicons,
followed by the removal of low-quality amplicons and chimera sequencing. Then, depending on
sequence similarity or dissimilarity, the sequenced reads are projected to Operational Taxonomic
Units (OTUs) or the Amplicon sequence variant (ASV) technique, and the obtained OTUs are given a
taxonomic profile by comparing them to reference databases. (B) To prepare the sequencing library
in shotgun metagenomics, DNA is first extracted, then fragmented. Quality inspection of the raw
reads is the first stage since clean data is essential for Shotgun sequencing analysis. In the cleaning
stage, low-quality reads, host DNA sequences, primers, and adapter contaminations are removed
from the raw sequencing data. After this, shotgun analysis can be performed with reference-based or
assembly-based techniques. Clean readings are mapped using the reference-based technique to
curated databases of genomic sequencing to get Taxonomic classification. In contrast, the assembly-
based approach groups comparable sequences into contigs, which are then clustered into OTUs or
contig bins (binning). The following phase, refinement, entails the discovery of possible microbial
genes and the elimination of redundant genes. (C) Table data with taxonomic profile can be projected
to machine learning for building diagnostic model and biomarker selection where data split into
training and test set and model builds on using training data and evaluated on test data.
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Machine learning is a subfield of artificial intelligence that involves the development of
algorithms capable of learning from past data and generating predictions based on trained data. In
contemporary times, machine learning has become a prevalent method for analyzing patterns of
diseases utilize clinical and omics data due to its capacity to detect patterns from high dimensional
datasets through a variety of algorithms [29-32]. The discipline of machine learning is commonly
classified into four discrete subdomains, including supervised learning, unsupervised learning, semi-
supervised learning, and reinforcement learning. Supervised learning pertains to datasets that have
been labeled, whereas unsupervised learning involves clustering of data samples with unknown
labels based on similarities or dissimilarities. Semi-supervised learning, on the other hand, involves
the utilization of both labeled and unlabeled data. The integration of machine learning with
metagenomics data holds promise for uncovering the fundamental etiology of diseases and
advancing the development of targeted diagnostic and therapeutic modalities. This can be achieved
through various machine learning methodologies, such as dimensionality reduction techniques to
identify significant biomarkers and the stratification of cohorts based on selected biomarkers [33].

Table 1. Advantages and disadvantages of amplicon and shotgun microbial sequencing methods.

Methods Advantages Disadvantages
Amplicon sequencings  Great depth Uneven amplification
More precise Focus on specific fragment of genes
(rRNA/ITS sequencing)
Sequence a specific region (16s-, or 18s- Low enough resolution for
rRNA) species/subspecies identification-OTUs
instead
ITS and entire operon introduce more Not assess microbe’s function directly
info
Shotgun sequencing Theoretically sequence 100% of Rarely sequence everything of specimen
specimen
Greater resolution to genetic content  Sequence host/contaminant DNA
Assess functional profiling Produce very complex dataset
Identify novel Costly

organisms/genes/genomic features

Sequence host/contaminant DNA

2.0. Biomarker Discovery with Machine Learning Approaches

Biomarkers are defined as measurable indicators of a biological state, encompassing both normal
physiological processes and pathological conditions, as well as responses to specific stimuli such as
treatment or exposure to hazardous environments. Several approaches can be utilized to obtain
biomarkers. Meanwhile utilization of contemporary high-throughput technologies, coupled with
diverse statistical and machine learning methodologies, has considerably amplified the identification
of biomarkers. While high throughput methodologies present various advantages for biomarker
detection, they are not free to constraints. A limitation that arises in this context involves the
generation of data featuring a high number of dimensions. Consequently, it becomes crucial to devise
advance tools to attain a more profound comprehension of the biological implications and mitigate
the risk of inaccurate identification of biomarkers.

2.1. High-Dimensional Data Analysis Using Machine Learning and Conventional Statistical Methods

High-throughput methodologies generate omics datasets that typically comprise a multitude of
features, spanning from several hundred to several thousand. This results in a high ratio of features
to samples. For example, a single sample of microarray data produces more than fifty thousand
features, representing the gene expression of an individual. The proteomic data consists of ten
thousand features that are employed to represent proteins abundance in a comparable fashion. The
analysis of large datasets in biological research is becoming increasingly difficult due to the presence
of irrelevant and insignificant information. The aforementioned outcomes lead to escalated
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computational expenses and a heightened susceptibility to overfitting while building diagnostic
models [34]. Additionally, there exists a constraint in discerning significant features for
distinguishing or categorizing among various groups, such as healthy individuals versus those with
a disease.

Dimension reduction is a machine learning technique that aims to reduce the dimensionality of
data by eliminating redundant and unnecessary features while retaining significant information. This
approach can facilitate the development of reliable and interpretable machine learning models [35].
Dimension reduction is commonly classified into two primary branches, namely supervised machine
learning based dimension reduction and unsupervised machine learning based dimension reduction.
Supervised learning ML-based dimension reduction can be subdivided into two categories: one that
employs conventional statistical methods and the other that utilizes machine learning methodologies.
The present review exclusively focuses on dimensionality reduction methods utilizing supervised
ML-based dimension reduction. However, the exploration of unsupervised ML-based dimension
reduction falls beyond the scope of the present review and may be further examined in a succinct
and comprehensive review article [36].

The literature has extensively documented four dimension reduction strategies that are based
on supervised machine learning: filter technique, wrapper, embedding, and hybrid feature selection
methods. Filter technique employs conventional statistical approaches, while wrapper, embedded,
and hybrid feature selection methods utilize ML-algorithmic approaches. Figure 3 shows the types
of supervised based dimension reduction techniques along with their variants.

Supervised machine learning based feature selection
I 1
Conventional statistical methods Machine leaming moldel
based feature selection

Filter Wrapper Hybrid Embedded
method method method method

b Fmgﬂ -~ Comnbination of Decision trees
Classiclal statistical e filter and wrapper (Impotance of
methods Sequential method feature based on
Relief family 1P i search weight)
i Backward sequential
kel Multivariate ek
method Regulaﬂ_zallnn
(Coefficient/
2 3 o penalization based
SURF Mutual information ::‘::::“’9 feature selection)
feature selection
elimination
—— Fast corelation based

filter (Genetic algorithm
i !
Heuristic i A of feature
search
i - Simple model (helpful in biclogical interpretation |
e mRAMR | - Reduce computational burden
Ant colony | - Avoid overfitting
i - Eliminate curse of dimensionality

optimization | - Biomarker selection

Figure 3. Types of supervised learning-based dimension reduction techniques.

2.1.1. Filter Method

The filter technique selects a subset of features based on statistical criteria such as, Pearson
correlation, mutual information, chi-square, analysis of variance (ANOVA) etc. To deal with curse of
dimensionality, statistically significant features are extracted to provide a subset of features used to
train a classifier model [37]. Filter techniques are broadly classified into two categories. Univariate
approaches assess the significance of each attribute to the group separately, whereas multivariate
methods assess a subset of features. Even though the filters technique may successfully reduce data
dimensionality while requiring less processing time, there are several limitations that must be solved.
In the univariate approach, for example, the problem of collinearity arises when each independent
variable is evaluated individually to establish a link with the dependent variable, but the fact that


https://doi.org/10.20944/preprints202304.0209.v2

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 April 2023 doi:10.20944/preprints202304.0209.v2

independent variables are connected to each other is ignored [38]. To overcome collinearity
difficulties, multivariate filter techniques can be used to remove features indicating correlation with
other features [40]; however, these approaches have limitations when it comes to considering
interactions between independent features. On the other hand, more recent advanced approaches of
filter method have demonstrated the ability to find interactions between features and eliminate
redundant features [39,40].

Relief family-based algorithms (RBA) represent a different kind of filter method utilized to
address the challenge of the curse of dimensionality. The approach of RBAs does not operate as a
comprehensive exploration of feature interactions and statistical associations between independent
and dependent variables. Instead, it prioritizes features based on their significance within each class
and evaluates a feature's importance by its ability to differentiate between both classes. [41].

2.1.2. Wrapper Method

In contrast to the filter approach, wrapper method rather depending on statistical score makes
use of classifier algorithms to select subset of features; as a result, ultimately selects best subset that
fares better accuracy in the classification of groups. For the wrapper method, exhaustive search is
computationally impractical with big dimensional data for all the feature combinations in space;
therefore, other approaches such as heuristic search and sequential search method utilized. Heuristic
method includes Genetic algorithm approach [42] and ant colony search optimization [43] whereas
sequential search utilizes two methods including sequential forward selection (SFS) and sequential
backward selection (SBS) to generate a subset of features [44]. Wrapper methods are applicable to
various classifier methodologies, enabling the assessment of features with the use of diverse
classifiers. Wrapper methods assess the significance of features by evaluating their impact on the
model's performance. The evaluation criteria frequently employed in heuristic and sequential search
methods comprise the accuracy score and the area under the curve. However recursive feature
elimination method, which is another type of wrapper approach, uses feature weight (i.e Gini
impurity score) to select subset of features.

Wrapper methods possess a primary advantage over filter methods in that they inherently
consider feature dependencies, including interactions and redundancies, when selecting the
appropriate feature subset. However, it should be noted that wrapper methods require more
computational resources compared to filter and embedded methods due to the extensive
computations involved in designing and evaluating feature subsets [45]. The utilization of the
wrapper approach is a prevalent technique for reducing dimensions in the development of diagnostic
models. Nonetheless, the approach of utilizing wrapper techniques presents several limitations.
Specifically, the wrapper approach relies on the selection of features according to specific classifier
models, and it cannot be assured that the chosen features will yield optimal performance when
implemented with alternative classifiers. Wrapper approaches encounter a notable challenge in the
form of overfitting, as the selection of features is contingent upon particular data and cannot be
ensured to remain optimal when confronted with additional data that exhibits variance.

2.1.3. Embedded Method

Embedded feature selection method carries out feature selection and model building
simultaneously. Classifier model adjusts its internal settings and chooses the proper
weights/importance given to each feature to generate the best classification accuracy during the
training phase. Consequently, with an embedded method, finding the ideal feature subset and
building the model are merged in a single phase.

There are several algorithms work as embedded feature selection algorithms such as decision-
trees based models including random forest, gradient boosting trees which give weight/importance
to feature by mean decrease impurity (MDI) [46] and regularization model such as logistic regression
and its variant (lasso and elastic net) determine importance of features with penalization or shrinkage
of coefficients that do not enhance classification accuracy of models or meaningfully interact with
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models [47]. The output of the embedded technique includes feature rankings determined by factors
that make significant contributions to classification model accuracy.

2.1.4. Hybrid Search

The hybrid approach encompasses the integration of both filter and wrapper techniques. The
filter method is initially employed to perform dimensionality reduction on data, followed by the
application of the wrapper method on a subset of features that have been selected by the filter
method. Hybrid methods are known to possess filter and wrapper characteristics, which enable them
to select features that exhibit high accuracy from the wrapper approach and high efficacy from the
filter method. Numerous methodologies have been proposed in recent times to accomplish hybrid
feature selection, such as hybrid genetic algorithm [48], fuzz random forest for feature selection [49],
hybrid ant colony optimization [50]. Table 2 contains the dimension reduction algorithm types along
with advantages and disadvantages.

Table 2. Dimension reduction techniques with advantages and disadvantages along with subtypes.

Feature Subtype Advantage Disadvantage Examples
Selection
Methods
Filter Univariate Computational Multi-collinearity Fisher’s exact test
method inexpensive Lack of interaction of X2 test,
High efficacy feature with classifier Information gain
Scalable Euclidean distance
Independent of any Mann-Whitney U test
classifier
Multivariate  Feature dependencies Computational expensive in Minimal-redundancy-
Independent of any comparison with univariate maximal-relevance
classifier Lack of interaction of (mRMR)
High efficacy features with classifier Fast correlation-based
filter (FCBF)
Mutual information
feature selection (MIFS)
Conditional mutual
information
maximization (CMIM)
Relief based ~ Can handle non-linear Sensitivity to the choice of Relief-f
family relationships. distance metric MultiSURF
Computational efficient ~ Sensitive to parameter SURF
Interaction between tuning.
variables Limited to nearest
neighbors
Wrapper  Heuristically  Less prone to local optima High risk of overfitting Genetic algorithm
method search Computational expensive  Ant colony optimization
approach.
Sequential High performance in High risk of overfitting Sequential forward

search method

contrast to filter method
Feature dependencies
Feature interaction with
classifiers

Computational expensive

selection (SFS)

More likely to stuck at local Sequential backward

optima

selection (SBS)

Recursive
feature
elimination

More robust against stuck
in local optima than
sequential methods.

Can handle noisy data.

Sensitive to
hyperparameters
Limited interpretability

Recursive feature
elimination with random
forest

Recursive feature
elimination with SVM
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Can remove multiple Recursive feature
features with less accuracy elimination with logistic
regression
Embedded Penalization/shrMore robust against stuck Sensitive to Lasso
method inkage-based  in local optima than hyperparameters Elastic net
feature sequential methods. Limited interpretability
selection. Can handle noisy data.  Difficult to select optimal
Can remove multiple regularization strength or
features with less penalization type.
accuracy. Not robust again non-linear
More effective than relationship between
wrapper method in variable and class
handling noisy data and
handling inter-correlation
between variables.
Automatic feature
selection
Weight-based Robust against handling Sensitive to hyper- Decision tree
feature selectioncomplex relationship parameters Random forest
between dependent and  Sensitive to non-linear Naive Bayes
independent variable relationship
More interpretable than
penalization-based models
Hybrid Filter and Efficient in accuracy than Classifier dependent Hybrid genetic algorithm
method wrapper filter method Inherit wrapper techniques Hybrid ant colony
combination  Less complexity in complexities (overfitting)  Fuzz random forest
comparison to wrapper
Robust for high

dimensional data

3.0. Supervised Learning Algorithms

3.1. Linear Regression

Linear Regression is a simple statistical method used for predictive analysis, when outcome
class in data exist in continuous values rather than binary outcomes [51,52]. The linear regression
algorithm predicts possible outcomes by establishing a linear relationship between an
independent variable and a dependent variable. The dependent variable must be continuous,
but the independent variables can be binary continuous or categorical. There are two types of
linear regression 1) Simple linear regression 2) Multiple linear regression. A simple linear
regression model consists of one independent variable and one dependent variable. In contrast,
multiple linear regression model use more than one independent variable to predict outcome of
dependent variable.

The equation for a simple linear regression is:

Y =i+ cxX

Whereas, Y is dependent variable or outcome, X is independent variable or predictor, i is
intercept (value of Y when X = 0) and c = coefficient of X (slope line).

In order to construct the best-fitted regression line, cost function (the difference of error between
the actual and predicted value of outcome variable) must be at a minimum. The cost function of
linear regression is most commonly estimated by the root mean squared error (RMSE) method.
It is pivotal to adjust the values of i and c to obtain a minimum cost function. So, the model uses
gradient descent to reduce the RMSE by adjusting i and c values and constructing the best-fit

regression line.
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3.2. Logistic Regression

Due to straightforward mathematical structure, logistic regression is one of the most popular
algorithms for classification tasks. Basically, LR predicts the likelihood that an event will occur. For
example, whether or not obesity leads to autoimmune disorder? Logistic regression is classified into
three types. 1) Binary-When there are only two possible outcomes, such as in the preceding example,
obesity leads to autoimmune disorders? Is it yes or not? 2) Multinomial- When there are multiple
possible outcomes, such as whether obesity leads to diabetes, IBD or RA? 3) Ordinal- When the
outcome variables are ordered, for example, is obesity associated with organ specific- or systemic
specific- autoimmune disorder? Logistic regression employs the sigmoid or logit function to compute
probabilities. In the case of binary classification, the logit function used which is simply an S-shaped
curve (sigmoid curve) that transform dependent variables into value of 0 and 1 [53]. To fit best
logistic regression, a few assumptions must be met: the dependent or outcome variable must be
categorical or dichotomous. Multi-collinearity between independent variables must be minimal or
zero [54]. To train the logistic regression model, a relatively large sample size is needed.

3.3. Naive Bayes

The Naive Bayes (Nb) is a simple probabilistic ML classifier based on the Naive Bayes theorem
that expressed as,

P(B|A)P(A)

P(A|B) = P(B)

Where, P(A) = Probability of occurrence of event A, P(B) = Probability of occurrence of event B, P(A | B)
= Probability of occurrence of event A with conditional event B, & P(B|A) = Probability of occurrence
of event B with conditional event A

Naive Bayes assumes that predictor variables are independent of the outcome variables that is,
the presence/absence of one variable has no influence on the presence/absence of another variable.
Thus, it is referred to as the term “naive”. Since the crux of the Bayesian method is to estimate the
means and differences of each variable in the input data, NB requires a small training set to solve the
classification task [55]. As NB implementation is easy with no complicated hyper parameters tuning,
thus it can handle large sample size. Additionally, during model training it is possible to incorporate
new variables that can enhance the probability followed by classification improvement. Thus, this
simple classifier method can efficiently handle high dimensional data for binary or multiclass
classification.

3.4. Random Forest

The Random Forest algorithm is widely utilized in the field of machine learning for both
classification and regression tasks involving data with a high number of dimensions. The Random
Forest algorithm is comprised of a collection of decision trees that are combined through an ensemble
method [56]. In Random Forest (RF), each tree is trained on a specific subset of features from the
training data and subsequently generates predictions for unseen samples, referred to as out-of-bag
samples (OOBs). For new sample predictions, random forest method uses a number of different
decision trees trained on data and averages their outputs and decides the outcome based on the
prediction with the most votes. As random forest chooses feature’s subset randomly, it reduces the
correlation between decision trees [57]. This is also a distinctive characteristic of RF forest that
discriminates RF to decision trees, as RF selects subset of features whereas decision trees tend to
include all features. Random forest can handle both regression and classification tasks with
advantage of robustness with outliers and missing value data, thus the most widely used classifier
found in literature [58]. Despite random forests flexibility in parameters adjustment, hyper parameter
tuning of certain parameters needed to be set prior to model training. Including, number of trees,
node size and number of features subset.


https://doi.org/10.20944/preprints202304.0209.v2

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 April 2023 doi:10.20944/preprints202304.0209.v2

12

3.5. Support Vector Machine

Support vector machine was introduced by Vladimir Vapnik [59] which, due to its benefit of
resilience in noisy data and outliers, is among the widely used algorithms in omics domain. Support
vector machine strive to locate the hyperplane (decision boundary) that most effectively establishes
a separation between data points belonging to distinct classes or groups. Support vectors are data
points placed near decision borders that are used to find the optimal hyperplane. Margin is utilized
in SVM to optimize the distance between hyperplanes of each class. There are 2 types of margins: 1)
Hard margin 2) Soft margin. Hard margins are suitable when two classes (support vectors) are clearly
separated, whereas soft margin allows SVM to loosen strict boundaries and misclassify certain data
points so that other data points can be properly classified [60]. As data points frequently overlap in
metagenomics data, soft margins are the ideal choice in this situation but increment in soft margin
leads to overfitting of model hence optimal number of soft margin adjustment should be determined.
SVM was originally developed as a linear classifier, but subsequently, the Kernel function was added
to address non-linear classification issues [60]. In non-linear tasks, kernels introduce additional
dimensions to data points, where non-linear data can be separated linearly [61]. There are several
kernels for SVM model including Polynomial kernel, Radial basis function kernel, sigmoidal kernel
yet there is no definitive method for selecting the optimal kernel; rather, this choice is determined by
the nature of the data as well as the classification or regression problem at hand. However, RBF is
frequently utilized in omics research [62].

3.6. Artificial Neural Network

The biological interactions that exist between neurons in the organic brain inspired the
development of artificial neural network algorithm. Artificial neurons, like actual brain neurons, are
the fundamental unit of an ANN and follow three different and simple sets of rules: multiplication,
summation, and activation [63]. In the first multiplication step, neurons are weighted by multiplying
the input value (protein expression level, metabolites, and abundances of micro-organisms in
metagenomics case) by individual weights. The following stage of the artificial neuron's model
contains a sum function that sums all of the weighted inputs and introduces a bias term (a value that
change the result of the activation function toward a negative or positive threshold) and passes the
output to an activation function that sum up previously weighted inputs and bias to determine
whether or not a specific neuron should be activate. To address complex issues, the activation
function simply changes linear input into nonlinear [64]. There are several well-known activation
functions for non-linear transformations, including sigmoid activation function, ReLU (Rectified
linear unit) activation function, and Tanh (hyperbolic tangent activation function) [64].

Artificial neurons in a neural network are frequently organized in a multi-layer structure, such
as a simple feed forward neural network with an input layer, a hidden layer, and an output layer.
Data with features are introduced at the input layer of a simple feed forward neural network. This
layer contains no mathematical calculation performance. Following that, the input data is transferred
to a hidden layer, which is in charge of performing all computations such as adding weights, bias,
and activation functions, before the outcome layer determines the class of given samples. Hidden
layer can vary according to topology of neural network model and tasks. Neural network models can
have one or more hidden layers as well hundreds of hidden layers in the case of deep learning models
[65].

3.7. Deep Learning

Deep learning is an area of machine learning that has gained notoriety for its ability to handle
challenging real-world problems, such as defeating top human players in the “Go”” game [66]. While
both deep learning and conventional neural network such as feedforward use a neural network
structure with multiple layers of neurons to learn patterns, the key distinction between the two is the
complexity and large number of hidden layers that deep learning employs [67]. By contrast,
feedforward neural networks have fewer hidden layers and are constrained in their ability to build
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sophisticated representations of the data. Using deep learning techniques, state-of-the-art results
have been achieved in a number of different areas, including picture classification, speech
recognition, and natural language processing. However, the incomprehensibility of deep learning
models—often called "black box" models—restricts their applicability in many morally fraught
contexts, such as in clinical settings [68]. Figure 4 shows supervised learning algorithms used for
linear and non-linear tasks.

Model Description

Models a linear . SoRicRegtessionline
relationship between

independent and g
contineous dependent variable -

Linear regression <« Error term

Models a linear ~ _etTTT

Logistic regression relationship between jUlisetac ot aastiication
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Model for linear tasks

| oea |

Ensemble trees trained on = =3
Random forest random features and predict
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Support vector Build hyperplane (decision "mm
machine boundry) to classify data  +Hyperplane

points f o SUppoRt vector

« Probability of class 1

Naive Bayes Calculate probability of input e

base on bayes theory 2 « Probabiity o class 2

A Interceonnected neurons learn
Artificial neural from data and transmit infor-
network mation forward

Model for linear and non-linear tasks

Follow same principle as
neural network with many
hidden layers of interconnect-
ed neurons transit information
forward and backward

Deep learning

Figure 4. Supervised machine learning algorithms for linear and non-linear task.
4.0. Validation Strategies and Performance Metrics for Machine Learning Models

4.1. Data for Training and Validation of Models

The accurate assessment of machine learning model performance and generalization is
contingent upon the availability of reliable validation data. Therefore, it is necessary to evaluate the
performance of a machine learning model on independent data that is not accessible during the
model training phase. One frequently employed approach for producing precise validation data
involves the implementation of a basic holdout validation technique. This technique entails
partitioning the data into two distinct sets: one set for training models and another set for evaluating
models. Nonetheless, the utilization of a small number of samples renders this approach


https://doi.org/10.20944/preprints202304.0209.v2

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 April 2023 doi:10.20944/preprints202304.0209.v2

14

unfeasible[69] thus, another validation approach called “K-fold cross-validation” is popular with
small amount of data to train and validate ML models [70]. The implementation of K-fold cross-
validation requires the division of the dataset into K subsets or folds, with K being a variable
determined by the user. The model is trained using the initial K-1 folds and subsequently evaluated
on the remaining K-subsets. This procedure is done K times, with each fold representing the
validation set exactly once. Then, the performance of the model is determined by averaging all K
simulations. K-fold validation has limits with class imbalance data and can lead to over optimism
outcomes. Instead, stratified K-fold cross-validation should be employed, which divides samples
equally by class or groups and ensures that each fold has a balanced representation of all class labels
in training and validation set. However, research study with small data using cross validation
demonstrated that K-fold CV can lead to biased results [71].

Nested cross-validation is a variant of cross-validation that employs multiple layers of cross-
validation to assess the efficacy of a machine learning model. The nested cross-validation technique
involves two layers, where the outer layer is utilized to assess the model's performance by
partitioning the data into training and testing sets. On the other hand, the inner layer is employed for
the purpose of model selection and hyper parameter tuning. The inner layer of the model is utilized
to train on a subset of the training data, while its efficacy is assessed through cross-validation. This
facilitates the identification of the most suitable model and hyperparameters, along with an
assessment of their ability to generalize. Subsequent to the inner layer's outcomes, the model and
hyper parameters are modified for the ensuing outer layer iteration. The assessment of the model's
performance is conducted by utilizing the optimal hyper parameters, followed by an evaluation of
an independent data set in the outer layer of cross-validation. The exclusion of test data exposure
during the hyper parameter tuning phase results in a more precise evaluation of the model's
generalization performance. In small sample sizes, nested cross-validation is comparatively more
robust against overfitting than k-fold cross-validation. [71].

4.2. Performance Estimation of Machine Learning Models

The evaluation of a model's performance in supervised machine learning involves the
application of various metrics. There exist multiple techniques for assessing models in the context of
classification and regression tasks. The model's classification performance is evaluated through
various metrics such as accuracy, sensitivity, specificity, recall, F1 score, and area under curve (AUC).
In regression tasks, it is preferable to utilize R2 (correlation) score, adjusted R2 score, MSE (mean
squared error), and RMSE (root mean squared error).

5.0. Application of Machine Learning and Metagenomics in Autoimmune Diseases

5.1. Machine Learning in Inflammatory Bowel Diseases (IBD) Diagnosis

Several research have been conducted to investigate autoimmune disease using metagenomics
and machine learning technologies, such as Forbes et al. used 165 rRNA sequencing data to compare
the association of gut microbiome association with different autoimmune diseases including
ulcerative colitis, Crohn's disease, rheumatoid arthritis, and multiple sclerosis. Gut microbiome from
healthy subjects were also examined. Sequencing data of was clustered into OTUs and Naive bayes
classifier was used to classify different taxonomic features. Furthermore, the RF model was used to
classify overall OTUs as well as OTUs at genus level and attained a highest AUC in between 93% to
99%. This analysis found significant differences in microbial abundance in different cohorts. Relative
abundance of Actinomyces, Clostridium 1II, Eggerthella, Faecalicoccus, and Streptococcus were found
higher all diseases group than healthy individuals [72]. Similarly, to identify IBD-related microbial
biomarkers, 16S rRNA sequencing data were amplified into ASVs by using the multi-taxonomic
assignment (MTA) method. The fecal microbiome from a geographically distinct cohort of 654
healthy subjects, as well as that from 274 CD and 175 UC patients, underwent taxonomic and
functional analysis. The principal component analysis (PCA) and principal coordinate analysis
(PCoA) methods were used to estimate metabolic and taxonomic features of IBD patients,
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respectively. Study revealed that each patient from different geographical regions had different
microbial compositions. The acquired taxonomic genus-level features and metabolic features were
used to assess the ability of the microbiome to predict clinical subtypes of IBD by using a random
forest model. dBacteroides, Bifidobacterium, and Blautia were the most predictive genera with five
metabolic phenotypes [73]. In order to build a predictive model that can differentiate IBD patients
from healthy subjects, Manandhar et al. analyzed gut microbiomes of 729 IBD patients and 700 non-
IBD samples using 165 rRNA metagenomics data and five supervised machine learning based
algorithms. To find out the relative abundance, metagenomics data underwent OTU clustering. In
order to construct a predictive model to classify IBD patients from non-IBD subjects, ML models were
trained with 50 taxonomic markers and RF achieved AUC of 80% on test dataset. The individuals
with IBD and those without IBD showed significant differences in the intestinal microbiota. These
taxonomic features were either overexpressed or under expressed in IBD and non-IBD samples. For
instances,  Acinetobacter,  Alistipes, Paraprevotella, — Phascolarctobacterium, Pseudomonas, and
Stenotrophomonas found more abundant in non-IBD and relative abundance of Akkermansia,
Bifidobacterium, Blautia, Coprococcus, Dialister, Fusobacterium, Lachnospira, Morganella, Oscillospira and
Ruminococcus were observed in IBD. Along with this, researchers also identified 117 taxonomic
biomarkers that were significantly differentiated IBD subtypes into CD and UC [74]. Several health
determinants, such as diet, lifestyle, and environmental factors, influenced the composition of the gut
microbiome at disease onset. To assess the compositional differences of the gut microbiome in the
development of IBD, Clooney et al. analyzed 165 rRNA metagenomic sequences of IBD patients (228
UC and 303 CD) and 161 healthy subjects from two different geographical regions. 16S rRNA
sequencing data were clustered into OTUs, and 200 taxonomic species underwent machine learning
analysis. Analysis revealed that 27 species in UC and 35 species in CD were considerably high
compared to healthy controls. Eggerthella lenta, Holdemania filiformis, and Clostridium innocuum were
found higher in UC patients, and abundances of E. lenta and Ruminococcus gnavus were found higher
in CD patients than in healthy subjects. Gradient boosted trees and hierarchical clustering was
applied for machine learning based classification. Results showed that ML models could classify IBD
and control samples as well as distinguished active and inactive states of CD and UC with highest
AUC of 88% and 91% for IBD vs HC and inactive vs active IBD respectively [75].  Similarly, a work
published by Linares-Blanco et al. analyzed relative microbial abundance at taxonomic genus level
to distinguish IBD subtypes. 16 rRNA amplicons were sequenced from ulcerative colitis (UC) and
Crohn’s disease (CD) patients. After the initial pre-processing of raw OTU counts, to obtain the most
influential features that discriminate IBD subtypes, four feature selection techniques were applied on
taxonomic profiles. This study identified that following representative genus including Rhodoplanes,
Streptococcus, Xenorhabdus, Janthinobacterium, Propionivibrio/Limnohabitans and representative phyla
including, Bacteroidetes, Firmicutes and Proteobacteria with potential to classify IBD subtypes with
highest AUC by using random forest algorithm [76].

5.2. Machine Learning in Type 1 Diabetes (T1D) Diagnosis

Researchers examined the association of gut microbiomes with the development of T1D in
children. For this purpose, 165 metagenomics data obtained from 7 different polymorphic regions
from 31 children diagnosed with T1D and 25 healthy children were analyzed via random forest and
l1 I> regularization-based machine learning. The samples identified 1606 OTUs in the T1D group and
1552 OTUs in control group with significant difference in composition of gut microbiome in both
groups. The relative abundances of B. stercoris, B. fragilis, B. intestinalis, B. bifidum, Gammaproteobacteria,
Holdemania, and Synergistetes species were higher, while B. vulgatus, Deltaproteobacteria, Parasutterella,
Lactobacillus, and Turicibacter species were lower in children with T1D compared to healthy children.
Furthermore, diverse microbial flora was found in healthy subjects than T1D subjects. Upon analysis,
researchers concluded that machine learning methods along with taxonomic relative abundance
analysis identified Bacteroidetes stercoris species and phylum Synergistetes as a significant taxonomic
signature of T1D [77]. Similar to this, taxonomic genus level profiles of 124 newborns were acquired
from a public dataset for the diagnosis of pediatrics T1D. Using the random forest classification
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approach, investigators were able to effectively identify 45 genera with the ability to predict T1D
status with an area under the ROC Curve of 91.5%. Prevotella, Anaerotruncus, Scherichia, Eubacterium
and Odorib were the high abundant taxonomic genera of T1D [78]. In another study, research
conducted on the gut microbiomes of a cohort of 33 infants divided into three groups, including four
cases of type ldiabetes (T1D), seven seroconverted infants, who were not clinically diagnosed with
T1D but positive for at least two autoantibodies and twenty-two non-seroconverted infants.165 RNA
sequencing metagenomics profiles clustered into different taxonomic profiles and analyzed.
Researchers were capable of identifying 25 biomarkers at the taxonomic species level with the knack
of predicting T1D with an AUC of 98.7% by using the random forest classification algorithm.
Bacteroides vulgatus and Prevotella copri were found enriched in T1D patients. Subsequently, based on
those specific species-level metagenomics biomarkers, RF model was able to predict seroconverted
patients with an AUC of 99%. As a result, the authors concluded that the ML model could stratify the
T1D cohort accurately and that the acquired metagenomics markers were strongly associated with
the onset of T1D [79].

5.3. Machine Learning in Other Autoimmune Diseases Diagnosis

To identify disease related microbial biomarkers, shotgun metagenomics were sequenced from
123 rheumatoid arthritis (RA), 130 liver cirrhosis, 170 type 2 diabetes (T2D) patients and 383 healthy
controls. This analysis successfully identified overall 594 taxonomic biomarkers including, 257
biomarkers of rheumatoid arthritis, 220 of liver cirrhosis and 117 of T2D. DOF003_GL0053139
identified as a topmost marker which is belong to the genus Clostridium and phylum Firmicutes
relatively found with high abundance in RA then the other phenotypes whereas, 469590.BSCG_05503
was enriched in liver cirrhosis patients. Moreover, research showed that none of the three phenotypes
had shared biomarkers. Wu, Honglong, et al. in their experiment used seven different machine
learning algorithms and mRMR was used for feature selection. The selected features from mRMR
were evaluated by using 7 different ML classifiers and the most predictive algorithm was a logistic
regression with a ROC of 94% [80].

Likewise, Bang, Sohyun, et al. investigated 696 samples of intestinal microbiome obtained from
6 different diseases including multiple sclerosis (MS), juvenile idiopathic arthritis (JIA), colorectal
cancer (CRC), acquired immune deficiency syndrome (AIDS), myalgic encephalomyelitis/chronic
fatigue syndrome (ME/CFS), and stroke as well as healthy controls. 16S rRNA amplicons were
sequenced and clustered into different OTUs. In this analysis author considered two feature selection
algorithms, forward feature selection (FS) and backward feature elimination (BE), along with four
efficient multi-classifier algorithms, including K nearest neighbor (KNN), support vector machine
(SVM), Logit Boost and logistic model tree (LMT). Logit Boost was the most predictive model in terms
of accuracy. Predictive models were trained using taxonomic markers and identified 17 genera
commonly. This analysis concluded that the identified taxonomic genus markers were capable to
distinguished different diseases, which conferred the potential of ML and metagenomics to multi-
class classification which aid in the diseases diagnosis and identification of disease related taxonomic
markers. For instance, PSBM3 from the family of Erysipelotrichaceae were identified as candidate
biomarker that potentially distinguished different diseases [81]. Recent work by Volkova and
Ruggles reanalyzed 42 papers connecting gut microbiota with 12 autoimmune diseases, including
multiple sclerosis (MS), inflammatory bowel disease (IBD), rheumatoid arthritis (RA), and general
autoimmune disease. In this study, 16s RNA sequencing and shotgun metagenomics data were used
with the following four machine learning methods: support vector with radial kernel (SVM-RBEF),
ridge regression, random forest, and XGBoost. RFE was used for feature selection. ML was utilized
in order to classify autoimmune diseases in contrast to controls and compare each condition on an
individual basis. The overall experiment revealed that both XGBoost and RF out-performed other
classifiers [82]. Another research was conducted on the gut microbiomes of 162 patients divided into
3 groups including 62 healthy, 36 mild Graves’ disease and 64 severe Graves’ disease subjects.
Metagenome assembled genomes (MAGs), metagenome annotated genes (MAG) with metabolic
function, and metabolite profiles underwent taxonomic and functional investigation. Researchers
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were able to successfully identify a set of overall 32 biomarkers, including 4 microbiological species,
19 MAG:s, six related genes, and 3 SNPs, with ability to predict Graves’s diseases status with area
under curve score of 88% by using the random forest classification method. Among these 32
biomarkers, five MAGs markers under the family Erysipelotrichaceae and the genera Coprobacillus,
Streptococcus and Rothia were found enriched in all Grave disease patients [83]. Vinod K., et al.
examined the intestinal flora that is linked with the minimum clinically important improvement
(MCII) in RA patients. The author considered multiple linear regression models and deep learning
neural networks to identify the most influential microbial signatures associated with MCIL In this
experiment shotgun metagenomics sequencing data was examined for disease classification. Neural
network was applied to classify RA patients into MCHII positive and MCHII negative and it
demonstrated good accuracy of 90% in identifying individuals in predicting which patients might
acquire MCII. Along taxonomic investigation they also measured alpha and beta diversity and
revealed that MCII patients possessed intestinal microbiome with high alpha diversity. Researchers
also efficiently acknowledged Bacteroidaceae as the most representative family, Bacteroidales and
Clostridiales as an order and Firmicutes and Bacteroidetes as a phylum [84]. Table 3 presents studies on
autoimmune diseases using metagenomics data with supervised machine learning algorithms.

Table 3. Study of autoimmune diseases using metagenomics and supervised machine learning

approaches.
Disease Input Aim of the Feature Selection Algorithm Classifier Refere
Study nces
Different 16s RNA sequencingTo compare the Feature importance determined by Gini score using Random [72]
autoimmune gut random forest Forest
diseases such microbiome
as ulcerative associated with
colitis, different
Crohn's autoimmune
disease, diseases such
rheumatoid as ulcerative
arthritis and colitis, Crohn's
multiple disease,
sclerosis. rheumatoid
arthritis and
multiple
sclerosis.
IBD 16s RNA sequencingTo identify Principal component analysis (PCA) and principal Random [73]
IBD-related coordinate analysis (PCoA) Forest
microbial
biomarkers
IBD & 16s RNA sequencingTo discriminate Linear discriminant analysis Random [74]
Subtypes IBD from non- Forest, SVM
IBD and radial kernel,
distinguish IBD NNET, EN
subtypes as
well
IBD 16S rRNA Assess the Feature importance determined by Gradient boosted Gradient [75]
sequencing compositional trees t boosted trees
differences of
the gut
microbiome
associated with
lifestyle, diet
and
environmental
factors in the
development of
IBD
Inflammator 16S rRNA To distinguish Kruskal-Wallis Tests, Fast Correlation Based Filter =Random [76]
y bowel sequencing IBD subtypes: for Feature Selection (FCBF), Linear decomposition Forest,

ulcerative model, Differential abundance Generalized



https://doi.org/10.20944/preprints202304.0209.v2

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 April 2023

doi:10.20944/preprints202304.0209.v2

18
diseases colitis (UC) linear model
subtypes from Crohn’s (glmnet)

disease (CD).
T1D 16S rRNA To determine Embedded feature selection with random forest Random [77]
sequencing the association forest
of gut microbes
in T1D onset in
children
T1D 165 rRNA Identified a - Glmnet, [78]
sequencing potential genus Random
for TID Forest
Classification
T1D 16s RNA sequencingCategorise risk Wilcoxon test SVM, Random[79]
factors Forest,
associated with Glmnet
the
development of
type 1 diabetes
in infants.
rheumatoid Shotgun To identify mRMR. Random [80]
arthritis, livermetagenomics biomarkers for forest, SVM,
cirrhosis and three different logistic
type 2 diseases by regression,
diabetes multiclass KNN,
classification gradient
boosting
decision tree
(GBDT),
AdaBoost,
and stochastic
gradient
descent (SGD)
were
employed in
this study.
Colorectal ~ 16s RNA sequencingTo distinguish Forward feature selection, Backward feature KNN, SVMV, [81]
cancer gut elimination Logistic
(CRO), microbiome model tree,
Multiple from six Logiboost
sclerosis different
(MS), diseases using
Juvenile multiclass
idiopathic classification

arthritis (JIA)

Inflammator Shotgun sequence

Compare and RFE used for feature selection in the study

XGBoost, [82]

y bowel and classify each Random
disease, 16s rTRNA sequence autoimmune Forest, SVM
Multiple diseases by Radial, Ridge
sclerosis, using machine regression
Rheumatoid learning were
arthritis, and algorithms employed for
general classification
autoimmune
diseases.
Grave's Shotgun To investigate Wilcoxon rank-sum test, two-tailed Random [83]
disease metagenomic the relation Forest
sequence between gut

microbiota and
Grave diseases
with four
layers data
derived from
shotgun
metagenomics.
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Rheumatoid Shotgun To examine the Multiple regression model Deep neural [84]
arthritis metagenomic gut network,
sequencing microbiomes Random

that are linked Forest, SVM &

with the Logistic

minimum regression

clinically

important

improvement

(MCII) in RA

patients.

6.0. Challenges and Risks Inherent in Developing ML-Based Diagnosis Models

6.1. Explanation Matters

Artificial intelligence (AI) methods may be useful in deciphering intricate disease patterns, but
the reasoning behind the algorithms' decisions is not always obvious, earning them the "black box"
label. Deep learning is top of the list in black box models where calculations done in hundreds of
hidden layers while training and predicting a certain condition which are beyond human
understanding [85], followed by random forest where prediction is determined by hundreds of trees
and non-linear SVM models where several dimensions introduced to data for classification.
Increasing model complexity reduces model interpretability. Therefore, it is possible that black box
models do not fulfill the high standards of accountability, transparency, and dependability required
in medical decisions [86]. It has been fiercely argued whether or not Al models are truly unintelligible,
with examples of models achieving great accuracy using means that are of little help in predictive
analysis.

Explainable Artificial Intelligence (XAI) on the other hand, seeks to train Al systems to explain
their predictions and actions in a way that humans can understand. The goal of XAI models is to
create Al models capable of explaining their logic and consequences to humans [87]. Given the
complexity and sometimes inexplicable outcomes of conventional Al models such as deep learning,
XAI models are gaining traction. XAI models would lead to higher acceptance of Al in traditionally
skeptical professions such as medicine, finance, and law. Some examples of XAl approaches include
feature significance analysis, saliency maps [88], decision trees [89], and simplistic models such as
linear and logistic regression [90] are already being widely used to build interpretable models.
Nevertheless, the accuracy of XAl models might be restricted when complicated modeling is required
rather than simple models based on traditional statistical and mathematical methodologies [91].
Other recently developed tools such as SHAPLY based on game theory [92] and LIME (Local
Interpretable Model-agnostic Explanations) [93] are widely used to interpret the decision of complex
non-linear ML models.

6.2. Pitfalls to Avoid in Development of Diagnostic Models

6.2.1. Data Collection and Data Representation for Machine Learning Models

The development of machine learning-based diagnostic models often neglects several crucial
factors, such as the significance of commencing with data collection. Prior to developing machine
learning models, it is recommended to conduct exploratory analysis, which may include assessing
the proportion of missing values and evaluating the consistency of the sample. The occurrence
commonly referred to as "garbage in, garbage out" transpires when a model is supplied with
imprecise or deficient data during its training phase, resulting in a flawed model and erroneous
deductions. An additional factor to take into account is that the majority of machine learning models
are trained on data encompass particular races or geographic regions, potentially leading to
prejudiced outcomes for other demographic groups [94]. To address this issue, it is recommended to
collect diverse data.
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6.2.2. Imputations of Missing Values

Metagenomics data, similar to other omics data, frequently exhibit missing values due to the
intrinsic imprecision of biological processes or diverse experimental factors. The absence of certain
values not only diminishes the dependability of statistical evaluations, but also amplifies the
probability of detecting false biomarkers. [95]. There are numerous ways available for researchers to
address the issue of missing values; nevertheless, incorrect implementation of imputing missing
values can possibly lead to overfitting and biased results [96], for example imputation conducted
prior to partitioning data into training and testing sets for constructing a machine learning model
may result in the leakage of information from the testing set into the training set. The reason for this
is that the imputed values are derived from information encompassing all samples within the dataset.
This involves the imputation of missing values through the utilization of the mean or median of all
samples present in the data. The integration of information from the test sets into the training set can
lead to an overly optimistic assessment of the model's performance on unseen data.

6.2.3. Feature Selection and Performance Metrics Selection

As previously stated, the feature selection procedure is crucial in the development of machine
learning models because it facilitates understanding of the models' decision-making process while
also improving understanding of biological significance. Therefore, it is imperative to execute the
task with great care. For example, applying a feature selection method to the complete dataset in
order to obtain a subset of features and subsequently constructing a ML model using the chosen
features may lead to overfitting. This is due to the likelihood of information leakage from the test set,
since the features will be selected based on population estimates for the entire data set [97].

The appropriate utilization of accurate performance metrics for the purpose of characterizing
outcomes is another crucial aspect of ML based diagnostic model research that is sometime
overlooked. In the context of constructing models for imbalanced data classification, relying solely
on the accuracy score of the model is inadequate. It is necessary to consider additional metrics such
as Precision, Recall, F1, and area under the curve (AUC) to accurately evaluate the effectiveness of
the model for each class in data set. In the context of data analysis involving regression tasks, some
researchers exclusively exhibit the R-squared metric of multiple regression models as a means of
demonstrating the associations in term of correlation between the independent and dependent
variables. Nonetheless, it is important to note that this methodology may produce inaccurate results
since the R-squared metric does not provide evidence as to whether the introduction of a new variable
significantly improves the predictive ability of the model. Therefore, it is necessary to incorporate the
adjusted R-squared alongside the R-squared metric, as it accounts for changes in significance that
arise from the introduction of independent variables into the model.

7.0. Conclusion

Machine learning and metagenomics present a potent approach for the diagnosis of
autoimmune diseases, especially in terms of early detection and the categorization of cohorts for
tailored treatments. Recent research has indicated that the application of machine learning techniques
to the analysis of metagenomics data has the potential to effectively diagnose autoimmune disorders
with a high degree of accuracy. Nonetheless significant number of research has been conducted on a
specific demographic or ethnicity, it remains imperative to gather additional data from diverse
sources to authenticate models and the statistical reliability of identified biomarkers. Similarly,
machine learning domain presents several issues that necessitate further investigation, particularly
with regard to its acceptance in the medical field. These issues include the transparency and
interpretability of models, as well as the reproducibility of biological findings. These considerations
are of utmost importance in clinical settings and represent the primary limitation of utilizing machine
learning algorithms in medical applications..
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