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Abstract

The current conclusions and hypotheses on the roles of the gut microbiome in the pathophysiological understanding of
different phenotypes of nonalcoholic Fatty Liver Disease (NAFLD) patients have greatly attracted research in multiple
academic and research institutions. In this study, the gut microbiome profiles of different families and genetic categories
that live in NAFLD patients were combined and saved in one dataset as a result of fecal and blood sample analysis.
There were distinct gut microbiome patterns in the fecal and blood samples of obese individuals with NAFLD compared
to lean individuals. Another important feature used in the dataset is body Mass Index (BMI), which is classified into lean
(BMI <25 kg/m”2) and overweight (30>BMI >25 kg/m”~2). One of the important branches of Artificial Intelligence is
Machine Learning (ML).ML techniques have a great contribution to real-world applications. This approach implements
Rules between Gut-Micro profiles for NAFLD (Lean obese). Besides the ML prediction model, Random Forest was
deployed to predict the Gut-Micro profile for both lean and obese individuals in the case of NAFLD patients. The testing
accuracy in the proposed model is more than 99%, which is considered an excellent performance parameter in gut

microbiome investigation.
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1. Introduction

Non-alcoholic Fatty Liver Disease (NAFLD) is the
leading reason for chronic liver disease [1,2]. Patients
with NAFLD are at an increased risk of developing
cirrhosis, hepatocellular carcinoma, cardiovascular
events, non-hepatocellular carcinoma malignancies, and
increased mortality [3]. The connection between
obesity and NAFLD seems more complex, regarding
the absence of NAFLD in obese individuals without
any metabolic anomalies and the presence of NAFLD
in lean individuals. Although NAFLD is more common
in certain ethnicities, such as Asians, it affects about
10% of the Western population [4].

According to a recent statistical analysis by Riazi et
al. [5], 46.9 instances of NAFLD are present for every
one thousand person-years.

According to [6], the accepted histological
definition of grade 1 steatosis is hepatic steatosis of 5%
or more; steatosis below 5% is considered normal. This
is one of the diagnostic criteria for NAFLD.
Ultrasound, currently the most popular diagnostic
method for fatty liver, has a bottom limit of 30% at
which steatosis can be reliably detected.

Apart from the imaging methods evaluated by these
guidelines, computed tomography (CT) can also be
used to identify fatty liver. By assessing the
radiodensity, fat may be assessed (in Hounsfield units)
since fat attenuates less than water when utilizing X-
ray-based techniques, making the liver look darker on
pictures.

The gut microbiota, comprising trillions of
microorganisms, is a key regulator in the development
of obesity, diabetes, and metabolic syndrome [7,8].

Current investigations suggest that gut microbiota plays
a role in the development of NAFLD. It is believed that
gut-derived endogenous alcohol may contribute to the
pathogenesis of nonalcoholic steatohepatitis [9]. In
NAFLD, changes in gut microbiome composition are
relevant, such as a decrease in Firmicutes, an increase
in Bacteroidetes in nonalcoholic steatohepatitis, and an
increase in Ruminococcaceae in significant fibrosis
[10]. Most previous studies on gut microbiome
composition have focused on individuals with obesity.
Therefore, Body Mass Index (BMI)is considered a
significant determinant of changes in gut microbiota
[11].

In this proposed work, a new approach was
suggested to compare the fecal and blood microbial
profiles of obese and lean individuals for NAFLD
patients based on rules implemented from the available
dataset, which resulted in experimental approaches [1].
And applying Random Forest (RF) as an ML regression
model [12] to predict the microbiome profile in fecal
and blood analysis for both a given NAFLD (lean and
obese). The next sections of this article are arranged
into these main sections as below;

e Section 2 presents the Materials and methods
applied in this research.
e Section 3 presents the results that were applied in
this research.
e  Section 4 presents the Discussion
e Section 5 presents the Conclusion and Future
Work
2. Materials and methods
2.1 Machine Learning in Prediction
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Prediction is a reflection of learning ability based on
human judgment. With the advancement of society and
technology, predictive science is now widely applied in
various fields, including time series prediction,
regression  analysis, and pattern  recognition.
Classification and prediction are core branches of
Machine Learning (ML), statistics, and data mining, as
they involve prediction. The goal of a prediction model
is to train a model with existing data to predict the
output based on the input. With the development of ML
technology, applying ML algorithms to prediction
problems has become a research hotspot in the field of
ML [13].Recently, there has been a growing interest in
integrated learning from both industry and academia.
ML as a state-of-the-art is widely used in various fields,
including medical diagnosis, pattern recognition,
scientific research, and data mining. The primary goal
of integrated learning is to train multiple individual
learners using a given dataset and then combine their
respective prediction results to generate an outcome.

Gut-micro research has been utilizing ML to address
various tasks [14], such as:

e  Phenotyping (host phenotype).

e Microbial feature classification.
Intricate chemical and physical interactions among the
constituents of the microbiome. Monitoring for changes
in the microbiome composition [15].
Table 1 [14] presents a list of specific examples of ML
tasks in Gut-Micro research. In this proposed work, the
main objectives are focused on two tasks.

1. Analysis of the gut microbiome profile for NAFLD
patients in cases of lean and obesity for a given dataset
[1], and thus, deriving conclusions for a specific
number of microbiome species found in blood or fecal
analysis in lean and obese cases, as detailed in [1].

2. Applying the ML and RF models to predict the
species of Gut-Micro in blood or fecal samples for
NAFLD (lean and obese) cases.

| Table (1) The ML methods used in microbiome research

Task Predictive goal

Method

Reference

Phenotyping

Sponge bacterial density

Random forests

Moitinho-Silva et
al. [16]

Phenotyping Crop productivity Random forests Chang et al. [17]
Phenotyping Food allergy Recurrent neural Metwally et al.
network (LSTM) [18]

Random forests, lasso,
elastic nets.

Phenotyping Disease (inflammatory bowel Wirbel et al. [19]

disease)

Phenotyping Disease (e.qg., cirrhosis, type 2
diabetes,

inflammatory bowel disease)

Convolutional neural networks  Sharma et al. [20],

Reiman et al. [21,

22]
Microbial feature Microbiome composition Autoencoder Garcia-Jiménez et
classification al. [23]
Microbial feature Metabolic profile Autoencoder Le et al. [24]
Classification
Interaction analysis Microbe-metabolite interactions Embedding Morton et al. [25]
Interaction analysis Microbe co-occurrence patterns Embedding Tataru and David
[26]
Monitoring composition Response to diet change Autoencoder Reiman and Dai
[27]

2.2 Random Forest (RF)Technique.
The application of ML techniques to the
interpretation of complicated and large-scale biological

data has increased in modern biology. The approach is a
widely used method in bioinformatics. It consists of an
ensemble of decision trees (DTS) and naturally
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integrates feature selection and interactions into the
learning process [28,29]. Random Forest (RF) has
multiple channels advantages, such as, efficient,
interpretable, nonparametric, and having good prediction
accuracy for a wide range of data types. Due to its
unique advantages in handling high-dimensional feature
spaces, complex data structures, and small sample sizes,
RF has been increasingly utilized in computational
biology research recently.
2.2.1  Bioinformatics  with
Solutions

Among well-liked ML techniques, RF offers a
special blend of model interpretability and prediction
accuracy. The use of ensemble and random sampling
techniques in RF allows for improved generalizations
and precise prediction-making. This aspect of
generalization originates from the bagging scheme,
which enhances the generalization by reducing
variance; comparable techniques, such as boosting,
accomplish this via reducing bias [32].
The main merits of RF as next;
1.It can evaluate the significance of each feature
through model training.
2.1t can make reliable predictions for a wide range of
applications
3. The trained model can measure the pairwise
proximity between samples.
According to these facts about RF, it is recommended
to apply RF in solving bioinformatics studies (Gut-
Micro) in this study, because of the huge amount of
data received in experimental procedures [33]

Random Forest

2.2.2  Random Forest Criteria

The fundamental units of an RF algorithm are DTs.
A decision support method that resembles a tree is
called a DT. It is easy to comprehend the operation of
RF algorithms by first reviewing DTs.Three nodes
make up a DT: a root node, leaf nodes, and decision
nodes. A training dataset is divided into branches by a
decision tree algorithm, and these branches
subsequently subdivide into other branches. This
process keeps going until a leaf node is reached. There
is no way to segregate the leaf node further.

The decision tree's nodes stand for characteristics that
are utilized to forecast the result. The decision nodes
connect to the leaves. The three different kinds of
decision tree nodes are depicted in the following Figure

).

Root Node

Decision Node Decision Node

i
Ak

Fig. (1) Decision Tree components.

The foundation of a DT is entropy and information
gain. Having a basic understanding of these ideas can
help researchers better comprehend how DTs are
constructed.

Uncertainty can be measured using entropy. The degree
to which a set of independent variables reduces
uncertainty in the target variable is measured as
information gain.

Using independent variables (features) to learn more
about a target variable (class), is known as the
information gain idea. The information gain is
estimated using the entropy of the target variable (Y)
and the conditional entropy of Y (given X). In this
instance, the entropy of Y is subtracted from the
conditional entropy.

DTs are trained using the information gained. It aids in
lowering these trees' level of uncertainty.

A substantial information gain indicates a
significant reduction in uncertainty (information
entropy). Splitting branches, a crucial step in the
creation of decision trees, requires consideration of
entropy and information gain [32].

2.3 Dataset
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In this proposed work, the dataset from [1] is
imported and prepared for analysis and predictions for
the gut microbiome. In this study [1], Eligibility
screening for this study was conducted between June
and September 2014 at Kangbuk Samsung Hospital
Total Healthcare Screening Centers in Seoul, South
Korea.

Also, this study included three main datasets for 268
patients. Medical tests showed that 68 patients were
suffering from NAFLD, and 192 patients did not have
NAFLD. Besides, the gut microbiome profile of 268
patients was associated with this, as explained in the
next section.

2.3.1 Preparing the Dataset

e From Table 2 [1]. This represents the
demographic and clinical characteristics of
subjects with NAFLD vs. control according to
their body habits [1]. The BMI feature is
extracted and imported for (lean and obese) in
the case of NAFLD in 76 cases (27 lean and
49 obese).

e From the supporting information section [1],
which contains the S1 table. Significant taxa in
fecal microbial related to NAFLD groups are
linked to the original link for the S1 Table as
mentioned in [1] through this link [33].

e From the supporting information section [1],
which contains the S2 table. Significant taxa in
blood microbial related to NAFLD groups are
linked to the original link for the S2 Table as
mentioned in [1] through this link [33].

e From a, b, and ¢, we import all the required
data about BMI, fecal microbiota profiles in
taxa, and blood microbiota profiles in taxa.
Then the new dataset, which contains the
microbiome profile in fecal and blood samples
gathered with BMI. The next section explains
this dataset.

2.3.2  Dataset Applied

From the last section, the dataset is ready for
processing and analysis procedures and predictions. We
offer this dataset through this link [34].

The dataset contains many species of the
microbiome as next;
(F__f _Desulfovibrionaceae&F_g__Fastidiosipila&F_g
__Roseburia&F __f Enterobacteriaceae&F _g__ Erysipel
othrix&F_g__Citrobacter&F_g__Acidaminococcus&F
_g__ Faecalibacterium&F_g__Turicibacter),(B_f__Defe
rribacterales_incertae_sedis&B_f _Succinivibrionaceae
&B f Nocardioidaceae&B f Deinococcaceae&B f
__Leuconostocaceae&B _f Beijerinckiaceae&B f D
esulfobacteraceae&B_g__ Nocardioides&B_g__Deinoc
occus&B_g_ Leuconostoc&B_g__ Caldithrix&B g C
lostridium_sensu_stricto&B_g__Anaerobiospirillum)

For Fecal analysis, it begins with a capital letter (F),
and for Blood analysis, it begins with a capital letter
(B).

For the family level, it is represented by the letter (f)
in the microbiome name; for the genius level, it is
represented by the letter (g) in the microbiome name.

3. Experiment and Results

3.1 Approach 1: The rules for gut microbiome
abundance for NAFLD patients.

The dataset is now ready for visualization, We use
the available resources for processing data with utilities
of a processor Intel Core i5, 16 gigabytes of RAM and a
NVIDIA 310 graphics processing unit. The
programming tool is Python 3.9 through Spider, an
Anaconda platform.

As shown in Figure 2, it is clear that there is a
diversity of microbiome profiles related to BMI and
Blood & Fecal analysis taxa.

As shown in Figure 2, it is obvious that BMI is a
linear factor that represents lean and obese cases.

From the figure, there is a negative correlation
between BMI < 25 Kkg/m"2 and some blood
microbiome, but for Fecal, the correlation is positive,
such as;

B_f_Deferribacterales_incertae_sedis
B_f__Nocardioidaceae

B_f__ Beijerinckiaceae

B_f_Desulfobacteraceae

B_g__Nocardioides

B_g__ Callithrix

From the figure, there is a negative correlation
between BMI > 25 kg/m"2 and some blood
microbiomes, but for Fecal, the correlation is negative,
such as;

B_f_Deferribacterales_incertae_sedis
B_f__Nocardioidaceae

B_f__ Beijerinckiaceae

B_f_Desulfobacteraceae

B_g__Nocardioides

B_g__ Callithrix

This indicates that previous microbe activities
decrease in the case of overweight (30>BMI >25
kg/m”2) case, but increase in the case of lean (BMI <25
kg/m”2) case.
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Table 2 is a dedicated table that shows the ratio
between (lean: obese) and gut microbe Abundance. As
shown in Table 2, in general, the gut microbiome is
more active and more populated in the case of obese
NAFLD patients, specifically in fecal taxa. E.g.,
F__f Enterobacteriaceae increases by 8.3 times if the

5 = & 7
patient is obese than a lean one.That led to 1st result,
which defines that. The environment of the
gastrointestinal tract is very conducive to the growth of
the gut microbiome population.

On the other side gut microbiome is less active and has
a larger population in the case of obese NAFLD
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patients, exactly in the Blood taxa.For example,
B_g_ Nocardioides decreases by 0.05 times if the
patient is obese compared to a lean one.

That led to 2nd result, which defines that. The
environment of blood vessels for the obese isn’t very
good for the gut microbiome population is the
environment.

Table 2. Microbiome species in the taxa ratio for (lean, obese) NAFLD Cases.

Microbiome type

5 Appropriated Ratio between (lean: obese)

F__f Desulfovibrionaceae
F_g__ Fastidiosipila
F_g_ Roseburia
F__f Enterobacteriaceae
F_g__Erysipelothrix
F_g_ Citrobacter
F_g__ Acidaminococcus
F_g__ Faecalibacterium
F_g_ Turicibacter
B_f_Deferribacterales_incertae_sedis

B_f__Succinivibrionaceae
B_f_Nocardioidaceae
B_f _Deinococcaceae
B_f_Leuconostocaceae
B_f__ Beijerinckiaceae
B_f_Desulfobacteraceae
B_g__ Nocardioides
B_g__ Deinococcus
B_g__ Leuconostoc
B_g__Caldithrix
B_g__ Clostridium_sensu_stricto
B_g__Anaerobiospirillum

~ (1:7.8)
~ (1: 4.25)
~ (1:2.7)
~ (1:8.3)
~ (1: 1.07)
~ (1:7.6)
~ (1:3.4)
~ (1:5.3)
~ (1:5)
~ (1: 0.6)
~ (1:7.5)
~ (1: 0.05)
~ (1:1)
=~ (1: 4.75)
~ (1:0.5)
~ (1:0.8)
~ (1: 0.05)
~ (1:1)
~ (1: 4.75)
~ (1: 0.6)
~ (1:1.9)
~ (1:7.5)

[e994

pooid

3.2 Evaluation Metrics

To evaluate the performance of the proposed
approach, several performance metrics are employed
[35].

Recall (Rec): This metric is also frequently called
sensitivity.

1)
Precision (Perc): This metric is also frequently
called the positive predictive value.

Precision = 2
FP+TP

Specificity (Spec): This metric is frequently called
the true negative rate.

Specificity= T;fTP A3)
Accuracy (Acc): The percentage of correctly

identified class labels:

_ TP4TN
ACCUraCy= TP rTh )

F1 score (F1): A measure of a test’s accuracy by
calculating the harmonic mean of the precision and
recall:

2TP

F1 score————— (5)

FP+FN+2TP )
Where True positive (TP) is the number of

correctly identified positive samples.

True negative (TN) is the number of correctly
identified negative samples.

False Positive (FP) is the number of incorrectly
identified positive samples. False Negative (FN) is the
number of incorrectly identified negative samples.

3.3 Approach 2: Predicting Gut Microbiome
Abundance in NAFLD Patients.

e Scenario 1: In the case of an NAFLD patient, his

BMI is known.

The first dataset is split into training and testing by
0.75-0.25 to prepare the dataset for prediction. We use
cross-validation in training processing; the number of
estimators in DT 100 is a random state of 42. The x, the
input value for the classifier RF, represents the BMI for
NAFLD patients [33].

Still, the y, which represents the output value,
represents the gut microbiome in blood or fecal, as
mentioned in Table 2.

In the next Figure 3, the confusion matrix between
predicted and actual values of the input BMI patient
and the F__f Desulfovibrionaceae microbiome is
shown, as shown by the total number of samples (19),
because training is 25% of the 76 samples. For
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F__f Desulfovibrionaceae, lean patients’ taxa (0),but
(1) for obese patients’ taxa.

Confusion Matrx for Random Forest Model (X=BM), y=FfDesufovirionaceae)

16
1
0 3 0 P
10
!
™) 8
¢
b
o (0 J

Predicted

Fig. (3). Confusion matrix between (BMI,
F__f Desulfovibrionaceae) prediction RF model.

e Scenario 2: In the case of an NAFLD patient, his

BMI is unknown.

The same trial was done for all gut microbiomes,
and the same results were obtained, with an accuracy of
99%. In this result, the x, the input value for the
classifier RF, represents the NAFLD data [33] only, and
the y, which represents the output value, represents the
gut microbiome in blood or fecal, as mentioned in
Table 2. In the next Figure 4, the confusion matrix
between predicted and actual values of the input
NAFLD (lean obese) patient and
F__f Desulfovibrionaceae microbiome is shown, as
shown by the total number of samples (19), because
training is 25% of the 76 samples. For
F__f Desulfovibrionaceae lean patients, the taxa are
(0), but for obese patients, the taxa are (1).

Confusion Matrix for Random Forest Model (X=NAFLDLeanobese

, y=FDesulfovibrionaceae)
16

1

10

Actual

Predicted

Fig. (4). Confusion matrix between (BMI,
F__f Desulfovibrionaceae) prediction RF model.

4. Discussion
In this approach, the desired system was proposed to

predict the abundance of gut microbiome in NAFLD
patients according to BMI for each patient. In case of
knowing the weight of the patient.

To achieve this purpose, | benefited from a
preliminary related study that contained data on patients
with fatty liver disease and medical tests for patients of
different weights [1].

It is clear from the last section, approach 1, that it
can be estimated that the abundance of gut microbiome,
according to Table 2, provides a basis for lean and
obese patients.

Also in the last section, approach 2, the random
forest algorithm has obtained excellent predictions for
gut microbiome abundance in the case of known or
unknown BMI of patients.

The methods that are implemented are very useful in
the study of the gut microbiome in case of poor
funding, and also achieve high accuracy equal to 99%
by applying RF in gut microbiome prediction,
compared to other related work [24,26].

5. Conclusion and Future Work

Through this study, a proposal was presented to find
the relationship between the abundance of the gut
microbiome and its effect on a person suffering from
nonalcoholic fatty liver disease, according to the effect
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of BMI variation. It became clear from the study that the
body mass index factor of a person affects the proportion
of the gut microbiome. And because of the high cost of
testing gut microbe profiles in fecal and blood for one
patient, this study helps in using artificial intelligence
techniques, represented by one of the machine learning
algorithms, which is a decision tree, in making
predictions in this way. Gut microbiome in an infected
person based on the body mass index factor, which helps
to minimize the cost of testing gut microbiome profiles.
In future studies, the relationship between the gut
microbiome and people suffering from pancreatic and
heart diseases will be expanded, and a more accurate
perception of the microbiome's shape will be created
based on these studies.
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