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Abstract: The lung parenchyma is largely impacted by the infectious condition known as pulmo-
nary tuberculosis (pulmonary TB) when the immune system creates a wall around the germs in the
lungs, a tiny, hard bulge known as a tubercle develops, earning the disease the name tuberculosis.
Although the majority of TB germs target the lungs, they can also harm other bodily organs. The
identification of TB biomarkers, which are crucial for diagnosis, treatment monitoring, risk analysis,
and prognosis, has been the subject of extensive research. Differences in metabolites between nor-
mal cells and tuberculosis are considered to be able to support the diagnosis of tuberculosis. Metab-
olite data was taken from the Metabolomic workbench and further identification and prediction
were carried out in silico. A total of 44 samples found 69 metabolites which were then carried out
further analysis. Found as many as 5 metabolites that play an important role in tuberculosis. Of the
5 metabolites, 2 candidate biomarkers were found which are known to have potential as biomarkers.
The candidate biomarkers for these metabolites are trans-3-methyluric acid and nicotinic acid. How-
ever, this simulation needs further testing to obtain more accurate biomarkers and support the di-

agnosis.

Keywords: Biomarker; Tuberculosis; Metabolite

1. Introduction

Even though it is treatable, the disease tuberculosis (TB), which is brought on by the
bacteria Mycobacterium tuberculosis (Mtb), is still rampant throughout the world. WHO
estimates that in 2020, 10 million new cases of TB were reported, and 1.5 million people
died from it, making it the second most lethal infectious disease after COVID-19 [1,2]. An
infectious condition known as tuberculosis (TB) mostly impacts the lung parenchyma.
The word tubercle, which describes small, hard nodules that develop as the immune sys-
tem constructs a wall around the bacteria in the lungs, is the source of the term tubercu-
losis. TB is a chronic illness that frequently results in the growth of granulomas and tissue
necrosis. When someone with active TB coughs, sneezes, or speaks, TB can spread
through the air. The TB bacteria, Mycobacterium tuberculosis, is responsible for the direct
communicable disease known as tuberculosis. Although the bulk of TB germs assault the
lungs, they can also harm other body organs [3,4].

People who have positive acid-fast bacilli (AFB) tuberculosis during coughing or
sneezing are the source of tuberculosis transmission. Patients sputum droplets, which
contain microorganisms, are released into the air. Droplets containing the bacteria can
linger in the air for several hours at room temperature [5]. If someone breathes in these
droplets and gets an infection in their respiratory system. The bacteria that cause
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tuberculosis can travel from the lungs to other body parts via the circulation, respiratory
tract, or direct dissemination to other body parts after entering the human body through
respiration. The quantity of bacteria a patient's lungs release determines how contagious
they are [6]. The more positive the sputum test results, the more contagious the patient is
deemed to be. The patient is regarded as non-infectious if the results of the sputum exam-
ination are negative (no visible germs). The quantity of droplets in the air and the length
of time an individual is exposed to those droplets decide whether they infect them with
tuberculosis [7].

Governments and scientific communities worldwide have made attempts to combat
TB due to its enormous effects on public health. By strongly supporting basic and clinical
research on tuberculosis, all United Nations members have pledged to eradicate the TB
epidemic by 2030. The identification of TB biomarkers, which are crucial for diagnosis,
treatment monitoring, risk analysis, and prognosis, has been the subject of extensive re-
search [8]. Machine learning has been extensively used in biomarker development in re-
cent years. When training a model to learn from data for a specific task, machine learning
employs mathematical techniques [9]. Classification and feature selection are essential
machine learning approaches for the discovery of biomarkers. A type of supervised learn-
ing called classification involves feeding the algorithm with labeled examples, each of
which is represented by a set of features. Learning a function that can infer a sample's
label from its features is the task at hand. [10]. In our case, machine learning is used to
predict biomarkers using metabolites.

2. Results

PCA is a technique for extracting patterns from large amounts of complex data. The
entered dataset will be transformed into two datasets: one with individual weights and
one with principal component weights [12]. Figure 1 depicts graph analysis components
in the form.

Figure 1. Scree diagram of tuberculosis with controls

A scree diagram is a diagram that is used to determine the success of PCA in a
dataset. The main components will be created based on the number of possible variations.
PC1 will cover more variants than PC2 in the hierarchy. A scree diagram can assist in
determining how much variation each PC (principal component) can capture. The y-axis
represents the eigenvalues, while the x-axis represents the principal components. The
eigenvalues will show how much variation there is. The ideal curve is steep and then
sharply bends; the bend is the point of intersection, and the curve flattens. In Figure 1, the
red line represents the variance covered per component, while the green line represents
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the total variance covered by the components. The red line in figure 1 is a curved scree.
The curve will drop sharply at first, then bend since the first group is usually highly
variable. Group 2 will have less variability because it is not excessive, whereas group 3
and subsequent variations will have less variability, resulting in a flatter curve [13]. The
metabolomic tuberculosis dataset with controls can be distinguished from the scree
diagram in Figure 1. The obvious bend in the principal component 2 reflected by the red
line demonstrates this. Figure 2 shows a scatter plot that depicts the difference between
metabolomic tuberculosis and controls.

Figure 2. Scatter Plot of Tuberculosis Metabolomics Dataset with Controls

In Figure 2, there is a clear distinction between PC1 and PC2. The graph also shows
that dot separation occurs among patients with tuberculosis and control. It can be
demonstrated that there is a difference in metabolite from tuberculosis patients and
control. Prediction of these differences can be accomplished through the use of machine
learning. Commonly used machine learning techniques include SVM, random forest,
neural networks, and logistic regression. The results of machine learning prediction can
be seen in Figure 3.

Figure 3 shows that the accuracy, specificity, and sensitivity from every method. All
methods have an AUC value > 70%. AUC of 70% indicates that the data can be accurately,
specifically, and sensitively analyzed and compared. Neural network method has the best
AUC value with an AUC value of 0,994. The ROC graph supports this, with y axis
representing sensitivity and x axis representing specificity. If the sensitivity rises while
the specificity falls, the outcome will improve [14].
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Model AUC CA F1 Prec Recall MCC
0. 0. 0. 0.
SVM 989 955 955 955 0.955 0508
0. 0. 0. 0.
Random Forest 981 909 909 909 0.909 0.812
0. 0. 0. 0.
Neural Network 994 955 955 959 0.955 0.911
L ] 0. 0. 0. 0.
Logistic Regression 895 409 238 167 0.409 0.000
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Figure 3. Prediction of Machine Learning (A) Prediction of Machine Learning (B) Confussion matrix SVM (C)
Confussion matrix Random Forest (D) Confussion matrix Neural Network (E) Confussion matrix Logistic Regression
(F) ROC curve SVM (G) ROC Curve Random Forest (H) ROC Curve Neural Network (I) ROC Curve Logistic
Regression

Ind. ]. Med. Chem. Bio. 2023, 2, 1.

https://scholarhub.ui.ac.id/ijmcb/vol2/iss1/4 DOI https://doi.org/10.7454/ijmcb.v2i1.1020. E-ISSN : 2963-3818

DOI: 10.7454/ijmcb.v2i1.1020



Khair Akbar and Aulia Rahman: Metabolomic Insights into Tuberculosis: Machine Learning Approach
50f 9

According to the results of the statistical data analysis, metabolite in patients with
tuberculosis can be compared to metabolite control. Of the 69 metabolites data, 5
metabolites have the potential to be used as biomarkers for tuberculosis. The metabolite
data obtained using Orange Software was compared using MetaboAnalyst 5.0. The data
obtained using MetaboAnalyst 5.0 is the same as the data obtained from Orange Software.
Metabolites can be found in Figure 4.

Name T) AUC 1) T-tests T) log2 FC T

Figure 4. Metabolites obtained from MetaboAnalyst 5.0

Figure 4 is the result of the analysis using MetaboAnalyst 5.0. The results obtained
show a list of metabolites that can be used as biomarkers in tuberculosis. Based on
research by Ray et al (2010), the area under curve (AUC) value of 0.75 — 0.90 is classified
as good diagnostic value [15]. There are 5 metabolites obtained from Orange Software and
MetaboAnalyst 5.0 which can be used as biomarkers for tuberculosis namely 9-metyluric
acid, nicotinic acid, N-acetyl-L-leucine, trans-3-indoleacrylic acid, and 8-
Hydroxyquinoline. These 5 metabolites have an AUC value of > 0.9.

3. Discussion

Machine learning is used to determine the accuracy and specificity of data that has
been collected [16]. SVM (support vector machine) is an algorithm used to compress data
in N-dimensional space using hyperplanes [17]. Supervised learning is a subset of ma-
chine learning that includes logistic regression. In order to determine the likelihood of two
variables in a specific situation, logistic regression is widely utilized. [18]. A classification
technique called random forest looks at a dataset's several interesting points. In contrast
to opinion polls, the random forest algorithm was used to generate opinion polls. This
will have a negative impact on the outcome of the prediction. Random forest has a distinct
advantage in that it performs simulations more quickly than other algorithms and can
make decisions with high accuracy [19]. A neural network is an artificial intelligence (AI)
method that teaches computers to think like humans. The human brain, which synergizes
to create memories, inspired neural network learning. Neural networks can help solve
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complex problems with high sensitivity [20]. A confusion matrix is a table that is used to
determine a piece of data's accuracy, specificity, and sensitivity [21].

Trans-3-indoleacrylic acid is a tryptophan metabolite which is related to tuberculosis.
Trans-3- indoleacrylic acid as a biomarker for TB lies in its association with tryptophan
metabolism, which can be altered during TB infection. Tryptophan is an essential amino
acid that is metabolized through various pathways, including the kynurenine pathway.
During TB infection, there may be changes in tryptophan metabolism, resulting in the
production of metabolites like trans-3-indoleacrylic acid. The proposed mechanism is that
Moycobacterium tuberculosis, the bacteria causing TB, can induce the production of in-
doleamine 2,3-dioxygenase (IDO), an enzyme involved in tryptophan metabolism. In-
creased IDO activity can lead to alterations in the kynurenine pathway, resulting in the
accumulation of trans-3- indoleacrylic acid [22].

We are unaware of any connections between TB and the other three distinct metabo-
lites: 9- methyluric acid, N-acetyl-L-leucine, and 8-hydroxyquinoline. A methyl derivative
of uric acid called 9- methyluric acid is infrequently detected in human urine. One of the
purine elements in urinary calculi is 9-methyluracil. Methylated purines are produced
when methylxanthines like caffeine, theophylline, and theobromine are metabolized. Its
decreased blood levels were connected to the metabolic syndrome and prediabetes [23].
An acetylated derivative of leucine known as N-acetyl-L-leucine is produced by a partic-
ular N-acetyltransferase or as a result of the proteolytic breakdown of N-acetylated pro-
teins. It is employed to treat neurological disorders [24]. 8-Quinolinol is a straightforward
alkaloid with a wide range of biological effects. 8-quinolinol is thought to be one of the
most effective treatments for various neurological illnesses that are brought on by too
much ROS [25]. 8-hydroxyquinolines have been found to be bactericidal against Mycobac-
terium tuberculosis [26].

Nicotinic acid is produced in large enough quantities to serve as the foundation of
the niacin test used to distinguish M. tuberculosis from other mycobacterial species, nico-
tinic acid is known to play a significant part in oxidation reduction processes in mycobac-
terial metabolism. It is generally known that

M. tuberculosis generates nicotinic acid in a lab setting. It was discovered that tuber-
culous patient total nicotinic acid readings were noticeably greater than those of normal
persons [27].

4. Materials and Methods

4.1 Search for Metabolite Data in Metabolomic Workbench

The Metabolomic =~ Workbench can be found at
https://www.metabolomicsworkbench.org/data/DRCCMetadata.php?Mode=Pro-
ject&ProjectiD=PR001562. The keyword tuberculosis will be entered in the query section.
Following that, the appropriate data search is performed, where it can be seen in the
"view" section whether there is metabolite data or only meta data. To reduce bias, itis also
necessary to sort the species that are chosen from humans rather than test animals in the
metadata section. The time of data collection is also an important parameter to consider
because the more recent the year of publication, the more recent the technology used, re-
sulting in a renewable metabolite profile.

4.2 Biomarker Data Analysis using Orange Data Mining

The data obtained from the metabolomic workbench is in .txt. The data must be con-
verted to.xls format before it can be transferred and analyzed in orange data mining. Sam-
ple data should be organized in columns, while metabolic data should be organized in
rows. The data is then imported into the Orange software and normalized before the anal-
ysis begins. The normalized data is then ranked in order, followed by principal compo-
nent analysis (PCA). PCA visualization is accomplished through the use of scatter plots.
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PCA has several benefits in machine learning including lack of redundancy of data
given the orthogonal components, reduced complexity in images’” grouping with the use
of PCA, smaller database representation since only the trainee images are stored in the
form of their projections on a reduced basis, and reduction of noise since the maximum
variation basis is chosen and so the small variations in the background are ignored auto-
matically [11].

4.3 Machine Learning Prediction using Orange Data Mining

Machine learning is used to predict orange data that has been analyzed. Support vec-
tor machines (SVM), logistic regression, and neural algorithms are examples of machine
learning. The AUC curve and the confusion matrix are visible parameters. Data prediction
will be obtained from the machine learning algorithm by examining the sensitivity and
specificity.

4.4 Metabolite analysis using MetaboAnalyst 5.0

Metabolite data analyze  using Metaboanalyst 5.0 (https://www.metaboana-
lyst.ca/MetaboAnalyst/). The previously obtained data is inputted into the ‘biomarker
analysis’ section. Then normalization by median and ROC analysis were carried out. The
list of metabolites obtained is then interpreted.

This paper uses metabolites data from Metabolomic workbench using Project ID
PR001652 and Study ID ST002428. Metabolite data was obtained from human serum and
was characterized using MS method. The search for biomarkers of these metabolites is
intended to result in a diagnostic kit that will be used by humans in the future. As a result,
the species Homo sapiens is used to avoid data bias.

New information on the metabolic processes and cellular physiology of living things
is being gained by the use of mass spectrometry (MS) to metabolite analysis. These meth-
ods are increasingly being employed to find biomarkers and study metabolic dynamics
systematically. Untargeted metabolomic profiling enables the detection of unexpected
compounds, whereas targeted techniques are used to monitor and frequently quantify
certain metabolites of interest.

Metabolomic workbench data were then prepared for opening in the orange analysis
window. The sample must be in the column section, while the metabolites must be in the
row section, according to the data criteria. Figure 5 depicts a data processing step per-
formed with orange software.

A B
. - — - . - P 3 —~ — - i Data Data
B—@=@ =8 Q)& :
File Kontrol Data Table Kontrol Heat Map Kontrol

Data Data
)
0 = i

File TB Data Table TB Heat Map TB

Figure 5. Data processing steps in orange (A) Machine learning processing and prediction steps (B) Heatmap data
processing steps.

5. Conclusions

5 metabolites were identified as the most significant in differentiating the sample
group marked with an AUC value > 0.9, namely 9-methyluric acid, nicotinic acid, trans-3-
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indoleacrylic acid, N-acetyl- L-leucine, and 8-Hydroxyquinoline. Of the five metabolites,
some metabolites that has been studied is related to tuberculosis, namely trans-3-indole-
acrylic acid. Trans-3-indoleacrylic acid is related to indoleamine 2,3-dioxygenase activity
in tuberculosis. Nicotinic acid is produced in sufficient quantities to serve as the founda-
tion of the niacin test used to distinguish M. tuberculosis, and it is known to play a signifi-
cant role in oxidation-reduction events in mycobacterial metabolism. The results of the
analysis can be used as material for consideration in the selection of tuberculosis bi-
omarkers, but further studies are needed to obtain more accurate biomarkers and to fur-
ther examine the association of the metabolites obtained from the analysis results.
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