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Highlights
e D-sorbitol-DS, Xylitol-XYL, and mixture-DSX are widely used as food sweeteners.
e Increasing in comet tail length, intensity, and moment is an indication of DNA damage.
e ML and MCDM methods enabled a more straightforward interpretation.
o They provided a more comprehensive comparison of the genotoxic effects of sweeteners.
e Most genotoxic sweeteners are XYL, DSX, and D-Sorbitol, respectively.

Article Info Abstract

Although the genotoxic effects of food sweeteners have been studied previously, there is still a
Received:12 Dec 2024 lack of application using an integrated approach that combines statistical analysis, Machine
Accepted: 20 May 2025 Learning (ML), and Multi-Criteria Decision Methods (MCDM) in depth to reveal the DNA-

damaging potential of food sweeteners (D-Sorbitol (DS) and Xylitol (XYL)), both alone and in
combination (DSX). A dataset on comet assay observations for DNA damage (tail length, tail

Keywords intensity, and tail moment) was collected from previous studies. Kruskal-Wallis and One-Way
Comet assay ANOVA tests were used to identify significant differences in DNA damage. K-Means and
DNA damage Hierarchical Clustering lead to grouping additives of genotoxic effects, while MOORA and
Statistical analysis TOPSIS ranked toxicity levels. The findings of MCDM showed that XYL 1000 caused the
Machine learning highest DNA damage (0.726683 and 0.382296). The combination of DS and XYL (DSX MBS)
Multi-criteria decision- exhibited higher toxicity (0.715258 and 0.37281) compared to their treatments, whereas
making DSX M1 revealed the least damaging effect (0.235688 and 0.0324946). This is the first study

using this approach. These findings highlight the impact of combining ML and MCDM methods
for a more intensive genotoxicity evaluation, providing precious insights into food safety
regulations.

1. INTRODUCTION

Food additives are chemicals added to food to keep and enhance its nutrition, flavor, appearance, color, and
flexibility in the food industry [1]. One of the food additives is artificial sweeteners, which serve as a sugar
substitute, being sweeter than table sugar and with fewer calories, improving taste and pleasure in various
food products [2,3]. Sweeteners are classified as sugar alcohols (polyols), natural sweeteners, and artificial
sweeteners [4,5]. Polyols are naturally occurring carbohydrates found in small quantities in fruits and
vegetables and are obtained by replacing an aldehyde or keto group with a hydroxyl group [6,7]. Sorbitol
(E420), also known as D-Sorbitol (DS), is a six-carbon polyol that is a white and crystalline compound that
is about 40-70% as sweet as sucrose and is used in jams, chocolates, candies, biscuits, cereal bars, and soft
drinks [8-10]. Xylitol (E967) (XYL) is the most frequently used five-carbon crystalline polyol that is almost
as sweet as sucrose and is used in peppermint, chewing gum, lozenges, and other confectionery and dental
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and pharmaceutical products [2, 4, 11-13]. While artificial sweeteners are approved for consumption by the
FDA and used in many areas of daily life, there are some concerns about their side effects, especially
genotoxic effects after long-term use of such chemicals [3, 14-16]. The genotoxic effects of chemicals can
be determined using various short-term tests. One of them, the comet or single-cell gel electrophoresis
(SCGE) assay, is a versatile, sensitive, efficient, and easy to evaluate multiple DNA lesions simultaneously
by the statistical comparison of differential electrophoretic migration in various cell types [17-19]. DNA
damage is a valuable biomarker due to its role in cancer and age-related diseases such as cardiovascular,
diabetes, Alzheimer's, and Parkinson’s disease [20-23].

This article describes the development of a novel predictive model for evaluating the genotoxicity of food
sweeteners using MCDM methods, MOORA and TOPSIS, and ML approaches. Factors such as variations
in assessments applied across studies, differences in treatment ways and cell types, and chemicals produced
make it difficult for scientists to analyze and effectively compare the toxicities of chemicals. On the other
hand, computational approaches for predicting genotoxicity based on chemical structures and properties
are recognized as an alternative to experimental analysis [24]. Therefore, machine learning (ML) techniques
are applied as a powerful tool for predicting toxicity based on available data.

In the literature, no study "evaluating" the genotoxicity of food sweeteners using machine learning
techniques as we applied in our model. This diversity highlights the novelty and originality of this study.
However, there are some investigations for "prediction" of cellular responses and genotoxic effects,
specifically for nanoparticles, using various ML techniques because conventional experimental procedures
for evaluating nanoparticle toxicity are expensive and time-consuming. The training dataset used to
establish these models includes the physicochemical characteristics of nanoparticles, treatment conditions,
and cellular responses of different cell lines. In one of these publications, Sizochenko et al. [25] evaluated
the genotoxicity of 49 silicon and metal oxide nanoparticles in Ames and Comet tests using supervised
quantitative structure-activity relationship (QSAR) based on classification modeling techniques. They
verified that the in vitro Comet assay is helpful for fast screening tests, as it reproduces in vivo conditions
better than the Ames test. They also stated that the Ames test is unsuitable for fast nanoparticle
genotoxicity/mutagenicity screening. Xu et al. [26] predicted the cytotoxicity of micro- and nanoplastics
by combining machine learning with meta-analysis. The results obtained from 34 published articles on the
relationship between micro- and nanoplastics and toxicity using various cell models were evaluated using
the decision tree and decision tree ensemble method for modeling the cytotoxicity. They reported the
decision tree ensemble (DTE1) as the best prediction model. Another study applied machine learning
models, including linear regression, decision trees, neural networks, and instance-based algorithms to
predict the cytotoxicity of nanomaterials. It has provided insight into predicting the potential of
nanomaterial toxicity by developing multiple models using various machine-learning algorithms. Applying
machine learning techniques in this way holds promise for nanoscience and nanotechnology [27]. Fan et
al. [24] carried out in silico prediction of chemical genotoxicity using the classification models of six
machine learning methods involving the support vector machine (SVM), naive Bayes (NB), k-nearest
neighbor (kNN), C4.5 decision tree (DT), random forest (RF) and artificial neural network (ANN). Authors
suggested that these models might be helpful for the initial screening of potentially genotoxic compounds.
ML techniques also determined the classification of segmented comet assay images [28,29]. Atila et al.
[28] classified DNA damages of comet assay images using a convolutional neural network. Hong et al. [29]
analyzed the classification of comet segmentation using the deep learning method. They demonstrated that
the newly proposed DL-based comet assay analysis program, DeepComet, has performed excellently.
Based on such investigations, we have applied an in-depth integrated approach that combines statistical
analysis, Machine Learning (ML), and Multi-Criteria Decision Methods (MCDM) to evaluate the DNA-
damaging potential of food sweeteners.

Genotoxicity studies cause concerns due to costly and ethically questionable in vivo tests on animals and in
vitro experiments to assess their bioactivity. Experimental analysis is also generally expensive and time-
consuming. Such factors increase the importance of the detection and ranking of the toxicity potential of
chemical compounds [30]. Recently, technologies applying computational methods have become
increasingly crucial in various scientific areas. Applying machine learning (ML) to evaluate DNA damage
by ML [31,32] may represent an empirical approach in genotoxicity studies using the comet assay. ML is
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a set of techniques recognized as a subset of artificial intelligence (Al) that enables fast and correct
conclusions for new and diverse situations by learning from the data calculated in a specific area. ML
applications have been used in many scientific fields, including cancer, genetic toxicology, and image
processing [24,31,32]. Machine learning techniques have become increasingly critical in predicting the
genotoxicity of compounds, as they can handle large datasets with complex, non-linear relationships.
Algorithms such as Support Vector Machines (SVM), Random Forests (RF), and k-nearest Neighbors (k-
NN) have demonstrated strong performance in predicting DNA damage induced by chemicals. A study
employing ML models found that SVM and RF achieved 80-90% accuracy rates in classifying genotoxic
and non-genotoxic compounds, offering a more scalable and precise alternative to traditional methods
[33,34]. Additionally, Multi-Criteria Decision-Making (MCDM) methods such as MOORA and TOPSIS
are increasingly being integrated into genotoxicity studies to rank and compare the effects of different
substances based on multiple criteria. These approaches allow for considering several factors
simultaneously, providing a more holistic evaluation of a compound's genotoxicity. While the application
of MCDM in this field remains limited, studies suggest that it could significantly improve decision-making
by providing more explicit guidance on the relative risks associated with various substances [35,36].

All the DNA damages determined by comet assay parameters, tail length (um), tail intensity (DNA%), and
tail moments have a numerical value to perform quantitative methods like statistical analysis to compare
groups whether they are statistically significant, ML for clustering and multi-criteria decision making
(MCDM) for ranking. Therefore, this study aimed to apply three different approaches, statistical analysis,
ML, and MCDM, to reveal and evaluate the genotoxic potential of two food sweeteners, one by one, and
their combination when used as a mix. In this study, genotoxic effects of DS, XYL, and DS+XYL (Mix,
DSX) determined by the comet assay carried out in our laboratory were evaluated using Kruskall Wallis,
One-Way ANOVA, K-Means and Hierarchical Clustering and MCDM Methods, including MOORA (The
Multi-Objective Optimization Ratio Analysis) and TOPSIS (Technique for Order Preference by Similarity
to Ideal Solution). While standard comet assay evaluates damages in terms of DNA tail length (um), tail
intensity (DNA%), and tail moment, individually, for each test chemical or their mixture, the methods used
in the present study evaluated DNA damages using all of these three parameters in a single application and
in a shorter of time. Moreover, six techniques were applied to compare the results obtained from the
experimental and control groups in the present study over the standard comet assay, where only one
statistical analysis (z-test) was used. Therefore, the innovative aspect of this study is to be the first
investigation in which the genotoxic effects of sweeteners administered both alone and in combination to
human lymphocytes were evaluated using various statistical analyses, ML approaches, and MCDM
methods that grouped and ranked all the treatments instead of traditional statistical methods.

2. MATERIAL AND METHODS
2.1. Application of Alkaline Comet Assay

The comet assay introduced by Singh et al. [37] was applied with some modifications [38,39]. Avuloglu-
Yilmaz et al. [4] and Gunes [40] give details of the experimental studies. Both studies were carried out with
the permission of the Gazi University Clinical Research Ethics Committee (11.06.2018/452 and
04.04.2022-261 / 05.12.2022-886, respectively). Isolated lymphocytes were treated with various
concentrations of food sweeteners for one hour at 37°C. A positive (100 uM hydrogen peroxide-H,0,) and
a negative control (distilled water) were also run (Table 1). For each concentration, 200 randomly selected
cells (comets) were analyzed in terms of tail length (um), tail intensity, and tail moment using a specialized
image analysis system (Comet Assay IV, Perceptive Instruments Ltd., UK) [41,42].

2.2. Data Obtaining

The raw data used in this study were obtained during experiments carried out by previous publications in
our laboratory. In these experiments, two different sweeteners [(D-Sorbitol (DS) and Xylitol (XYL)] and
their mixture (DSX) [4, 40] were used. The data were obtained from 200 cells from 2 different donors (100
per person). While five and four different concentrations were used for DS and XYL, respectively, eight
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various combinations were applied for DSX. In addition, each treatment had a positive and a negative
control group. Table 1 shows the concentrations and abbreviations used in this study.

Table 1. Sweeteners, abbreviations, concentrations, and number of observations used for analysis

# of observations for comet
tail length, tail intensity, and
Sweeteners | Concentration (ug/mL) Abbreviations | tail moment (200 for each)
Negative Control DS C 200
Positive control
(H,0-100 mM) DS_C+ 200
D Sorbitol  62.5 DS 62.5 200
(DS) 125 DS 125 200
250 DS 250 200
500 DS 500 200
1000 DS 1000 200
Negative Control XYL C 200
Positive control
xylitol (H202-100 mM) XYL_C+ 200
(XYL) 125 XYL 125 200
250 XYL 250 200
500 XYL 500 200
1000 XYL 1000 200
D-Sorbitol + Xylitol
(volume) (volume)
Negative Control DSX C 200
Positive control
(H20,-100 mM) DSX_C+ 200
Mixture 500 (1) 500 (1) DSX M1 200
™) 500 (1) 1000 (1) DSX M2 200
1000 (1) 500 (1) DSX M3 200
1000 (1) 1000 (1) DSX M4 200
500 (3) 500 (1) DSX M5 200
500 (3) 1000 (1) DSX M6 200
1000 (3) 500 (1) DSX M7 200
1000 (3) 1000 (1) DSX M8 200
# of tail length 4600
# of tail intensity 4600
# of tail moment 4600
In total 13800

2.3. Methodology

This section consists of three subsections. The first subsection involves the application of statistical
methods, the second subsection focuses on applying ML methods, and the final subsection applies the
MCDM methods. Kruskal Wallis and One-Way ANOVA tests were used in this study to identify
differences among food additives and reveal the DNA damage in cells induced by food sweeteners. K-
means and hierarchical clustering, two ML methods, were employed to cluster the food sweeteners
according to cell DNA damage and their similarities and dissimilarities. Finally, two different MCDM
methods, MOORA and TOPSIS, were applied to rank and compare food sweeteners according to their
hazardous effects on cell DNA. Figure 1 summarizes the processes carried out in this study as follows.
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Figure 1. Workflow for evaluating the genotoxic potential of food additives using statistical analysis, ML,
and MCDM methods

2.3.1. Kruskal Wallis and One-Way ANOVA

Since normality and equal variance assumptions were not met, the Kruskal-Wallis test was used to compare
comet tail length, tail intensity, and tail moment across groups. One-way ANOV A was conducted to analyze
these differences further, revealing significant variation in mean scores for tail length, tail intensity, and tail
moment across food additive groups. IBM SPSS Statistics (Version 25) was used to perform analysis for
Kruskal Wallis and One-Way ANOVA.

2.3.2. K-Means and hierarchical clustering

K-means and hierarchical clustering are widely used, and popular ML methods are briefly explained below.
The preferred approaches used for each method are detailed below. The programming language and its
packages used to implement these methods are discussed thereafter. Both methods are unsupervised
clustering methods in ML. This study applied K-means and hierarchical clustering to cluster sweeteners
according to their effects on cell DNA. The difference between the two methods can be explained as
follows. Although K-means clustering is one of the most preferred techniques in ML since it is a
straightforward and fast algorithm, it requires pre-specifying the K as the number of clusters. The
hierarchical clustering approach does not need to define the number of clusters, and it uses tree-based
illustrations to represent cluster results, called the dendrogram of the members.

K-means clusters groups into K groups. “K” represents the number of clusters the user must define the “K”
in this method. Similar members form the same cluster; dissimilar members create dissimilar clusters. The
main idea behind forming clusters is to minimize the total variation within a cluster. Each cluster is
represented by its centroid, corresponding to the mean number of members. The initial K-means clustering
step involves setting a specific number of clusters, known as K. The second step involves randomly
selecting K members to serve as the initial centers for the clusters. These members are called cluster means
or centroids. In the third step, each member is assigned to the nearest centroids according to the Euclidean
distance between the centroids. Step four: Calculating new cluster centers: The new cluster centroids are



1485 Fatma UNAL et al. / GU J Sci 38(3): 1480-1501 (2025)

calculated using all the members. Steps 3 and 4 repeat iteratively to minimize the total within the sum of
square distance till the assignment to a cluster stop changes or the defined number of iterations is met [43].

Two methods, agglomerative and divisive, exist in hierarchical clustering. Agglomerative clustering starts
with each observation as its cluster, while divisive clustering works the opposite way, with each observation
initially grouped into a single cluster. In agglomerative clustering, each observation is considered a separate
cluster in the first place. Two clusters with similar structures are combined into a single cluster. The process
is repeated until all observation values are brought together in a single cluster until all observation values
form a single cluster. Unlike agglomerative clustering, analysis in divisive clustering, all observation values
are initially considered as a single cluster in one. Observation values with different structures are divided
into two clusters, forming two new clusters. The division continues until each observation value is
represented by its cluster [44].

In this study, agglomerative hierarchical clustering methods were used. Euclidean or Manhattan distance is
commonly employed to quantify the similarity or dissimilarity of observations. This study applied
Euclidean distance to assess the dissimilarity between each pair of observations. Different linkage methods
include complete, single, average, centroid, and ward.

Two clustering methods, K-means, and hierarchical clustering, were coded in R Programming language by
using the help of stats [45], cluster [46], factoextra [47], gridextra [48], circlize [49], and ggplot2 [S0] R
Packages.

2.3.3. TOPSIS and MOORA MCDM methods

This section briefly explains the concept of MCDM, its purpose, and application areas, followed by a
detailed discussion of the TOPSIS and MOORA methods. The MCDM process involves considering
multiple criteria when selecting or ranking the best alternatives. Due to its wide range of tools and methods
can be used in various fields, such as healthcare, finance, and engineering. Therefore, MCDM is essential
for decision-makers to evaluate and select the best alternatives or rank them. MOORA and TOPSIS
methods, as the most preferred MCDM method in literature, were chosen in this study to organize and
compare food sweeteners according to their hazardous effects on cell DNA [51,52].

The MOORA method declared by Brauers and Zavadskas in 2006 (Multi-Objective Optimization Using
Ratio Analysis) [53] is applied when the information for each criterion (length, intensity, and moment) for
alternatives is obtained and combined to form a decision matrix. A sample decision matrix (D) for this
problem with » criteria and m alternatives is shown below in Equation (1)

rdy1 dyz o dy din
dyy di de dan
D= : : : :
dll diZ dl] dm ( )
_dml dmZ dmj dmn'mxn

The criteria weights are denoted as W vectors with a sum of 1, as given in Equation (2) below
W=[wy wp - w; - Wplixn. (2)

To normalize the decision matrix above, Equation (3) was used. F = [fij]mxn’ stands for normalized

decision matrix

fij = —T’;ld%,. . 3)
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All values of the normalized decision matrix are weighted by multiplying them by the importance weight

of each criterion. W = [W] is the weight vector of the criteria, and R = [ri-] is the weighted
Jixn Jlmxn

decision matrix; the formula used to calculate the value of; r;; is given in Equation (4) below. In this study,
each criterion (length, intensity, and moment) was weighted equally at 33.333%

ri = fijw; . “4)

A reference point () was obtained from the values in the decision matrix of the problem to determine the
reference point. This reference point is the solution derived from the best results for each criterion not
included in the issue. When performing solutions according to the MOORA method, the values of the
alternatives are evaluated based on their differences with this reference point. Equation (5) below is given
for the case where all criteria are positive

{r]- |1 = mlax(r,-]-) for Vj} . (5)

d;, was used to calculate relative values for the reference point shown in Equation (6) below to represent
the maximum difference of each alternative concerning the reference point for the final rankings

d; = m]_ax(r]- - ri]-) . (6)

In the final rankings to be carried out after the maximum difference values are obtained for each alternative,
the alternative with the lowest maximum difference is determined as the most ideal alternative. The
alternative with the most considerable maximum difference from the reference point is identified as the last
alternative to be preferred. For all rankings, the final difference values of the alternatives are ranked from
most significant to most minor.

In 1981, the TOPSIS method was presented by Hwang and Yoon [54]. As part of this method, alternatives
are ranked according to their distance from ideal and non-ideal solutions. The theory behind the technique
states that the farther an alternative is from the non-ideal solution, the closer it is to the perfect solution.
The distances between two points are calculated using Euclidean distance calculations.

The first four steps are the same as those used in the MOORA method. In the fifth stage, one ideal solution
(4") and one non-ideal solution (4°) are obtained from the values in the decision matrix of the problem.
These solutions are derived from the best and worst results for each criterion, which are not included in the
issue. The TOPSIS method evaluates alternatives based on their distance from these values. Equations (7)
and (8) below are given for the case where all criteria are positive

AT = {a]fr |af = ml,'a\x(rl-j) for vj} (7)
A™ = {a]-‘ laj = miin(ri]-) for vj} . (8)

Each alternative’s distance to the ideal and non-ideal solutions will be calculated in this stage. In the
TOPSIS method, utilizing Euclidean distances for distance calculation, S;" is the distance of criterion i to
the ideal solution, and S; is the distance of criterion i to the non-ideal solution, as shown in Equations (9)
and (10), respectively. Since one result is produced for each alternative, the sets S;” and S; will be vectors
of size m alternatives

)

(10)
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The method calculates the relative closeness values (C;") of the alternatives for the final evaluations as
follows in Equation (11), based on the logic that the alternative that is furthest from the non-ideal solution
is the alternative that is closer to the ideal solution

Si.
i = St+sy” D

Since the relative closeness value for each alternative is calculated according to its distance from the non-
ideal solution, the alternative with the most significant relative closeness value is the ideal alternative. All
alternatives are ranked in descending order to evaluate the other alternatives in the problem. The alternative
with the smallest C;" value can be characterized as the last alternative to be preferred since it is the closest
to the non-ideal solution.

Two different algorithms were developed in MATLAB to apply the TOPSIS and MOORA methods [55].
3. ANALYSIS AND FINDINGS

The data for each tail length, intensity, and moment were analyzed and summarized in Table 2. Table 3
provides descriptive statistics for tail length, intensity, and moment. The mean values show that the average
tail length is 39.51, the average intensity is 9.18, and the average moment is 2.1, with considerable variation
observed across the dataset. The maximum values suggest that certain sweeteners have significantly higher
effects when compared to other ones. Higher correlations among all these comet parameters are given in
Table 4. The length and moment are moderately correlated (38.4%), while length and intensity (19.6%), as
well as intensity and moment (27.1%), show weaker correlations. This suggests that while these metrics are
somewhat related, they capture different aspects of DNA damage. Lastly, Table 5 shows the correlations
after excluding negative and positive control groups. According to Table 5, the correlations increased
substantially, particularly between tail intensity and moment, with a correlation of 96.5%. In addition to
that, the tail length and moment correlation was 68.4%. This suggests that sweeteners exhibit a more
consistent relationship between these variables when negative and positive control groups are excluded.
Our findings show that distinct characteristics of tail length, intensity, and moment influence overall
correlation patterns.

Table 2. Comet tail length, tail intensity, and tail Table 3. Descriptive statistics for averages of tail

moment averages length, tail intensity, and tail moment
sweeteners length  intensity moment length  intensity moment

DSX C 17.960 3.132 0.598 Min. 17.960 3.132 0.598

DSX C+ 43.090 15324 3.172 Ist Qu. 24910 5.463 1.112

DSX M1 18.345 3.947 0.816 Median 34.520 9.308 1.997

DSX M2 18.615 4.071 0.956 Mean  39.510 9.179 2.099

DSX M3 19.245 5.537 1.268 3rd Qu. 48.310 12.025 2.499

DSX M4 24915 9.075 1.972 Max 132.390 15.323  6.656

DSX M5 33.400 10.188 1.997

DSX M6 34.520 10.668 2.176 Table 4. Correlations between tail length, tail
DSX M7 38.610 12.067 2.381 intensity, and tail moment

DSX M8 40.040 13315 2.973 length intensity moment

DS 1000 40.515 10.841 2.617 length 1 19.6%  38.4%

DS_IZS 26.250 5.389 0.957 intensity 19.6% 1 27.1%

DS 250 27.680 8.901 1.854 moment 38.4% 27.1% 1

DS 500 27.820 12.067 2.381

DS_62.5 24915 4.500 0.914 Table 5. Correlations when DS C, DSX C,
DS C 19.245 4.071  0.598 XYL C, DS C+, DSX C+, and XYL C+
DS C+ 42425 14.636 3.092 excluded

XYL 1000 60.010 11.983 2.379
XYL 125 53.535 8.440 1.872
XYL 250 53.905 9.308 2.212

length intensity moment
length 1 62.7%  68.4%
intensity 62.7% 1 96.5%
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XYL 500 55.880 10.932 2.725 moment 68.4% 96.5% 1
XYL C 55.310 8.017 1.708
XYL C+ 132390 14.711 6.656

The histogram of comet assay data is given in Figure 2. In this figure, the distributions of the DNA damage
values for three features are right-skewed. Most data accumulated at lower values, while larger values are
less frequent.

Histogram of length Histogram of intensity Histogram of moment

2000 1

1500
800

count

o
count
count

10004

400

5004

0 100 200 300 400 0 25 50 75 100 0 20 40 60
length intensity moment

Figure 2. Histogram of comet tail length, tail intensity, and tail moment

Table 2 was visually represented in Figure 3 for comet tail length, tail intensity, and tail moment according
to their average values. In addition to these results, line graphs stand for negative and positive control
groups and individual and mixed sweeteners, according to their magnitudes on cell DNA damage. In Figure
3, DS 500, DS 1000, DSX M7, and DSX M8 ug/mL exhibited more extensive DNA damage than other
sweetener concentrations for comet tail intensity. Additionally, DS 500, DS 1000, DSX M8, and
XYL 500 pg/mL showed more significant DNA damage over the others for comet tail moment.
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Figure 3. Comet tail length, tail intensity, and tail moment line graph for sweeteners and mixed,
including negative and positive control groups

Figure 4 presents the separation references for sweeteners. Among the 23 applications, 10 exceeded the
average tail length of 39.51, 12 surpassed the average tail intensity of 9.18, and 11 were above the average
tail moment of 2.1. The features that exceed the average in length, intensity, and moment were identified
separately. Among these features, the following were found to be shared across all three categories:
DSX C+, DSX MS, DS 1000, DS _C+, XYL 1000, XYL 250, XYL 500, and XYL C+. Additionally,
some features were found to be unique to specific metrics. XYL C and XYL 125 appeared exclusively in
the length category, while DSX M5 was unique to intensity. Notably, no features were uniquely above
average, indicating a substantial overlap between the moment and other categories.
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Figure 4. Below or above averages for sweeteners/mixed and negative and positive control groups
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When the Kruskal-Wallis test was applied, the test results showed statistically significant differences among
the groups, rejecting the null hypothesis (Table 6). After a significant difference between groups was
revealed, a One-Way ANOVA test was performed thereafter.

Table 6. Kruskal-Wallis test results
Test Statistics®?

length intensity moment
Kruskal-Wallis H 2960.511 455.787  670.883
df 22 22 22
Asymp. Sig. .000 .000 .000

a. Kruskal Wallis Test
b. Grouping Variable: content

One-way ANOVA was conducted to further analyze these differences, revealing significant variation in
mean scores for tail length, tail intensity, and tail moment across food additive groups (Table 7).

Table 7. One-way ANOVA test results

ANOVA
Sum of Squares df Mean Square F Sig.
length Between Groups ~ 2620577.205 22 119117.146 219.682 .000
Within Groups 2481764.670 4577 542.225
Total 5102341.875 4599
intensity ~ Between Groups ~ 63306.270 22 2877.558 13.935 .000
Within Groups 945148.055 4577 206.499
Total 1008454.325 4599
moment  Between Groups 7148.377 22 324.926 14.972 .000
Within Groups 99329.686 4577 21.702
Total 106478.063 4599

Pairwise comparisons were performed to compare treatment groups with control groups, and the results
were summarized in multiple comparison tables (Table 8), with significant differences highlighted in bold.

Table 8. Comparison table for control groups vs. sweeteners/mixed

length intensity moment
DS_C XYL_C DSX C DS_C XYL_C DSX C DS_C XYL_C DSX C
DSX _C DSX C* DSX Ml DSX C DSX C* DSX Ml DSX C DSX C* DSX Ml
DSX Ml DSX M1* DSX M2 DSX Ml DSX M1* DSX M2 DSX M1 DSX M1 DSX M2
DSX M2  DSX M2* DSX M3 DSX M2 DSX M2* DSX M3 DSX M2 DSX M2 DSX M3
DSX M3  DSX M3* DSX M4* DSX_ M3 DSX M3  DSX M4* DSX M3 DSX M3 DSX M4
DSX M4* DSX M4* DSX M5* DSX M4* DSX M4 DSX M5* DSX M4 DSX M4 DSX M5
DSX M5*% DSX M5* DSX M6* DSX M5* DSX M5 DSX Mé6* DSX M5* DSX M5 DSX Mé6*
DSX Mé6* DSX M6* DSX M7* DSX M6* DSX M6 DSX M7* DSX M6* DSX M6 DSX M7*
DSX M7*% DSX M7* DSX M8* DSX M7* DSX M7 DSX M8* DSX M7* DSX M7 DSX M8*
DSX M8* DSX M8* DSX C+* DSX M8* DSX M8 DSX C+* DSX M8* DSX M8 DSX C+*
DSX C+* DSX C+* DS C DSX C+* DSX C+* DS C DSX C+* DSX C+ DS C
DS _62.5% DS _C* DS_62.5* DS _62.5 DS _c* DS _62.5 DS 62.5 DS C* DS 62.5
DS 125* DS 62.5% DS 125* DS 125 DS _62.5% DS _125* DS 125 DS 625 DS 125
DS 250* DS 125* DS 250* DS 250* DS 125 DS _250* DS 250* DS 125% DS 250%
DS _500* DS 250* DS 500* DS _500* DS 250 DS _500* DS _500* DS _250 DS _500*
DS _1000* DS _500%* DS 1000* DS _1000* DS _500 DS _1000* DS _1000* DS_500 DS _1000*
DS _C+* DS 1000%* DS _C+* DS _C+* DS 1000 DS C+* DS C+* DS 1000 DS C+*
XYL C* DS Cc+* XYL C* XYL _C* DS _C+ XYL C* XYL C* DS C+* XYL C*
XYL 125% XYL 125 XYL 125* XYL 125% XYL 125 XYL 125* XYL 125% XYL 125 XYL 125*
XYL 250% XYL 250 XYL 250% XYL 250% XYL 250 XYL 250% XYL 250% XYL 250 XYL 250*
XYL _500% XYL 500 XYL 500* XYL 500% XYL 500 XYL 500% XYL _500% XYL 500 XYL 500%
XYL _1000* XYL 1000 XYL 1000* XYL _1000* XYL 1000 XYL 1000* XYL 1000%*XYL 1000 XYL 1000*

XYL C+* XYL C+* XYL C+* XYL C+* XYL C+* XYL C+* XYL C+* XYL C+* XYL C+*
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Following the statistical analysis, clustering methods were applied to further explore patterns and
relationships among the food sweeteners based on their impact on DNA damage. Clustering methods
mainly depend on the similarities or dissimilarities between the observations. Heating maps were given in
Figure 5 for four scenarios. Although it is apparent that the heating map for excluding negative and positive
control groups is much more appropriate for clustering, we aimed to cluster sweeteners with negative and
positive control groups included. The dark level of the blue states the dissimilarities and soft colors signify
fair similarities. DSX M1, DSX M2, DSX M3, DS 62.5, DS 125, DS C, and DSX C are similar in
creating soft colors (red) When negative and positive control groups were included (Figure 5.a). When
negative control was excluded, DSX M1, DSX M2, DSX M3, DS 62.5, DS 125, and DS _C" were
similar (Figure 5.b). DSX M1, DSX M2, DSX M3, DS 62.5, DS 125, DS C, and DSX C were similar
when the positive control was excluded (Figure 5.c). When negative and positive control groups were
excluded, DSX M4, DSX M5, DSX M6, DS 250, and DS 500 were similar in creating soft colors (red).
Moreover, DSX M1, DSX M2, DSX M3, DS 65.5 and DS 125 were similar. DSX M7, DSX MBS,
DS 1000, XYL 125, XYL 250, XYL 500, and XYL 1000 were similar when negative and positive
control groups were excluded (Figure 5.d).
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Figure 5. Heating maps for groups

Although to determine the optimal number of clusters (K), such as the Elbow Method and Silhouette Score
are commonly used, all clustering visualizations from K=2 to 7 have been provided to offer a more detailed
view of the clustering results. This approach allows readers to observe how sweeteners form the cluster
with different values of K, facilitating a more comprehensive understanding of the clustering. Different K
parameters were defined, and K-means clustering was performed to reveal forming clusters 2 to 7, which
are given in Figures 6 and 7. XYL C+ formed a discrete cluster for all the K parameters except for 2.



1492 Fatma UNAL et al. / GU J Sci 38(3): 1480-1501 (2025)

Dim2 (13.5%)

Dt (84.8%) Dim? (84 8%) i Dim? (84.8%)

Figure 6. Two to four clusters for groups

When K = 6 considered, DSX C, DSX M1, DSX M2, DSX M3, DS 125, DS 62.5, and DS _C formed
cluster 1, XYL 500 and XYL 1000 formed cluster 2, DS C+, DSX C+, and DSX M8 formed cluster 3,
XYL C, XYL 125,and XYL 250 formed cluster 4, DSX M4, DSX M5, DSX M6, DSX M7, DS 1000,
DS 250, and DS _500 formed cluster 5. Finally, XYL C+ formed cluster 6 since all the observations for
comet tail length, tail intensity, and tail moment were higher than in other groups for XYL C+. Since
cluster numbers are expressed by a different label number each time the algorithm is run, one can expect
that there will be different cluster number labels in the figures below (Figure 7). To sum up, similar
observations form a cluster; on the other hand, dissimilar ones form a different cluster.

chuster

Dim2 (13.5%)

Dim1 (34.8%) Dim1 (84.8%) ) Dim1 (84.8%)

Figure 7. Five to seven clusters for groups

We calculated the agglomerative coefficients to discern the robustness of each clustering method discussed.
Since values closer to 1 suggest robust clustering, average: 90.96%, single: 90.10%, complete: 91.82%, and
ward: 92.67% were calculated, respectively. Since the most substantial cluster structure was obtained using
the Ward method, a dendrogram plot was created using Ward's process, as shown in Figure 8.

In Figure 8, each leaf corresponds to one sweetener/mixed or control group in the circle dendrogram below.
Observations that are alike each other are combined into branches. As the height increases, the similarity
decreases. For instance, when the circle dendrogram (a) is considered, DSX M1 and DSX M2 are fused
first, indicating that these observations are similar. As with other similar observations, DS _62.5 and
DS 125 are fused secondly. In this circle dendrogram, 6 clusters were revealed by different colors in Figure
8.D.
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Figure 8. Circle dendrogram of groups according to hierarchical clustering

Cutting the dendrogram established by a hierarchical clustering algorithm at different levels allows different
clustered results without reusing the hierarchical clustering algorithm. When hierarchical clustering was
created according to six groups, it was similar to K-means results. Cluster 1 consists of DSX C, DSX M1,
DSX M2, DSX M3, DS 125,DS 62.5,DS_C. Cluster 2 consists of XYL 500 and XYL_1000. Cluster 3
consists of DS _C+, DSX C+, and DSX MS. Cluster 4 consists of XYL C, XYL 125, and XYL 250.
Cluster 5 consists of DSX M4, DSX M5, DSX M6, DSX M7, DS 1000, DS 250, and DS_500. Cluster
6 consists of XYL C+. Based on both clustering results, the mixture and DS concentrations form a larger
group and cause DNA damage at closer levels. XYL concentrations form different groups. Therefore, the
level of damage caused by XYL concentrations, especially at XYL 500 and XYL 1000 on DNA damage,
differs from others (Figure 8). In Figure 9, K-means and hierarchical clustering resulted in the same
clustering results in a more precise visual.
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Figure 9. Clustering result for K-means and hierarchical clustering

After identifying clusters of food sweeteners based on their impact on DNA damage, MCDM methods were
employed to further evaluate and rank them according to their hazardous effects. In Table 9, sweeteners,



1494 Fatma UNAL et al. / GU J Sci 38(3): 1480-1501 (2025)

negative control groups, and positive control groups were ranked with MOORA and TOPSIS techniques
by their hazardous effects in terms of tail length, tail intensity, and tail moment. Higher xylitol
concentrations (XYL 1000 pg/mL and XYL 500 pg/mL) were more genotoxic than DS and DSX at both
methods. It is also shown that XYL 1000 generated more significant DNA damage when applied alone
than when used in a mixture with sorbitol (DSX_ MS&). In contrast, DS 1000 caused less genotoxic effect
than when combined with xylitol (DSX MS8), and according to the result of this study, XYL 1000,
XYL 500, DSX M8, and DS 1000 had more toxic effects than others, respectively.

Table 9. Ranking results for sweeteners and control groups with MOORA and TOPSIS
Ranking  MOORA TOPSIS

1 XYL C+ 1476510 XYL C+  0.983557
2 DSX C+ 0.788386  DSX C+  0.415689
3 DS _C+ 0.764045 DS _C+ 0.401685
4 XYL 1000 0.726683 XYL 1000 0.382296
5 XYL 500 0.715463 XYL 500  0.378566
6 DSX M8 0715258  DSX M8  0.37281
7 DS 1000  0.634929 DS 1000  0.32004
8 DSX M7  0.631936 XYL 250 0.318267
9 XYL 250 0.628521  DSX M7  0.315253
10 DS 500  0.58319 DS 500  0.290557
11 XYL 125 0579469 XYL 125  0.285251
12 DSX M6  0.566486 XYL C  0.27818
13 XYL C 0564647  DSX M6  0.27176
14 DSX M5 0536048  DSX M5  0.250269
15 DSX M4 0472099  DSX M4  0.213446
16 DS 250  0.47085 DS 250  0.207701
17 DS 125 0313786  DSX M3  0.096431
18 DSX M3 0311821 DS 125  0.0866872
19 DS 62.5 0285389 DS 62.5  0.0649219
20 DSX M2 0251484  DSX M2  0.0466786
21 DSX M1 0235688  DSX M1  0.0324946
22 DS C 0223715 DS C 0.0262153
23 DSX C 0198149 DSXC 0

4. DISCUSSION

In the literature, no study utilizes ML algorithms and MCDM methods to cluster and rank the genotoxic
effect of food sweeteners determined by the comet assay. In this study, we collected a dataset on comet
assay to reveal and assess the genotoxic potential of two food sweeteners, DS and XYL, and their
combination (DS+XYL=DSX) when they are used as a mix via ML and MCDM methods for the first time.
ML is a subset of Al where algorithms are trained and developed to automate data-driven decision-making,.
This connection results from a multidisciplinary study between data scientists and healthcare professionals;
the principal purpose is to accelerate the identification of groups at higher risk for decision-making [56].

One of the last points to be addressed in registering any new food/feed ingredient is genotoxicity, in which
a positive result often leads to a compound being replaced by a different version or being terminated in the
development process [57,58]. Therefore, the genotoxic effects of artificial sweeteners have been evaluated
by the comet assay in various cells. In one of these studies, Findikli and Tiirkoglu [59] examined the
genotoxic potential of DS at 1.25, 2.5, and 5.0 ppm concentrations in human lymphocytes. They observed
that the tail DNA and tail moment significantly increased at 2.5 ppm. The DNA-damaging effect of
maternal sorbitol consumption in lactating Wistar rat offspring after 14 days of mother-to-offspring
exposure was determined by Cardoso et al. [8]. In vivo, the comet assay revealed that pups exposed to DS
showed a dose-dependent genotoxic response. While 0.15 mg/kg/day exhibited two-fold DNA damage over
the control group, 1.5 mg/kg/day and 150.0 mg/kg/day presented up to four and fivefold damage than the
control group [8]. In a study carried out by Metwaly et al. [60], rats were exposed to 200, 300, and 500
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pg/mL DS to estimate the genotoxic effects using the comet assay, and it was determined that DS had no
genotoxic effect on the rat lymphocytes compared to the control.

Humans may be exposed to not only one type of food sweetener but two or more types in their daily diets
and beverages. When food sweeteners are consumed together, the cumulative effect of their mixtures may
be modified via synergistic, additive, or antagonistic interactions among these components, which may alter
their genetic impacts. De Oliveira et al. [61] implemented a study in which the genotoxic effects of sodium
saccharin and sodium cyclamate sweeteners were examined alone and in combination using A. cepa
chromosome aberration and micronucleus tests. Researchers used various concentrations of sodium
saccharin, sodium cyclamate, and sodium saccharin + sodium cyclamate for 48, 72, and 168-hour exposure
periods. Higher cytotoxic and mutagenic effects were reported following the combined saccharin and
sodium cyclamate treatments compared to their single treatment. Therefore, sodium cyclamate and sodium
saccharin may have synergistic effects when they are used as a mixture. Mukhopadhyay et al. [62]
investigated the combined genotoxic potential of aspartame (ASPTM) and acesulfame-K (ASK) sweeteners
using chromosomal aberrations in mouse bone marrow cells. According to test results, various mixtures of
these two sweeteners are weakly clastogenic, but neither damaged cells nor chromosomal aberrations per
cell were not significantly differed. These studies reveal that it is essential to determine the combined
genotoxic effects of chemicals on human health. It is therefore recommended that the use of sweeteners,
both alone and in combination, should be evaluated with further testing systems to understand their
mechanisms of action.

In our previous study, four various concentrations of XYL (125, 250, 500, and 1000 pg/mL) were also
examined in human lymphocytes in vitro by different genotoxicity assays, including comet [4]. The results
revealed that XYL at high concentrations may be mutagenic. Concentrations of 500 and 1000 pg/mL
significantly increased DNA damage in isolated lymphocytes compared to the negative control. According
to the data previously obtained by Gunes [40], DS significantly increased DNA damage between 62.50
pg/mL and 1000 pg/mL for comet tail length and tail intensity, and at 250 pg/mL, 500 pg/mL and 1000
ug/mL for tail moment. DNA damage also significantly increased at the combined treatment of DS+XYL
at DSX M4, DSX M5, DSX M6, DSX M7, and DSX MBS in terms of all three comet parameters [40].
The data obtained from Gunes [40] and Avuloglu-Yilmaz et al. [4] were used for statistical analysis, ML-
based clustering, and MCDM ranking methods for the recent study. These findings suggest that
computational approaches can provide a clear insight into genotoxicity assessment by combining all the
parameters determined in the comet assay. XYL 1000 consistently emerged as the most hazardous across
all methodologies. The combination of DS and XYL (DSX_ M&) exhibited increased toxicity compared to
individual sweeteners. ML and MCDM methods proved to be highly effective in distinguishing genotoxic
effects.

The mean values (Table 2) of previously examined data used to make descriptive statistics for averages
(Table 3) and correlations among all comet parameters (Table 4) were the initial steps of this study. When
all the treatment and control groups were compared, the most correlation was found between tail length and
tail moment. On the other hand, if control groups were excluded, the most correlated parameters were tail
intensity and tail moment since the control groups mostly led to an increase in the formation of DNA
migration in the tail length, while the sweetener treatment groups caused a rise in tail intensity. The
difference might result from the positive control groups (H.0O;) forming oxidative stress by generating
hydroxyl-free radicals (OH") that attack the DNA backbone and form single-strand breaks [63].

This study presented a statistically significant difference in the DNA damaging effect between the food
sweeteners and control groups (Tables 6 and 7). Pairwise comparisons revealed the differences between the
DS C, XYL _C, and DSX C groups and food sweeteners (Table 8). In addition to that, food sweeteners
with similar effects have been identified using clustering methods. XYL C+ formed a cluster by itself,
which shows the dissimilarity from the other groups (Figures 6 and 7). Also, to rank food additives in terms
of their effects on tail length, tail intensity, and tail moment, MOORA and TOPSIS methods were used
together, and the three most DNA-damaging food sweetener treatments were identified as XYL 1000,
XYL 500, and DSX MB&, respectively, when negative and positive control groups were excluded (Table
9). The results determined in this MCDM study coincided with the previous one, indicating that XYL 1000
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and XYL 500 were ranked first and second highest in the DNA damage ranking of all three comet
parameters. Similarly, another computational method, molecular docking, revealed that XYL had a high
affinity for the DNA structure and crucial proteins (p53, ATM), corroborating their genotoxic potential
[64].

MCDM methods provide crucial tools to rank and select the most appropriate among multiple alternatives
[65]. Compared to other MCDM methods, the MOORA is known to have a high level of reliability [66,67].
The TOPSIS is another prevalent MCDM method [68]. No study using MCDM methods was found when
this type of genotoxicity study was carried out. This study differs from genotoxicity studies in terms of the
technique it uses. In this regard, this investigation will contribute to developing and increasing the existing
literature. On the other hand, similar results in both methods show that experimental methods and multiple
decision-making methods support each other.

In conclusion, this study is the first to assess previously determined comet values obtained in our laboratory
to compare and rank various concentrations of two single food sweeteners and their mixture, and negative
and positive control groups using MOORA and TOPSIS techniques. This novel and combined approach
that integrates Kruskal Wallis and One-Way ANOVA methods, a novel combination of K-Means and
Hierarchical Clustering, along with MOORA and TOPSIS, can predict the level and ranking of the toxic
effect of chemicals in terms of DNA damage. This procedure allows for an innovative ranking of damaging
effects based on comet assay data, including 13800 observations. Applying in silico methods in the risk
assessment of food ingredients is rare in the food industry, possibly due to a need for more expertise in
using these tools and analyzing results determined [69,70]. This study not only ranked and grouped the
genotoxic effects of sweeteners, both alone and in combination forms, on human lymphocytes but also
demonstrated that several novel statistical analyses, ML approaches, and MCDM methods could be applied
more comprehensively in a more interpretable manner in genotoxicity studies rather than traditional
statistical methods, which are believed to be an essential contribution to the literature in multidisciplinary
studies. Integrating the Comet Assay with statistical methods (such as Kruskal-Wallis and One-Way
ANOVA) and machine learning techniques (such as K-means clustering) can significantly enhance the
robustness and interpretability of genotoxicity data. Advanced analytical approaches allow for more precise
grouping and ranking of substances based on their genotoxic effects, providing valuable insights into their
relative risks. This combined methodology may offer a more comprehensive and reliable way of assessing
genotoxicity, contributing to more informed regulatory decisions and developing safer chemical
compounds.
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