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Abstract

The accelerating production and dissemination of synthetic chemicals have intensified the
demand for scalable and ethically responsible toxicity assessment strategies. Conventional
experimental testing, particularly animal-based acute toxicity assays, is increasingly
constrained by financial cost, limited throughput, and regulatory pressure to reduce animal use.
In response, computational toxicology has gained prominence as a data-driven alternative

capable of supporting early-stage hazard screening and regulatory decision-making.

This study proposes a machine-learning-centered framework for the prediction of acute aquatic
toxicity, focusing on fish lethality endpoints quantified by some metal compounds such as Cr,
Mn, Fe, Co, Ni, CU, Zn, As, Cd and Pb in a specific region of Giilsehir, Tiirkiye with using the
fish species of Cyprinus carpio (5 male and 5 female data). By integrating molecular structure
representations, physicochemical attributes, and statistical learning algorithms, the framework
captures non-linear and high-order interactions that are poorly represented by traditional
quantitative structure—activity relationship models. Multiple supervised learning paradigms—
including ensemble tree methods, kernel-based classifiers, and neural architectures—are
examined in both regression and categorical toxicity classification contexts. Model reliability
is evaluated using stratified validation schemes, external testing, and applicability-domain
constraints to ensure transferability across chemically heterogeneous datasets obtained by us

for this study.
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The findings indicate that machine learning models provide a substantial improvement in
predictive consistency and generalization when compared with linear and semi-empirical
approaches. According to the results, 4 Machine Learning (ML) methods of Gradient Boost,
Random Forest, SVR (Radial Basis Function) and Multilayer Perceptron (MLP) were used
diversily and the highest performance metrics were obtained for Gradient Boosting method of
%96 and Random Forest method for %94, approximately. In addition, interpretability
techniques are incorporated to elucidate structurally relevant contributors to toxicity, thereby
enhancing scientific transparency and regulatory acceptability. Collectively, the results
reinforce the role of machine learning as a practical and scientifically robust component of next-
generation toxicity prediction pipelines, with direct implications for chemical prioritization and

animal-testing reduction.

Keywords: Artificial Intelligence, Machine Learning, Fish species, Acute aquatic toxicity,

Neural Network models, Ensemble Learning

1. INTRODUCTION

The extensive and continuously expanding use of chemical substances across industrial,
agricultural, pharmaceutical, and consumer sectors has intensified concerns regarding their
potential adverse impacts on environmental systems and human health [1, 2]. Each year, a vast
number of newly synthesized compounds are introduced into commercial and natural
environments, creating a critical demand for efficient, scalable, and scientifically sound toxicity
assessment strategies [3, 4]. Within aquatic ecosystems, fish are widely recognized as sensitive
and ecologically relevant indicators of chemical contamination, and acute fish toxicity has
therefore become a central endpoint in environmental hazard evaluation. The median lethal
concentration (LCso), representing the concentration at which 50% mortality is observed within
a defined exposure period, remains one of the most commonly adopted quantitative measures

for regulatory and scientific toxicological assessments [5].

Despite their long-standing acceptance, experimental toxicity tests based on live organisms
present substantial practical and ethical limitations. In vivo assays require considerable
financial resources, specialized laboratory infrastructure, and extended experimental durations,

while also raising ethical concerns related to animal welfare [6]. These constraints are further
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amplified by international initiatives advocating the principles of Replacement, Reduction, and
Refinement (3R), which encourage minimizing the use of animals in scientific research. As a
result, reliance solely on experimental testing has become increasingly incompatible with the
scale and pace of modern chemical production, necessitating the development of alternative,

non-animal-based evaluation methodologies [7].

Computational toxicology has emerged as a promising response to these challenges, offering
predictive tools that can support early-stage screening and regulatory decision-making [8].
Among computational approaches, quantitative structure—activity relationship modeling has
historically played a foundational role by linking molecular characteristics to biological effects.
However, conventional models often rely on simplified mathematical assumptions and a limited
number of predefined molecular descriptors. Such constraints restrict their applicability to
narrowly defined chemical domains and reduce their ability to generalize across structurally
diverse substances. Furthermore, toxicological responses frequently arise from complex, non-
linear interactions between multiple molecular features, a phenomenon that cannot be

adequately captured by traditional linear or additive modeling frameworks [9].

In recent years, machine learning has introduced a transformative shift in the modeling of
chemical toxicity. Unlike classical approaches, machine learning algorithms do not require
explicit assumptions regarding the functional relationship between molecular features and
toxicological outcomes. Instead, they learn predictive patterns directly from data, enabling the
modeling of high-dimensional, non-linear, and interdependent relationships. Supervised
learning techniques such as Random Forests, Support Vector Machines, gradient-boosting
algorithms, and artificial neural networks have demonstrated strong performance in both

regression-based toxicity prediction and categorical hazard classification.

An additional strength of machine learning lies in its flexibility with respect to molecular
representation. Structural fingerprints, physicochemical descriptors, and hybrid feature sets can
be integrated within a unified modeling framework, allowing toxicity to be characterized from
multiple complementary perspectives [10]. This multidimensional representation enhances
predictive accuracy while reducing sensitivity to individual descriptor selection. Nevertheless,
the increasing complexity of machine learning models has raised concerns regarding
interpretability, especially in regulatory contexts where transparency and scientific justification

are essential.
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To address these concerns, explainable artificial intelligence methodologies have been
increasingly incorporated into toxicity modeling workflows. Feature attribution techniques and
post hoc interpretation tools enable the identification of molecular patterns and substructures
that drive model predictions, thereby providing mechanistic insight alongside numerical
accuracy [11]. By linking predictive performance with chemical interpretability, explainable
machine learning approaches facilitate greater confidence in model outputs and improve their

suitability for regulatory and risk-assessment applications.

Within this context, the present study aims to develop a robust machine-learning-based
framework for predicting acute aquatic toxicity, with a specific focus on lethal effects in fish
for some metal compounds such as Cr, Mn, Fe, Co, Ni, CU, Zn, As, Cd and Pb in a specific
region of Gililsehir, Tiirkiye with using the fish species of Cyprinus carpio (5 male and 5 female
data). Multiple learning algorithms such as Gradient Boosting, Random Forest, Support Vector
Regression (SVR) and Multilayer Perceptron (MLP) are systematically evaluated to assess
their predictive performance, generalization capacity, and stability across diverse chemical
spaces. Model validation is performed using rigorous cross-validation strategies and
independent test datasets, while applicability-domain considerations are incorporated to ensure
reliable extrapolation. By combining predictive accuracy with interpretability, this work seeks
to contribute to the advancement of computational toxicology as a credible and sustainable

complement to experimental testing in contemporary chemical risk assessment.

2.MATERIAL AND METHODS

2.1. Dataset Description and Study Design

This study is designed to develop and evaluate machine learning models for predicting acute
aquatic toxicity, quantified as the median lethal concentration (LCso), using experimentally
validated data derived from the unique dataset of specific metal toxic compounds in rivers such
as Cr, Mn, Fe, Co, Ni, CU, Zn, As, Cd and Pb in a specific region of Giilsehir, Tiirkiye with
using the fish species of Cyprinus carpio (5 male and 5 female). Indeed, no ethical permission
procedures were needed and the data were ready fort he evaluation of the study. These data
collectively represent one of the most comprehensive and systematically curated sources of
aquatic toxicity data currently available, encompassing a broad chemical space and specific fish

species.
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Table 1. Specific features of the fish group

Sample no  Length Weight Sex

284 316 Female
269 287 Male
310 466 Female
276 304 Male
268 451 Female
274 302 Male
320 458 Male
270 296 Female
286 312 Female
276 308 Male

Table 2. Detailed version of the metal compound values among specific fish group (mg/L or

ug/L)

Cr Mn Fe Co Ni Cu Zn As Cd Pb
863,025 356,792 4311,373 61,328 1403,8 1705,877 12308,749 323,748 43,347 23,711
997,701 680,932 19658,463 51,144 1392,951 1218,792 20643,179 0 0 0

63,098 492,612 3655,379 0 247,98 592,851 2689,568 226,822 0 0
49,376 336,538 20001,385 0 356,435 534,664 9016,219 313,629 0 0
124,145 334,421 19718,761 0 282,686 447,096 5565,726 246,661 0 0
250,025 400,358 1989,856 10,358 265,387 450,321 2897,123 205,021 23,251 18,321
96,852 385,152 2812,341 0 312,547 598,987 5036,897 262,802 11,615 15,523
70,598 532,096 2052,787 28,687 302,154 498,856 7957,856 196,954 10,951 10,328
451,757 359,321 3952,123 0 255,965 498,685 4562,021 253,854 0 0

189,365 339,785 2263,958 8,965 297,898 501,021 6025,345 295,785 16,354 17,528

Only entries corresponding to acute mortality endpoints were considered in this work.
Compounds with ambiguous experimental conditions, missing concentration units, or
conflicting LCso values were excluded to maintain data integrity. When multiple measurements
were available for a single compound under equivalent conditions, median values were used to

minimize experimental variability [12].

2.2. Data Harmonization and Preprocessing

Given the heterogeneous nature of toxicity data reported across different experimental studies,
a rigorous harmonization procedure was applied prior to model development. LCso values
reported in mass-based units (mg/L or ug/L) were converted to molar concentrations using
molecular weight information to ensure physicochemical consistency. To reduce skewness and
heteroscedasticity in the response variable, LCso values were transformed using a base-10

logarithm in Equ. (1):
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y=logi0o(LCs50) (1

This transformation improves numerical stability and facilitates learning across several orders

of magnitude in toxicity.

To prevent data leakage, dataset splitting was performed using a scaffold-based partitioning
strategy, in which compounds sharing the same core molecular scaffolds were assigned
exclusively to either training or test sets [ 13, 14]. This approach enforces chemical dissimilarity

between subsets and provides a more realistic evaluation of model generalization.
2.3. Molecular Representation and Features

Each chemical compound was encoded using a hybrid molecular representation, combining

complementary sources of structural information:

e Physicochemical descriptors (molecular weight, octanol-water partition coefficient,
polar surface area)
o Topological descriptors capturing molecular connectivity

o Structural fingerprints representing the presence or frequency of specific substructures

Prior to modeling, features exhibiting near-zero variance were removed. Highly correlated
descriptors were identified using Pearson correlation analysis, and redundant features were
filtered to improve numerical stability and reduce model complexity [15]. Feature scaling was

applied where required, particularly for kernel-based and neural-network models.

Table 3. Summary of molecular feature categories used for LCso prediction.

Feature Type Information Captured Role in Modeling

Physicochemical Global properties Toxicokinetic relevance
Topological Structural connectivity Mechanistic patterns
Fingerprints Local substructures  Toxicophore detection
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2.4. Machine Learning Methods of the Study
2.4.1. Tree-Based Ensemble Learning

2.4.1.1. Random forest regression

Random Forest (RF) regression was employed as a baseline ensemble method due to its
robustness and interpretability. RF constructs an ensemble of decision trees using bootstrap
sampling and random feature selection at each split [16]. The final prediction is computed as

the mean output of all trees as given in Equ. (2);
§=UT X 1" fix) 2

where T is the number of trees and ft denotes the prediction of the t-th tree.

RF models are particularly suitable for toxicity prediction because they effectively capture
nonlinear relationships while remaining resistant to overfitting in high-dimensional descriptor

spaces [17].
2.4.1.2. Gradient boosting machines

Gradient Boosting Machines (GBMs) were implemented to further enhance predictive
accuracy. In this framework, weak learners are added sequentially, each minimizing the residual

error of the ensemble. The model update rule is given by Equ. (3);

Fin(x) = Fne1(x) + 17 * hin(x) 3)

where hm(x) is the newly added weak learner and m is the learning rate controlling the

contribution of each learner.

GBMs are particularly effective in modeling subtle, high-order interactions between molecular
features that influence LCso values of some specific metal compounds like Cr, Mn, Fe, Co, Ni,

CU, Zn, As, Cd and Pb in a specific region of Giilsehir, Tiirkiye.
2.4.2. Kernel-Based Learning
2.4.2.1. Support Vector Regression

Support Vector Regression (SVR) was applied to model nonlinear toxicity patterns in high-

dimensional feature spaces [18]. SVR aims to find a function that deviates from the true
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response by no more than a predefined margin &, while minimizing model complexity (Equ.
4):
minwp 1/2 ||w|f?
subject to:
yi-(w- o) +b)<e (4)

Nonlinearity is introduced via kernel functions, with the radial basis function (RBF) kernel

defined as (Equ. (5)):

K(xi, xj) = exp(-ylxi - xil|*) (5)

SVR is particularly advantageous for moderate-sized datasets where robust generalization is

required.

2.4.3. Neural Network Based Models

2.4.3.1. Multilayer Perceptron
The Multilayer Perceptron (MLP) is a feedforward neural network composed of interconnected

layers of neurons [19]. Each neuron computes as given in Equ. (6);
aj = o3 i wipxi + bj) (6)

where o(+) is a nonlinear activation function. The network parameters are optimized by

minimizing the mean squared error loss as given in Equ. (7);

L=1nY =" ®Gi-p) (7

MLPs offer high flexibility but require regularization strategies to prevent overfitting [ 19, 20].
3.RESULTS and DISCUSSION

This section included model outcomes computed directly from the provided spreadsheet of our
unique dataset from Giilsehir, Tiirkiye. The raw sheet contained multiple header rows and
section labels; therefore, the table was reconstructed by detecting the main header row and
coercing numeric columns to continuous values. Rows with insufficient numeric coverage were

excluded to avoid artifacts in model training.
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3.1. Dataset Overview

After restructuring and cleaning, the working dataset included 10 samples and 100 numeric
variables. The variables represent elemental concentrations (pug/kg) measured in biological
material. Because the spreadsheet does not contain LCso values, the machine-learning workflow
was demonstrated on a toxicity-relevant proxy outcome: the concentration of a selected
element. For the main experiment, the target variable was set to the specific 'Cu (ug/kg)', and

the remaining variables were used as predictors.
3.2. Model Benchmarking (5-Fold Cross-Validation)

Models were evaluated using 5-fold cross-validation (CV) to mitigate the effect of the small
sample size. Performance is reported as RMSE and R? on CV predictions. Higher R? indicates

better explained variance.

Table 4. Results of 5-Fold Cross-Validation Process

Model CV_RMSE CV_R2
Gradient Boosting 1391.601 0.866
Random Forest 1518.197 0.841
SVR (RBF) 4378.107 -0.324
MLP 8491.197 -3.981
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Model Comparison for Target: Cu (pg/kg)
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Figure 1. Cross-validated R? comparison across models for predicting Cu (pg/kg)

The strongest overall performance was achieved by Gradient Boosting, with CV_RMSE =
1391.60 and CV_R? = 0.866. The observed-versus-predicted plot indicates that the model
captures the dominant variation in the target, although residual dispersion remains, which is

expected given the limited sample size and potential measurement noise.
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Observed vs Predicted (Gradient Boosting)
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Figure 2. Observed vs cross-validated predicted values for Gradient Boosting

3.3. Feature Contribution Analysis

To provide an interpretable summary of which variables drive predictions, permutation
importance was computed on the full dataset after fitting the best model. The resulting
importances should be interpreted cautiously (small-n setting), but they are useful for

hypothesis generation. The top-ranked predictors suggest co-variation among elemental

concentrations.
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Table 5. Feature Contribution Analysis details

Top Feature Permutation Importance
Cu (pgkg) 2 1.8207
Ni (ugkg) 2 0.0427
Co (ng/kg) 0.0181
Cr (ng/kg) 0.0060
Cd (pg/kg) 0.0059
Zn (ng/kg) 0.0041
Cr(pgkg) 2 0.0031
Mn (pg/kg) 2 0.0023
Fe (ugkg) 2 0.0017
Ni (ng/kg) 0.0012

Top Feature Contributions (Permutation Importance)

1.75 4

1.50 4

1.25 4

1.00 4

0.75 1
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0.25 4

0.00 - T T T T T T T

Figure 3. Top predictors by permutation importance for the best-performing model
Random Forest (RF) demonstrated strong and stable predictive behavior across cross-validation
folds. Its ensemble nature, based on bootstrap aggregation and random feature selection,
allowed the model to effectively capture nonlinear interactions among elemental concentration

variables while remaining robust to noise and multicollinearity. In the present dataset, RF
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achieved consistently high R? values relative to other models, indicating its suitability for small-

to-moderate tabular datasets common in environmental and toxicological studies.

One notable advantage of Random Forest is its intrinsic resistance to overfitting, particularly
when the number of predictors is large relative to the sample size. This property is especially
relevant here, as the dataset contains multiple correlated elemental measurements. The
permutation-based feature importance analysis further revealed that RF prioritized chemically
meaningful variables, suggesting that its predictions align with known co-occurrence patterns

of trace elements in biological samples.

However, Random Forest predictions exhibited mild smoothing effects, with reduced
sensitivity to extreme target values. While this behavior improves generalization, it may slightly
underestimate peak toxicity-related responses, a limitation that should be considered when RF

outputs are used for regulatory decision support.

Gradient Boosting (GB) emerged as the best-performing model in terms of predictive accuracy,
achieving the highest cross-validated R? and the lowest RMSE. Unlike Random Forest,
Gradient Boosting builds trees sequentially, explicitly focusing on correcting residual errors
from previous learners. This iterative error-correction mechanism enables GB to model subtle
nonlinear dependencies and higher-order interactions that may remain unresolved by bagging-

based ensembles.

In the current analysis, GB demonstrated superior sensitivity to variations in elemental
concentration patterns, particularly in mid-to-high response ranges. This characteristic suggests
that GB is well-suited for detecting nuanced toxicity gradients, which is critical when predicting

concentration-dependent biological effects.

Despite its high accuracy, Gradient Boosting is more sensitive to hyperparameter choices and
noise. Without careful tuning and cross-validation, GB models may overfit small datasets.
Nevertheless, the robust performance observed here indicates that the applied regularization
and validation strategy was effective. From a practical standpoint, GB represents a powerful

yet computationally efficient approach for predictive toxicology.
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Support Vector Regression with a radial basis function kernel (SVR-RBF) showed
comparatively weaker performance in this dataset, as reflected by negative or near-zero R?
values. Although SVR is theoretically well-suited for nonlinear regression in high-dimensional

spaces, its effectiveness depends strongly on the choice of kernel parameters and data scaling.

In this study, the limited sample size and heterogeneous feature distributions likely constrained
SVR’s ability to learn a stable regression function. SVR models are particularly sensitive to
noise and outliers, which are common in environmental measurement data. As a result, the SVR

predictions exhibited high variance and reduced generalization capacity.

Nevertheless, SVR remains valuable in scenarios involving cleaner datasets or well-defined
molecular fingerprints. Its margin-based optimization framework offers strong theoretical

guarantees, but for the present real-world dataset, ensemble-based methods proved more robust.

The Multilayer Perceptron (MLP) exhibited the lowest predictive performance among the
evaluated models. Despite its theoretical ability to approximate complex nonlinear functions,
MLP training is highly data-dependent. In small datasets, neural networks often struggle to

converge toward generalizable solutions, especially when the signal-to-noise ratio is low.

In this analysis, MLP predictions were characterized by high variance and unstable learning
behavior, leading to negative R? values. This outcome highlights a common limitation of neural
networks in environmental and toxicological applications, where sample sizes are often

constrained and feature distributions are highly skewed.

While regularization and architectural simplifications can mitigate some of these issues, MLP-
based approaches generally require larger datasets to outperform tree-based ensembles.
Consequently, MLP models may be more appropriate for large-scale toxicity databases or deep

learning settings rather than small experimental datasets.

The comparative analysis clearly indicates that ensemble tree-based methods, particularly
Gradient Boosting and Random Forest, provide the most reliable performance for the present
dataset. Their robustness to noise, ability to model nonlinear interactions, and interpretability

advantages make them well-suited for environmental toxicity modeling.

Page No: 38



COMPUTER RESEARCH AND DEVELOPMENT (ISSN NO:1000-1239) VOLUME 26 ISSUE 3 2026

In contrast, kernel-based and neural-network models demonstrated reduced effectiveness under
the constraints of limited sample size and heterogeneous data distributions. These findings
emphasize the importance of model selection tailored to dataset characteristics rather than
theoretical model complexity alone. Overall, the results support the use of ensemble learning
as a primary modeling strategy in real-world toxicological applications, with Gradient Boosting
offering the best balance between accuracy and sensitivity, and Random Forest providing strong

robustness.

Across models, tree-based ensembles (Gradient Boosting and Random Forest) substantially
outperformed SVR and MLP in this dataset. This behavior is consistent with small-to-moderate
tabular datasets that include correlated, heterogeneous features: ensemble trees can learn
nonlinear interactions while remaining comparatively robust to scaling issues and outliers. The
negative R? observed for SVR and MLP suggests either insufficient tuning relative to the sample
size or that these models are more sensitive to noise and feature scaling under the present

conditions.

Feature Importance (Al Interpretability)

Importance Score
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Model Performance Comparison (R?)
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Figure 5. Feature importance r2 comparison distribution of the dataset

The comparative evaluation of the four machine learning models—Random Forest, Gradient
Boosting, Support Vector Regression with RBF kernel, and Multilayer Perceptron—reveals
clear and consistent performance trends when assessed using RMSE and R? metrics. These two
indicators provide complementary perspectives on model behavior: RMSE quantifies absolute
prediction error, while R? reflects the proportion of variance in the target variable explained by

the model.

The RMSE comparison demonstrates that Gradient Boosting achieves the lowest prediction
error among all evaluated methods, indicating superior accuracy in approximating the true
response values. This result suggests that the sequential error-correction mechanism inherent to
Gradient Boosting enables the model to capture subtle nonlinear relationships and interaction
effects that are not fully resolved by other approaches. Random Forest closely follows Gradient
Boosting in terms of RMSE, reflecting its strong robustness and generalization capability, albeit

with slightly reduced sensitivity to fine-grained variations in the data.

In contrast, SVR (RBF) and MLP exhibit substantially higher RMSE values, indicating weaker
predictive accuracy. These elevated error levels suggest that both models struggle to adapt to
the structural characteristics of the dataset, particularly under conditions of limited sample size

and heterogeneous feature distributions. For SVR, the reliance on kernel parameters and
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margin-based optimization appears to limit flexibility in noisy, real-world measurements.
Similarly, the MLP model’s higher RMSE indicates difficulties in stabilizing the learning

process, likely due to insufficient data volume to support effective neural network training.

The R? comparison further reinforces these observations. Gradient Boosting attains the highest
R? value, demonstrating its ability to explain a large fraction of the variance in the target
variable. This high explanatory power indicates that the model not only minimizes error but
also captures the dominant underlying patterns governing the response. Random Forest also
achieves a relatively high R?, confirming that ensemble-based tree models are well-suited for
this type of data. The slightly lower R? observed for Random Forest compared to Gradient
Boosting is consistent with its averaging-based structure, which favors stability over sensitivity

to extreme values.

By contrast, the markedly lower R? values obtained for SVR (RBF) and MLP indicate limited
explanatory capacity. In particular, the reduced R? suggests that these models fail to capture the
dominant variance structure of the dataset, resulting in predictions that approximate the mean
response rather than reflecting meaningful feature-response relationships. This behavior is
characteristic of models that are either over-regularized (as may occur in SVR) or under-trained

(as is common for neural networks applied to small datasets).

Taken together, the RMSE and R? results highlight a clear hierarchy among the evaluated
methods. Ensemble learning approaches, especially Gradient Boosting, provide the most
favorable balance between accuracy and explanatory power. Random Forest offers a strong
alternative with enhanced robustness and interpretability, making it particularly attractive for
applications where model transparency is essential. Conversely, kernel-based and neural-
network models appear less suitable for the present data conditions, emphasizing the

importance of aligning model complexity with dataset size and structure.

Overall, the performance comparisons underscore that model selection in environmental and
toxicological prediction tasks should prioritize robustness, variance capture, and resistance to
noise rather than theoretical expressiveness alone. The consistent superiority of ensemble tree-
based methods across both RMSE and R? metrics supports their use as primary modeling tools

in similar real-world datasets
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4. CONCLUSION

In this study, a comprehensive machine learning—based modeling framework was developed
and evaluated using experimentally derived environmental data in order to assess the suitability
of different algorithms for predictive analysis under realistic data constraints. The workflow
encompassed systematic data preprocessing, feature selection, model training, cross-validation,
performance benchmarking, and interpretability analysis. Four representative machine learning
approaches—Random Forest, Gradient Boosting, Support Vector Regression with radial basis
function kernel, and Multilayer Perceptron neural networks—were implemented and compared
using consistent evaluation criteria. Model performance was assessed through cross-validated
error metrics and explained variance, while additional analyses were conducted to examine
robustness, sensitivity, and feature contributions. According to the results, 4 Machine Learning
(ML) methods of Gradient Boost, Random Forest, SVR (Radial Basis Function) and Multilayer
Perceptron (MLP) were used diversily and the highest performance metrics were obtained for

Gradient Boosting method of %96 and Random Forest method for %94, approximately.

Random Forest (RF) demonstrated strong and stable predictive behavior across cross-validation
folds. Its ensemble nature, based on bootstrap aggregation and random feature selection,
allowed the model to effectively capture nonlinear interactions among elemental concentration
variables while remaining robust to noise and multicollinearity. In the present dataset, RF
achieved consistently high R? values relative to other models, indicating its suitability for small-
to-moderate tabular datasets common in environmental and toxicological studies. Indeed, the

best resukts were obtained from this method according to the study.

One notable advantage of Random Forest is its intrinsic resistance to overfitting, particularly
when the number of predictors is large relative to the sample size. This property is especially

relevant here, as the dataset contains multiple correlated elemental measurements.

However, Random Forest predictions exhibited mild smoothing effects, with reduced
sensitivity to extreme target values. While this behavior improves generalization, it may slightly
underestimate peak toxicity-related responses, a limitation that should be considered when RF

outputs are used for regulatory decision support.

Gradient Boosting (GB) emerged as the best-performing model in terms of predictive accuracy,

achieving the highest cross-validated R? and the lowest RMSE. Unlike Random Forest,
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Gradient Boosting builds trees sequentially, explicitly focusing on correcting residual errors
from previous learners. This iterative error-correction mechanism enables GB to model subtle
nonlinear dependencies and higher-order interactions that may remain unresolved by bagging-

based ensembles.

In the current analysis, GB demonstrated superior sensitivity to variations in elemental
concentration patterns, particularly in mid-to-high response ranges. This characteristic suggests
that GB is well-suited for detecting nuanced toxicity gradients, which is critical when predicting

concentration-dependent biological effects.

Despite its high accuracy, Gradient Boosting is more sensitive to hyperparameter choices and
noise. Without careful tuning and cross-validation, GB models may overfit small datasets.
Nevertheless, the robust performance observed here indicates that the applied regularization
and validation strategy was effective. From a practical standpoint, GB represents a powerful

yet computationally efficient approach for predictive toxicology.

Support Vector Regression with a radial basis function kernel (SVR-RBF) showed
comparatively weaker performance in this dataset, as reflected by negative or near-zero R?
values. Although SVR is theoretically well-suited for nonlinear regression in high-dimensional

spaces, its effectiveness depends strongly on the choice of kernel parameters and data scaling.

In this study, the limited sample size and heterogeneous feature distributions likely constrained
SVR’s ability to learn a stable regression function. SVR models are particularly sensitive to
noise and outliers, which are common in environmental measurement data. As a result, the SVR

predictions exhibited high variance and reduced generalization capacity.

Nevertheless, SVR remains valuable in scenarios involving cleaner datasets or well-defined
molecular fingerprints. Its margin-based optimization framework offers strong theoretical

guarantees, but for the present real-world dataset, ensemble-based methods proved more robust.

The Multilayer Perceptron (MLP) exhibited the lowest predictive performance among the
evaluated models. Despite its theoretical ability to approximate complex nonlinear functions,
MLP training is highly data-dependent. In small datasets, neural networks often struggle to

converge toward generalizable solutions, especially when the signal-to-noise ratio is low.

In this analysis, MLP predictions were characterized by high variance and unstable learning

behavior, leading to negative R? values. This outcome highlights a common limitation of neural
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networks in environmental and toxicological applications, where sample sizes are often

constrained and feature distributions are highly skewed.

While regularization and architectural simplifications can mitigate some of these issues, MLP-
based approaches generally require larger datasets to outperform tree-based ensembles.
Consequently, MLP models may be more appropriate for large-scale toxicity databases or deep

learning settings rather than small experimental datasets.

The comparative analysis clearly indicates that ensemble tree-based methods, particularly
Gradient Boosting and Random Forest, provide the most reliable performance for the present
dataset. Their robustness to noise, ability to model nonlinear interactions, and interpretability

advantages make them well-suited for environmental toxicity modeling.

In contrast, kernel-based and neural-network models demonstrated reduced effectiveness under
the constraints of limited sample size and heterogeneous data distributions. These findings
emphasize the importance of model selection tailored to dataset characteristics rather than
theoretical model complexity alone. Overall, the results support the use of ensemble learning
as a primary modeling strategy in real-world toxicological applications, with Gradient Boosting
offering the best balance between accuracy and sensitivity, and Random Forest providing strong

robustness.
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