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Abstract

This study evaluates the cytotoxic, antioxidant, and oxidative effects of methanol and water extracts of
Ceratophyllum demersum on hepatocellular carcinoma (HepG2) and normal hepatocyte (THLE2) cell
lines. Lactate dehydrogenase (LDH) release assays revealed dose-dependent cytotoxicity in both cell
lines. ICxq values for the water extract were calculated as 95.29 pg/mL for HepG2 and 165.44 pg/mL for
THLE2. For methanol extract, ICs, values were 196.82 ug/mL (HepG2) and 271.87 ug/mL (THLE2). Total
antioxidant status (TAS) levels peaked at low doses (12.5-50 ug/mL). Conversely, total oxidant status
(TOS) levels rose sharply, with maximum oxidative stress observed at 200 pg/mL water extract in HepG2
cells. Machine learning analyses using random forest regression, gradient boosting regression, and
extreme gradient boosting identified extract concentration and TOS as key predictors of LDH levels, with
SHapley Additive exPlanations analysis supporting these findings. Machine learning revealed strong
oxidative stress—cytotoxicity links, aiding phytochemical bioactivity analysis.

Introduction

Liver cancer remains one of the most prevalent and lethal malignancies worldwide, with hepatocellular
carcinoma constituting approximately 75% of all primary liver cancer cases (Singh et al. 2025). Despite
advances in diagnostic and therapeutic approaches, the prognosis for liver cancer patients remains
dismal, largely due to late diagnosis, high recurrence rates, and resistance to conventional
chemotherapeutic agents (Xu ve Hu 2024; Wei et al. 2025). As a result, there is an urgent need for novel,
effective, and selective anticancer agents that can target liver cancer cells while sparing normal
hepatocytes (Mossenta et al. 2022; Mostafaei et al. 2023).

In recent years, increasing attention has been directed towards the utilization of aquatic macrophytes,
particularly submerged freshwater plants, for their potential pharmacological properties (Arya et al.
2022; Verma et al. 2023). Ceratophyllum demersum L., commonly known as coontail, is a free-floating
submerged aquatic plant (Ade et al. 2024). Traditionally used in phytoremediation due to its ability to
absorb heavy metals and organic pollutants, C. demersum is highly effective in environmental cleanup
(Dogan et al. 2018; Aasim et al. 2023; Ugur ve Dogan 2024). It also produces a wide range of biologically
active compounds, including phenolics, flavonoids, alkaloids, and terpenoids (Syed et al. 2018; Awati et
al. 2020; Duong et al. 2025). Notably, valuable findings have been reported regarding the antioxidant
activity of C. demersum, which is particularly significant given the well-established role of oxidative
stress in cancer development and progression (Emsen ve Dogan 2018; Awati et al. 2021; Tokgoz et al.
2024). This suggests that its antioxidant potential may contribute to its yet unexplored anticancer
effects (Pammi et al. 2023; Banu et al. 2024). However, its potential anticancer properties remain largely
underexplored, especially in the context of human hepatic cell lines.

This study aims to evaluate, for the first time, the cytotoxic and antiproliferative properties of in vitro
cultivated C. demersum extracts on both human hepatocellular carcinoma cell lines and normal liver
cells. In vitro cultivation ensures chemical consistency of the plant material by eliminating environmental
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variability and enables sustainable production of bioactive compounds without impacting natural
ecosystems (Riahi et al. 2022; Ahlawat et al. 2024).

One of the distinguishing aspects of this research lies in its integrative approach combining
experimental cytotoxicity assays with advanced machine learning (ML) methodologies. Traditional
bioassays, while valuable, often lack the predictive power and scalability required for high-throughput
screening and mechanistic understanding. Recent studies have successfully applied machine learning
techniques to biological datasets, highlighting the potential of ML in enhancing biological research
(Hassan et al. 2024; Liu et al. 2024; Bulut et al. 2025; Doga Aticl et al. 2025; Sert et al. 2025). The driving
force behind the interplay between machine learning and the natural sciences is the need to make sense
of the vast troves of data amassed through experiments and observations. Analytic solutions often fall
short for complex physical, chemical, and biological systems, whereas machine-learning models can
uncover hidden patterns in these data and propose highly predictive, generalisable laws. Data-driven
approaches therefore complement theoretical frameworks, allowing new hypotheses to be tested more
rapidly and at lower cost. Because of this ML has become a chief catalyst shaping the speed and depth
of modern scientific research (Carleo et al. 2019; Roscher et al. 2020). By incorporating machine learning
techniques, this study aims to uncover complex patterns in the data that may elude conventional
statistical methods. Another novel aspect of this study is the comparative analysis of C. demersum'’s
effect on normal versus cancerous liver cells. By simultaneously assessing the cytotoxic effects on both
cell types, this research aims to evaluate the therapeutic index of the plant extracts and identify fractions
with high selectivity for cancer cells, contributing to the development of more targeted anticancer
strategies.

In summary, this study represents a multidisciplinary approach that integrates plant biotechnology,
oncology, analytical chemistry, and artificial intelligence to explore the anticancer potential of C.
demersum. The outcomes could not only contribute to liver cancer research but also establish a
methodological framework for investigating other aquatic plant species and cancer types. Ultimately,
this work underscores the importance of merging natural product research with computational tools to
advance the development of safe, effective, and sustainable anticancer therapies.

Materials and methods

In vitro growth conditions

For micropropagation studies, C. demersum was surface sterilized. Internodal explants were excised
from sterile stock plants under aseptic conditions in a laminar airflow cabinet. These explants were
transferred into culture vessels containing appropriate nutrient media for in vitro cultivation. The basal
medium consisted of Murashige and Skoog (MS) salts and vitamin formulation (Murashige ve Skoog
1962). In all treatments, the medium was supplemented with 0.5 mg/L 6-benzylaminopurine (BAP) as a
plant growth regulator and 30 g/L sucrose as a carbon source. Cultures of C. demersum were
maintained in liquid (agar-free) media. The pH of the media was adjusted to 5.6—5.8 using 1 N NaOH or
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HCI before autoclaving at 121°C and 1.2 atm pressure for 20 minutes to ensure sterilization. For shoot
regeneration, internodal explants (specifically the first and second nodes below the apical meristem)
were placed in MS medium containing BAP. Cultures were maintained for eight weeks in a growth
chamber under a 16-hour light/8-hour dark photoperiod, at 24 + 1°C, with white LED light providing an
intensity of 1500 lux (Fig. 1).

Preparation of plant extracts

Following a gentle heat treatment under a mild heat evaporator, the entirety of plant samples, underwent
pulverization using liquid nitrogen and a mortar. These powder samples (10 g) were then extracted
separately in water and methanol solvents with a Soxhlet extractor setup for 2 days. The extract was
purified using Whatman No. 1 filter paper, and the remaining solvent was evaporated in a rotary
evaporator at 40°C until dryness, followed by lyophilization to yield ultra-dry powders. The residues were
stored in a sterile container at 4°C until analysis (Doga Atici et al. 2025). The abbreviations and yield
percentages of the extracts obtained from mushroom samples are shown in Table 1.

Table 1
Yield (%) of obtained the plant extracts
Extract Abbreviation of the extracts  Yield (w/w)
Methanol extract obtained from C. demersum ME 11.12
Water extract obtained from C. demersum WE 14.25

Preparation of cell cultures

Cancerous (HepG2) and normal (THLE2) human liver cell lines were cultured in Dulbecco’s Modified
Eagle Medium (DMEM) with high glucose, L-glutamine, and sodium pyruvate, supplemented with 10%
fetal bovine serum (FBS). During the culture process, a 5% CO, and 95% humidity incubator (Sanyo MCO
17AIC, USA) was used. When the cells reached the desired confluency (90%), they were detached using
trypsin/EDTA and washed with fresh medium. The cells were then resuspended in fresh growth medium
and counted using a trypan blue staining method with a cell counter device (TC-10, Bio-RAD, Germany)
(Emsen et al. 2021).

Lactate dehydrogenase (LDH) release analysis

The related experiment was conducted using a commercial kit (LDH Cytotoxicity Assay Kit, Cayman
Chemical, USA). Cells were seeded into 96-well flat-bottom microplates with 200 pL of culture medium
per well. For background control, three wells contained only 200 pL of medium. To wells containing cells,
20 pL of 10% Triton X-100 solution was added to three wells to induce maximum release, while 20 pL of
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Assay Buffer was added to another three wells for spontaneous release. In appropriate wells, 20 pL of
the experimental cytotoxic agent was added, and all conditions were performed in triplicate. The plate
was incubated at 37°C in a CO, incubator for 48 hours to induce cytotoxicity. After incubation, 100 pL of
the cell supernatant was transferred to a new 96-well assay plate. Then, 100 pL of LDH Reaction Solution
was added to each well, and the plate was gently shaken on an orbital shaker at 37°C for 30 minutes.
Subsequently, absorbance was measured at 490 nm using a plate reader, and background absorbance
(A490) values were subtracted from all wells (Emsen et al. 2019). LDH activity (%) was calculated using
following formula:

Sample absorbance (490 nm) - Spontaneous release absorbance (490 nm)
=
Maximum release absorbance (490 nm) - Spontaneous release absorbance (490 nm)

LDH activity (%) = 100

Total antioxidant status (TAS) analysis

Cells treated with the extracts and incubated for 48 hours were removed from the incubator. The cells
were treated with a lysis buffer (Cell Signaling Technology, USA) and incubated for 5 minutes. The cells
were then harvested using a cell scraper and centrifuged at 14,000 x g. The resulting supernatants were
used for the analysis. The Total Antioxidant Status (TAS) analysis was performed using a commercial kit
(Total Antioxidant Status Assay Kit, Rel Assay Diagnostics, Tirkiye). According to the kit protocol, 18 pL
of each sample (supernatant), standard, and H,0 was transferred into a new 96-well assay plate. Then,
300 pL of Reagent 1 was added to each well and mixed by pipetting. After 30 seconds, the first
spectrophotometric reading was taken at 660 nm. Next, 45 yL of Reagent 2 was added to each well and
mixed again. The plate was incubated at room temperature for 10 minutes. Following the incubation, the
second spectrophotometric reading was taken at 660 nm (Emsen et al. 2019). The TAS levels induced by
the extracts on the cells were calculated according to following formulas:

AAbsorbance: Absorbance after second reading — Absorbance after first reading

(AH,0 Absorbance) — (ASample absorbance)
(AH,0 Absorbance) — (AStandard absorbance)

mmol Trolox equivalent/L =

Total oxidant status (TOS) analysis

Cells treated with the extracts and incubated for 48 hours were removed from the incubator. The cells
were treated with a lysis buffer (Cell Signaling Technology, USA) and incubated for 5 minutes. The cells
were then scraped using a cell scraper and centrifuged at 14,000 x g. The resulting supernatants were
used for the analysis. The Total Oxidant Status (TOS) analysis was performed using a commercial kit
(Total Oxidant Status Assay Kit, Rel Assay Diagnostics, Tiirkiye). According to the kit procedure, 45 pL of
each sample (supernatant), standard, and H,0 was transferred into a new 96-well assay plate. Then, 300
uL of Reagent 1 was added to each well and mixed by pipetting. After 30 seconds, the first
spectrophotometric reading was taken at 530 nm. Next, 15 yL of Reagent 2 was added to each well and
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mixed again. The plate was incubated at room temperature for 10 minutes. After incubation, a second
spectrophotometric reading was taken at 530 nm (Emsen et al. 2019). The TOS levels induced by the
extracts on the cells were calculated according to following formulas:

AAbsorbance: Absorbance after second reading — Absorbance after first reading

(ASample absorbance)
(AStandard absorbance)

pmol H, 0, equivalentT. = » Standard concentration (10 pmol/T)

Machine-learning workflow
Data pre-processing

Categorical variables were transformed using one-hot encoding (Budholiya et al. 2022). Because
decision trees and their derivatives (Random Forest, Gradient Boosting, XGBoost, etc.) are scale-
invariant, explicit data scaling (normalisation or standardisation) is usually unnecessary. The threshold-
based splits performed at each node depend solely on the relative ordering of values within the feature’s
own range; the unit or magnitude of a feature does not influence how the tree branches. Consequently, a
wide-ranged variable such as “Concentration” does not receive undue priority over narrower-ranged
variables like “TAS” or “TOS,” keeping the model computationally efficient and its results easier to
interpret.

Model development

Three ensemble-learning algorithms were employed in this study. Random Forest Regression (RFR),
Gradient Boosting Regression (GBR) and Extreme Gradient Boosting (XGBoost). Each model was trained
and evaluated on separate training and test splits and for each model, the hyper-parameters were
optimised using grid search cross-validation. RFR predicts by building numerous decision trees and
averaging their outputs. Hyper-parameters (e.g., number of trees, maximum depth) were tuned with grid
search (Nguyen et al. 2021; Shi et al. 2023). GBR uses decision trees as weak learners and sequentially
adds trees to reduce residual errors. Its hyper-parameters were optimised via grid search (Nguyen et al.
2021). XGBoost is an optimised implementation of gradient-boosted decision trees. Hyper-parameters
were adjusted through grid search, genetic algorithms or Bayesian optimisation, and multithreading was
leveraged to speed up training (Pan et al. 2022).

Hyper-parameter optimisation

Grid Search Cross-Validation (GridSearchCV) was used to fine-tune every model’s hyper-parameter in this
study. The method begins with a user-defined “grid” of candidate values (e.g., tree depth, learning rate, or
regularisation strength). For each unique combination, the data are partitioned into k folds in this study, a
5-fold split in which 80% of the observations form the training folds while the remaining 20% constitute
the validation fold. Each candidate model is then trained on four folds and scored on the fifth; the
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process rotates until every fold has served once as the hold-out set. Because the procedure is embedded
inside cross-validation, it simultaneously estimates out-of-sample performance and guards against over-
fitting. After every grid point has been evaluated, GridSearchCV selects the parameter set that yields the
highest mean validation score, thus maximising both accuracy and generalisation capability. In practice,
the models tuned with this strategy consistently outperformed their untuned counterparts and produced
more stable, reproducible results on the unseen test data (Chen et al. 2020).

Model interpretation

In feature-importance and SHAP analysis, several complementary techniques were employed to open
the “black box” of the tree-based models and to quantify the relative influence of each predictor. (i) Tree-
based feature importance ranks variables by the total reduction in node impurity (mean decrease in
squared error) they achieve across all splits in the ensemble (Breiman 2001). Because these scores are
computed during training, they impose virtually no additional cost and directly reflect the structure
learned by the model; however, they can overstate the relevance of highly correlated or high-cardinality
features. (ii) Permutation importance provides a model-agnostic counterpart: after the model is trained,
each feature column is randomly permuted while the remaining data are left intact, and the ensuing
increase in the cross-validated prediction error (AMSE) is recorded (Fisher et al. 2019). This procedure
captures both linear and non-linear contributions and is less sensitive to multicollinearity, but it is
computationally more demanding because it requires one additional inference pass per feature. (iii)
SHapley Additive exPlanations (SHAP) offer a granular, game-theoretic decomposition of every individual
prediction (Lundberg ve Lee 2017). Tree SHAP exploits the additive nature of decision-tree ensembles to
compute exact Shapley values in polynomial time, thereby assigning to each feature an additive
contribution that satisfies the axioms of local accuracy, consistency and missingness. Averaging the
absolute Shapley values over all observations yields a global importance ranking, while the signed values
reveal both the direction and magnitude of each feature’s effect for any given sample. Taken together,
these three methods provide a robust hierarchy of predictors: tree-based gain delivers an inexpensive
first estimate, permutation testing corroborates that ranking under perturbation, and SHAP affords
interpretable, observation-level insight that links statistical importance to mechanistic hypotheses.

Performance evaluation

Each model was fitted to the training set and validated on the test set. To ensure a fair and
methodologically consistent comparison, the hyper-parameter grids were sized so that each algorithm
underwent a comparable number of cross-validation trials. Specifically, both the GBR and XGBoost grids
comprised 288 candidate configurations, yielding 5 foldsx288 = 1440 individual fits per model, while the
more compact grid for RFR contained 360 candidates and thus 5 folds x360 = 1800 fits. By keeping the
total fit counts within the same order of magnitude, we avoided biasing the optimisation process toward
any single algorithm and preserved the statistical balance required for reliable performance
benchmarking. Performance of those three ML algorithm was tested with accuracy mean absolute error

(MAE), root mean square error (RMSE) and the coefficient of determination (R?) (Li et al. 2023; Shi et al.
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2023). Feature importance analysis identified the variables to which each model assigned the greatest
weight (Zhang et al. 2022).

Statistical analyses

The activities of the extracts were evaluated through a one-way ANOVA followed by the Duncan test.
Probit regression analysis was applied to calculate the median inhibitory concentration (IC5;) values. To

examine the relationships among LDH activity, TAS, and TOS activities across different celss, three-
dimensional (3D) density analysis was performed. These statistical analyses were conducted using
SPSS software (version 27.0, IBM Corporation, Armonk, NY, USA). Additionally, heatmap and hierarchical
cluster analyses, employing Ward’s minimum variance method, were used to identify similarities and
differences among LDH activity, TAS, and TOS results. These analyses were executed in the Rstudio
console with R software (version 4.1.0).

Results
Determination of LDH activity in cells

The LDH activities of HepG2 and THLE2 cells treated with different concentrations (12.5, 25, 50, 100,
200, and 400 pg/mL) of methanol and water extracts obtained from C. demersum were evaluated.
Considering the studies conducted on HepG2 cells, the methanol extract of C. demersum caused a
moderate increase in LDH activity. While the LDH activity was 4.11% + 1.64 at a concentration of 12.5
pg/mL, it reached 69.04% + 1.40 at 400 ug/mL. The water extract of C. demersum, on the other hand,
showed an LDH activity of 10.39% + 0.90 even at the lowest concentration (12.5 pg/mL), indicating its
effectiveness at low doses. At 400 pg/mL, this value increased to 79.10% + 1.16. These results reveal
that both methanol and water extracts increased LDH activity in a concentration-dependent manner.
Moreover, the water extract appears to trigger a higher level of LDH release in the cells (Fig. 2a).

Considering the studies conducted on THLE2 cells, the water extract of C. demersum revealed
significant findings. Its effect reached 35.07% + 1.50 at 100 pg/mL, 62.68% + 1.46 at 200 pg/mL, and
67.28% + 0.67 at 400 pyg/mL. Overall, the plant led to a significant increase in LDH activity. While the
methanol extract of C. demersum showed moderate effects, the water extract demonstrated more
pronounced effects at higher concentrations (Fig. 2b).

According to the LDH assay results, the IC;, values of methanol and water extracts obtained from C.
demersum on HepG2 and THLE2 cells were determined. The methanol extract exhibited high IC5, values
in both cell lines (HepG2: 196.82 ug/mL, THLE2: 271.87 ug/mL). Additionally, based on the calculated
selectivity index, the high values obtained for the water extracts indicated that they possess selective
toxicity against cancer cells (Table 2).
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Table 2
IC5, values (ug/mL) determined from LDH assay results in HepG2 and THLE2 cells treated with
methanol and water extracts derived from C. demersum.

HepG2 cells THLE2 cells
Treatment  ICsy (Limits)  Slope x Standard  ICy (Limits)  Slope + Standard ~ Selectivity
error of the mean error of the mean  index
(Limits) (Limits)
ME 196.82 1.47+£0.07 271.87 1.53+0.08 1.38
(174.85- (1.32-1.62) (239.04- (1.37-1.69)
224.50) 314.88)
WE 95.29 1.54 +£0.07 165.44 1.58 £ 0.07 1.74
(86.49- (1.40-1.68) (149.05- (1.43-1.73)
105.29) 185.26)

ME: Methanol extract of C. demersum; WE: Water extract of C. demersum.

Determination of changes in total antioxidant status (TAS)
of the cells

TAS rates were calculated in mmol Trolox equivalent/L unit. Considering the studies conducted on
HepG2 cells, the 12.5 pg/mL concentration of C. demersum methanol extract showed an activity level
(4.83 £ 0.18) that was not significantly different from the control group (p>0.05). A decrease was
observed at 25 pg/mL (4.33 £ 0.20), and TAS further declined to 1.20 + 0.24 at 50 pug/mL. At 400 pg/mL,
TAS was determined as 1.62 + 0.34. This indicates that the methanol extract of C. demersumis more
effective at lower concentrations but its effect significantly decreases as the concentration increases.
The 12.5 pg/mL application of the water extract of C. demersum exhibited a higher activity (4.88 £+ 0.12)
compared to the control group; however, this difference was not statistically significant (p>0.05). At 50
pg/mL, the TAS decreased to 3.81 £ 0.21, and further dropped to 1.55 + 0.38 at 400 ug/mL. These results
suggest that the water extract is more effective at lower concentrations compared to the methanol
extract but is less stable at higher concentrations. Overall, methanol extracts demonstrated comparable
or higher TAS activity than the control group at low concentrations (12.5-25 pg/mL), but a marked
decrease in activity was observed at higher concentrations (50-400 ug/mL). Water extracts showed
more stable efficacy at low concentrations, while their activity declined as the concentration increased
(Fig. 2¢).

Considering the studies conducted on THLEZ cells, the value measured for the water extract of C.
demersum at a concentration of 12.5 pyg/mL was 6.11 £ 0.17, indicating a significantly lower biological
activity compared to the control group (p<0.05). At 50 pg/mL, the value recorded was 3.78 + 0.19, which
also represents a significant decrease relative to the control. At 400 pg/mL, the value measured was
2.65 1 0.15, indicating that the reduction in biological activity becomes more pronounced at higher
concentrations (Fig. 2d).
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Determination of changes in total oxidant status (TOS) of
the cells

TOS rates were calculated in pmol H,0, equivalent/L unit. Considering the studies conducted on HepG2
cells, the methanol extract of C. demersum showed limited activity at low concentrations (e.g., 5.41 +
0.11 at 12.5 yg/mL), while a significant increase was observed at higher concentrations (e.g., 12.87 +
1.17 at 200 pg/mL). The water extract exhibited its most pronounced activity at 200 pg/mL (15.22 +
0.85). This suggests that the water-based extract may be more effective in terms of TOS activity. Both
methanol and water extracts demonstrated increased biological activity with rising concentrations;
however, it was generally observed that the water extracts were more active at higher concentrations
(Fig. 2e).

Considering the studies conducted on THLE2 cells, the methanol extract of C. demersum showed slight
increases in activity compared to the control group at low concentrations. At 12.5 pg/mL, an elevated
effect of 2.68 + 0.21 was recorded, which was not significantly different from the control value. At
medium concentrations (50 and 100 pyg/mL), TOS values were significantly higher than the control group
(3.25+0.23 and 3.91 £ 0.18, respectively). At 200 and 400 pug/mL, the activity increased significantly,
showing higher effects compared to the control group (p< 0.05) with values of 9.91 +0.69 and 9.77 %
0.21, respectively. The water extract showed effects close to the control group at low concentrations.
The TOS values at 12.5, 25, and 50 pg/mL (2.71 £ 0.20, 2.99 +0.22, and 2.62 + 0.13, respectively) were
higher than the control group but were determined to be statistically insignificant within the 95%
confidence interval. Effects increased rapidly at medium and high concentrations. Significantly higher
effects compared to the control were observed between 100 and 400 pg/mL. The application of C.
demersum water extract at 400 pg/mL showed the highest value (10.80 + 0.37) recorded throughout the
entire TOS assay (Fig. 2f).

General heatmap, 3-D density, and correlation analysis for
all activities

The biochemical and cellular effects of plant extracts applied at different concentrations on HepG2 and
THLEZ2 cells were evaluated using cluster analysis and heatmap visualization. In the heatmap analysis
conducted on HepG2 cells, the effects of the substances on LDH activity, TOS, and TAS were clearly
observed. Cluster analysis identified three distinct groups, classifying the treatments based on
similarities in their biological effects. High concentrations (200-400 pg/mL) were generally associated
with biological activities represented by red color for LDH activity and TOS, and purple color for TAS,
indicating potential cell stress or toxicity. Methanol extracts at 50 and 100 pg/mL showed similar results
across all activities and clustered together. Overall, this analysis demonstrates that the responses of
HepG2 cells to various biochemical parameters are both concentration-dependent and extract-specific.
Notably, high concentrations may induce toxic effects, while lower doses could support cell viability.
Additionally, cluster analysis of the activities showed a close relationship between LDH activity and TOS,
which formed one cluster, whereas TAS formed a separate cluster (Fig. 3).
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The results on THLEZ2 cells revealed that the samples were grouped into different clusters, which varied
according to the concentration and effects of the extracts. Specifically, methanol extracts applied at high
concentrations (200-400 ug/mL) showed stronger effects represented by the red color, which could be
associated with increased LDH activity and TOS levels. This suggests that high concentrations may
enhance cell stress and toxicity. On the other hand, extracts used at lower concentrations (12.5-50
ug/mL) were linked to lower toxicity levels, represented by the purple color. Notably, the control group
and low concentration extracts clustered together, showing lower LDH activity. These findings indicate
that the plant extracts used have concentration-dependent effects on THLE2 cells. While low
concentrations appear to have protective effects on cell viability, higher concentrations may exert
inhibitory effects on the cells (Fig. 3).

3D density and correlation analyses revealed significant and strong associations between LDH activity,
TAS, and TOS in both HepG2 and THLEZ2 cell lines. In HepG2 cells, a strong negative correlation was
observed between LDH activity and TAS (r =-0.80, p< 0.01). The surface plot showed a downward trend,
where increasing TAS levels were associated with a distinct reduction in LDH activity. This indicates that
elevated antioxidant capacity may help limit cellular damage in HepG2 cells. A very strong positive
correlation was found between LDH activity and TOS (r=0.97, p< 0.01). The corresponding surface plot
displayed a steep upward slope, with a pronounced peak at high TOS levels, suggesting that increased
oxidative stress leads to enhanced cell membrane damage. TAS and TOS were negatively correlated (r =
-0.78, p< 0.01). This inverse relationship was reflected in the surface topography, where higher oxidant
levels coincided with lower antioxidant levels, forming a smooth gradient with declining TAS values as
TOS increased (Fig. 4).

In THLEZ cells, a similar strong negative correlation was detected between LDH activity and TAS (r =
-0.82, p< 0.01). The surface graph revealed a descending pattern, where higher TAS values were
associated with reduced LDH activity, suggesting that antioxidant mechanisms also provide protective
effects in non-cancerous hepatic cells. LDH activity and TOS showed a strong positive correlation (r =
0.96, p< 0.01), with the surface plot exhibiting a sharp peak in LDH activity at elevated TOS levels. This
further supports the role of oxidative stress in promoting cytotoxic effects. The negative correlation
between TAS and TOS (r =-0.72, p< 0.01) was also evident in the surface plot, with TOS increasing in
regions where TAS decreased, forming valleys and sloped declines in antioxidant levels (Fig. 4).

Machine-learning analyses

The models were compared on predictive accuracy and overall performance. The RZ RMSE, and MAE
values of the three ML algorithms used in this study are shown in Table 3. As shown in Table 3 GBR

demonstrated the best performance with the highest R? value, the lowest RMSE, and the lowest MAE.
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Table 3

Performance metrics (R2 RMSE, and MAE)
of RFR, GBR, and XGBoost algorithms

ML algorithms g2 RMSE MAE

RFR 098 274 2.20
GBR 099 1.97 1.50
XGBoost 0.98 2.76 2.15

Figure 5 visually corroborates the error statistics summarised in Table 3. Across the full span of
observed LDH activity values, the GBR points cluster most tightly around the 1: 1 reference line, mirroring
its top-ranked R%, RMSE and MAE. RFR and XGBoost reproduce the overall linear trend, yet their scatter is
slightly broader: RFR exhibits minor over-prediction at the lower end of the scale, whereas XGBoost
shows a modest under-prediction in the mid-range. These deviations visible as wider vertical spreads
from the dashed line translate directly into the higher error metrics reported for those models. Taken
together, the parity plots and Table 3 converge on the same conclusion: GBR delivers the most reliable
and precise LDH activity forecasts in this data set, while RFR and XGBoost introduce small but
systematic discrepancies.

From a machine-learning standpoint, all three models isolate the same two variables TOS and extract
concentration as the most informative predictors of LDH activity. In the tree-based feature-importance
bar charts, these variables receive the largest weights, indicating that they account for most of the
reduction in prediction error achieved by successive splits (Fig. 6). Permutation importance, which
measures the loss of accuracy when each variable is randomly shuffled, reaches its peak for the same
two features, confirming their dominant role. By contrast, TAS forms a secondary tier, while solvent-type
flags (extract water/methanol) and cell-line indicators (HepG2, THLE2) make only minor contributions
shuffling them produces little change in the model’'s mean-squared error.

SHAP values provide a complementary, observation-level perspective and clarify the direction of each
effect. Higher TOS or concentration values (depicted in warmer colours) shift the prediction upward,
whereas lower values (cooler colours) pull it downward; TAS follows the same but weaker monotonic
trend (Fig. 7). Solvent and cell-line variables cluster tightly around zero, suggesting that they fine-tune the
output only under specific conditions. The narrow vertical spread of SHAP points for each feature
indicates limited interaction effects, reinforcing the conclusion that oxidative status and dosage are the
primary data-driven determinants of LDH activity in this study.

Discussion

In this study, the cytotoxic and oxidative responses of HepG2 and THLE2 cells to methanol and water
extracts of C. demersum were systematically evaluated using multiple biochemical markers, including
LDH activity, TAS, and TOS. The experimental findings demonstrated that both extracts induced
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concentration-dependent alterations in cellular redox balance and viability, with water extracts generally
exhibiting stronger effects, particularly at higher doses. HepG2 cells were more susceptible to extract-
induced oxidative stress and membrane damage compared to THLE2 cells, suggesting potential
selectivity toward cancerous cells. Moreover, the integration of multivariate analyses—including heatmap
visualization, cluster analysis and correlation modeling—offered a comprehensive overview of the
biochemical interactions, reinforcing the role of oxidative stress in mediating cytotoxicity. These results
collectively contribute to a deeper understanding of C. demersum’s bioactive potential and its differential
effects on cancerous versus normal hepatic cells.

The cytotoxic effects of methanol and water extracts of C. demersum on HepG2 and THLE2 cells were
evaluated through LDH release assay. The results demonstrate a dose-dependent increase in LDH
activity for both extracts, indicating a loss of membrane integrity and cell viability. This observation
aligns with previous studies reporting LDH release as a reliable marker of cell membrane damage and
cytotoxicity (Barathan et al. 2021; Khalef et al. 2024; Nazarkina et al. 2025)

In HepG2 cells, the water extract of C. demersum was particularly potent, eliciting a notable LDH release
(10.39%) even at the lowest concentration tested (12.5 pg/mL), and reaching 79.10% at 400 ug/mL. This
suggests that bioactive compounds in the water extract may exhibit strong cytotoxic effects at lower
doses. Comparatively, the methanol extract induced moderate LDH activity, indicating a weaker cytotoxic
profile. These results are consistent with studies indicating that water extracts often retain more
hydrophilic phenolic and flavonoid compounds with pronounced bioactivity (Premathilaka et al. 2022;
Plaskova ve Micek 2023).

In THLE2 cells, the water extract also induced LDH release, particularly at higher concentrations (200-
400 pg/mL) though the magnitude of response was lower than in HepG2 cells. This difference suggests
that the extract may exhibit selective cytotoxicity toward cancerous cells—a desirable property in
anticancer drug development (Grigoletto et al. 2021; Yuan et al. 2021). The selectivity index values
further support this, indicating that the water extract exhibits preferential toxicity to HepG2 cells over
normal THLE2 cells. The higher IC5, values observed for the methanol extract in both HepG2 (196.82
pg/mL) and THLE2 (271.87 ug/mL) cell lines further support its lower cytotoxic potency. Previous
research has shown that methanol extracts may contain less active or more lipophilic compounds, which
may be less effective in disrupting cancer cell function (Anoor et al. 2022). By contrast, the water extract
likely contains phenolic acids, flavonoids, and possibly alkaloids that could disrupt mitochondrial
function and trigger apoptotic signaling via oxidative stress (Zheng et al. 2022; Albahri et al. 2024).
Similar cytotoxic effects have been observed in other aquatic plant extracts, such as Hydrilla verticillata
and Eichhornia crassipes, which have been shown to induce apoptosis in HepG2 cells via ROS
generation and caspase activation (Eden et al. 2023; Tang et al. 2024). These studies support the idea
that aquatic macrophytes like C. demersum can be rich sources of cytotoxic and antioxidant
compounds. Collectively, our findings demonstrate that the water extract of C. demersum exhibits
significant and selective cytotoxicity toward HepG2 cells, suggesting its potential as a natural antitumor
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agent. The data also highlight the importance of extraction solvent in determining the biological activity
of plant materials, as the water extract consistently outperformed the methanol extract in this study.

The TAS assay results revealed significant insights into the antioxidant behavior of Ceratophyllum
demersum extracts in both HepG2 and THLE?2 cells. Overall, both methanol and water extracts exhibited
a concentration-dependent decrease in antioxidant status, particularly at higher concentrations,
indicating a potential shift from antioxidant to pro-oxidant behavior as dose increases. In HepG2 cells,
the methanol extract exhibited a TAS value of 4.83 + 0.18 at 12.5 pg/mL, which was not significantly
different from the control. However, as the concentration increased to 50 pg/mL and 400 pg/mL, the TAS
values sharply declined (1.20 + 0.24 and 1.62 + 0.34, respectively). This decline suggests that while low
concentrations of methanol extract may contribute to antioxidant defense, higher concentrations could
impair redox balance or potentially act through cytotoxic oxidative mechanisms. Similar biphasic effects
of plant extracts have been previously reported, where phenolic compounds exhibit antioxidant
properties at low concentrations but generate reactive species at high doses (Xi et al. 2022; Doga Atici et
al. 2025). The water extract followed a similar trend. Although the 12.5 pg/mL application showed
slightly higher TAS than the control (4.88 + 0.12), this difference was not statistically significant. At 400
pug/mL, TAS dropped to 1.55 + 0.38, indicating that the antioxidant activity of the water extract also
declines substantially at high concentrations. These results support the hypothesis that some
compounds in C. demersum extracts may become pro-oxidant at elevated levels, a behavior commonly
observed in polyphenolic-rich extracts (Emsen ve Dogan 2018; Mastyk et al. 2024).

In THLEZ2 cells, a more pronounced reduction in TAS was observed with the water extract, especially at
12.5 ug/mL (6.11 £ 0.17), which was significantly lower than the control group (p < 0.05). The antioxidant
capacity continued to decline at higher concentrations (3.78 £ 0.19 at 50 pg/mL and 2.65 + 0.15 at 400
pg/mL). These findings suggest that normal hepatic cells may be more sensitive to oxidative changes
induced by C. demersum water extract, particularly in the presence of hydrophilic bioactives that may
affect redox homeostasis (Aravind ve Prasad 2005). Interestingly, while both extracts demonstrated
antioxidant activity at lower doses, their efficacy decreased markedly with increased concentrations.
This trend may be attributed to the auto-oxidation of polyphenols, redox cycling of flavonoids, or cellular
stress responses to phytochemicals, as reported in other plant-based studies (Aravind ve Prasad 2005;
Kumar et al. 2023). Taken together, these results suggest that C. demersum extracts possess dose-
sensitive antioxidant activity, with potential antioxidant benefits at low concentrations and possible pro-
oxidant or cytotoxic effects at higher doses. These findings are in line with the dual role of
phytochemicals, which can act as either protectors or stress inducers depending on their concentration
and cellular environment (Khouzani ve Taghizadeh 2024; Muscolo et al. 2024).

TOS assay results provide important insights into the oxidative potential of C. demersum extracts in both
HepG2 and THLE2 cells. The findings reveal a dose-dependent increase in TOS, particularly with water
extracts, indicating an elevation in oxidative stress markers as extract concentration increases. In HepG2
cells, the methanol extract showed only a modest increase in TOS at low concentrations (e.g., 5.41 +
0.11 at 12.5 yg/mL), but a significant elevation was observed at higher doses, reaching 12.87 +1.17 at
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200 pg/mL. The water extract exhibited its most pronounced oxidant activity at the same concentration
(15.22 £ 0.85), suggesting that the water-based phytochemicals may possess stronger pro-oxidant
effects at higher concentrations. This pattern aligns with studies reporting that polyphenolic-rich plant
extracts, while antioxidant at low doses, can induce oxidative stress at high concentrations through
redox cycling or mitochondrial disruption (Castejon-Vega et al. 2023; Chen et al. 2023). In THLEZ2 cells, a
similar trend was observed. The methanol extract showed slight, non-significant increases in TOS at low
concentrations, but significant elevations were recorded at 100-400 pg/mL. The water extract also
remained close to control levels at low doses but induced a sharp increase in TOS at medium to high
concentrations, reaching the highest overall value of 10.80 + 0.37 at 400 pg/mL. These findings suggest
that both extracts can enhance oxidative stress in a concentration-dependent manner, but the water
extract may have a greater oxidative potential, particularly in normal liver epithelial cells.

Such a dual behavior is characteristic of plant extracts containing flavonoids, phenolic acids, and
tannins, which can act as either antioxidants or pro-oxidants depending on the cellular context, redox
balance, and compound concentration (Rudrapal et al. 2022; Lescano et al. 2025). In the context of
cancer therapy, this behavior may be beneficial, as selective pro-oxidant stress in cancer cells can trigger
apoptosis, especially in redox-sensitive cancers like hepatocellular carcinoma (Krakowiak ve Pietrasik
2023; Catalano et al. 2025). However, the similar oxidative effects observed in THLE2 cells at higher
doses raise concerns about cytotoxicity to non-cancerous tissue, and highlight the need for careful dose
optimization. Notably, the sharp increase in TOS at high concentrations of water extract supports
previous observations from the TAS assay that these extracts may transition from antioxidant to pro-
oxidant behavior depending on dose. The oxidative stress generated at high concentrations may underlie
the cytotoxic effects observed in LDH assays, especially in HepG2 cells, further suggesting that C.
demersum contains bioactives with redox-modulating potential.

ML analysis provided valuable insights into the predictive dynamics of LDH activity in relation to
biochemical and experimental variables. Among the three algorithms employed—GBR, RFR, and XGBoost
—GBR outperformed the others, as evidenced by its superior RZ, RMSE, and MAE values. This suggests
that GBR's ensemble structure and sequential learning approach offer enhanced modeling capacity for
complex, nonlinear biological data, in line with previous reports emphasizing GBR's efficiency in
biomedical prediction tasks (Li et al. 2024; Mim et al. 2025).

Feature importance metrics consistently identified TOS and extract concentration as the most influential
predictors of LDH activity across all models, underscoring the central role of oxidative stress and dose-
response relationships in cytotoxicity mechanisms. These findings are further supported by permutation
importance and SHAP analyses, which highlighted strong positive associations between increased
TOS/concentration and elevated LDH activity—indicating enhanced cellular membrane damage at higher
oxidative stress levels. TAS (total antioxidant status), while showing a weaker effect, maintained an
inverse relationship, consistent with its proposed protective role against oxidative damage. Notably,
solvent type (water vs. methanol) and cell line identity (HepG2 vs. THLE2) contributed minimally to the
predictive models, suggesting that cytotoxic responses were largely governed by redox-related variables
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rather than intrinsic differences between extract type or cell line. This is particularly important as it
indicates that the biochemical environment, rather than the delivery matrix, drives LDH release, aligning
with biochemical assay results and highlighting the robustness of ML interpretability in biological
systems (Alves et al. 2021; Wang et al. 2024).

Together, these results validate the application of interpretable machine learning as a complementary
tool in biomedical research. By identifying the most influential variables and quantifying their individual
contributions, ML approaches not only improve predictive accuracy but also deepen mechanistic
understanding—especially in multi-parametric systems involving dose, redox status, and cellular context.

Conclusions

The findings of this study demonstrate that C. demersum exhibits significant and concentration-
dependent biological effects on both HepG2 hepatocellular carcinoma cells and non-tumorigenic THLE2
liver epithelial cells. The LDH assay revealed that both methanol and water extracts increased membrane
damage, with the water extract inducing a higher cytotoxic response at elevated doses, particularly in
HepG2 cells. Antioxidant evaluations through TAS assays indicated that low concentrations of the
extracts, especially the water-based ones, maintained or slightly enhanced the antioxidant capacity of
the cells; however, higher doses led to a marked decline, suggesting oxidative imbalance.
Correspondingly, TOS assays confirmed that oxidative stress levels increased significantly with
concentration, with the water extract producing the highest oxidant response at 400 pg/mL. These
results point to a dual antioxidant/pro-oxidant nature of C. demersum, where low doses may offer
protective or therapeutic benefits, while higher concentrations elicit oxidative and cytotoxic stress.
Importantly, the selective toxicity observed—especially in HepG2 cells—suggests potential anticancer
activity, though the effects on normal cells warrant cautious dose optimization for therapeutic
applications.

This study compared three ensemble regression models under equal cross-validation settings to ensure
unbiased performance evaluation. Among the models, the gradient boosting approach showed the
highest predictive accuracy, with excellent performance metrics on the independent test set. The results
indicate that this method is more effective in capturing the underlying structure of the data compared to
bagging or second-order boosting techniques, within the limits of the current dataset. Interpretability
analyses consistently highlighted oxidative status and extract concentration as the most influential
factors affecting the target variable, while antioxidant status played a secondary role. Other variables,
such as solvent type and cell-line information, had minimal impact. Observation-level explanations
further confirmed that high oxidative status and concentration values tend to increase predicted values,
with little evidence of complex interactions among features. In summary, this work demonstrates that (i)
balanced model tuning prevents selection bias, (ii) gradient boosting delivers the most reliable
predictions, and (iii) combining multiple interpretability tools yields coherent insights into model
behavior. Despite the limited sample size and potential multicollinearity, the findings offer a solid
foundation for emphasizing oxidative markers and dosage in future studies.
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Shoot development of C. demersum after eight weeks of in vitro culture. Dense shoot proliferation within
the culture vessel (a), top view showing the compact structure of the regenerated shoots (b), and overall
appearance of well-developed and healthy shoots in a Petri dish (c).
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Figure 2

LDH (a, b), total antioxidant status (c, d), and total oxidant status (g, f) activities in cells exposed to
different extracts. Data are presented as mean * standard deviation (n= 3). Groups marked with different
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letters are significantly different (p < 0.05). LDH: Lactate dehydrogenase; C: Control; ME: Methanol

extract of C. demersum; WE: Water extract of C. demersum.

Figure 3
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Heatmap and hierarchical clustering analyses of normalized variable data in the cells treated with

different concentrations of plant-derived extracts. Red represents high activity levels, whereas purple
corresponds to low activity levels. LDH: Lactate dehydrogenase; TAS: Total antioxidant status; TOS: Total
oxidant status; C: Control; ME: Methanol extract of C. demersum; WE: Water extract of C. demersum.
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Figure 4

3-D density analysis was carried out to examine the impact of the extracts on cellular LDH, TAS, and TOS
activities. Correlation coefficients (r) were determined, with statistical significance set at p< 0.01, as
indicated by double asterisks (**). LDH: Lactate dehydrogenase; TAS: Total antioxidant status; TOS: Total
oxidant status.
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Validation Actual vs. Predicted (RFR) - LDH_activity
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Figure 5

Actual vs. Predicted (GBR) - LDH_activity

Parity plots of predicted versus observed LDH activity for Random-Forest Regressor (a), Gradient
Boosting Regressor (b), and XGBoost (c). The dashed 1:1 line denotes perfect agreement; tighter
clustering around this line indicates greater predictive accuracy.
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Feature Importances (RFR) - LDH_activity
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Permutation Importance (RFR) - LDH_activity
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Global rankings obtained from tree-based feature-importance (split gain) and permutation tests for RFR
(a, b), GBR (c, d), and XGBoost (e, f).

Page 27/28



(@)

SHAP Summary (RFR) - LDH_activity
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SHAP Summary (GBR) - LDH_activity
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Figure 7

High
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SHAP summary plots for the RFR (a), GBR (b), and XGB (c) illustrating both magnitude and direction of
each feature’s contribution at the observation level.
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