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Introduction: Effective detection of environmental pollution relies on reliable
methods for determining pollutant concentrations, with cellular damage
reflecting pollutant toxicity as a vital detection tool. This study presents a
novel quantitative method for predicting environmental pollutant
concentrations using cell images and a hybrid model.

Methods: The approach processes conventional optical microscope images by
extracting grayscale statistical features and constructing a hybrid predictive
framework that integrates stepwise regression for feature selection and
multilayer perceptron for nonlinear modeling, enabling accurate mapping
from image-based damage features to pollutant concentrations.

Results: Experiments show that the model performs consistently well across five
cell types: Hel.a, A549, HUVEC, PC12, and HaCaT. For example, it achieves an R?
of 0.9911 on the Hela test set, demonstrating strong generalization ability and
robustness.

Discussion: The method does not require expensive equipment or complex
sample preparation, offering an innovative, rapid, and low-cost solution for
monitoring environmental pollutant concentrations.

KEYWORDS

cell image, environmental toxicology, grayscale statistical features, hybrid model,
pollutant concentration prediction

1 Introduction

Cell damage is a direct reflection of the effects of environmental pollutants on living
organisms (Sheller-Miller et al., 2020; Yang et al., 2024), and is gradually becoming an
effective way to detect pollutant concentrations. Pollutants enter organisms through water,
atmosphere or soil, and then cause physiological damage to cells (Yang et al., 2024; Suzuki
et al., 2020; Pereira et al, 2021), and the extent of this damage is closely related to the
pollutant concentration. The interference of environmental pollutants on cell functions is
usually shown to be concentration dependent; that is, the greater the concentration of
pollutants, the more significant the damage or functional interference to cells (Chulkhlovin
et al,, 2001; Xin et al., 2015). Therefore, the degree of cellular damage can be used as a
sensitive response to changes in pollutant concentrations, providing a scientific basis for the
quantitative detection of pollutants. This method not only has important application value
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in the concentration detection of environmental pollutants, but also

can provide new technical means for environmental
toxicology research.

In the fields of environmental toxicology, drug discovery and
disease diagnosis, cellular damage usually reflects the effects of
external environment or drug treatment on the physiological
functions of cells, and common methods of assessing cellular
damage mainly include cellular activity assay, determination of
cellular oxidative stress markers, and observation of cellular
morphology. Cell viability detection methods (Kamiloglu et al.,
2020) can be roughly divided into: the dye exclusion methods,
methods, the

bioluminescence assays (such as Real-time viability assay (Hiers

the colorimetric analysis, fluorescent dye
etal., 2024)) and the flow cytometry assays. Measurement of cellular
oxidative stress markers is an important tool for assessing the extent
of oxidative damage to cells, such as ROS levels by fluorescent probe
assay. In principle, cells are stimulated with morphological changes
(e.g., smaller cell size, rounded cells, reduced cell apposition, etc.,)
(Kerr et al,, 1972), which can be used as an important means to
analyze cell damage. Traditional cell damage assessment methods
usually rely on physicochemical indicators for qualitative or semi-
quantitative analysis, which is a complex and time-consuming
process and relies on specific equipment. In contrast, cell images
provide rich structural and optical information, and analyzing the
multidimensional features of the images through machine learning
is expected to provide a more accurate and convenient way for
contaminant toxicity assessment.

However, morphological analysis typically relies on complex
image segmentation and parameter calculations, making it
susceptible to interference from imaging conditions, cell density,
and segmentation errors, affecting feature consistency and
reproducibility (Chen et al, 2012).
distribution features directly reflect changes in optical density

In contrast, grayscale

within cellular regions and are more sensitive to alterations in
intracellular composition, density, and translucency caused by
damage. This feature is computationally simple, highly stable,
and less dependent on segmentation accuracy, making it more
suitable as a robust indicator for high-throughput, automated
analysis. Therefore, this study chooses grayscale distribution as
the basic feature to establish a reliable and reproducible
quantitative relationship between cell damage and contaminant
concentration.

Previously, we developed a method based on grayscale frequency
analysis to quantify the degree of cellular damage using image
2025).
However, this method, which relies only on grayscale frequency
analysis by calculating the ratio of the number of maximum pixel

brightness, which achieved good results (Li et al,

points in abnormal regions to the total number of maximum pixel
points within normal and abnormal regions, may not adequately
capture the complex information in cell images. We propose the use
of hybrid models to capture complex information in cell images.
Based on our experimental research observations, we found that the
gray-scale distribution data of cell images can be used as an effective
indicator of cell damage for quantitative analysis of environmental
pollutant concentrations. However, direct processing of all gray-
scale distribution data may lead to redundant information and
increased computational cost, so feature selection methods are
needed to extract the most representative information to improve
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model efficiency and performance. Feature selection methods have
helped us simplify the data, but in order to mine the information in
the data more comprehensively, we introduce a hybrid model based
on feature selection. Hybrid modeling significantly improves model
performance by integrating the strengths of multiple methods and
compensating for the weaknesses of a single method. Many hybrid
methods have been reported and shown excellent results in several
application areas. For example, Improved Principal Component
Analysis-Convolutional Neural Network-Long and Short-Term
Memory Network (improved PCA-CNN-LSTM) (Zhu et al,

2023), Principal Component Analysis- Back Propagation-
Artificial Neural Network (PCA-BP-ANN) (Sadrara and
Khorrami, ~ 2023), Principal ~Component  Analysis-Ridge

Regression (PCA-Ridge Regression) (Wang W. Y. et al, 2021),
and so on.

In summary, cellular images provide an intuitive means for
assessing pollutant toxicity, yet constructing a high-precision, low-
cost quantitative prediction system still faces dual challenges. First,
the grayscale frequency analysis method we previously proposed has
significant limitations (Li et al., 2025). It relies solely on a single
statistical measure, failing to fully leverage the rich grayscale
distribution information within cellular images, resulting in
insufficient prediction accuracy and robustness. More critically,
mainstream detection technologies for environmental pollutant
concentrations, such as electrochemical sensors, infrared
spectroscopy, and mass spectrometry, While highly accurate,
generally require expensive, specialized instruments and involve
complex sample pretreatment (Kumunda et al., 2021; Meher and
Zarouri, 2025). This makes achieving low-cost, high-throughput
rapid screening difficult. Addressing these dual bottlenecks of
“insufficient feature utilization” and

“excessive  equipment

»

dependency,” this study aims to explore a novel “one-stop”
prediction paradigm: starting directly from cell images obtained
via conventional optical microscopy, extracting their full-band
grayscale statistical features, and constructing intelligent
prediction models to ultimately achieve precise quantitative
determination of pollutant concentrations.

To this end, we propose the stepwise regression-multilayer
perceptron (SR-MLP) hybrid model and compare it with two
linear hybrid variants: stepwise regression-linear regression (SR-
LR) and stepwise regression-ridge regression (SR-RR). The dataset
is divided into training and testing sets in an 8:2 ratio for all three
models. SR-LR combines stepwise regression with linear regression,
offering simplicity but a tendency to overfit. SR-RR integrates
stepwise regression (SR) with ridge regression (RR), which
mitigates multicollinearity through L2 regularization, yet remains
limited to linear mappings. In contrast, SR-MLP retains SR for
feature selection and further employs a multilayer perceptron with
L2 regularization to model nonlinear interactions, -effectively
capturing complex relationships between features and pollutant
concentrations. Experimental results demonstrate that while SR-
LR and SR-RR perform adequately under linear assumptions, SR-
MLP achieves superior fitting and generalization in scenarios
SR-MLP

consistently surpasses baseline models without feature selection

involving  nonlinear ~ dependencies. = Moreover,
(linear regression (LR), RR, and multilayer perceptron (MLP))
across all evaluation metrics, confirming its enhanced accuracy

and robustness. Thus, SR-MLP provides a more accurate and
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flexible approach for quantifying environmental pollutants and
elucidating their dose-dependent impact on cellular damage.

The proposed SR-MLP hybrid framework in this study
innovates by establishing a new paradigm for quantitative
mapping between “image features and pollutant concentrations”
that does not rely on complex model architectures or high
computational resources. Current mainstream approaches in
bioimage analysis typically rely on deep learning models such as
convolutional neural networks (CNNs) or Transformers to extract
multi-level, structured visual features (Shobayo and Saatchi, 2025).
While these methods possess strong feature representation
capabilities, they often suffer from limitations including complex
model structures, high training costs, strong dependence on large-
scale labeled data, and relatively weak interpretability (Atabansi
et al,, 2023). In contrast, this study demonstrates for the first time
that one-dimensional grayscale statistical features extracted solely
from cell images can establish a highly accurate quantitative
relationship with pollutant concentrations through feature
selection (SR) and nonlinear modeling (MLP). This approach
significantly reduces model complexity and computational
overhead while maintaining predictive performance. It enhances
transparency in feature selection and interpretability of results,

solution  for
Therefore, the

contributions of this study can be summarized as follows:

offering a lighter, more deployable rapid

environmental pollutant  detection. core

1. Proposing the SR-MLP hybrid model to achieve high-precision
pollutant concentration prediction across cell types.

2. Validating the “one-stop” quantitative prediction paradigm
based on image damage features for its cross-cell universality
and robustness.

3. Establishing a new low-cost, non-invasive, and easily

detection  scheme  for

deployable  imaging-based

environmental pollutants.

2 Experiments and data
2.1 Data acquisition and image processing

First, well-conditioned HeLa cells were spread in six-well plates
and cultured in adherence at an inoculum density of 1 x 10° cells/mL
per well for 24 h. Then, cells were stimulated with Diniconazole (DIN)
at concentrations of 0, 2.5, 5, 10, and 20 umol/L for 24 h. The culture
environment was maintained at 37 °C and 5% CO,. After stimulation,
bright-field imaging was performed using a 10x objective of an optical
microscope (OLYMPUS CKX53), and conditions such as exposure
time and light intensity were kept consistent to ensure uniform
imaging conditions for all sample images. One hundred images
were acquired for each concentration, and the resolution of the
images was 3072 x 2048 pixels, totaling 500 samples. For HUVEC,
and HaCaT cells, stimulation was performed using DIN at
concentrations of 0, 2.5, 5, 10, and 20 umol/L, and a total of
150 samples were collected. For A549 cells, stimulation was
performed using DIN at concentrations of 0, 12.5, 25, and
50 pmol/L, and a total of 120 samples were collected. For
PCI12 stimulation ~ was using DIN at

cells, performed
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concentrations of 0, 5, 10, 20 and 40 pmol/L, and a total of
150 samples were collected. It should be noted that this study
adopted a phased image acquisition strategy. Initially, HeLa cells
were used as the model system for method development. To ensure
statistical robustness and provide a solid data foundation for feature
analysis, 100 images were collected at each concentration. After
successful method validation, to assess its cross-cell line
generalization ability and feasibility in scenarios with limited
resources, 30 images were collected per concentration in the
subsequent experiments with A549, HUVEC, PC12, and HaCaT cells.

In order to further analyze the grayscale characteristics of the
cellular regions, we performed batch automatic segmentation of the
cellular images by calling Cellpose’s API and exported the
corresponding masks (Stringer et al., 2021). Cell segmentation was
performed using the Cellpose pre-trained model (cyto3). The
parameters were set as follows: automatic diameter estimation,
grayscale image channels, a flow threshold of 0.4, and a minimum
cell size of 15 pixels. Tiled processing and network averaging were
enabled to balance the processing of large images with segmentation
accuracy. All segmentation tasks were accelerated using GPU
processing. To visually demonstrate the image segmentation
results, we overlaid the mask generated by Cellpose onto the
original image during the image processing stage in Figure 1. This
clearly shows the extracted cell regions (as illustrated by the grayscale
example in the image processing module), thereby providing an
intuitive basis for quality verification in subsequent grayscale feature
extraction. Then, we batch-calculated the grayscale values of cell
regions and their corresponding pixel numbers based on mask, and
adjusted the data with normalization based on the average occupancy
of all samples to ensure comparability among different images.
Ultimately, we constructed five datasets containing the cell
grayscale distribution and DIN concentration for subsequent
analysis and modeling.

2.2 Data preprocessing

We performed a visual analysis of the samples at each
concentration, using the sample stimulated with 10 pmol/L DIN
in HeLa cells as an example. Figure 2 shows the grayscale distribution
of 100 representative samples, where a small number of outliers were
observed. To address this, we applied the interquartile range (IQR)
method to remove outliers (Swami et al., 2023). When the scaling
factor k = 3, it effectively eliminated apparent outlier curves while
retaining most of the samples, thereby enhancing data reliability and
preventing outliers from negatively affecting the model. Observing
the gray scale distribution curve after removing the outliers in
Figure 3, we found that the data still has a certain degree of
dispersion. Therefore, we standardized the data to make the data
obey the standard normal distribution, which in turn improves the
training effect of the model (Muhammad and Faraj, 2014).

3 Methods

We observed an increase in cell dehiscence and a tendency
towards a rounded morphology with increasing DIN concentration,
which may be attributed to DIN-induced apoptosis, leading to
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FIGURE 3
Grayscale distribution of Hela cells stimulated by 10 pmol/L DIN
after processing with the IQR method.

coalescence of nuclei and cytoplasm, gradual contraction of the cells
and loss of adhesion, and the eventual formation of membrane-
encapsulated apoptotic vesicles, which resulted in a rounded
morphology of the cells (Kerr et al, 1972). Intuitively, the
surrounding brightness of round cells is high, and the grayscale
values of damaged cells are mainly concentrated in the 200-
255 interval (e.g., Figure 4), and the number of pixels in this
interval tends to increase with increasing DIN concentration
(e.g., Figure 5). We inferred that there is a certain quantitative
relationship between the gray scale distribution of cell images and
pollutant concentration. To further explore this relationship, we
chose three hybrid modeling approaches: SR-LR, SR-RR, and SR-
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MLP. The feature selection methods, modeling approaches,
optimization strategies, and model evaluation metrics of these
three models are briefly described below. The specific modeling
framework of the methodology is shown in Figure 1.

3.1SR

SR is a feature selection method based on statistical significance
(P-value). It iteratively filters out the most relevant features to the target
variable, thus reducing redundant features and improving the
efficiency and predictive power of the model (Zhou and Jiang, 2016).
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3.2 SR-LR and SR-RR

The SR-LR model is a combination of SR and LR, which is a
simple and interpretable method of linear modeling through screened
features (James et al, 2023). The SR-RR model introduces
L2 regularization on this basis, ie., it is a combination of SR and
RR. RR reduces multicollinearity through L2 regularization, limits
model weights, and reduces the risk of overfitting, thus improving the
stability and predictive ability of the model (Wang X. et al., 2021). The
advantage of RR is that it can better handle the situation of correlation
between features and control the model complexity while maintaining
the linear modeling framework.

3.3 SR-MLP

In the SR-MLP model, we employ the MLP for nonlinear
modeling. The MLP is a feedforward neural network consisting
of multiple hidden layers, which captures complex nonlinear
relationships in data through weighted summation and activation
functions (Liu et al., 2022). The structure of the MLP—such as the
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number of hidden layers, the number of neurons, and the activation
functions—can be flexibly adjusted according to the specific task
requirements. In this study, we constructed an MLP network with
three hidden layers, containing 72, 48, and 24 neurons, respectively.
The hidden layers use the Rectified Linear Unit (ReLU) activation
function to enhance the modeling capability for complex nonlinear
relationships (Alkhouly et al.,, 2021; Fu et al., 2020), while the output
layer employs a linear transformation (Linear) to directly output
continuous predictions for the regression task (Kilicarslan
et al., 2021).

To prevent overfitting and enhance the model’s generalization
capability, we employed the following regularization strategies
during training: First, L2 regularization was introduced by
adding a weight penalty term to the loss function, thereby
constraining the magnitude of weights and suppressing
overfitting (Xie et al, 2022). Second, the Dropout method was
applied to randomly drop a portion of hidden layer neurons
and further
improving its generalization ability (Salehin and Kang, 2023). We

during training, reducing model complexity
monitored the trends of training loss and validation loss to guide
hyperparameter optimization. Model convergence was considered
satisfactory when both losses decreased smoothly, remained closely
aligned, and eventually stabilized. A scenario where training loss
continued to decline while validation loss plateaued or increased
prematurely indicated potential overfitting, whereas persistently
high losses with slow reduction suggested underfitting (Wang
2022). adjusted

hyperparameters including the number of training epochs, batch

et al, Accordingly, we systematically
size, regularization strength, learning rate, and Dropout rate to

achieve optimal convergence performance.

3.4 Evaluation metrics

To fully evaluate the performance of the hybrid model, we use
the following commonly used metrics:

1. Coefficient of determination (R*): a measure of the goodness of
fit of the model, the closer the value is to 1 the better the model
fits the data and the better the prediction (Chicco et al., 2021).

2. Root Mean Square Error (RMSE): a measure of the difference
between the predicted value and the true value, emphasizing
the effect of larger errors. Smaller values indicate higher model
prediction accuracy (Chicco et al., 2021).

3. Mean Absolute Error (MAE): Calculates the average of the
absolute error between the predicted value and the true value,
reflecting the overall error level of the model. The smaller the
value indicates the higher the prediction accuracy of the model
(chicco et al., 2021).

4 Results and discussion
4.1 Analysis of models performance

We evaluated the performance of the three hybrid models (SR-
LR, SR-RR, and SR-MLP) and the baseline models (LR, RR, and
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TABLE 1 List of statistical parameters.

Dataset Method R? RMSE MAE
HeLa LR 0.8306 2.7705 1.5626
RR 0.9386 1.6684 10388

MLP 0.9770 1.1481 0.7993

SR-LR 0.9707 1.1518 0.8827

SR-RR 0.9708 1.1504 0.8837

SR-MLP 0.9911 0.6364 0.3730

A549 LR 0.8453 6.5973 5.6149
RR 0.8457 6.5899 56121

MLP 0.8786 5.3887 45710

SR-LR 0.8809 5.7900 45223

SR-RR 0.8805 5.8001 45419

SR-MLP 0.9716 2.8269 1.5795

HUVEC LR 0.7287 3.9980 3.1179
RR 0.7382 3.9277 3.0682

MLP 0.8398 2.7994 22135

SR-LR 0.8533 2.9403 2.3650

SR-RR 0.8507 2.9659 2.3633

SR-MLP 0.9753 1.2055 0.8668

PC12 LR 0.9340 3.8624 2.8333
RR 0.9340 3.8628 2.8382

MLP 0.8942 3.9298 33227

SR-LR 0.9375 3.7580 32913

SR-RR 0.9384 3.7308 3.2686

SR-MLP 0.9821 2.0093 1.3450

HaCaT LR 0.9018 23391 1.7062
RR 0.9024 23316 1.7084

MLP 0.8633 26931 2.1108

SR-LR 0.9174 2.1452 1.5500

SR-RR 0.9140 2.1898 1.5842

SR-MLP 0.9222 2.0822 1.2773

Datasets: HeLa, A549, Huvec, PC12, and HaCaT represent the five different cell types used
in the study. Model development: SR-LR, SR-RR, and SR-MLP stand for the hybrid models
“stepwise regression-linear regression,” “stepwise regression-ridge regression,” and
“stepwise regression-multilayer perceptron,” respectively. Model evaluation: R?, RMSE, and
MAE denote the coefficient of determination, root mean square error, and mean absolute
error, respectively, which are used to quantify model performance.

MLP) using R?, RMSE, and MAE metrics, as summarized in Table 1.
The results indicate that all hybrid models incorporating SR
outperformed their non-SR counterparts across most datasets,
underscoring the efficacy of SR in feature selection for enhancing
model performance. And among these three hybrid models, the R
values of SR-MLP on all cellular datasets were significantly better
than those of SR-LR and SR-RR and higher than 0.9, indicating a
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better fitting ability. In the case of the HeLa cell dataset, for example,
the R* of SR-MLP was as high as 0.9919, while SR-LR and SR-RR
were 0.9707 and 0.9708, respectively. Moreover, the RMSE and MAE
of SR-MLP are lower than those of SR-LR and SR-RR on all datasets,
which indicates that its prediction error is smaller and its stability is
higher. In contrast, the R* of SR-LR and SR-RR was higher than
0.9 on the HeLa, PC12 and HaCaT cell datasets, but lower than
0.9 on the A549 and HUVEC cell datasets, which indicated a poorer
fit and limited generalization ability.

To further assess the predictive power of SR-MLP, we compared
the predicted and true values of SR-RR (e.g., Table 2) with those of
SR-MLP (e.g., Table 3) models. Taking the HeLa cell dataset as an
example, the predicted values of SR-MLP and SR-RR were
19.44 pmol/L and 19.07 umol/L, respectively, at a high
concentration of 20 umol/L, whereas the predicted values of
SR-MLP and SR-RR were 2.65 pmol/L and 3.54 pmol/L,
respectively, at a low concentration of 2.5 pmol/L. It can be
seen that the predicted values of SR-MLP are closer to the true
values, and the errors are smaller, indicating that the model has
the ability to predict the true values at different concentrations.
MLP’s prediction value is closer to the real value with smaller
error, indicating that the model has strong prediction accuracy
under different concentration conditions.

4.2 Analysis of feature generalisation of
cross-cell

In order to reduce data dimensionality and enhance model
stability, we employed the SR method to screen gray-scale features
based on statistical significance. During the screening process,
differentiated thresholds
from <0.001 to <0.05) were set according to the data
characteristics of different cell datasets and the need to control
model complexity. Specifically, for the HeLa dataset, which
exhibited clearer feature-concentration relationships and higher

p-value  inclusion (ranging

data quality, a stricter threshold (p < 0.001) was applied to
construct a highly concise initial feature set. For the other
datasets, relatively lenient thresholds (p < 0.05 or p < 0.01) were
adopted to retain more potentially relevant feature information for
the subsequent MLP to perform nonlinear learning. The setting of
all thresholds followed the statistical principle of controlling Type I
errors while also considering the connection with the subsequent
nonlinear modeling stage (Aguinis et al., 2021).

Despite the differences, the screening results also indicate some
similarities among key features across different cell datasets, as
shown in Table 4. For instance, feature 244 was selected in the
HeLa, A549, and HUVEC cell datasets, while key feature 204 for
PC12 cells and key feature 248 for HaCaT cells, along with feature
244, all fell within the gray-scale range of 200-255. This suggests that
these features may possess strong generalizability across different
cell types and can stably reflect the effects of pollutants on cells. The
gray-scale range of 200-255 typically corresponds to abnormal cells,
and features within this range exhibit more significant variations.
Moreover, the features screened in this range demonstrated better
p-values, further validating the importance of these features in the
cellular damage response. Therefore, during the feature selection
process, we focused on the key features of cell damage and
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TABLE 2 Comparison of predicted and true values of the SR-RR model.

Predicted (umol/L)

10.3389/fenvs.2026.1729913

Actual (umol/L)

Hela A549 HUVEC PC12 HaCaT Hela A549 HUVEC PC12 HaCaT
0.24 2.65 311 571 023 0.00 0.00 0.00 0.00 0.00
3.54 13.60 234 428 354 2.50 12.50 2.50 5.00 2.50
557 30.99 6.97 1357 0.20 5.00 25.00 5.00 10.00 5.00
1033 47.94 8.40 14.84 9.24 10.00 50.00 10.00 20.00 10.00
19.07 23.65 40.54 17.82 20.00 20.00 40.00 20.00

TABLE 3 Comparison of predicted and true values of the SR-MLP model.

Predicted (umol/L)

Actual (umol/L)

Hela A549 HUVEC PC12 HaCaT Hela A549 HUVEC PC12 HaCaT
2.65 12.93 335 5.29 244 250 12.50 250 5.00 2.50
4.94 27.29 5.05 10.80 2.92 5.00 25.00 5.00 10.00 5.00
9.92 49.85 8.98 18.95 10.96 10.00 50.00 10.00 20.00 10.00
19.44 19.75 4248 20.11 20.00 20.00 40.00 20.00

TABLE 4 Features of five cell types screened by SR method.

Dataset P-value Filtered features (grayscale values)
Hela <0.001 27,49, 77, 81, 115, 133, 136, 183, 231, 238, 242, 244, 245, 250
A549 <0.05 32, 37, 39, 40, 54, 97, 215, 218, 221, 244
HUVEC <0.05 16, 18, 20, 41, 47, 48, 52, 54, 117, 159, 180, 186, 191, 198, 220, 223, 244, 247
PCI2 <0.01 16, 18, 20, 54, 55, 76, 83, 90, 118, 193, 194, 197, 200, 204
HaCaT <0.005 12, 37, 52, 56, 64, 66, 67, 77, 122, 124, 127, 159, 172, 192, 248

controlled the number of features within 20 to optimize the
computational efficiency and generalization capability of the model.

4.3 SHAP-based analysis of the importance
of high-grayscale features

To elucidate the contribution of key features in the SR-MLP model
to pollutant concentration prediction, we applied the SHapley Additive
exPlanations (SHAP) method. Derived from game-theoretic Shapley
values, SHAP provides a consistent and interpretable quantification of
feature contributions. Using SHAP’s Explainer, we computed SHAP
values for key features on the test set and visualized the results with
beeswarm plots. In these plots, the X-axis represents SHAP values
(indicating directional contribution), the Y-axis lists features in
descending order of mean absolute SHAP value (importance), and

Frontiers in Environmental Science

point color reflects the original feature magnitude (red for high, blue
for low), thus enabling an intuitive assessment of how feature values
relate to their predictive influence (Ekanayake et al., 2022).

Analysis results are highly consistent with the key features selected
based on statistical significance, strongly confirming the experimental
finding that “features in the high grayscale range (200-255) are the core
drivers for predicting pollutant concentration.” The SHAP importance
ranking reveals that across all cell types, features located within this
high-brightness interval dominate (The SHAP beeswarm plot for HeLa
cells is shown in Figure 6, while the corresponding results for the
remaining cell types (A549, HUVEC, PC12, HaCaT) are provided in
the Supporting Information as Supplementary Figures S1-54).
Specifically, in HeLa cells, the top three features by importance are
242, 245, and 244; in A549 cells, they are 244, 221, and 218; in Huvec
cells, they are 244, 198, and 48; in PC12 cells, they are 204, 76, and 200;
and in HaCaT cells, they are 192, 37, and 172. It is particularly
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SHAP beeswarm plot for the Hela cell.

noteworthy that feature 244 ranks highly in HeLa, A549, and HUVEC
cells, indicating its stable predictive ability across different cell types.
The results for HaCaT cells show certain particularities: the top-ranked
feature in SHAP importance is 192, which, although close to, does not
fully fall within the 200-255 high-brightness range. This may suggest
that under DIN stimulation, HaCaT cells exhibit differences in
brightness response thresholds or grayscale distribution patterns
related to morphological damage compared to other cell lines—for
example, a smaller increase in brightness during apoptosis or
interference from optical properties of other subcellular structures.
This phenomenon warrants further investigation in future studies,
considering cell type specificity.

In Figure 6, key high-grayscale features (such as 242, 245, and 244)
exhibit a distribution where blue points are concentrated on the left side
of the X-axis, indicating that their lower feature values are associated
with negative SHAP values. This suggests that the model has learned not
a simple linear positive correlation but a more complex nonlinear
response relationship: it is likely that only when these feature values
exceed a certain threshold do they contribute positively and clearly to
the prediction of high concentrations. This precise capture of nonlinear
dependencies and feature interactions is precisely the intrinsic key to the
SR-MLP model’s ability to achieve high-precision predictions.

10.3389/fenvs.2026.1729913

Overall, although individual features exhibit complex nonlinear
influences in their SHAP values, from the perspective of overall
feature importance ranking and dominant patterns, these
observations align highly with morphological findings: after DIN
stimulation, cells contract, become rounded, and gradually detach,
leading to a significant increase in brightness in the cell regions, with
grayscale values concentrated in the 200-255 range (as shown in
Figure 4). Therefore, SHAP analysis confirms, at the level of model
decision-making mechanisms, that the model ultimately relies on
and integrates the information carried by these high-grayscale
features, thereby successfully mapping the biological causal
relationship between “the degree of cellular damage (manifested
as an increase in high-brightness pixels) and the rise in pollutant
concentration.”

4.4 Analysis of model training and
convergence

By monitoring the trends of training loss and validation loss,
we systematically optimized the hyperparameters of the SR-MLP
model. The optimized hyperparameter configurations are
presented in Table 5. As shown in Figure 7, after tuning, both
the training loss and validation loss exhibited a smooth
downward trend and eventually stabilized, maintaining a small
gap between them without evident divergence or premature
convergence. These results indicate that the model did not
suffer from overfitting or wunderfitting during training,
demonstrating good convergence behavior and generalization
ability (Wang et al,, 2022). This validates the effectiveness of
the adopted regularization strategies and hyperparameter

configurations.

4.5 Analysis of the superiority of nonlinear
modeling methods

Based on the comparison of model performance, we
conducted an in-depth analysis of the fundamental reasons

TABLE 5 Hyperparameter list with Mult. (multiplicity coefficient in IQR), Reg. (L2 regularization coefficient), Dropout 1 (first layer Dropout Ratio), Dropout 2
(second layer Dropout Ratio), Dropout 3 (third layer Dropout Ratio), LR (Learning Rate), Epochs (Training rounds) and Batch Size.

Dataset Method Mult Reg Dropout_1 Dropout_2 Dropout_3 LR Epochs Batch size

HeLa SR-RR 3 0.01 — — — — — —
SR-MLP 3 0.01 0.1 0.1 0.1 0.01 200 32

A549 SR-RR 2 0.01 — — — — — —
SR-MLP 2 0.01 0 0 0 0.01 150 64

HUVEC SR-RR 3 0.01 — — — — — _
SR-MLP 3 0.01 0.1 0.1 0.1 0.01 200 32

PC12 SR-RR 2 0.01 — — — — — _
SR-MLP 2 0.01 0.1 0.1 0 0.01 400 64

HaCaT SR-RR 3 0.01 — — — — — —
SR-MLP 3 0.01 0 0 0 0.01 300 64
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Loss profiles of SR-MLP model for five cell types ((a—e) are Hela, A549, PC12, HUVEC, and HaCaT cells in that order).

behind the superior performance of the SR-MLP model. Analysis
reveals that the core reason for the superior predictive
performance of SR-MLP over SR-LR and SR-RR is its ability to
model nonlinear relationships. The SR-LR and SR-RR model are
based on linear regression, which assumes a simple linear
the
concentrations, whereas SR-MLP is able to capture more
complex patterns through a multilayered neural network and

relationship  between input features and pollutant

nonlinear activation functions. To validate the nonlinear
the the
relationship between features and concentrations and used

relationship  between variables, we visualized
polynomial fit curves to observe data trends. Common
manifestations of nonlinearity: the fitted curve is not a straight
line, has inflection points, and exhibits significant curvature or

fluctuation (e.g., U-shape (Yang et al., 2020), inverted U-shape

Frontiers in Environmental Science

(Yang et al., 2020; Northoff and Tumati, 2019), and S-shape (Xiao
etal., 2009), etc.). By observing the variable fitting curves of HeLa
cells as in Figure 8, we found that the fitting curves of most of the
features showed obvious nonlinearities, such as Feature 115 and
Feature 133 showed U-shape variations. The results indicate that
SR-MLP overcomes the limitations of the SR-LR and SR-RR
linearity assumption by modeling nonlinear relationships, and
is able to more accurately describe the complex mapping between
the of cell
concentrations, improving the fitting ability and prediction

gray-scale features damage and pollutant
accuracy of the model.

Having established the core advantage of the SR-MLP model in
handling nonlinear relationships, we further applied it to
quantitatively predict environmental pollutant concentrations

based on cellular image features. This approach establishes a
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Scatterplot of variables and their fitted curves after stepwise regression for Hela cells.

direct, data-driven correlation between cellular morphological
damage severity and pollutant concentration, offering a novel
research perspective for environmental toxicity assessment. The
efficacy of the SR-MLP framework environmental
concentration prediction is corroborated by related studies. For

in

instance, Liu et al. successfully calibrated air quality monitoring data
using a similar hybrid model (Liu et al., 2021). By transferring and
validating this effective modeling strategy at the cellular level, this
study proposes a novel, efficient, and reliable computational method
for predicting pollutant concentrations based on cellular damage
features. This expands the application scope of the hybrid model to
microscopic biological response analysis.

4.6 Analysis of method applicability

To validate the applicability of the method in different cell types,
we applied the SR-MLP model to four other cell types (A549,
HUVEC, PC12, HaCaT) and evaluated the performance of the
model on different cell datasets. As can be seen from the data in
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Table 4, the SR-MLP model showed relatively small errors between
the predicted and true values at each concentration level in the HeLa,
A549, HUVEC, and PC12 cell datasets, whereas the predictions of
certain concentrations in the HaCaT cell dataset were slightly biased,
e.g., the predicted value of 2.92 ymol/L at 5 pmol/L true value, but
the predictions of other concentrations were still accurate. This
indicates that the model still has good adaptability and
generalization ability across different cellular datasets. We found
that despite the differences in biological properties and data
distribution among cell types, the overall trends were highly
similar, and the SR-MLP model was able to accurately predict
contaminant concentrations and compare the degree of cellular
damage in different cell models.

4.7 Methodological limitations and future
directions

To ensure that changes in image grayscale features primarily
reflect the toxic effects of pollutants, this study implemented
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systematic experimental design and data processing procedures to
control for potential confounding factors. Specific measures
included: during the cell culture phase, all cell lines were
standard
constant temperature and humidity, using the same batch of

cultured simultaneously in a incubator under
culture medium and serum, while controlling passage number
and inoculation density to maintain approximate consistency;
during the image acquisition phase, all samples were imaged
using the same optical microscope and a 10x objective, with fixed
exposure time, light intensity, and white balance parameters, and
each imaging session was preceded by background correction and
uniform field calibration; during the image analysis phase, an
automated segmentation pipeline based on a pre-trained model
(Cellpose cyto3) was employed, with unified flow threshold and
minimum cell size settings to eliminate morphological and
grayscale biases due to segmentation variability; during data
processing, rigorous outlier removal and data normalization
procedures were applied.

that

confounding factors are difficult to fully eliminate, such as

Nevertheless, we recognize certain  potential

intrinsic cellular heterogeneity (e.g., cell cycle distribution,
(Kondo 2021),
spontaneous morphological changes unrelated to toxicity that

metabolic  state fluctuations) et al.,
may occur during apoptosis or stress, and potential edge

illumination attenuation in microscopic imaging fields

despite calibration. These unmeasured or incompletely
controlled variables may lead the model to partially rely on
non-toxicity-related  imaging  artifacts or  biological

noise. Therefore, the quantitative “image-concentration”
relationship established in this study should be interpreted as
a strong statistical association captured under highly controlled
experimental conditions. While this association provides a
robust computational foundation and scalable framework for
image-based toxicity prediction, the underlying biological
causal chain warrants further systematic validation in the
future through approaches such as intervention experiments
(e.g., co-imaging with oxidative stress probes), multimodal data
integration (e.g.,

combining fluorescence labeling with

transcriptomics), and causal inference modeling.

5 Conclusion

This study successfully establishes a novel quantitative “image-
to-concentration” prediction paradigm based on cellular grayscale
statistical features and an SR-MLP hybrid model. The approach
enables high-accuracy, low-cost quantification of environmental
pollutants using only conventional optical microscopy images,
while demonstrating the broad applicability of high-grayscale
features as cross-cellular damage markers. In advancing
environmental toxicology, this work contributes methodologically

by introducing a data-driven framework that transforms subjective

morphological — observations into objective  concentration
predictions, thereby enhancing the standardization and
throughput of toxicity assessment. Furthermore, through

interpretable analysis, it reveals nonlinear relationships between
high-grayscale features and pollutant concentrations, opening
new pathways for linking morphological changes to toxic
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mechanisms such as apoptosis and oxidative stress. Future
research should expand the range of pollutants and toxicity
endpoints to build a comprehensive “image-feature-mechanism”
database. Developing dynamic monitoring models based on live-cell
imaging will advance the method from static detection to real-time
tracking and early warning. Additionally, efforts should focus on
clarifying the biological significance of image features and
establishing cross-platform standardization protocols to promote
wider adoption in environmental monitoring, toxicity screening,
and risk assessment.
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