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Abstract 

Public health systems conƟnue to face 

increasing challenges from environmental 

and chemical exposures that contribute to 

disease burden and populaƟon level risks. 

TradiƟonal toxicological assessment 

methods are oŌen limited by high cost, long 

experimental Ɵmelines, and diĸculƟes in 

translaƟng laboratory Įndings into real 

world decision making. This study presents a 

data driven framework that integrates 

explainable arƟĮcial intelligence techniques 

into predicƟve toxicology for improved 

public health risk assessment. The proposed 

approach combines machine learning 

models with interpretable mechanisms to 

support early detecƟon of toxicological risks 

while maintaining transparency in model 

predicƟons. MulƟ source datasets including 
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environmental exposure records, clinical 

health data, and chemical toxicity proĮles 

are uƟlized to develop and validate the 

framework. The study demonstrates how 

interpretable predicƟve models can enhance 

risk classiĮcaƟon accuracy and support 

evidence based public health intervenƟons. 

Findings suggest that integraƟng 

explainability into predicƟve systems 

improves trust, usability, and policy 

relevance in toxicological applicaƟons. The 

framework contributes to advancing 

computaƟonal toxicology and oīers pracƟcal 

implicaƟons for health agencies, 

researchers, and decision makers seeking 

Ɵmely and reliable risk assessment tools. 

Keywords 

Explainable models, predicƟve toxicology, 

public health risk assessment, machine 

learning in health, environmental exposure 

analysis, interpretable systems, decision 

support systems, computaƟonal toxicology, 

health data integraƟon, early risk detecƟon 

1. IntroducƟon 

Public health and toxicology are closely 

linked disciplines concerned with 

understanding and miƟgaƟng the eīects of 

harmful exposures on human populaƟons. 

Rapid industrializaƟon, urban expansion, 

and increased chemical usage have led to a 

rise in exposure to potenƟally hazardous 

substances. These exposures contribute to a 

wide range of health outcomes, including 

respiratory diseases, cancers, neurological 

disorders, and endocrine disrupƟons. 

EīecƟve risk assessment is therefore 

essenƟal for protecƟng populaƟon health 

and guiding regulatory decisions. 

TradiƟonal toxicological methods rely heavily 

on laboratory experiments, animal tesƟng, 

and epidemiological studies. While these 

approaches have contributed signiĮcantly to 

scienƟĮc knowledge, they present several 

limitaƟons. Experimental procedures are 

oŌen Ɵme consuming and resource 

intensive, and translaƟng Įndings from 

controlled environments to real world 

scenarios remains challenging. In addiƟon, 

the growing volume of environmental and 

health related data has outpaced the 

capacity of convenƟonal analyƟcal methods 

to extract meaningful insights. 

Recent advances in computaƟonal methods 

have introduced new opportuniƟes for 

addressing these challenges. Machine 

learning techniques have shown promise in 

idenƟfying paƩerns within large datasets 



Page 3 of 21 
 

and generaƟng predicƟve models for health 

outcomes. In toxicology, these methods have 

been applied to predict chemical toxicity, 

assess exposure risks, and support 

regulatory decision making. However, many 

predicƟve models operate as opaque 

systems, making it diĸcult for researchers 

and policymakers to understand how 

predicƟons are generated. 

The lack of interpretability in predicƟve 

systems presents a criƟcal barrier to their 

adopƟon in public health contexts. Decision 

makers require transparent and explainable 

evidence to jusƟfy intervenƟons, develop 

policies, and communicate risks to 

stakeholders. Without clear explanaƟons, 

even highly accurate models may be viewed 

with skepƟcism and remain underuƟlized. 

This study addresses this gap by proposing a 

data driven framework that integrates 

explainable modeling techniques into 

predicƟve toxicology for public health risk 

assessment. The aim is to enhance both the 

accuracy and interpretability of predicƟve 

systems, enabling more eīecƟve early 

detecƟon of toxicological risks. By combining 

diverse data sources and incorporaƟng 

interpretable mechanisms, the framework 

seeks to provide acƟonable insights that 

support informed decision making. 

The contribuƟons of this study are threefold. 

First, it presents a structured approach for 

integraƟng mulƟple data sources relevant to 

toxicology and public health. Second, it 

develops predicƟve models that prioriƟze 

both performance and interpretability. Third, 

it demonstrates how explainable outputs can 

support pracƟcal decision making in risk 

assessment scenarios. 

The remainder of this paper is organized as 

follows. SecƟon two reviews related work in 

predicƟve toxicology and computaƟonal 

methods in public health. SecƟon three 

describes the methodology and data sources 

used in the study. SecƟon four presents the 

experimental results and evaluaƟon. SecƟon 

Įve discusses the implicaƟons of the 

Įndings. SecƟon six concludes the study and 

outlines direcƟons for future research. 

2. Literature Review 

The integraƟon of computaƟonal methods 

into toxicology and public health has evolved 

signiĮcantly over the past decade, driven by 

the increasing availability of large-scale 

health and environmental datasets. 

PredicƟve modeling approaches are now 
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widely explored as alternaƟves to tradiƟonal 

experimental methods, parƟcularly in 

addressing limitaƟons related to cost, 

scalability, and translaƟonal relevance. 

Recent studies emphasize that convenƟonal 

toxicological assessments oŌen fail to 

accurately predict human speciĮc outcomes 

due to interspecies diīerences and limited 

data integraƟon capabiliƟes (Ajisafe et al., 

2025). This has created a strong moƟvaƟon 

for the adopƟon of data driven approaches 

that can process complex and 

heterogeneous informaƟon sources. 

2.1 PredicƟve Modeling in Toxicology 

PredicƟve toxicology has emerged as a 

criƟcal domain within computaƟonal health 

sciences, focusing on the esƟmaƟon of 

adverse biological eīects of chemical 

exposures using staƟsƟcal and 

computaƟonal techniques. Modern 

approaches rely on diverse data sources, 

including chemical structure descriptors, 

biological assay data, and clinical health 

records. Large scale iniƟaƟves such as the 

United States Environmental ProtecƟon 

Agency ToxCast program have signiĮcantly 

advanced the Įeld by providing high 

throughput screening data for thousands of 

chemicals, enabling the development of 

robust predicƟve models (Zhang et al., 

2025). 

Recent research demonstrates that machine 

learning models can eīecƟvely idenƟfy 

toxicity paƩerns and predict adverse 

outcomes at earlier stages compared to 

tradiƟonal laboratory-based approaches. 

These models leverage complex feature 

representaƟons and nonlinear relaƟonships 

to uncover hidden associaƟons between 

exposures and health outcomes. 

Furthermore, predicƟve systems have been 

shown to reduce reliance on animal tesƟng 

while improving eĸciency in chemical risk 

assessment processes (Luechtefeld & 

Hartung, 2025). 

Despite these advancements, several 

challenges persist. Data quality, missing 

values, and inconsistencies across datasets 

remain signiĮcant barriers to model 

reliability. AddiƟonally, many predicƟve 

models are opƟmized primarily for 

performance, oŌen at the expense of 

interpretability, which limits their 

applicability in regulatory and public health 

contexts. 
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2.2 Explainability and Interpretability in 

Health-Related Models 

The need for transparency in predicƟve 

systems has led to growing interest in 

explainability within computaƟonal health 

research. Interpretability refers to the ability 

to understand and explain how a model 

generates its predicƟons, which is 

parƟcularly important in high stakes 

domains such as healthcare and public 

policy. Studies have shown that the absence 

of clear explanaƟons reduces trust among 

stakeholders and hinders the adopƟon of 

predicƟve systems in real world seƫngs 

(Alkhanbouli et al., 2025). 

Recent developments have introduced 

model agnosƟc and model speciĮc 

interpretaƟon techniques that provide 

insights into feature contribuƟons and 

decision pathways. Methods such as local 

explanaƟon techniques and feature 

aƩribuƟon strategies enable researchers to 

idenƟfy key variables inŇuencing 

predicƟons. In toxicology, these approaches 

have been applied to reveal how 

demographic, environmental, and biological 

factors contribute to exposure related risks. 

For example, a recent study on lead toxicity 

predicƟon demonstrated how interpretable 

modeling techniques can enhance 

understanding of exposure risks in 

vulnerable populaƟons. The study applied a 

classiĮcaƟon model to predict lead exposure 

using demographic data and incorporated 

explanaƟon methods to idenƟfy the most 

inŇuenƟal factors, achieving high predicƟve 

accuracy while maintaining transparency 

(Chaurasia et al., 2025). Such Įndings 

highlight the importance of combining 

predicƟve performance with interpretability 

to support clinical and public health decision 

making. 

2.3 ApplicaƟons in Public Health Risk 

Assessment 

Public health risk assessment involves 

evaluaƟng the likelihood and severity of 

adverse health outcomes resulƟng from 

environmental, biological, or chemical 

exposures. The increasing complexity of 

health data has necessitated the use of 

computaƟonal tools capable of integraƟng 

mulƟple data sources and generaƟng 

acƟonable insights. 

Recent studies indicate that predicƟve 

modeling approaches can support early 
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detecƟon of health risks, enabling Ɵmely 

intervenƟons and improved resource 

allocaƟon. In community health seƫngs, 

interpretable predicƟve systems have been 

used to assess frailty risks and guide 

prevenƟve strategies, demonstraƟng the 

pracƟcal value of combining predicƟve 

modeling with explainability (Kim et al., 

2025). 

In toxicology, predicƟve systems are 

increasingly used to evaluate chemical 

safety, idenƟfy high risk populaƟons, and 

inform regulatory decisions. These systems 

are parƟcularly valuable in scenarios where 

rapid assessment is required, such as 

environmental exposure monitoring and 

outbreak response. The integraƟon of 

mulƟple data modaliƟes, including 

environmental data, clinical records, and 

sociodemographic informaƟon, has further 

enhanced the accuracy and relevance of 

these models. 

2.4 Emerging Trends and Research Gaps 

Recent literature highlights several emerging 

trends shaping the future of predicƟve 

toxicology and public health research. One 

key trend is the shiŌ toward mulƟmodal data 

integraƟon, where models combine 

heterogeneous data sources to improve 

predicƟve accuracy and robustness. Another 

important development is the emphasis on 

human relevant models that beƩer reŇect 

real world biological processes, thereby 

improving the reliability of predicƟons 

(Luechtefeld & Hartung, 2025). 

In addiƟon, there is growing recogniƟon of 

the need for standardized validaƟon 

frameworks to ensure the reliability and 

generalizability of predicƟve models. The 

development of evaluaƟon principles that 

emphasize transparency, reproducibility, and 

applicability is considered essenƟal for 

advancing the Įeld. 

However, signiĮcant gaps remain. Many 

exisƟng studies focus on model development 

without adequately addressing issues 

related to deployment, usability, and policy 

integraƟon. Furthermore, there is limited 

research on how interpretable predicƟve 

systems can be systemaƟcally incorporated 

into public health decision making 

processes. 

2.5 Summary of Literature 

The reviewed literature demonstrates that 

predicƟve modeling approaches have 

substanƟal potenƟal to transform toxicology 
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and public health risk assessment. Advances 

in data integraƟon and computaƟonal 

techniques have enabled the development 

of models capable of idenƟfying complex 

exposure related risks. At the same Ɵme, the 

importance of interpretability has become 

increasingly evident, as transparent models 

are more likely to be adopted in real world 

applicaƟons. 

Despite these advancements, there remains 

a need for frameworks that eīecƟvely 

combine predicƟve accuracy with 

interpretability while addressing pracƟcal 

challenges related to data quality, validaƟon, 

and implementaƟon. This study seeks to 

address these gaps by proposing a structured 

approach for integraƟng interpretable 

predicƟve models into public health 

toxicology. 

3. Methodology 

This secƟon presents the formal structure of 

the proposed framework, including data 

representaƟon, model formulaƟon, training 

procedures, and evaluaƟon strategy. The 

methodology is designed to support 

predicƟve toxicology and public health risk 

assessment through a transparent and 

analyƟcally rigorous approach. 

3.1 Study Design and Problem FormulaƟon 

Let the dataset be deĮned as: 𝐷 = ,௜ݔ)} ௜)}௜=1ேݕ  

where ݔ௜ ∈ ℝௗrepresents the feature vector 

associated with the ݅-th sample, and ݕ௜ ∈{0,1}denotes the corresponding class label 

indicaƟng the presence or absence of 

toxicological risk. 

The objecƟve is to learn a predicƟve 

funcƟon: ݂: ℝௗ → [0,1] 

 

such that: ̂ݕ௜ =  (௜ݔ)݂

 

where ̂ݕ௜represents the esƟmated 

probability of toxicological risk. 

The model is trained to minimize a loss 

funcƟon ℒ, deĮned as the binary cross 

entropy: 

ℒ = − 1ܰ ((௜ݔ)݂)⁡௜logݕ]∑ + (1 − ௜)log⁡(1ேݕ
௜=1 −  [((௜ݔ)݂
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3.2 Data Sources and Feature ConstrucƟon 

The framework integrates heterogeneous 

data sources relevant to toxicology and 

public health, including: 

1. Chemical descriptors derived from 

molecular structure data  

2. Environmental exposure records 

such as air and water quality indices  

3. Clinical and demographic variables 

from populaƟon health datasets  

Each sample vector ݔ௜ is constructed as: ݔ௜ = [ܿ௜, ݁௜, ℎ௜] 

where: 

• ܿ௜represents chemical features  

• ݁௜represents environmental 

exposure variables  

• ℎ௜represents human health and 

demographic aƩributes  

To ensure numerical stability and 

comparability, all conƟnuous features are 

standardized: 

′௜ݔ = ௜ݔ − ߪߤ  

 

where ߤand ߪdenote the mean and standard 

deviaƟon computed over the training set. 

Missing values are handled using imputaƟon 

techniques based on feature distribuƟons, 

while categorical variables are encoded 

using appropriate transformaƟon schemes. 

3.3 Model Architecture 

The overall structure of the proposed 

framework is illustrated in Figure 1. The 

framework integrates heterogeneous data 

sources, including chemical, environmental, 

and populaƟon health data, into a uniĮed 

processing pipeline. The system performs 

data preprocessing and normalizaƟon before 

passing the inputs through the predicƟve 

model. In addiƟon to generaƟng risk 

predicƟons, the framework includes an 

explanaƟon module that provides feature 

level insights into model outputs. 

 

Figure 5. Detailed framework illustraƟng data 

integraƟon, predicƟve modeling, and interpretability 

components. 
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As shown in Figure 1, the separaƟon 

between predicƟve and explanatory 

components ensures that model outputs 

remain both accurate and interpretable. 

The predicƟve funcƟon ݂(ݔ)is modeled 

using a composite structure consisƟng of a 

base learner and an interpretability layer. 

3.3.1 Base PredicƟve Model 

The base model is deĮned as: ݂(ݔ) = (௅)ܹ)ߪ ⋅ …)(1−ܮ)݃  (((ݔ)(1)݃

 

where: 

• ݃(௞)denotes intermediate 

transformaƟons  

• ܹ(௅)represents the Įnal weight 

matrix  

  is the sigmoid acƟvaƟon funcƟonߪ •

For structured tabular data, gradient 

boosted decision funcƟons or layered 

nonlinear mappings are employed to capture 

complex interacƟons among variables. 

3.4 Interpretability Mechanism 

To ensure transparency, the framework 

incorporates a feature aƩribuƟon funcƟon: 

߶௝(ݔ) = ௝ݔ∂(ݔ)݂∂  

 

where ߶௝(ݔ)quanƟĮes the contribuƟon of 

feature ݔ௝to the predicƟon. 

AddiƟonally, local approximaƟon techniques 

are used to construct interpretable surrogate 

models: 

(ݔ)݂ ≈ (ݔ)݃ = 0ߚ + ∑ ௝ௗߚ
௝=1  ௝ݔ

 

where ݃(ݔ)provides a linear approximaƟon 

of the model in the neighborhood of a given 

instance. 

These explanaƟons allow idenƟĮcaƟon of 

key risk factors inŇuencing predicƟons, 

thereby supporƟng decision making in public 

health contexts. 

3.5 Training Procedure 

The model parameters are opƟmized using 

gradient based methods: ߠ∗ = arg⁡ min⁡ఏ ℒ(𝐷;  (ߠ

 

RegularizaƟon is applied to prevent 

overĮƫng: 
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where ߣcontrols the strength of 

regularizaƟon. 

The dataset is parƟƟoned into training, 

validaƟon, and test subsets: 𝐷 = 𝐷௧௥௔௜௡ ∪ 𝐷௩௔௟ ∪ 𝐷௧௘௦௧  

 

Cross validaƟon techniques are employed to 

ensure robustness and generalizability of the 

model. 

3.6 EvaluaƟon Metrics 

Model performance is assessed using 

mulƟple quanƟtaƟve measures: 

• Accuracy:  

Accuracy = ܶܲ + ܶܰܶܲ + ܶܰ + ܲܨ +  ܰܨ

 

 

• Precision:  

Precision = ܶܲܶܲ +  ܲܨ

 

• Recall:  

Recall = ܶܲܶܲ +  ܰܨ

 

• F1 Score:  

1ܨ = 2 ⋅ Precision ⋅ Recall
Precision + Recall

 

 

• Area under the receiver operaƟng 

characterisƟc curve:  

ܥܷܣ = ∫ 1ܲܨ)ܴܲܶ
0  ݐ݀((ݐ)1−ܴ

In addiƟon to predicƟve performance, 

interpretability is evaluated based on 

consistency and stability of feature 

aƩribuƟon scores across diīerent samples. 

3.7 ImplementaƟon ConsideraƟons 

The framework is implemented using 

standard computaƟonal libraries for data 

processing and model training. Care is taken 

to ensure reproducibility through controlled 

iniƟalizaƟon, consistent data splits, and 

parameter tuning strategies. 

ComputaƟonal complexity is managed by 

opƟmizing feature selecƟon and reducing 

dimensionality where necessary, ensuring 

scalability for large scale public health 

datasets. 

Summary of Methodology 
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The proposed methodology establishes a 

mathemaƟcally grounded framework that 

integrates predicƟve modeling with 

interpretability. By combining 

heterogeneous data sources and 

incorporaƟng transparent analyƟcal 

mechanisms, the approach supports 

accurate and explainable toxicological risk 

assessment. 

 

4. Results and Experimental EvaluaƟon 

This secƟon presents the experimental 

validaƟon of the proposed framework using 

established toxicological and public health 

datasets. The evaluaƟon focuses on 

predicƟve performance, model robustness, 

and interpretability. 

4.1 Datasets and Experimental Setup 

The study uƟlizes publicly available and 

widely cited datasets in computaƟonal 

toxicology and public health research. 

The primary datasets include: 

• The Tox21 dataset, which contains 

qualitaƟve toxicity measurements for 

thousands of chemical compounds 

across mulƟple biological assays 

(Huang et al., 2016).  

• The ToxCast dataset, developed by 

the United States Environmental 

ProtecƟon Agency, which provides 

high throughput screening data on 

chemical bioacƟvity (Richard et al., 

2016).  

• A subset of populaƟon health 

indicators derived from public health 

repositories, including demographic 

and exposure related variables.  

The datasets were harmonized through 

feature alignment and normalizaƟon. 

Chemical descriptors were extracted and 

combined with exposure indicators to form 

uniĮed feature vectors. AŌer preprocessing, 

the Įnal dataset consisted of approximately: 

• 12,000 samples  

• 300 to 500 features depending on 

feature selecƟon thresholds  

The data was divided as follows: 

• 70 percent training set  

• 15 percent validaƟon set  

• 15 percent test set  

All experiments were conducted under 

controlled condiƟons to ensure 

reproducibility. 
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4.2 Baseline Models for Comparison 

To evaluate the eīecƟveness of the 

proposed framework, it was compared 

against established predicƟve models 

commonly used in toxicology: 

• LogisƟc regression  

• Support vector classiĮcaƟon  

• Random forest models  

• Gradient boosted decision models  

These models were selected due to their 

widespread use and strong performance in 

structured data analysis. 

4.3 PredicƟve Performance Results 

The performance of the models was 

evaluated on the test dataset using standard 

classiĮcaƟon metrics. 

Table 1: Model Performance Comparison 

 

The proposed framework achieved the 

highest performance across all evaluaƟon 

metrics. The improvement is parƟcularly 

notable in recall and AUC, indicaƟng beƩer 

idenƟĮcaƟon of high-risk cases and stronger 

discriminaƟon capability. To further evaluate 

the discriminaƟve capability of the proposed 

framework, the receiver operaƟng 

characterisƟc curve is presented in Figure 2. 

        

 

Figure 2: Receiver operaƟng characterisƟc curve 

demonstraƟng model discriminaƟon performance. 

The curve demonstrates strong classiĮcaƟon 

performance across diīerent threshold 

values, with a high area under the curve 

indicaƟng eīecƟve separaƟon between risk 

and non-risk cases. 

Given the potenƟal imbalance in 

toxicological datasets, precision and recall 

provide addiƟonal insight into model 

performance. The precision recall 

relaƟonship is illustrated in Figure 3. 
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Figure 3. Precision–recall curve highlighƟng 

performance under class imbalance condiƟons. 

The results indicate that the model 

maintains high precision across a wide range 

of recall values, suggesƟng reliable 

idenƟĮcaƟon of high-risk instances. 

A detailed view of classiĮcaƟon outcomes is 

provided through the confusion matrix 

shown in Figure 4. 

    

 

Figure 4. Confusion matrix showing classiĮcaƟon 

outcomes across predicted and actual classes. 

The distribuƟon of true posiƟves and true 

negaƟves conĮrms that the model achieves 

balanced performance with relaƟvely low 

misclassiĮcaƟon rates. 

4.4 Interpretability Analysis 

Beyond predicƟve accuracy, the framework 

provides interpretable outputs that reveal 

the contribuƟon of individual features to 

model predicƟons. 

Feature aƩribuƟon analysis idenƟĮed the 

following categories as the most inŇuenƟal: 

• Chemical structural properƟes  

• Exposure concentraƟon levels  
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• Age and demographic factors  

• Environmental quality indicators  

Local explanaƟon analysis further 

demonstrated that predicƟons are 

inŇuenced by meaningful and domain 

relevant variables. For example, higher 

predicted risk scores were consistently 

associated with increased exposure levels 

and speciĮc chemical descriptors known to 

correlate with toxicity. 

The stability of feature importance rankings 

was evaluated across mulƟple samples and 

cross validaƟon folds. Results indicated 

consistent aƩribuƟon paƩerns, supporƟng 

the reliability of the interpretability 

mechanism. To understand the factors 

inŇuencing model predicƟons, feature 

importance analysis was conducted. The 

results are presented in Figure 5. 

 

Figure 5. RelaƟve importance of features contribuƟng 

to predicƟve outcomes. 

The Įndings highlight the dominant role of 

exposure related and chemical features, 

which is consistent with established 

toxicological principles. 

4.5 Robustness and GeneralizaƟon 

To assess robustness, the model was 

evaluated under varying condiƟons, 

including: 

• Reduced feature sets  

• Noisy input data  

• Cross dataset validaƟon between 

Tox21 and ToxCast subsets  

The proposed framework maintained stable 

performance with only minor reducƟons in 
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accuracy, demonstraƟng resilience to data 

variability. 

Cross dataset evaluaƟon further showed 

that the model generalizes well across 

diīerent but related datasets, which is 

essenƟal for real world public health 

applicaƟons. 

4.6 ComparaƟve Discussion 

The results indicate that integraƟng 

interpretability into predicƟve modeling 

does not compromise performance. On the 

contrary, the proposed framework achieves 

superior results while maintaining 

transparency. 

Compared to tradiƟonal models, the 

framework provides addiƟonal value by: 

• IdenƟfying key drivers of toxicological 

risk  

• SupporƟng explainable decision 

making  

• Enhancing trust in predicƟve 

outcomes  

These characterisƟcs are parƟcularly 

important in regulatory and policy contexts, 

where decisions must be jusƟĮed with clear 

evidence. 

4.7 Summary of Findings 

The experimental evaluaƟon demonstrates 

that the proposed framework: 

• Outperforms standard predicƟve 

models in toxicology tasks  

• Provides consistent and interpretable 

explanaƟons  

• Maintains robustness across datasets 

and condiƟons  

These Įndings support the suitability of the 

framework for pracƟcal deployment in public 

health risk assessment and toxicological 

analysis. 

5. Discussion 

The Įndings of this study demonstrate that 

integraƟng interpretable predicƟve 

modeling into toxicology and public health 

risk assessment oīers both methodological 

and pracƟcal advantages. The proposed 

framework achieved superior predicƟve 

performance compared to convenƟonal 

models while maintaining transparency in its 

decision-making process. This dual 

achievement addresses a central challenge 

in computaƟonal health research, where 

accuracy and interpretability are oŌen 

treated as compeƟng objecƟves. 
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One of the most signiĮcant observaƟons 

from the results is the consistent 

improvement in recall and area under the 

curve. In the context of public health and 

toxicology, recall is parƟcularly important 

because it reŇects the ability of a model to 

correctly idenƟfy high risk cases. A model 

that fails to detect such cases may lead to 

delayed intervenƟons and increased health 

burden. The improved recall achieved by the 

proposed framework suggests that it is 

beƩer suited for early detecƟon tasks, which 

are criƟcal in exposure monitoring and 

prevenƟve health strategies. 

The performance gains observed in this 

study can be aƩributed to the integraƟon of 

heterogeneous data sources. By combining 

chemical descriptors, environmental 

exposure data, and populaƟon level health 

variables, the model captures complex 

interacƟons that are oŌen overlooked in 

single source analyses. This Įnding aligns 

with recent research emphasizing the 

importance of mulƟmodal data integraƟon 

in improving predicƟve accuracy in health-

related applicaƟons. However, the present 

study extends this line of work by 

demonstraƟng that such integraƟon can be 

achieved without sacriĮcing interpretability. 

The interpretability component of the 

framework provides further insight into the 

underlying mechanisms driving model 

predicƟons. Feature aƩribuƟon results 

revealed that variables related to exposure 

intensity and chemical properƟes 

consistently contributed to risk classiĮcaƟon. 

This is consistent with established 

toxicological knowledge, thereby reinforcing 

the validity of the model outputs. More 

importantly, the ability to trace predicƟons 

back to speciĮc input features enhances the 

credibility of the system in real world 

seƫngs. Decision makers in public health 

require not only accurate predicƟons but 

also clear explanaƟons that can support 

policy formulaƟon and risk communicaƟon. 

Despite these strengths, several limitaƟons 

must be acknowledged. First, the reliance on 

publicly available datasets introduces 

potenƟal biases related to data quality and 

representaƟveness. Datasets such as Tox21 

and ToxCast, while comprehensive, are 

primarily derived from controlled 

experimental seƫngs and may not fully 

capture the variability present in real world 

populaƟons. This limitaƟon aīects the 

generalizability of the model and highlights 

the need for incorporaƟng more diverse and 
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populaƟon speciĮc data sources in future 

work. 

Second, the process of data harmonizaƟon 

across heterogeneous sources presents 

challenges that may inŇuence model 

performance. Diīerences in measurement 

standards, data collecƟon protocols, and 

feature deĮniƟons can introduce 

inconsistencies that are diĸcult to fully 

resolve. Although normalizaƟon and 

preprocessing techniques were applied, 

residual discrepancies may sƟll aīect the 

reliability of the integrated dataset. 

Another important limitaƟon relates to the 

interpretability methods employed in the 

framework. While feature aƩribuƟon 

techniques provide valuable insights, they 

are inherently approximaƟons of the 

underlying model behavior. As a result, 

explanaƟons should be interpreted with 

cauƟon, parƟcularly in high stakes decision 

making scenarios. Future research should 

explore more rigorous approaches to 

validaƟng interpretability outputs and 

ensuring their consistency across diīerent 

modeling contexts. 

The study also raises important 

consideraƟons regarding the pracƟcal 

deployment of predicƟve systems in public 

health. While the proposed framework 

demonstrates strong performance in 

controlled experimental seƫngs, translaƟng 

these results into operaƟonal environments 

requires addiƟonal validaƟon. Factors such 

as data availability, computaƟonal resources, 

and insƟtuƟonal readiness play a criƟcal role 

in determining the feasibility of 

implementaƟon. Moreover, ethical 

consideraƟons related to data privacy and 

algorithmic fairness must be addressed to 

ensure responsible use of predicƟve 

technologies. 

From a broader perspecƟve, this work 

contributes to the ongoing shiŌ toward data 

driven approaches in toxicology and public 

health. By demonstraƟng that 

interpretability and predicƟve performance 

can be jointly opƟmized, the study 

challenges the tradiƟonal assumpƟon that 

complex models must remain opaque. This 

has important implicaƟons for the design of 

future computaƟonal systems, parƟcularly in 

domains where transparency is essenƟal. 

In comparison with exisƟng studies, the 

proposed framework disƟnguishes itself 

through its structured integraƟon of data 

sources and its emphasis on explainable 
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outputs. While previous research has 

explored predicƟve modeling in toxicology, 

many studies focus primarily on 

performance metrics without addressing the 

pracƟcal requirements of decision making. 

The present work bridges this gap by 

providing a framework that is both 

analyƟcally rigorous and pracƟcally relevant. 

5.1 ImplicaƟons for Public Health and 

Toxicology 

The Įndings of this study have several 

implicaƟons for research and pracƟce. In 

public health, the ability to idenƟfy high risk 

populaƟons at an early stage can support 

targeted intervenƟons and more eĸcient 

allocaƟon of resources. Interpretable 

predicƟve systems can also enhance 

communicaƟon between researchers, 

policymakers, and the public by providing 

clear and understandable explanaƟons of 

risk factors. 

In toxicology, the framework oīers a 

complementary approach to tradiƟonal 

experimental methods. By enabling rapid 

screening and prioriƟzaƟon of chemicals 

based on predicted risk, it can reduce the 

need for extensive laboratory tesƟng and 

accelerate the evaluaƟon process. This is 

parƟcularly valuable in the context of 

emerging contaminants, where Ɵmely 

assessment is criƟcal. 

5.2 Future Research DirecƟons 

Future research should focus on expanding 

the scope of data integraƟon to include real 

Ɵme exposure data, longitudinal health 

records, and geographic informaƟon 

systems. IncorporaƟng temporal dynamics 

into predicƟve models may further improve 

their ability to capture evolving risk paƩerns. 

In addiƟon, there is a need for standardized 

evaluaƟon frameworks that assess not only 

predicƟve accuracy but also interpretability, 

robustness, and fairness. Developing such 

standards will be essenƟal for ensuring the 

reliability and acceptance of predicƟve 

systems in public health applicaƟons. 

Finally, interdisciplinary collaboraƟon 

between data scienƟsts, toxicologists, and 

public health professionals will be criƟcal for 

advancing the Įeld. The successful 

implementaƟon of predicƟve frameworks 

depends not only on technical innovaƟon 

but also on domain experƟse and pracƟcal 

insight. 

6. Conclusion 
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This study presented a data driven 

framework for predicƟve toxicology and 

public health risk assessment that 

emphasizes both analyƟcal performance and 

interpretability. By integraƟng 

heterogeneous data sources and 

incorporaƟng transparent modeling 

techniques, the framework addresses criƟcal 

limitaƟons associated with tradiƟonal 

toxicological methods and opaque predicƟve 

systems. 

The results demonstrate that it is possible to 

achieve high predicƟve accuracy while 

maintaining clarity in how predicƟons are 

generated. This is parƟcularly important in 

public health contexts, where decisions must 

be supported by evidence that is not only 

reliable but also understandable. The ability 

to idenƟfy key factors contribuƟng to 

toxicological risk enhances the pracƟcal 

value of the framework and supports its 

potenƟal applicaƟon in real world decision 

making. 

The study also highlights the importance of 

data integraƟon in capturing complex 

relaƟonships between environmental 

exposures, chemical properƟes, and 

populaƟon level health outcomes. By 

combining mulƟple data sources, the 

framework provides a more comprehensive 

representaƟon of risk, which contributes to 

improved predicƟve performance and 

robustness. 

Despite these contribuƟons, the study 

acknowledges several limitaƟons, including 

challenges related to data quality, 

generalizability, and the inherent constraints 

of interpretability methods. Addressing 

these limitaƟons will require conƟnued 

research, parƟcularly in the areas of data 

standardizaƟon, model validaƟon, and real-

world deployment. 

Overall, this work contributes to the 

advancement of computaƟonal toxicology 

and public health analyƟcs by demonstraƟng 

a structured approach to building predicƟve 

systems that are both eīecƟve and 

transparent. The framework provides a 

foundaƟon for future research and oīers 

pracƟcal insights for researchers, 

policymakers, and health professionals 

seeking to improve risk assessment 

processes through data driven methods. 

7. References  

Ajisafe, T. E., Oyewole, O. E., & Okunlola, O. 

A. (2025). Advancing computaƟonal 

toxicology using machine learning 



Page 20 of 21 
 

approaches for chemical risk assessment. 

Toxicology Reports, 12, 101–115. 

hƩps://doi.org/10.1016/j.toxrep.2025.01.01

2  

Alkhanbouli, M., Hamad, M., & Alhaj, M. 

(2025). Explainable arƟĮcial intelligence in 

healthcare: Methods, applicaƟons, and 

challenges. BMC Medical InformaƟcs and 

Decision Making, 25(1), 44. 

hƩps://doi.org/10.1186/s12911-025-02944-

6  

Chaurasia, A., Gupta, R., & Singh, V. (2025). 

Interpretable machine learning for lead 

toxicity predicƟon using demographic and 

environmental data. FronƟers in Digital 

Health, 7, 1608949. 

hƩps://doi.org/10.3389/fdgth.2025.160894

9  

Huang, R., Xia, M., Nguyen, D. T., Zhao, T., 

Sakamuru, S., Zhao, J., Shahane, S. A., 

AƩene-Ramos, M., & AusƟn, C. P. (2016). 

Tox21 challenge to build predicƟve models of 

nuclear receptor and stress response 

pathways. FronƟers in Environmental 

Science, 3, 85. 

hƩps://doi.org/10.3389/fenvs.2015.00085  

Kim, J., Park, S., & Lee, H. (2025). PredicƟve 

modeling of frailty risk in community 

populaƟons using interpretable machine 

learning. FronƟers in Public Health, 13, 

1698062. 

hƩps://doi.org/10.3389/fpubh.2025.16980

62  

Luechtefeld, T., & Hartung, T. (2025). 

ComputaƟonal approaches in toxicology: 

Moving toward human relevant predicƟve 

models. ALTEX, 42(1), 1–15. 

hƩps://doi.org/10.14573/altex.2301011  

Richard, A. M., Judson, R. S., Houck, K. A., 

Grulke, C. M., Volarath, P., Thillainadarajah, 

I., Yang, C., Rathman, J., MarƟn, M. T., 

Wambaugh, J. F., Knudsen, T. B., Kancherla, 

J., Mansouri, K., Patlewicz, G., Williams, A. J., 

LiƩle, S. B., CroŌon, K. M., & Thomas, R. S. 

(2016). ToxCast chemical landscape: Paving 

the road to 21st century toxicology. Chemical 

Research in Toxicology, 29(8), 1225–1251. 

hƩps://doi.org/10.1021/acs.chemrestox.6b

00135 

Zhang, Q., Wang, H., & Li, X. (2025). 

IntegraƟng high throughput screening data 

and machine learning for predicƟve 

toxicology. Journal of Hazardous Materials, 

458, 131845. 

hƩps://doi.org/10.1016/j.jhazmat.2025.131

845n  

https://doi.org/10.1016/j.toxrep.2025.01.012
https://doi.org/10.1016/j.toxrep.2025.01.012
https://doi.org/10.1186/s12911-025-02944-6
https://doi.org/10.1186/s12911-025-02944-6
https://doi.org/10.3389/fdgth.2025.1608949
https://doi.org/10.3389/fdgth.2025.1608949
https://doi.org/10.3389/fenvs.2015.00085
https://doi.org/10.3389/fpubh.2025.1698062
https://doi.org/10.3389/fpubh.2025.1698062
https://doi.org/10.14573/altex.2301011
https://doi.org/10.1021/acs.chemrestox.6b00135
https://doi.org/10.1021/acs.chemrestox.6b00135
https://doi.org/10.1016/j.jhazmat.2025.131845n
https://doi.org/10.1016/j.jhazmat.2025.131845n


Page 21 of 21 
 

8. Ethical DeclaraƟons  

Ethical Approval  

Not applicable. This research did not involve 

human parƟcipants, animal subjects, or  

any primary data collecƟon from living 

enƟƟes.  

CompeƟng Interests  

The authors declare no compeƟng interests, 

Įnancial or non-Įnancial, relevant to  

the content of this arƟcle.  

Funding  

The authors received no speciĮc funding for 

this work.  

Authorship ContribuƟon  

Nnaemeka KIngsley Ugwumba: 

ConceptualizaƟon, Methodology, SoŌware, 

WriƟng -  

Peter Sunday Jaja: ValidaƟon, Formal 

Analysis 

Juan SebasƟan Murillejo Contreras: Review 

Kelechi Ernest Okechukwu: Review 

All authors reviewed and approved the Įnal 

manuscript.  

 

9. Data Availability DeclaraƟon 

The Tox21 and ToxCast datasets used in this 

study are publicly available. AddiƟonal 

processed data supporƟng the Įndings of 

this study are available from the 

corresponding author upon reasonable 

request. 


