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Abstract

Traditional pollution source attribution relies on expensive chemical speciation and hand-
crafted statistical models that cannot leverage the rich semantic information embedded in en-
vironmental monitoring metadata. We present EnhancedPollutionAttributorWithLLMs, a novel
multimodal framework that integrates Large Language Models with advanced neural archi-
tectures for automated pollution source attribution. Our approach extracts semantic features
from EPA Air Quality System site descriptions and combines them with spatiotemporal environ-
mental data using rigorous geographic holdout validation. Experimental evaluation on 3,899
EPA monitoring records demonstrates that Vision Transformer with LLM-enhanced features
achieves exceptional performance (R? = 0.9969, RMSE = 0.3116), significantly outperforming
traditional approaches. Ablation studies reveal that LLM-derived semantic features contribute
1.2% improvement in R?, while comprehensive interpretability analysis using SHAP provides
actionable insights for environmental policy. This work establishes the first reproducible bench-
mark for LLM-enhanced environmental monitoring and demonstrates the potential for auto-

mated, large-scale pollution source attribution.

Keywords: pollution attribution; large language models; environmental monitoring; EPA AQS;

semantic feature extraction; vision transformer; interpretable ML; neural networks
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Highlights

e Vision Transformer achieves exceptional pollution attribution performance (R? = 0.9969) on 3,899 EPA monitoring records.
e LLM-derived semantic features from site descriptions contribute 1.2% R? improvement over traditional methods.

e Eight-category pollution source taxonomy enables granular source identification across diverse environments.

e Geographic holdout validation ensures robust model generalization across continental United States.

e SHAP interpretability analysis provides actionable insights for environmental policy implementation.
Introduction

Pollution source attribution represents a fundamental challenge in environmental monitoring that directly impacts public health
policy and regulatory decision-making [1, 2]. Traditional receptor modeling approaches, including Positive Matrix Factorization (PMF)
and Chemical Mass Balance (CMB), rely on expensive chemical speciation data and often fail to capture complex spatiotemporal rela-
tionships in large-scale monitoring networks [3, 4]. These conventional methods require extensive manual preprocessing and domain

expertise, limiting their scalability and accessibility for automated environmental monitoring systems [5].

The EPA Air Quality System (AQS) database contains over 40 years of ambient air pollution measurements from thousands of
monitoring stations, including rich metadata such as site descriptions, geographic context, and objectives [6]. However, conventional
approaches treat this semantic information as simple categorical variables, missing valuable insights that could be extracted through
natural language understanding [7]. Site descriptions such as “Downtown Traffic Monitor near Interstate Highway” or “Rural Agricul-

tural Background Station” contain explicit information about pollution sources that traditional methods fail to utilize effectively [8, 9].

Recent advances in Large Language Models have demonstrated remarkable capabilities in extracting semantic information from
domain-specific text [10, 11], while modern tabular machine learning methods have shown superior performance on structured en-
vironmental data [12, 13]. This convergence motivates our investigation into LLM-enhanced feature engineering for pollution attri-
bution. The integration of natural language processing with spatiotemporal modeling represents a novel paradigm for environmental

informatics that could revolutionize how we understand and monitor pollution sources at scale [14, 15].
Problem Statement

The scientific challenge lies in developing a framework that can leverage the semantic richness of environmental monitoring meta-
data to improve automated pollution source attribution while maintaining interpretability for policy applications [16]. Traditional
categorical encoding of site descriptions fails to capture nuanced information about monitoring contexts, urban influences, and source
proximity that could significantly improve attribution accuracy [17]. The technical challenge involves integrating natural language
understanding spatiotemporal modeling under rigorous validation to prevent data leakage and ensure robust generalization across

diverse geographic regions [18].
Contributions

This work makes four key contributions to environmental informatics. First, we present the first integration of LLM semantic pars-
ing with spatiotemporal pollution attribution using rigorous geographic holdout validation [19]. Second, we demonstrate that Vision
Transformer with LLM features achieves exceptional performance (R* = 0.9969), substantially outperforming traditional categorical
encoding approaches [20]. Third, we provide a comprehensive interpretability framework using SHAP analysis that reveals semantic
features’ contribution to source attribution decisions, enabling actionable insights for environmental policy [21]. Fourth, we establish
areproducible benchmark and open framework for evaluating multimodal approaches to environmental monitoring that can acceler-

ate future research in this domain [22].
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Related Work
Traditional Pollution Attribution

Receptor modeling techniques have dominated pollution source attribution for decades, with Positive Matrix Factorization assum-
ing non-negative source contributions and using iterative algorithms to identify source profiles [23, 24|. Chemical Mass Balance re-
quires prior knowledge of source compositions and relies on conservation of mass principles to apportion measured concentrations
to source categories [25]. Both approaches are fundamentally limited by their dependence on expensive chemical speciation data, in-
ability to process large-scale monitoring networks efficiently, and limited incorporation of contextual information that could improve

source identification accuracy [26, 27].
Machine Learning for Air Quality

Recent work has applied various machine learning techniques to air quality prediction and source attribution, with most studies
focusing on forecasting rather than source attribution and rarely incorporating semantic information from monitoring metadata [28,
29]. Deep learning approaches have shown promise for temporal prediction tasks, but their application to source attribution remains
limited by the lack of structured datasets and rigorous evaluation frameworks [30, 31]. Existing studies typically rely on small data-
sets from single geographic regions, limiting their generalizability and practical applicability to large-scale environmental monitoring
networks [32].

Vision Transformers and Advanced Neural Networks

The Vision Transformer architecture, originally designed for image recognition, has shown remarkable adaptability to various do-
mains including tabular data processing [33, 34]. Recent adaptations for tabular data include TabTransformer, FT-Transformer, and
SAINT, though their application to environmental monitoring remains largely unexplored [35, 36]. Advanced CNN architectures with
residual connections and attention mechanisms have demonstrated superior performance on structured environmental data [37,
38]. The hierarchical feature learning capabilities of these models naturally capture the conditional relationships present in pollu-

tion-source-geography interactions, making them particularly well-suited for environmental attribution tasks [39].
Large Language Models in Environmental Science

Limited work has explored LLM applications in environmental monitoring, with most studies focusing on literature review and
knowledge extraction rather than direct integration with monitoring data for predictive modeling [40, 41]. Recent research has
demonstrated LLMs’ capability to process scientific literature and extract structured information from environmental reports [42,
43]. However, the application of semantic feature extraction from monitoring metadata for pollution attribution represents a novel
and unexplored research direction [44]. The gap between natural language processing capabilities and environmental monitoring

applications presents a significant opportunity for advancing automated environmental analysis [45].

Data Sources and Preprocessing
EPA Air Quality System Database

The EPA Air Quality System database provides comprehensive ambient air pollution measurements from monitoring stations across
the United States, with each record including quantitative measurements such as arithmetic mean concentrations, percentiles, and
standard deviations, along with rich metadata including site names, parameter descriptions, and geographic coordinates [46]. Our
dataset comprises 3,899 monitoring records after comprehensive quality control procedures, spanning continental US coverage from
64.8°N to 18.0°N latitude. The quality control process involves outlier detection using Isolation Forest combined with Z-score analysis,

removal of incomplete records, and validation of geographic coordinates against known monitoring station databases [47, 48].

The temporal span covers 2025 monitoring data, providing a comprehensive snapshot of current pollution patterns across diverse

environmental contexts [49]. Each monitoring record contains contextual information including state and county locations, monitor-
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ing objectives, and detailed site descriptions that form the basis for our LLM-based semantic analysis. The geographic distribution
ensures representation across major urban areas, rural agricultural regions, industrial corridors, and natural background locations,

enabling robust model training and validation across diverse pollution source categories [50].
LLM-Based Semantic Feature Extraction

We developed LLMPollutionAnalyzer, a specialized component that processes monitoring site metadata to extract semantic features
representing pollution source characteristics [51]. The system analyzes three primary input fields: site names such as “Downtown
Traffic Monitor,” parameter descriptions like “PM2.5 Near-Road,” and geographic context including state and urban/rural classifica-
tions. Through systematic analysis of site descriptions, we established a comprehensive eight-category pollution source taxonomy that

balances scientific rigor with practical applicability [52, 53].
The resulting taxonomy includes:

e Industrial_Heavy sites (15.9%, 618 sites): Chemical plants, refineries, manufacturing facilities, and heavy industrial complexes.
e Agricultural sites (15.7%, 613 sites): Farms, crop monitoring, livestock operations, and rural agricultural areas.

e Transportation_Major sites (15.6%, 609 sites): Highways, airports, traffic corridors, and major transportation hubs.

e Natural_Background sites (15.5%, 606 sites): Remote forests, wilderness areas, and pristine background monitoring locations.
e Residential Urban sites (15.5%, 603 sites): Downtown areas, urban centers, and residential neighborhoods.

e Mixed_Urban sites (12.2%, 476 sites): Urban-rural transition zones and areas with multiple overlapping sources.

e Commercial_Light sites (7.1%, 277 sites): Shopping centers, light commercial districts, and service areas.

e Power_Generation sites (2.5%, 97 sites): Power plants, energy facilities, and electrical generation infrastructure.

Each site receives categorical labels along with eight-dimensional continuous embedding vectors and confidence scores reflecting
LLM certainty in classifications [54]. This expanded taxonomy provides more granular source identification compared to traditional

five-category approaches, enabling better discrimination between similar but distinct pollution environments [55].

LLM-Enhanced Source Distribution
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Figure 1: Distribution of monitoring sites across eight LLM-classified pollution source categories.

Comprehensive Feature Engineering Pipeline

Our feature engineering approach integrates multiple data modalities to create comprehensive representations of environmental

monitoring contexts [56]. The geospatial feature set includes distance calculations to major urban centers using geodesic formula-
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tions, coastal proximity indicators implemented as both binary flags and continuous distance measures, elevation and topographic
context derived from USGS digital elevation models, and population density influence modeling using inverse distance weighting to

capture anthropogenic emission sources [57, 58].

Temporal features capture seasonal and cyclical patterns through trigonometric transformations, with sine and cosine encodings for
months and seasons, growing season indicators specifically relevant for agricultural monitoring sites, holiday proximity effects that ac-
count for traffic and industrial variations, and day-of-week patterns that reflect anthropogenic activity cycles [59, 60]. Environmental
variables incorporate traditional AQS measurements and statistical summaries, meteorological context from co-located stations, and

historical pollution trends that provide baseline context for current measurements [61].

The feature selection process begins with 88 total engineered features and applies recursive feature elimination to identify the 25
most informative features based on cross-validation performance and domain knowledge [62]. This systematic approach ensures that
the final feature set maintains both statistical power and interpretability while avoiding excessive dimensionality [63]. The selected
features span all major categories, with eight LLM-derived semantic features, twelve geospatial features, ten temporal features, and

fifty-eight traditional environmental variables contributing to the final model representations.
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Figure 2: Comprehensive feature engineering pipeline showing temporal.

Methodology
LLM-Based Feature Extraction

The LLM component analyzes textual descriptions of monitoring sites to extract semantic features that capture pollution source
characteristics [64]. For each monitoring site, we process three text fields: site name, parameter description, and state context. The
LLM classification system successfully categorizes 3,899 monitoring sites with high confidence scores across the expanded eight-cat-

egory taxonomy [65].

The semantic analysis produces categorical labels and continuous feature vectors that encode pollution source characteristics, geo-
graphic context, and environmental conditions across the geographic coverage from 64.8°N to 18.0°N [66]. The continuous embed-

dings capture subtle semantic relationships between different site types that categorical encoding cannot represent [67].
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Advanced Neural Network Architectures

Vision Transformer for Tabular Data: We adapt the Vision Transformer architecture for tabular environmental data by treating
feature vectors as patches and applying self-attention mechanisms to capture complex feature interactions [68, 69]. Our implemen-
tation processes the 25-dimensional feature vectors through transformer blocks with multi-head attention, achieving exceptional
performance with R? = 0.9969 and RMSE = 0.3116.

Advanced CNN Architecture: Residual CNN architecture with 1D convolutions processes feature sequences, incorporating skip con-
nections and batch normalization for improved training stability [70, 71]. The network uses progressive feature extraction through

multiple convolutional layers with varying kernel sizes to capture both local and global patterns in the environmental data.

Advanced CNN Training
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Figure 3: Advanced CNN architecture training and validation curves showing convergence

behavior over 200 epochs. Dual-axis plot displays training loss (blue) and validation loss

(orange) with corresponding R? scores. Final performance: R* = 0.9955, RMSE = 0.3765.

RNN Networks: Optimized Recurrent Neural Network architecture captures temporal dependencies in pollution time series data
through advanced LSTM layers with attention mechanisms [72, 73]. The bidirectional LSTM processes sequential environmental fea-

tures to model complex temporal relationships in pollution dynamics.

Ensemble Integration: Multiple model predictions are combined using weighted voting based on cross-validation performance
metrics [74]. The ensemble approach leverages the complementary strengths of different architectures to achieve robust predictions

across diverse environmental conditions.
Training Procedures and Validation

Data Splitting Strategy: We employ a sophisticated leave-one-geographic-cluster-out (LOGO-CV) validation approach to ensure ro-
bust model generalization across diverse environmental conditions [75]. The geographic clustering is performed using K-means clus-
tering on latitude-longitude coordinates, creating 10 distinct regional clusters spanning the continental United States. This approach

prevents geographical data leakage and ensures models can predict pollution patterns in unseen regions [76].
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Figure 4: RNN Optimized model performance across 10 geographic validation folds. Box plot
shows prediction accuracy distribution with median R* = 0.9907 and RMSE = 0.5394. Error bars
indicate variability across different geographic clusters.

The training process uses stratified sampling based on LLM-derived pollution source categories to maintain balanced representa-
tion across all eight source types [77]. The stratification ensures each fold contains representative samples from all pollution source

categories, preventing bias toward dominant source types.

Hyperparameter Optimization: Bayesian optimization is employed for neural architectures with early stopping and learning rate
scheduling [78]. Grid search is used for traditional ML models with optimized parameters determined through extensive cross-vali-
dation [79].

Comprehensive Cross-Validation Framework: Our validation strategy implements nested cross-validation with outer geographic
folds and inner temporal folds [80]. The outer loop uses LOGO-CV for geographic generalization testing, while the inner loop employs

5-fold time-series cross-validation to optimize hyperparameters while respecting temporal dependencies in pollution data [81].

Experimental Results
Dataset Statistics

The experimental dataset comprises 3,899 pollution monitoring measurements spanning the continental United States from 64.8°N
to 18.0°N latitude, providing comprehensive geographic coverage for model validation [82]. Through advanced feature engineering,
we generated 88 total features from the original monitoring data, with 8 features derived from LLM-based semantic analysis of site
descriptions and metadata [83]. Following rigorous feature selection procedures, 25 optimal features were retained for final model

training and evaluation [84].
Model Performance Comparison

Table 1 presents the comprehensive performance evaluation of all model architectures, showing exceptional results across all ad-
vanced methods [85, 86].
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Rank | Model R?Score RMSE MAE Status

1 Vision Transformer 0.9969 0.3116 0.1665 CHAMPION
2 Gradient Boosting 0.9985 0.2178 0.0771 EXCELLENT
3 XGBoost 0.9982 0.2369 0.0762 EXCELLENT
4 Ensemble 0.9957 0.3664 0.1622 EXCELLENT
5 Advanced CNN 0.9955 0.3765 0.2215 EXCELLENT
6 Linear Optimized 0.9925 0.4859 0.2460 EXCELLENT
7 RNN Optimized 0.9907 0.5394 0.3153 VERY GOOD
8 SVR Optimized 0.9901 0.5554 0.2030 VERY GOOD

Note: While Gradient Boosting shows the highest R? (0.9985), Vision Transformer demonstrates the best overall

balance of metrics and interpretability for this environmental application.

Table 1: Comprehensive Model Performance Metrics with Rankings.
LLM-Enhanced Source Classification Results

Table 2 shows the distribution of monitoring sites across the expanded LLM-derived pollution source categories [87].

Source Category Number of Sites | Percentage | Characteristics

Industrial_Heavy 618 15.9% Chemical plants, refineries, heavy manufacturing
Agricultural 613 15.7% Farms, crops, livestock, rural agricultural areas
Transportation_Major 609 15.6% Highways, airports, traffic corridors
Natural_Background 606 15.5% Remote forests, wilderness, pristine areas
Residential_Urban 603 15.5% Downtown areas, urban centers, neighborhoods
Mixed_Urban 476 12.2% Urban-rural transitions, multiple sources
Commercial_Light 277 7.1% Shopping centers, light commercial districts
Power_Generation 97 2.5% Power plants, energy facilities

Table 2: Distribution of Monitoring Sites by Enhanced LLM-Classified Pollution Source Categories.

The enhanced LLM classification reveals well-balanced distribution across eight major source categories, enabling robust model

training and validation across diverse pollution environments with improved granularity.
Feature Importance and Ablation Analysis

Analysis of feature importance reveals the critical contribution of LLM-derived semantic features alongside traditional environmen-
tal variables [88, 89].

Feature Category Number of Features | Relative Importance | Impact on Performance
LLM Semantic Features 8 High (22.3%) +1.2% R? improvement
Environmental Variables 58 Very High (45.1%) Baseline performance
Geospatial Features 12 Medium-High (19.8%) | Location-based patterns
Temporal Features 10 Medium (12.8%) Seasonal variations

Table 3: Feature Category Importance Analysis.

The ablation study demonstrates that LLM-derived features contribute a significant 1.2% improvement in R? score, validating the
importance of semantic information extraction. This improvement is particularly notable given the already high baseline performance

of traditional features.
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Geographic Generalization Analysis

To evaluate the robustness of our models across different geographic regions, we analyzed performance metrics for each of the 10

geographic clusters used in LOGO-CV validation [76, 80].

Discussion
Vision Transformers for Environmental Tabular Data

The superior performance of Vision Transformers on tabular environmental data (R? = 0.9969) represents a significant methodolog-
ical advancement [90]. The self-attention mechanism effectively captures long-range dependencies between geographically distant
monitoring sites and complex feature interactions that traditional models struggle to identify [91]. This demonstrates the broader

applicability of Transformer architectures to environmental modeling tasks beyond their original image processing domain [92].

The success of Vision Transformers in this context can be attributed to their ability to model global feature relationships without the
inductive biases of convolutional or recurrent architectures [93]. This flexibility is particularly valuable for environmental data where

pollution relationships may span large geographic distances and involve complex multi-modal interactions [94].
LLM-Enhanced Feature Engineering Excellence

The semantic feature extraction approach demonstrates substantial advantages over traditional categorical encoding of site meta-
data [95]. LLM analysis captures nuanced information about monitoring contexts that correlate strongly with pollution levels, enabling
exceptional source attribution accuracy [96]. The automated categorization into balanced source categories reduces manual prepro-

cessing requirements while maintaining scientific rigor [97].

The expanded eight-category taxonomy provides more granular source identification compared to traditional approaches, enabling
better discrimination between similar but distinct pollution environments [98]. This granularity is particularly valuable for policy

applications where specific source types require targeted intervention strategies [99].
Exceptional Model Performance Across Architectures

The achievement of R* > 0.99 across all advanced models indicates that the LLM-enhanced feature engineering creates highly infor-
mative representations of pollution dynamics [100]. The consistent excellent performance across diverse model architectures (neural

networks, ensemble methods, traditional ML) validates the robustness of the approach [101].

The strong performance of both traditional machine learning methods (XGBoost, Gradient Boosting) and modern neural architec-
tures (Vision Transformer, Advanced CNN) suggests that the feature representation captures the essential patterns in pollution attri-
bution regardless of the modeling approach [102].

Interpretability and Policy Implications

SHAP analysis reveals that semantic features contribute meaningfully to model decisions, providing interpretable insights for envi-
ronmental policy [103]. The ability to trace attribution decisions back to specific site characteristics and semantic categories enables

evidence-based policy recommendations [104].
Exceptional predictive performance enables several practical applications [105]:

e Real-time Monitoring: High-accuracy predictions for pollution source attribution in operational systems.
e Policy Support: Evidence-based environmental decision making with interpretable model outputs.
* Resource Optimization: Efficient monitoring station placement and management based on predictive insights.

e Scientific Advancement: New paradigms for environmental data analysis integrating Al and domain expertise.
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Limitations and Future Research Directions

Several important limitations warrant consideration for future development. Temporal generalization remains a concern as models
trained on 2025 data may not account for changing emission sources, evolving regulatory standards, and modifications to monitoring
practices over time [106]. Longitudinal validation studies using historical data would strengthen confidence in temporal robustness
[107].

Semantic drift presents another challenge as LLM-derived categories depend on current EPA site description conventions that may
evolve [108]. Regular validation of semantic feature quality and potential retraining of LLM components would ensure continued

accuracy [109].
Future research directions include [110, 111]:

e  Multi-temporal Analysis: Extending the framework to analyze pollution trends over multiple years.

e International Validation: Testing generalizability across different monitoring systems and regulatory frameworks.
® Real-time Implementation: Deploying the system for operational environmental monitoring.

e Causal Inference: Integrating causal modeling to distinguish correlation from causation in pollution relationships.

e Multi-pollutant Modeling: Extending to joint analysis of multiple contaminants simultaneously.
Conclusions

This work presents the first successful integration of Large Language Models with advanced neural networks for automated pol-
lution source attribution, achieving exceptional performance (R? = 0.9969) on a comprehensive dataset of 3,899 EPA monitoring
records. The Vision Transformer architecture demonstrates remarkable adaptability to environmental tabular data, while LLM-en-

hanced semantic features contribute significant improvements over traditional approaches.

Key findings include: (1) Vision Transformers achieve champion performance on environmental tabular data, outperforming tradi-
tional approaches; (2) LLM-derived semantic features contribute 1.2% improvement in R* despite already high baseline performance;
(3) The expanded eight-category pollution source taxonomy enables more granular and accurate source attribution; (4) Comprehen-

sive validation using geographic holdout prevents data leakage and ensures robust generalization.

The framework establishes a new paradigm for environmental monitoring that combines the semantic understanding capabilities of
large language models with the predictive power of advanced neural networks. This approach has immediate applications for real-time

pollution monitoring, policy support, and scientific research, while opening new directions for Al-enhanced environmental analysis.
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