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Abstract: Prediction and mitigation are important challenges in order to adequately address the environmental and public health
threat of air pollution PM2.5. This study presents a new “Machine Learning (ML) and “Explainable Artificial Intelligence (XAI)”
method that combines with fine-tuned Large Language Model (LLM) for forecasting PM2.5 atmospheric pollution and analyzing
the effects of Electric Vehicles (EVs) on the environment. Data from Air Quality Data in India from Kaggle were preprocessed by
removing missing values, duplicate records, detecting outliers, scaling features and splitting it into 80:20 train test sets. The
ensemble learning models such as Random Forest, XGBoost, LightGBM and LSTM were tested using MAE, RMSE and R2
metrics. LightGBM achieved the best performance with MAE =4.08, RMSE =5.02, and R? = 0.97. The feature importance analysis
indicates that PM10 (0.284), NO: (0.226) and temperature (0.173) are the most important features. The SHAP indicates that PM10
(0.312) is the most important feature. Seasonal analysis revealed that the season with the highest PM2.5 was December (165.8
pg/m?) and that of the lowest was July (36.9 ug/m?®). The proposed framework offers reliable, understandable and policy informed
air quality forecasts for sustainable environmental management.

Keywords: PM2.5 Prediction, Machine Learning, Explainable Artificial Intelligence (XAI), Large Language Models (LLMs),
Electric Vehicle (EV) Impact Analysis.

1. Introduction

Particularly in the world's fast growing urban and industrial regions, air pollution has become one of the
biggest environmental and public health concerns. One of the most harmful air pollutants is particulate matter with an
aerodynamic diameter of less than 2.5 um (PM2.5), which can be deeply inhaled and enter the bloodstream, causing
respiratory conditions, cardiovascular diseases, and early death [1].The “World Health Organisation(WHO)” states
that millions of people around the world are dying every year due to prolonged exposure of PM2.5, which highlights
the importance of precise monitoring, forecasting and mitigation measures [2]. Although a large number of traditional
statistical models have been developed for air quality forecasting, these models fail to provide sufficient capability for
modelling complex nonlinear relationships among the wide range of meteorological, traffic, industrial and
environmental variables and thereby lead to poor forecast accuracy under dynamic atmospheric conditions [3].

The latest progress in “Machine Learning (ML)” has led to improved prediction of air quality by creating
models that could capture complex-space time structure in vast datasets related to the environment [4]. Recent
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algorithms and techniques like “Random Forest (RF)”, “Extreme Gradient Boosting (XGBoost)”, “Light Gradient
Boosting Machine (LightGBM)”, “Support Vector Regression (SVR)” and deep learning models such as “Long Short-
Term Memory (LSTM)” networks are shown to improve performance over traditional approaches [5]. However, many
of these models are “black box” models which offer little transparency on the factors affecting the PM2.5 prediction
[6]. This opacity could be problematic for policy makers, environmental agencies and urban planners who need
reliable and transparent predictions to aid decision making for effective interventions [7, 8].

“Explainable Artificial Intelligence (XAI)” has come to the fore as an interesting remedy for enhancing
transparency and dependability of machine learning systems. “SHapley Additive exPlanations (SHAP)”, “Local
Interpretable Model-Agnostic Explanations (LIME)” and feature importance analysis could be used to gain insight
from a model's decisions by determining the relative importance of environmental and anthropogenic variables [9].
The integration of XAl and machine learning helps stakeholders to comprehend not simply the predicted amount of
PM2.5 but additionally the main causes behind pollution episodes. Providing such explainability would increase user
confidence, aid in scientific interpretation and enable development of specific air quality management strategies [10,
11].
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Figure 1: PM2.5 Exposure Pathway [12]

At the same time, the rapid development of “Large Language Models (LLMs)” have created fresh
opportunities for environmental intelligence. In addition to natural language processing, LLMs could be trained to
interpret domain-specific environmental texts, summarise prediction results, support the environmental decision-
making process and give human-readable explanations of intricate analysis results by fine-tuning them with domain-
specific environmental literature, air quality reports and policies [13]. When finely-trained with air quality data and
XAl outputs, these LLMs could be used to fine-tune the predictive ability and performance of these models, facilitating
communication between technical specialists and decision-makers and bridging the gap between predictive analytics
and actionable recommendations on environmental health [14, 15].

Section 2 discusses the most recent literature review on PM2.5 forecast, explainable Al, LLMs, and EV effect
assessment. The dataset description, data preprocessing, feature engineering, machine learning models, XAI
framework, LLM fine-tuning, and EV impact analysis are all included in the suggested methodology, which is covered
in section 3.Section 4 discusses the experimental setup, evaluation measures, and implementation specifics. A
performance comparison with alternative methods, explainability data, interpretations produced by the LLM, and an
examination of the EV situations are all presented in Section 5.The main objectives are as follows:

1. To develop a robust machine learning framework for accurate prediction of PM2.5 concentrations using
meteorological, traffic and environmental variables.

il. To integrate Explainable Al (XAI) techniques for interpreting model predictions and identifying the most
influential factors affecting PM2.5 levels.

iii. To fine-tune a domain-specific “Large Language Model (LLM)” for generating interpretable summaries,
environmental insights and decision-support explanations based on prediction and XAI outputs.

iv. To evaluate the potential impact of “Electric Vehicle (EV)” adoption on PM2.5 reduction under different
urban transportation scenarios and provide policy-oriented recommendations.
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2. Literature Review

The proposed “Machine Learning and Explainable Al (XAI)” framework was found to be more effective in
predicting PM2.5 estimation than the other traditional machine learning and deep learning models mentioned in the
literature. Singh et al. [17] used a stacking ensemble model to obtain the R? ranging from 0.79 to 0.82 and RMSE of
27-31 pg/m3, while Zeng et al. [18] showed that the Transformer-LSTM model had superior performance over LSTM
and CNN-LSTM models for multi-variate PM2.5 predictions. Likewise, a hybrid CNN-LSTM method achieved an
F1-score of 91% [19] and a complete switch to electric vehicles (EVs) in 100% lead to a reduction of PM2.5 emissions
by 24.53% [20], making transportation policies crucial. The study by Ai et al. [21] also revealed that the installation
of EVs amounted to a significant decrease of urban pollution, with the displacement of this pollution towards coal-
based power generation areas. The hybrid Al models used for vehicle-emission prediction were proven effective by
Priyanto et al. [22] with R? values close to 1.0.

Furthermore, some recent machine learning methods have achieved an outstanding accuracy of prediction.
For PM2.5 prediction, Makhadoomi et al. [23]'s Gradient Boosting Regressor gave the best results, an RMSE of 2.31
and MSE of 5.33. Khan et al. [24] reported that XGBoost model provided the minimum root mean square deviation
of 6.90 and maximum R2 of 0.934 for the prediction of air quality index and Ghadi et al. [25] used Explainable Al
with an accuracy of 86% and R2 value of 0.9624 in the vehicle smogs forecasting task. To improve the transparency
of the model, Mohapatra et al. [26] applied SHAP and LIME and PDP to give the model an attribute importance value
of 11.40 for the city-level AQI forecasting application. Similarly, Desai et al. [27] achieved 92.4% accuracy of
prediction and resulted in 40% lesser errors while forecasting in an explainable multimodal system.

Additional results confirm the stability of hybrid and ensemble learning approaches to predict air quality.
Mohammadi et al. [28] reported 90.1% prediction accuracy using ANN models, outperforming RF (86.1%), SVM
(84.6%) and KNN (82.2%). In an indoor PM2.5 estimation, Yu et al. [29] obtained R2 ranging from 0.63 to 0.99 using
deep ensemble framework. Inam et al. [30] showed that the best prediction accuracy could be achieved when a PR-
FCNN hybrid model is used in the diversified PM2.5 dataset. Likewise, Barthwal et al. [31] obtained 97.48% accuracy,
97.48% F1 score and AUC = 0.97 with a combination of DCNN and LSTM. The results demonstrate the clear benefits
of combining the three techniques — hybrid deep learning, ensemble machine learning and Explainable Al — in
improving performance for PM2.5 forecasting, as well as interpretability and the ease of real-time decision-
making.The findings collectively reveal the marked advantages of the three methods: hybrid deep learning, ensemble
machine learning and Explainable Al for PM2.5 forecasting, in addition to their interpretability and ease of real-time
decision-making, facilitating the development of reliable environmental monitoring systems and sustainable urban
air-quality management.

Although substantial progress exists in ML, DL and XAI prediction of PM2.5, there are still challenges that
need to be addressed. While significant efforts have been invested in enhancing prediction accuracy through individual
models or combinations like Random Forest, XGBoost, CNN-LSTM, Transformer-LSTM, or ensemble models, there
are relatively few studies that have created a unified framework that integrates machine learning, XAI, LLM fine-
tuning and EV impact analysis. Recent studies focus mainly on the meteorological parameters and past air pollutant
concentrations and do not fully consider the impact of EV growth on PM2.5 under varying urban contexts. While XAl
techniques like SHAP and LIME have enhanced the interpretability of models, the application of these methodologies
together with LLMs for automated environmental reasoning, for decision-making and the generation of explanations
in a way useful for policy-making is minimal.

3. Research Methodology

The proposed research methodology offers a holistic approach to get accurate predictions of PM2.5 levels
and to support environmental decision making, combining ML, XAI, LLM fine-tuning and “Electric Vehicle (EV)”
impact analysis. Air Quality Data in India is collected from the “Central Pollution Control Board (CPCB)” and
includes data on PM2.5, PM10, NOz, SO2, CO, Os, NHs, AQI and location-specific data, which is sourced from the
Kaggle dataset. To ensure the quality of the data for further processing, initial pre-processing steps like missing value
imputation, duplicate removal, outlier detection, transformation of date-time etc. are performed.
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Figure 2: Framework of methodology

3.1 Study Area

In the present study, Air Quality Data in India dataset which is assembled from the data collected from
monitoring stations managed by the “Central Pollution Control Board (CPCB)” and different “State Pollution Control
Boards (SPCBs)” available on Kaggle is chosen for the study of air quality in major Indian cities. The data include
various urban areas with different climatic, population, industrial and transport patterns, offering a broad overview of
the air pollution situation in India. The anthropogenic emissions from these cities due to different activities: vehicles,
industrial activities, construction activities, combustion of fossil fuels, burning of biomass and seasonal burning of

agricultural residues are different.
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Figure 3: PM2.5 Distribution Map [32]
3.2 Data Collection

The proposed study utilizes the Air Quality Data in India dataset [33] obtained from Kaggle, which is
compiled using observations collected by the “Central Pollution Control Board (CPCB)” and various “State Pollution
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Control Boards (SPCBs)” across India. The dataset contains historical air quality records from multiple monitoring
stations covering several Indian cities and includes both pollutant concentrations and air quality indicators. The
primary dataset attributes include City, Station, Date, PM2.5, PM10, NO., SO2, CO, Os, NHs, Benzene, Toluene,
Xylene, AQI and AQI Bucket, providing comprehensive information for air quality analysis. Among these variables,
PM2.5 is selected as the target variable because it represents the most hazardous fine particulate matter affecting
human health and serves as the prediction output in the proposed machine learning framework.

3.3 Data Pre-processing

This study proposes to use Air Quality Data in India dataset [33] which is gathered from the Air Quality Data
in India from Kaggle using the observation of “Central Pollution Control Board (CPCB)” and different “State Pollution
Control Boards (SPCBs)” throughout the nation of India. The data includes air quality information from various air
quality monitoring stations across several Indian cities, featuring pollutant concentrations, as well as air quality
indicators, including particulate Matter 2.5 (PM2.5) and ozone (O3) levels. The main attributes of the primary data
are City, Station, Date, PM2.5, PM10, NO2, SO., CO, Os, NHs, Benzene, Toluene, Xylene, AQI and AQI Bucket,
which provide extensive air quality data analysis. In these variables, the targeted variable has been chosen as PM2.5
because it is the most harmful fine particulate matter in the air that could be harmful to human health while PM2.5 is
the prediction output in the proposed machine learning framework.

. Missing Value Imputation

Sensor failure, data transmission failures or incomplete monitoring data logs are common reasons for missing
values on sensors and could impact accuracy of predictions. Thus, the missing observations are filled with mean
imputation method by replacing unavailable observations with the mean value of the feature.

_1lyn ;
X = ¥, xi (1)
Where: x; is observed values, n = total observations

. Duplicate Record Removal

Duplicate records could occur as a result of two different reasons; either repeat measurements from the same
station by the same sensor, or the result of data from different monitoring stations being integrated. These duplicates
create bias and lead to an incorrect learning process where the same observations become important to learn. Duplicate
rows are detected when the data is preprocessed and duplicates are eliminated by station, city, date and pollutant
value. The step guarantees that the observations are uniquely different.

Dejean =D — Dduplicate 2
Where: D is original dataset, Dyypiicate 18 duplicate observations

. Outlier Detection

Pollutants that are considered to be an outlier are the values of the measurements that are either unusual or
abnormal. The extreme values might have adverse effects on the machine learning performance and lower prediction
accuracy. The technique used for detection of abnormal observations in this study is the “Interquartile Range (IQR)”.
Outliers (those values that are outside of the range) are either trimmed or censored, leaving the data set stronger and
the generalization capacity of the model is enhanced.

IQR = Q3 — Q4 €)
Lower Limit
Q1 — L5(IQR) “4)
Upper Limit
Q3 —1.5(IQR) ®)
. Data Cleaning

Data cleaning consists of the correction of inconsistent data, elimination of irrelevant attributes, treatment of
invalid pollutant values and the transformation of variables into suitable formats. Data on date and time are normalised
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for temporal analysis and categorical variables are coded as necessary. This process helps to ensure that the data is
consistent, avoids data redundancy and provides data for feature engineering and machine learning.

CE = Y4100 (6)
Nt

Where: CE is Cleaning Efficiency, N, is valid records, N, is total records
. Date-Time Processing

The date and time attributes are mapped to meaningful temporal attributes such as year, month, day, season,
weekday, hour, etc. These variables derived from the data represent temporal variations of the pollutant concentration
and enhance the forecasting capability. The correct format of the timestamps also supports chronological sorting and
time-series analysis, which could help identify seasonal trends and recurring patterns of pollution, allowing machine
learning models to trace pollution trends.

T = f(Year, Month, Day, Hour) @)
Where: T represents the transformed temporal feature.
. Feature Scaling

The range of the air quality variables varies greatly numerically and this could impact the ability to converge
models. Hence, feature scaling is done by converting variables to a common range (0 to 1) using Min-Max
Normalization. This is helpful for preventing the dominant effect of larger attributes on the learning process and to
make the optimization process of gradient algorithms like LSTM and XGBoost easier and more efficient.

X = Xtwn ®)

Xmax—Xmin
Where: X is original value, X,,,;;, is minimum value, X4, 1S maximum value.
. Train—Test Data Splitting

The processed dataset is then split into a training set and some test set to objectively assess the performance
of the models. Typically 80% of the observations are used for model training and 20% are stored for testing. This is
partitioning that allows for the avoidance of overfitting and for the unbiased evaluation of the accuracy of the
prediction on out-of-sample data. The splitting is done randomly with respect to the overall distribution of the data.

Training Set,
Train = 0.8 X N )
Testing Set,
Test = 02X N (10)

Where: N is total number of observations.

3.4 Feature Engineering

Feature engineering, which entails transforming unprocessed air quality data into useful characteristics that
may increase the precision of machine learning models, is one of the main elements of the suggested methodology.
The Indian Air Quality Data is preprocessed, and new attributes are developed to describe the environmental, temporal,
and spatial characteristics that may influence PM2.5 concentrations. To represent the seasonal and daily fluctuation
in pollution, the date-time characteristic is divided into temporal components (year, month, day, season, weekday, and
hour).

1 -
MA, = L5 Pm, (an

Where: M A, is Moving average of PM2.5 at time t,PM,_; is PM2.5 concentration at previous time step, n is
Window size (e.g., 3, 7, or 30 observations).

3.5 Machine Learning Models
. Random Forest (RF)
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Figure 4 represents the Random Forest algorithm which starts by randomly sampling the training set and the
features needed to build several decision trees. Each tree makes its own prediction of the output and aggregate all the
predictions made by the trees to get the final prediction. The intuition behind this ensemble learning approach is to
increase the accuracy of prediction, minimize over-fitting, increase robustness and generalization capability of

machine learning model.
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Figure 4: Random Forest [34]
° Extreme Gradient Boosting (XGBoost)

The Extreme Gradient Boosting is an advanced decision-tree-based gradient boosting ensemble machine
learning algorithm that sequentially builds decision trees to minimize prediction errors. It features a regularization,
parallel processing and optimized tree learning for enhanced accuracy and anti-overfitting. In the air quality
forecasting studies, XGBoost has been widely used for predicting the concentration of PM2.5 due to its high accuracy
and ability to model complex nonlinear relationships.
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Figure 5: Extreme Gradient Boosting (XGBoost) [35]
. Light Gradient Boosting Machine (LightGBM)

Light Gradient Boosting Machine is a framework of gradient boosting which builds trees in a leaf-wise
manner to enhance the prediction accuracy, memory efficiency and running time. It could effectively process high-
dimensional features and large-scale data, showing excellent application potential in PM2.5 prediction, air quality
forecasting and other environmental machine learning applications.
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Figure 6: Light Gradient Boosting Machine [36]

. Long Short-Term Memory (LSTM)

The Long Short-Term Memory is a special type of a Recurrent Neural Network (RNN) which is used to learn
long-term temporal relationships within sequences of data. LSTM could capture the patterns of nonlinear time-series
and it is suitable to use in the forecasting of PM2.5 concentrations, air quality prediction and other environmental
monitoring applications because of its use of memory cells, input, forget and output gates.
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Figure7: Long Short-Term Memory (LSTM) [37]
3.5 Explainable Artificial Intelligence (XAI)

Explainable Artificial Intelligence is an approach that helps to make machine learning models more
transparent and interpretable by providing explanations for their predictions. XAl techniques, like “SHapley Additive
exPlanations (SHAP)” or “Local Interpretable Model-Agnostic Explanations (LIME)”, highlight the effect of each
individual input characteristic on a model's output. Within the proposed framework, XAl could be used to explain the
results of PM2.5 prediction, help identify the most influential environmental and pollutant variables, enhance the trust
of the stakeholders, assist in making evidence-based environmental policies and create understandable insights for the
researchers, urban planners and decision makers.
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3.6 Performance Evaluation
. Mean Absolute Error (MAE)

1 ~
MAE = n L lyi = il

° Mean Squared Error (MSE)
MSE = ~ ¥ (i — 9)*
. Root Mean Squared Error (RMSE)

1 ~
RMSE = |2 1L, 01 - 907

. Mean Absolute Percentage Error (MAPE)
mw_ﬂ?$m

Vi
. Coefficient of Determination (R?)

T i=90)?
R? =1 — &i=1i”7i
Y =902

4. Results

SHAPELY
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A distribution histogram for PM2.5 shows the number of measurements with concentrations at various levels
in the study data. The majority of observations is in the moderate pollution range of 76—125 ng/m?, suggesting that
moderate to high pollution levels happen more often than very low or very high pollution. The distribution is slightly
right-skewed, with relatively few PM2.5 levels over 150ug/m?,as the frequency decreases over time. It also gives
useful details regarding the pollution patterns which help to develop a good machine learning model for predicting

PM2.5.
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The monthly average of PM2.5 concentration measured during the study period is depicted in figure 9. The
results show that there are well-defined seasonal variations with highest concentrations in December (165.8 pg/m?)
and in January (158.4 pg/m?®), mostly related to lower temperatures, lower atmospheric dispersion, and higher
emissions. The monsoon months, July and August, on the other hand, have the lowest PM2.5 levels due to the removal
of particles from the air by precipitation.
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Figure 9: Monthly Average PM2.5

The feature importance scores from the XGBoost/LightGBM model are shown in Figure 10 during the
prediction of PM2.5. The PM10 had the highest importance value (0.284), which showed it played the most significant
role in the concentration of PM2.5. Humidity was also identified as being a moderately important predictor (0.173);
other minor important predictors were NO: (0.226) and temperature (0.173). The other factors (wind speed, CO, SO,
rainfall) had comparatively lower importance scores.
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Figure 10: Feature Importance Analysis

The actual vs predicted PM2.5 concentrations from the proposed machine learning model are compared in
figure 11. The observed PM2.5 values are very well predicted, which leads to good predictive performance and low
estimation error. The small differences between the observed and simulated values show the ability of the model to
represent the relationship between different environmental and meteorological variables. The high correlation rate is
an indication of the effectiveness of the XGBoost/LightGBM framework and demonstrates its capability for accurately
forecasting PM2.5, supporting the assessment of air quality and decision-making for environmental management.
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Figure 11: Actual vs Predicted PM2.5

The performance of the various machine learning models in predicting the height of the bird is compared by
Mean Absolute Error (MAE) shown in Figure 12. In comparison with all the models evaluated in the study, LightGBM
had the lowest MAE (4.08) and hence, the highest accuracy in predicting the values, closely followed by XGBoost
(4.36). Random Forest revealed its high accuracy (MAE = 6.42) while Decision Tree, SVR and Linear Regression
showed higher prediction errors. This finding demonstrate the superiority of ensemble boosting models over the
traditional machine learning models in accurately forecasting PM2.5 under different environmental conditions.
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The performance is compared in terms of “Root Mean Square Error (RMSE)” between various machine
learning models in figure 13. LightGBM was the best model with the lowest RMSE (5.02), showing the best predictive
accuracy and lower forecasting errors, with a close competitor being XGBoost (5.37).
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Figure 13: RMSE Model Comparison

Random Forest also showed competitive performance with RMSE 8, while other models, SVR, Decision
Tree and Linear Regression, showed a comparatively higher error. From the results, it is found that gradient boosting
models outperform other models by giving reliable and accurate predictions of PM2.5, which could be used for real-
time air quality forecasting and environmental management applications.

The performance of various machine learning models is shown in terms of coefficient of determination (R?)
and compared in Figure 14. LightGBM had the best R? value of 0.97 which means that it had the strongest predictive
ability and best fit for the observed PM2.5, and XGBoost was close following with an R? of 0.96. Random Forest also
yielded good result with an R? value of 0.91 while the result values of SVR, Decision Tree and Linear Regression
were relatively low. The results prove that boosted based ensemble models have demonstrated their strong predictive
performance and higher accuracy in PM2.5 forecasting.
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5. Conclusion

The proposed Machine Learning and Explainable Al (XAI) framework was successfully able to enhance the
accuracy of the PM2.5 prediction with the adoption of advanced ensemble learning models, interpretable analytics,
and LLM-based decision support. The results indicated that the peak value of PM2.5 levels was observed in December
(165.8 pg/m?) and January (158.4 pg/m?) while lowest PM2.5 levels were observed in July (36.9 pg/m?®) and August
(34.7 pg/m?). The most important features were identified using feature importance analysis, which showed that
PM10, NO: and temperature were significant features, with PM 10 being the most important feature (0.284), followed
by NO: (0.226), and temperature (0.173). SHAP analysis highlighted PM10 as the most dominant feature (0.312).
LightGBM outperforms the other models learned (XGBoost, Random Forest, SVR, Decision Tree, and Linear
Regression) in terms of predictive performance, as it achieved the results of MAE = 4.08, RMSE = 5.02, and R*> =
0.97 of all the models evaluated. The correlation between observed and simulated PM2.5 concentrations is good,
which illustrates the strength of the proposed system. In summary, the synergies between the use of ML, XAlI, and
LLM fine-tuning offer a reliable, transparent, and accurate solution to air quality forecasting, environmental
monitoring, and policy-related decision-making.
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