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Abstract 
Air quality deterioration in mid-sized urban cities poses growing environmental and public-health challenges because pollutant 
concentrations can vary substantially with traffic activity, urban development, and atmospheric conditions. Reliable Air Quality 
Index (AQI) prediction is therefore important for timely air-quality management and early warning. This study develops and 
evaluates Machine-Learning (ML)-based prediction models for AQI using air-quality observations from a high-traffic monitoring 
station in Lucknow, India. A three-month dataset covering January–March 2024 and comprising 88 observations was analyzed 
using “PM2.5, PM10, NO2, SO2, CO, and O3” as predictor variables and AQI as the target. Four regression approaches—"Linear 
Regression, LASSO Regression, Random Forest (RF), and Extreme Gradient Boosting (XGBoost)”—were developed using an 80:20 
division of the dataset into training and testing subsets. Their predictive performance was evaluated using “Mean Absolute Error 
(MAE), Mean Squared Error (MSE), R², Adjusted R², Akaike Information Criterion (AIC), and Schwarz’s Bayesian Criterion (SBC)”. 
RF achieved the best performance, with an MAE of 7.626, MSE of 108.288, R² of 0.774, and Adjusted R² of 0.650. It also produced 
the lowest AIC (96.326) and SBC (101.668), demonstrating its superior overall predictive performance. XGBoost showed moderate 
performance, while LASSO performed weakest. Findings support ensemble learning for reliable AQI prediction.  
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I. Introduction 
The atmosphere primarily consists of nitrogen (78%) and oxygen (21%), along with smaller proportions 
of gases such as argon and carbon dioxide [1]. The composition and quality of ambient air is however, very 
variable, depending on the geographical location, the altitude, meteorological conditions and the presence 
of natural or man-made pollutants. The particulate matter comprising dust, ash, pollen, aerosols and 
gaseous pollutants are highly contributing factors to environmental pollution, with negative impacts on the 
quality of the environment and human health [2–6]. AQI gives a simplified AQI which translates the 
concentrations of different pollutants into one index and one category, making it easy for the public and 
decision makers to comprehend the level of pollution. Under India’s National Air Quality Index (NAQI), 
ambient air quality is assessed using eight key pollutants: PM10, PM2.5, NO₂, SO₂, CO, O₃, NH₃, and Pb. The 
resulting AQI value is interpreted through six health-based categories, ranging from “Good” (0–50) and 
“Satisfactory” (51–100) to “Moderately Polluted” (101–200), “Poor” (201–300), “Very Poor” (301–400), 
and “Severe” (401–500). As the AQI value increases, the associated pollution level and potential health risks 
also become progressively greater [7]. 
 
High AQI days can result in serious health impacts and necessitate preventive action, especially for 
vulnerable populations. Weather related variables, including temperature, wind velocity, humidity, rainfall, 
and solar irradiance, can substantially affect atmospheric pollution levels. These factors alter the 
movement, dilution, chemical conversion, and retention of airborne pollutants, thereby influencing the 
observed air-quality conditions alongside direct emission sources [8]. Air quality is a global issue impacting 
almost 99% of the world's population, with the World Health Organization (WHO) reporting that the 
monitoring and management of air quality was of vital importance [9]. There is a strong correlation 
between the tiny particle size (PM2.5) and negative respiratory and cardiovascular consequences, making 
it one of the main pollutants and a major cause for worry. Asthma, other chronic respiratory disorders, 
heart disease, stroke, and lung cancer are only some of the illnesses linked to long-term exposure to 
polluted air [10]. 
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Traditional air quality monitoring is based on well-known methods for measuring gaseous pollutants, like 
optical and beta attenuation, as well as particulate pollutants, such as gravimetric analysis and elemental 
analysis [11]. These methods are good for providing reliable measurements, but monitoring and reliable 
forecasts of air pollution can be difficult in urban areas, where air pollution is highly variable both 
temporally and spatially. The challenge is especially important for mid-size cities that experience rapid 
urbanization, more vehicles, building development, industrial and commercial growth, and shifting land 
use patterns which may lead to complex and variable pollution scenarios. In addition, meteorological 
factors may influence the dispersion of pollutants and atmospheric chemistry, making it difficult to predict 
future AQI based solely on monitoring data [12-15]. 
 
The ML approaches are also emerging as promising tools for prediction of air quality as they are suited to 
process multidimensional, nonlinear, and large-scale datasets and to discover complicated relationships 
between the concentrations of polluting elements, meteorological conditions and temporal patterns. While 
traditional statistical methods can involve preprogrammed relationships between variables, ML models 
can discover predictive patterns from historical observations. Artificial Neural Networks (ANNs) have been 
applied to a large extent due to their capabilities of representing the nonlinear relationship in air-quality 
data sets [16–19]. Support Vector Machines (SVMs) have also been shown to be effective in supervised 
prediction and classification problems [20–25], and RFs use ensembles of decision trees to model complex 
relationships and lessen the effect of any one predictor on the model [26,27]. Likewise, K-Nearest 
Neighbour (KNN) is a relatively simple data-driven approach that can also be used for the air-quality 
forecasting problem [28,29]. Such models can only forecast well if the data input is of good quality and 
quantity, has a sufficiently fine temporal resolution, and is representative of the study area, given the 
characteristics of the study area. 
 
The use of data to predict air quality has been further extended with recent developments in computational 
intelligence. Quantum ML QML is a novel field of research that brings quantum computing and ML together, 
gaining momentum for its ability to tackle complex computational challenges and data in high dimensions 
[30-33]. In the field of classification and pattern recognition, Quantum SVM (QSVMs) have been explored 
and have been demonstrated to be potentially applicable to air quality related tasks [34-36]. Environmental 
and meteorological variables have also been explored with quantum-enhanced learning frameworks to 
create hybrid quantum-classical approaches [37,38]. These methods, however, are still relatively new and 
their practical benefits compared to traditional classical ML methods need to be assessed with real-world 
urban air-quality datasets. 
 
While ML techniques are being increasingly used in air-quality forecasting, there are still several 
challenges. Differences in the emission sources, urban morphology, meteorological conditions, population 
density and local activities contribute to large variations in air-quality conditions between cities[39,40]. 
Therefore, the performance of prediction models built for large and metropolitan cities may not be the 
same as for the mid-sized urban cities. Moreover, numerous previous studies are mainly about prediction 
of individual pollutants, especially PM2.5, rather than directly predicting the overall AQI that is a composite 
of information from multiple pollutants. Reliable AQI prediction models which include the pollutant 
concentrations and meteorological variables can thus help describe future air-quality conditions more 
completely. 
 
In this context, a ML model for predicting air quality can be a relevant solution for prompt air-quality 
evaluation and public health decision-making in medium-sized cities. Accurate air-quality predictions can 
help authorities detect deteriorating conditions, issue warnings, develop mitigation plans, and manage 
urban air quality effectively. Thus, designing and validating robust ML forecasting models considering 
pollutants and meteorological factors is significant for reliable, location-specific forecasting. Here are the 
research objectives as shown below: 
1. To develop ML-based models for predicting the AQI using major air pollutants, including PM2.5, PM10, 
NO₂, SO₂, CO, and O₃.  
2. To evaluate the predictive performance of LR, LASSO Regression, RF, and XGBoost models for AQI 
prediction.  
3. To compare the developed models using MAE, MSE, R², Adjusted R², AIC, and SBC to identify the most 
effective prediction approach.  
4. To investigate the relative importance of individual air pollutants in AQI prediction and determine the 
major contributors identified by different ML models.  
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5. To identify the most suitable ML model for AQI prediction in the investigated urban environment, 
supporting improved air-quality assessment and management. 

 
II. Data and Methods 
A. Study Area and Air Quality Dataset 
In the present study, air-qualitative condition in an important urban city is analyzed, where there is 
significant number of vehicles, urbanization and anthropogenic emission. Air quality measurements were 
taken from a monitoring station in a high traffic emission area, and during peak traffic period. The data is 
collected for 88 observations over a period of three months (January 2024 to March 2024). For the AQI 
prediction analysis, “PM2.5, PM10, NO₂, SO₂, CO, and O₃” were considered as the input features, while AQI 
served as the response variable. The selected pollutants were used to train the ML models and generate 
AQI predictions. Before model development, the observed pollutant concentrations and AQI values were 
examined statistically to understand their overall distribution and degree of variation. The dataset was 
summarized using minimum, maximum, mean, and standard deviation values. This data set can be used to 
assess the proficiency of various ML algorithms for predicting AQI with different levels of urban air quality. 

TABLE I.  DESCRIPTIVE STATISTICS OF THE DATASET USED IN THE CURRENT STUDY 
Statistic PM2.5 PM10 NO2 SO2 CO Ozone AQI 
No. of observations 88 88 88 88 88 88 88 
Minimum 1.000 17.000 4.250 2.250 0.240 33.400 41.000 
Maximum 157.000 226.000 20.050 22.000 1.690 115.400 219.000 
1st Quartile 28.375 71.750 5.513 6.150 0.740 40.450 70.500 
Median 45.750 92.500 7.200 8.175 0.825 52.475 90.500 
3rd Quartile 58.625 117.875 8.513 10.763 0.950 67.563 112.500 
Mean 47.733 96.210 7.883 8.626 0.882 56.449 94.875 
Variance (n-1) 735.551 1505.711 11.310 12.103 0.077 313.687 1116.731 
Standard deviation (n-1) 27.121 38.803 3.363 3.479 0.278 17.711 33.418 

 
B. Data Preprocessing and Exploratory Analysis 
The data was preprocessed and analyzed using exploratory methods prior to the development of the AQI 
prediction models to ensure the suitability of the data in the statistical and ML analysis. These steps 
included data quality assessment, summarization of pollutant distribution, analysis of associations of 
variables and the final predictor matrix. The presence of the dataset's predictors PM2.5, PM10, NO2, SO2, CO, 
and O3  and the response variable AQI necessitated these steps to help identify variability, potential 
anomalies, and relationships that could affect model performance. 
1) Data Quality Assessment 
The first step was to examine the data set for missing observations, duplicate observations, inconsistencies 
or potential outliers. The basic descriptive statistics were calculated for each variable X as: 

𝑋̅ =
1

𝑛
∑𝑋𝑖

𝑛

𝑖=1

 

SD = √
∑ (𝑋𝑖 − 𝑋̅)2𝑛
𝑖=1

𝑛 − 1
 

where 𝑛 represents the number of observations, 𝑋̅ is the sample mean, and SD is the standard deviation. 
These measures provide a general view of the variability and central tendency of pollutant concentrations 
and AQI. 
2) Descriptive Statistical Analysis 
Descriptive analysis was conducted for PM2.5, PM10, NO2, SO2, CO, O3, and AQI. The low, high, mean, and 
standard deviation values for each variable were used to describe their distribution. They also checked the 
coefficient of variation so we could compare the relative variability of the pollutants: 

CV =
SD

𝑋̅
× 100 

A higher CV  indicates greater relative variability, which may reflect stronger fluctuations in pollutant 
concentrations during the observation period. 
3) Outlier and Distribution Analysis 
Box-plot analysis was visually performed to understand the distribution and look for extreme observations. 
The Interquartile Range (IQR) for a variable X is the following: 

IQR = 𝑄3 − 𝑄1 
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where 𝑄1 and 𝑄3 represent the first and third quartiles, respectively. Observations below 𝑄1 − 1.5 × IQR 
or above 𝑄3 + 1.5 × IQR may be considered potential outliers. Extreme pollutant concentrations were not 
simply thrown out, however, because they could be a true event of high pollution rather than an error in 
measurement. Figure 1 shows box plots for the variables investigated. 

 

 
Figure 1. Box plots showing the distribution, central tendency, variability, and potential outliers of 

the air-quality variables. 
4) Correlation Analysis 
To examine the linear connections between AQI and pollution concentrations, Pearson correlation analysis 
was employed. When X and Y are two independent variables, the Pearson correlation coefficient is: 

𝑟𝑋𝑌 =
∑ (𝑋𝑖 − 𝑋̅)𝑛
𝑖=1 (𝑌𝑖 − 𝑌̅)

√∑ (𝑋𝑖 − 𝑋̅)2𝑛
𝑖=1 ∑ (𝑌𝑖 − 𝑌̅)2𝑛

𝑖=1

 

A number close to +1 indicates a strong positive link, a value close to -1 indicates a strong negative 
association, and a value around zero indicates a weak linear correlation; the value of r can take on any value 
between -1 and +1. To find the relation between the six pollutant predictors and the AQI, the correlation 
matrix was made and displayed in a heatmap. The correlation map that is obtained is presented in Figure 
2 and was also used to evaluate potential multicollinearity amongst predictors prior to model development. 
 

 
Figure 2. Correlation map showing relationships among the dataset variables. 

 
C. AQI Prediction Framework 
The proposed AQI prediction framework is based on the ML method and uses measured concentration of 
major air pollutants to determine the AQI. The independent variables in the present study were PM2.5 , 
PM10 , NO2 , SO2 , CO , and O3 , whereas AQI was regarded as the dependent variable. The prediction 
relationship can be represented as: 

AQI = 𝑓(PM2.5,PM10,NO2 , SO2,CO,O3) 
where 𝑓(⋅) represents the nonlinear or linear mapping learned by the prediction model. 
 The predictor matrix can be expressed as: 

𝑿 = [PM2.5,PM10,NO2 , SO2,CO,O3] 
and the corresponding target vector is: 

𝒀 = [AQI1,AQI2, … ,AQI𝑛]
𝑇

 

where 𝑛 represents the total number of observations. 
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D. Training and Testing Strategy 
The 88-observation data set was partitioned into a training set with 44 observations and a test set with 44 
observations so that the ML models' prediction capabilities could be evaluated. In accordance with the 
study's protocol, the training of the model utilized 80% of the observations, or about 70 samples, while the 
testing phase made use of the remaining 20%, or around 18 samples. The six pollutant predictors and AQI 
were identified using the training set, and the unseen observations' predictions were tested using the 
testing set. This is the data partition: 

𝐷 = 𝐷train ∪ 𝐷test 
where 𝐷train = 0.80𝐷  and 𝐷test = 0.20𝐷 . The same training and testing subsets were applied to all four 
models to ensure a consistent and unbiased comparison of their predictive performance. 
E. Machine Learning Prediction Models 
Four ML models, which are LR, logistic regression, Support Vector Regression (SVR), and ANN were used 
to predict AQI based on the concentrations of PM2.5, PM10, NO2 , SO2 , CO, and O3 .The chosen models are 
both linear and nonlinear models of learning, which allows for a holistic comparison of their predictive 
performance. The baseline method was LR and LASSO introduced shrinkage and regularization. RF and 
XGBoost were chosen to model complex nonlinear relationships between pollutant levels and AQI. 
1) Linear Regression (LR) 
The baseline model was the LR due to its simplicity, interpretability, and low computational demand. It is 
based on the assumption that the dependent variable AQI is linearly dependent on the concentrations of 
pollutants. The model estimates the coefficients that minimize the difference between the observed AQI 
values and the estimated ones. The typical form of the LR equation is: 

𝑦̂ = 𝛽0 +∑𝛽𝑗

𝑝

𝑗=1

𝑥𝑗  

where 𝑦̂ represents predicted AQI, 𝛽0 is the intercept, 𝛽𝑗  represents the coefficient of the 𝑗th predictor, and 

𝑥𝑗  denotes pollutant concentration. The coefficients are estimated by minimizing the residual sum of 

squares: 

𝑚𝑖𝑛
𝜷

∑(𝑦𝑖 − 𝑦̂𝑖)
2

𝑛

𝑖=1

 

LR provides a useful benchmark for determining whether more complex nonlinear models offer meaningful 
improvements in AQI prediction. 
2) LASSO Regression 
LASSO regression is an extension to LR which introduces an 𝐿1 regularization. It was adopted to mitigate 
the effects of the less informative predictors and to attain stability in the model when predictors are related. 
The LASSO objective function is given by: 

𝑚𝑖𝑛
𝜷

[
1

2𝑛
∑(𝑦𝑖 − 𝒙𝑖

𝑇𝜷)2
𝑛

𝑖=1

+ 𝜆∑|

𝑝

𝑗=1

𝛽𝑗|] 

where 𝜆 controls the strength of regularization. Increasing 𝜆 increases coefficient shrinkage and may force 
some coefficients to exactly zero, effectively performing variable selection. The predicted AQI can be 
represented as: 

𝑦̂𝑖 = 𝛽0 +∑𝛽𝑗

𝑝

𝑗=1

𝑥𝑖𝑗  

LASSO therefore provides both prediction and a means of identifying the relative contribution of pollutant 
predictors. 
3) Random Forest 
A multi-decision tree ensemble learning approach, RF improves resilience and captures nonlinear 
interactions by combining predictions. Every tree is trained on a bootstrap subset of the training data, and 
at each splitting stage, a randomly chosen subset of features is taken into account. To get the final prediction 
in regression, we average the results from all the trees: 

𝑦̂ =
1

𝐵
∑𝑇𝑏

𝐵

𝑏=1

(𝒙) 

The prediction of the 𝑏th  tree is denoted by 𝑇𝑏(𝒙) , and 𝐵  is the number of decision trees. Here is a 
conceptual expression of the ensemble's variance-reduction principle: 

AQIˆ = Avg[𝑇1(𝒙), 𝑇2(𝒙), … , 𝑇𝐵(𝒙)] 
RF is particularly suitable for environmental datasets because it can model nonlinear interactions among 
pollutant variables without requiring an explicitly defined functional relationship. 
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4) Extreme Gradient Boosting (XGBoost) 
XGBoost is an ensemble learning approach that progressively generates decision trees, with each new tree 
focusing on reducing the prediction errors left by the preceding trees. Its optimization objective combines 
the model’s prediction error with a regularization component, thereby limiting unnecessary model 
complexity and improving generalization: 

ℒ =∑𝑙

𝑛

𝑖=1

(𝑦𝑖 , 𝑦̂𝑖) +∑𝛺

𝐾

𝑘=1

(𝑓𝑘) 

where 𝑙  represents the loss function and 𝛺(𝑓𝑘)  controls the complexity of the 𝑘th  tree. The forecast is 
derived by combining the results of separate trees: 

𝑦̂𝑖 = ∑𝑓𝑘

𝐾

𝑘=1

(𝒙𝑖) 

XGBoost can model complex nonlinear relationships between pollutant concentrations and AQI via 
sequential error correction and regularization. It is capable of modelling interactions between several 
predictors and can be used with structured environmental data sets and comparative analysis of AQI 
prediction. 
F. Model Training and AQI Prediction 
The four selected ML models were trained using the training subset containing pollutant concentrations as 
input variables and AQI as the target variable. For each observation, the input vector was defined as 𝑿𝑖 =
[PM2.5,PM10,NO2, SO2,CO,O3]

𝑇 , while the corresponding measured AQI was represented by 𝑦𝑖 .During 
training, each algorithm learned a mapping between pollutant concentrations and AQI: 

𝑦̂𝑖 = 𝑓(𝒙𝑖; 𝜃) 
where 𝑓  represents the selected ML model and 𝜃  denotes its learned parameters. Once models were 
trained, the fitted models were used to predict the AQI values for the independent testing subset. The 
prediction error for each observation was defined as: 

𝑒𝑖 = 𝑦𝑖 − 𝑦̂𝑖  
The observed and predicted AQI values were then correlated against each other to evaluate the 
performance of the models in predicting the AQI, namely LR, LASSO Regression, RF and XGBoost. The same 
predictor variables, partition of the data into training and test sets, and evaluation method were used for 
all of the models for the purposes of making the models comparable. 
G. Model Performance Evaluation 
The four ML models were evaluated for their performance by comparing their predictions with the 
measured AQI values in the testing data set. The model's complexity, accuracy of predictions, and goodness 
of fit were assessed using several statistical methods. The lower the error value, the more accurate the 
prediction, and the higher the R2 and Adjusted R2 values, the closer the model's fit to reality. The model 
selection was also compared with AIC and SBC/BIC. 

MAE =
1

𝑛
∑|

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖| 

where 𝑦𝑖  and 𝑦̂𝑖  represent observed and predicted AQI values, respectively. Lower MAE indicates better 
accuracy. 

MSE =
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

 

MSE gives greater weight to larger prediction errors, with lower values indicating improved performance. 
Coefficient of Determination (𝑅2) 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 

where 𝑦̅ is the mean observed AQI. Higher 𝑅2 indicates better explanatory capability. 
Adjusted 𝑅2 

𝑅adj
2 = 1 − (1 − 𝑅2)

𝑛 − 1

𝑛 − 𝑝 − 1
 

where 𝑝 is the number of predictors. Higher Adjusted 𝑅2  indicates better fit after accounting for model 
complexity. 
Akaike Information Criterion (AIC) 

AIC = 2𝑘 − 2 𝑙𝑛(𝐿) 
where 𝑘 is the number of estimated parameters and 𝐿 is the maximum likelihood. Lower AIC indicates a 
preferable model. 

SBC = 𝑘 𝑙𝑛(𝑛) − 2 𝑙𝑛(𝐿) 
where 𝑛 is the sample size. Lower SBC/BIC indicates a better balance between model fit and complexity. 
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H. Comparative Analysis of Prediction Models 
The predictive capabilities of LR, LASSO Regression, RF, and XGBoost for AQI prediction were evaluated in 
a comparative comparison. For the sake of fairness, we compared the four models using the same testing 
dataset and the same predictor variables. The model's performance was evaluated with MAE, MSE, R2, 
Adjusted R2, AIC, and SBC/BIC. Lower values of MAE and MSE show less prediction error, whereas higher 
values of R2 and Adjusted R2 show a better fit to the model. The evaluation of the balance between model 
fit and complexity was done using AIC and SBC/BIC. The comparative numerical results are presented in 
the Results section. 
I. Prediction–Observation and Residual Analysis 
Prediction–observation and residual analyses were performed to further assess the reliability and 
consistency of the developed AQI prediction models. The predicted AQI values generated from the testing 
dataset were compared with the corresponding observed AQI values to determine how closely each model 
reproduced the actual air-quality conditions. Residuals were examined to identify systematic prediction 
errors, deviations, or potential model bias. The residual for each observation was calculated as: 

ei = yi − ŷi 
where ei represents the residual, yi is the observed AQI, and ŷi is the predicted AQI. Residuals distributed 
closely around zero indicate better prediction consistency. 
 

III. Results And Discussion 
A. Random Forest (RF) Model 
The AQI model achieved a good prediction accuracy with the predicted values mostly located around the 
1:1 reference line as seen in Figure 3 for the RF model. The model had a relatively low prediction error with 
an MAE of 7.626, MSE of 108.288, and (R2) of 0.774, demonstrating that it had good explanatory power. 
PM2.5 was the most important variable with mean error increase of about 12.7, followed by CO (6.7) and 
PM10 (4.2). Importance of NO2 was around 3.9 and that for Ozone was around 3.2. The contribution was the 
lowest for SO2, with about 0.2. 

 

 
Figure 3. Statistical plots for RF model 

 
B. XGBoost Model 
As illustrated in Figure 4, there was good agreement between the predicted and observed AQI values with 
the most points lying near the diagonal reference line for the XGBoost model both during training and 
testing. The model had an MAE of 12.963, MSE of 241.748, and R2 of 0.495, which were moderate for the 
model. Based on Gain, the variable importance analysis reveals that the contribution of PM2.5 is the highest 
among the variables followed by NO2 and PM10. Moderate contributions came from CO and Ozone while 
comparatively lower contribution came from SO2 in Gain and Cover. When it comes to Frequency, PM2.5 and 
SO2 were more common amongst the trees. From the results of the XGBoost model, it is seen that PM2.5 is 
the most important predictor. 
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Figure 4. Statistical plots for XGBoost model 

 
C. LASSO Regression Model 
LASSO regression showed relatively poor performance in predicting AQI, with considerable differences 
between predicted and observed values, particularly at higher AQI levels. As shown in Figure 5, the model 
produced an MAE of 17.994, an MSE of 637.223, and an R2  of −0.332 , indicating limited predictive 
capability. The variable-importance analysis identified CO  as the most influential predictor, with an 
absolute regression coefficient of approximately 23.5, whereas PM2.5 had a substantially smaller coefficient 
of about 1.1. This indicates that CO contributed considerably more to the model than PM2.5 , while the 
remaining predictors were reduced through L1 regularization. Overall, LASSO demonstrated the weakest 
AQI prediction performance among the evaluated models. 
 

 
Figure 4. Statistical plots for LASSO Regression model 

 
D. Linear Regression Model 
The results of the LR model exhibited moderate agreement between the predicted and observed AQI values, 
exhibiting some scatter around the 1:1 reference line. The model achieved an MAE of 13.772, MSE of 
286.416, and (R2) of 0.401. The standardized coefficient plot shows that PM10 had the highest positive 
coefficient (around 0.35), followed by PM2.5 (0.21) and NO₂ (0.26). CO also had a positive contribution of 
around 0.20, but SO₂ had a small positive coefficient. On the contrary, the coefficient in the case of O₃ was 
negative, around –0.18. The overall performance of the model was satisfactory with larger differences at 
higher AQI levels. 
 

 
Figure 4. Statistical plots for LR model 
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E. Comparative Performance of ML Models 
The comparative results in Table 2 indicate that RF provided the strongest AQI prediction, recording the 
minimum MAE of 7.626 and MSE of 108.288, along with the maximum R² of 0.774 and Adjusted R² of 0.650. 
XGBoost demonstrated the next-best performance, yielding an MAE of 12.963, an MSE of 241.748, and an 
R² value of 0.495. The Moderate performance for LR was obtained with the MAE of 13.772 and (R2) of 0.401. 
LASSO performed weakest, with an MAE of 17.994, MSE of 637.223, and negative (R2) of −0.332. RF also 
had the minimum value of AIC (96.326) and SBC (101.668), which was the best model-selection criteria 
among the models that were tested. 
 

TABLE I.  PERFORMANCE OF VARIOUS MODELS 

Performance 
metrics 

Linear 
regression 

Random 
forests 

Extreme 
Gradient 
Boosting 

LASSO 
regression 

MAE 13.772 7.626 12.963 17.994 

MSE 286.416 108.288 241.748 637.223 

R² 0.401 0.774 0.495 -0.332 

Adjusted R² 0.075 0.650 0.219 -1.059 

Akaike's AIC 113.834 96.326 110.782 128.228 

Schwarz's SBC 119.176 101.668 116.124 133.570 
 

IV. Conclusion and Future Scope 
This study developed and evaluated ML-based models for predicting the AQI using air-quality observations 
from a high-traffic monitoring station in Lucknow, India. This analysis was based on 88 observations 
obtained during a three-month period from January to March 2024 and consisted of PM2.5, PM10, NO₂, SO₂, 
CO and O₃ as predictor variables. The four regression models namely “LR, LASSO Regression, RF, and 
XGBoost” were assessed based on “MAE, MSE, R², Adjusted R², AIC and SBC”. Of all the methods evaluated, 
RF had the best predictive performance, with the lowest MAE of 7.626 and MSE of 108.288, and the highest 
R² of 0.774 and Adjusted R² of 0.650. It also had the smallest AIC (96.326) and SBC (101.668) values, which 
means it had good model selection performance. The model XGBoost demonstrated a moderate predictive 
ability, with an MAE of 12.963 and an R² of 0.495, while LR performance was less impressive, with an MAE 
of 13.772 and an R² of 0.401. LASSO showed the poorest result with an MAE of 17.994 units and R² of 
−0.332. Overall, the results show the capability of ensemble-based learning to predict AQI in the analysed 
urban environment and in general the efficiency of RF. Long term, multi-station, meteorological and 
temporal data should be included in future studies to build more robust and generalizable AQI forecasting 
models. 
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