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ABSTRACT 

Air pollution, notably nitrogen dioxide (NO2), poses 

severe health and environmental risks. The main sources 

of NO2 are related to transportation and stationary fuel 

combustion sources [U.S Environmental Protection 

Agency (EPA), 2018]. With a global shift to electric 

vehicles (EVs), their potential to mitigate pollution is 

becoming prominent. In India, where air quality concerns 

are paramount, understanding the tangible benefits of EV 

adoption is crucial. The research question explores whether 

increasing EVs adoption can visibly reduce NO2 levels. 

The approach combines use of various supervised machine 

learning models and simulations to understand the impact 

of socio-economic factors,  adoption of electric vehicles, 

energy generations and emission factors on the NO2 levels 

and to  create a model to predict the level of NO2.  The 

created model will be used to estimate the impact different 

EV adoption levels can have on NO2. To train the model, 

data from 49 US states along with 5 Indian states where 

EV sales are comparable and the NO2 data was available 

has been used. Among diverse algorithms tested, the 

Neural Network turns out to be the best which predicts 

NO2 levels with a R2 value of 0.82. Simulations, varying 

EV numbers while holding other factors steady, 

demonstrated a clear link between higher EV count and 

lower NO2 levels. The results not only validate the 

potential of electric vehicles as catalysts for improving air 

quality but also highlight their crucial role within the 

Indian context, especially in the state of  Delhi which we 

have used as our case study. The empirical evidence 

underscores the pivotal contribution that EVs could make 

to enhancing Delhi’s air quality profile. In conclusion, the 

research provides substantial evidence that the widespread 

adoption of electric vehicles holds promise as an effective 

strategy to reduce NO2 levels, thereby laying the 

foundation for a more sustainable and healthier urban 

environment 

 
INTRODUCTION 

Nitrogen dioxide (NO2) primarily gets in the air from 

the burning of fuel. NO2 forms from emissions from cars, 

trucks and buses, power plants, and off-road equipment. 

This pollutant contributes to air pollution, respiratory 

issues, and cardiovascular problems in humans [U.S. 

Environmental Protection Agency (EPA), 2016]. 

Prolonged exposure to NO2 from fossil-fueled vehicles has 

serious health implications, especially in densely 

populated urban areas. Transitioning to electric vehicles 

(EVs) and adopting cleaner fuels can help reduce NO2 

emissions, improving air quality and public health while 

addressing the environmental impact of transportation. 

In response to these concerns, many countries are 

actively transitioning their transportation systems away 

from fossil fuels. EVs powered by renewable energy 

sources offer a promising alternative, producing minimal 

tailpipe emissions and reducing GHG emissions from 

transportation. EV sales have been steadily increasing over 

the years. In 2020, despite the challenges posed by the 

COVID-19 pandemic, global yearly EV sales reached 

around 3 million units [IEA (2021)]. 

India has recognized the importance of transitioning 

to EVs as part of its strategy to address air pollution, reduce 

greenhouse gas emissions and promote sustainable 

transportation. The country has implemented a range of 

policies and initiatives to encourage the adoption of EVs 

and to create a supportive environment for their growth. It 

has  set an ambitious goal of achieving 30% EV penetration 

for new vehicle sales by 2030 [E-AMRIT 2019]. The Delhi 

Government aims to have 1 out of every 4 vehicles sold in 

Delhi by 2024, to be an EV [Delhi Electric Vehicles (EV) 

policy (2020)]. While there is substantial theoretical 

understanding of how EVs could contribute to cleaner air, 

translating these benefits into real-world impacts requires 

comprehensive observational evidence. Empirical 

assessments of environmental benefits made by an 

extensive transition to EVs is missing. 

This study aims to examine the impact of EV numbers 

on pollution levels within a particular state through the use 

of machine learning  models. The research aims to 

determine the benefits of EVs by using predictive 

modeling based on factors like EV adoption, socio 

economic census data, energy generation, and emission 

https://www.iea.org/reports/global-ev-outlook-2021
https://e-amrit.niti.gov.in/assets/admin/dist/img/new-fronend-img/report-pdf/rmi-niti-ev-report.pdf
https://ev.delhi.gov.in/files/Accelerating-Electric-Mobility-in-Delhi8497bf.pdf
https://ev.delhi.gov.in/files/Accelerating-Electric-Mobility-in-Delhi8497bf.pdf
https://ev.delhi.gov.in/files/Accelerating-Electric-Mobility-in-Delhi8497bf.pdf
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factors, focusing on chosen US states and Indian regions. 

We chose the USA as the basis of our model due to its 

favorable EV policies, which align with India's evolving 

efforts (as documented in the Niti Aayog paper outlining 

new policies). Moreover, the extensive and diverse US 

dataset includes state-level information akin to India's 

context. The investigation employs AI techniques to 

establish connections between EV usage and NO2, 

forecasting NO2 levels based on EV-related variables. 

 

BACKGROUND 

Several research studies have explored the 

connections between EV adoption, air quality, and 

socioeconomic conditions. While Singh, Anuradha & 

Yadav, Jyoti & Shrestha, Sarahana & Varde, Aparna. 

(2023) [1] provides valuable insights into the associations 

between adoption patterns, socio-economic status and air 

quality, it does not take into account other important factors 

like energy generation methods which also affect air 

pollution. The research confirms that Air Quality Index 

(AQI) scores and Alternative Fuel Vehicles (AFV) counts 

are positively correlated. However, the research is limited 

to counties in New Jersey while in our approach we have 

taken into account data from 49 states in the US and 5 

states in India. 

Another study by Holland, S. P.; Mansur, E. T.; 

Muller, N. Z. and Yates, A. J., 2019, [2] explores the 

consequences of EV adoption for air quality and 

subsequent distributional effects. These studies [1][2] 

contribute valuable insights into the interactions between 

vehicle adoption and air quality, but they do not 

comprehensively consider factors such as energy 

production and emission.  

Furthermore, Miconi F, Dimitri GM (2023) [3] 

explore machine learning techniques to analyze and 

estimate factors which impact the distribution of EVs 

within Italy. While concentrating on a specific geographic 

context, this study's data-driven approach aligns with our 

methodology.   

In the context of the United States and the 5 states in 

India, our study extends the analysis by examining the 

relationship between EV adoption and NO2 emissions at 

the state level. Our dataset includes the number of petrol, 

diesel, CNG, and EVs, alongside essential socioeconomic 

factors such as GDP, electricity production, power sector 

emissions, and the land area of the state. By employing 

machine learning techniques, including linear regression, 

Ridge regression, Decision Tree Regressor, Random Forest 

Regressor, XGB Regressor, and Multi-Layer Perceptron, 

we aim to model and predict the potential reduction in NO2 

emissions associated with increased EV adoption. 

 

DATASET 

Construction of dataset was done in 3 steps: 

1. Identification of Variables: 

Initially, we looked at the factors that could impact 

air quality concerning EVs. We narrowed it down 

to socioeconomic factors like GDP, energy 

production and emissions. 

2. Data Collection: 

Once we had determined the specific features, we 

proceeded to collect data related to them. We 

obtained data for 49 U.S. states and 5 states in 

India. More details on this are provided in the 

following section. 

3. Data Compilation: 

Finally, after obtaining data for all the variables, 

we merged them into a single dataset. During this 

process, we also conducted various data 

transformations and corrections, because the data 

were in different formats. 

AIR QUALITY DATA 

For US states, the “Annual mean NO2 data” and SO2 

was picked for every state from the EPA site [4]. Average 

was calculated for all counties in a state for years 2016 to 

2021. For India, we shortlisted 9 states based on data 

availability of EV sales on Vahan site [6] for the past few 

years. The vehicle category we looked at was 2, 3 and 4 

wheelers. 5 states namely Delhi, Haryana, Uttar Pradesh, 

Rajasthan and Karnataka were then selected for which 

NO2 data could be scrapped from CPCB site.  Annual 

mean of NO2 , SO2 data was webscrapped from the data 

provided by Central Pollution Control Board (CPCB) at 

the central control room site for air quality management [5] 

for years 2019 to 2022.  

NUMBER OF VEHICLES 

Data was collected for the number of registered 

vehicles in a state. The vehicle categories chosen were 

petrol, diesel, CNG and Electric. For India, the data was 

scraped from Vahan site [6].  For the US, the registration 

data was scraped from Alternatives Fuel Data Centre [7]. 

ELECTRICITY PRODUCTION AND POWER SECTOR 
EMISSION  

Data was collected from the IEA site for all US and 

India states [8]. This included production and emission 

data from following sources - bioenergy, coal, gas, hydro, 

nuclear, solar, other renewable, other fossil sources. With 
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the increase in the number of electric cars, there will be 

more demand for electricity. Hence the generation data is 

an important factor to consider.  

OTHER DATA 
Since the parameters are for various states which 

would vary in sizes and socio-economic status, data was 

also collected for population size, area of the state and GDP 

of the state. Later GDP was converted to GDP per capita 

and the population parameter was dropped. 

In the final data set there were in total 314 data 

records. These data records were for 5 Indian states from 

2019 to 2022 and for 49 US states from 2016 to 2021. Table 

1 lists all the features and their type in the final data set. 

 

Category Feature Type Unit 

Air Quality NO2 float ppb 

Socio- 

economic  

GDP per capita 

int USD 

Registered 

Vehicles 

Petrol int Number 

Diesel int Number 

CNG int Number 

Electric int Number 

Demographics Male int Number 

Female int Number 

Area of state float km2 

Electricity 

generation Data 

from various 

sources 

Bioenergy float TWh 

Coal float TWh 

Gas float TWh 

Hydro float TWh 

Nuclear float TWh 

Other Fossil float TWh 

Other 

Renewables float TWh 

Solar float TWh 

Wind float TWh 

Power 

Emission Data 

from various 

sources 

Bioenergy float mtCO2 

Coal float mtCO2 

Gas float mtCO2 

Hydro float mtCO2 

Nuclear float mtCO2 

Other Fossil float mtCO2 

Other 

Renewables float mtCO2 

Solar float mtCO2 

Wind float mtCO2 
Table 1: Input parameters 

DATA PRE-PROCESSING 

When looking at the correlation matrix between 

above parameters, it was found that electricity production 

and Power emission parameters had correlation values as 

high as 1 between them. Hence, we kept only one of the 

factors. Data was scaled using Min-Max scaler. The final 

correlation coefficients table has been added in Appendix. 

 

METHODOLOGY/MODELS 

We tried the following well-established machine 

learning algorithms for supervised learning in our research 

• Ridge Regressor (RR) 

• Decision Tree Regressor (DT) 

• Linear Regression (LR) 

• Random Forest Regressor (RF) 

• XGB Regressor (XGB) 

• Neural Network (NN) 

RIDGE REGRESSION 
Ridge regression is a method of estimating the 

coefficients of multiple-regression models in scenarios 

where the independent variables are highly correlated. In 

general, the method provides improved efficiency in 

parameter estimation problems in exchange for a tolerable 

amount of bias (see bias–variance tradeoff) . [16] 

DECISION TREE REGRESSION 

Decision Tree algorithm uses a tree-like model of 

decisions to either predict the target value (regression) or 

predict the target class (classification). Decision trees 

where the target variable or the terminal node can take 

continuous values (typically real numbers) are called 

regression trees [17]. We will be using the regression tree 

in our study. 

Creating a regression tree relies on binary recursive 

partitioning, an iterative technique that divides data into 

segments. Precisely, commencing from the root node, the 

algorithm dissects data via all feasible binary divisions, 

opting for the optimal partition. The partition's 

effectiveness is gauged by variance reduction, hence the 

finest division minimizes variance. This segmentation 

approach extends to every tree node, persisting until each 

achieves a predefined minimum observation count, 

transitioning into a leaf node.[17] 

LINEAR REGRESSION 

In this study, we focused on Multivariate  Linear 

Regression.  Multiple linear regression is a generalization 

of simple linear regression to the case of more than one 

independent variable, and a special case of general linear 

https://en.wikipedia.org/wiki/Coefficient
https://en.wikipedia.org/wiki/Regression_model
https://en.wikipedia.org/wiki/Efficient_estimator
https://en.wikipedia.org/wiki/Bias_of_an_estimator
https://en.wikipedia.org/wiki/Bias%E2%80%93variance_tradeoff
https://en.wikipedia.org/wiki/Simple_linear_regression
https://en.wikipedia.org/wiki/Special_case
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models, restricted to one dependent variable [22]. The 

basic model for multiple linear regression is : 

 

Yi = β0 + β1 Xi1 +  β2 Xi2 + …+ βp Xip + εi 

 

In the formula above we consider n observations of 

one dependent variable and p independent variables. Thus, 

Yi is the ith observation of the dependent variable, Xij is ith 

observation of the jth independent variable, j = 1, 2, ..., p. 

The values βj represent parameters to be estimated, and εi 

is the ith independent identically distributed normal error. 

[22] 

The null hypothesis is the claim that no relationship 

exists between two sets of data or variables being analyzed. 

The null hypothesis is that any experimentally observed 

difference is due to chance alone, and an underlying 

causative relationship does not exist, hence the term "null". 

In addition to the null hypothesis, an alternative hypothesis 

is also developed, which claims that a relationship does 

exist between two variables. [9] 

p-value is the probability that an observed difference 

is due to random chance when the null hypothesis is 

true[26]. A common threshold of the P-value is 0.05. A P-

value of 0.05 means that 5% of the time, we will falsely 

reject the null hypothesis. If the P-value is lower than 0.05, 

we can reject the null hypothesis with 95% confidence and 

conclude that there exists a relationship between the 

variables. [10] 

To test if the coefficients from the LR function has a 

significant impact on the dependent variable, we used the 

NULL value hypothesis. Ordinary least-squares (OLS) 

models assume that the analysis is fitting a model of a 

relationship between one or more explanatory variables 

and a continuous or at least interval outcome variable that 

minimizes the sum of square errors, where an error is the 

difference between the actual and the predicted value of the 

outcome variable [22]. We looked at the p values, 

coefficients [Figure 1] returned by running the OLS model 

and the NULL value hypothesis confirmed our initial belief 

that the Number of Electric cars does affect the dependent 

variable “NO2”. p-value for ELECTRIC is .031 which 

< .05 confirming our belief that the “Number of Electric 

cars” has a significant relation with dependent variable 

NO2. The coefficient being negative for Electric cars also 

indicates a negative relationship between the two. This 

indicates that as the number of EVs increase, we can expect 

the NO2 levels to decrease. 

 
Figure 1: OLS Regression Results 

RANDOM FOREST REGRESSION 

Random forest is a type of supervised learning 

algorithm that uses ensemble methods (bagging) to solve 

both regression and classification problems. The algorithm 

operates by constructing a multitude of decision trees at 

training time and outputting the mean/mode of prediction 

of the individual trees.[18] 

XGB REGRESSION 

The Extreme Gradient Boosting (XGBoost) 

Regressor is a powerful machine learning algorithm. It's an 

ensemble method that combines multiple weak regression 

models to create a robust and accurate predictor. XGBoost 

iteratively refines predictions, focusing on data points with 

higher residuals. This boosts predictive accuracy and 

reduces overfitting. It handles missing values and can 

handle both linear and nonlinear relationships in data. 

XGBoost's effectiveness lies in its ability to capture 

https://en.wikipedia.org/wiki/Alternative_hypothesis
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complex patterns, making it a popular choice for regression 

tasks, especially in cases where high predictive 

performance is desired.[19] 

NEURAL NETWORK - MULTILAYER PERCEPTRON 

The Multi-Layer Perceptron (MLP) is a neural 

network architecture used in machine learning. It consists 

of interconnected layers of nodes, including an input layer, 

one or more hidden layers, and an output layer. Each node 

applies a nonlinear activation function to its input, 

allowing the network to model complex relationships in 

data. MLPs can handle various data types and are effective 

in tasks like classification and regression. Training 

involves adjusting weights through backpropagation, 

optimizing the network's ability to learn patterns and make 

predictions. MLPs are versatile and widely applied in deep 

learning for their capacity to handle intricate data 

relationships. [20] 

In this study, we used a neural network with 5 hidden 

layers (16,14,12,10,8), learning rate of .01 and Adam 

optimizer. The model was developed using Keras 

Regressor library and parameters were tuned using 

GridSearchCV. 

MODEL METRICS 

We used the following 4 metrics to evaluate the 

model's performance:  coefficient of determination (R2), 

mean squared error (MSE), root mean squared error 

(RMSE), and mean absolute error (MAE).  

The Mean absolute error represents the average of the 

absolute difference between the actual and predicted 

values in the dataset. It measures the average of the 

residuals in the dataset.[21] 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑦𝑖 −  𝑦̂ |

𝑁

𝑖=1

 

where 

  𝑦̂ − 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑦 

  𝑦 − 𝑚𝑒𝑎𝑛 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑦 

 

Mean Squared Error represents the average of the 

squared difference between the original and predicted 

values in the data set. It measures the variance of the 

residuals.[21] 

𝑀𝑆𝐸 =
1

𝑁
∑  (

𝑁

𝑖=1

𝑦𝑖 −  𝑦̂)2 

 

Root Mean Squared Error is the square root of Mean 

Squared error. It measures the standard deviation of 

residuals.[21] 

𝑅𝑀𝑆𝐸 =  √𝑀𝑆𝐸 

The coefficient of determination or R-

squared represents the proportion of the variance in the 

dependent variable which is explained by the linear 

regression model. It is a scale-free score i.e. irrespective of 

the values being small or large, the value of R square will 

be less than one.[21] 

𝑅2 = 1 − 
∑(𝑦𝑖 −  𝑦̂)2

∑(𝑦𝑖 − 𝑦 )2
 

For the test train split, we used a 80:20 split with 

random seed and Shuffle selected as TRUE. K-fold cross-

validation was used for evaluating the predictive models 

with k set as 5.  The dataset was divided into k=5 subsets 

or folds. The model was  trained and evaluated k times, 

using a different fold as the validation set each time. 

Performance metrics from each fold were averaged to 

estimate the model’s generalization performance. Neural 

network is a non-deterministic model which gives different 

results with every run. So with every k-split, the model was 

run 5 times and average was taken over all the runs to take 

care of the non-deterministic behavior. 

 
RESULTS AND DISCUSSIONS 

In this section, we analyze the outcomes of our 

predictive models and explore the impact of EVs on NO2 

levels. Our investigation involved multiple regression 

techniques, including Linear Regression (LR), Ridge 

Regression (RR), Decision Tree (DT), Random Forest 

(RF), Extreme Gradient Booster (XGB), and Neural 

Network (NN).  

Table below provides details of various metrics 

measured with the predictive models. 

 
Metrics RR DT LR RF XGB NN 

RMSE 3.87 3.239 3.87 3.73 2.210 1.802 

MSE 15.03 10.88 15.1 13.97 4.912 3.360 

MAE 3.008 1.922 3.03 2.935 1.60 1.333 

R2 0.415 0.584 0.41 0.467 0.811 0.823 

Table 2: Model metrics 

We set a criterion of excluding models with R2 values 

below 50% from further consideration. Out of the two 

remaining models XGBR and Neural Network, we chose 

to employ the Neural Network model for subsequent 

simulations due to its high R2 value and lower RMSE error 

compared to the XGBR. 
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Visualizing the actual versus estimated scores on the 

test data for each model through graphs provided a visual 

view of the errors. However, the inclusion of data from the 

year 2020 in our prediction model led to outliers in these 

plots. The nationwide lockdown in various countries 

during 2020, due to the outbreak of COVID-19, reduced 

traffic and industrial activities, leading to a significant 

reduction of NO2 as reported by Cooper, M.J., Martin, 

R.V., Hammer, M.S. et al.[25]. This is not representative of 

normality. Hence the data of that year was removed.  The 

graphs for actual vs estimates scores are in Figure 2 and 3: 

 

 
 

 
Figure 2: Estimated vs Actual NO2 values for various 

models (LR, DT) 
 

 

 
 

Figure 3: Estimated vs Actual NO2 values for 

various models (RF, RR, XGBR) 

IMPACT OF EVS ON NO2 
Our subsequent analysis aimed to assess the influence 

of increasing EV adoption on NO2 concentrations. This 

investigation involved simulations where EV quantities 

were scaled from 0 to 1.5 million, while holding other 

variables constant. We chose 1.5 million as the upper limit 

as the maximum EV numbers we have in our training 

dataset was 0.5 million. We have scaled numbers to 3 times 

that value as estimates of NO2 level with EV numbers 
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much higher than in the training data set would make NO2 

predictions much less reliable. The resulting trends 

demonstrated a consistent decrease in NO2 levels with the 

rise of EV numbers. 

Interestingly, some states like Texas, Pennsylvania, 

Rajasthan exhibited an initial spike in NO2 levels followed 

by a subsequent decline upon increasing the number of 

EVs. This phenomenon might be attributed to the interplay 

between EV adoption and electricity production. As the 

demand for electricity increases alongside EVs, reliance on 

fossil fuels for energy production may temporarily elevate 

NO2 levels. However, this effect is outweighed by the 

long-term benefits of EVs in mitigating NO2 pollution. 

The graphs below are the simulation results with x 

axis denoting the EV’s (0 to 1.5 million) and y axis 

denoting the predicted NO2 level. For each year, a different 

color is used for showing the predicted value of NO2 in a 

particular year. Mean of the predicted NO2 value over 

years is also calculated and plotted as the red line. 

 
  

 
 

Figure 4: Simulations Scaled EV’s vs NO2 (Indian 

States) 

 

 
 

Figure 5: Simulations Scaled EV’s vs NO2 (US 

States) 
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DELHI AS A CASE STUDY 

Focusing on Delhi, India, we conducted similar 

simulations by increasing the number of EVs while 

keeping the other factors constant. Our model predicts a 

visible decrease in NO2 level as the number of EVs would 

be scaled to 1.5 million. The dots on the graph indicate the 

actual values for NO2 for those years which are very close 

to the predicted values shown on the chart.  

 

 
Figure 6: Delhi simulation run with scaled EV’s 

 

It is also observed that NO2 levels have increased 

over the years. This might be attributed to the fact that 

along with EVs, the number of Diesel and petrol vehicles 

are also increasing. So we decided to run more simulations 

to observe how replacement of diesel vehicles with EVs 

affect the NO2 levels. We ran these  simulations for the 

year 2022. In this scenario, we reduced the number of 

diesel vehicles by 10% and redistributed this portion as 

EVs while keeping the total vehicle count constant. The 

results of this simulation indicated a promising trend—

NO2 levels decreased as the share of EVs increased, in line 

with our broader findings. 

These trends align well with Delhi's policy initiatives 

aimed at combating pollution. The regulation to phase out 

diesel vehicles older than a decade and the proposal to 

restrict diesel passenger vehicles in Indian cities by 2027, 

has been  advocated by the Ministry of Petroleum and 

Natural Gas [24]. Our model predicts that if the policy has 

the intended effect of reducing the number of diesel 

vehicles and increasing the number of EVs, NO2 levels 

shall decrease. 

 

 

 
Figure 7: Delhi simulation with varying diesel 

and EV’s 

 

CONCLUSION 

In conclusion, our study highlights the potential of 

EVs in reducing NO2 levels. Through predictive modeling 

and simulations, we underscore the importance of 

transitioning toward cleaner transportation alternatives to 

mitigate air pollution. We experimented with a multitude 

of regression techniques and found that the neural network 

performs best for our given data set with a R2 of 0.82. The 

observed trends, particularly evident in Delhi, offer 

actionable insights for policy makers and urban planners 

seeking effective strategies to improve air quality and 

public health. 

By systematically analyzing the outcomes of our 

models and simulations, our study contributes to the 

understanding of the complex relationship between 

transportation choices and air quality, shedding light on the 

path towards sustainable urban development. However, 

shifting to EV’s alone won’t solve the air quality issues 

alone. A switch to public transportation and overall 

reduction in the use of personal/low-occupancy vehicles is 

necessary too. Another important factor to consider is to 

shift to use of renewable sources for production of 

electricity for the EV’s. 

Building upon this study's findings and considering 

the potential advancements highlighted by recent research 

developments, several promising avenues for future 

investigation emerge. The following areas present 

opportunities to enhance the understanding of the 

relationship between EV adoption and nitrogen dioxide 
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(NO2) levels, with a particular focus on India's unique 

context. 

1. Advanced Modeling Techniques 

While the current study leveraged established machine 

learning algorithms, further exploration into more 

advanced modeling techniques could yield richer insights. 

Incorporating time series analysis, for instance, could 

provide a dynamic understanding of the evolving 

relationship between EV adoption and NO2 levels over 

different time intervals. Time series models such as 

ARIMA and Prophet, demonstrated in [23], could offer a 

comprehensive view of temporal trends and patterns. 

2. Expansion of Dataset and Features 

Enhancing the dataset's scope by including a broader range 

of countries, especially developing nations that share 

similarities with India's environmental challenges, can 

yield more robust insights. Introducing features that 

characterize the energy grid's composition, the availability 

and planned capacity of EV charging infrastructure, and 

socio-economic factors specific to each region can enhance 

the predictive power of the models. This approach aligns 

with the methodology proposed in [1], which incorporates 

socioeconomic status. 

3. Improved Data Granularity and Resolution 

Accessing more granular EV data, such as precise counts 

of EVs by type and location, could augment the predictive 

accuracy of models. Additionally, adopting higher 

temporal resolution—transitioning from yearly to monthly 

data—can provide a more detailed representation of EV 

adoption dynamics and their impact on NO2 levels. This 

aligns with the approach used in [3] where a machine 

learning approach is employed to analyze and predict EV 

scenarios. 

4. Inclusion of Additional Environmental Factors 

Broadening the scope of the analysis to incorporate a wider 

range of environmental factors—such as sulfur dioxide 

(SO2) concentrations—can enhance the holistic 

representation of air quality. This more comprehensive 

approach resonates with studies like [2], which explores 

the distributional effects of air pollution from EV adoption. 

Including multiple pollutants and their interactions can 

lead to a more nuanced understanding of EVs' impact on 

overall environmental quality. 

    In summary, the next steps for research involve a 

multifaceted approach, encompassing advanced modeling 

techniques, expanded datasets, finer data granularity, and 

the inclusion of broader environmental factors. By 

pursuing these avenues, researchers can attain a more 

nuanced and comprehensive understanding of the potential 

of EVs to influence NO2 levels and contribute to India's 

air quality improvement. 
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