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Delhi experiences high air pollution, especially during winter when AQI values often reach hazardous levels. This study used
1,461 daily observations from the DTU campus monitoring station collected between 2021 and 2024. It examined which
pollutants were most strongly related to AQI and tested whether machine learning models could predict next-day AQI using
previous pollutant values. Three regression models were used: Linear Regression, Random Forest, and XGBoost. Lagged
pollutant features were used to avoid target leakage from same-day values. After hyperparameter tuning, XGBoost performed
best, with a test RMSE of 72.61 and an R? of 0.499. SHAP analysis showed that lagged PM2.5 and PM10 values had the
strongest influence on the predictions. A CPCB-based benchmark was also used to compare the machine learning results with
AQI calculated using the official CPCB method. Prophet was trained on data from 2021 to 2024 and validated using AQI values
calculated from pollutant measurements recorded at DTU between October 13 and November 30, 2025. Prophet had a validation
RMSE of 99.83 and correctly identified 69.39% of days with an AQI above 400. Its performance was lower when identifying
days with AQI above 300. The results show that lagged pollutant data can provide useful information for AQI forecasting, but
accurate next-day predictions remain difficult when only these features are used. The use of one monitoring station and the
absence of weather-related variables were the main limitations.
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Introduction industrial activity add to the pollution load®. Crop residue
burning in nearby states and Diwali emissions cause further

Delhi’s AQI, especially during winter has been a matter of spikes each year during winter®”’.

serious concern since 2016, Every winter Delhi’s AQI rises
to the point where AQI falls in severe category. This affects
hundreds of thousands of Delhi’s residents.

According to CPCB, AQI is calculated from six pollutants .
These are PM 10, PM2.5, nitrogen dioxide, sulfur dioxide, car-
bon monoxide, and ozone. Though 6 pollutants are used in
calculation of AQI, there are only 2 pollutants which cause

This annual trend was disturbed by lockdowns throughout
the world due to COVID-19. During lockdowns, use of ve-
hicles and industrial activities decreased significantly which
caused AQI to fall®®. After 2021, restrictions were lifted
which caused AQI to rise again as everyday-life came back
to its pre-pandemic routine.

sharp rise and fall in AQI. They are particulate matters (PM10
and PM2.5). In this study, PM10 was more of a major drive in
AQI than PM2.5. However, PM2.5 is more biologically harm-
ful because it is much smaller and can go deep into the lungs
and into the bloodstream, increasing the risk of heart disease,
lung cancer, and strokes over time?. Delhi’s annual average
concentration of PM2.5 in 2023 was around 88 pg/m?, or
about 17 times the WHO’s recommended limit?>.

Besides these 6 pollutants, nature plays a role too in Delhi’s
high AQI. Winter temperature inversions trap pollutants near
the ground*>. Delhi’s location in the Indo-Gangetic Plain lim-
its air circulation®. Vehicle emissions, construction dust, and

U Gorakhpur Public School, Uttar Pradesh, India

Machine learning has become an important tool for tasks
related to forecasting and research in different domains. Air
quality/Environment being one of them as they contain com-
plex, non-linear interactions that traditional statistical models
handle poorly'%!!. Ensemble methods like Random Forest
and XGBoost are well suited to identifying these patterns '3,
Time series models like Prophet can capture seasonal cycles
and long-term trends'*. A number of studies have applied
these methods to Delhi’s air quality and found that machine
learning models generally outperform traditional approaches,
though few validate predictions against actual future observa-
tions '%15-17_ For example, Gupta et al. (2025) and Masood &
Ahmad (2023) have demonstrated strong model performance
on historical Delhi data but do not validate forecasts against
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future observations '>18. Some also use pre-2021 data but do
not capture the post-pandemic pollution rebound '3:1°.

This study addresses both gaps listed. First, it compares
three regression models trained on lagged pollutant features to
forecast next-day AQI. Second, it validates forecast produced
by prophet against real-world observations from the DTU
monitoring station from October 2025 to November 20252,
The major hypotheses were that PM2.5 and PM 10 would show
stronger correlations with AQI, with PM10 expected to ex-
ceed a Pearson correlation of 0.8, and that ensemble models
would outperform Linear Regression in RZ, RMSE, MAE and
MAPE, with XGBoost expected to lead due to its sequential
boosting framework.

The dataset used in this study was obtained from kaggle.
It consists of 1,461 daily observations from January 2021
through December 20242!. Meteorological variables were un-
available and therefore excluded, which limits predictive accu-
racy but does not negatively affect meaningful seasonal fore-
casting over the study period.

Methods

Research Design

This study was conducted based on publicly available histor-
ical air-quality data. No experiments were conducted, and no
human participants were involved. The pollutant data were
used to train machine-learning models for next-day AQI pre-
diction and a Prophet model for long-term AQI forecasting.

Data Collection

Daily air quality data from Delhi’s DTU campus from January
2021 through December 2024 was obtained from a publicly
available Kaggle dataset?!. The dataset contains 1,461 daily
observations of PM2.5, PM10, NO2, SO2, CO, and Ozone,
alongside corresponding AQI values and calendar features in-
cluding holiday counts and weekday indicators. There were
no missing values in the dataset. The data was loaded and ma-
nipulated using python’s pandas library. The data was grouped
in months and years to analyze seasonal patterns. Meteorolog-
ical variables such as wind-speed, temperature and humidity
were not available in the dataset therefore were not used any-
where throughout the study. Including them would have likely
improved forecasting accuracy, as conditions such as temper-
ature inversion plays role in extreme pollution episodes*>.

Feature Engineering and Target Variable

Input features were prepared using pollutant measurements
from one, two, three, and seven days before the prediction
date. Same-day pollutant values were not used because they

are directly involved in calculating AQI under the CPCB
framework. The lagged values created 24 input features in
total. The lags of one, two, and three days were used to cap-
ture recent pollution patterns. The seven-day lag was included
to account for possible weekly changes in traffic and indus-
trial activity. Creating these lagged features removed the first
seven observations because earlier data were unavailable, re-
ducing the dataset from 1,461 to 1,454 observations. AQI was
used as the target variable, with previous pollutant measure-
ments used to predict the next day’s AQI.

PM2.5 and PM10 concentrations were measured in micro-
grams per cubic meter. NO2, SO2, and O3 were measured in
micrograms per cubic meter or parts per billion, depending on
the sensor, while CO was measured in milligrams per cubic
meter. AQI is a dimensionless quantity. It is calculated by
finding a separate sub-index for each pollutant and using the
highest sub-index as the final AQI value. Therefore, the pol-
lutant with the highest sub-index has the greatest effect on the
overall AQIL.

Exploratory Data Analysis

Pearson correlation coefficients were calculated to measure
the strength and direction of the relationship between each
pollutant and AQI. Scatter plots were created to visualize these
relationships, while a correlation heatmap showed the rela-
tionships among all pollutants and AQI. The data were also
grouped by month, and a line plot was used to examine AQI
trends over the study period.

Variance Inflation Factors (VIF) were calculated for the
original six pollutant features and the 24 lagged features to
check for multicollinearity. The lagged features showed high
multicollinearity, with the highest VIF reaching 14.6 for a
PMI10 lag feature. This was expected because pollutant con-
centrations from nearby days are often related. Since Random
Forest and XGBoost are tree-based models, multicollinear-
ity was not expected to significantly affect their predictions.
However, the Linear Regression results were interpreted with
caution.

Seasonal decomposition was applied to the AQI data to
separate long-term trends, seasonal patterns, and unexplained
variation. A Kruskal-Wallis test was also performed to deter-
mine whether AQI differed significantly across months.

Data Splitting Strategy

The dataset was split chronologically, with the first 80% used
for training and the remaining 20% used for testing. This
ensured that the models were tested on data from a later pe-
riod than the data used for training. Five-fold TimeSeriesS-
plit cross-validation was used to maintain the chronological
order of the data, with each validation set coming after its cor-
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responding training set. The same TimeSeriesSplit method
was used during hyperparameter tuning with Randomized-
SearchCV. The original 80/20 split was retained for the fi-
nal evaluation, while cross-validation was used only for model
tuning and checking the consistency of the results.

Linear Regression

Linear Regression was implemented as the baseline model us-
ing scikit-learn’s LinearRegression class??. The model fits a
linear equation of the form:

AQI(t) =bg+ by (PM2.5(t — 1)) + b (PM10(t — 1)) +
-+ +bos (Ozone(t — 7))

Here, t represents the day for which AQI is predicted, while
t—1, t-2, t-3, and t-7 represent one, two, three, and seven days
earlier. Each coefficient shows how its corresponding lagged
pollutant value affects the predicted AQI.

Linear Regression has no meaningful hyperparameters to
tune, so it was trained once on the training set and evaluated
directly on the test set. It serves as a reference point for mea-
suring the improvement the ensemble models achieve by cap-
turing non-linear relationships.

Random Forest Regressor

Random Forest was implemented using scikit-learn’s Ran-
domForestRegressor class. The model constructs a large num-
ber of decision trees, each trained on a bootstrap sample of
the training data and a random subset of features at each split
node. This combination of data and feature sampling intro-
duces diversity among the trees, reducing overfitting and im-
proving generalization. The final prediction is the average

across all individual trees 12

XGBoost Regressor

XGBoost was implemented using the XGBRegressor class
from the XGBoost library. Unlike Random Forest, which
builds multiple trees independently and combines their pre-
dictions, XGBoost builds trees one after another. Each new
tree attempts to correct the errors made by the previous trees.
XGBoost also uses L1 and L2 regularization to reduce overfit-
ting and improve model performance '3.

A rule-based CPCB benchmark was also created using the
official sub-index formulas for PM2.5 and PM10. The highest
sub-index was used as the predicted AQI, following the CPCB
method. This benchmark was used as a reference to compare
the machine-learning models with AQI calculated from same-
day pollutant concentrations.

Hyperparameter Tuning

For both Random Forest and XGBoost, hyperparameter tun-
ing was performed using RandomizedSearchCV with five-fold
TimeSeriesSplit cross-validation, evaluating 20 random com-
binations per model. Linear Regression was excluded from
tuning as it has no meaningful hyperparameters to optimize.
Table 1 summarizes the hyperparameters tested and the opti-
mal values identified for each model.

Model Evaluation Metrics

Four evaluation metrics were used to evaluate the predic-
tion results: Root Mean Squared Error (RMSE), Mean Ab-
solute Error MAE), R2, and Mean Absolute Percentage Error
(MAPE).

The Root Mean Squared Error (RMSE) is calculated as the
square root of the average of the squared difference between
the predicted and actual AQI values. Because the errors are
squared, larger prediction errors have a greater impact on the
final RMSE. A lower RMSE thus indicates that the predicted
AQI values were closer, on average, to the actual values.

The Mean Absolute Error is the average of the differences
between the predicted AQI and the actual AQI, regardless of
whether the prediction is higher or lower than the actual. It
gives the average prediction error in AQI units directly. Lower
MAE indicates the predicted AQI values are closer to the ob-
served values.

The R? score indicates the percentage of the variation in
AQI explained by the input data. An R? value of 1.0 indicates
a perfect fit, and O indicates the predictive results that were
no better than the average AQI value. The higher the R?, the
more of the variation in AQI was explained by the predictions.

The Mean Absolute Percentage Error shows the average er-
ror of the predictions as a percentage of the actual AQI value.
Unlike RMSE and MAE, it expresses the error as a percent-
age, not in AQI units. This gives a better idea of how large the
prediction error is relative to the actual AQI.

SHAP Analysis

SHAP analysis was applied to the tuned XGBoost model to in-
terpret how each lagged pollutant feature influenced individual
AQI predictions '°. TreeSHAP was used because it computes
exact SHAP values efficiently for tree-based models?*. SHAP
values quantify the contribution of each feature to a predic-
tion while considering interactions among features. Two plots
were generated from the analysis: a bar plot showing the mean
absolute SHAP value of each feature across the test set, and a
beeswarm plot showing the distribution of SHAP values for
each feature, with color indicating whether the corresponding
feature value was relatively high or low.

© The National High School Journal of Science 2026

NHSJS 2026 | 3



Table 1 Hyperparameter Search Space and Optimal Configuration.

Hyperparameter Search Space (Random Search Space (XGBoost) Best Parameter Best Parameter
Forest) (Random Forest) (XGBoost)

n_estimators 100, 200, 300, 400, 500 200, 400, 600 100 400
max_depth None, 10, 20, 30, 40 3,5,7,9 None 3
min_samples_split 2,5,10 — 5 —
learning _rate — 0.01, 0.05, 0.1 — 0.01
subsample — 0.7,0.8, 1.0 — 0.7
colsample_bytree — 0.7,09,1.0 — 1.0

Time Series Forecasting with Prophet

Prophet was selected to forecast AQI over a longer period be-
cause the Delhi AQI data showed a clear yearly pattern, with
major pollution peaks during late autumn. The trend also
changed during the period following COVID-19!4. Prophet
was used because it can account for both long-term trends
and seasonal changes, while allowing the trend to shift over
time 1424, Its forecasts were evaluated alongside those from a
seasonal naive model and a SARIMA model>.

The seasonal naive model predicted AQI using the value
recorded on the same date one year earlier. SARIMA was
fitted using the auto_arima function from the pmdarima library
with a seasonal period of seven days. The same chronological
80/20 train-test split was used for Prophet and both baseline
models .

Prophet was set up with linear growth and yearly season-
ality. Weekly and daily seasonal patterns were turned off be-
cause they were not clearly visible in the data. The change-
point prior scale was set to 0.05 to allow changes in the trend
without making the model too sensitive to small changes in
AQI

After the initial evaluation, Prophet was trained using the
full dataset from 2021 to 2024. It was then used to generate
daily AQI forecasts through 2026. The uncertainty intervals
became wider as the forecast moved further into the future.

The forecasts for October and November 2025 were
checked against AQI values calculated from pollutant mea-
surements recorded at the DTU monitoring station. CO mea-
surements were unavailable, so AQI was calculated using the
official CPCB sub-index formulas for the other five pollu-
tants. The highest sub-index was taken as the final AQI value.
Eleven days with missing pollutant measurements were re-
moved, leaving 49 days for validation.

Ethical Considerations

The dataset used in this study is publicly available on Kaggle
and is based on air-quality records from the Central Pollution
Control Board of India. The dataset was anonymized and did

not contain any personal information. No human participants
were involved. The dataset was available for research and ed-
ucational use. The code used in this study was uploaded to
GitHub to make the analysis easier to check and reproduce.

Code Availability

To support reproducibility and methodological transparency,
the complete analysis pipeline, including data preprocess-
ing, machine learning model training, hyperparameter tuning,
SHAP analysis, and Prophet forecasting, is publicly available
at https://github.com/Shaurya-git-bit/Delhi- AQI-Time-Series-
Forecasting-with-Prophet.

Results

Forecasting Baseline Comparison

Before comparing Prophet forecasts against the 2025 observa-
tions, it was tested on the test set with the other two baseline
models which were seasonal naive model and SARIMA. The
seasonal naive model had RMSE equal to 88.48 and MAE
equal to 67.86, while SARIMA had RMSE of 102.96 and
MAE of 85.62. Prophet was validated on the measurements
of pollutants at DTU through which AQI was calculated from
October 13, 2025 to November 30, 2025%°. It had a validation
RMSE of 99.83 and MAE of 73.3. Since the baseline mod-
els were validated on a different set than Prophet, comparing
the absolute errors is unfair. The Prophet model correctly pre-
dicted 69.39% of days with an AQI over 400 and 55.10% of
days with an AQI over 300.

Forecast Validation against Real 2025 Observations

The forecasts produced by Prophet were validated against AQI
values calculated from pollutant measurements recorded at
the DTU campus monitoring station between October 13 and
November 30, 2025. Since CO measurements were unavail-
able, AQI was calculated using the other five pollutants and the
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official CPCB sub-index equations. Eleven days with incom-
plete pollutant data were removed, leaving 49 observations for
evaluation.

Prophet had a validation RMSE of 99.83 and MAE of 73.3.
It correctly predicted 69.39% of days with AQI over 400, and
55.10% of days over 300. The seasonal naive model had
RMSE of 88.48 and MAE of 67.86. SARIMA had RMSE
of 102.96 and MAE of 85.62. These aren’t directly compara-
ble since Prophet was tested on a different set. Therefore their
RMSE values should be interpreted separately.

Delhi AQI Forecast using Prophet

500

400

300

2021 2022 2023 2024 2025 2026
e

Figure. 1 Prophet AQI forecast for Delhi (2021-2026) with actual
observations and uncertainty band.

Figure 1 shows the Prophet forecast alongside actual AQI
observations from 2021 through 2026. Black dots are the daily
AQI values recorded at the DTU monitoring station. The blue
line is Prophet’s fitted and forecasted AQI, and the shaded blue
band is the uncertainty interval. The band widens as the fore-
cast extends further into the future.

The plot shows Delhi’s seasonal pattern: AQI peaks each
winter and declines during the monsoon months, repeating
across all four years of training data. The uncertainty inter-
val is larger during winter peaks than during monsoon months.
Beyond 2025, where no observed data exist, the interval keeps
expanding as the forecast moves further out.
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Figure. 2 Prophet-extracted trend component of Delhi AQI
(2021-2026).

The trend component shows the long-term direction of
Delhi’s AQI after removing seasonal and random variation.

AQI declined from early 2021 to mid-2023, possibly due
to reduced economic and vehicular activity during the post-
pandemic recovery. It rose again through 2024 as activity re-
turned to normal.

Correlation between Pollutants and AQI

Correlation with AQI (r = 0.90) indicated a strong positive
correlation for PM10 with a clear positive trend. PM2.5 was
also found to be highly correlated with AQI (r = 0.82), but the
variation in values was much larger for higher concentrations.
CO was moderately related to AQI (r = 0.71) other pollutants
showed lower correlations, with weak correlations for NO2,
SO2 and O3 with AQI. For O3 the correlation was scattered
without any obvious trend. Due to the limited information
provided by the correlation metric, a more detailed analysis
was performed using the SHAP approach.

VIF analysis was performed to determine the extent of mul-
ticollinearity among the six features of pollutants. The highest
VIF scores were for PM10 (9.44), followed by CO (7.75) and
PM2.5 (6.88). The VIF values of NO2, SO2 and O3 were less
than 3. PM10 and PM2.5 had relatively high VIF scores, but
both were retained because of their overall importance.

The 24 lagged features showed similar pattern with the
highest VIF score of 14.59 for PM10_lag7. The Linear Re-
gression results should be interpreted with caution due to the
expected degree of collinearity between lagged features.

AQI vs PM10
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Figure. 3 Scatter plot of AQI versus PM10 concentration, reflecting
a Pearson correlation of 0.90.

Seasonal Patterns in AQI

The analysis of the monthly AQI distribution showed a sea-
sonal pattern during the four years. The highest AQI levels
were typically observed in November, December and January,
with median values of 300 to 400. The lowest AQI values
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AQI vs Ozone
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Figure. 4 Scatter plot of AQI versus ozone concentration, confirming
near-zero correlation with AQI.

were found in July, August and September with median val-
ues below 150 and little variance between months. The AQI
for the months of February, March, April and September, Oc-
tober was relatively low in the respective months.

AQI

400 1
200 A

Seasonal
w

o

Resid

2021-07 2022-01 2022-07 2023-01 2023-07 2024-01 2024-07

Figure. 5 Seasonal decomposition of Delhi AQI (2021-2024).

The decomposition method was used to decompose the
original AQI series into trend, seasonal and residual compo-
nents. The graph of the three series is below. The trend
component showed several increases and decreases through-
out the study period from 2021 to 2024. The seasonal compo-
nent showed seasonal variation in AQI with increases in win-
ter months and decreases in monsoon season. This pattern
was the same for all four years of the analysis. The residual
component represented short term variations in AQI and val-
ues were mostly clumped around zero, with few large outliers
during severe pollution episodes like Diwali festival and stub-

ble burning events.

A Kiruskal-Wallis test was conducted to determine whether
the distribution of AQI was equal across all months. The test
confirmed that the distribution was not equal (H = 886.36, p
< 0.001).

AQI Over Time
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Figure. 6 Monthly AQI trends from 2021 to 2024, showing consis-
tent seasonal peaks in winter and troughs during monsoon months.

Machine Learning Model Performance before Tuning

Three models were trained on the first 80% of the chronologi-
cal data using 24 predictors of lagged values of pollutants and
tested on the remaining 20%. Before hyperparameter opti-
mization, Linear Regression outperformed with an RMSE of
70.52, MAE of 56.55, R? of 0.527, and MAPE of 41.84%.
Random Forest followed up with an RMSE of 74.89, MAE of
61.60, R? of 0.467, and MAPE of 50.60%. XGBoost had the
lowest baseline performance with RMSE of 81.59, MAE of
66.67, R? of 0.367, MAPE of 55.27

Linear Regression outperformed both ensemble models be-
fore tuning. This came out to be unexpected. Multicollinearity
among the lagged features is one possible cause, since linear
models are generally more sensitive to correlated predictors
than tree-based ones. It is not the only reason, and this as-
sumption should be explored further in later sections; thus, it
is included in the Discussion.

Table 2 Baseline Model Performance Before Hyperparameter Tuning

Model RMSE MAE R*>  MAPE
Linear Regression 70.52 5655 0527  41.84%
Random Forest 74.89 61.60 0.467  50.60%
XGBoost 81.59 66.67 0.367 55.27%

Machine Learning Model Performance after Tuning

The use of RandomizedSearchCV and TimeSeriesSplit cross-
validation for hyperparameter tuning resulted in XGBoost
achieving an RMSE of 72.61, an MAE of 59.93, an R? of
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0.499, and a MAPE of 46.91%. Random Forest showed sim-
ilar performance, with an RMSE of 73.75, an MAE of 60.29,
an R? of 0.483, and a MAPE of 48.63%. Hyperparameter tun-
ing improved the performance of XGBoost, but the difference
between the two tuned models remained small. Although Lin-
ear Regression was not tuned, it achieved an R? of 0.527 on
the test set. This may be related to the strong multicollinearity
among the lagged features, although this explanation cannot
be confirmed from the present analysis.

The cross-validation results across all three approaches
yielded an average R? of about 0.33 to 0.36. Random Forest
had the highest mean of R? of 0.3555 with the lowest variance
(standard deviation) of 0.0909. Therefore, it was more stable
in its results on the 10 folds of the cross validation. XGBoost
had a slightly lower mean R? of 0.3446 and standard deviation
of 0.1040. The Linear Regression had the lowest mean R? of
0.3342 and highest standard deviation of 0.1740.

Table 3 Model Performance after Hyperparameter Tuning

Model (Tuned) RMSE MAE R? MAPE
Random Forest 73.75 60.29 0.483 48.63%
XGBoost 7261 5993 0499 46.91%

The CPCB-based model, which effectively used the same-
day pollutant values to estimate AQI, had an RMSE of 55.74,
an MAE of 28.65, and an R? of 0.732. It outperformed the
lag-based machine learning models, which is expected since it
used the same-day pollutant values, while the latter used the
lagged values to predict AQI. Thus, predicting AQI based on
previous days’ pollutant values is a more challenging task than
estimating it from the same-day values.

Table 4 Five-Fold Cross-Validation Results

Model Mean R? (= Std)  Mean RMSE  Mean MAE
(+ Std) (+ Std)
Linear Regression 0.3342 + 0.1740 82.57 + 64.04 +
15.03 11.00

Random Forest 0.3555 + 0.0909 81.25+6.89  64.36 + 6.89

XGBoost 0.3446 + 0.1040 81.85+8.09 6493 +£7.27

The cross-validation results for the three approaches were
relatively similar, with mean R? values ranging from 0.33 to
0.36. This result indicated that the problem of predicting the
next day AQI from lagged pollutant values was difficult and
all three approaches achieved only moderate predictive perfor-
mance. Random Forest was the best performing model of the
three, with a mean R? of 0.3555 and the lowest variance across
folds (standard deviation of 0.0909). XGBoost had a mean R?
of 0.3446 and standard deviation of 0.1040. The Linear Re-
gression had the least mean R? of 0.3342 with a standard de-
viation of 0.1740. It was therefore the least consistent in the

results from the 10 folds of the cross-validation.

SHAP Analysis of the XGBoost Model

The SHAP analysis was used to assess the contribution of
each lagged pollutant feature to the final AQI prediction. For
the tuned XGBoost model, the mean absolute SHAP values
were as follows: PM2.5_lagl = 11.66, PM2.5 lag3 = 11.39,
PM10_lagl = 10.01, PM2.5_lag2 = 7.41, PM10_lag2 = 6.87,
PM10.lag3 = 6.73, PM2.5_lag7 = 4.87, NO2_lagl = 4.49,
SO2_lag3 = 3.64, PM10_lag7 = 3.07. The lag features of
PM2.5 and PM10 had the highest contribution to the model,
with the exception of PM10_lag7. The lag features of gaseous
pollutants had a relatively low contribution to the model. For
example, PM2.5 lagl indicates the value of PM2.5 concentra-
tion from the previous day. Similarly, lag2, lag3, and lag7 in-
dicate the value of the pollutant concentration from two, three,
and seven days ago, respectively.

High

PM2.5_lagl < aeea « |oosgongmiuatpen. o
PM2.5_lag3 »—-’-o---‘--u-m--«.-»-- .
PM10_lagl *»«..4....... opdowane oo .
PM2.5_lag2 ool 4. Tovbutmar— - o "
PM10_lag2 el 00 ctaroetlififeass E
PM10_lag3 B . %
PM2.5_lag7 e o covon .. pd
NO2_lagl P e ..
S02_lag3 -u-.-{-..
Sum of 15 other features *m 2 oo~
Low

-20 -10 0 10 20
SHAP value (impact on model output)

Figure. 7 SHAP beeswarm plot for the tuned XGBoost model across
the test set (top 9 features shown).

The figure shows how previously recorded pollutant val-
ues affected AQI predictions made by the XGBoost model.
PM2.5 lagl had the strongest effect, followed by PM2.5_lag3
and PM10_lagl. The red points represent higher pollutant val-
ues and are mostly found on the right side of the plot. This
shows that higher pollutant levels generally increased the pre-
dicted AQI. The blue points represent lower pollutant values
and are mostly found on the left side, meaning that lower val-
ues generally decreased the predicted AQI. The one-day and
three-day lag features had a stronger effect than the seven-day
lag features. This suggests that the model relied more on re-
cent pollutant data than on older observations.

Discussion

After hyperparameter tuning, XGBoost showed the best over-
all performance, although its advantage over Random Forest
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was small. Both models performed below the CPCB bench-
mark. PM2.5 and PM10 values from previous days were the
most important predictors of next-day AQI.

Lagged features were used to avoid target leakage. Under
the CPCB framework, AQI is calculated using pollutant con-
centrations from the same day. Using those same-day values
as model inputs would therefore reconstruct AQI rather than
predict it in advance. The CPCB benchmark achieved a higher
R? of 0.732 because it used the same-day pollutant values,
while the machine-learning models used earlier observations.
The cross-validation results showed mean R? values between
0.33 and 0.36. This suggests that the lagged models provided
some forecasting value, although their performance remained
limited.

Before and even after tuning, Linear Regression performed
better than the ensemble models which was unexpected. This
may be because the lagged features had high multicollinearity.
The VIF values for the PM10 lag features ranged from 13.93
to 14.59, indicating high multicollinearity which may have af-
fected model performance. The strong correlations between
PM2.5, PM10, and AQI may also have favored Linear Regres-
sion, as it can capture these linear relationships effectively.
Another possible reason is that the dataset had fewer than
1,500 observations with only 24 features, which may not have
been enough for the tree-based models to learn strong patterns.
These are possible explanations, not confirmed causes.

Tuning improved XGBoost the most. Its RMSE decreased
from 81.59 to 72.61, while its R? increased from 0.367 to
0.499. Random Forest also improved but less than XGBoost.
After tuning both the ensemble models, all three models still
had fairly similar performance. This suggests that the avail-
able predictor variables may have limited performance more
than the choice of model. Absence of meteorological vari-
ables such as wind speed, temperature, humidity, rainfall, and
boundary layer height might have contributed to this modest
improvement. Previous studies who used these variables re-
ported better model performance though it is not completely
known due to small size of dataset?’.

SHAP results supported the earlier correlation analysis.
PM2.5 and PM10 values from one and three days earlier had
the strongest effect on AQI predictions, while gaseous pollu-
tants had much smaller effects. This may be related to par-
ticulate pollution remaining in the air for several days, espe-
cially during stagnant winter conditions*. It must be noted
that SHAP values describe how the model fitted the features
and not about the physical processes that actually determine
AQI. Thus, the two aspects can differ, and the conducted anal-
ysis cannot tell whether there is a real cause-and-effect rela-
tionship or a mere statistical correlation 328,

The classification of episodes by the Prophet model was in-
consistent, and it seems that this has more to do with the char-
acteristics of the model itself than the data it worked with.

Extreme events, referring to AQI values above 400, occur dur-
ing a distinct seasonal period, which remains consistent each
year. On the contrary, episodes with moderate to high AQI are
influenced by factors such as weather and emissions, which
were not included in the Prophet model, leading to weaker
predictions within these ranges. The model was also used to
generate forecasts over a long period. As the forecast moved
further into the future, uncertainty increased, which may have
affected its accuracy.

The decreasing trend in AQI from 2021 to mid-2023, fol-
lowed by an increase in 2024, may be linked to the return of
transport and industry after the pandemic. However, this point
was not tested in detail in the research and should be consid-
ered a plausible explanation rather than a proven cause.

Future studies may be able to use multiple monitoring
sites across Delhi, allowing for a more accurate assessment
of pollution in different areas!®. Including meteorological
factors may make forecasts more accurate, especially during
moderate-to-severe pollution episodes that are difficult to clas-
sify?’. Other modeling methods, such as Long Short-Term
Memory (LSTM) networks, could also be tested for longer-
range forecasting. Forecasting models could also be combined
with emissions data or source-apportionment data to better
connect prediction results with the sources of pollution’-2°,

Limitations

The study had four main limitations:

First, the dataset used in this study contains records from
a single monitoring station at DTU, so the findings may not
represent pollution levels across all of Delhi.

Second, meteorological variables were not included
throughout the study which likely limited models’ perfor-
mance.

Third, the analysis used publicly available data from CPCB
monitoring stations. While they presumably reflect actual air
quality, the calibration of the sensors cannot be verified.

Fourth, during the October to November 2025 validation
period, CO data were unavailable. Therefore AQI was calcu-
lated from the 5 other pollutants instead of 6 under the CPCB
framework. Since PM10 and PM2.5 had the highest corre-
lation with AQI in this study, the absence of CO might not
have affected Prophet’s accuracy much. However, AQI could
have been slightly underestimated on days with unusual CO
levels. Also, the validation period started from 12th of Octo-
ber, 2025, which limited the evaluation period to 49 matched
observations.

Overall, XGBoost showed the largest improvement after
hyperparameter tuning, although the difference between XG-
Boost and Random Forest remained small. The relatively
small dataset and the absence of meteorological variables may
have limited the overall performance of the models. However,
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the extent to which meteorological variables would improve
model performance is uncertain. It should also be noted that
Linear Regression, despite not being tuned, achieved the best
performance on the final test set across all four evaluation met-
rics.
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