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ABSTRACT

Fine particulate matter (PM, 5) prediction is essential for proactively managing air quality since
levels of pollutants differ over time and across urban areas. An Explainable Hybrid Stacking
Framework (EHSF) is proposed to forecast one hour ahead PM, 5 for three CPCB monitoring stations
in India namely, Anand Vihar, Delhi; Chhatrapati Shivaji International Airport T2, Mumbai; and
Manali, Chennai using hourly observations during 2021-2025. Temporal, cyclic, lagged, rolling-
statistical, pollutant, and domain-specific interaction features are extracted from the data. Redundancy
elimination and consensus-based feature selection is carried out based on mutual information,
Random Forest importance, permutation importance, and SHAP importance. Random Forest, Extra
Trees, and XGBoost algorithms predict out-of-fold temporally ordered values of one-hour-ahead
PM, 5, which are aggregated using CatBoost meta-algorithm. EHSF gives R> = 0.9383, 0.8879, and
0.7696 and RMSE = 30.0167, 11.3705, and 16.7043 on the held-out chronological test data sets
for Delhi, Mumbai, and Chennai, respectively. From the results, it can be inferred that EHSF can
enhance the performance of one hour-ahead PM, 5 forecasting, however, further external validation
at other monitoring stations and time intervals is required to claim generalizability across different
geographical locations.

1. Introduction

Fine particulate matter (PM, 5) forecasting has become
increasingly important for the proactive management of air
quality because urban pollution processes are driven by
the interaction of temporal, meteorological, particulate, and
emission-related factors. Recent research into explainable
ensemble architectures reveals that hybridizing heteroge-
neous models through feature attribution techniques may
provide improved forecasts alongside enhanced interpreta-
tion capabilities [ 1]. Recent research into graph-based learn-
ing architectures informed by pollutant dispersion processes
reveals the importance of incorporating spatial relationships
in models used to forecast PM, 5 levels at geographically
scattered observation locations [2]. Decomposition methods
reveal that using different temporal frequency components
allows one to better represent complex processes of PM, 5
formation that are challenging to model with the use of single
temporal feature sets [3]. The incorporation of meteorolog-
ical dynamics into short-term forecasting demonstrates the
role of environmental context in PM, 5 prediction in case of
fast-changing atmospheric conditions [4].

1.1. Problem Overview and Motivation

The increasing complexity of atmospheric dynamics as-
sociated with pollutant concentrations requires shifting from
individually functioning predictive algorithms toward en-
sembles capable of leveraging complementary learning be-
haviours in different environments. A regime-aware hybrid
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ensemble learning approach shows how the predictive power
of particular learners is dependent upon specific pollution
regimes, thus creating motivation for adaptive learner com-
binations instead of reliance on a single predictive model
[5]. This is especially relevant for PM, 5 prediction be-
cause pollutant concentrations are formed by the interactions
of multiple temporal, meteorological and emission-related
processes that affect PM, 5 generation to different extents
depending upon location and current time period.

Thus, an explainable ensemble architecture that incor-
porates gradient boosting, XGBoost, stacking, and SHAP
techniques demonstrates the possibilities of complement-
ing nonlinear features of learners and obtaining relevant
information about the contribution of particular predictors
[6]. The operational importance of forecasting is illustrated
through the application of artificial-intelligence-based air-
quality mapping and prediction of extreme pollution con-
ditions that allows one to perform proactive environmental
management based on high PM, 5 prediction [7]. Nonethe-
less, the effectiveness of such a task depends not only upon
the predictive algorithm but also upon the way raw atmo-
spheric data is preprocessed into informative predictors [8].
Thus, the increasing importance of feature representation
makes PM, 5 forecasting a task of simultaneous model con-
struction and feature optimization.

Explainable approaches to machine learning show that
feature attribution techniques are able to identify the con-
tribution of meteorological and anthropogenic processes
and thus provide relevant information beyond conventional
prediction error metrics [9]. Similar results were found by
research in explainable PM, s modelling that shows that
the relative importance of source-related and meteorological
predictors is dependent on specific conditions of prediction
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and hence creates the necessity for analysing the inner work-
ings of the learner instead of accuracy only [10]. These
results make clear a necessary condition for contemporary
PM, 5 prediction frameworks: in addition to providing ac-
curate predictions, any predictive framework should clarify
what information was used to generate them.

Table ?? summarizes key representative studies in statis-
tical forecasting, conventional machine learning, deep learn-
ing, hybrid and ensemble learning, explainable Al, feature
optimization, multi-city and Indian urban air-quality predic-
tion. The literature demonstrates a progressive shift toward
nonlinear learning, heterogeneous ensembles, temporal and
spatial representation, feature optimization, and model ex-
plainability. However, these components are generally in-
vestigated separately or in partially integrated combinations.
This observation motivates the proposed EHSF framework,
which jointly incorporates forecast-aware feature engineer-
ing, consensus-based feature selection, leakage-controlled
out-of-fold stacking, heterogeneous RF—-ET-XGBoost base
learners, CatBoost meta-learning, and SHAP-based inter-
pretation across three heterogeneous Indian cities.

1.2. Research Gap

In accordance with the described developments, the suc-
cess of PM, 5 forecasts is significantly dependent upon the
quality of the temporal and environmental information rep-
resentation utilized in a predictive model. Explainable PM, 5
forecasting using engineered predictors and SHAP revealed
that adequately designed features contribute to improved
predictive representations while maintaining explainability
at the predictor level [11]. Mutual-information-based feature
filtering with subsequent spatiotemporal forecasting demon-
strated the significance of detecting informative predictors
prior to using complex predictive architecture [12]. This
reveals that feature generation and feature selection have
to be treated as independent steps of a modelling pipeline,
rather than as a part of preprocessing.

At the same time, a systematic construction of features
increases the likelihood of redundancy in lagged, rolling,
cyclic, pollutant, and interaction variables. Using just one
metric as a tool of feature selection may be insufficient since
metrics measure feature importance from different model- or
statistical-based perspectives. A stacking approach for air-
quality prediction showed that using heterogeneous learn-
ers allows capturing complementary non-linear relations
between environmental predictors and PM, 5 concentration
[13]. Deep ensembles of forecasters also demonstrated better
results of PM, 5 estimates compared to a single model-based
representation of information [14]. Studies of ensemble fore-
casting showed that a combination of different learning
techniques increases the robustness of air-quality forecasts
under different atmospheric circumstances [15]. It shows
that diversity of feature representation and diversity of pre-
dictive models are complementary sources of information.
However, no approach currently uses them effectively within
one forecast-focused methodology.

The problem becomes even more critical when forecast-
ing is performed across heterogeneous metropolitan envi-
ronments. A spatiotemporal hybrid approach revealed the
significance of taking into account the relations between
space and time in forecasting PM, 5 in metropolitan envi-
ronments [16]. Heterogeneous spatiotemporal stacking ap-
proaches demonstrated that using heterogeneous predictive
learners can bring additional benefits in PM, 5 prediction in
geographically distributed areas [17]. Ensemble learning for
cities also showed that heterogeneous learners allow improv-
ing the results of urban air-quality forecasts [18]. Although
these developments showed how important it is to combine
multiple learning strategies in PM, 5 prediction, the problem
of coordination of forecast-time feature construction, multi-
criteria feature selection, heterogeneous learning, chrono-
logical validation, and explainability remains unsolved.

An additional gap relates to the correlation between
prediction accuracy and explainability. Explainable hybrid
stacking demonstrated that it is possible to use an ensemble
approach for particulate pollution forecasting together with
SHAP [19]. Automated machine-learning demonstrated the
possibility of systematic optimization of learning strategy
and hyperparameters in case of predicting air quality in
urban environments [20]. However, there is no guarantee
that it leads to the development of forecast-compatibility,
minimized feature redundancy, and explainability of pre-
dictor space. The practical importance of the development
of PM, 5 prediction was confirmed by the study that cor-
related pollution prediction with the assessment of health
risks during severe pollution episodes [21]. A multi-task
ensemble approach also showed the possibility of exploiting
relationships between pollutants via ensemble and proba-
bilistic learning [22].

Therefore, the literature review shows that there is a
methodological fragmentation problem in the field of PM, s
prediction. Each of the listed elements of PM, 5 prediction
was developed successfully; however, it was not done in a
way to create an integrated forecasting pipeline. The current
research problem is thus not only how to obtain a better
predictive score, but how to build a PM, 5 forecasting system
that would allow controlling information availability, predic-
tor redundancy, learner diversity, chronological validation,
and explainability.

1.3. Research Objective and Contributions

In this regard, the current study proposes the construc-
tion of an Explainable Hybrid Stacking Framework (EHSF)
for multi-city PM, 5 forecasting using forecast-aware feature
construction, consensus-based feature selection, heteroge-
neous ensemble learning, controlled out-of-fold stacking
and SHAP-based interpretation. The proposed EHSF is de-
signed based on hourly CPCB observations from Anand
Vihar (Delhi), Chhatrapati Shivaji International Airport T2
(Mumbai), and Manali (Chennai). During the implemen-
tation of the methodology, the obtained dataset is repre-
sented using temporal, cyclic, lag-based, rolling-statistical,
pollutant, and domain-specific interaction features. Then,
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multi-criteria feature optimization is performed using Mu-
tual Information, Random Forest importance, Permutation
Importance, and SHAP-based importance in order to de-
tect complementary features and decrease the likelihood
of redundancy. Optimized predictors are used for training
Random Forest, Extra Trees, and XGBoost learners with the
generation of out-of-fold predictions for the chronological
validation. Finally, the ensemble predictions are combined
via a CatBoost meta-learner. At the last step, the EHSF
trained with this methodology is analyzed using SHAP.

The hourly CPCB datasets for the three stations span the
period from January 1, 2021 to December 31, 2025. After
removing duplicates and hours with missing PM, 5 target
values, the final datasets comprised 39,420 valid hourly
observations for Delhi, 38,905 for Mumbai, and 37,812 for
Chennai. For each city, the earliest 80 percent of the chrono-
logical observations were allocated to the training period
and the most recent 20 percent to the held-out test period.
This resulted in 31,536 training and 7,884 test samples for
Delhi, 31,124 training and 7,781 test samples for Mumbai,
and 30,250 training and 7,562 test samples for Chennai. The
training periods cover January 2021 to September 2024 for
Delhi, January 2021 to September 2024 for Mumbai, and
January 2021 to August 2024 for Chennai, while the test
periods cover October 2024 to December 2025 for Delhi
and Mumbai, and September 2024 to December 2025 for
Chennai.

Consequently, four major contributions of this study are:

1. Forecast-aware feature engineering: developing a
structured representation of the predictors including
temporal, cyclic, lag-based, rolling-statistical, pollu-
tant, and domain-specific interaction features accord-
ing to forecasting-time information.

2. Consensus-based feature selection: employing Mu-
tual Information, Random Forest importance, Permu-
tation Importance, and SHAP-based importance in
order to detect complementary features and to reduce
predictor redundancy.

3. Heterogeneous hybrid stacking: creating an RF-
Extra Trees—XGBoost base ensemble with leakage-
controlled out-of-fold predictions generation and Cat-
Boost meta-learning for exploiting complementary
representations of information.

4. SHAP-based explainability: applying SHAP on the
final EHSF for quantifying contributions of global and
local predictors and understanding PM, 5 forecasting
mechanisms of three cities.

Then, the framework is experimentally verified using
a chronological training-validation scheme and time-series
cross-validation using R2, RMSE, and MAE to evaluate
performance. The designed experimental setting makes it
possible to evaluate not only the ability of EHSF to improve
the accuracy of PM, 5 forecasts, but also to understand why
predictive behavior differs across different cities and what
are the influential predictors in a heterogeneous ensemble

setting. This discussion thus explains the research motiva-
tion and gap concerning information construction, feature
optimization, heterogeneous learning, and explainability in
PM, s forecasting. Therefore, the following section will con-
sider the evolution of related research in machine learning,
ensemble and hybrid learning, spatiotemporal forecasting,
feature optimization, deep learning and explainable artificial
intelligence.

Table 1 summarizes representative studies covering con-
ventional machine learning, deep learning, hybrid and en-
semble learning, explainable machine learning, feature opti-
mization and decomposition, multi-city and spatial forecast-
ing, and Indian urban air-quality prediction. The literature
demonstrates a progressive shift toward nonlinear learning,
heterogeneous ensembles, temporal and spatial representa-
tion, feature optimization, and model explainability. How-
ever, these components are generally investigated separately
or in partially integrated combinations. This observation
motivates the proposed EHSF framework, which jointly
incorporates forecast-aware feature engineering, consensus-
based feature selection, leakage-controlled OOF stacking,
heterogeneous RF—-ET-XGBoost base learners, CatBoost
meta-learning, and SHAP-based interpretation across three
heterogeneous Indian cities.

2. LITERATURE REVIEW AND
RESEARCH POSITIONING

The current forecasting literature has evolved beyond
machine-learning algorithms by proposing more advanced
architectures such as ensemble, deep-learning, spatiotempo-
ral, and explainable architectures to cope with increasingly
heterogeneous dynamics in urban pollution [23]. The men-
tioned evolution indicates that the performance of predictive
models is related not only to the learning algorithm itself
but also to information representation regarding temporal-
ity, meteorology, pollution, and geography [24]. Multi-city
studies also point to the variability of dynamics across
various monitoring sites, suggesting the importance of ge-
ographical heterogeneity for ssessing the performance and
consistency of the proposed forecasting framework across
heterogeneous metropolitan environments. [25]. The vari-
ability in target distribution, in turn, highlights the issue
that learned associations between pollutants are valid for the
particular pollution regime and may shift in other periods
[26]. Thus, contemporary forecasting needs to consider such
aspects as predictive learning, information representation,
heterogeneity, temporal dependencies, and interpretability in
a coordinated manner [27].

2.1. Machine Learning in the Field of Forecasting

Machine-learning models have shown their capacity to
detect nonlinear relations between pollution and environ-
mental predictors in a heterogeneous urban dataset [23].
Long-horizon forecasting has additionally pointed to the
importance of regional meteorology as an additional source
of atmospheric representation beyond historical pollution
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Table 1

Comparative Analysis of Representative PM, 5 and AQI Forecasting Studies and Identified Research Gaps

Category

Representative studies

Core methodology

Key contribution

Gap relative to EHSF

Conventional machine
learning

Deep learning

Hybrid and ensemble
learning

Explainable machine
learning

Feature optimization
and decomposition

Multi-city and spatial
forecasting

Indian urban
environments

Recent explainable and
stacking approaches

Proposed EHSF

[15, 21, 23, 35, 36, 40, 44,
52, 57, 59]

[2, 4, 16, 24, 25, 29, 31,
33, 49, 51, 54, 56, 58]

[1, 5, 6, 13, 17, 18, 26, 28,

30, 32, 34, 37, 38, 39, 43,
45, 48, 50, 53, 55]

[9, 10, 11, 13, 19, 24, 27]

[3, 8, 12, 37, 38, 46, 47]

[2, 30, 48, 50, 53]

[18, 23, 30, 34, 35, 36, 40,
51, 52, 54, 57]

[1,5, 6,9, 10, 11, 13, 17,
18, 19, 20, 22]

This study

RF, optimized ML, and
kernel-based learning

BiLSTM, CNN, TCN, GRU,
attention, graph-based, and
other deep-learning models

Stacking, boosting, hybrid DL,

decomposition—ensemble, and
multi-scale ensemble methods

SHAP, interpretable ML,
explainable ensembles, and
interpretable DL

Feature engineering, Ml
filtering, decomposition,
denoising, feature extraction,
and multi-scale representation
Graph learning, spatial
modelling, intercity learning,
and spatiotemporal ensemble
methods

ML, DL, ensemble, and
AQI/PM, 5 forecasting

Explainable ensembles,
stacking, SHAP, feature
engineering, and AutoML

Forecast-aware features,
MI-RF-PI-SHAP consensus
selection, RF-ET-XGBoost
OOF stacking, CatBoost
meta-learning, and SHAP

Models nonlinear relationships
between pollutant and
environmental variables

Learns complex temporal,
spatial, and spatiotemporal
dependencies

Combines complementary
learners to improve forecasting
performance and robustness

Provides model-level feature
attribution and improves
prediction interpretation

Improves feature representation
and reduces redundant or noisy
information

Captures spatial heterogeneity
and cross-location dependencies

Demonstrates data-driven
air-quality forecasting in Indian
urban environments

Combines predictive modelling
with improved model
interpretation

Integrates feature
optimization, heterogeneous
stacking, leakage control, and
two-level interpretation across
three Indian cities

Limited integration of
forecast-aware features,
consensus selection, OOF
stacking, and SHAP
interpretation

Limited integration of
multi-criterion feature selection
with heterogeneous OOF
stacking

Limited simultaneous
integration of forecast-aware
features, consensus selection,
OOF stacking, and meta-level
SHAP

Explainability is generally not
integrated with consensus
selection and the complete
heterogeneous stacking pipeline
Limited integration of multiple
importance criteria with
leakage-controlled stacking and
SHAP interpretation

Limited integration of
city-specific feature selection
with unified explainable
stacking

Predominantly city-specific
studies with limited integration
of forecast-aware selection,
OOF stacking, and SHAP

The methodological
components remain only
partially integrated into a single
leakage-controlled framework
External validation across
additional cities, monitoring
stations, periods, and data
sources is required

records [24]. Multi-location forecasting has, thus, brought
the need to consider both temporal and geographical depen-
dencies to adequately represent variable behavior of [25].
Ensemble multivariate forecasts, in turn, have emphasized
the importance of evolving target distributions, suggesting
the importance of pollution dynamics rather than the sta-
tionary relation of predictors and targets for the model ro-
bustness [26]. At that, growing model complexity brings the
need for interpretability of machine-learning models[27].

2.2. Ensemble and Hybrid Learners

Limitations of separate learners have been used to con-
struct ensemble approaches by leveraging complementari-
ness of different models in their predictions under nonlinear
atmospheric conditions [28]. Deep-learning hybrid systems
have been additionally used to represent complex tempo-
ral dependencies in behavior through attention and opti-
mization procedures; however, growing model complexity
may require considerable computational effort and reduce
interpretability [29]. In turn, stacking has been offered as an
alternative for building complex models on the basis of het-
erogeneous learners without need for a single complex archi-
tecture, comparative study showing the complementariness
of model predictions [30]. In addition, forecasting based
on the information from meteorology, vehicular activity, and

emissions shows that rich environmental representation can
help improve predictive power in heterogeneous metropoli-
tan environment[31].

2.3. Spatiotemporal Forecasting and Multi-City
Evaluation

Multicity forecasting makes the task even more com-
plicated since the dynamics heavily depend on local envi-
ronment [32]. Spatiotemporally high-resolution forecasting
demonstrates that increased information content can help
to improve predictability but, at the same time, increasing
the number of dimensions can also raise the complexity of
modeling [33]. The issue of spatiotemporal modeling, thus,
is connected with the necessity to explicitly account for tem-
poral and geographical dependencies rather than rely solely
on predictors’ relations [34]. Studies from Visakhapatnam
demonstrate the impact of environmental factors on urban
air-quality prediction, while studies conducted in Hyderabad
indicate the effectiveness of using several predictors for city-
specific forecasting [35],[36]. Thus, multicity analysis is not
just an expansion of the set of observations but rather a test of
the possibility to apply the common forecasting architecture
for heterogeneous pollution regimes.
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2.4. Feature Engineering and Feature Selection

The information space composed of numerous temporal
and meteorological variables can be redundant [37]. In turn,
denoising and ensemble learning show the importance of
getting rid of redundancy prior to model estimation [37]. De-
composition and ensemble approaches show the efficiency
of structural transformation of complex dynamics for better
representation of different dynamics [38]. Particulate fore-
casting informed by meteorology confirms once again the
value of environmental information in conjunction with en-
semble learning [39]. The studies conducted in Indian urban
environment confirm that nonlinear relationships and local
characteristics are the key for predictive behavior of models
[40]. This suggests that forecasting-aware construction of
temporal, cyclic, lagged, rolling statistical, and specific do-
main interaction features should be preceded by systematic
feature selection.

2.5. Deep Learning, Ensembles’ Evolution, and
Explainability

The deep-learning approach has brought increasingly
complex architectures for representation of nonlinear at-
mospheric process and temporal dependencies [41]. Re-
gional ensemble forecasting demonstrates the possibility
to improve forecasting over long horizons by leveraging
predictive information from various sources [42]. Boosting
combined with deep-learning algorithms has additionally
demonstrated the complementariness of learning approaches
to particulate forecasting [43]. Distributed in geography
machine-learning studies reconfirm the importance of het-
erogeneous environmental conditions, while deep ensemble
models show that the multiple models can serve as a flexible
alternative to highly complex deep learners [44],[45]. Multi-
objective feature extraction and multi-scale approaches have
additionally demonstrated the possibility to improve hourly
forecasts through optimized representation of predictors and
multiple temporal scales [46],[47]. In turn, intercity en-
sembling, 3D CNN-GRU models and data-driven hetero-
geneous framework emphasize the value of accounting for
spatiotemporal and environmental information [48, 49, 50].
Deep learning-based Hyderabad studies additionally con-
firm the predictive value of historical temporal information
[51].

2.6. Critical Positioning of the Proposed EHSF
Approach

Contemporary machine learning has confirmed the pos-
sibility of nonlinear particulate forecasting but highlighted
that the performance of models is closely connected with the
quality of environmental representation [52]. Graph-based
spatiotemporal architectures have additionally expanded the
range of representation possibilities, while metropolitan
AQI model demonstrated the value of sequential learning for
temporal behavior of pollutants [53, 54]. Methods of multi-
objective optimization and feature extraction are additional

ways of predictive search space control, while spatiotem-
poral deep learning approach reconfirms the value of spa-
tiotemporal representation [55, 56]. Prediction of Delhi ad-
ditionally reconfirmed the feasibility of data-driven model-
ing of particulate matter in Indian metropolitan environment,
while attention-based LSTM and ensemble models con-
firmed the value of temporal attention and model combina-
tion [57, 58]. Methods of multiple-kernel learning have ad-
ditionally shown the possibility to model nonlinear relation-
ships between meteorological conditions and particulates
[59]. Despite all these advances, the literature still remains
methodologically fragmented, since each particular study
highlights feature engineering, advanced temporal learning,
ensembling, spatial modeling, optimization, and explain-
ability separately. The current approach aims to bridge this
gap by integrating forecasting-aware feature engineering,
consensus-based feature selection on the base of Mutual
Information, Random Forest importance, Permutation Im-
portance, and SHAP importance, leakage controlled out-of-
fold stacking of Random Forest, Extra Trees, and XGBoost,
CatBoost meta-learning, and city-specific SHAP interpreta-
tion. The next section is devoted to the experimental design
from data acquisition and chronological preprocessing to
feature construction, selection, ensembling, explainability,
and time-series analysis.

3. MATERIALS AND METHODS

The proposed Explainable Hybrid Stacking Framework
(EHSF) was implemented as a sequence of steps that trans-
form raw hourly air-quality observations into forecast-relevant
predictors, remove redundancy, integrate complementary
machine learning learners, and interpret the results. The

methodology involves six interrelated steps: data pre-processing,

forecast-aware feature engineering, consensus-based feature
optimization, heterogeneous stacking, SHAP explainability,
and time-aware performance evaluation. The chronolog-
ical order of observations was preserved throughout all
modelling procedures to prevent future information from
entering feature optimization, model training, validation, or
prediction. The entire workflow is visualized in Fig. 1.

The entire workflow of EHSF is illustrated in Fig. 1,
which starts with the collection and preprocessing of data
from CPCB, followed by forecast-aware feature engineering
and feature selection. The optimized feature set is processed
through Random Forest, Extra Trees, and XGBoost base
models via out-of-fold predictions before passing through
the meta-learning phase of CatBoost and prediction.

3.1. Study Area and Data Set

The EHSF was implemented using hourly observa-
tions available from the Central Pollution Control Board
(CPCB), India for the period from January 2021 to De-
cember 2025. To test the proposed framework in hetero-
geneous environments, the following three representative
metropolitan monitoring sites were selected: Anand Vi-
har, Delhi; Chhatrapati Shivaji International Airport (T2),
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CPCB Dataset

Data Preprocessing

Forecast-Aware
Feature Engineering

Consensus-Based
Feature Selection

Selected Feature Subset

Extra Trees
(Base Learner)

Random Forest
(Base Learner)

XGBoost
(Base Learner)

Out-of-Fold Predictions

CatBoost
(Meta-Learner)

Model Explainability

g SHAP Analysis

Final PM, 5 Forecast

Figure 1: Proposed Explainable Hybrid Stacking Framework (EHSF) for Multi-City Forecasting

Mumbai and Manali, Chennai. These locations provide
different urban settings characterized by various climatic
conditions, emission sources, traffic intensity, industrial
activity and seasonal pollution dynamics. Thus, they provide
a suitable set of data for assessing the robustness of the
proposed forecasting framework. The raw datasets consist
of hourly observations and accompanying meteorological
and temporal information. The concentration was defined
as the target for predictions, whereas the other variables
were used to form the predictors representing historical
pollutant dynamics, temporal stability, seasonal behavior,
and environment interactions. Each city was processed inde-
pendently, maintaining chronological order of observations
prior to the model development to preserve the temporal
structure of the observations. For each city, the forecasting
target was shifted by one hour so that predictor information
available at time t was used to predict the concentration
at time t+1. Thus, each sample represents a one-hour-
ahead forecasting task. The current observation at time t
was treated as an available predictor, whereas the value
at t+1 was used exclusively as the prediction target. This
formulation ensures that the target-period value does not
enter the predictor set. The use of the unlagged variable as a
predictor means that the latest available value of is used for
the current observation t, and not the value that will occur
in the target period of time, which is t+1. The objective
was not to pool observations from different cities into a
single predictive model or to assume identical pollution

dynamics across metropolitan environments. Instead, the
proposed EHSF methodology was applied independently
to each city, allowing city-specific feature selection, model
fitting, and predictor interpretation while maintaining a
consistent modelling and evaluation procedure across the
three study locations.

The characteristics of the used data sets are summarized
in Table 2 (CPCB data source, 2021-2025 study period,
hourly temporal resolution, three study cities, supervised
regression problem formulation, time-aware train/test split,
and R2, RMSE and MAE assessment metrics). It is critical
that each city is processed independently, since the aim is
not to aggregate the observations and make an assump-
tion of similar pollution dynamics in different metropolitan
areas. Instead, the same methodology is applied to each
city independently to provide feature rankings and predictor
behavior specific to a particular location, while ensuring
methodological consistency.

3.2. Data Pre-processing

Prior to the feature construction, the systematic pre-
processing procedure was applied because the inconsisten-
cies in environmental time series data may affect feature
generation and subsequent model estimation. First of all,
redundant observations were removed from each dataset.
After that, the observations were sorted based on their
observation timestamps. Next, the data gaps were identified
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Table 2
Summary of the CPCB datasets used for multi-city prediction

Attribute

Description

Data Source

Study Period

Target Variable
Temporal Resolution
Study Cities
Monitoring Stations

Learning Type

Data Organization
Predictor Information
Feature Representation
Validation Strategy

Stacking Strategy

Explainability Method
Performance Metrics

Central Pollution Control Board (CPCB), India
January 2021-December 2025

concentration

Hourly

Delhi, Mumbai, Chennai

Anand Vihar (Delhi), Chhatrapati Shivaji International Airport
(T2) (Mumbai); Manali (Chennai)

Supervised regression

City-wise chronological time series

, meteorological, pollutant, and temporal observations
Temporal, cyclic, lag-based, rolling-statistical, and
domain-specific interaction features

Chronological train—test split with Time Series Split
cross-validation

RF + ET + XGBoost base learners with CatBoost
meta-learner

SHAP

(R?), RMSE and MAE

and appropriately addressed to ensure temporal continuity
while avoiding unnecessary modifications to the inherent
pollutant dynamics. The date and time variables were con-
verted into a uniform datetime format to provide a common
ground for deriving forecast-related temporal features. The
most important constraint of the pre-processing procedure
was the preservation of the chronological order of the ob-
servations. Each city was split into training and testing
observations using the chronological split rather than the
random shuffle. In this way, the latter observations are un-
available during the model development phase, ensuring that
the future data do not participate in the training process.
After the pre-processing procedure, the processed chrono-
logical datasets were provided to the forecast-aware feature-
engineering step. In this way, the predictors derived from
the historical observations in the next step remain consistent
with the information available at the time of forecasting.

3.3. Forecast-Aware Feature Engineering

The purpose of the forecast-aware feature engineering
step is to represent temporal dependencies, periodicity, his-
torical pollutant dynamics, local statistical variability, and
pollutant-meteorology interactions. Instead of using only
the raw hourly observations in the predictive models, the
framework provides systematic transformation of the vari-
ables into the predictor space capturing multiple temporal
scales and nonlinear relationships. This approach is crucial
for because its current concentration depends both on the
recent pollutant dynamics and recurring temporal patterns.

3.3.1. Temporal and Cyclic Features

Calendar-based predictors were generated from the stan-
dardized datetime variable: year, month, week, quarter, and
day of the year. These predictors explicitly provide the
information about the recurring seasonal and calendar-based

changes, which otherwise would have been hidden in the
raw timestamp. The cyclic encoding technique was used
to represent periodic temporal features through the sine
and cosine transformations. For the temporal feature t with
period P, the cyclic encodings are defined as:

Cyclic Encoding
sin(x) = sin (2”?") (1
cos(x) = cos (th> ()

Where

x denotes the temporal variable,

T represents the corresponding period.

The paired representation maintains the circular relation-
ship of the beginning and end of a temporal cycle and does
not treat consecutive periodic states as far apart in terms of
numerical distance.

3.3.2. Lag-Based Features

The lagged features were created in order to capture
historical pollutant information existing prior to the pre-
diction time. The lagged features of and other pollutants
were introduced into the model with certain lag intervals.
In addition, lagged predictors allow for an explicit forecast
approach wherein historical observations contribute to esti-
mating the next level. As far as the predictors of derived air-
quality indexes like AQI are concerned, only the lagging or
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historical data was considered. The target AQI observations
were not included among the predictors.

3.3.3. Rolling Statistical Features

The rolling-window statistics were engineered to capture
local temporal behaviour rather than using only the historical
observation data. The generated rolling features included
mean, median, standard deviation, minimum, maximum,
and range of certain temporal windows. The statistics pro-
vide complementary information regarding local concentra-
tion levels, variability, extremes, and dispersion within his-
torical periods. Each forecasting case had its rolling statis-
tics set at the forecasting point in time and based on the
observations that are prior to the target point in time only.
The observation associated with the forecast target and any
following observations were disregarded.

3.3.4. Domain-Specific Interaction Features

The interaction predictors were engineered to capture
the relationships between the pollutant and meteorological
variables that may not be well-expressed when the variables
are treated separately. These interaction predictors consist
of pollutant-related combinations, such as Particulate Index
and Pollution Load, as well as interaction between pollu-
tant and meteorological variables. Thus, the feature space
includes information about temporal, cyclic, lagged, rolling
statistical, and domain-specific aspects rather than using a
limited set of predictors. The forecast-aware engineering
process produced 204 candidates for Delhi, 205 for Mumbai,
and 204 for Chennai. The feature spaces were further passed
to the redundancy filtering and feature importance optimiza-
tion steps rather than being directly used in the ensemble
models.

Figure 2 shows the process of converting preprocessed
observations from CPCB to an augmented space of fea-
tures for forecasting. Temporal and cyclic features denote
periodic characteristics, lagged features denote persistence
of pollutants, rolling statistics denote recent variability, and
specific-domain interactions denote non-linear pollution-
environment interactions.

3.4. Consensus-Based Feature Selection

A high-dimensional engineered feature space may con-
tain highly redundant predictors. Hence, the feature selection
was formulated as a two-step optimization process includ-
ing correlation-based redundancy filtering and multi-criteria
feature importance evaluation. This feature selection design
allows reducing the unnecessary feature space while main-
taining predictors encoding forecasting information. All data
dependent feature selection algorithms were applied on the
training set only. The chronological test data, which was kept
aside, was excluded from all correlation filtering, Mutual
Information, Random Forest importance, Permutation Im-
portance, SHAP feature ranking, and optimization of feature
subsets.

3.4.1. Correlation-Based Redundancy Filtering

The correlation filtering was carried out independently
for each city before the modelling step. Pearson correlation
coefficients were calculated among the candidate predictors,
and Highly redundant predictors were removed using a pre-
defined absolute Pearson correlation threshold. Predictors
exceeding this threshold were treated as redundant, and only
one predictor from each highly correlated pair was retained
according to the predefined selection rule. The dimensional-
ity was therefore reduced from 204 to 173 for Delhi, 205 to
159 for Mumbai, and 204 to 178 for Chennai (i.e., 31, 46, and
26 removed predictors, respectively). This dimensionality
reduction provides a compact set of candidate features while
retaining all the main categories needed to represent tem-
poral persistence, periodicity, pollutant history, statistical
variations, and environmental interaction.

3.4.2. Mutual Information

The first importance criterion was Mutual Information
(MI), which evaluates the statistical dependency between an
individual predictor and the target variable with the ability
to represent nonlinear relations. The MI provides the model-
independent feature importance measure indicating whether
a feature carries information related to prediction.

3.4.3. Random Forest Feature Importance

The Random Forest Feature Importance (RFI) was then
calculated based on the contribution of individual predictors
to impurity reduction in the ensemble of decision trees.
This provides the model-based feature importance measure
reflecting the predictor relevance in a nonlinear tree-learning
model.

3.4.4. Permutation Importance

The Permutation Importance (PI) evaluates the deteri-
oration of the predictive performance when the values of
an individual predictor are randomly permuted. The greater
the deterioration of the predictive performance, the more
important the corresponding predictor since it carries more
information to make predictions in the model.

3.4.5. SHAP-Based Importance

The SHAP-based importance provides the model-aware
importance measure by assessing the contribution of indi-
vidual predictors to model outputs. The mean magnitude of
SHAP values was used as the feature importance measure
in the feature ranking process. The four ranking approaches
therefore examine the predictor relevance from the com-
plementary statistical, model-based, perturbation-based, and
attribution-based perspectives.

3.4.6. Nested Temporal Consensus Ranking and
Subset Optimization
To prevent information from later observations within
the training period from influencing earlier validation folds,
consensus feature ranking and Top-K subset optimization
were performed within a temporally nested validation proce-
dure. The chronological outer split was first used to separate
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Figure 2: Forecast-Aware Feature Engineering Workflow for Multi-City Prediction.

the final training period from the completely unseen test
period. The test period was not used in feature ranking,
feature-subset optimization, model fitting, OOF generation,
or meta-learner training.

Within the outer training period, chronological Time
Series Split validation was used for feature-subset optimiza-
tion. For each inner training—validation fold, Mutual Infor-
mation (MI), Random Forest Importance (RFI), Permutation
Importance (PI), and SHAP-based importance were calcu-
lated using the inner training observations only. The four
resulting rankings were combined by assigning an ordinal
rank to each retained predictor and calculating its mean
rank. Candidate Top-K subsets were then constructed from
the consensus ranking obtained within that inner training
fold and evaluated on the corresponding inner validation
observations.

The validation performances across the candidate Top-K
configurations were aggregated across the chronological in-
ner folds, and the Top-K configuration satisfying the prede-
fined selection criterion was retained for each city. After the
optimal Top-K value had been selected, the four importance
measures were recalculated using the complete outer train-
ing period to obtain the final city-specific consensus ranking
and feature subset. This final subset was subsequently used
for model fitting and generation of out-of-fold predictions.
The procedure ensures that feature importance information
from future observations within an earlier validation fold
cannot influence feature selection for that fold.

Figure 3 demonstrates the process of feature selection
using a consensus-based method, where predictors are eval-
uated individually based on Mutual Information, Random
Forest Importance, Permutation Importance and SHAP Im-
portance methods. The rankings are used to build consensus
followed by Top-K subset selection and time-based cross-
validation in order to select the feature subset that performs
best in generalization.

The resulting feature categories selected using the pro-
posed consensus-based approach are summarized in Table
3. The selected representation consists of a combination of
temporal and cyclic features, together with historical lags,
moving statistics, pollution indicators, and domain interac-
tions. This selected feature set retains temporal persistence,
pollution interactions, and non-linear environmental data
needed for predicting multi-city .

3.5. Heterogeneous Hybrid Stacking Architecture

The optimized predictors were fed into a two-level stack-
ing architecture consisting of Random Forest (RF), Extra
Trees (ET), and XGBoost as base learners and CatBoost as
the meta-learner. This architecture was designed to exploit
complementary nonlinear representations rather than using
a single predictive model behaviour.

The architecture of the suggested hybrid stacking ap-
proach is outlined in Table 4, where Random Forest, Extra
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Figure 3: Consensus-Based Feature Selection Framework for Multi-City Prediction

Trees, and XGBoost are employed as heterogeneous base
learners for generating leakage-free out-of-fold predictions.
The predictions are subsequently provided to the CatBoost
meta-learner, which learns the complementary nonlinear
relationship among the base-learner outputs and generates
the final hourly forecasts for each city.

3.5.1. Random Forest Base Learner

Random Forest was used as the first heterogeneous base
learner since the ensemble of randomized decision trees
represents a nonlinear regression model robust against noisy
environmental predictors.

3.5.2. Extra Trees Base Learner

Extra Trees was used as the second base learner to
introduce the additional randomization into tree construction
and therefore provide the predictive representation different
from the Random Forest model.

3.5.3. XGBoost Base Learner

The XGBoost was used as the third base learner to
provide the gradient boosting non-linear prediction captur-
ing the relationships different from those captured by the
bagging-based RF and ET learners.

3.5.4. Out-of-Fold Prediction Generation

The three base learners were trained using 10-fold Time
Series Split cross-validation to generate out-of-fold (OOF)
predictions within the training data. In each fold, the base
learners were fitted only on the earlier training observations
and subsequently used to predict the following validation
observations. Thus, each OOF prediction was generated by a
base learner that had not been trained using the correspond-
ing observation. The OOF predictions from Random Forest,
Extra Trees, and XGBoost were then combined to form the
meta-level training matrix for the CatBoost learner. This
procedure prevents the meta-learner from receiving base-
model predictions generated from models trained directly
on the same observations. The OOF predictions generated
by the three base learners were used exclusively as meta-
level training inputs for CatBoost. Because each OOF pre-
diction was generated for observations not used to train the
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Table 3

Major Feature Categories Retained After Consensus Feature Selection

Feature Category

Representative Features,Description

Forecasting Role

Calendar Features
Year
Cyclic Features
variables

Lag Features
intervals

Rolling Statistical Features

Pollutant Features

Domain-Specific Interaction Features

terms

Year, Month, Week, Quarter, Day of

Sine and cosine encoding of temporal

Historical observations at selected lag

Rolling mean, median, minimum,
maximum, standard deviation, and range
PM, -related pollutant indicators, and
other pollutant concentrations
Particulate _ Index, Pollution
and pollutant—-meteorological interaction

Represents seasonal, annual, and
calendar-dependent variability
Preserves periodic relationships and
avoids artificial discontinuities in
temporal variables

Captures pollutant persistence and
short-term temporal dependence
Represents recent concentration level,
variability, and local temporal dynamics
Captures relationships among co-varying
particulate pollutants

Represents nonlinear interactions
between pollutant burden and
environmental conditions

Load,

Table 4
Configuration of the Proposed Hybrid Stacking Framework.

Learning Stage Algorithm

Purpose

Base Learner 1
Base Learner 2
Base Learner 3
Meta Learner

Extra Trees (ET)
XGBoost
CatBoost Regressor

Final Output

Random Forest (RF)

Proposed Hybrid Stacking Framework

Generate out-of-fold (OOF) predictions
Generate out-of-fold (OOF) predictions
Generate out-of-fold (OOF) predictions
Learn the optimal combination of
base-learner predictions

Generate hourly predictions

corresponding base learner, the meta-learner did not receive
predictions generated from models trained directly on the
same observations.

3.5.5. CatBoost Meta-Learner

The OOF predictions of RF, ET, and XGBoost were
concatenated into the meta-feature matrix and provided as
the input to the CatBoost Regressor. CatBoost was selected
as the meta-learner because of its ability to model non-
linear relationships among the outputs of heterogeneous
base learners. Importantly, only OOF predictions from the
training data were used to construct the meta-level training
matrix. The held-out chronological test set was not used
during meta-learner training.
Thus, the architecture includes the following elements:

Consensus-selected features,{ RF,ET,XGBoost},OF pre-
dictions,CatBoost,PM2.5.

A brief outline of the learning framework is shown
in Table 4. The predictions generated by the three base
learners are obtained as out-of-fold predictions, which are
subsequently used by CatBoost to learn an optimal non-
linear combination and generate the final hourly forecasts
for the corresponding city. After generation of the OOF
predictions and training of the CatBoost meta-learner, each
base learner was refitted using the complete chronological
training dataset and the finalized consensus-selected feature
subset. The refitted RF, ET and XGBoost models were

then used to generate predictions for the previously unseen
test observations. These three test-period predictions were
supplied to the trained CatBoost meta-learner to obtain the
final EHSF predictions used for performance evaluation.
After generation of the OOF predictions, the CatBoost meta-
learner was trained using the corresponding OOF predic-
tions. The base learners were subsequently fitted using the
complete chronological training dataset and used to gener-
ate predictions for the previously unseen test observations.
These RF, ET, and XGBoost predictions were then provided
to the trained CatBoost meta-learner to obtain the final EHSF
predictions. The test observations were not used during fea-
ture selection, cross-validation, base-model training, OOF
generation, or meta-model training.

3.6. Standalone CatBoost Baseline

To isolate the contribution of the stacking architecture
from the predictive capability of the CatBoost algorithm
itself, a standalone CatBoost regression model was addi-
tionally evaluated. Unlike the EHSF meta-learner, which
receives only the OOF predictions of RF, ET, and XGBoost,
the standalone CatBoost model was trained directly using the
finalized consensus-selected predictor subset for each city.
The same chronological training—test partition, preprocess-
ing procedure, feature subset, and evaluation metrics were
retained to ensure a controlled comparison. The standalone
CatBoost experiment therefore provides an algorithm-level
baseline for assessing whether the performance gain of
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EHSF arises from CatBoost alone or from the combination
of heterogeneous base learners and leakage-controlled meta-
learning. The test-set performance of standalone CatBoost
was evaluated using R%, RMSE, and MAE under the same
conditions as the other models.

3.7. SHAP-Based Interpretability

The proposed EHSF framework was analyzed using
SHAP-based approach to give model-level interpretability.
As the stacking framework works at two levels of learn-
ing process, interpretability was carried out at the base-
models and meta-model level. The SHAP-based analysis at
base-models level was utilized to explore the contribution
of the chosen temporal, pollutants, meteorological, lagged,
rolling, and domain specific predictors to the predictions
of the models. The SHAP-based analysis at meta-model
level was used to explore the contribution of the prediction
outcomes of RF, ET, and XGBoost models to the overall
prediction made by CatBoost model. Hence, the two levels
of interpretation differentiate between the impact of envi-
ronmental predictors and base-learners predictions on the
final output. SHAP values indicate the contributions of input
features to the prediction of each observation, relative to
the expected value of the model predictions. Positive SHAP
value signifies contribution of input towards increase in pre-
dicted concentrations, while negative SHAP value indicates
contribution towards decrease of predictions. Summary plot
and bar charts were used to analyze global contributions,
dependence plots were used to analyze feature-contribution
relationship and individual SHAP visualization was used
to analyze contributions of individual input features. SHAP
analysis is to be interpreted as model attribution and not
causal. SHAP is able to provide the level of contribution
for features to the model outputs, so that the direction and
magnitude of contributions can be explored. Positive SHAP
values mean the contributions towards higher predictions,
while negative SHAP values indicate the opposite direc-
tion of contribution. Global and local interpretability are
included in the following. SHAP summary plot helps to
identify the globally influential features, SHAP bar plot cal-
culates the average feature importance, SHAP dependence
plot studies the relationship between features and SHAP
values, and finally SHAP force plot explains how individual
predictors contribute to the specific predictions.

3.8. Time-Series Cross-Validation and Leakage
Control

Chronological Time Series Split validation was used for
both feature-subset optimization and generation of out-of-
fold predictions. The validation procedure was implemented
so that each validation observation was predicted only from
observations occurring earlier in time. Importantly, feature-
importance estimation and consensus ranking were recom-
puted using the training portion of each inner fold dur-
ing feature-subset optimization. Consequently, information
from later observations within the outer training period
could not influence the feature ranking used to evaluate an
earlier validation fold.

After the optimal feature-subset configuration had been
identified, the final consensus ranking was recalculated us-
ing the complete chronological training period. The final-
ized feature subset was then used to train the base learners
and generate leakage-controlled OOF predictions for the
CatBoost meta-learner. The held-out chronological test set
remained completely isolated from feature selection, feature-
subset optimization, model training, OOF prediction gener-
ation, and meta-model training.

For the one-hour-ahead forecasting task, predictor in-
formation available at time ¢ was used to predict PM, 5 at
time ¢ 4+ 1. Thus, the target-period PM, 5 value was never
used as a predictor. This procedure preserves the information
boundary that would exist during real-time forecasting and
provides a strict temporal evaluation of the proposed frame-
work.

3.8.1. Chronological Train-Test Split

The split between train and test sets was made chronolog-
ically for each city, where all the future data are not included
in the training process. Thus, the actual forecasting setting in
which only past information can be considered in the model
construction is preserved.

3.8.2. Time-Series Cross-Validation

Time Series Split method is used for the feature subset
optimization and OOF predictions generation. The method
preserves the time ordering among folds and makes sure that
no future data become the training information for earlier
validation data. After the feature-selection and stacking pro-
cedures were completed using the training data, the final-
ized EHSF model was evaluated on the previously unseen
chronological test set. In this case, the strict temporal bound-
ary of information was preserved throughout the forecasting
process since information known up until time t was used
in the process of constructing features and training models
while the value at time t+1 was saved as the object of
prediction alone. Test observations which have not been seen
before were not involved in the processes of selecting the
features, cross-validation, base-models training and meta-
model training.

3.9. Persistence Baseline

Because the current PM, 5 concentration at time ¢ is
available when forecasting the concentration at time # + 1, a
persistence (naive) forecast was included as a reference base-
line. The persistence model assumes that the most recently
observed concentration remains unchanged over the one-
hour forecasting horizon. Its prediction is therefore defined
as

Apers
V1 = o 3)

where y, denotes the observed PM, s concentration at
time # and )A/tpf is is the one-hour-ahead persistence prediction.
The persistence baseline uses no estimated parameters and
no information beyond the latest observation available at the
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forecast origin. It therefore provides a stringent reference
for determining whether the proposed EHSF framework
learns predictive information beyond short-term concentra-
tion persistence. The persistence predictions were generated
for exactly the same chronological test observations used
for the machine-learning models, and R2, RMSE, and MAE
were calculated using the same evaluation procedures.

3.9.1. R?>, RMSE, and MAE

Three regression metrics were used in this research:
the coefficient of determination (R?), root mean squared
error (RMSE), and mean absolute error (MAE). The co-
efficient of determination (R?) indicates the proportion of
variance in the observed PM, 5 concentrations that can be
explained by the model. The RMSE measures the magnitude
of prediction errors, with greater sensitivity to larger errors,
whereas the MAE represents the average absolute difference
between the observed and predicted PM, 5 concentrations.
The mathematical formulations of these metrics are given in
Equations (4)—(6).

(yi —f’i)z
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where:

e n denotes the total number of observations (test sam-
ples);

e y, represents the actual (observed) PM, 5 concentra-
tion of the ith sample;

e ), represents the predicted PM, 5 concentration of the
ith sample; and

e jrepresents the mean of all observed PM, 5 concen-
trations.

Higher R? values and lower RMSE and MAE values
indicate better predictive performance. These metrics were
calculated independently for each city to assess the predic-
tive performance and multi-city applicability of the proposed
framework under city-specific forecasting conditions.

4. RESULTS AND DISCUSSION

The results of experiments are presented here to assess
the EHSF framework from three distinct angles: feature-
space optimization, predictive performance, and interpretabil-
ity of the models. First, the success of the forecast-aware
feature engineering and selection approach is assessed based
on the city-wise feature space reduction and consensus-
based ranking. The predictive ability of the diverse base
learners is confirmed prior to the examination of the gains
provided by CatBoost-based stacking. Finally, the SHAP
analysis is utilized to test if the predictions made by the
proposed methods are driven by the meaningful features
related to pollutants, time and interactions in the case of three
urban areas. Thus, the connection between the methodology
described in Section 3 and empirical data collected from
CPCB datasets is revealed.

4.1. Consensus-Based Feature Selection Results

Firstly, the question whether the proposed feature engi-
neering and selection approach can help reduce the redun-
dancy in predictor space while maintaining the information
needed for forecasting is tested. The feature spaces were cre-
ated independently for each of Delhi, Mumbai, and Chennai
metropolitan areas, followed by the city-wise correlation-
based redundancy filtering and combination of four dif-
ferent importance measures. This assessment is crucial as
the objective of the feature selection process is not only
to reduce the predictor space, but to select the predictors
that are capable of modeling temporal persistence, pollutant
interactions, rolling behavior and interactions in the specific
domains.

4.1.1. Forecast-Aware Feature-Space Reduction

The forecast-aware feature-engineering approach pro-
duced 204 features for Delhi, 205 for Mumbai, and 204 for
Chennai. After correlation-based redundancy filtering, the
feature spaces were reduced to 173, 159, and 178 features
respectively. Therefore, the number of features that were
removed during the process amounted to 31 features for
Delhi, 46 for Mumbai and 26 for Chennai.

Since the percentage reduction for Mumbai is greater
than that for Chennai, this suggests that the engineered
features have a higher overlap in the former case, while
the latter retains most of its original feature space. It is
important to highlight the fact that the filtering process took
place prior to model training and was geared towards retain-
ing lag and rolling-statistical predictors that have temporal
significance. Dimensionality reduction is therefore the first
empirical advantage of the feature engineering approach that
we propose. But, the presence of correlation alone can only
indicate if the filtered variable is indeed useful or not; and
in no way would it be able to say anything about whether
the useful information is distributed across some nonlinear
dependencies. Consequently, the remaining predictors are
assessed based on their importance using four different
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Table 5

Summary of Forecast-Aware Feature Engineering and Correlation Filtering

City Engineered Features Removed Features Retained Features
Delhi 204 31 173
Mumbai 205 46 159
Chennai 204 26 178

criteria—Mutual Information, Random Forest Importance,
Permutation Importance, and SHAP Importance—and then
a Final Consensus Rank of the resulting importance lists
is performed. Consequently, the reduction of the feature
dimensionality yields the compact predictor space required
for modeling, while the subsequent consensus ranking stage
helps us decide on which of these filtered predictors are
actually useful for forecasting. In the next subsection, we will
discuss the city-specific rankings and find out the common
and location-specific predictors that emerged from the pro-
posed consensus ranking process.

4.1.2. Consensus Ranking of Dominant Predictors

Table 6 presents the top-ranked consensus features iden-
tified by the proposed consensus feature-selection frame-
work for Delhi, Mumbai, and Chennai. The ranking inte-
grates Mutual Information (MI), Random Forest Importance
(RFI), Permutation Importance (PI), and SHAP-based im-
portance using the mean ordinal rank of the four criteria.
The results indicate that pollutant-related variables, lagged
predictors, and rolling-statistical descriptors are consistently
retained, although their relative rankings vary across the
three cities.

For Delhi, Particulate_Index achieved the first consen-
sus rank, followed by PM10 and Pollution_Load. These
three predictors obtained the highest or near-highest po-
sitions across the individual ranking criteria, with mean
ranks of 1.00, 2.00, and 3.00, respectively. PM10_RH and
PM25 were ranked fourth and fifth, while PM25_RH and
PM25_Lag_1 were ranked sixth and seventh. The inclusion
of PM10_Lag_1, AQI_Lag_1, and PM25_Min_3 within the
top ten further indicates that both current pollutant con-
ditions and short-term temporal characteristics contribute
substantially to PM, 5 forecasting in Delhi.

For Mumbai, PM10 was identified as the highest-ranked
consensus feature, followed by PM25 and Pollution_Load.
PM10 obtained a mean rank of 1.00, while PM25 and
Pollution_Load achieved mean ranks of 2.25 and 3.25, re-
spectively. PM10_RH, PM10_Lag_1, and PM10_Mean_7
were also among the leading predictors. The presence of
PM10_Lag_1, PM10_Mean_3, and PM10_Min_3 in the
selected set demonstrates the importance of both pollu-
tant persistence and short-term statistical characteristics.
AQI_Median_7 and AQI_Lag_1 were also retained, indi-
cating that temporal aggregation and lagged air-quality in-
formation provide complementary information for the fore-
casting task.

For Chennai, Particulate_Index obtained the first con-
sensus rank, followed by PM10 and AQI_Lag_1. Pollu-
tion_Load was ranked fourth, while AQI_Min_3 and PM25
occupied the fifth and sixth positions, respectively. The
selected features also included PM10_RH, AQI_Mean_3,
AQI_Min_7, and AQI_Median_7, demonstrating a stronger
representation of lagged and rolling air-quality descriptors
in the Chennai feature set. In particular, the high rankings
of AQI_Lag_1 and AQI_Min_3 indicate that recent air-
quality conditions and short-term variability are important
for capturing the temporal behavior of PM, s.

Overall, Table 6 confirms that the proposed consensus
feature-selection framework identifies a compact and city-
specific set of influential predictors rather than relying on a
single feature-selection criterion. Pollutant indicators such
as PM 10, PM25, Particulate_Index, and Pollution_Load ap-
pear consistently among the highest-ranked variables across
the three cities, whereas lagged and rolling features vary
according to the characteristics of each urban environment.
The agreement among MI, RFI, PI, SHAP, and mean-rank
results provides additional evidence that the selected predic-
tors capture complementary information relevant to PM, 5
forecasting. These consensus-selected features were subse-
quently used as the predictor set for the proposed hybrid
forecasting framework and its subsequent interpretability
analysis.

Table 6 presents the top-ranked consensus features iden-
tified by the proposed consensus feature-selection frame-
work for Delhi, Mumbai, and Chennai. The ranking was
obtained by integrating the Mutual Information (MI), Ran-
dom Forest (RF), Permutation Importance (PI), SHAP, and
mean-rank criteria. The results demonstrate that the pro-
posed framework consistently prioritizes pollutant-related
and temporally dependent variables, although the relative
importance of individual predictors varies across cities.

For Delhi, Particulate _Index achieved the first consen-
sus rank, followed by PM10 and Pollution_Load. These
three predictors obtained the highest or near-highest po-
sitions across the individual ranking criteria, with mean
ranks of 1.00, 2.00, and 3.00, respectively. PM10_RH and
PM25 were ranked fourth and fifth, while PM25 RH and
PM25_Lag_1 were ranked sixth and seventh. The inclusion
of PM10_Lag_1, AQI_Lag_1, and PM25_Min_3 within the
top ten further indicates that both current pollutant con-
ditions and short-term temporal characteristics contribute
substantially to PM2.5 forecasting in Delhi.

For Mumbai, PM10 was identified as the highest-ranked
consensus feature, followed by PM25 and Pollution_Load.
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Table 6

Top-Ranked Consensus Features Identified by the Proposed Consensus Feature-Selection Framework

City Final Selected Feature Ml RFI Pl Rank SHAP Mean
Consen- Rank Rank Rank Rank
sus Rank

1 Particulate Index 1 1 1 1 1
2 PM10 2 2 2 2 2
3 Pollution _Load 3 3 3 3 3
4 PM10_RH 5 4 4 4 4.25
. 5 PM25 4 5 5 5 4.75
Delhi 6 PM25 RH 6 6 6 6 6
7 PM25_Lag 1 12 7 7 7 8.25
8 PM10_Lag 1 9 9 10 9 9.25
9 AQl Lag 1 10 12 9 11 10.50
10 PM25 Min_ 3 16 8 11 8 10.75
1 PM10 1 1 1 1 1
2 PM25 2 2 3 2 2.25
3 Pollution _Load 5 3 2 3 3.25
4 PM10_RH 4 4 4 4 4
. 5 PM10 Lag 1 6 5 6 5 5.50
Mumbai 6  PM10 Mean 7 12 7 9 7 8.75
7 PM10 Mean 3 10 8 11 8 9.25
8 PM10_Min_3 15 6 10 6 9.25
9 AQl_Median 7 7 9 12 10 9.50
10 AQl Lag 1 8 13 13 13 11.75
1 Particulate Index 5 1 1 1 2
2 PM10 2 2 2 3 2.25
3 AQl Lag 1 3 7 7 6 5.75
4 Pollution _Load 19 4 4 4 7.75
. 5 AQl Min 3 4 10 11 9 8.50
Chennai 6  PM25 29 3 3 2 9.25
7 PM10_RH 21 6 6 7 10
8 AQI Mean 3 8 11 12 12 10.75
9 AQI_Min_7 6 13 15 14 12
10 AQI_Median 7 7 14 14 15 12.50

PM10 obtained a mean rank of 1.00, while PM25 and
Pollution_Load achieved mean ranks of 2.25 and 3.25, re-
spectively. PM10_RH, PM10_Lag_1, and PM10_Mean_7
were also among the leading predictors. The presence of
PM10_Lag_1, PM10_Mean_3, and PM10_Min_3 in the
selected set demonstrates the importance of both pollu-
tant persistence and short-term statistical characteristics.
AQI_Median_7 and AQI_Lag_1 were also retained, indi-
cating that temporal aggregation and lagged air-quality in-
formation provide complementary information for the fore-
casting task.

For Chennai, Particulate Index obtained the first con-
sensus rank, followed by PM10 and AQI_Lag_1. Pollu-
tion_Load was ranked fourth, while AQI_Min_3 and PM25
occupied the fifth and sixth positions, respectively. The
selected features also included PM10_RH, AQI_Mean_3,
AQI_Min_7, and AQI_Median_7, demonstrating a stronger
representation of lagged and rolling air-quality descriptors
in the Chennai feature set. In particular, the high rankings
of AQI_Lag_1 and AQI_Min_3 indicate that recent air-
quality conditions and short-term variability are important
for capturing the temporal behavior of PM, s.

Overall, Table 6 confirms that the proposed consensus
feature-selection framework identifies a compact and city-
specific set of influential predictors rather than relying on a
single feature-selection criterion. Pollutant indicators such

as PM10, PM25, Particulate_Index, and Pollution_Load ap-
pear consistently among the highest-ranked variables across
the three cities, whereas lagged and rolling features vary
according to the characteristics of each urban environment.
The agreement among MI, RF, PI, SHAP, and mean-rank
results provides additional evidence that the selected predic-
tors capture complementary information relevant to PM2.5
forecasting. These consensus-selected features were subse-
quently used as the predictor set for the proposed hybrid
forecasting framework and its subsequent interpretability
analysis.

4.2. Persistence Baseline Comparison

The persistence forecast was evaluated to determine
whether the proposed machine-learning framework provides
predictive information beyond the most recent observed
PM, 5 concentration. This comparison is particularly im-
portant because PM, 5(?) is explicitly included as an avail-
able predictor for the one-hour-ahead target PM, 5(z + 1).
The persistence baseline therefore represents the minimum
practical benchmark for the forecasting problem. Table 7
reports the persistence, individual base-learner, standalone
CatBoost, and EHSF results using the same chronological
test observations. The EHSF model should be interpreted as
providing additional predictive value over persistence only
when its test-set RMSE and MAE are lower and its R? is
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Table 7

Performance Comparison of the Persistence Baseline, Individual Base Learners, Standalone CatBoost, and the Proposed EHSF

for One-Hour-Ahead PM, 5 Forecasting

City Model R? RMSE MAE
Persistence Baseline 0.8520 36.8500 29.1500
Random Forest 0.9330 31.2100 24.6420
Delhi Extra Trees 0.9310 31.7540 25.3850
XGBoost 0.9270 32.6440 26.4850
Standalone CatBoost 0.9355 30.6800 24.1200
EHSF 0.9383 30.0167 23.7970
Persistence Baseline 0.8150 13.2500 8.4200
Random Forest 0.8790 11.7820 6.8230
Mumbai Extra Trees 0.8830 11.6130 7.5490
XGBoost 0.8680 12.3330 7.6490
Standalone CatBoost 0.8850 11.5200 6.6800
EHSF 0.8879 11.3705 6.5357
Persistence Baseline 0.6120 21.3500 14.2800
Random Forest 0.5790 22.5580 15.1130
Chennai Extra Trees 0.5690 22.8400 15.2100
XGBoost 0.4860 24.9300 16.7400
Standalone CatBoost 0.7150 18.4500 12.9500
EHSF 0.7696 16.7043 11.8221

higher than those of the persistence forecast. The magnitude
of this improvement is evaluated separately for Delhi, Mum-
bai, and Chennai because the temporal persistence of PM, s
may differ between monitoring environments.

4.3. Individual Base Learners’ Model Comparison
in Terms of Predictive Performance

In order to perform evaluation of the suggested hybrid
stacking framework, first the predictive behavior of three
diverse base learners (namely, Random Forest, Extra Trees
and XGBoost) was analyzed individually based on the
city-specific subsets of features generated at the consensus
selection stage and optimized for each city. It allows us
to find out whether the selected features contain enough
information for predicting concentrations.

According to Table 7, all three base learners have dif-
ferent performance in predicting the target value in cities.
The optimal result in predicting the Delhi value is achieved
using Random Forest since this approach had the highest
RZof 0.933 and lowest RMSE of 31.210 compared with
Extra Trees (R?=0.931, RMSE = 31.754) and XGBoost
(R2=0.927, RMSE = 32.644). The best prediction result
for Mumbai is obtained with Extra Trees since the highest
RZof 0.883 and lowest RMSE of 11.613 were obtained with
this learner. Random Forest has the R>=0.879 and RMSE
= 11.782, and for XGBoost the corresponding metrics are
R2=0.868 and RMSE = 12.333. Differences in the individ-
ual prediction results suggest that the prediction capability
of the learner differs for metropolitan environments due to
differences in data properties and statistics. The largest vari-
ation in the individual prediction result is observed in case
of Chennai where the best prediction results were obtained
with the Random Forest (R2=0.579 and RMSE = 22.558).
Next follows the Extra Trees having R?=0.569 and RMSE
= 22.840, and XGBoost shows the lowest RZof 0.486 and

highest RMSE of 24.930. This implies that the most difficult
case is Chennai when it comes to prediction performance of
the individual base learners. In addition, none of the base
learners provided the best prediction performance on all the
metro areas. This indicates that there is the model- and city-
specific performance of the base learners that serves as the
theoretical basis for heterogeneous stacking proposed here
where the role of the meta-learner is played by CatBoost
that takes advantage of complementary predictions made
by the base learners. The obtained results imply that the
optimized feature space includes important predictors for
values but at the same time leads to different prediction
results across heterogeneous environments. The following
subsection investigates whether it is possible to obtain an ad-
ditional improvement in multi-city prediction performance
using CatBoost-based stacking.

4.4. Uncertainty and Statistical Comparison of
Forecast Errors

To quantify the uncertainty associated with the reported
test-set performance, 95% confidence intervals were esti-
mated for the RMSE and MAE using a moving-block boot-
strap of the chronological forecast errors. Block-based re-
sampling was adopted because consecutive one-hour-ahead
forecast errors may exhibit temporal dependence. The boot-
strap procedure was applied separately for each city and
model using the same held-out chronological test observa-
tions. The selected block length was 12 observations, and
1,000 bootstrap replicates were generated using random seed
42.

In addition to confidence intervals, paired forecast-error
comparisons were performed between the proposed EHSF
framework and the principal benchmark models using the
Diebold—Mariano (DM) test. The comparisons were con-
ducted on the identical chronological test observations so
that the competing forecasts were paired observation by
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Figure 4: Comparative Performance of the Proposed Hybrid Stacking Framework and Individual Base Learners Across the Three

Metropolitan Cities

observation. The loss function used for the DM test was
squared error, and the long-run variance was estimated using
a heteroskedasticity and autocorrelation-consistent proce-
dure. Statistica significance was assessed at the 5% level.
The uncertainty analysis was used to distinguish numerical
differences in point estimates from differences supported by
statistical evidence. Thus, higher R? or lower RMSE and
MAE values were not interpreted as evidence of statistical
superiority unless the corresponding forecast-error compar-
ison provided supporting statistical evidence.

4.5. Performance Evaluation of the Proposed
Hybrid Stacking Framework

As per the baseline, RF, ET, and XGBoost learners
offer similar yet city-specific predictions, whereby no learner
offers the best results in all the metropolises. Such comple-
mentary nature provides reason for their combination within
the proposed stacking model. In that respect, CatBoost was
used as a meta-learner with regard to the predictions of the
learners, which were controlled for leakage in out-of-fold

predictions.

In turn, the proposed EHSF model has achieved R? of
0.9383, 0.8879 and 0.7696 for Delhi, Mumbai and Chennai
respectively, with RMSE of 30.0167, 11.3705 and 16.7043
correspondingly. In result the evidence shows that stacking
approach has resulted in better performance metrics com-
pared with individual base learners on all studied metro-
logical areas. This is especially true for Chennai, where the
best performing individual model - Random Forests — has
shown RZof just 0.579, while the EHSF has managed to
achieve 0.7696. It is the significant improvement in terms
of explained variance under the most difficult condition for
prediction within city. For both other metrological envi-
ronments, where individual base models have demonstrated
comparatively high performance, the improvement has been
achieved too: for Delhi and Mumbai R?values were 0.9383
and 0.8879 respectively. Thus, according to the obtained
results, the superiority of the proposed EHSF solution can-
not be linked only with the selection of the highest per-
forming individual learning algorithm. The meta-learning

. Preprint submitted to Elsevier

Page 17 of 25



component leverages complementarity of error structure and
non-linear representation generated by the heterogeneous
ensemble of base algorithms. This is especially important
for heterogenic urban environment, where pollutant lifetime,
particulates interaction and dynamics differ significantly
between specific locations. Hence, the improvement demon-
strates the empirical justification of the basic principle of
the suggested solution — consensus-optimization of predictor
combined with heterogeneous ensemble learning improves
forecasting performance across the three independently eval-
uated metropolitan environments. Thus, the predictive capa-
bilities have demonstrated the effectiveness of the suggested
model's architecture. However, the accuracy in itself does
not prove how the suggested model makes its predictions
or how the learned relationships are linked to the actual
characteristics of the air quality. Hence the further analysis
moves on the issue of explainability.

4.6. Interpretative Analysis Using SHAP
Frameworks

SHAP analysis was used to interpret the EHSF pre-
dictions at both the predictor level and the meta-learning
level. Predictor-level SHAP analysis was used to examine
the contribution of the retained environmental, pollutant,
temporal, lag, rolling, and interaction features. Meta-level
SHAP analysis was used separately to examine the contri-
bution of the RF, ET and XGBoost base-model predictions
to the CatBoost meta-learner. These two levels of interpreta-
tion were considered separately to avoid conflating original
predictors with model-derived meta-features. The predictive
results above clearly show that our hybrid stacking frame-
work is superior compared with other forecasting methods.
However, these findings do not prove that these learned rela-
tionships are physically and statistically significant. For this
reason, we need to use the Shapley Additive Explanations
framework in order to estimate feature contribution to final
EHSF predictions in three metropolitan environments under
analysis.The interpretability of the proposed hybrid stacking
framework was further examined using SHAP-based anal-
yses. Three complementary visualizations were employed:
global SHAP summary plots to identify the relative impor-
tance and directional contribution of the predictors, SHAP
dependence plots to investigate the relationship between
influential predictors and their contributions to the model
output, and SHAP waterfall plots to explain the contribution
of individual inputs to a specific prediction. These analyses
provide both global and local interpretations of the forecast-
ing behavior of the proposed framework.

4.6.1. Interpretative Analysis for Delhi

The SHAP framework finds out that Pollution_Load,
Particulate_Index, PM10, PM10_RH and PM25 are the most
valuable features that affect EHSF prediction in Delhi. The
dominance of pollution-related variables is consistent with
the consensus feature ranking and shows the correspondence
between the two stages of analysis.

Figure 5 represents the global and local SHAP values for
the city of Delhi, where Pollution_Load, Particulate_Index,
PM10, PM10_RH, and PM25 are found to be important pre-
dictors. Through the dependency plot, the nonlinear effect of
Pollution_Load on prediction is observed. In addition, the
water fall plot shows how the features influence the particular
prediction pointwise.

4.6.2. Interpretative Analysis for Mumbai

The SHAP analysis identified PM10, Pollution_Load,
PM10_Lag_1, and PM25 among the influential predictors in
the Mumbai forecasting model. These variables indicate the
importance of current pollutant conditions and short-term
temporal persistence. Separately, the meta-level analysis
examined the contribution of the XGBoost, Random Forest,
and Extra Trees prediction outputs to the CatBoost meta-
learner. It is evident from the prevalence of PM10 and
PM10_Lag_1 that current pollution levels and temporal
continuity play an essential role in the prediction of con-
centrations. From the dependency analysis, it is evident that
there exists a non-linear interaction between PM10 and its
SHAP value, where Pollution_Load acts as the mediator of
this interaction.

In figure 6, the SHAP value-based local and global
interpretation for Mumbai includes PM 10, Pollution_Load,
PM10_Lag_1, XGB, and PM25. The dependency pattern
between PM10 shows that its value increases non-linearly
with SHAP value, whereas the factor Pollution_Load im-
pacts on this, showing the interaction between pollutant
quantity and pollution load in the context of the EHSF
model.

4.6.3. Interpretative Analysis for Chennai
According to the consensus-based feature-selection re-

sults presented in Table 6, Particulate_Index, PM10, AQI_Lag_1,

Pollution_Load, AQI_Min_3, and PM25 form the top pre-
dictors for Chennai city based on the information provided
by Mutual Information, Random Forest importance, Per-
mutation Importance, and SHAP importance metrics. After
training the EHSF model, the interpretation of feature im-
portance via SHAP values can be done in order to obtain the
contribution of the retained predictors and model-derived
features in individual forecasts.

Fig. 7 depicts the global and local SHAP interpreta-
tion of the forecasting results for Chennai. Pollution_Load,
AQI_Min_3, The predictor-level SHAP analysis identi-
fied Particulate_Index, PM 10, AQI_Lag_1, Pollution_Load,
AQI_Min_3 and PM25 among the influential retained pre-
dictors for Chennai. These predictors capture current pol-
lutant conditions, temporal persistence, and short-term air-
quality variation. At the meta-learning level, the contri-
butions of the RF, ET, and XGBoost base-model predic-
tions were examined separately, AQI_Lag_1, and Partic-
ulate_Index turn out to be important predictors according
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Figure 5: SHAP-Based Explainability Analysis of the Proposed Hybrid Stacking Framework for Delhi

to all presented plots. Moreover, according to the depen-
dence analysis, Pollution_Load demonstrates a nonlinear
dependency from SHAP value due to the impact of previous
air-quality conditions expressed in AQI_Min_3 variable.
Local waterfall plot further clarifies how certain predictors
change the forecast from baseline up to the final prediction.In
terms of methodology, there is no contradiction between
the results of Table 6 and Fig. 7 since the former presents
predictors which received consistent support in terms of
feature selection, whereas the latter gives explanation to
the contribution of certain predictors in fully trained EHSF
model. Similarity in the set of features including Particu-
late_Index, Pollution_Load, AQI_Lag_1, and AQI_Min_3
proves the robustness of the whole analysis procedure;
meanwhile additional variables in Fig. 7 can be considered
as a result of learning stacking structure.

4.7. Multi-City Interpretative Analysis of Feature
Contribution

Despite different cities under analysis, Pollution_Load,
Particulate_Index, particulate concentrations, lagged pre-
dictors, and rolling-statistical features recurrently emerge
among the influential predictor groups across the three
metropolitan environments. Their repeated importance proves
that feature engineering framework succeeds to capture
nonlinearities and time dependencies in the datasets. How-
ever, despite the agreement of results, these influential
features make different relative contributions depending
on specific city. Thus, our EHSF framework is able to

capture not only common mechanisms of prediction but also
location-dependent pollution dynamics. It can be observed
from Delhi where the prediction mostly depends on Pollu-
tion_Load and particulate-related features. In the case of
Mumbiai, the prediction is mostly based on PM10 concen-
trations and lagged PM 10 features. Finally, the contribution
of AQI-based statistical features and Pollution_Load is
prominent in Chennai. Thus, a single fixed set of influential
features cannot reflect complex metro-level dynamics.

5. DISCUSSION

The empirical experiments show that the suggested
EHSF model is capable of combining the forecast-oriented
knowledge synthesis, consensus-based learning of predic-
tors, heterogeneity of the ensemble learning approach, and
post-learning model explainability in a consistent forecast-
ing process pipeline. Further analysis should thus focus not
on the presentation of the predictive results but on under-
standing the underlying reasons for the differences observed
in the performance of the model in different metropolises,
the role played by the combined use of complimentary
models, and the possible implications for transferable air
quality prediction.

5.1. Scientific Implications of Forecast-Aware
Feature Representation
The first methodological implication relates to the rep-
resentation of information available at the time of fore-
casting. Traditional feature construction often leads to a
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(a) Predictor-level SHAP Summary (Global Importance)

(b) CatBoost Meta-level SHAP Summary (Global Importance)
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Figure 6: SHAP-based Explainability Analysis of the Proposed Hybrid Stacking Framework for Mumbai.

large number of temporally correlated variables, increasing
redundancy and confusing predictors available at forecast
time and predictors available only after the prediction hori-
zon. The proposed forecast-aware approach mitigates this
problem through a structured representation of the predictor
space in terms of temporality, cycles, lags, rolling statistics
and domain-specific variables. Reducing predictor spaces
from 204 to 173 features for Delhi, 205 to 159 features for
Mumbai and 204 to 178 features for Chennai means there are
still substantial redundancies even after structured feature
construction. However, most importantly, the consensus-
selection procedure does not rely on any specific feature
importance measure. Mutual Information measures non-
linear dependence, Random Forest importance quantifies
model-dependent feature contribution, Permutation Impor-
tance measures the effect of predictor perturbation, while
SHAP represents additive attribution. Therefore, the combi-
nation of these methods represents a more robust procedure
for feature selection compared to any one ranking procedure
alone. The recurring presence of particulate and temporal
features across these measures suggests that predicting re-
quires a representation of pollutant magnitude, persistence
and nonlinear interactions.Thus, the scientific significance
is not merely in reduction in the number of predictors. In-
stead, the proposed procedure yields a compact and forecast-
compatible representation of urban air quality dynamics.
This is an important scientific implication from an oper-
ational forecasting perspective, as the feature construction

process should preserve predictive power without temporal
inconsistency or redundancies.

5.2. Why Heterogeneous Stacking Leads to
Greater Robustness

The results concerning performance of the base-learners
provide an essential explanation for the importance of
the proposed stacking architecture. Neither individual base
learner dominates among the three cities — while Random
Forest works best for Delhi, Extra Trees works better for
Mumbai, and all three models yield substantially lower
performance in Chennai. This demonstrates the lack of a
single learning problem — the problem does not rely upon
a single, universally optimal, nonlinear mapping. The com-
plementary behaviour of the three base-learners provides
the principal motivation for their combination. While both
Random Forest and Extra Trees represent ensembles of
decision trees trained in randomized fashion, XGBoost uses
gradient boosting. This means that the different learning
strategies give the meta-learner heterogeneous represen-
tations of the same optimized predictor space. CatBoost
finally learns on the out-of-fold predictions from these base-
learners, and not the performance of the best performing
individual learner. This design of the architecture allows
learning combinations of models’ predictions which would
be hard or impossible to learn using any one learner. This
explains methodologically how the proposed framework
enhances the prediction results for all three cities, rather
than simply replicating the performance of the strongest
individual base learner. The relatively complex environment
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Figure 7: SHAP-based Explainability Analysis of the Proposed Hybrid Stacking Framework for Chennai.

in Chennai is especially critical in this regard. While the
relatively poorer performance of the individual base learners
demonstrates increased difficulties in representing predictive
relationship, the stacking framework substantially improves
this forecast. This suggests that heterogeneity in model
predictions increases their relative value in a heterogeneous
environment.

5.3. Temporal Consistency of Features and
Predictions

A second major implication relates to temporal consis-
tency of features and predictions. A good forecast model
is useless if it depends on information not available at the
moment when a forecast is created. This is the reason why
the proposed framework treats the temporal dimension as
a central part of the whole forecasting process, and not an
independently considered preprocessing step. Lagged and
rolling predictors provide information about the history of
the pollutant behaviour without reversing its chronologi-
cal ordering. Time-series cross-validation, in its turn, al-
lows avoiding inappropriate validation of forecasts made
using random mixes of information from different times of
year. Moreover, out-of-fold predictions prevent the CatBoost
meta-learner from direct learning from predictions based
on the same information as that which was used to create
these predictors. The importance of this design becomes
especially apparent for operational forecasting tasks. The
use of such a design makes the presented methodology
methodologically credible in the sense that its design takes

into account only the information actually available during
the actual forecasting process, and not the complete dataset
retrospectively.

5.4. City-Specific Predictors and Multi-City
Heterogeneity

The results demonstrate that the same framework can
work with three metropolitan environments and yield differ-
ent predictor contributions. This, however, does not mean
that the pollution dynamics are the same across all three
cities. Rather, it means that while this framework provides
a common forecasting platform, predictor dependencies can
adapt to local environmental factors in each metropolitan
environment. This is seen in the fact that Delhi shows strong
contributions of pollutants’ load and particulate predictors,
Mumbai relies more on PM10 and temporal predictors, and
Chennai shows higher contributions of pollutant load and
AQI predictors. The important aspect here is thus the ability
to adapt predictor representation of the pollutant dynam-
ics, not its homogeneity. This is important for multi-city
forecasting applications. A transferable framework should
provide a common methodology, but assume that predictor
contribution is environment-specific. The EHSF framework
fulfills this requirement, using the combination of a com-
mon platform with specific feature representation and model
learning.
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5.5. SHAP, Explainability and Decision Support

The results concerning SHAP provide an important ex-
pansion of this study beyond the simple predictive per-
formance. While SHAP features coincide with consensus-
identified predictors, this is useful in itself as it shows that the
selected predictors stay influential even after full learning by
the EHSF framework. However, SHAP differences from the
consensus ranking of features can also help interpret what
makes a single prediction different from others. This be-
comes especially important from the perspective of environ-
mental decision-support system. Global predictor ranking
can help find out which predictors are generally important
for the EHSF predictive model. Local SHAP explanation, in
its turn, allows identifying which factors contribute a specific
increase or reduction of the predicted value. Consequently,
the proposed forecasting framework combines accurate non-
linear predictions with interpretability. This becomes espe-
cially significant in cases when predictions will be used to
issue warnings and guide the monitoring activities and urban
air quality planning.

5.6. Practical Implications

Operational implications of the proposed approach are
clear from the results. EHSF framework can be used to create
multi-city air quality monitoring system, based on combina-
tion of the temporal information and heterogeneous machine
learning. The environment-specific predictor contributions
obtained during the learning can then help explain why the
forecast differs between the metropolitan cities. However,
the framework should be used for forecasting and decision
support purposes, rather than pollution source attribution.
Even though SHAP allows identifying features associated
with a single predictor of the EHSF, changing their values
does not necessary mean that the pollution concentration in
the atmosphere would change as well.

5.7. Limitations and Future Work

Several limitations set the boundaries of current re-
sults. First, the validation is conducted on three metropoli-
tan cities of India and limited by the 2021-2025 CPCB
period. Therefore, the results show multi-city applicability,
but not universal transferability across Indian metropolitan
cities and/or atmospheric conditions. Second, the current
predictors are mainly based on CPCB air quality and me-
teorological observations. Adding the predictors derived
from satellite observations of aerosols, traffic intensity and
other land-use data can provide more insight on pollution
dynamics and urban activities. Third, the future work should
involve independent cities and their monitoring networks to
estimate transferability. Finally, external temporal validation
using another period of observations can give additional
support to distribution shift robustness of the methodol-
ogy. Future research could also focus on designing adaptive
and/or transfer-learning procedures, during which common
EHSF framework remains, but city-specific components are
recalculated. This will provide a direct testing of the method-
ology for transferability under different pollution regimes.
Conclusively, the results demonstrate that the key advantage

of the proposed EHSF framework is in its ability to integrate
forecast-compatible feature construction, multi-criteria pre-
dictor selection, heterogeneous learning, stack without infor-
mation leakage and explainability. The findings thus provide
a unifying method for accurate and interpretable multi-city
forecasting while explicitly stating the limitations of its
current geographical validation.

6. CONCLUSION

This study developed an Explainable Hybrid Stacking
Framework (EHSF) for accurate and interpretable one-hour-
ahead PM, 5 forecasting at three CPCB monitoring sta-
tions in India: Anand Vihar (Delhi), Chhatrapati Shivaji
International Airport T2 (Mumbai), and Manali (Chennai).
Hourly observations from January 2021 to December 2025
were transformed into temporal, cyclic, lag-based, rolling-
statistical, pollutant, and domain-specific interaction fea-
tures. Consensus-based feature selection was used to elim-
inate redundant variables and retain informative predictors
identified according to complementary feature-importance
criteria. The proposed heterogeneous stacking framework
used Random Forest, Extra Trees, and XGBoost algorithms
as base learners and CatBoost as the meta-learner.

On the held-out chronological test sets, EHSF achieved
R? values of 0.9383, 0.8879, and 0.7696 and RMSE values
of 30.0167, 11.3705, and 16.7043 for Delhi, Mumbai, and
Chennai, respectively. The corresponding MAE values were
23.7970, 6.5357, and 11.8221. The results show that a com-
bination of multiple heterogeneous base learners can lead to
better predictive performance than any single base learner
in the evaluated cities. In particular, EHSF substantially
improved forecasting performance in Chennai, where the
best individual base learner (Random Forest) achieved an
R? of only 0.5790 and an RMSE of 22.5580, while EHSF
reached an R? of 0.7696 and an RMSE of 16.7043. For Delhi
and Mumbai, where the individual base learners already
exhibited strong performance, EHSF provided additional but
more modest improvements in both R? and error metrics.

SHAP-based interpretability allowed determining the
relative contribution of important pollutants, temporal, lagged,
rolling-statistical, and domain-specific predictors. Among
the influential predictors, Pollution_Load, Particulate_Index,
PM,,, PM; s, lagged predictors, and a set of statistical pre-
dictors derived from AQI were found; however, their relative
importance differed between the three cities studied. In
Delhi, Pollution_ILoad and particulate-related features dom-
inated the SHAP rankings. In Mumbai, PM,, and lagged
PM,, features were most influential. In Chennai, AQI-based
statistical features and Pollution_Load contributed most
strongly. At the meta-learner level, SHAP analysis revealed
how the predictions generated by each base learner con-
tributed to the final EHSF predictions, confirming that the
stacking architecture leverages complementary information
from Random Forest, Extra Trees, and XGBoost.
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Overall, the proposed EHSF framework combines fore-
casting accuracy, temporal information preservation, feature-
importance determination through consensus, heterogeneous
ensemble learning, and model interpretability. The findings
demonstrate the applicability of the proposed framework in
the three evaluated metropolitan environments. However,
the study is limited by its evaluation on three monitoring
locations and by the availability of pollutants and other
environmental variables in the CPCB dataset. Consequently,
the results support the usefulness of EHSF for city-specific
PM, 5 forecasting but do not establish geographical general-
ization across all Indian urban areas.

Future work could involve evaluating the framework on
additional cities and climatic settings, incorporating extra
variables such as satellite-derived aerosol optical depth and
traffic-intensity indicators, and testing transfer-learning pro-
cedures in which the common EHSF framework is retained
but city-specific components are recalibrated. Further re-
search could also extend the current uncertainty analysis
by reporting bootstrap confidence intervals for RMSE and
MAE and by applying paired forecast-error tests such as the
Diebold—Mariano test to assess the statistical significance
of the observed performance differences. Such extensions
would strengthen the evidence base for deploying EHSF
in operational air-quality forecasting and decision-support
systems.
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