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ABSTRACT

This study presents a methodological advancement for machine learning by developing a framework that
solves the coupled problem of feature selection and hyperparameter optimization. The proposed TPE-
XGBoost-RFE algorithm integrates a sequential model-based optimization technique, the Tree-structured
Parzen Estimator (TPE), with a wrapper feature selection method. This approach concurrently searches
for a globally optimal combination of predictive features and model hyperparameters. The efficacy of the
framework is demonstrated in the task of predicting long-term tropospheric ozone concentrations. This
integrated process identifies an optimal 22-feature subset, reducing dimensionality by 37% while
simultaneously tuning nine key XGBoost hyperparameters. The robustness of this subset is validated
across multiple machine learning models, all exhibiting superior predictive performance with lower error
metrics compared to those trained on the full feature set or through a simpler filter-based method. This
study demonstrates that a unified optimization strategy is critical for developing high-performing
predictive models.
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I.  INTRODUCTION

Accurate prediction of long-term tropospheric ozone (O3)
concentration is a fundamental challenge in environmental
science, critical to assessing impacts on public health and
ecosystems [1]. While early predictive efforts utilized linear
models, the complex, non-linear relationships governing ozone
formation necessitated the adoption of sophisticated data-
driven paradigms [2-11]. The literature records a clear
methodological evolution: Support Vector Machines (SVM)
were initially adopted for their ability to handle high-
dimensional spaces [12, 13], followed by ensemble methods
such as Random Forests and Gradient Boosting, which
demonstrated robust resistance to overfitting [14, 15]. Recently,
tree-based boosting algorithms, particularly XGBoost, have
emerged as the dominant standard due to their exceptional
predictive accuracy and computational efficiency [2, 16-18].

Despite these advances, the efficacy of these models is
often constrained by the high dimensionality of environmental
datasets, introducing noise and computational inefficiency [10,
13, 18].To mitigate this, feature selection is a critical
preprocessing step [5, 19], and similar principles of relevance

identification and information reduction have been explored in
other data-intensive learning domains [20, 21]. The existing
literature categorizes these strategies into filters, wrappers, and
embedded techniques [19, 22]. Filter methods, such as Pearson
correlation, are computationally efficient but limited by their
failure to account for feature interdependencies [19, 23]. In
contrast, wrapper methods like Recursive Feature Elimination
(RFE) evaluate subsets based on model performance, offering
superior capture of variable interactions [24]. Recent hybrid
approaches have combined RFE with metaheuristic algorithms
such as Grey Wolf Optimization (GWO) [25] and Ant Colony
Optimization (ACO) [26] coupled with SVM to enhance search
efficiency in multi-target ozone prediction tasks. However,
RFE is computationally intensive, and its success is
inextricably linked to the underlying estimator's configuration;
an arbitrary or poorly tuned model can cause the algorithm to
converge on a suboptimal feature subset [4, 24].

Complex models, such as XGBoost, require precise
hyperparameter tuning to achieve optimal performance [27,
28]. Traditional optimization methods, such as grid and random
search, suffer from the "curse of dimensionality" and are often
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intractable for navigating large search spaces [28, 29].
Consequently, the field has shifted to Sequential Model-Based
Optimization (SMBO) techniques, such as Bayesian
Optimization [16]. The Tree-structured Parzen Estimator (TPE)
algorithm has proven particularly effective in this domain,
offering a probabilistic approach to intelligently explore
hyperparameter distributions [17, 28]. However, although
recent studies have successfully applied TPE in biomedical
domains [17], its application to coupled environmental
modeling challenges remains underexplored.

A critical review of the current landscape reveals a
significant methodological gap: feature selection and
hyperparameter optimization are predominantly treated as
separate sequential tasks [28, 29]. Common workflows tune
hyperparameters on full feature sets before selection, or vice
versa, creating a decoupled approach that is fundamentally
suboptimal [16, 27]. The optimal configuration for a full
feature set is rarely optimal for a reduced subset, and
performing RFE with a poorly tuned model may erroneously
eliminate important features [24, 28].

This study addresses this interdependency by proposing a
unified framework that leverages TPE to concurrently optimize
XGBoost hyperparameters while guiding the RFE process. By
treating these tasks as a single, coupled optimization problem,
this method effectively navigates the complex search space to
identify a globally optimal solution [6, 7]. The key
contributions of this study are:

e Unified optimization framework: The development of a
TPE-optimized XGBoost-RFE algorithm solves the coupled
problem of feature selection and hyperparameter tuning
using the Optuna framework [6].

e Robust configuration: The successful optimization of nine
key XGBoost hyperparameters provides a robust model
configuration that simultaneously searches for the optimal
feature subset [8].

e Dimensionality reduction: An empirical demonstration
shows that the proposed method yields a 37% reduction in
dimensionality (35 — 22 features) while significantly
improving predictive performance compared to baselines
[8, 9].

e Cross-model validation: The robustness of the selected
subset is validated across multiple machine learning
algorithms, proving superior accuracy over models trained
on full or Pearson-correlated feature sets [3, 4, 9].

II. METHODOLOGY

A systematic coupled optimization framework was
employed with three experimental configurations: Full feature,
XGBoost+TPE tuning with all 35 input features, and TPE
optimization via the Optuna framework to tune nine XGBoost
hyperparameters. The baseline isolates the contribution of
hyperparameter optimization without feature selection.
XGBoost-RFECV  with TPE tuning followed a decoupled
approach, where RFE with Cross-Validation (RFECV) was
first performed using a default XGBoost configuration that
reduced the feature set to 29 variables, followed by TPE

hyperparameter optimization on the reduced subset. Optuna
TPE-XGBoost-RFECV was implemented as a truly coupled
optimization strategy, where the TPE optimizer guided the RFE
process by providing tuned hyperparameters at each iteration.
In this nested framework, the outer TPE loop explored the
hyperparameter space, while the inner RFE loop identified the
optimal feature subset for each proposed configuration,
ultimately selecting 22 features that jointly minimize the cross-
validated Mean Absolute Error (MAE). This design ensures
that feature importance evaluations during RFE are conducted
with a well-configured model, preventing the erroneous
elimination of informative predictors that may occur when
using arbitrary default parameters.

A. Exploratory Data Analysis -AQ-Bench Dataset

The study utilized the AQ-Bench dataset [30] as the
foundation for the Multi-Target Regression (MTR) framework
[31], selected for its ability to predict diverse ozone
concentration metrics. The dataset comprised approximately
5,500 samples that integrated heterogeneous data sources,
including topographic, climatic, and anthropogenic features.
The dataset successfully captured complex environmental
interactions, establishing Nitrogen Dioxide levels, human
activity proxies, and altitude as the primary drivers of ozone
formation. It also ensured that the above-mentioned correlation
was able to uncover the physical mechanisms governing air
quality. To ensure integrity, a rigorous preprocessing pipeline
was implemented to address critical data gaps. Missing target
values, encoded as -999, were identified as a significant risk for
skewing Mean Squared Error (MSE) and distorting feature
weights. Consequently, these missing values were masked
during the loss calculation.

A preliminary feature reduction was performed to eliminate
irrelevant and redundant variables. This included the removal
of constant and quasi-constant features (VarianceThreshold =
0.01), duplicated features, and the non-informative id column.
A filter-based reduction using Pearson correlation was also
applied, where features with a correlation less than 0.1 to the
target variable were discarded, and from pairs of features with
a correlation greater than 0.9, one was removed to mitigate
multicollinearity. This preprocessing stage resulted in a final
dataset of 35 input features, which was partitioned into training
(70%), testing (20%), and validation (10%) sets. A copy of the
full 35-feature dataset was retained for baseline model
comparison.

B. The Mathematical Formulation

The core of the feature selection process relies on the
XGBoost algorithm. The objective function for XGBoost at a
given iteration t is defined as:

00 =31, L (Yi’f’i(t)) + Zie=1 2 (fi) M

where n is the number of samples, L is a differentiable convex
loss function that measures the difference between the true
target y; and the predicted target J;, and () is a regularization
term that penalizes the complexity of the model's trees. The
prediction y; is an additive combination of t regression trees
fi- The regularization term is defined as:
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where T is the number of leaves in the tree, w is the vector of
scores on the leaves, and y and A are regularization parameters
controlling the penalty for tree complexity and leaf weights,
respectively. This objective function is optimized to guide the
feature importance calculation in each step of the RFE process.

C. The Integrated Optimization Algorithm

Algorithm 1 details the procedural implementation of the
TPE-XGBoost-RFE framework. This algorithm operationalizes
the nested-loop structure visualized in Figure 2, where an outer
TPE loop guides an inner RFE loop. The outer loop, managed
by the TPE optimizer, is responsible for intelligently exploring
the hyperparameter space. The inner loop performs a complete
RFE cycle (Figure 1) for each set of hyperparameters proposed
by the TPE.

Algorithm 1: TPE_XGBOOST_RFE
procedure TPE_XGBOOST_RFE (D_train,
study «
CreateOptunaStudy (sampler=TPESampler)
for trial from 1 to N do
h_current
study.suggest_parameters (H)
S_full « GetAllFeatures (X)
S_current « S_full
results_rfe « []
while |S_current| > 0 do
//Start inner RFE loop
model « TrainXGBoost (S_current, vy,
h_current)
mae_cv « GetbFoldCrossValMAE (model,
S_current, vy)
Append {mae_cv,
results_rfe
importances «
GetFeatureImportances (model)
feature_to_remove
GetLeastImportantFeature (
importances)
S_current — RemoveFeature (S_current,
feature_to_remove)
end while
best_run_mae, best_run_subset
FindMinMAE (results_rfe)
study.report (best_run_mae,
trial)
// Return objective score to TPE
study.set_user_attr ("best_subset",
best_run_subset)
end for
h* « study.best_params
S* « study.best_trial.user_attrs]|
"best_subset"]
return h*, S*
end procedure

H, N)

S_current} to
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Fig. 1. Procedural flow of the inner RFE cycle.
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The architecture of the nested TPE-XGBoost-RFE algorithm.

Fig. 2.

The critical link between the two loops is the objective
function score. Upon completion of an inner RFE cycle, the
minimum cross-validated MAE achieved during that cycle was
returned to the TPE optimizer. This allows the TPE algorithm
to learn which hyperparameter regions lead to better feature
selection outcomes. Figure 3 shows the iterative search for this
minimum, demonstrating how the TPE algorithm explores the
search space to find better-performing hyperparameter
combinations. This entire nested process is repeated for a
predefined number of iterations to find the globally optimal
hyperparameter set and its corresponding optimal feature
subset.

e Input: Training data D4, = {X,y} , hyperparameter
search space H, Number of TPE trials N

e Output: Optimal hyperparameters h*, optimal feature subset
S*.

D. Model Evaluation and Benchmarking

Following the identification of the optimal 22-feature
subset by the TPE-XGBoost-RFE framework, its
generalizability and effectiveness were rigorously evaluated.
Six distinct machine learning algorithms were trained on this
reduced feature set: XGBoost, Random Forest (RF),
LightGBM (LGBM), Gradient Boosting (GBM), Support
Vector Regression (SVR), and K-Nearest Neighbors (KNN).
To establish a performance baseline, the same set of models
was also trained on the full 35-feature dataset.
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The predictive performance of all models was quantified
using three standard regression metrics: Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and the Coefficient
of Determination (R2?). Comparing the metrics from models
trained on the selected subset against the baseline models
allowed for a comprehensive assessment of the feature
selection framework's impact on predictive accuracy and model
parsimony.

III. RESULTS

This section presents the empirical outcomes of applying
the TPE-XGBoost-RFE framework for ozone concentration
prediction. The findings demonstrate the efficacy of the
hyperparameter optimization, the subsequent feature selection,
and the final predictive performance of various machine
learning models.

A. Hyperparameter Optimization

The initial phase of this study focused on identifying the
optimal hyperparameter configuration for the XGBoost model
to guide the RFE process. Using the TPE algorithm within the
Optuna framework, an optimized set of nine key
hyperparameters was determined. Table I details the search
range for each parameter and the final optimized values derived
from the optimization process. Notably, the algorithm
converged on a learning rate of 0.0066, n_estimators of 1800,
and a max depth of 11, indicating a preference for a relatively
deep model trained with a small learning rate over many
iterations to achieve fine-grained performance.

TABLE L XGBOOST HYPERPARAMETER SEARCH SPACE
AND OPTIMIZED VALUES IDENTIFIED BY TPE
Hyperparameter Range Optimized value
Learning_rate (0.0001-0.1) 0.0066
N_estimators (100-3000) 1800
Max_depth (3-15) 11
Min_child_weight (1-10) 4
Gamma (1e-7-1.0) 6.7E-07
Reg_alpha (1e-8-1.0) 1.06E-07
Reg_lambda (0.01-1.0) 0.5545
Colsample_bytree (0.5-1.0) 0.6697
Subsample (0.5-1.0) 0.612

B. Feature Selection and Dimensionality Reduction

The core contribution of the TPE-XGBoost-RFE method
was its ability to concurrently perform feature selection. The
process began with an initial set of 35 features. As shown in
Table II, the integrated optimization framework identified a
highly predictive subset consisting of only 22 features. This
represents a substantial 37% reduction in feature
dimensionality.

The selection process was guided by minimizing the MAE
during cross-validation. This optimization yielded a dramatic
improvement in model precision: the proposed framework
achieved a cross-validation MAE of 2.372, compared to the
Baseline (Full Features) model, which resulted in an MAE of
2.478. While the computational cost for the proposed method
was higher (73.7 minutes) due to the extensive search space,
the significant reduction in error justifies the investment.

TABLE II. IMPACT OF TPE OPTIMIZATION ON FEATURE
DIMENSIONALITY AND CROSS-VALIDATION ERROR
GPU Feature
Model MAE time u
. number
(minutes)
Optuna TPE-XGBoost-RFECV 2396 282.9 2
(proposed)
XGBoost-RFECV +TPE tuning 2422 2.7 29
All features XQBOOST +TPE 2502 23 35
tuning
BO-XGBoost-RFE [32] 2.410 - 22
XGBoost-RFE [32] 2.516 - 29

C. Comparative Model Performance

To validate the robustness and effectiveness of the selected
22-feature subset, its performance was evaluated across six
distinct machine learning algorithms. The results were
compared against two baseline scenarios: models trained on the
original 35-feature set (All features) and models trained on
features selected via a standard filter method ("After Pearson
FS"). The results in Table III demonstrate a consistent and
significant improvement in predictive accuracy for all six
models trained on the feature subset identified by the TPE-
XGBoost-RFE framework.
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TABLE IIL IMPACT OF TPE-XGBOOST-RFE ON THE PREDICTIVE PERFORMANCE OF VARIOUS MACHINE LEARNING MODELS

Model Optuna TPE-XGBoost-RFECYV (proposed) BO-XGBoost-RFE After Pearson FS All Features (Baseline)

MAE RMSE R? GPU time (s)| MAE | RMSE R? MAE | RMSE R? MAE | RMSE R?
XGB 2.372 3.232 0.721 21.8 2.386 3.281 0.718 2.59 3.462 0.675 2.478 3.368 0.698
RF 2.583 3.52 0.669 32.0 2374 3.206 0.72 2.5 3.380 0.69 2.5 3.266 0.71
LGBM 2.618 3.568 0.66 14.8 - - - 2.747 3.693 0.63 2.637 3.537 0.66
GBM 2.656 3.62 0.65 52 - - - 2.784 3.743 0.62 2.695 3.614 0.645
SVR 2.882 3.927 0.588 8.2 2.676 3.631 0.659 2912 3.871 0.583 2.677 3.62 0.636
KNN 2.958 4.031 0.566 04 2.801 3.808 0.606 2.873 3.837 0.601 2.846 3.834 0.601

The proposed method outperformed the baselines by a wide
margin. Specifically, the XGBoost model trained on the
optimized subset achieved an MAE of 2.372, an RMSE of
3.232, and an R? of 0.721. In contrast, the baseline XGBoost
model (All features) yielded an MAE of 2.478, an RMSE of
3.368, and an R? of 0.698. The superiority of the TPE-
XGBoost-RFE method is further highlighted when comparing
the error magnitudes. The proposed model's MAE (2.372) is
approximately 4.3% lower than that of the baseline model
(2.478). The Pearson Feature Selection (FS) method failed to
provide competitive results, yielding an MAE of 2.59 for
XGBoost—worse than the unoptimized baseline. These
findings empirically validate that the integrated optimization
framework produces a significantly more parsimonious model
(22 features vs. 35) that is universally more accurate.

IV. DISCUSSION

This study addressed the coupled challenge of feature
selection and hyperparameter optimization for predicting long-
term tropospheric ozone concentrations. The proposed TPE-
XGBoost-RFE framework provides a superior solution, leading
to highly parsimonious models with unambiguous and
significant performance enhancements across all algorithms
tested. The performance evaluation reveals a critical insight
into the value of an integrated optimization strategy. The
reduction of the feature space from 35 to 22 without loss of
predictive power suggests that the original dataset contained a
high degree of redundancy and noise. The proposed model's
MAE of 2.372 compared to the baseline's 2.478 indicates that
the selected subset captures the primary drivers of ozone
formation much more effectively than the full feature set. This
can be attributed to the wrapper-based approach, which
evaluates features within the context of model performance,
thereby capturing complex interactions that static correlation
measures inherently miss. The failure of Pearson FS (MAE >
2.5) reinforces this, showing that linear filter methods are
insufficient for this complex environmental modeling task.

A noteworthy observation is the relationship between error
reduction and explained variance. Although the baseline model
achieved a respectable R2 of 0.698, its high MAE (2.478)
suggests that it was prone to significant local errors. The
proposed framework improved R? to 0.721 while
simultaneously reducing MAE to 2.372. This implies that the
TPE-XGBoost-RFE framework did not simply prune variables
but actively identified a subset that allows the model to
generalize with exceptional precision. The simultaneous tuning
of the hyperparameters ensured that this feature evaluation was
guided by a well-configured model, preventing the erroneous
elimination of important features.

These findings advocate for a deliberate and integrated
approach to model development. The proposed Optuna TPE-
XGBoost-RFECV  framework was evaluated through three
progressive optimization pipelines, which processed 15 targets
individually and constituted the majority of the optimization
time. This iterative, per-target optimization enabled target-
specific feature selection and hyperparameter tuning,
improving predictive performance. The search for optimal
hyperparameter tuning of TPE coupled with XGBOOST-
RFECY required 4.7 hours, and the final operational XGBoost
model, which used the optimally tuned hyperparameters
obtained from TPE-XGBOOST-RFECV, required only 21.8 s
to retrain with new data. This demonstrates that the proposed
Optuna TPE-XGBoost-RFECV framework is practically viable
for operational deployment, offering state-of-the-art predictive
performance with reasonable computational requirements for
both the initial optimization and the operational model.

V. CONCLUSION

This research addresses a critical methodological gap in
ML applications: the interdependent nature of feature selection
and hyperparameter optimization. The novel TPE-XGBoost-
RFE framework formalizes a solution by treating these two
tasks as a single, coupled optimization problem. By nesting an
RDE process within a TPE optimization loop, the proposed
algorithm systematically navigates the high-dimensional search
space to identify a globally optimal combination of features
and hyperparameters.

The efficacy of the framework was empirically validated,
confirming the central hypothesis that decoupled or overly
simplistic approaches yield suboptimal solutions. The findings
conclusively demonstrate that this unified strategy is superior,
producing a more compact and performant feature set that
benefits every algorithm tested.

The primary contribution of this study is a methodological
advancement that establishes a new benchmark to build
parsimonious but powerful predictive models. Building on this
work, future directions should prioritize a deeper domain-
specific analysis of the selected features. Investigating
meteorological significance will bridge the gap between data-
driven models and atmospheric science, improving
interpretability. Furthermore, future research could explore
alternative optimization algorithms to improve computational
efficiency, solidifying this integrated paradigm for robust data-
driven discovery.
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