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SUMMARY

Asthma, a chronic respiratory disease affecting 28
million Americans, imposes a substantial burden on
public health, with 986,453 emergency department
visits reported forasthmain 2020. While prior research
has examined the impact of green spaces, climate,
traffic, and outdoor air quality (GCTA) on asthma
prevalence, these factors have largely been studied
separately. Despite their importance individually,
their combined and interactive effects remain less
understood. We hypothesized that the number of
asthma-related emergency department visits can be
predicted by multimodal factors such as GCTA. This
study applied three machine learning algorithms—
k-nearest neighbors (KNN), Extreme Gradient
Boosting (XGBoost), and random forest regression
(RFR)—to analyze environmental, health, and traffic
data, optimizing model performance to achieve
high prediction accuracy in understanding asthma
prevalence. Using explainable Al, we demonstrated
that GCTA interact in intricate ways, collectively
shaping asthma prevalence. Our findings underscored
the significance of GCTA as key contributors to
asthma risk, with green space effects being the most
significant and complex, as green spaces appeared
to mitigate air pollution but also potentially increased
allergen exposure. This study greatly advanced our
understanding of the interplay of green cover, regional
climate, and air pollution as it relates to urban health.
These insights provided actionable guidance for
urban planning by highlighting the need to increase
green space coverage strategically, manage traffic-
related emissions, and consider localized climate
conditions—ultimately supporting more targeted
interventions to mitigate respiratory disease burden
in urban populations.

INTRODUCTION

Asthma, a chronic respiratory disease, affects 28 million
people in the United States, representing about 1 in 12
individuals (1,2). In 2020, asthma led to 94,560 hospital
inpatient discharges and 986,453 emergency department
visits, highlighting the severe impact of this chronic condition
on daily life (3). Given the severe impact of asthma, there
is a strong need to predict the number of asthma-related
emergency department visits and prevent asthma cases
through public health initiatives. One such impactful method

is urban planning, which focuses on environmental factors
that could reduce asthma rates (4).

Previous studies have primarily focused on the impact
of poor outdoor air quality on increasing asthma severity,
and some studies have examined the complex relationship
between urban green spaces and asthma prevalence (5,6).
Climate factors such as extreme heat and cold can increase
the risk of asthma (7). Additionally, infrastructure planning
contributes to differences in vehicular density, which has a
complex interplay with other urban planning factors that can
then influence asthma (8,9). However, no studies to date
have combined all these factors to explore their collective
and interactive impact on asthma rates. Considering these
environmental factors in isolation may overlook important
interactions and confounding effects. Assessing their
combined effects therefore allows for a more holistic analysis
of urban health risks.

A powerful methodology to study the impact of
environmental factors on asthma is using machine learning
(ML) on large publicly available datasets that contain this
information. We employed ML algorithms—including k-nearest
neighbors (KNN), Extreme Gradient Boosting (XGBoost) and
random forest regression (RFR)—to conduct the analysis and
ensure robust, consistent insights across different modeling
approaches (10-12). We selected these three algorithms
for their complementary strengths in handling nonlinear
relationships, capturing complex feature interactions, and
providing interpretable measures of feature importance.
KNN, a non-parametric, instance-based algorithm, interprets
local feature relationships using proximity and similarity (10).
XGBoost captures complex patterns with high accuracy
through ensemble-based gradient boosting, minimizing
overfitting and enabling feature importance analysis (11).
RFR reduces variance and generalizes well with multiple
decision trees, providing robust feature interpretation (12). We
applied these three ML algorithms to datasets encompassing
environmental, health, and traffic data (13-18). New York
City (NYC) serves as an excellent case study for analyzing
asthma prevalence due to its diverse urban landscape,
variation in outdoor air quality, and extensive green spaces
amid dense traffic and residential areas (19—-21). In this study,
the analysis of feature importance used SHapley Additive
exPlanations (SHAP) values—a key explainable Al technique
(22). Explainable Al is a broader field focused on developing
tools and techniques to help humans make sense of decisions
made by Al models (22). SHAP is a method for interpreting
the predictions of machine learning models by assigning a
score to each feature for each data point, representing how
much that feature contributed to the final prediction (23). We
chose Explainable Al because it enhances transparency in
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Feature(s) Removed from Analysis R? MSE
None 0.9010 | 0.0750
Green Space: vegetative cover percentage (Veg_Cover), tree canopy 0.8677 | 0.1002
cover (Tree _Cover)

Climate: surface temperature (Surf_Temp) 0.8889 | 0.0841
Traffic: vehicle miles traveled (Vehicle_Miles), truck miles traveled 0.8954 | 0.0792
(Truck Miles)

Air Quality: PM, NO2, Os 0.8728 | 0.0964

Table 1: Prediction performance of Extreme Gradient Boosting
(XGBoost) after removing features from green space, climate,
traffic and air quality category. A decline in performance was
observed with the removal of each category of data.

model decisions, and SHAP because it provides instance-
level feature importance explanations.

By applying machine learning models to integrated
environmental and health datasets, we sought to understand
how they interact to influence asthma outcomes. We
hypothesized that the prevalence of asthma-related
emergency department visits (EDVs) could be predicted by
the combined effects of outdoor air quality, availability of
green spaces, climate conditions (e.g., surface temperature),
and traffic data. We aimed to uncover nuanced, interpretable
patterns by analyzing these environmental variables
collectively using explainable Al techniques such as SHAP—
patterns that may be overlooked by traditional statistical
methods or analyses of individual factors. We recommended
that reducing urban asthma risks requires a multifaceted
approach that addresses air quality improvements,
carefully designed green space interventions, and traffic
considerations. These findings provided actionable insights
for policymakers to develop targeted strategies that mitigate
asthma risks through integrated urban planning and tailored
health initiatives.

RESULTS

We investigated whether the prevalence of asthma-
related EDVs in New York City can be predicted by the
combined effects of green spaces, climate, traffic, and
outdoor air quality (GCTA). We applied three machine
learning algorithms—KNN, XGBoost, and RFR—to an
integrated dataset encompassing environmental, health, and
traffic data sourced from NYC.gov public repositories (13—18).
We included eight features in this investigation: vegetative
cover percentage, tree canopy cover, surface temperature,
particulate matter (PM), nitrogen dioxide (NO,), Ozone (O,),
vehicle miles traveled, and truck miles traveled (13-17). The
target variable was asthma-related EDVs (18).

After data preprocessing, we used the XGBoost model to
evaluate feature contributions and assess the effectiveness
of our feature selection, leveraging its ability to generate
interpretable importance scores. We set all hyperparameters
to default values and grouped eight features into four
categories—green space, climate, traffic, and air quality
(Table 1). We calculated the feature importance scores,
where higher scores indicate a greater influence on prediction
(Figure 1). Grouping features by category revealed that green
space was the most influential data category with an average
importance score of 0.2447, followed by traffic (0.1872),
climate (0.0935), and air quality contributing the least with an
average importance score of 0.0142 (Figure 1). These results
showed that green space was the most important contributor
to predicting asthma-related EDVs.

To further investigate the role of each data category in
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Figure 1: Extreme Gradient Boosting (XGBoost) feature
importance before hyperparameter tuning. XGBoost model
before hyperparameter tuning achieved a Mean Squared Error (MSE)
of 0.0750 and an R? of 0.9010 on the training dataset. Features were
ranked from the most important feature (Tree_Cover at the top) to
least important (O3 at the bottom), and the importance score of
each feature is given by the x-axis. Features were categorized as
either green space (blue), traffic (brown), climate (yellow), or air
quality (purple). The datasets were sourced from NYC.gov public
repositories (13-18).

prediction, we conducted experiments by systematically
removing features from specific categories and evaluating
whether the model’s performance declined compared to the
prediction results using all features. This analysis provided
deeper insights into the relative contributions of each category
to the overall prediction results. We observed a decline
in performance with the removal of each category of data
(Table 1). The largest decline occurred when the green space
category was removed (R? of 0.8677 without green space vs.
R? of 0.9010 with green space; Table 1). This observation
aligned with the feature importance scores, indicating that
features from all four categories contributed to the prediction,
with green space being the most significant contributor (Figure
1).

To ensure optimal model performance and validate the
robustness of our results across different algorithms, we
performed hyperparameter tuning for all three algorithms.
Hyperparameter tuning involves selecting the best
configuration of model settings that guide how it learns
from data. The hyperparameter tuning process included a
pre-search process followed by the Grid Search and cross-
validation. The pre-search process revealed that only one
hyperparameter significantly impacted the prediction accuracy
of the KNN model: the number of neighbors (n_neighbors)
(Table 2). The results of the pre-search process revealed
that five hyperparameters had the most impact on the
prediction accuracy of the XGBoost model (Table 2). These
key hyperparameters were the number of estimators (n_
estimators), the maximum depth of a tree (max_depth), the
minimum sum of weights of observations required in a child
node (min_child_weight), lambda (L2 regularization), and
alpha (L1 regularization) (Table 2). The pre-search analysis
identified four hyperparameters as the most influential on the
prediction accuracy of the RFR model (Table 2). These critical
hyperparameters included the number of estimators (n_
estimators), the maximum depth of splits allowed in each tree
(max_depth), the number of features considered for splitting
at each node (max_features), and the minimum number of

Journal of Emerging Investigators « www.emerginginvestigators.org

12 AUGUST 2025 | VOL 8 | 2



EMERGING INVESTIGATORS

Model Hyperparameters
Value R?
KNN n_neighbors = 3 0.8870
RFR n_estimators = 30 0.9637
max_depth = 10
max_features = 8
min_samples_split=5
n_estimators = 25
max_depth =5
min_child_weight = 12
lambda = 5
alpha=0

Training dataset Test dataset
MSE R2 MSE
0.0700 | 0.8401 | 0.1211
0.0225 | 0.8803 | 0.0906

XGBoost 0.9599 | 0.0249 | 0.9104 | 0.0679

Table 2: Hyperparameters value and prediction performance on
training dataset and test dataset across K-Nearest Neighbors
(KNN), Extreme Gradient Boosting (XGBoost) and Random
Forest Regression (RFR) models. The KNN model’s final
predictions results for EDVs showed lowest predictive accuracy with
an MSE of 0.1211 and an R? of 0.8401. XGBoost achieved the best
performance with an MSE of 0.0679 and an R2 of 0.9104, followed
closely by RFR with an MSE of 0.0906 and an R? of 0.8803. XGBoost
model demonstrated strong and comparable results on both the
training dataset and the testing dataset, both datasets achieved R2
values above 0.9.

samples required in a node for a split to occur (min_samples_
split) (Table 2). We conducted the Grid Search and cross-
validation on these selected hyperparameters, and identified
the optimal hyperparameter values (Table 2).

The KNN model’s final predictions results for EDVs showed
lowest predictive accuracy with an MSE of 0.1211 and an R?
of 0.8401 (Table 2). XGBoost achieved the best performance
with an MSE of 0.0679 and an R? of 0.9104, followed closely
by RFR with an MSE of 0.0906 and an R? of 0.8803 (Table
2). Based on its superior predictive capability, we selected the
XGBoost model for further feature importance analysis.

The feature importance rankings changed after
hyperparameter tuning, as adjustments to the model
parameters influenced how features were evaluated and
interacted with one another. Post-tuning rankings are more
accurate and reliable, reflecting the optimized model’s ability
to generalize and capture relationships in the data, while pre-
tuning rankings offer initial insights for feature selection (24).
We calculated the feature importance scores again using the
optimized XGBoost model (Figure 2). Compared to the scores
before hyperparameter tuning, the rankings shifted and were
more evenly distributed among the eight features, confirming
that all features contributed meaningfully to the prediction
(Figure 1 and Figure 2). Interestingly, the most important
contributors before and after tuning both belonged to the
green space category—tree canopy cover before tuning, and
vegetative cover percentage after tuning (Figure 1 and Figure
2). Similarly, the least important contributor remained the
same—O, (Figure 1 and Figure 2). Based on these results,
we concluded that green space was consistently the most
important factor in EDVs prediction, while air quality had the
least impact, demonstrating the robustness of these findings
regardless of hyperparameter tuning.

To further understand each data features’ contributions
to these predictions, we applied explainable Al techniques,
focusing on the XGBoost and RFR models. We used SHAP
values to interpret the predictions, enabling a detailed
understanding of how each feature contributed to the predicted
asthma-related EDVs values for individual data points (Figure
3 and Figure 4). Red data points indicated that a feature’s
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value was relatively high for a specific instance, while blue
points represented relatively low values. The x-axis shows the
SHAP value, which reflects the magnitude and direction of a
feature’s impact on the prediction—positive values indicate
increased predicted EDVs, while negative values indicate
a reduction. The SHAP values allowed us to understand
not just which features matter most, but how they influence
predictions. The features were ranked on the y-axis based on
their importance. For the best-performing model, XGBoost,
the SHAP value analysis of feature importance aligned closely
with the feature importance scores.

The color scheme in SHAP beeswarm plots revealed that
three features had a relatively direct association with predicted
EDVs values (Figure 3 and Figure 4). Lower PM and NO,
levels were strongly associated with lower predicted EDVs
values, while lower Vehicle_Miles was also associated with
higher predicted EDVs values. The distribution of points in the
SHAP beeswarm plot provided additional statistical insights.
For the best-performing model, XGBoost, lower Veg_Cover
instances (blue points) extended far to the left, while lower
Tree_Cover instances extended far to the right (Figure 3).
This indicated that less vegetation strongly reduced predicted
EDVs values, whereas less tree coverage increased predicted
EDVs values. For PM, a dense cluster of high PM level
instances (red points) appeared with small but positive SHAP
values (Figure 3). In contrast, lower PM instances extended
further to the left, suggesting that low PM had a stronger
negative impact on predicted EDVs values than high PM had
a positive impact (Figure 3). Surf_Temp and Truck_Miles
exhibited a wide distribution of SHAP values, with red and blue
points appearing on both sides of the SHAP axis, indicating
complex interactions with other features and suggesting that
these features did not consistently increase or decrease
predicted EDVs values (Figure 3). O, had the least impact
on predicted EDVs values, with a tightly clustered distribution
near the center (Figure 3). Based on these results, we
determined that the presence of green spaces was the most
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Figure 2: XGBoost feature importance after hyperparameter
tuning. XGBoost model after hyperparameter tuning achieved an
MSE of 0.0249 and an R? of 0.9599 on the training dataset. The
feature importance rankings changed after hyperparameter tuning,
as adjustments to the model parameters influenced how features
were evaluated and interacted with one another. The graph is showing
the most important feature (Veg_Cover) to least important (O3) and
the importance score of each feature. Features were categorized
as either green space (blue), traffic (brown), climate (yellow), or air
quality (purple). The datasets were sourced from NYC.gov public
repositories (13-18).

Journal of Emerging Investigators « www.emerginginvestigators.org

12 AUGUST 2025 | VOL 8 | 3



EMERGING INVESTIGATORS

important contributor to EDVs prediction results, exhibiting
a complex and context-dependent influence. In contrast, air
quality showed a relatively direct association with EDVs but
had the least impact on the prediction outcomes.

From the SHAP beeswarm plot of the XGBoost model,
the top four most important features represented the four
categories of factors examined in this study concerning asthma
prevalence: GCTA (Figure 3). This observation confirmed
these four factors’ critical roles in achieving the predictive
accuracy, as their prominence among the top-ranked features
suggested that each contributes uniquely and significantly to
the model’s ability to predict EDVs values.

DISCUSSION

In this study, our findings highlighted that GCTA were
all meaningful factors influencing asthma prevalence. The
prevalence of asthma-related EDVs could be predicted by the
combined effects of GCTA. The robustness of the prediction
results stemmed from the use of a well-optimized machine
learning model, where hyperparameter tuning played a critical
role in enhancing performance (25). With a robust model in
place, feature importance analysis provided fundamental
insights into the relative influence of various factors on
prediction outcomes. Beyond overall feature importance,
a deeper examination using an explainable Al technique
revealed intriguing patterns in individual feature contributions,
highlighting their unique and sometimes context-dependent
effects on EDVs prediction.

For the XGBoost model, lambda and alpha settings
suggested that the model prioritizes reducing overfitting
through L2 regularization without enforcing sparsity or feature
elimination via L1 regularization. The absence of strong L1
regularization indicated that the model did not benefit from
penalizing or eliminating individual features, further supporting
the conclusion that the predictive signal was distributed across
multiple environmental features rather than being concentrated
in a few dominant ones. This aligned with our earlier SHAP
analysis, which showed meaningful contributions from each of
the GCTA factors, reinforcing the importance of a multifactorial
approach in predicting asthma-related EDVs.

When comparing the XGBoost prediction accuracy of the
training dataset with the performance on the testing dataset,
both achieved R? values above 0.9. This indicated that the
trained XGBoost model successfully overcame overfitting—a
common issue in machine learning where a model performs
well on training data but fails to generalize to new, unseen
data.

Notably, the maximum features per tree matched the
total number of features in the training dataset for the RFR
model, which implied that all input features contributed
meaningfully to the model’s predictive capabilities. This finding
was consistent with the findings from XGBoost regularization
parameters setting, highlighting that the results were not
reliant on any single feature but instead stemmed from the
combined influence of all selected features. When comparing
the performance of the RFR model on the training dataset and
the testing dataset, the testing dataset showed a noticeable
decline in performance, with an R2 of 0.9637 on training
dataset and an R? of 0.8803 on the testing dataset. This
decline in performance on the testing dataset indicated that
the RFR model experienced a certain degree of overfitting.
In our experiment, XGBoost therefore outperformed RFR
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Figure 3: XGBoost SHapley Additive exPlanations (SHAP)
beeswarm plot. The graph is showing the SHAP values derived
from XGBoost model after hyperparameter tuning. The features were
ranked on the y-axis according to their importance. Red data points
indicated that a feature’s value was relatively high for a specific
instance, while blue points represented relatively low values. The
x-axis (SHAP value) indicated the magnitude of a feature’s impact on
the final prediction, with higher values reflecting a greater influence.
The top four most important features identified were Veg_Cover,
Surf_Temp, Vehicle_Miles, and PM. These features represented the
four categories of factors examined in this study concerning asthma
prevalence: green space, climate, traffic, and air quality.

in mitigating overfitting, and this is likely due to XGBoost’s
built-in regularization techniques, such as L1 (alpha) and L2
(lambda) regularization, which penalize complex models and
large feature weights (11). Our hyperparameter tuning process
further optimized the regularization parameters setting for the
XGBoost model. In contrast, RFR relies solely on averaging
predictions from multiple decision trees, which can reduce
variance but lacks explicit regularization mechanisms (12).
This makes RFR more prone to overfitting, especially when
the model attempts to fit noise present in the training data.
Beyond hyperparameter tuning, we analyzed which
features most influenced model predictions. Green space
consistently emerged as the top contributors, with Tree_Cover
leading before tuning and Veg_Cover taking precedence
after tuning. This shift resulted from the tuned model better
balancing contributions from different green space variables.
Notably, and contrary to expectations, O, was consistently
ranked lowest in feature importance, despite prior literature
suggesting that O, was a significant factor in asthma
prevalence (5). This might be due to its relatively low spatial
variability across NYC regions, especially compared to other
air quality features like PM, which could vary near traffic
corridors or industrial zones (19). When a feature showed
little variation across regions, models such as XGBoost might
find it less useful for distinguishing differences in EDVs rates.
Importantly, this did not suggest that O, lacks relevance to
asthma risk in general. Rather, it indicated that within the
scope of this region-based prediction task, O, contributed less
to model performance than the other examined features. This
interpretation was supported by the SHAP analysis, where the
SHAP values for O, were tightly clustered around the center,
indicating they did not contribute to higher or lower predicted
EDVs outcomes. It should also be noted that low variance
does not always imply low predictive importance; features with
limited variability can still be important if they capture subtle
but meaningful patterns (26). In this case, however, the low
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Figure 4: Random forest regression (RFR) model’s SHAP
beeswarm plot. The graph is showing the SHAP values derived
from RFR model after hyperparameter tuning. The features were
ranked on the y-axis according to their importance. Red data points
indicated that a feature’s value was relatively high for a specific
instance, while blue points represented relatively low values. The
x-axis (SHAP value) indicated the magnitude of a feature’s impact on
the final prediction, with higher values reflecting a greater influence.
The top six most important features identified were Vehicle_Miles,
Surf_Temp, Veg_Cover, Tree_Cover, Truck_Miles and PM. These
features represented the four categories of factors examined in this
study concerning asthma prevalence: traffic, climate, green space,
and air quality.

importance of O, likely reflected its limited influence in our
specific study parameters rather than its overall influence on
asthma outcomes.

The comparison between traffic-related features (Vehicle_
Miles and Truck_Miles) and climate-related features (Surf_
Temp) revealed an intriguing dynamic before and after
hyperparameter tuning. Before tuning, traffic-related features
collectively ranked higher in importance than climate-related
factors. However, after tuning, Surf_Temp rose to become
the second most important feature, surpassing Vehicle_Miles
while Truck Miles dropped even further in importance. This
change suggested that the optimized model placed greater
emphasis on climate-related factors, recognizing their
stronger impact on prediction performance compared to traffic
metrics (24). The sudden increase in the importance of PM
after hyperparameter tuning reflected how tuning adjustments
could alter the model’s interpretation of feature contributions.
Regularization might have suppressed the dominance of
certain features, such as Tree_Cover, allowing previously less
dominant features like PM to gain prominence. Additionally,
hyperparameter tuning likely reduced overfitting, helping the
model better generalize and more accurately assess PM’s
contribution to prediction outcomes.

We observed that the feature importance score difference
was narrower, and feature contributions were more evenly
distributed after hyperparameter tuning. This reflected a
refined understanding of feature contributions by the XGBoost
model, suggesting better generalization as it relied on a
broader range of variables rather than overemphasizing a few
dominant ones. The even distribution also indicated improved
recognition of interactions among features that were less
apparent before tuning.

The SHAP values revealed that air quality exerted a more
direct influence on asthma prevalence; whereas, green space,
climate, and traffic had more complex and nuanced effects.
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For example, while green spaces may reduce air pollution
and encourage physical activity, they may also introduce
allergens, such as pollen, which can trigger asthma symptoms
in sensitive individuals (27). For XGBoost, the best-preforming
model, an intriguing observation was that areas with low
asthma prevalence were associated with low vegetative cover,
while areas with high asthma prevalence were associated with
low tree canopy cover. A possible explanation was that general
vegetative cover might increase exposure to pollen, a known
asthma trigger, whereas tree canopy cover is more effective
than general vegetation at improving air filtration and reducing
pollutants, which are critical factors in mitigating asthma
symptoms. Another observation was the high EDVs associated
with low vehicle miles traveled. Possible explanations for this
included economically disadvantaged areas having limited
access to healthcare and lower insulation from pollution, as
well as reduced urban infrastructure leading to direct exposure
to pollutants (8,9).

Finally, the similarity between the SHAP beeswarm plots
for the XGBoost and RFR models further validated the
robustness of the findings, demonstrating that the results were
not dependent on the specific machine learning algorithm
employed. We also observed discrepancies in the feature
importance rankings shown in the SHAP beeswarm plots.
While air quality consistently ranked lowest in importance,
the RFR model ranked Vehicle_Miles and Surf_Temp higher
than green space features. However, due to the overfitting
tendencies of RFR, we placed greater emphasis on the
XGBoost results and maintained our conclusion that green
space was the most important contributor to EDVs prediction
(28).

While this study focused specifically on environmental
predictors of asthma-related EDVs rates, we acknowledge
that many other relevant factors influence asthma outcomes.
Variables such as housing conditions, indoor air quality,
access to healthcare, socioeconomic status, and individual
behavioral factors were well-documented contributors to
asthma prevalence and severity (9). These features were
not included in this analysis because our primary objective
was to investigate the role of environmental variables. We
recommended that future research explore these additional
dimensions to build a more comprehensive understanding
of asthma risk, particularly in studies aiming to model health
outcomes across different population groups or geographic
contexts.

Our findings highlighted that GCTA were all meaningful
factors influencing asthma prevalence, thereby providing
critical insights for urban planning initiatives. These insights
could inform strategies such as optimizing the design of
parks and green spaces and enhancing public transportation
systems to improve environmental health. Additionally, this
study uncovered the intricate and interdependent relationships
between green space, climate, and traffic, revealing their
collective influence on asthma prevalence. Future research
should delve deeper into these interactions to uncover more
nuanced relationships among the four studied categories.

The findings from this study, based on environmental
and health data from New York City, are likely applicable to
other large urban centers with comparable infrastructural
complexity, population density, and environmental stressors.
Cities such as Toronto may exhibit similar relationships
between green space, traffic-related air pollution, and asthma-
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Figure 5: Correlation matrix data from the nine originally
selected features. The graph is showing the correlation coefficients
between nine features sourced from datasets of NYC.gov public
repositories (13-18). The correlation coefficients were calculated
to show how strongly two features are related. A value close to 1
means they increase together, close to -1 means one increases
while the other decreases, and around 0 means there is little or no
relationship. The x-axis and y-axis represented the nine features
originally selected for this study, and each cell at the intersection
of two features showed their correlation coefficient. The color bar
on the right indicated the gradient scale of correlation strength, with
tan representing positive correlation, black representing negative
correlation, and purple indicating little or no correlation.

related EDVs (6). However, generalizing these findings to
rural or less densely populated areas requires caution. The
structure and distribution of environmental exposures differ in
these contexts, potentially altering the relative importance of
predictors.

MATERIALS AND METHODS
Data Sources

The datasets used in this study were sourced from publicly
available repositories on NYC.gov (13—18). These datasets
were organized geographically according to the United
Hospital Fund (UHF) neighborhoods, which were defined by
ZIP code-based boundaries. There are 42 UHF regions across
New York City. Data were collected over a 10-year period from
2014 to 2023, resulting in a total of 420 data entries. The
environmental variables included vegetative cover, defined as
the percentage of land covered by plants, and tree canopy
cover, which measured the percentage of a neighborhood
shaded by trees (13,14). Climate data consisted of daytime
summer surface temperatures in degrees Fahrenheit (15).
Air quality variables included levels of PM measured in
micrograms per cubic meter, and concentrations of NO, and
O,, both measured in parts per billion (16). Traffic data included
vehicle miles traveled, car miles traveled, and truck miles
traveled, each measured in millions of miles per square mile
(17). The outcome variable, asthma-related EDVs per 10,000
people, was log-transformed to normalize the distribution
(18). In cases where data for a specific year was unavailable,
values from the closest available year were used to complete
the dataset.

https://doi.org/10.59720/25-031

Preprocessing

Initially, nine features were selected including car miles
traveled (Car_Miles) (17). A correlation matrix was computed
for these nine features (Figure 5). From the correlation matrix,
a strong correlation between Vehicle_Miles and Car_Miles
was observed, leading to the exclusion of Car_Miles from
further analysis. To analyze each feature’s contribution and
validate the feature selection, feature importance scores were
calculated and experiments were conducted by removing
features from the prediction model.

Hyperparameter tuning

After preprocessing, the next step was to select
hyperparameters and define their ranges for tuning.
Considering the computational intensity of Grid Search, it was
essential to narrow down the hyperparameter space before
performing a comprehensive search. To accomplish this, a
preliminary search process was conducted by isolating the
effect of each hyperparameter. This was done by holding all
other parameters at their default values while varying one
parameter at a time. For example, for the RFR model, all other
hyperparameters were set to their default values and only
the number of estimators was varied. The default values for
other hyperparameters were: max_depth was unlimited, max_
features was 8, and min_samples_split was 2. Metrics such as
MSE and R? were used to evaluate predictive accuracy. MSE
was calculated as the average of the squared differences
between the predicted and actual values, providing a measure
of the model’s error magnitude. R? was computed to quantify
the proportion of variance in the observed data explained by
the model, The MSE results showed that performance peaked
at 30 and then declined slightly (Figure 6). Based on these
results, the range for the Grid Search was selected as [10, 15,
20, 25, 30, 35, 40, 45].

In this study, hyperparameter tuning involved Grid Search
and cross-validation. The dataset was randomly partitioned into
training and test datasets using an 80/20 split ratio to ensure
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Mean Squared Error

0.085 1 b
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T T
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Figure 6: Effect of changing number of estimators in the RFR
model. The graph is showing the MSE of predicted asthma-related
emergency department visits (EDVs) using the RFR model when the
number of estimators was changing and all other hyperparameters
were set to default value. The default values were: max_depth was
unlimited, max_features was 8, and min_samples_split was 2.
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a balanced and representative sample. The training dataset
was further divided into five equal subsets for cross-validation.
During the tuning process, Grid Search was performed over
the hyperparameter space on each fold of the training data,
and the performance metrics obtained from each fold were
averaged to determine the optimal set of hyperparameters.
This method provided a robust approach to assessing model
performance while reducing the risk of overfitting or bias from
a single train-test spilit.

Model training

Next, each model was trained using the optimal set of
hyperparameters determined in the previous step. Once the
models were trained, their performance was evaluated on
the test dataset to show generalizability and accuracy. The
feature importance scores were calculated again using the
highest-performing model, XGBoost. These scores served
as the foundation for analyzing which factors were the most
significant contributors to the prediction results.

Explainable Al

Finally, based on the performance results, XGBoost and
RFR were selected for further analysis of feature contributions
using explainable Al techniques. SHAP beeswarm plots were
generated to provide insights into the contribution of each
feature.

The python packages used for this study were sklearn
(scikit-learn), extreme gradient boosting python package, and
shap python package.
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