
Academic Editors: Mihalopoulos

Nikolaos, Aristomenis Karageorgis,

Manolis Plionis, Anastasios I. Stamou

and Dimitrios Melas

Received: 29 January 2025

Revised: 5 March 2025

Accepted: 9 March 2025

Published: 12 March 2025

Citation: Psistaki, K.; Richardson, D.;

Achilleos, S.; Roantree, M.;

Paschalidou, A.K. Assessing the

Impact of Climatic Factors and Air

Pollutants on Cardiovascular Mortality

in the Eastern Mediterranean Using

Machine Learning Models. Atmosphere

2025, 16, 325. https://doi.org/

10.3390/atmos16030325

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Assessing the Impact of Climatic Factors and Air Pollutants on
Cardiovascular Mortality in the Eastern Mediterranean Using
Machine Learning Models
Kyriaki Psistaki 1,†, Damhan Richardson 2,† , Souzana Achilleos 3 , Mark Roantree 4

and Anastasia K. Paschalidou 1,*

1 Department of Forestry and Management of the Environment and Natural Resources, Democritus University
of Thrace, 68200 Orestiada, Greece; kpsistak@fmenr.duth.gr

2 Insight Centre for Data Analytics, Dublin City University, D09 V209 Dublin, Ireland;
damhan.richardson@dcu.ie

3 Department of Primary Care and Population Health, University of Nicosia Medical School,
2414 Nicosia, Cyprus; achilleos.s@unic.ac.cy

4 School of Computing, Dublin City University, D09 V209 Dublin, Ireland; mark.roantree@dcu.ie
* Correspondence: apascha@fmenr.duth.gr
† These authors contributed equally to this work.

Abstract: Cardiovascular diseases are the most common cause of death worldwide, with at-
mospheric pollution, and primarily particulate matter, standing out as the most hazardous
environmental factor. To explore the exposure–response curves, traditional epidemiological
studies rely on generalised additive or linear models and numerous works have demon-
strated the relative risk and the attributable fraction of mortality/morbidity associated
with exposure to increased levels of particulate matter. An alternative, probably more
effective, procedure to address the above issue is using machine learning models, which
are flexible and often outperform traditional methods due to their ability to handle both
structured and unstructured data, as well as having the capacity to capture non-linear,
complex associations and interactions between multiple variables. This study uses five ad-
vanced machine learning techniques to examine the contribution of several climatic factors
and air pollutants to cardiovascular mortality in the Eastern Mediterranean region, focus-
ing on Thessaloniki, Greece, and Limassol, Cyprus, covering the periods 1999–2016 and
2005–2019, respectively. Our findings highlight that temperature fluctuations and major
air pollutants significantly affect cardiovascular mortality and confirm the higher health
impact of temperature and finer particles. The lag analysis performed suggests a delayed
effect of temperature and air pollution, showing a temporal delay in health effects following
exposure to air pollution and climatic fluctuations, while the seasonal analysis suggests
that environmental factors may explain greater variability in cardiovascular mortality
during the warm season. Overall, it was concluded that both air quality improvements and
adaptive measures to temperature extremes are critical for mitigating cardiovascular risks
in the Eastern Mediterranean.

Keywords: particulate matter; PM2.5; PM10; nitrogen dioxide; NO2; temperature; regression
models; ensemble models; feature importance

1. Introduction
Cardiovascular diseases (CVDs), primarily ischemic heart disease and stroke, are the

most common cause of death worldwide, accounting for more than 30% of annual global
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mortality [1]. It is noteworthy that in 2019, 18.5 million deaths globally were attributed to
CVDs, 33% of which occurred among adults between 30 and 70 years old [2]. Although
global CVD death rates have followed a descending trend over the past three decades, in
recent years this reduction has slowed down, or even reversed in many regions, highlighting
the need to enhance prevention measures [1–3].

Among the leading risk factors for CVD morbidity and mortality, air pollution stands
out as the most hazardous environmental factor [4]. A large body of literature has asso-
ciated both short- and long-term exposure to air pollution with increased mortality from
a wide range of causes, e.g., refs. [5–11]. In urban environments, where air pollution levels
are typically high, traffic-related emissions can lead to respiratory diseases (e.g., respiratory
tuberculosis, malignant neoplasm of the trachea, bronchus, and lung, pneumonia, chronic
lower respiratory diseases, and other acute lower respiratory infections), and CVD and
cerebrovascular diseases (e.g., ischemic heart diseases, pulmonary embolism, cerebrovas-
cular diseases), as well as metabolic disorders such as diabetes mellitus [12]. Overall, the
severity of adverse outcomes depends on various factors, including individual character-
istics, such as age, preexisting health conditions, body mass index, sex, smoking status,
and socio-economic background, the nature of the atmospheric pollutant, as well as the
duration and dose of exposure [8].

One of the most harmful atmospheric pollutants is particulate matter with an aerody-
namic diameter of ≤2.5 µm (PM2.5), which ranks among the five most critical health risk
factors globally [13]. Over the past thirty years, the impact of ambient PM2.5 on the burden
of CVD has grown, causing 2.48 million premature deaths and a loss of 60.91 million healthy
life-years due to CVD-related premature mortality, diseases, and disabilities (disability-
adjusted life years (DALYs)) globally in 2019 [14]. Despite international agencies, such as
the World Health Organization (WHO), having recommended guidelines for air pollution
levels, and many regions worldwide having implemented legislation to improve air quality,
e.g., refs. [15,16], approximately 99% of the global population is exposed to levels above
the WHO recommendations, particularly in low- and middle-income countries [17].

In addition to air pollution, temperatures exceeding human thermal comfort limits,
referred to as non-optimum temperatures, represent another important environmental risk
factor for CVD mortality [4]. Although humans can adapt to their thermal environment
through cultural, behavioural, and physiological mechanisms, exposure to non-optimum
temperatures can strain the cardiovascular system [18]. In 2021, non-optimum tempera-
tures were responsible for 1.17 million CVD deaths globally, with the heat-related impacts
being particularly severe in Eastern Europe and the cold-related impacts dominating in sub-
Saharan Africa [4]. Given the threats posed by a constantly warming climate, the devastat-
ing health impacts of high temperatures and heatwaves have been well established [19,20].
In this context, and considering that urban populations experience higher temperatures
than those living in non-urban areas due to the urban heat island phenomenon, some
studies have compared heat-related effects between urban and non-urban areas. However,
the findings remain inconsistent. While there is evidence that high urbanisation levels are
associated with increased risk of mortality, according to some studies, populations in sub-
urban areas are more vulnerable to heat effects, highlighting differences in air conditioning
usage, healthcare access, socioeconomic status, and population age distribution as possible
determinants [21].

Furthermore, along with temperature, other meteorological parameters, such as hu-
midity and wind speed, also affect thermal comfort [22–24] and potentially human health.
Evidence suggests that these meteorological parameters, either individually or in combina-
tion with temperature, can increase the CVD risk and mortality [25–28].
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Traditionally, epidemiological studies aiming to explore the acute impact of thermal
stress and air pollution on public health have applied regression models to provide es-
timates of the relative risk and burden of mortality, e.g., refs. [5,11,29–37]. On the other
hand, several studies have used machine learning (ML) to investigate the health impacts of
environmental factors, and specifically to identify key predictors of mortality or morbidity,
and sometimes to evaluate the most effective models for describing exposure-response
relationships, e.g., refs. [38–46]. The advantages of the latter approach are that ML models
are flexible and often outperform traditional methods due to their ability to handle both
structured and unstructured data, as well as their capacity to capture non-linear, complex
associations and interactions between multiple variables. Results provided by this kind of
study can help local authorities and healthcare professionals to develop effective prevention
strategies, improve early warning systems, and reduce the impact of environmental factors
and climate change on public health and the economy.

Climate change is expected to exacerbate the health risks associated with air pollu-
tion and non-optimum temperatures in the future. By the end of the century, mortality
attributed to air pollution is projected to increase approximately fivefold globally, from
4061 (95% CI: 2493–6188) thousand in 2000 to 19,539 (95% CI: 11,373–31,280) thousand in
2090, according to the medium climate scenario SSP2-4.5. Similarly, mortality due to non-
optimum temperature is projected to increase approximately sevenfold, from 1593 (95% CI:
582–2832) thousand in 2000 to 10,777 (95% CI: 2223–21,845) thousand in 2090 [47]. However,
considering the potential synergistic effects between air pollution and temperature, the
overall health impact could be even greater. Although inconsistent among different studies,
there is evidence suggesting that high levels of air pollution can exacerbate temperature-
related health effects, particularly those associated with heat exposure [48–52].

The Eastern Mediterranean (EM) region is a prominent climate change hotspot, ex-
periencing a pronounced decline in precipitation and high warming rates that exceed the
global average, particularly during the summer [53,54]. Projections indicate that these
trends are expected to persist throughout the century, along with a substantial increase in
the duration, frequency, and intensity of heatwaves [54,55]. Additionally, the EM, located
at the crossroads of three continents, is affected by air pollution emissions from continental
Europe and Asia, as well as dust storms from the African and Arabian deserts. Furthermore,
its geographic location along with its climate, which promotes the formation of secondary
pollutants through photochemical processes, favours the accumulation of air pollution, and
often results in poor air quality [56,57].

Previous studies in the region have demonstrated the adverse impact of air
pollution and thermal stress, separately, on public health through using time-series
approaches [29,34–37,58,59]. However, non-linear, complex associations and interactions
between multiple variables usually strain traditional studies. To overcome such shortcom-
ings, this study uses ML models to identify the best-performing model for predicting CVD
mortality and the most influential environmental factors on CVD mortality in two typical
EM environments: Thessaloniki, in Northern Greece; and Limassol, in Cyprus (Figure 1). In
order to ensure that a sufficiently robust study is conducted, we adopt a similar approach
to [60], where a range of ML functions are evaluated using multiple metrics together with
a feature importance study. To the best of our knowledge, this is the first study to address
these issues in Greece and Cyprus. It is expected that this analysis can improve forecasting
methods in epidemiological research and may become the basis for future, even more
detailed, studies, with the inclusion of additional social and demographic factors.
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Figure 1. A map of the Eastern Mediterranean coastal region, with Thessaloniki, Greece, and Limassol,
Cyprus, labelled.

2. Materials and Methods
2.1. Data Collection

Daily cardiovascular (ICD10 I00-I99) mortality data were collected from two sources:
the Hellenic Statistical Authority in Greece, covering the period from January 1999 to
December 2016; and the Health Monitoring Unit of the Ministry of Health in Cyprus, from
January 2005 to December 2019. The mortality data focused on residents of Thessaloniki
and Limassol, respectively. Environmental data on air pollutant concentrations were ob-
tained from the Atmospheric Pollution Control Stations of the Municipality of Thessaloniki
in Greece, and the Air Quality and Strategic Planning Section, Department of Labour
Inspection, Ministry of Labour and Social Insurance in Cyprus. In Thessaloniki, the data
were collected from three stations (two urban-traffic stations and one urban-background
station) and were averaged across the three stations (Figure S1, Table S1). These stations
provided daily averages of particulates (PM2.5, in µg/m3, and particulate matter with diam-
eter ≤ 10 µm, PM10, in µg/m3), as well as hourly measurements of ozone (O3, in µg/m3),
sulphur dioxide (SO2, in µg/m3), nitrogen oxide (NO, in µg/m3), nitrogen dioxide (NO2,
in µg/m3), and carbon monoxide (CO, in µg/m3). In Limassol, data for the same pollutants
were collected from one urban-traffic station, with PM2.5 data sourced from a residential
station (Figure S1, Table S1). For both locations, 24 h average pollutant concentrations
were calculated for days with at least 12 hourly observations. PM10 data were available
for the entire study period for each city. However, PM2.5 data availability varied, with
Thessaloniki’s records beginning on 30 June 2004 and Limassol’s records beginning on
8 January 2009. Meteorological data, including daily mean temperature (Temp, in ◦C)) and
relative humidity (RH, in %), were obtained from the Municipality of Thessaloniki and the
Cyprus Department of Meteorology (Table S1). The dataset for Thessaloniki also contained
wind speed values (ws, in m/s). It is noted that ws values were not used for Limassol
due to low temporal coverage. A full description of the data and data manipulation can
be found in Psistaki et al. [35], and summary statistics of the variables can be found in
Table S2.
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2.2. Feature Selection

The analyses were performed on trimmed versions of the datasets in order to mitigate
the effect of outliers, i.e., the highest and lowest 5% of PM2.5 and PM10 data were excluded
symmetrically from both tails of the distribution to avoid the effect of outlying values on
the estimates [30]. The Pearson correlation coefficient (r) was calculated pairwise for each
variable in the feature sets and interpreted based on the following threshold: values greater
than 0.8 (r > 0.8) were considered to be a very strong positive correlation and values of
r < −0.8 were classified as a very strong negative correlation.

NO2 and NO had a very strong correlation (0.82), and so NO2 was chosen to remain
due to it having a lower correlation with O3 (0.76) compared to NO with O3 (0.86). The
very strong correlation between PM10 and PM2.5 (0.83) was the motivation behind having
separate models for both PM10 and PM2.5. In the end, 10 variables (i.e., temp, RH, ws,
PM2.5/PM10, O3, NO2, SO2, CO, year, weekday) were used to explain the daily CVD
mortality in Thessaloniki, using data across 3937 days for the PM2.5 model and 5137 days
for the PM10 model, respectively. Similarly, CVD mortality in Limassol was explained
using 9 variables (i.e., temp, RH, PM2.5/PM10, O3, NO2, SO2, CO, year, weekday) across
3184 days for the PM2.5 model and 3920 days for the PM10 model.

2.3. CVD Mortality Modelling

To develop predictive models for daily cardiovascular mortality in Thessaloniki and
Limassol, five different tree-based ML models were used, namely, DecisionTreeRegres-
sor (DT), along with the ensemble tree-based learners RandomForestRegressor (RF), Ex-
traTreesRegressor (ET), and AdaBoostRegressor (AB) from the scikit-learn python ML
library [61], and XGBRegressor from the XGBoost library [62]. Ensemble learning, used in
the latter four models, is an ML technique where multiple models are combined to improve
the predictive performance of the overall model. Each of the four ensemble models com-
bined multiple decision trees in different ways and as a result gained increased robustness
against noisy data and outliers, improved predictive accuracy, and better generalisation.
For the ML models employed in this study, it was not necessary to normalise the input
variables, as this process was previously shown in [63,64] to have little effect on overall
predictive performance. This decision is further supported by our discussion on the impor-
tance of variables, where those with higher ranges demonstrated no noticeable advantage.
Ten-fold cross-validation was used on a rolling basis to preserve the temporal order of the
data due to its time-series nature. Cross-validation is a commonly used method in ML, used
‘to assess the generalisation ability of a predictive model and to prevent overfitting’ [65]. In
10-fold cross-validation, the data are split into 10 subsets, each known as a ‘fold’. The model
is then trained and tested in 10 iterations, alternating which folds are used for training and
which for testing the model. After completing all 10 iterations, the performance metrics
for each iteration are averaged to provide a more reliable measure of the way in which
the model generalises to new data. In the context of our study, 10-fold cross-validation
was implemented using the TimeSeriesSplit function from scikit-learn [61]. This function is
a specialised cross-validation method suitable for time-series data, as it ensures that the
temporal ordering of observations is preserved. This maintains the sequential nature of the
data, by only predicting future data using past data.

Initially, forecasts were conducted on the original data and then the predictions
were repeated on data where the PM10 and PM2.5 features were lagged, across lags of
1, 2, and 3 days. Given four lag intervals (0–3 days) and two particulate matter granularities
(2.5 and 10), this produced 8 datasets for each city. Training the aforementioned models on
each of these datasets resulted in a total of 40 sets of results for each city. This approach
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was undertaken to investigate the potential impact of delayed effects of particulate matter
exposure on the prediction of mortality rates.

Our study also examined the impact of seasonality, developing distinct models for
the warm (May to October) and cold (November to April) months using a lag of 0 days.
This facilitated a comparative analysis of the predictive performance previously discussed
along with an examination of how seasonality influenced feature importance, as discussed
below. The four datasets derived for each city were used to train the five aforementioned
models, resulting in 20 sets of results for each city. It is noted that our seasonal analysis
was restricted to a lag of 0 days to provide some insight into the way seasonality influences
feature importance and the predictive performance of our model. In order to keep our
results and discussion concise, we chose to omit the full 0-to-3-day lag analysis.

2.4. Evaluation Metrics and Feature Importance

In this study, two quantitative evaluation metrics were used to facilitate comparative
analysis across models and across different lag intervals: mean absolute error (MAE),
and root mean squared error (RMSE). For each city, the model which had the smallest
cross-validated RMSE and MAE scores was chosen as the ‘best performing’ model.

While determining optimal predictive performance is a general goal of ML, under-
standing which variables are important in predicting the outcome is also necessary for
a greater understanding. Feature importance produces a score which enables the ranking
of features from largest to smallest contribution to the model’s overall predictive power.
Some of the ML models used in this study such as RF have been shown in the past to suffer
significantly from the presence of superfluous features [66]. Alternatively, the discovery of
highly relevant features is equally important, enabling a drill down in terms of a model’s
interpretability. In our study, the best-performing model for each city was used for feature
importance analysis. These metrics were computed and subsequently normalised so that
their total sum was equal to one. They were then plotted using matplotlib, a python
library used for visualisations [67]. Plotting each feature’s importance allows for an easier
indication of the scale of difference in importance between each feature. For this study, the
feature importance was examined for each lag, each particulate matter granularity, and for
each of our seasonal models.

3. Results
3.1. Comparison of PM2.5 and PM10 Models Across Lags

Tables 1 and 2 present the performance metrics for Thessaloniki and Limassol across
PM2.5 and PM10, from zero to three lag days, for each of the different ML models.

For Thessaloniki, both the PM2.5 and PM10 models obtained the best performance with
the AB model. Limassol found the best performance under the RF model. For both cities,
this was the case for both MAE and RMSE values. AB for Thessaloniki and RF for Limassol
generally had lower RMSE values for their PM2.5 models compared to their PM10 models,
with a limited number of exceptions. The same held true for MAE, where the PM2.5 models
generally exhibited lower MAE values than their respective PM10 models, with a limited
number of exceptions.

When considering RMSE scores across each of the lags, Thessaloniki’s AB model had
the best RMSE at a 3-day lag for PM2.5 and a 2-day lag for PM10. Similarly, Limassol’s RF
model had the best RMSE at a 3-day lag for PM2.5 and at a 2-day lag for PM10.
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Table 1. Performance comparison of ML models for Thessaloniki across lag 0-lag 3 for PM2.5 and
PM10. ML models are AdaBoostRegressor (AB), DecisionTreeRegressor (DT), ExtraTreesRegressor
(ET), RandomForestRegressor (RF), and XGBRegressor (XGB). A bold value represents the best
result, indicated by the lowest mean absolute error (MAE) and root mean squared error (RMSE).
An underlined value indicates that value is the best across all lags.

Thessaloniki PM2.5

MAE 0 MAE 1 MAE 2 MAE 3 RMSE 0 RMSE 1 RMSE 2 RMSE 3

AB 2.851 2.837 2.837 2.825 3.589 3.572 3.568 3.558

DT 4.061 4.157 4.108 4.226 5.145 5.214 5.200 5.368

ET 2.869 2.862 2.866 2.864 3.628 3.615 3.617 3.620

RF 2.875 2.852 2.842 2.857 3.626 3.609 3.593 3.609

XGB 3.180 3.112 3.116 3.093 4.007 3.928 3.939 3.916

Thessaloniki PM10

AB 2.833 2.849 2.834 2.862 3.576 3.582 3.575 3.592

DT 4.125 4.176 4.149 4.129 5.199 5.275 5.217 5.240

ET 2.892 2.897 2.882 2.908 3.646 3.646 3.629 3.648

RF 2.872 2.882 2.853 2.872 3.626 3.629 3.596 3.611

XGB 3.178 3.168 3.141 3.179 4.011 3.983 3.944 3.990

Table 2. Performance comparison of ML models for Limassol across lag 0-lag 3 for PM2.5 and
PM10. ML models are AdaBoostRegressor (AB), DecisionTreeRegressor (DT), ExtraTreesRegressor
(ET), RandomForestRegressor (RF), and XGBRegressor (XGB). A bold value represents the best
result, indicated by the lowest mean absolute error (MAE) and root mean squared Error (RMSE).
An underlined value indicates that value is the best across all lags.

Limassol PM2.5

MAE 0 MAE 2 MAE 1 MAE 3 RMSE 0 RMSE 1 RMSE 2 RMSE 3

AB 1.070 1.110 1.056 1.071 1.307 1.357 1.290 1.306

DT 1.372 1.382 1.406 1.395 1.809 1.825 1.848 1.808

ET 1.042 1.047 1.039 1.031 1.307 1.321 1.294 1.283

RF 1.027 1.032 1.028 1.020 1.286 1.299 1.282 1.276

XGB 1.125 1.099 1.110 1.119 1.416 1.404 1.398 1.410

Limassol PM10

AB 1.142 1.133 1.090 1.093 1.385 1.375 1.330 1.335

DT 1.406 1.405 1.412 1.414 1.863 1.855 1.849 1.833

ET 1.050 1.041 1.038 1.037 1.318 1.304 1.296 1.291

RF 1.043 1.038 1.031 1.032 1.304 1.294 1.284 1.285

XGB 1.141 1.125 1.121 1.132 1.440 1.421 1.414 1.420

3.2. Seasonal Analysis of Model Performance

Tables 3 and 4 present the performance metrics for Thessaloniki and Limassol for
models fitted separately for the warm and cold months at a lag of 0 days.

Congruent to the non-seasonal models, AB displayed the best performance for Thessa-
loniki for both the PM2.5- and PM10-trained models. Limassol saw RF as the best model
again, but only during the warm season-trained models. The cold season PM2.5 and PM10
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models instead performed better using the ET model. However, RF in the warm season
models performed better than ET did for the cold season models. This trend of better
performance from warm season models held true for both cities and both PM2.5- and
PM10-trained models, with the limited exception of Limassol’s PM2.5 DT model.

Table 3. Comparison of performance between the warm and cold seasons in Thessaloniki, at 0-day
lag. ML models are AdaBoostRegressor (AB), DecisionTreeRegressor (DT), ExtraTreesRegressor (ET),
RandomForestRegressor (RF), and XGBRegressor (XGB). A bold value indicates the best model, while
an underlined value indicates that value is the best for both seasons.

Thessaloniki PM2.5

MAE Warm MAE Cold RMSE Warm RMSE Cold

AB 2.786 2.955 3.492 3.691

DT 3.934 4.457 4.952 5.558

ET 2.863 3.023 3.587 3.809

RF 2.836 2.957 3.557 3.716

XGB 3.100 3.408 3.922 4.254

Thessaloniki PM10

AB 2.761 2.954 3.461 3.724

DT 3.855 4.345 4.890 5.468

ET 2.839 3.021 3.548 3.801

RF 2.776 2.972 3.482 3.743

XGB 3.060 3.297 3.843 4.179

Table 4. Comparison of performance between the warm and cold seasons in Limassol, at 0-day lag.
ML models are AdaBoostRegressor (AB), DecisionTreeRegressor (DT), ExtraTreesRegressor (ET),
RandomForestRegressor (RF), and XGBRegressor (XGB). A bold value indicates the best model, while
an underlined value indicates that value is the best for both seasons.

Limassol PM2.5

MAE Warm MAE Cold RMSE Warm RMSE Cold

AB 1.066 1.145 1.280 1.432

DT 1.475 1.459 1.876 1.910

ET 1.029 1.130 1.271 1.418

RF 0.998 1.105 1.231 1.390

XGB 1.083 1.192 1.344 1.506

Limassol PM10

AB 1.018 1.173 1.221 1.455

DT 1.347 1.559 1.738 2.056

ET 0.999 1.129 1.239 1.428

RF 0.981 1.134 1.218 1.430

XGB 1.064 1.242 1.337 1.577

When comparing seasonal models with mixed seasonal models, the warm season
models in Thessaloniki performed better, while the cold season models performed worse
than the mixed season models. The same held true for Limassol for both warm and cold
season models. This can be seen in Tables 3 and 4, where in the case of Thessaloniki, MAE
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was 5.7% lower for the PM2.5 warm model and 5.4% lower for its RMSE. The Thessaloniki
PM10 model saw a 6.5% and 7.1% lower MAE and RMSE, respectively. The same can be
seen in Limassol, where MAE and RMSE were 9.7% and 11.4% lower for its PM2.5 model
and 13.5% and 14.8% for its PM10 model, respectively.

3.3. Feature Importance
3.3.1. Comparison Across Lags

In Figures 2 and 3, the feature importance is compared across the PM2.5 and PM10

models at a lag of 0 for Thessaloniki and Limassol, respectively. Bar charts illustrating the
change in importance of PM2.5 and PM10 as a feature across the increasing lags are shown
in Figures 4 and 5 for Thessaloniki and Limassol, respectively.

Temperature was the most important feature by a significant margin, for both partic-
ulate matter granularities for both cities. Temperature exceeded the remaining features
in importance by a larger margin in Thessaloniki’s AB models compared to Limassol’s
RF models.
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The three most important features for each city were the same when separated by
particulate matter granularity, despite each city having different best-performing models
(AB in Thessaloniki and RF in Limassol). The PM2.5 models for both cities saw temperature,
SO2, and PM2.5 as their most important features, while the PM10 models for both cities saw
temperature, NO2, and PM10 as most important instead. The lowest individual relative
importance was seen in the ‘weekday’ and ‘year’ variables, which yielded the lowest
importance across every model in each city by a considerable margin. Specifically, in
Figures 2 and 3, weekday had a mean importance of 0.039 and year had a mean importance
of 0.033, compared to the mean importance of features excluding weekday and year, which
was 0.127.

The change in the particulate matter variable’s feature importance across lags varied
by city. Thessaloniki’s AB models saw variable changes in feature importance across lags
for PM2.5 and PM10. While PM2.5′s importance plummeted for a lag of 1 day and slightly
recovered for the higher lags, PM10′s importance spiked at a lag of 1 day, before slowly
tapering off for the remaining two lags.
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Comparatively, Limassol’s RF models saw a minor change in the feature importance
of PM2.5 or PM10 across lags. PM2.5 saw its highest importance at a lag of 1 day, but only
slightly, whereas PM10 saw its highest importance at a lag of 2 days; however, this was
an almost negligible increase. It is noted that although models may have performed better
at longer lags, this was not necessarily always linked to a linear increase in their importance,
as other predictive variables saw some greater importance at longer lags. The full variable
set of importance graphs across lags are illustrated in Figures S2–S5.

3.3.2. Seasonality

Figures 6–9 provide comparisons of feature importance for the seasonal models of
Thessaloniki and Limassol.

The separation of the PM2.5 and PM10 models into distinct warm season and cold
season variants resulted in seeing a large decrease in temperature’s relative importance
as a predictor variable, in comparison to the mixed seasonal models. The PM2.5 and
PM10 models for Thessaloniki, as well as the PM2.5 models for Limassol, demonstrated
a heightened relative importance of their respective particulate matter variable in the cold
season models compared to the warm season models, with the exception of Limassol’s
PM10 model, which deviated from this trend. The lowest individual relative importance
was seen in the ‘weekday’ and ‘year’ variables, which consistently yielded the lowest
importance across every model in each city by a considerable margin. Specifically, in
Figures 6–9, weekday showed a mean importance of 0.044 and year had a mean importance
of 0.031 compared to the remaining features’ mean of 0.123.
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4. Discussion
The present study examined the contribution of several climatic factors and air pol-

lutants to CVD mortality in the Eastern Mediterranean, focusing on Thessaloniki, Greece
(1999–2016), and Limassol, Cyprus (2005–2019), using advanced ML models. Our findings
highlighted that temperature fluctuations and major air pollutants, particularly SO2, NO2,
and particulate matter, significantly affect CVD mortality.

In Thessaloniki, the AB model demonstrated the highest predictive performance,
while RF performed best in Limassol, suggesting regional differences in data structure,
pollutants, or other relevant city and population characteristics, such as information about
the terrain, road networks, and emission sources, as well as age distribution, socioeconomic
status, and exposure behaviours of the population. In atmospheric pollution research,
ML is primarily used for source apportionment, air pollution forecasting/prediction, and
estimating exposure for health studies, rather than directly estimating the effect of air
pollution on health [68]. Therefore, comparing our model performance results with other
studies using ML to assess the influence of environmental factors on CVD mortality was
not feasible. However, in a study by Boudreault et al. [42], DT, RF, Gradient Boosting
Machine (GBM), Single- and Multi-Layer Perceptrons (SLPs and MLPs) and Long Short-
Term Memory (LSTM) were used to model the relationship between climatic variables and
air pollutants’ all-cause mortality in Montreal. Overall, the ensemble tree-based models
outperformed the neural networks, with the GBM showing the best performance. The
Light Gradient Boosting Machine (LightGBM) was also found to perform better compared
to the other five ML algorithms when applied to CVD admissions [40]. However, neural
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networks require significantly more data and are slower to build when compared to the
models used in our study.

Our models trained on PM2.5 data generally outperformed those trained on PM10 data,
supporting previous evidence on the greater health impact of finer particulate matter on
CVD mortality and morbidity [8,69]. The best performance scores for both cities occurred
at different lags, with peak performance at 2–3 lag days, suggesting a temporal delay in
health effects following exposure to air pollution and climatic fluctuations. This aligns
with previous studies showing a delayed effect of temperature and air pollution, with the
strongest impact between a lag of 0 and 4 days [30,59,70]. However, while our models
performed better at longer lags, this was not necessarily always linked to a linear increase
in importance, as other predictive variables may have still performed better at longer lags.

Temperature consistently emerged as the most important predictor across all models,
underscoring its central role in CVD mortality. Temperature was also found as the most
important variable among climatic and air pollutants variables for all-cause mortality in
Montreal, Canada [42], and in the USA [38], as well as for CVD admissions in Chengdu,
China [40]. In addition, temperature, atmospheric pressure, and CO constitute the most
influential factors for predicting CVD admissions in southern Italy [44,71]. Our findings
are consistent with studies showing that exposure to extreme hot and cold temperatures
is associated with a higher risk of mortality from cardiovascular conditions [72]. Extreme
temperatures affect CVD mortality through various physiological mechanisms. Heat expo-
sure causes increased skin blood flow and sweating, which can lead to volume depletion
and sympathetic activation, increasing heart rate and risk of ischemia. Conversely, cold
exposure induces vasoconstriction and increased blood pressure, which raises cardiac
oxygen demand and can lead to plaque rupture and myocardial infarction, particularly in
individuals with preexisting conditions.

Particles (PM2.5, PM10), SO2, and NO2 were also significant predictors, consistently
appearing among the top predictors. An umbrella review by de Bont et al. [8] concluded
that increased short-term exposure to PM2.5, PM10, and NOx was statistically significantly
associated with CVD mortality. Moreover, a large multi-city study found that short-term
exposure to SO2 was associated with an excess all-cause mortality fraction of 0.50% (95% em-
pirical CI: 0.42%, 0.57%) [73]. Recent studies have highlighted several mechanisms through
which air pollution impacts CVD, primarily involving oxidative stress, inflammation, auto-
nomic imbalance, and particle translocation [8]. These mechanisms can trigger secondary
pathways like endothelial dysfunction and epigenomic changes, contributing to CVD out-
comes such as arrhythmias, increased blood pressure, and atherosclerosis. The specific
pathways activated depend on the pollutant type, exposure dose, and duration, ultimately
affecting risks for events like heart attacks and strokes.

On the other hand, the lowest individual relative importance was seen in the ‘weekday’
and ‘year’ variables, probably suggesting that these variables might not explain much of
the variance in cardiovascular mortality outcomes, compared to other factors like specific
weather conditions or air pollution levels. However, while ‘weekday’ and ‘year’ did not
show high importance, temporal effects should not be disregarded outright, as weekday
and year have been widely shown to explain variability in mortality [74].

Regarding the seasonal analysis, a notable seasonal variation in model performance
and output was evident. In both cities, warm season models generally outperformed cold
season models, indicating that environmental factors may explain greater variability in
daily CVD mortality during the warm season compared to the cold season. This could be
because during warmer periods, weather conditions and pollutant levels can be in general
more stable, as shown by our data (Table S2), and predictable. This stability can enhance
model performance due to less variability, making it easier for ML algorithms to identify
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patterns linked to cardiovascular events. Additionally, another possible contributing factor
might be the higher exposure to air pollution during warm seasons, as people tend to spend
more time outdoors in warmer weather.

Temperature remained the most important predictor during the warm season but
was less significant in the cold season analysis in Thessaloniki. Specifically, temperature
and relative humidity were the two most important predictors for the warm season, while
particles and SO2 were key for the cold season. However, temperature was more important
as a predictor during the cold season for Limassol, being among the top two significant
factors. SO2, O3, and PM10 were the most important contributors for the warm season.
Previous analyses for Cyprus and other countries found that cold days had a higher impact
on mortality, including CVD mortality, than hot days, even after adjusting for air pollution.
This difference for Cyprus may be partially explained by adaptation measures, such as the
widespread use of domestic air-conditioning systems during hot days [59,72]. Additionally,
in Thessaloniki, SO2 appeared to be important during the cold season, probably suggesting
emissions from domestic heating systems, whereas in Limassol it appeared to contribute
significantly to CVD mortality throughout the year, suggesting different types of sources,
such as emissions from traffic, ports, industry, or other activities. Differences in the impact
of air pollution on mortality between the two locations have been observed before and
can be attributed to different air pollution sources, climatic conditions, and cultural and
behavioural habits of the populations between the two locations [35]. Moreover, despite
a decline in SO2 levels over the years in both cities, our analysis revealed that this pollutant
continues to have a strong impact on CVD mortality [75].

Our study has several strengths and limitations. We employed advanced ML models
capable of capturing complex non-linear relationships and interactions between environ-
mental variables and CVD mortality, using reliable environmental and mortality data
from national sources over extended periods, enhancing the robustness of the analysis.
Differentiating between warm and cold seasons allowed us to explore seasonal variability
in environmental impacts, adding depth to the analysis and enabling more specific public
health recommendations.

However, although comprehensive, the data were limited to specific urban areas
(Thessaloniki and Limassol), which may limit the generalisability of the findings to other
regions or rural settings within the Eastern Mediterranean. Even though ML cannot
fully generalise to entirely different locations and time periods, the findings from studies
such as this provide a good starting point for research involving the deployment of ML
models in other locations. Furthermore, the study did not incorporate city-specific features,
urban morphology, infrastructure characteristics, or socio-demographic variables such as
age, socioeconomic status, preexisting health conditions, and social habits, all of which
could affect individual susceptibility to environmental factors and model performance [12].
Similarly, while we were able to determine the best models for the climatic factors and
pollutants included in our study, data detailing certain characteristics of the terrain, the
emission sources, etc., were not included in our analysis. Future studies that examine
these characteristics may find that terrain, which leads to similar climatic variables and
pollutants, could benefit from using the most effective models from our study. Additionally,
although PM2.5 and PM10 are critically important pollutants, other atmospheric pollutants
with potential cardiovascular impacts, like volatile organic compounds, were not included
in the predictive models. Additionally, other climatic metrics, such as the heat index, and
minimum and maximum daily temperatures, could have increased model performance.

Nevertheless, the implications of these findings are profound, suggesting that both
air quality improvements and measures to adapt to temperature extremes are critical for
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mitigating CVD risks. Given the observed geographical differences, our study highlights
the need for region-specific public health strategies.

5. Conclusions
This study employed five advanced ML techniques to assess the impact of various

climatic factors and air pollutants on cardiovascular mortality in the Eastern Mediterranean
region, focusing on Thessaloniki, Greece (1999–2016), and Limassol, Cyprus (2005–2019).
Our findings emphasised that temperature fluctuations and major air pollutants signifi-
cantly influence cardiovascular mortality, confirming the heightened health risks associ-
ated with temperature variations and finer particulate matter. The lag analysis indicated
a delayed effect of temperature and air pollution, revealing a temporal delay in health im-
pacts following exposure. Additionally, the seasonal analysis suggested that environmental
factors contribute to greater variability in cardiovascular mortality during the warm season.

Although ML cannot generalise to entirely different locations and time periods, the
results presented here offer guidelines for building models with similar research goals in
other environments. Additionally, this work has shown that the adoption of either RF or
AB offers a solid starting point and that the introduction of a lag of 2–3 days improves the
predictive performance.

In general, this study underscores the necessity of tailored environmental health
strategies in the Eastern Mediterranean—a region vulnerable to both climate change and
transboundary pollution. Our application of ML models advances predictive analytics
in epidemiological research, potentially guiding public health policies and interventions.
Future research should integrate additional socio-demographic factors and refine models
to better account for intra- and inter-regional variability, with expanded data sources
enhancing model robustness and predictive accuracy. Finally, future work can include
more areas to represent urban and rural areas and other area-specific characteristics.
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1, 2 and 3 for the PM10 AB models in Thessaloniki; Figure S4: Feature importance across lags 1, 2 and
3 for the PM2.5 RF models in Limassol; Figure S5: Feature importance across lags 1, 2 and
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