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Rheumatoid arthritis (RA) flares contribute to progressive joint damage, disability, and
increased healthcare utilization, emphasizing the need for continued disease monitoring. The
influence of short- and long-term air pollution on RA activity remains inconclusive. This study
investigates three key areas: (1) temporal changes in weather conditions in Kuwait City, (2)
the association between CO: concentrations and RA activity in heavily polluted regions, and
(3) seasonal variations in RA activity linked to climate-related factors. Using IBM SPSS
(version 25), descriptive statistics were applied to patient demographics, CO: levels, and
seasonal meteorological indicators. Pearson correlation, lagged exposure analysis, moving
average models, and principal component analysis (PCA) were used to assess the relationship
between environmental variables, temperature, humidity, wind speed, and wind direction and
RA indices across five regions. Stepwise multiple linear regression was employed to identify
predictors of RA activity, including CO: and particulate matter (PM.s). Data from the Kuwait
registry for Rheumatic Disease (KRRD) include 850 patients enrolled between 2020 and 2022.
These patients accounted for 13,118 clinical visits over the three-year study period. The
analysis presented in this study is based on this patient cohort, selected for the completeness
and quality of their data. The results demonstrated statistically significant but generally weak
associations between environmental variables and RA disease indices. However, lagged
analysis revealed more consistent relationships at short-term delays, particularly 2-3 days
before the clinical assessment, while moving average models indicated that cumulative short-
term exposure provided more stable estimates compared to single-day exposure. PCA-based
models further improved interoperability by capturing combined environmental patterns rather
than isolated variables.

1. INTRODUCTION

1.1 General overview

gases and particulate matter, as well as solid or liquid particles
suspended in the air [2]. Natural events such as volcanic
eruptions, dust storms, and wildfires contribute to pollution
levels; however, human activities such as industrial

Rheumatoid arthritis (RA) is a multifaceted autoimmune
disorder characterized by chronic inflammation, progressive
joint damage, and long-term disability, often requiring
continuous medical care. In recent years, increasing attention
has been given to the potential association between air
pollution and RA disease activity. The health effects of both
short- and long-term exposure to air pollutants remain a
subject of ongoing debate and investigation [1]. Air pollution
refers to the presence of harmful substances in the atmosphere
that pose risks to human health, ecosystems, and overall well-
being. These pollutants, which may be natural or
anthropogenic in origin, exist in various forms, including
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production, vehicular emissions, power generation, and
agriculture are major sources of air contaminants [3, 4].
Kuwait’s geographic and climatic characteristics, marked by
an arid environment, limited vegetation cover, frequent dust
storms, rapid urbanization, and extensive oil-related industrial
activity, render the country especially vulnerable to poor air
quality. These conditions intensify the effects of
environmental pollution, particularly in densely populated and
industrial zones.

RA itself is a chronic autoimmune and inflammatory
condition wherein the immune system erroneously targets
healthy tissues, most commonly affecting the joints of the
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hands, wrists, and knees [5]. This immune response leads to
synovial inflammation, pain, joint deformity, and progressive
physical disability and may also involve systemic
complications affecting organs such as the lungs, heart, and
eyes [6]. As a significant global public health issue [7], RA's
etiology remains uncertain, though several risk factors such as
age, gender, smoking, genetics, family history, and obesity
have been consistently associated with increased disease
susceptibility [8].

Beyond the biological and genetic components,
environmental exposures, particularly air pollution, are
increasingly recognized as contributing to the development
and progression of RA. Research indicates that smoking and
occupational pollutants may promote lung inflammation and
the early formation of RA-related autoantibodies, even before
the onset of clinical symptoms [9]. The complications arising
from RA, including cardiovascular disease, osteoporosis, and
disability, can severely impact patients’ quality of life and
work capacity [10]. Therefore, current management strategies
emphasize early diagnosis, tight disease control, and treat-to-
target approaches to achieve remission and minimize long-
term damage [11], especially since uncontrolled RA is linked
to higher healthcare costs, increased disability, and reduced
quality of life [12].

1.2 Factors affecting rheumatoid arthritis

Environmental factors, especially air pollution, are believed
to significantly contribute to the development of autoimmune
diseases like RA. Evidence shows that smoking and
occupational exposure increase RA risk, potentially by
triggering lung inflammation and autoantibody production
before disecase onset [9]. Epidemiological studies and
experimental models support a link between air pollution and
RA, with diesel exhaust exposure shown to increase RA
severity in animals [13, 14]. Air pollution, mainly from fossil
fuel combustion, includes diverse harmful gases and particles
implicated in immune-related diseases [15, 16]. The scientific
community continues to debate its role in autoimmune
disorders, though industrialized areas consistently show
higher rates of cardiac, respiratory, and autoimmune
conditions [4, 9, 13].

1.3 Rheumatoid arthritis activity indexes

RA is a chronic autoimmune disorder affecting joints,
making accurate assessment of disease activity essential
(Figure 1). The Disease Activity Score 28 (DAS28) is a widely
used tool for this purpose [17]. It combines four components:
Tender Joint Count (TJC), Swollen Joint Count (SJC),
inflammatory markers (ESR or CRP), and the Patient Global
Assessment (PGA). These elements help classify RA activity
into remission, low, moderate, or high levels, guiding
treatment decisions and evaluating therapeutic outcomes.
DAS28 is also crucial in clinical trials for assessing new
interventions.

1.3.1 The Clinical Disease Activity Index

The Clinical Disease Activity Index (CDAI) is a valuable
tool in rheumatology for assessing disease activity in patients
with RA. This index employs a straightforward calculation
based on four clinical parameters. Notably, three of these
parameters, TJC, SJC, and PGA, are also used in the DAS2S.
The fourth parameter, the Physician Global Assessment
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(PhGA), requires the physician to rate the patient's disease
activity on a numerical scale ranging from 0, indicating the
best condition, to 10, indicating the worst condition [18].
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Figure 1. Schematic representation of the 28 joints included
in the Disease Activity Score 28 (DAS28) used to assess
disease

The formula for calculating CDAI is as follows:
CDAI = TJC + SJC + PGA + PhGA

The resulting CDAI score comprehensively measures
disease activity in RA. Generally, lower scores correspond to
lower disease activity, whereas higher scores reflect increased
disease activity.

1.3.2 The Simple Disease Activity Index

In addition to the CDAI, the Simple Disease Activity Index
(SDAI) serves as another tool for assessing disease activity in
patients with RA. The SDALI is slightly more comprehensive
than the CDAI, incorporating additional laboratory values.
Like the CDAI, the SDAI includes the same clinical
parameters: TJC, SJC, PGA, and PhGA. The C-reactive
protein (CRP) level (in mg/dL) and the erythrocyte
sedimentation rate (ESR) (in mm/hr) are two lab tests that
make the evaluation better.

The formula for calculating SDAI is:

SDAI = TJC + SJC + PGA + PhGA + CRP + ESR

Similar to the CDAI, lower SDAI scores typically indicate
lower disease activity, while higher scores suggest increased
disease activity. Specifically, the interpretation of SDAI scores
is as follows: an SDAI of less than 3.3 indicates remission,
scores up to 11 indicate low disease activity, scores between
11 and 26 indicate moderate disease activity, and scores
greater than 26 signify high disease activity. Furthermore, the
response to therapy is categorized as moderate if the SDAI
decreases by seven or more points and as major if the decrease
is 17 points or more.

2. CLIMATE CHANGE, AIR POLLUTION, AND
RHEUMATOID ARTHRITIS

PM, s refers to particulate matter with diameters of fewer
than 2.5 micrometers, posing considerable health risks,



including respiratory and cardiovascular ailments. A
declaration that PM,s levels are "2.9 times higher"
underscores a significant rise in pollution and the immediate
need for public health measures [19]. Robust strategies are
crucial for alleviating these health hazards and improving air
quality [20, 21]. Kuwait City is known for its heavy industrial
activity, which has resulted in significant air quality concerns.
The World Health Organization (WHO) has set a
recommended limit for 24-hour air quality guidelines, but the
current concentration of PM; s in the area is 2.9 times higher.
Kuwait's hot, arid climate and frequent dust storms, which
contribute to overall air quality degradation, worsen the
already poor air quality [22].

Although prior research highlights the link between air
pollution, weather conditions, and public health, few studies
have directly connected these environmental factors to RA
[23-26]. This study addresses that gap by examining (1) the
temporal variation of meteorological elements (temperature,
humidity, wind, CO:) in Kuwait City, (2) the correlation
between CO: levels and RA incidence in polluted areas, and
(3) seasonal changes in RA activity in relation to climate
dynamics.

Kuwait's PM> 5 levels exceed WHO standards by 2.9 times,
primarily due to industrial operations, traffic emissions, and
dust storms [17, 18, 22]. Kuwait City and Ali Sabah Al-Salem
have PMs levels nearly four times higher than U.S.
benchmarks, with SOz and NO: rising during winter and ozone
peaking in summer [18]. Climate change, driven by fossil fuel
CO: emissions, intensifies these trends and contributes to
ecosystem stress [24, 25, 27]. Environmental exposure to
pollutants such as ozone, NO2, PM o, and PM 5 is associated
with increased RA risk and higher mortality, according to
several meta-analyses [21, 28-32]. This study proposes a
cross-sectional and longitudinal approach to investigate the
link between pollution trends and RA cases, aiming to guide
public health interventions in Kuwait’s high-risk zones.

Pollution assessments across ten Kuwaiti locations revealed
that motor vehicles and the oil industry are the primary
contributors to NOz, benzene, SOz, and toluene emissions [18].
Seasonal atmospheric conditions like winter inversions
exacerbate pollutant accumulation. Alsaber et al. [17] reported
persistently high PM, s levels (2017-2019) in residential areas
near industrial sites, underscoring the urgent need for
mitigation policies.

2.1 Climate change fluctuations

This study examines the interplay between climate change,
air pollution, and public health, with a specific focus on
Kuwait. Climate change exacerbates air pollution, a mixture
of harmful substances from both natural and human-made
sources that frequently exceed national safety thresholds,
especially in industrial and traffic-heavy regions [19-21].
Previous studies in Kuwait have highlighted links between
environmental conditions and health outcomes, including RA
[23, 26].

Rising carbon dioxide levels, largely due to fossil fuel use,
have intensified global warming and the greenhouse effect [20,
22,24, 25]. The Global Carbon Budget 2022 reports a surge in
annual CO: emissions from 11 billion tons in the 1960s to 36.6
billion tons in 2022 [25]. Consequences include altered
precipitation, sea-level rise, and extreme weather events with
direct health implications [28]. Research shows that chronic
exposure to high CO: levels (> 400 ppm) may impair protein
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function [29, 30]. Kabir et al. [31] warned of environmental
degradation from industrial waste and emissions, which
undermine green infrastructure and long-term health
resilience. Additional studies connect climate and pollution-
related exposures such as NO:, SO, and PM;, with
autoimmune diseases, asthma, and heart conditions [21].

A meta-analysis by Di et al. [32] established a strong
correlation between RA and exposure to traffic pollutants and
ground-level ozone. Similarly, juvenile lupus cases showed
increased renal complications from particulate matter
exposure, while Kabir et al. [31] found a 22% increase in all-
cancer mortality per 10 pg/m? rise in PM»s. These cancers
include lung, digestive, breast, and female reproductive
cancers, likely due to DNA replication damage.

2.2 Impact of air pollution on the development of
rheumatoid arthritis

Numerous studies have explored the link between
environmental factors, especially climate change and air
pollution, and RA activity. Beyond genetic and lifestyle
factors, emerging evidence suggests that elevated CO- levels
and climate variability may influence RA progression [32-34].
A longitudinal study of 133 patients in Belfast found a
significant association between increased sunshine and
reduced RA disease activity (DAS-28, p=10.001), while higher
humidity was linked to worsened symptoms (p = 0.016);
temperature had no significant effect (p = 0.16) [24].
Similarly, a Chinese study from 2014 to 2017 associated
temperature drops with increased RA-related hospitalizations,
particularly among women aged 41-65. In Italy, Ingegnoli [24]
studied 422 RA patients and found that short-term exposure to
PM;o and NO; increased RA activity, while ozone exposure
had an inverse relationship. The effects varied based on
patients' treatment regimens. In Kuwait, a study involving
1,651 RA patients and 9,875 follow-up visits (2013-2017)
found significant associations between disease activity and
exposure to SO, and NO; (p = 0.003), reinforcing the harmful
impact of air pollution on RA [22, 23].

3. MATERIALS AND METHODS
3.1 Study design and data sources

Data analysis was conducted using IBM SPSS software
(version 25) to perform a descriptive study of patient
demographics, CO» levels, PM: 5 levels, and seasonal climate
characteristics. Pearson correlation coefficients were
calculated to examine relationships among temperature,
humidity, wind speed, and wind direction across the five
regions. Stepwise multiple linear regression analyses were
also used to examine the relationships between RA indices and
factors such as CO; levels, particulate matter (PM»s), and
weather data [17, 35]. This comprehensive approach aims to
elucidate the interactions between environmental factors and
RA, contributing valuable insights into potential public health
implications.

This study employed a retrospective longitudinal design to
analyze RA patients using data from the Kuwait Registry for
Rheumatic Diseases (KRRD) collected between 2020 and
2022. The patient data encompassed visits from individuals at
six major government hospitals (Amiri, Jahara, Farwaiya,
Sabah, Jaber, and Mubarak), strategically selected to represent



the ethnic diversity of the population across different
governorates in Kuwait. A total of 850 RA patients were
included in this study, contributing 13,118 hospital visits
during the study period (2020-2022). This single cohort was
used for all analyses, including temporal trend analysis and
environmental correlation.

3.2 Inclusion and exclusion criteria

The patients were included in this study if they met the
following criteria: (1) confirmed diagnosis of RA according to
the ACR/EULAR 2010 classification criteria, (2) age > 18
years, (3) at least two clinic visits during the study period
(2020-2022), (4) complete documentation of DAS28, CDAI,
and SDALI scores at each visit, and (5) residential address
within one of the five governorates with available
methodological monitoring stations. In addition, exclusion
criteria were: (1) pregnancy during the study period, (2)
concomitant autoimmune diseases (e.g., systemic lupus
erythematosus, psoriatic arthritis), (3) change in disease-
modifying anti-rheumatic drug (DMARD) or biologic therapy
within 4 weeks before assessment, and (4) incomplete
environmental exposure data for their residential area.

3.3 Meteorological and air pollution data

The Central Statistical Bureau of the State of Kuwait
acquired meteorological data from five monitoring stations to
complement the patient data. This data collection spanned five
governorates: Shuwaikh, Salam, Rumaithiya, Jahara, and
Fahaheel, focusing on key parameters such as wind speed
(m/s), wind direction (degrees), temperature (°C), and relative
humidity (RH%). Data were collected from 2020 to 2022 over
three years, and carbon dioxide levels were recorded. The
monitoring instruments collected data hourly, which was
subsequently averaged to derive daily values. It is important to
note that while comprehensive data were collected, some sites
experienced gaps due to equipment malfunctions, resulting in
missing data for two or more consecutive months.

KRRD collected detailed health and demographic
information on RA patients visiting the hospitals. A
standardized form was utilized to document each patient's
health status, resulting in a dataset comprising 850 patients
with a total of 13,118 visits during the study period. The
activity of RA was assessed using three indices: the DAS28,
the CDAI, and the SDAI. Detailed methodologies for
calculating these indices are provided in the introduction.
Demographic and clinical information were also
systematically gathered. This included the VAS, rheumatoid
factor (RF), anti-citrullinated peptide antibody (Anti-CCP),
antinuclear antibody (ANA), nationality, number of visits, and
name of the hospital. To analyze the relationship between
patients' health conditions and meteorological data, accurate
data matching was essential. Patient visit dates were aligned
with corresponding meteorological conditions, revealing
variability in patient visits, with some days recording no visits
while others had multiple visits.

The DAS28 value was calculated for each patient, with a
threshold of > 3.2 indicating active RA, recorded as "Yes,"
while values below this threshold were marked as "No." The
data underwent statistical analysis using logistic regression,
suitable for the categorical nature of the outcome variable. The
DAS28 scores served as the dependent variable, while
meteorological data and carbon dioxide concentrations were
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treated as independent variables. Logistic regression tests were
performed for each region individually, revealing no
significant differences across regions. This finding suggests
that climatic conditions are homogeneous in Kuwait due to its
relatively small geographic area. To maximize the dataset's
utility, one site was selected to represent the others in cases of
significant missing data. It is important to note that the dataset
is not fully complete across all study sites. Several
meteorological stations experienced equipment malfunctions,
leading to data gaps of two months or more in certain
locations. Additionally, some sites exhibited extensive
missing data, which may have introduced bias, particularly in
regional comparisons. To address this and to maximize the
available data for analysis, the dataset from one representative
site was used as a proxy for others. Moreover, since patient
attendance was often inconsistent often affected by seasonal
travel or irregular clinic visits, some patient data were also
incomplete. For clarity and consistency in data presentation,
only two sub-regions, Al-Salam and Fahaheel, which had
more stable data trends, are included in some figures.

3.4 Exposure-outcome matching and lag analysis

To ensure appropriate alignment between environmental
exposure and the clinical assessment of RA activity, exposure-
outcome matching was refined to account for potential
temporal mismatch. Environmental variables in this study
were recorded as daily averages, whereas RA activity indices
were measured at the time of clinical visits. Therefore, relying
solely on same-day exposure (lag 0) may not adequately
capture the biological response to environmental stimuli.

To address the limitation, multiple exposure windows were
defined. First, same-day exposure (lag 0) was retained as a
baseline comparison. Second, lagged exposure variables were
generated to represent environmental conditions occurring 1
to 7 days before the clinical visit (lag 1-lag 7). For each visit
date (t), environmental data from the previous days (t-1 to t-7)
were matched to RA indices, enabling the assessment of
delayed effects. This approach is biologically justified, as
inflammatory responses underlying RA activity may require
several hours to days to develop following environmental
exposure.

In addition to single-day lagged exposure, cumulative
exposure metrics were constructed using a moving average.
Specifically, 3-day (MA3), 5-day (MAS), and 7-day (MA7)
moving averages were calculated as the mean of
environmental variables over consecutive days preceding the
clinical visit. These moving average models were included to
evaluate whether sustained or repeated exposure provides a
more stable and relevant measure of environmental influence
compared to isolated daily values.

Given the potential for multicollinearity among
environmental variables (e.g., temperature, humidity, and air
pollutants), principal component analysis (PCA) was applied
to standardized variables (Z-scores) before regression
analysis. PCA reduces dimensionality by transforming
correlated variables into a set of orthogonal components that
capture the major patterns of variability. In this study, the first
two principal components (PC1 and PC2) were retained based
on variance explained and interpretability. Thus, for lag (0-7
days), linear regression models were constructed:

RA; = By + [1.PCly_j + B.PC2;_ + &



where, ¢ is the visit date, k£ is lag (0-7 days), [ is the
coefficient, and ¢ is the residual. Separate models were fitted
for DAS28, SDAI, CDAI, and VAS.

These components were subsequently used as predictors in
regression models across different lag structures. By
integrating same-day exposure, lagged variables, moving
average metrics, and PCA-based modeling, this analytical
framework enables a comprehensive assessment of both
immediate and delayed environmental effects while reducing
redundancy among predictors and improving model stability.
Finally, to account for multiple comparisons, the false
discovery rate (FDR) was controlled using the Benjamini-
Hochberg procedure. Adjusted p-values (q-values) were
calculated and reported alongside the original p-values.

4. RESULTS AND DISCUSSION
4.1 Patient demographic and clinical data

A total of 850 patients were included in the study, with an
average age of 56.4 years (SD = 13.6). Due to missing
demographic and clinical data for the subset of participants,
the analysis presented in Table 1 was restricted to 695 patients,
representing 10,700 clinical visits for whom complete data
were available. Notably, more than half of the participants (n
= 346; 53.62%) reported no joint pain, while approximately
4% (n = 25) experienced occasional joint pain. Only a few
patients had clinical joint deformities (n = 17, 2.7%).
Additionally, about two-thirds of the patients tested positive
for RF (n 507, 77.5%), though only 12% exhibited
rheumatoid nodules. The majority of patients were non-
smokers (n = 502, 92.1%) and had no family history of
rheumatic diseases, including RA (n =439, 84.1%). It is also
noteworthy that nearly half of the patients were not of Kuwaiti
nationality. Table 1 summarizes the categorical data.
Approximately 70% of the patients tested positive for anti-
CCP. Additionally, 33.6% (n = 539) of patients had positive
ANA. Table 2 presents the demographic and clinical
characteristics of the study population for numerical variables.
The mean DAS28 was 2.9, consistent with low disease activity
at the cohort level, although higher values (> 5) were observed
in a subset of patients, indicating active disease in these cases.
The mean pain score on the Visual Analog Scale (VAS) was
2.1 (SD = 2.7), and the mean SDAI was 7.37 (SD = 5.61),
reflecting an overall low to moderate level of disease activity.

Pearson correlation analysis was performed to evaluate the
associations between environmental parameters (COz, PMa.s,
wind speed and direction, temperature, and humidity) and
clinical measures of RA activity (DAS28, ESR, and CRP).
Correlation coefficients (r) are presented, with positive values
indicating direct associations and negative values indicating
inverse relationships. Statistical significance is denoted by *
(p <0.05) and ** (p <0.01).

The demographic and clinical data of the patients,
categorized as categorical variables, were analyzed alongside
the temporal and spatial variations of meteorological
parameters. As previously mentioned, meteorological data
were collected from five distinct regions in Kuwait during the
study period, specifically Al-Salam, Fahaheel, Jahra,
Rumaithya, and Shuwaikh. Meteorological devices recorded
temperature, humidity, wind speed, and wind direction on an
hourly basis in each region. The daily averages for these
measurements were subsequently calculated.

3389

Table 1. Demographic and clinical data of the patients
(categorical variables)

Variable Category Number (%)
Number of patients — 695
Total number of visits — 10700

Joint pain (JP) Yes 274 (42.5%)
No 346 (53.6%)

Occasional 25 (3.9%)

Presence 0({) c;eformities Yes 17 (2.7%)
No 604 (97.3%)
Rheumatoid factor (RF) Positive 507 (77.5%)
Negative 147 (22.5%)
A;;‘pfi-‘écelsc(zﬁz‘_lgg‘gfd Positive 394 (70.4%)
Negative 166 (29.6%)
An“'nuc(lz?é:‘)mb(’d‘es Positive 359 (33.6%)
Negative 359 (66.4%)

Rheumatoid nodules (RN) Yes 12 (2.0%)
No 580 (98.0%)

Smoking status (SMK) Yes 43 (7.9%)
No 502 (92.1%)

Family history (FH) Positive 83 (15.9%)
Negative 439 (84.1%)
Nationality Kuwaiti 348 (50.1%)

Non-Kuwaiti 347 (49.9%)

Table 2. Demographic and clinical data of the patients
(numerical variables)

Variable Average (SD)
Disease Activity Score 28 (RA Index),
DAS2S 2.9 (1.5)
Erythrocyte Sedimentation Rate, ESR 31.3(25.4)
C-reactive Protein, CRP 55062
Visual Analog Scale (RA Index), VAS 2.1(2.7)
Simple Disease Activity Index (RA
Index), SDAI 7068)
Clinical Disease Activity Index (RA
Index), CDAI 84 (11.6)
Number of Visits 23.4(23.9)
Age (years) 56.4 (13.6)

4.2 Monthly variation of meteorological data

During the study period from 2020 to 2022, monthly
meteorological data averages were calculated for five
subregions in Kuwait, focusing on Al-Salam and Fahaheel due
to their similar trends and the missing data in other areas.
Figure 2 illustrates that the highest average monthly wind
speeds occurred in June, with values ranging from 3.3 m/s to
4.5 m/s in Fahaheel and 2.5 m/s to 4.5 m/s in Al-Salam. Wind
speeds declined to their lowest levels in December and
January, falling between 2.4 m/s and 2.6 m/s. These trends
were consistent across other regions, including Jahra,
Shuwaikh, and Rumaithya, as noted in previous studies [36,
37]. The average monthly wind direction across all regions
predominantly ranged from 200 to 220 degrees, indicating that
winds generally flowed from the north toward the southwest.
Figure 3 highlights that wind directions remained relatively
stable within this range except in April and July. Kuwait's
climate is characterized by hot, dry summers and short, warm
winters, with extreme temperatures occasionally reaching
50 °C and dust storms common in summer. The Jahra region
recorded the highest temperature of 53.4 °C in June 2020,
while the lowest was 1.4 °C. Monthly average temperatures



peaked from June to September, particularly in July,
coinciding with low relative humidity levels of 21%.
Conversely, winter months experienced higher humidity of up
to 76.4%, particularly in the Rumaithya region, with a
corresponding inverse relationship between temperature and
humidity, as detailed in Figures 4 and 5.

2 37 Wind Speed
B —8—Al-Salam
[72] 4 4
B —i— Fahaheel
3 o
2 o
1-
0 1 1 1 1 T T T T T T T 1
1 2 3 4 5 6 7 8 9 10 11 12
Month

Figure 2. Monthly averaged wind speed in two different
regions of Kuwait for 2020-2022
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Figure 3. Monthly averaged wind direction in two different
regions of Kuwait for 2020-2022
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Figure 4. Monthly averaged temperature in two different
regions of Kuwait for 2020-2022
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Figure 5. Monthly average relative humidity in two different
regions of Kuwait, 2020-2022
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Figure 6. A typical box and whisker plot displays how the
data is spread out

A box-whisker plot, commonly referred to as a box plot,
was employed to elucidate the data for each year and location.
A typical box plot is illustrated in Figure 6. This plot presents
several key components: the lower extreme, representing the
smallest value in the dataset, and the upper extreme, indicating
the highest value. The median value, or the middle number in
the dataset, is also displayed. Additionally, the lower quartile
represents the value below which the lower 25% of the data
falls. In comparison, the upper quartile indicates the value
above which the upper 25% of the data is contained. The
"whiskers," the lines extending from the boxes, indicate
variability outside the upper and lower quartiles, providing a
comprehensive view of the data distribution. Figures 7-8
present box plots for the four meteorological variables
analyzed in this study: temperature, humidity, wind speed, and
wind direction. Starting with Figure 7, the temperature data
over three years across five sites indicates an average ranging



between 28 °C and 30 °C. The temperatures exhibit significant
extremes, dropping to approximately 5 °C and rising to nearly
50 °C, with the Jahra region recording a peak of close to 50 °C
in 2020 and similar levels in Al Salam in 2022. The Jahra and
Al-Rumaithya areas experienced the highest temperature
fluctuations, while Al-Rumaithya also recorded the lowest
temperature, dropping to about 2 °C in 2022. In contrast, the
Fahaheel area demonstrated the least temperature variability.
Figure 8 illustrates the box plot for relative humidity,
showcasing daily mean values recorded from 2020 to 2022 at
the five stations. Each box signifies the median, with
"whiskers" extending to the highest and lowest values within
1.5 times the interquartile range (IQR). The substantial range
between the minimum and maximum values reflects
significant data variability, particularly in the Rumaithya
region, which exhibited the largest fluctuations. The averages
and medians for the other four stations were relatively
consistent, with several outliers appearing in the upper limits
for 2021. Similarly, the recorded monthly average wind speed
data reveals narrow ranges across all regions, which indicates
predominantly stagnant wind conditions, particularly in Jahra,
which is characterized by calmness. However, the Rumaithya
area showed the greatest variability in wind speed. Regarding
wind direction, the observations indicate a prevailing trend of
approximately  200-225°  (southwest). However, the
Rumaithya region exhibited considerable directional
variability in 2021 and 2022, with readings spanning from 0°
to 300°. Conversely, the Al Salam, Fahaheel, and Jahra regions
displayed very low fluctuation in wind direction, while
Shuwaikh recorded only a few outliers in 2021.

Temperature
[0 Al Salam [ Fahaheel [ Jahra [ Rumaithya [ Shuwaikh
60T
50+

401

T,°C

30T

2020 2021 2022

Year

Figure 7. Box plots of the daily mean temperature recorded
by the five stations for 2020-2022

Relative Humadity
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Figure 8. Box plots of the daily mean relative humidity
recorded by the five stations for 2020-2022

3391

4.3 Variation of COz and PMas
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Figure 9. Monthly variation of CO; levels in Fahaheel
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Figure 10. Monthly variation of PM; 5 levels in Fahaheel

The annual average concentrations of CO: and PM;s are
presented in Table 3, highlighting a significant increase in CO:
levels over the study period. In Fahaheel, the average CO:
concentration rose from 405.8 ppm in 2020 to 432.5 ppm in
2022. Notably, CO: levels in the Al Ahmadi region were
consistently higher than in Fahaheel until 2022, when the
concentrations became nearly equivalent. Overall, while
global CO: concentrations are rising, the increases in Fahaheel
and Al Ahmadi are particularly pronounced, with Kuwait
generally exhibiting higher CO: levels than the global average.
average, except for Fahaheel in 2020. The monthly variations
in CO, and PMys levels for the Fahaheel and Al Ahmadi
regions are illustrated in Figures 9 to 10. Over the study period
from 2020 to 2022, a gradual increase in CO; levels was
observed in both regions, with Al Ahmadi consistently
exhibiting higher concentrations than Fahaheel. Notably, there
were no significant monthly variations, likely due to the
influence of strong nearby emission sources. In Fahaheel, CO,
levels were higher during winter and lower in summer, a trend
that aligns with global patterns. This seasonal variation can be
attributed to increased respiratory activity during colder
months and heightened fossil fuel combustion for heating,
both contributing to elevated atmospheric CO; levels [38]. The
monthly PM, s variations reveal lower concentrations during
the winter season (December to February) compared to
summer, with values ranging from 29.8 to 62.7 pg/m?® in Al
Ahmadi and 13.8 to 43.0 ug/m? in Fahaheel. This decrease can
be linked to precipitation and the mixing of relatively clean air
masses during winter, which aids in the deposition and dilution
of PM»s [39]. Additionally, reduced winter cooling demand
leads to lower overall energy consumption and PM; 5 levels.



Conversely, springtime experiences elevated PM,s levels,
with mean concentrations reaching 70.9 pug/m?® and ranges of
38.6 to 194.6 pg/m?® in Al Ahmadi and 31.0 to 111.6 pg/m? in
Fahaheel. This spike is attributed to frequent dust storms
during the pre-monsoon season, driven by southwesterly
winds transporting dust from the Arabian Gulf and the Rub’ al
Khali desert, which can affect the gulf region for nearly 30%
of the year [40].

Table 3. Annual average concentration of CO; and PM> s

Year CO: (ppm) PM:s (ng/g)
Fahaheel Ahmadi Global* Fahaheel Ahmadi

2020 405.8 425.7 414.2 37.2 53.1
2021 421 433 416.4 38.4 55.7
2022 432.5 429.3 418.5 62 86.6

Overall statistics (for the three years, 2020, 2021, 2022)
Average 419 430.1 448 62.6

Min 379.5 370.7 1.1 6.7

Max 510.9 567.8 462 860.3
SD 17.9 20.6 42.5 83.4

* USGCRP, 2023.

4.4 Correlation between rheumatoid arthritis parameters
and meteorological variables

Table 4. Correlation analysis between rheumatoid arthritis
(RA) disease factors and meteorological variables, CO»
concentration, and PM> s

RA Fahaheel

Parameter  CO:2 PMazs WS WD  Temp. RH

(ppm)  (ug/m’)  (m/s)  Deg °C %

MS 0.07" -0.01 -0.02  -0.05 0.09"  0.04
VAS 0.05 -0.04 -0.04  0.01 0.04 -0.04
TJ 0 -0.03 0 0.02  0.05" 0.06™
SJ 0.04 -0.05" 0.02  0.05° -0.01 -0.01
ESR 0.03 -0.07" -0.03  0.03 0.01 -0.03
CRP -0.05" -0.01 0.11"  0.04 0.01 -0.03
PGA 0.03 -0.04 -0.05" 0 0.05*  -0.04
phGA 0.04 -0.03 -0.04  0.02 0.04 -0.04
DAS28 0.01 -0.06" 0 0.04 0.03 -0.06"
SDAI -0.04 -0.01 0.09™  0.02 0.02 -0.01
CDAI 0.02 -0.04 -0.01  0.03 0.04  -0.05"

**Correlation is significant at the 0.01 level (2-tailed).
*Correlation is significant at the 0.05 level (2-tailed).

Pearson correlation tests were conducted to identify
significant associations between meteorological data, CO»
levels, and PM,s and various disease activity parameters,
including MS, VAS, TJ, SJ, ESR, CRP, PGA, phGA, DAS28,
SDALI, and CDALI, for all regions. Table 4 presents the results
of the correlation analysis between various disease activity
parameters and meteorological variables, CO, concentration,
and PM, s for one of the regions (Fahaheel). As shown, some
of the numbers are labelled by * if the correlation is significant
at a 95% confidence level (p = 0.05) and ** if the correlation
is significant at a 99% confidence level (p = 0.01). The results
reveal the presence of a significant correlation at a 99%
confidence level (p = 0.01) between all variables, indicating
that all these variables are associated with each other. Some
variables are positively correlated, indicating they increase or
decrease together. For example, the following pairs are
positively correlated: CO»-RH, WS-PM,s, WD-PM;s,
Temperature-PM, 5, WS-WD, and WS-Temperature. On the
other hand, certain variables display a negative correlation
where one variable increases as the other decreases. These
include the following pairs: CO2-PMjs, CO,-WS, CO»-

3392

Temperature, PM» s-RH, WS-RH, WD-RH, and Temperature-
RH (p <0.01). The relationship between air pollution and RA,
their findings have been inconsistent, with some reporting
positive correlations and others showing no significant
associations or negative correlations [41, 42]. These
discrepancies may be attributed to regional weather variations,
demographic differences, and methodological limitations,
with insufficient attention given to the lagged effects of these
variables on RA activity [43-50].

4.5 Multiple linear
regression)

regression analysis (stepwise

In this study, stepwise forward linear regression was applied
to analyze the relationship between RA indexes and
independent  variables, including CO,, PM,s, and
meteorological data. The dependent variable DAS28 was
examined across various regions. Table 5 presents data for
DAS28 results in two regions, namely, Fahaheel and Al
Salam. The results reveal that particulate matter (PMas)
significantly affects DAS28, with negative coefficients
indicating an inverse relationship. Relative humidity was the
second most significant variable in all regions except Jahra,
where wind direction played that role. The VAS used to assess
joint pain showed no significant impact from CO,, PM>s, or
meteorological variables, as all p-values exceeded 0.05. For
the second and third models, which focused on SDAI and
CDAI, wind speed consistently influenced SDAI across all
regions with positive coefficients, while CDAI varied by
region, showing a significant inverse association with relative
humidity and PM,s in Al Salam. Overall, these findings
suggest that environmental variables such as particulate matter
and relative humidity may be associated with RA activity;
however, the observed relationships were generally weak and
inconsistent, and the explanatory power of the models was
limited (r <0.1). This indicates that same-day exposure models
may not adequately capture the complex relationship between
environmental factors and RA activity; therefore, further
analyses incorporating lagged exposure, cumulative exposure
metrics (moving averages), and multivariate approaches such
as PCA were conducted to better characterize these
associations.

Table 5. Forward Stepwise multiple linear regression
analysis for the rheumatoid arthritis (RA) index DAS-28

]\)722 ’ Region  Predictors* Std. Coeff. t Sig.
Fahaheel PM2s -0.063 -2.65 0.008

DAS- RH -0.057 -2.40 0.017
28 Al Salam PMas -0.064 -2.68  0.007
RH -0.061 -2.53  0.011

*Predictors included: CO,, PM, s, relative humidity (RH), Temperature,
wind speed (WS), and wind direction (WD).

4.6 Lagged and principal component analysis-based
analysis

The incorporation of lagged exposure models provided
important insights into the temporal dynamics between
environmental exposure and RA activity. While same-day
exposure (lag 0) showed weak and inconsistent associations
(e.g., correlation coefficients generally < 0.10), stronger and
more consistent relationships were observed at short-term lag
periods, particularly at 2-3 days before the clinical visit (Table



6). This pattern suggests that environmental exposure does not
exert an immediate effect on RA activity, but rather influences
disease expression after a short delay. For example, at lag 2-3
days, the association between PM» s and DAS28 increased (r =
[0.18], p = [0.014]), and regression coefficients were also
higher (B = [0.19]), indicating a delayed effect. Similar
delayed associations have been reported in studies examining
air pollution and inflammatory diseases, where exposure
effects are often observed within a few days following
exposure [51].

Table 6. Significant results from lag (1-7 days) and moving
average (MA3-MA7) regression models relating
environmental variables to rheumatoid arthritis (RA) activity
indices. Only predictors with p < 0.05 are shown

RA Lag-  Environmental Beta p- r
Index Days Variable Value
CDAI 3 Temperature 0.075 0.016 0.048
CDAI 3 CO2 0.027 0.047 0.05
DAS28 3 PM: s -0.19 0.014 0.179
DAS28 3 Temperature 0.013 0.011 0.057
DAS28 3 CO2 0.005 0.025 0.055
SDAI 6 CO2 -0.019 0.04 0.062
SDAI 7 RH -0.024  0.018 0.46
VAS 2 Temperature 0.017 0.033 0.048
VAS 2 PM -0.003 0.048 0.051
DAS28  MA3 Temperature 0.049 0.04 0.087
DAS28  MA3 PMas -0.035  0.007 0.140
CDAI MA3 Temperature 0.049 0.039 0.077
CDAI MAS Temperature 0.049 0.04 0.067
CDAI MA3 RH -0.03 0.012 0.057
CDAI MAS CO2 -0.032  0.012 0.058

This temporal shift suggests that environmental exposure
does not exert an immediate effect on RA activity but rather
influences disease expression after a short delay. For example,
DAS28 and CDAI showed stronger associations at lag 3 days,
whereas VAS demonstrated sensitivity at shorter periods (lag
2), and SDALI exhibited delayed responses at longer lags. This
delayed response is biologically reasonable, as inflammatory
Pathways require time to develop following exposure. The
observed 2-3 days lag window aligns with known mechanisms
of cytokine activation and systemic inflammation [52, 53].

In addition to single-day lag analysis, moving average
models for 3, 5, and 7 days (MA3, MAS, and MA7) were
applied to assess cumulative exposure effects. As presented in
Table 6, these models resulted in more stable estimates, with
slightly improved explanatory power compared to single-day
lags. For example, the moving average model showed an
increase in model fit (r = 0.14) compared to lag 0 (r < 0.10),
suggesting that short-term cumulative exposure better captures
environmental influences. After applying FDR Corrections, all
previously identified associations remained statistically
significant (q < 0.05) as shown in Table 6. This indicates that
the observed relationships between environmental and RA
disease activity indices are robust and unlikely to be due to
multiple testing. This finding is consistent with the previous
environmental epidemiology studies demonstrating that
cumulative exposure captures metrics better for the health
effects [54, 55].

The application of PCA further improved model
performance by reducing multicollinearity among predictors.
Environmental factors such as temperature, humidity, and air
pollutants are often interrelated, which can distort regression
estimates when included simultaneously in conventional
models. PCA has been widely used in environmental health
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research to reduce dimensionality and identify dominant
exposure patterns [56]. By transforming these variables into
orthogonal components, PCA allowed for the identification of
integrated environmental patterns that better represent real-
world exposure conditions. The first principal component
(PC1), represents pollution and climate parameters. It is highly
loaded with PMs, CO,, and temperature, while the second
principal component (PC2) represents the remaining
meteorological parameters.

Significant associations were observed at lag 3 days with
components of PCl (PMa,s, CO,, and temperature) and
DAS28. A similar positive association was also observed
between the PC1 components and CDAI at lag 3 days.
However, VAS exhibited a modest association at lag 2 days,
suggesting short-term perception of environmental impact.
SDAI showed a delayed Association at like 7 with PC2
components (relative humidity, wind speed, and wind
direction) with a negative association. This result showed a
more consistent association with RA indices compared to
individual variables. This indicates that combined
environmental patterns provide a more robust representation
of exposure, reflecting real-world conditions more accurately
than isolated variables [56, 57].

Table 7. Comparison between the previous study by Alsaber
et al. [17] and the current study

Aspect Previous Study Current Study
o Impact of climate-
Association .
between ambient related fluctuations,
Study Object . . CO2, and
air pollution and .
RA disease activi environmental factors
ty on RA disease activity
Study Period 2013-2017 2020-2022
PM2s, COz, and
Exposure PMio, NO2, SO, .meteorologlcal
Variables 0s. CO Varlabl_es (temperau_lre,
’ RH, wind speed, wind
direction)
Combined air
Environmental . . pollution +
Scope Air pollution only climate/meteorological
factors
No lag or moving Lag analysis (Lag 1-
Temporal average analysis :
. Lo 7), Moving average
Analysis (limitation (MA) models
acknowledged)
. ion +
. Correlation + correl.atlon
Statistical hierarchical linear regression + lag
Methods regression models + moving
& average + PCA
Handling .
Multicollinearity Not addressed Addressed using PCA
Environmental and
Overall Air pollution is climate-related factors
veral associated with RA  show clearer and more
Conclusion

robust associations
with RA activity

activity

Note: PCA = principal component analysis.

Despite these improvements, the magnitude of the observed
associations remained relatively small. This indicates that
environmental exposure likely acts as a modulating factor
rather than a primary determinant of RA activity. The low
explanatory power of the models further reflects the multi-
factorial nature of RA, where clinical, genetic, and lifestyle
factors play dominant roles [58]. Overall, the consistency of



findings across lagged, moving average, and PCA-based
analysis strengthens the robustness of the results and
underscores the importance of incorporating temporal
exposure structures and multivariate approaches in studies
investigating environmental effects on inflammatory disease.

Comparison with the previous study reported by Alsaber et
al. [17] highlights important differences in both methodology
and findings. In the earlier work, statistically significant
associations were observed between RA disease activity and
selected air pollutants, particularly NO, and SO,; however,
these relationships were relatively weak, as reflected by low
correlation coefficients (r ~ 0.07) and a small regression effect
size. Moreover, the analysis was based on cross-sectional
exposure matching without accounting for temporal variability
in exposure. In contrast, the present study incorporates lag
analysis and moving average models, enabling evaluation of
delayed and cumulative exposure effects. In addition, the
inclusion of PM, 5, CO,, and meteorological variables provides
a broader environmental context. Collectively, these
methodological enhancements yield a clearer, more
comprehensive understanding of the relationship between
environmental factors and RA disease activity. A detailed
comparison between the present study and the previous work
[17] is summarized in Table 7.

5. CONCLUSION

In conclusion, this study provides valuable insights into the
intricate relationship between meteorological variables and
RA indices, particularly highlighting the overall low average
DAS28 and noting instances of elevated disease activity in
specific cases. The findings reveal a consistent decrease in
average monthly wind speeds during the winter months and a
predominant southwest wind direction throughout the year,
alongside concerning trends in air quality in Kuwait. CO,
levels consistently exceed global averages, especially in
certain regions, and the rise in fine particulate matter (PM, s)
from 2020 to 2022 indicates a significant pollution issue.
Seasonal variations in CO; levels align with global trends,
driven by increased fossil fuel combustion during winter,
while PM,s concentrations decrease in winter due to
precipitation and the mixing of cleaner air masses.

This study provides a comprehensive evaluation of the
relationship between environmental exposure and RA activity
by integrating lagged analysis, cumulative exposure
assessment, and multivariate modeling approaches. The
findings indicate that environmental effects on RA activity are
modest but temporally structured, rather than immediate. The
incorporation of lagged exposure models revealed that the
strongest associations occurred within a 2-3-day window
before clinical assessment, suggesting a delayed biological
response consistent with inflammatory activation pathways.
The application of the PCA further strengthened the analytical
framework by reducing multicollinearity and capturing
integrated environmental patterns, which showed more
consistent associations with RA indices than individual
variables. This emphasizes the importance of considering
environmental exposures as complex, interacting systems
rather than isolated factors.
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