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HIGHLIGHTS GRAPHICAL ABSTRACT

e Johannesburg: Elevated respiratory dis-
ease risk linked to extreme cold and
moderate winter temperatures.

e Cape Town: Stable respiratory risk
across a moderate temperature range;
increased risk with extreme heat.

e Ggeberha:  Indistinct  temperature-
respiratory disease relationship due to
moderate climate with year-round
rainfall.

o Spikes in claims are closely associated
with relative changes in weather pat-
terns, rather than specific absolute
thresholds.

e There are complex, non-linear in-
teractions between climate and respira-
tory health risks for South Africa.

Climate Impact on Respiratory Health In South Africa

ARTICLE INFO ABSTRACT

Editor: Scott Sheridan Acute respiratory diseases are a significant public health concern in South Africa, with climatic variables such as
temperature and rainfall being key influencers. This study investigates the associations between these variables

Keywords: and the prevalence of acute respiratory diseases in Johannesburg, Cape Town, and Ggeberha (Port Elizabeth),

Distributed lag non-linear model representing distinct climatic zones. Spearman’s correlation analyses showed negative correlations in Johan-

Climatic variables

L nesburg for respiratory disease claims with maximum temperature (r = —0.12, p < 0.0001) and mean temper-
Epidemiology

Public health ature (r = —0.13, p < 0.0001), and a negative correlation with daily rainfall (r = —0.12, p < 0.0001). Cape Town
Meteorological factors demonstrated a negative correlation with maximum temperature (r = —0.18, p < 0.0001) and a positive cor-
Disease incidence relation with rainfall (- = 0.08, p < 0.0001). Utilizing Distributed Lag Non-linear Models (DLNM), the study
revealed that in Johannesburg, the relative risk (RR) of respiratory claims increases notably at temperatures
below 12 °C, and again at a Ty between 16 and 23 °C. The risk escalates further at >30 °C, although with a
considerable error margin. For Cape Town, a stable level of moderate RR is seen from Tpax 15-24 °C, with a
significant increase in RR and error margin above 30 °C. In Ggeberha, the DLNM results are less definitive,
reflecting the city’s moderate climate and year-round rainfall. The RR of acute respiratory diseases did not show
clear patterns with temperature changes, with increasing error margins outside the 22 °C threshold. These
findings emphasize the imperative for region-specific public health strategies that account for the complex, non-
linear influences of climate on respiratory health. This detailed understanding of the climate-health nexus
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provides a robust basis for enhancing public health interventions and future research directed at reducing the

impacts of climate factors.

1. Introduction

Acute respiratory diseases have a marked impact on public health
globally, with pronounced effects in South Africa, where socioeconomic
conditions heighten the vulnerability of a large proportion of the pop-
ulation (Cohen et al., 2015a, 2015b; Wright et al., 2021). The intricate
relationships between acute respiratory diseases and various environ-
mental factors, especially weather conditions, have been observed
worldwide (Tempia et al., 2017). Understanding these associations at
local scales is crucial as they offer valuable insights into the de-
terminants of disease prevalence, and the variations across different
regions (Cannell et al., 2006). Studies have underscored specific asso-
ciations between climate variables like temperature and humidity and
respiratory diseases, highlighting the crucial role of localized research in
effectively understanding and addressing these health impacts within
particular regions or communities (Fuhrmann, 2010; Motlogeloa et al.,
2023). In South Africa, the substantial disease burden and economic
costs attributed to acute respiratory diseases necessitate an in-depth
understanding of these dynamics to develop effective public health
strategies and interventions (Van Noort et al., 2012).

Globally, weather conditions over periods of days to weeks have
been demonstrated to significantly influence the incidence and severity
of acute respiratory diseases (Roussel et al., 2016). These climatic fac-
tors influence the viability of respiratory pathogens and human behav-
iour, both crucial determinants of respiratory health outcomes. Weather
conditions significantly influence the incidence and severity of acute
respiratory diseases through two main pathways. First, they affect
pathogen survival and transmission by altering the environment in
which pathogens thrive (Harlan and Ruddell, 2011). Second, varying
weather conditions impact human susceptibility and exposure to these
pathogens, as they influence human behaviour and immune system
performance (D’Amato et al., 2014). Given the intricate nature of these
relationships, an investigation is imperative for developing effective and
precise public health interventions aimed at alleviating the burden of
acute respiratory diseases (Takaro et al., 2013; Vega et al., 2015).
Maximum, minimum, and mean temperatures (Tmax, Tmin and Tmean),
and rainfall, are vital meteorological parameters influencing the trans-
mission and prevalence of acute respiratory diseases. (Roussel et al.,
2016; Mirsaeidi et al., 2016; Weaver et al., 2022). Changes in these
weather variables can directly alter the transmission rates and viability
of respiratory pathogens, thereby affecting disease incidence and
severity within various populations (Patz et al., 2003). South Africa
presents a complex climate system characterized by a variety of rainfall
regions and seasonality patterns, further complicating the relationship
between weather and acute respiratory diseases (Engelbrecht and
Landman, 2016; Roffe et al., 2019). Three distinct rainfall seasonality
zones have been identified, namely the Winter Rainfall Zone (WRZ),
Summer Rainfall Zone (SRZ), and Year-Round Rainfall Zone (YRZ;
Tyson and Preston-Whyte, 2000; Engelbrecht and Landman, 2016; Roffe
et al, 2021). These zones, resulting from South Africa’s unique
geographical position, exhibit different weather patterns and hence
possess distinct implications for the transmission of acute respiratory
diseases (Pica and Bouvier, 2012; Engelbrecht and Engelbrecht, 2016).

In an exploration of the interplay between meteorological variables
and respiratory diseases, global studies have revealed nuanced insights
(Alahmad et al., 2019; Zhang et al., 2022; Dumanoglu et al., 2021; de
Sousa et al., 2019; Liu et al., 2021; Cui et al., 2003; Zhang et al., 2021;
Shen et al., 2010; Stojanovic et al., 2019). For instance, Alahmad et al.
(2019) performed a case-crossover analysis in Saudi Arabia, revealing a
higher likelihood for the coronavirus linked to severe respiratory
symptoms, formerly known as Middle East Respiratory Syndrome, to

present predominantly under colder and drier conditions. Concurrently,
studies emanating from China have underscored the susceptibility of
paediatric populations to respiratory diseases amidst temperature ex-
tremes, elucidating a pronounced emphasis on the detrimental impacts
of lower temperatures (Zhang et al., 2022; Liu et al., 2021).

Key meteorological variables, such as temperature, humidity, and air
pollution metrics including PM10 and NOx concentrations, have been
recurrently identified as pivotal influencers across these studies (Shen
et al., 2010; Stojanovic et al., 2019; Cui et al., 2003; Dumanoglu et al.,
2021; Liu et al., 2021). For instance, Dumanoglu et al. (2021) reported a
nuanced interplay between weather parameters such as temperature
and air pressure and the incidence of COVID-19 cases in Turkey.
Furthermore, research from the Russian Far East has highlighted the
modulation of immune responses in respiratory diseases by weather
variations, thereby underscoring the intricate interplay between atmo-
spheric conditions and respiratory health (Stojanovic et al., 2019).

The Distributed Lag Non-linear Models (DLNM) framework has been
a crucial asset in epidemiological studies, enabling researchers to delve
deeply into the intricate associations between environmental exposures,
such as temperature and air pollution, and respiratory diseases (Bi et al.,
2007; Alahmad et al., 2019; Chai et al., 2020). The DLNM is adept at
capturing and modelling the nonlinear and delayed effects of these ex-
posures, providing a comprehensive understanding of their impact on
respiratory health outcomes over time (Gasparrini, 2011, 2014; Gao
et al., 2023). Gasparrini (2011) utilized the DLNM to explore the
exposure-response and lag-response associations, allowing for a detailed
exploration of how health effects evolve over lagged times following
exposure. For Lanzhou, China, the DLNM was applied to assess the ef-
fects of extreme temperatures on respiratory diseases, offering insights
into temperature-related health risks (Meng et al., 2023). Another study,
applied in Sao Paulo, Brazil, employed the DLNM to investigate the re-
lationships between meteorological variables, air pollution, and paedi-
atric respiratory disease hospitalizations, demonstrating the
applicability of the model in various geographical and demographic
contexts (de Sousa et al., 2019). Zhang et al. (2020a) applied the DLNM
to explore the associations between sulphur dioxide exposure and res-
piratory disease hospitalizations in Ganzhou, China, highlighting its
effectiveness in revealing relative risks essential for public health policy-
making.

Through exploring univariate linear relationships and applying the
DLNM, this study aims to illuminate the lagged and nonlinear re-
lationships between maximum, minimum, and mean temperatures,
rainfall, and the incidence of acute respiratory diseases in different cli-
matic zones across South Africa. The insights garnered will be instru-
mental in informing targeted public health interventions, crafting
climate-resilient healthcare strategies, and developing policy frame-
works for mitigating acute respiratory diseases across various climate
zones in South Africa.

2. Material and methods
2.1. Study site

South Africa, with coordinates ranging from 22 to 35°S in latitude
and 16-33°E in longitude, covers an area of about 1,220,000 km? and
exhibits a variety of climates due to its geographical diversity (Landman
et al., 2017). The country is positioned where subtropical and mid-
latitude climates converge, resulting in different rainfall patterns such
as the Summer Rainfall Zone (SRZ) and Winter Rainfall Zone (WRZ;
Fitchett and Bamford, 2017; Sousa et al., 2018; Roffe et al., 2021). These
patterns are influenced by the seasonal latitudinal displacement of the
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Intertropical Convergence Zone (ITCZ) and the Southern Hemisphere
Westerlies (Lennard, 2019; Landman et al., 2017; Roffe et al., 2021).

The study focuses on three cities: Johannesburg, Cape Town, and
Gqgeberha (formerly Port Elizabeth), each with distinct climatic char-
acteristics (Fig. 1). Johannesburg, located in the north-eastern part of
South Africa, experiences a subtropical highland climate, characterized
by dry winters and rainy summers (Crétat et al., 2012). Cape Town,
situated in the southwestern part, has a Mediterranean climate with
mild, wet winters and warm, dry summers (Favre et al., 2016). Gge-
berha, on the south-eastern coast, experiences an oceanic climate,
receiving a more evenly distributed rainfall throughout the year (Roffe
et al., 2019). These cities were selected to represent different climatic
conditions in South Africa, providing a diverse range of environments to
study the impact of weather on acute respiratory diseases. The focus on
cities relates to the data requirements to run the DLNM, which would not
be met for smaller towns.

2.2. Data sources

2.2.1. Medical insurance scheme claims

The study utilized data from the Discovery Health Medical Scheme
(DHMS), South Africa’s leading private medical insurance provider,
which covers approximately 3.3 million clients. DHMS has a compre-
hensive database of medical claims, each classified by an International
Classification of Diseases ICD-10 code corresponding to the diagnosed
condition (Hohl et al., 2014). These codes are assigned by medical
practitioners based on patient symptoms during consultations, often
without the need for laboratory confirmation (Stausberg and Hasford,
2010). For our analysis, we focused on claims linked to ICD-10 codes for
acute respiratory diseases: JOO (acute nasopharyngitis), J110 (influenza
with pneumonia), J111 (influenza with other respiratory manifesta-
tions), and J118 (influenza with other manifestations). While the dataset
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spans claims from 2008 to 2019, our study specifically targeted claims
from Johannesburg (28,114), Cape Town (11,372), and Gqeberha
(3888) to represent three distinct rainfall zones. Claims from smaller
regions within these cities, such as spatially contiguous but discretely
named suburbs, were aggregated to provide a holistic view of the data
for each city.

2.2.2. Meteorological data

Daily resolution meteorological data were sourced from the South
African Weather Services for the period 2008-2019. The dataset
included daily maximum, minimum, and mean temperatures (Tmpax,
Tmin, Tmean), and rainfall, recorded at ground-based meteorological
stations located in Johannesburg, Cape Town, and Gqgeberha. During the
data cleaning process, the initial step involved exploratory data analysis,
checking for inconsistencies, errors, and outliers in the dataset, ensuring
that the data were accurate and reliable for analysis. The data were then
processed to manage missing values. In cases where data were missing,
various imputation methods could be applied, such as mean imputation
or interpolation, to maintain the dataset’s integrity and usability (Ding
et al., 2010). We employed imputation methods best suited to the
characteristics of the missing data, selecting the most appropriate
technique based on the proportion and the observed pattern of the
missing values (Scheffer, 2002). The cleaned and processed meteoro-
logical data were then added to the database containing the medical aid
claims data, ensuring consistency and accuracy in the temporal match-
ing of the two datasets.

3. Data analysis

Integrating the meteorological and claims data, Spearman’s corre-
lation coefficients were calculated to identify simplistic linear correla-
tions between meteorological variables and occurrences of acute
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Fig. 1. Spatial distribution of rainfall season zones (Roffe et al., 2019) across South Africa with locations of Cape Town, Johannesburg and Ggeberha.
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respiratory diseases (Pica and Bouvier, 2012; Jackson et al., 2021;
Motlogeloa et al., 2023) in Johannesburg, Cape Town, and Ggeberha.
Scatter plots were produced to graphically represent the distribution of
acute respiratory disease incidences in relation to temperature and
precipitation data. Points exceeding two standard deviations from the
mean were marked to denote significant anomalies from expected
values, indicative of potential extreme weather effects on health
outcomes.

Subsequently, a time series quasi-Poisson regression and the DLNM
were applied using the ‘dlnm’ package in R. In the DLNM, a quadratic B-
spline was used for temperature, and a natural cubic spline was applied
for the lag-response curve (Gasparrini and Leone, 2014; Zhao et al.,
2018). The model was adjusted for time-varying confounders such as
weekdays and holidays. Following the approach by Zhao et al. (2018),
three degrees of freedom were assigned to exposure variables within the
model, and a maximum lag of fourteen days (0-14 days) was incorpo-
rated to assess the meteorological impacts on respiratory disease-related
claims in each city (Ozeki et al., 2015; Motlogeloa et al., 2023), which
are delayed from infection by the period of incubation of the disease, the
onset and worsening of symptoms, and delays in accessing healthcare
(Lessler et al., 2009).

The output from the DLNM was primarily focused on the relative risk
of acute respiratory diseases associated with meteorological variables.
This approach is consistent with several studies that have utilized the
DLNM outputs to assess and visualize the relative risks associated with
environmental exposures (Armstrong et al., 2014; Phung et al., 2016).
The relative risks were plotted against each meteorological variable to
provide a clear representation of the associations between weather
variables and the likelihood of respiratory disease occurrences, facili-
tating a nuanced interpretation of the potential health risks posed by
varying meteorological conditions (Zhang et al., 2016; Sera et al., 2019).
Recent applications of DLNM in the field (Li et al., 2023; Crank et al.,
2023; Lam et al., 2024) support its continued relevance and suitability
for our study. The DLNM is calculated by:

RR =exp.(a+ CBmin_temp (Tmin, t,1t) + CBmax_temp (Tmax, t, It)
+ CBmean_temp (Tmean, ¢,/t) + CBrain (Rt, It) +y1-Weekday
+ y2-Holiday + NS (Time, df) + ¢

where:

e RR: Relative Risk. This is the outcome of interest, often representing

the risk of an event (like respiratory disease) occurring. In the

context of the model, it’s the expected count of the outcome given
the predictors, relative to a baseline count.

exp.(): Exponential function. It’s used to ensure that the model’s

predictions are positive, as counts cannot be negative. This is the link

function for the quasi-Poisson regression model.

a: Intercept. This is the log-relative risk when all predictors are at

their reference levels (typically zero for continuous variables).

e B: Cross-basis function. This is used to model the relationship be-
tween a predictor (like temperature or rainfall) and the outcome
across different lags. It’s a combination of two functions: one for the
relationship at each time point (like a B-spline) and one across lags
(like a natural cubic spline).

e Tmin,t, Tmax,t, Tmean,t: These represent the minimum, maximum,
and mean temperature values at time t, respectively.

e Rt: This represents the rainfall value at time t.

e [t: Lag time at time t, indicating how many days in the past the model

looks to assess the effect of temperature and rainfall on the current

risk.

71, y2: Coefficients for categorical variables. These are the parame-

ters estimated for the effects of weekdays and holidays, respectively.

e -: Multiplication sign. It’s used to indicate that the coefficient (like
1y1) multiplies the predictor (like Weekday).
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e NS(Time, df): Natural spline function of time with a specified degree
of freedom. This is used to control for time-varying confounders and
trends that are not captured by other variables in the model.

e ¢: Error term. It accounts for the variation in the outcome that is not
explained by the model.

e +: Plus sign. It’s used to indicate that terms are added together in the
model.

4. Results

In Johannesburg, the average daily maximum summer temperature
registered at 27.19 °C, and the winters, while wettest, reached up to
171.09 mm of rain per day, which is less than expected for a summer
rainfall zone (Fig. 2a). Cape Town, however, exhibited a daily maximum
summer average of 27.34 °C and a cooler winter daily maximum average
of 19.84 °C, with the highest rainfall in summer, not winter, averaging
171.46 mm per day, challenging the typical Mediterranean climate
pattern (Fig. 2b). Ggeberha experienced minor temperature fluctuations
year-round — the summer and winter daily maximum averages were
26.09 °C and 20.59 °C, respectively, with a more uniform rainfall dis-
tribution, peaking at 29.77 mm in winter (Fig. 2c). These findings
illustrate the distinct climatic dynamics within South African regions, as
influenced by their specific geographical and topographical features
(Fig. 2).

4.1. Correlation between meteorological variables and respiratory disease
claims

Spearman’s correlation coefficients (Table 1) reveal relatively weak,
but statistically significant, linear univariate relationships between
meteorological variables and acute respiratory disease claims across
Johannesburg, Cape Town, and Ggeberha. Ty and Tpean consistently
show statistically significant negative correlations with disease claims
across all cities, with coefficients ranging fromr = —0.10 tor=—0.18 (p
< 0.0001). Conversely, T, displays varied associations; a weak but
statistically significant positive correlation is observed in Johannesburg
r = 0.10, p < 0.0001, while in the other two cities analyzed, the re-
lationships are either slight or statistically insignificant (Table 1). An
interesting observation is the decrease in respiratory disease risk with
colder Tpi,, necessitating further exploration (Table 1). Daily rainfall
correlations also vary, with significant relationships observed in some
cities, such as Johannesburg and Cape Town, and non-significant cor-
relations in others like Ggeberha (Table 1).

4.2. Meteorological influences on acute respiratory diseases

The second stage of analysis explores non-linear relationships be-
tween meteorological variables and medical aid claims, exploring the
distribution of total claims at each given temperature or daily total
rainfall amount. In Johannesburg, the highest number of claims are
recorded from at a Tpax of 18-23 °C, Tpin of 3-8 °C, and Tpean Of
11-15°C (Fig. 3), meteorological conditions which dominate during the
winter season and during autumn, spring and early summer season cold
snaps associated with cut-off low systems. The rainfall data (Fig. 3d)
exhibit a right-skewed distribution, due to the large number of days with
no rainfall in Johannesburg; with many dry days and no clear increase in
claims on days with higher rainfall totals or extreme events.

In Ggeberha, the largest number of claims are recorded for Tp,x of
17-24 °C, Tpin of 5-13 °C, and Tpean of 12-18 °C, again consistent with
conditions during the winter season, and cooler conditions during the
autumn and spring (Fig. 4). For rainfall, although the data remain right
skewed, there is a greater variation in rainfall totals associated with
heightened claims. This is likely due to the position of Ggeberha in the
year-round rainfall zone, where the winter months are not characterized
by an absence of rainfall that is common in Johannesburg.

For Cape Town, the peak in respiratory disease claims is associated
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Table 1
Spearman correlation coefficients and P-values for weather variables and med-
ical insurance claims in Johannesburg, Cape Town, and Gqeberha.

Johannesburg. This aligns with Cape Town’s winter rainfall climate,
where periods of higher rainfall coincide with lower temperatures. The
seasonal temperature shifts and their impact on medical claims highlight

the need for a non-linear statistical model that accounts for lag time
between weather exposure and claims. Hence, the DLNM is applied to

City Variable Correlation (r) P-value
Johannesburg Trmax —0.12 p < 0.0001
Trmin 0.10 p < 0.0001
Daily Rainfall —0.12 p < 0.0001
Trmean -0.13 p < 0.0001
Cape Town Tmax —-0.18 p < 0.0001
Thmin 0.02 0.1836
Daily Rainfall 0.08 p < 0.0001
Trmean -0.17 p < 0.0001
Ggeberha+ Tmax —0.10 p < 0.0001
Trin 0.02 0.4428
Daily Rainfall —0.01 0.8743
Trmean -0.13 p < 0.0001

dissect these intricate relationships further.

4.3. Nonlinear associations between meteorological variables and acute
respiratory disease incidence

The outputs of the DLNM do not dispute the broad relationships
between meteorological variables and medical aid claims for acute
upper respiratory disease demonstrated previously, but provide more
nuanced non-linear reflections in light of the influence of lags and

with Tpax ranging from 18 to 2215 °C, Ty, ranging from 5 to 14 °C, and
Tmean from 12 to 16 °C (Fig. 5), again characteristic of the winter
months. In Cape Town, the analysis of rainfall data reveals a wider
spread in the volume of rainfall compared to Gqeberha and

influencing periods such as holidays. In Johannesburg, the relative risk
(RR) of respiratory claims increases significantly at Tpax below 12 °C,
which corresponds to extremely cold events. There is also a notable peak
in RR at Tpax between 16 and 23 °C, aligning with typical winter day-
time temperatures. Above 30 °C, the RR increase is less certain, as
indicated by a larger error margin (Fig. 6a). Tpi, shows the highest RR
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between 0 and 5 °C, and it tapers off in very low temperatures unusual
for Johannesburg or above 12 °C, common in warmer seasons (Fig. 6d).
Tmean indicates a decrease in RR with rising temperatures, suggesting
lower risk at warmer average temperatures (Fig. 6b). Rainfall RR ex-
hibits high variability, with a possible increase around 60 mm daily
rainfall (Fig. 6¢).

For Ggeberha, the results of the DLNM provide a less clear indication
of the key meteorological conditions associated with a heightened risk of
acute upper respiratory disease. This may be as a result of the year-round
rainfall conditions at the city, and the relatively moderate seasonal
temperature range as a result of the proximity to the Indian Ocean and
warm Agulhas current. There is no discernible change in the RR of acute
respiratory diseases with increases (or decreases) in Tpax, although
notably there are rapidly increasing levels of the error margin of the
model above and below 22 °C (Fig. 7a). For Tpin, the DLNM suggests a
heightened risk between temperatures of 16-18 °C, although impor-
tantly this is coupled with a considerable error margin. The error margin
is lowest for a moderate level of risk from 3 to 12 °C. For Trean, the peak
in RR is similarly associated with the greatest error margin; the lowest
error margin is associated with a moderate level of risk at ~17 °C
(Fig. 7b). As for temperature, the modelled peaks in risk for rainfall
coincide with the greatest error margins. Overall, for Ggeberha, no
definitive patterns in the risk of meteorological conditions can be
determined using the DLNM, likely due to the suppressed seasonality in
both temperature and rainfall for the city.

For Cape Town, a similar pattern in RR is modelled for Tpean as for
Johannesburg: as Tpean increases, the RR of acute respiratory disease
claims decreases (Fig. 8). For Tax, RR increases to a relatively stable
level of moderate risk from 15 to 24 °C. As for Johannesburg, at >30 °C
there is an increase in RR, but this is associated with a very large error
margin, a function of the rarity of these extreme temperatures. For Tp;p,
the relative risk remains relatively constant, with a small increase be-
tween 5 and 10 °C, and similar to the hotter Tpay, an increase in the
margin of error from Ty, > 18 °C (Fig. 8a). In the Johannesburg and

Gqgeberha regions, relative risk (RR) analysis for rainfall-related respi-
ratory claims indicates increased uncertainty. However, there’s a
discernible uptick in claim risk at rainfall levels of 5-20 mm/day. The
confidence in the model’s predictions is higher for daily rainfall amounts
of 0-5 mm and 25-32 mm, as reflected by the lower error margins in
these ranges (Fig. 8c).

In this study, Distributed Lag Non-linear Models (DLNM) were
applied to explore the associations between meteorological variables
and the RR of acute respiratory diseases. Traditional correlation
methods suggest a negative correlation between Tp,.x and disease inci-
dence. However, the DLNM analysis provides a more detailed depiction,
revealing variations and complexities not captured by simple correlation
coefficients. The DLNM approach unveils specific temperature and
rainfall thresholds associated with changes in RR, emphasizing that a
simplistic correlation may not adequately represent the relationships
within extensive datasets (Gasparrini, 2011; Armstrong et al., 2014).
Utilizing the DLNM for analysis facilitates a more comprehensive un-
derstanding of the data, allowing for more accurate public health in-
terpretations and strategies based on the diverse environmental
influences present in extensive meteorological and health datasets.

5. Discussion
5.1. Meteorological impact on acute respiratory diseases

Our analysis delves deeper into the associations between climate and
respiratory illness across three distinct South African climatic zones. In
Cape Town, the colder and wetter winter conditions appear to correlate
with increased respiratory disease claims, a pattern consistent with
global findings. Johannesburg’s cold but drier winters suggest a
different interaction between temperature and moisture in disease
prevalence. Ggeberha presents a unique case with its year-round rain-
fall, which may dilute the pronounced seasonal effect seen in other
regions.
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minimum temperature over a 14-day lag.

The relatively consistent temperature across the zones contributes to
subtler variations in disease prevalence than anticipated, underscoring
the complex interplay of climate factors. The consistent temperature
ranges across these zones, coupled with their distinct rainfall patterns,
suggest that regional adaptations in public health strategies are neces-
sary. Further examination of these complex relationships is warranted,
considering local environmental and social factors that may modulate
these associations.

Understanding the meteorological influences on acute respiratory
diseases is essential for effective public health planning and in-
terventions (D’Amato et al., 2015; Liu et al., 2020). Global research has
demonstrated various temperature and rainfall ranges that influence the
local risk of respiratory diseases (Takaro et al., 2013; Nsoesie et al.,
2014; Zhang et al., 2020b, Ma et al., 2022). In winter rainfall zones, such
as those studied in parts of Australia and the Mediterranean, a rise in
respiratory diseases has been observed during colder and wetter con-
ditions (Ebi and Forsberg, 2009; Rocklov et al., 2014). This holds true for
Cape Town, South Africa, where the distribution of climatic conditions
and claims reveal that colder conditions and relatively wet conditions
are associated with the heightened risk of acute upper respiratory dis-
ease claims (Thrastarson et al., 2017). In Johannesburg, a summer
rainfall zone, cold temperatures and lower rainfall conditions are found
to be associated with the highest risk of claims for respiratory diseases
(Javanian et al., 2021; Kronfeld-Schor et al., 2021). For Ggeberha, a less
distinct relative risk distribution is modelled, likely a function of the
year-round rainfall, and less pronounced seasonal temperature differ-
ences. The subtleties in respiratory disease prevalence across South
Africa’s diverse climatic zones were less pronounced than expected,

possibly due to the relatively consistent temperature ranges experienced
across these regions that are distinguished primarily by their differences
in rainfall seasonality (Philippon et al., 2012; Favre et al., 2016; Roffe
etal., 2019). The analysis within our manuscript focuses on temperature
and its correlation with respiratory disease prevalence. While rainfall
was included in our evaluation, the data did not exhibit a strong cor-
relation independent of temperature variations. We have not analyzed
the impact of air pollutants due to the unavailability of consistent,
region-wide data for the period of our study.

Our study provides a comprehensive analysis of the intricate rela-
tionship between various weather variables and the transmission dy-
namics of respiratory viruses, particularly influenza, in South Africa.
The findings reveal that rather than extreme climatic conditions, it is the
subtle interplay between temperature and humidity that significantly
influences the prevalence and transmission patterns of these viruses
(Pica and Bouvier, 2012). The virus appears to thrive during the weather
conditions commonly experienced in winter, and during colder weeks in
autumn and spring (Motlogeloa et al., 2023). This revelation is instru-
mental in redefining our approach towards influenza preparedness and
response strategies, emphasizing the need for pre-emptive measures
ahead of the identified high-risk periods (Fuhrmann, 2010).

5.2. Public health implications

A multifaceted public health approach, considering the various in-
fluences on respiratory disease prevalence (Shea et al., 2008), is sup-
ported by the findings of this study. A generalized seasonal strategy,
rather than a focus on specific meteorological thresholds, appears more
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pragmatic due to the complex interplay between temperature, rainfall,
humidity, and societal behaviours (Nsoesie et al., 2014; Jackson et al.,
2021; Bi et al., 2007). The study underscores the significance of rainfall
in influencing respiratory disease cases, suggesting a proactive public
health stance during periods of increased rainfall (Motlogeloa et al.,
2023; Treanor, 2016). Given the newfound understanding of the timing
of influenza peaks, there is a pressing need to rethink and optimize
vaccination strategies. The initiation of vaccination campaigns should
be recalibrated to precede the early autumn period, which has been
identified as a conducive environment for influenza transmission
(Treanor, 2016). Such a proactive approach in administering vaccines
could bolster community immunity, reduce susceptibility, and curtail
the spread of the influenza virus (Tempia et al., 2017). Our findings
underscore the imperative of developing adaptive public health strate-
gies that resonate with the prevailing weather patterns conducive to the
transmission of respiratory viruses (Watts et al., 2015). This involves a
meticulous tailoring of various public health interventions, such as
vaccination schedules, public health messaging, and the allocation of
healthcare resources, to align with the nuanced weather patterns iden-
tified in the study (Shea et al., 2008). This study underscores the pivotal
role of routine weather patterns in shaping the transmission dynamics of
respiratory viruses in South Africa. It advocates for a re-evaluation and
recalibration of existing public health strategies, particularly vaccina-
tion campaigns, to align more closely with the identified weather pat-
terns. Such alignment could enhance the efficacy of preventive
measures, fostering a more resilient community against the onslaught of
respiratory viruses, including influenza. In light of the forecasting lim-
itations, we propose a flexible vaccination strategy that incorporates
short-term weather predictions, enabling rapid response to forecast

cooler and wetter conditions, which are conducive to increased respi-
ratory diseases. This insight necessitates a paradigm shift in our pre-
paredness and response strategies, advocating for a more nuanced and
weather-aligned approach to mitigate the impact of respiratory vi-
ruses, particularly influenza (Weaver et al., 2022).

6. Conclusion

In conclusion, this study clarifies the relationships between meteo-
rological variables and the prevalence of claims for acute respiratory
diseases in major South African cities. The findings are instrumental for
enhancing public health planning and interventions, particularly in the
unique context of a developing country like South Africa (Thrastarson
et al., 2017). Our study reveals that temperature and rainfall variations
in Johannesburg, Cape Town, and Gqeberha influence the patterns of
respiratory disease claims, aligning with global research that indicates a
correlation between meteorological variables and respiratory diseases
(Javanian et al., 2021; Kronfeld-Schor et al., 2021). The insights derived
from this study are pivotal for developing targeted communication
strategies, early warning systems, and vaccination campaigns that are
sensitive to the unique climatic and epidemiological profiles of each city
(Motlogeloa et al., 2023; Nsoesie et al., 2014).

Strategic public health communication, based on the identified
temperature and rainfall thresholds, can facilitate better preparedness
and response to seasonal variations in respiratory diseases (Bi et al.,
2007; Treanor, 2016). Tailoring these strategies to the specific needs and
contexts of each city will enhance their effectiveness and relevance,
ensuring a more resilient healthcare system and improved public health
outcomes in the face of varying meteorological conditions (Jackson
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et al,, 2021). In light of these findings, it is essential to continue
exploring and understanding the multifaceted impacts of meteorological
variables on health, to inform more nuanced and effective public health
strategies and interventions in various geographical and climatic
contexts.

Funding sources

OM has received funding for her doctoral studies from the South
African Weather Service and the University of the Witwatersrand Post-
graduate Merit Award. JF receives funding from the National Research
Foundation and the University of the Witwatersrand Research Com-
mittee Friedel Sellschop Award. OM and JM, receive funding from the
National Research Fund ESSRP Grant.

Research ethics

Ethics clearance was obtained from the Witwatersrand Human
Medical Research Ethics Committee, clearance number M210617.
Authorization for data acquisition was obtained by DHMS. Data from
Baragwanath Hospital were collected under the Respiratory and
Meningeal Pathogens Research Unit’s database compiled for the study
“Surveillance on pathogen-specific causes of pneumonia and diarrhoea
hospitalization in children” HREC reference no: 131109.

CRediT authorship contribution statement

Ogone Motlogeloa: Writing — review & editing, Writing — original
draft, Methodology, Investigation, Formal analysis. Jennifer M. Fitch-
ett: Writing — review & editing, Supervision, Methodology, Formal
analysis, Data curation, Conceptualization.

10

Declaration of competing interest

We declare that the authors have no competing interests, financial or
otherwise.

Data availability

The data that has been used is confidential.

Acknowledgements

The authors express their gratitude to the DHMS and SAWS for
providing access to their valuable datasets. Additionally, sincere
appreciation is extended to Dr. Neville Sweijd who was involved in
obtaining the data for this study, conversations about data presentations
and supervising OM’s broader project, Mr. George Mamvura for his
invaluable assistance in conducting the data analysis, for Miss. Seabilwe
Tilodi for her assistance in making the study site map.

References

Alahmad, B., Kurdi, H., Colon-Gonzalez, F.J., Lake, I.R., Morbey, R., Pebody, R., Elliot, A.
J., Catchpole, M., McCloskey, B., Smith, G.E., 2019. Cold and dry weather is
associated with outbreaks of influenza and influenza-like illness in Saudi Arabia.
Influenza Other Respi. Viruses 13, 484-492.

Armstrong, B., Gasparrini, A., Tobias, A., 2014. Conditional Poisson models: a flexible
alternative to conditional logistic case cross-over analysis. BMC Med. Res. Methodol.
14, 122.

Bi, P., Wang, J., Hiller, J.E., 2007. Weather: driving force behind the transmission of
severe acute respiratory syndrome in China? Intern. Med. J. 37 (8), 550-554.

Cannell, J.J., Vieth, R., Umhau, J., Holick, M., Grant, W., Madronich, S., Garland, C.,
Giovannucci, E., 2006. Epidemic influenza and vitamin D. Epidemiol. And. Infect.
134, 1129-1140.

Chai, G., He, H,, Su, Y., Sha, Y., Zong, S., 2020. Lag effect of air temperature on the
incidence of respiratory diseases in Lanzhou. China. Int. J. Biometeorol. 64, 83-93.


http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0010
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0010
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0010
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0010
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0020
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0020
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0020
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0025
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0025
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0035
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0035
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0035
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0040
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0040

O. Motlogeloa and J.M. Fitchett

Cohen, C., Moyes, J., Tempia, S., Groom, M., Walaza, S., Pretorius, M., Dawood, H.,
Chhagan, M., Haffejee, S., Variava, E., Kahn, K., Wolter, N., von Gottberg, A.,
Tshangela, A., Venter, M., 2015a. Severe influenza-associated respiratory infection
in high HIV prevalence setting, South Africa, 2009-2011. Emerg. Infect. Dis. 21,
1966-1974.

Cohen, C., Moyes, J., Tempia, S., Groome, M., Walaza, S., Pretorius, M., Dawood, H.,
Chhagan, M., Haffejee, S., Variava, E., Kahn, K., 2015b. Mortality amongst patients
with influenza-associated severe acute respiratory illness, South Africa, 2009-2013.
PloS One 103, e0118884.

Crank, P.J., Hondula, D.M., Sailor, D.J., 2023. Mental health and air temperature:
attributable risk analysis for schizophrenia hospital admissions in arid urban
climates. Sci. Total Environ. 862, 160599.

Crétat, J., Richard, Y., Pohl, B., Rouault, M., Reason, C., Fauchereau, N., 2012. Recurrent
daily rainfall patterns over South Africa and associated dynamics during the core of
the austral summer. Int. J. Climatol. 32, 261-273.

Cui, Y., Zhang, Z.F., Froines, J., Zhao, J., Wang, H., Yu, S.Z., Detels, R., 2003. Air
pollution and case fatality of SARS in the People’s Republic of China: an ecologic
study. Environ. Health 2, 15.

D’Amato, G., Cecchi, L., D’Amato, M., Annesi-Maesano, 1., 2014. Climate Change and
Respiratory Diseases.

D’Amato, G., Holgate, S.T., Pawankar, R., Ledford, D.K., Cecchi, L., Al-Ahmad, M., Al-
Enezi, F., Al-Muhsen, S., Ansotegui, I., Baena-Cagnani, C.E., Baker, D.J., Bayram, H.,
Bergmann, K.C., Boulet, L.P., Buters, J.T., D’Amato, M., Dorsano, S., Douwes, J.,
Finlay, S.E., Garrasi, D., Gomez, M., Haahtela, T., Halwani, R., Hassani, Y.,
Mahboub, B., Marks, G., Michelozzi, P., Montagni, M., Nunes, C., Oh, J.J., Popov, T.
A., Portnoy, J., Ridolo, E., Rosério, N., Rottem, M., Sanchez-Borges, M., Sibanda, E.,
Sienra-Monge, J.J., Vitale, C., Annesi-Maesano, I., 2015. Meteorological conditions,
climate change, new emerging factors, and asthma and related allergic disorders. A
statement of the World Allergy Organization. World Allergy Organ J. 8, 25.

de Sousa, Z., Cunha, K., Teixeira, R., 2019. The impact of meteorological variables on the
transmission of respiratory syncytial virus. Sci. Total Environ. 650, 1244-1250.

Ding, Y., Keiley, M.K., Garza, M.A., Duffy, P.A., Zizza, C.A., 2010. Food insecurity is
associated with poor sleep outcomes among US adults. J. Nutr. 140, 612-617.

Dumanoglu, Y., Gaga, E.O., Gungormus, E., Sofuoglu, S.C., Odabasi, M., Onat, L.,
Sofuoglu, A., 2021. Spatial and seasonal variation and source apportionment of
volatile organic compounds (VOCs) in a heavily industrialized region. Atmos.
Environ. 117, 223-237.

Ebi, K.L., Forsberg, B., 2009. Health in the new scenarios for climate change research.
Int. J. Environ. Res. Public Health 6 (1), 248-254.

Engelbrecht, C.J., Engelbrecht, F.A., 2016. Shifts in Koppen-Geiger climate zones over
southern Africa in relation to key global temperature goals. Theor. Appl. Climatol.
123, 247-261.

Engelbrecht, C.J., Landman, W.A., 2016. Interannual variability of seasonal rainfall over
the Cape south coast of South Africa and synoptic type association. Climate Dynam.
47, 295-313.

Favre, A., Philippon, N., Pohl, B., Kalognomou, E.A., Lennard, C., Hewitson, B.,
Nikulin, G., Dosio, A., Panitz, H.J., Cerezo-Mota, R., 2016. Spatial distribution of
precipitation annual cycles over South Africa in 10 CORDEX regional climate model
present-day simulations. Climate Dynam. 46, 1799-1818.

Fitchett, J.M., Bamford, M.K., 2017. The validity of the Asteraceae: Poaceae fossil pollen
ratio in discrimination of the southern African summer-and winter-rainfall zones.
Quat. Sci. Rev. 160, 85-95.

Fuhrmann, C., 2010. The effects of weather and climate on the seasonality of influenza:
what we know and what we need to know. Geogr. Compass 47, 718-730.

Gao, S., Yang, T., Zhang, X., Li, G., Qin, Y., Zhang, X., Li, J., Yang, S., Yin, M., Zhao, J.,
Wei, N., 2023. A longitudinal study on the effect of extreme temperature on non-
accidental deaths in Hulunbuir City based on DLNM model. Int. Arch. Occup.
Environ. Health 1-6.

Gasparrini, A., 2011. Distributed lag linear and non-linear models in R: the package
dlnm. J. Stat. Software. 438, 1.

Gasparrini, A., 2014. Modeling exposure-lag-response associations with distributed lag
non-linear models. Stat. Med. 335, 881-899.

Gasparrini, A., Leone, M., 2014. Attributable risk from distributed lag models. BMC Med.
Res. Methodol. 141, 1-8.

Harlan, S.L., Ruddell, D.M., 2011. Climate change and health in cities: impacts of heat
and air pollution and potential co-benefits from mitigation and adaptation. Curr.
Opin. Environ. Sustain. 33, 126-134.

Hohl, C.M., Karpov, A., Reddekopp, L., Stausberg, J., 2014. ICD-10 codes used to identify
adverse drug events in administrative data: a systematic review. J. Am. Med. Inform.
Assoc. 213, 547-557.

Jackson, M.L., Hart, G.R., McCulloch, D.J., Adler, A., Brandstetter, E., Fay, K., Han, P.,
Lacombe, K., Lee, J., Sibley, T.R., Nickerson, D.A., 2021. Effects of weather-related
social distancing on city-scale transmission of respiratory viruses: a retrospective
cohort study. BMC Infect. Dis. 21, 1-8.

Javanian, M., Barary, M., Ghebrehewet, S., Koppolu, V., Vasigala, V., Ebrahimpour, S.,
2021. A brief review of influenza virus infection. J. Med. Virol. 93 (8), 4638-4646.

Kronfeld-Schor, N., Stevenson, T.J., Nickbakhsh, S., Schernhammer, E.S., Dopico, X.C.,
Dayan, T., Martinez, M., Helm, B., 2021. Drivers of infectious disease seasonality:
potential implications for COVID-19. J. Biol. Rhythms 36 (1), 35-54.

Lam, H.C., Anees-Hill, S., Satchwell, J., Symon, F., Macintyre, H., Pashley, C.H.,
Marczylo, E.L., Douglas, P., Aldridge, S., Hansell, A., 2024. Association between
ambient temperature and common allergenic pollen and fungal spores: a 52-year
analysis in central England. United Kingdom. Sci. Total. Environ. 906, 167607.

Landman, W.A., Malherbe, J., Engelbrecht, F., 2017. South Africa’s present-day climate.
In: Mambo, J., Faccer, K. (Eds.), Understanding the Social and Environmental
Implications of Global Change. Africa Sun Media, Stellenbosch.

11

Science of the Total Environment 918 (2024) 170661

Lennard, C., 2019. Multi-scale drivers of the south African weather and climate. In:
Knight, J., Rogerson, C.M. (Eds.), The Geography of South Africa. Springer,
Switzerland.

Lessler, J., Reich, N.G., Brookmeyer, R., Perl, T.M., Nelson, K.E., Cummings, D.A., 2009.
Incubation periods of acute respiratory viral infections: a systematic review. Lancet
Infect. Dis. 9 (5), 291-300.

Li, H.P., Xia, Y., Qin, P.P., Wang, W.C., Liu, Z.R., Zhao, Y.H., Yang, L.J., 2023.
Association between temperature changes and cardiovascular mortality risk in a
high-latitude city in Northeast China. Biomed. Environ. Sci. 36 (11), 1095-1099.

Liu, Q., Tan, Z.M., Sun, J., Hou, Y., Fu, C., Wu, Z., 2020. Changing rapid weather
variability increases influenza epidemic risk in a warming climate. Env Res Lett 15
(4), 044004.

Liu, Y., Kan, H., Xu, J., Rogers, D., Peng, L., Ye, X., Wang, W., Wang, J., Chen, R., 2021.
Seasonality of the mortality risk of respiratory syncytial virus infection: A systematic
review and meta-analysis. J. Glob. Health 11, 05009.

Ma, P., Tang, X., Zhang, L., Wang, X., Wang, W., Zhang, X., Wang, S., Zhou, N., 2022.
Influenza A and B outbreaks differed in their associations with climate conditions in
Shenzhen, China. Int. J. Biometeorol. 66, 163-173.

Meng, X., Jin, J., Han, X., Han, B., Bai, M., Zhang, Z., 2023. Effect of Meteorological
Factors, Air Pollutants On Daily Hospital Admissions For Ischemic Heart Disease in
Lanzhou, China. https://doi.org/10.21203/rs.3.rs-2384387/v1.

Mirsaeidi, M., Motahari, H., Taghizadeh Khamesi, M., Sharifi, A., Campos, M.,
Schraufnagel, D.E., 2016. Climate change and respiratory infections. Ann. Am.
Thorac. Soc. 138, 1223-1230.

Motlogeloa, O., Fitchett, J.M., Sweijd, N., 2023. Defining the south African acute
respiratory infectious disease season. Int. J. Environ. Res. Public Health 20 (2), 1074.

Nsoesie, E.O., Brownstein, J.S., Ramakrishnan, N., Marathe, M.V., 2014. A systematic
review of studies on forecasting the dynamics of influenza outbreaks. Influenza
Other Respi. Viruses 8 (3), 309-316.

Ozeki, K., Noda, T., Nakamura, M., Ojima, T., 2015. Weather and headache onset: a
large-scale study of headache medicine purchases. Int. J. Biometeorol. 59, 447-451.

Patz, J.A., Githeko, A K., McCarty, J.P., Hussein, S., Confalonieri, U., De Wet, N., 2003.
Climate change and infectious diseases. Clim. Change. Hum. Health: Risks.
Responses. 2, 103-132.

Philippon, N., Rouault, M., Richard, Y., Favre, A., 2012. The influence of ENSO on winter
rainfall in South Africa. Int. J. Climatol. 32, 2333-2347.

Phung, D., Thai, P.K., Guo, Y., Morawska, L., Rutherford, S., Chu, C., 2016. Ambient
temperature and risk of cardiovascular hospitalization: an updated systematic
review and meta-analysis. Sci. Total Environ. 550, 1084-1102.

Pica, N., Bouvier, N.M., 2012. Environmental factors affecting the transmission of
respiratory viruses. Curr. Opin. Virol. 2 (1), 90-95.

Rocklov, J., Forsberg, B., Ebi, K., Bellander, T., 2014. Susceptibility to mortality related
to temperature and heat and cold wave duration in the population of Stockholm
County. Sweden. Glob. Health Action 7, 22737.

Roffe, S.J., Fitchett, J.M., Curtis, C.J., 2019. Classifying and mapping rainfall seasonality
in South Africa: a review. S. Afr. Geogr. J. 101, 158-174.

Roffe, S.J., Fitchett, J.M., Curtis, C.J., 2021. Investigating changes in rainfall seasonality
across South Africa: 1987-2016. Imt. J. Climatol. 41, E2031-E2050.

Roussel, M., Pontier, D., Cohen, J.M., Lina, B., Fouchet, D., 2016. Quantifying the role of
weather on seasonal influenza. BMC Public Health 161, 1-14.

Scheffer, J., 2002. Dealing with missing data. Res. Lett. Inf. Math. Sci. 3, 153-160.

Sera, F., Armstrong, B., Tobias, A., Vicedo-Cabrera, A.M., Astrém, C., Bell, M.L., Chen, B.
Y., Coelho, M. de Sousa Zanotti Stagliorio, Matus Correa, P., Cruz, J.C., Dang, T.N.,
Hurtado-Diaz, M., Do Van, D., Forsberg, B., Guo, Y.L., Guo, Y., Hashizume, M.,
Honda, Y., Indermitte, E., Jaakkola, J.J.K., Kan, H., Kim, H., Lavigne, E.,
Michelozzi, P., Ortega, N.V., Osorio, S., Pascal, M., Ragettli, M.S., Ryti, N.R.L,,
Saldiva, P.H.N., Schwartz, J., Scortichini, M., Seposo, X., Tong, S., Zanobetti, A.,
Gasparrini, A., 2019. How urban characteristics affect vulnerability to heat and cold:
a multi-country analysis. Environ. Health Perspect. 127 (11), 117007.

Shea, K.M., Truckner, R.T., Weber, R.W., Peden, D.B., 2008. Climate change and allergic
disease. J. Allergy Clin. Immunol. 122 (3), 443-453.

Shen, Z., Han, Y., Cao, J., Tian, J., Zhu, C., Liu, S., Liu, P., Wang, Y., 2010. Characteristics
of traffic-related emissions: a case study in roadside ambient air over Xi'an. China.
Aerosol. Air. Qual. Res. 10 (3), 292-300.

Sousa, P.M., Blamey, R.C., Reason, C.J., Ramos, A.M., Trigo, R.M., 2018. The ‘Day Zero’
Cape Town drought and the poleward migration of moisture corridors. Environ. Res.
Lett. 13 (12), 124025.

Stausberg, J., Hasford, J., 2010. Identification of adverse drug events: the use of ICD-10
coded diagnoses in routine hospital data. Deutsches. Arzteblatt. Int. 1073, 23.
Stojanovic, J., Milosevic, Z., Stojanovic, D., Milenkovic, M., Stojanovic, M., 2019. The
impact of atmospheric pollution, including PM2.5 level, on the development of acute

coronary syndrome. Environ. Sci. Pollut. Res. 26, 16904-16911.

Takaro, T.K., Knowlton, K., Balmes, J.R., 2013. Climate change and respiratory health:
current evidence and knowledge gaps. Expert Rev. Respir. Med. 74, 349-361.

Tempia, S., Walaza, S., Moyes, J., Cohen, A.L., Von Mollendorf, C., Treurnicht, F.K.,
Venter, M., Pretorius, M., Hellferscee, O., Mtshali, S., Seleka, M., 2017. Risk factors
for influenza-associated severe acute respiratory illness hospitalization in South
Africa, 2012-2015. In: Open Forum Infectious Diseases, Vol. 4. US: Oxford
University Press. No. 1, p. ofw262.

Thrastarson, H.T., Teixeira, J., Serman, E.A., Parekh, A., Yeo, E. 2017. Analysis and
modeling of influenza outbreaks as driven by weather. In AGU Fall Meet. Abstr.
2017, GC13G-0839.

Treanor, J.J., 2016. Influenza vaccination. N. Engl. J. Med. 375 (13), 1261-1268.

Tyson, P.D., Preston-Whyte, R.A., 2000. The Weather and Climate of Southern Africa.
Oxford University Press, Cape Town.


http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0050
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0050
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0050
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0050
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0050
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0055
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0055
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0055
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0055
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0060
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0060
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0060
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0065
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0065
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0065
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0070
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0070
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0070
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0075
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0075
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0080
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0080
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0080
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0080
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0080
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0080
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0080
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0080
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0080
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0085
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0085
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0090
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0090
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0095
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0095
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0095
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0095
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0100
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0100
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0105
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0105
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0105
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0110
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0110
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0110
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0120
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0120
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0120
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0120
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0125
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0125
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0125
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0130
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0130
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0135
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0135
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0135
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0135
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0140
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0140
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0145
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0145
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0150
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0150
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0170
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0170
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0170
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0175
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0175
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0175
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0180
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0180
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0180
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0180
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0185
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0185
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0190
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0190
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0190
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0195
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0195
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0195
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0195
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0200
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0200
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0200
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0205
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0205
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0205
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0210
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0210
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0210
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0215
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0215
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0215
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0220
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0220
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0220
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0225
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0225
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0225
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0230
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0230
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0230
https://doi.org/10.21203/rs.3.rs-2384387/v1
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0240
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0240
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0240
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0245
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0245
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0250
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0250
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0250
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0255
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0255
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0260
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0260
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0260
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0265
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0265
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0270
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0270
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0270
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0275
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0275
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0280
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0280
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0280
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0285
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0285
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0290
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0290
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0295
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0295
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0300
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0310
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0310
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0310
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0310
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0310
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0310
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0310
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0310
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0315
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0315
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0320
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0320
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0320
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0325
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0325
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0325
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0330
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0330
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0335
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0335
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0335
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0340
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0340
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0345
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0345
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0345
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0345
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0345
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0355
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0360
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0360

O. Motlogeloa and J.M. Fitchett

Van Noort, S.P., Aguas, R., Ballesteros, S., Gomes, M.G.M., 2012. The role of weather on
the relation between influenza and influenza-like illness. J. Theor. Biol. 298,
131-137.

Vega, T., Lozano, J.E., Meerhoff, T., Snacken, R., Beauté, J., Jorgensen, P., Ortiz de
Lejarazu, R., Domegan, L., Mossong, J., Nielsen, J., Born, R., Larrauri, A., Brown, C.,
2015. Influenza surveillance in Europe: comparing intensity levels calculated using
the moving epidemic method. Influenza Other Respi. Viruses 5, 234-246.

Watts, N., Adger, W.N., Agnolucci, P., Blackstock, J., Byass, P., Cai, W., Chaytor, S.,
Colbourn, T., Collins, M., Cooper, A., Cox, P.M., 2015. Health and climate change:
policy responses to protect public health. Lancet 386 (10006), 1861-1914.

Weaver, A.K., Head, J.R., Gould, C.F., Carlton, E.J., Remais, J.V., 2022. Environmental
factors influencing COVID-19 incidence and severity. Annu. Rev. Public Health 43,
271-291.

Wright, C.Y., Kapwata, T., Jean du Preez, D., Wernecke, B., Garland, R.M., Nkosi, V.,
Landman, W.A., Dyson, L., Norval, M., 2021. Major climate change-induced risks to
human health in South Africa. Environ. Res. 196.

Science of the Total Environment 918 (2024) 170661

Zhang, Y., Li, C., Feng, R., Zhu, Y., Wu, K., Tan, X., Ma, L., 2016. The short-term effect of
ambient temperature on mortality in Wuhan, China: A time-series study using a
distributed lag non-linear model. Int. J. Environ. Res. Public Health 13, 722.

Zhang, Y., Ding, Z., Xiang, Q., Wang, W., Huang, L., Mao, F., Pan, J., Huang, Y., Liu, Q.,
Zhu, L., Chen, R., Kan, H., Zhao, J., 2020a. Short-term effects of ambient PM1 and
PM2.5 air pollution on hospital admission for respiratory diseases: case-crossover
evidence from Shenzhen, China. Environ. Res. 182, 109138.

Zhang, Y., Ye, C., Yu, J., Zhu, W., Wang, Y., Li, Z., Xu, Z., Cheng, J., Wang, N., Hao, L.,
Hu, W., 2020b. The complex associations of climate variability with seasonal
influenza A and B virus transmission in subtropical Shanghai. China. Sci Total Env
701, 134607.

Zhang, Z., Xie, X., Chen, X., Li, Y., Lu, Y., Mei, W., Liao, Y., Lin, H., 2022. The effect of
ambient temperature on childhood hand, foot and mouth disease in Guangzhou,
China: a distributed lag non-linear analysis. Sci. Total Environ. 755, 142551.

Zhao, Q., Zhao, Y., Li, S., Zhang, Y., Wang, Q., Zhang, H., Qiao, H., Li, W., Huxley, R.,
Williams, G., Zhang, Y., 2018. Impact of ambient temperature on clinical visits for
cardio-respiratory diseases in rural villages in northwest China. Sci. Total Environ.
612, 379-385.

12


http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0365
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0365
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0365
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0370
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0370
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0370
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0370
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0375
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0375
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0375
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0380
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0380
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0380
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0385
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0385
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0385
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0390
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0390
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0390
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0395
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0395
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0395
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0395
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0400
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0400
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0400
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0400
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0405
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0405
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0405
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0410
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0410
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0410
http://refhub.elsevier.com/S0048-9697(24)00800-3/rf0410

	Assessing the impact of climatic variability on acute respiratory diseases across diverse climatic zones in South Africa
	1 Introduction
	2 Material and methods
	2.1 Study site
	2.2 Data sources
	2.2.1 Medical insurance scheme claims
	2.2.2 Meteorological data


	3 Data analysis
	4 Results
	4.1 Correlation between meteorological variables and respiratory disease claims
	4.2 Meteorological influences on acute respiratory diseases
	4.3 Nonlinear associations between meteorological variables and acute respiratory disease incidence

	5 Discussion
	5.1 Meteorological impact on acute respiratory diseases
	5.2 Public health implications

	6 Conclusion
	Funding sources
	Research ethics
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgements
	References


