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Abstract

Extreme temperatures are an emerging public health concern due to their significant impact
on humans, yet the evidence remains limited in tropical countries. This study examined the
non-linear relationship between ambient temperature and non-accidental and cause-specific
mortality in two northern parts of Peninsular Malaysia, from 2011 to 2019. Daily mortality
and meteorological data were analyzed using a quasi-Poisson Generalized Linear Model
with a Distributed Lag-Non-Linear model to estimate the relationship between temperature
and mortality. A U-shaped and J-shaped relationship was observed for the cumulative
effects of 21-day lag periods for Kedah and Penang, respectively. The minimum mortality
temperature (MMT) at 27.4 ◦C in Kedah and 28.2 ◦C in Penang was observed. Extremely
high temperatures were associated with an increased non-accidental mortality, with a 16%
increase at cumulative lag days 0–3 in Kedah and a 21% increase at cumulative lag days 0–7
in Penang. Vulnerable groups included individuals with respiratory diseases, the elderly,
both genders and those residing in both urban and rural areas. These findings highlight the
acute impact of heat on mortality in Malaysia and underscore the need for targeted public
health interventions. Strengthening heat-health warning systems, improving healthcare
preparedness, and prioritizing vulnerable populations are essential to mitigate the health
impacts of rising temperatures in tropical regions.

Keywords: temperature; non-accidental mortality; distributed lag non-linear model;
minimum mortality temperature

1. Introduction
Human activities, primarily through the emission of greenhouse gases (GHG), have

triggered global warming. Consequently, climate change has emerged as one of the greatest
global threats of the 21st century. As the climate shifts, the dynamics and intensity of
these events change, placing vulnerable communities at greater risk [1]. According to the
latest synthesis report by the Intergovernmental Panel on Climate Change (IPCC), the
global mean surface temperature (GMST) increased by 1.09 ◦C (0.95 to 1.20 ◦C) between
2011 and 2020 compared to the pre-industrial levels (1850–1900), with recent warming
averaging 0.2 ◦C (0.10 ◦C) per decade [2]. Southeast Asia has also experienced a rise in mean
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surface temperatures by approximately 0.1 ◦C to 0.3 ◦C per decade since the mid-twentieth
century [3]. Furthermore, an exceptionally strong El Niño event in 2016 led to record-
breaking temperatures across several Southeast Asian countries, including Peninsular
Malaysia, Cambodia, Laos, Myanmar, Thailand, and Vietnam, where surface temperatures
exceeded historical averages by more than 2.0 ◦C [4]. Such extreme temperature events are
expected to become more frequent under future climate change scenarios.

Previous research has demonstrated that high and low temperatures increase mor-
bidity and mortality risk [5]. Extended exposure to elevated day and nighttime temper-
atures directly imposes cumulative physiological stress on the human body and causes
heat-related illnesses, such as dehydration, heat cramps, and heat stroke [6]. This stress
subsequently exacerbates preexisting medical conditions such as cardiovascular, respira-
tory, mental and renal diseases [7], hence increasing the premature mortality [8]. Moreover,
the mortality burden would further increase by 4.0–5.0% at the end of the century under
high emissions of GHG and the absence of effective mitigation measures [9].

Generally, exposure to high temperatures produces immediate and acute effects, while
low temperatures often demonstrate delayed effects up to weeks following exposures [10].
Every 1 ◦C rise in the temperature will raise the risk of morbidity and mortality by 3% [11].
Heatwaves have produced catastrophic consequences and substantial mortality globally,
including in Europe (2003; 72,000 deaths) and Russia (2010; 56,000 deaths) [12]. Significant
heat-related mortality has also been reported in Turkey (2015, 2016, and 2017; 419 deaths
in total) [13] and Pakistan (2015; 1151 deaths) [14]. Vulnerable groups, including the
elderly, children, females, pregnant women, and those with premorbid conditions such as
cardiorespiratory disease, mental illness, and those on psychotropic medications [15], poor
socioeconomic status, homeless, outdoor workers and urban dwellers [16], are at risk of
morbidity and mortality during extreme temperature exposure.

Hence, understanding the temperature–mortality relationship is crucial so that the
targeted intervention and adaptive capacity to the community can be optimized. Previous
epidemiological research has demonstrated a complex, non-linear relationship between tem-
perature and mortality, which is often characterized by a U-shaped, J-shaped or V-shaped
curve [17]. Nevertheless, these studies have been concentrated in developed countries,
which generally have better preparedness for extreme temperatures, including early warn-
ing systems, robust healthcare infrastructure and effective policies and governance [18,19].
Conversely, the evidence of temperature and mortality research in lower-middle-income
countries remains scarce, making these countries more vulnerable to the negative impacts
of extreme temperatures [20].

Malaysia is also experiencing global warming, with documented warming rates at
2.7 ◦C to 4.0 ◦C/100 years, and more frequent heatwave events have been reported in the
last decade. Kedah and Penang, located in the northern part of Malaysia, are among the
hottest states in the country and demonstrate a moderate to high heat exposure index [21].
These states are also frequently issued with level 1 and level 2 heat alerts by the Malaysian
Meteorological Department [22]. Besides being influenced by the Southwest Monsoon
(April to September), which is characterized by drier weather and reduced rainfall, the
El Niño phenomenon further worsens the condition, leading to elevated temperatures
and increased frequency of heatwaves [23]. Apart from climate change, urbanization may
further exacerbate heat exposure through the urban heat island effect, which has been
documented in Penang, especially from 11 am to 2 pm [24]. To date, studies on temperature
and mortality in Malaysia are limited and focused on specific populations or geographical
settings. Previous studies have examined temperature–mortality associations in the Klang
Valley [25], among children under five in Malaysia [26], and in coastal regions of Kelantan
and Kedah [27]. Unlike previous Malaysian studies, the present study incorporates both

https://doi.org/10.3390/cli14070139

https://doi.org/10.3390/cli14070139


Climate 2026, 14, 139 3 of 19

Kedah and Penang, enabling comparisons between a predominantly rural and a highly
urbanized setting, while additionally accounting for multiple air pollutants as potential
confounders. Evidence comparing urban and rural populations within northern Peninsular
Malaysia remains scarce. Therefore, this study aimed to examine the relationship between
daily temperature and non-accidental and specific cause of mortality in the northern part of
Peninsular Malaysia, namely Penang and Kedah. Addressing this gap is essential to better
understand population-level vulnerability and to inform locally relevant climate–health
adaptation strategies, as variation in geographic and climatic conditions will yield different
patterns in the relationship between temperature and mortality risk [28].

2. Materials and Methods
2.1. Study Area

Kedah is a state located in the northwest of Peninsular Malaysia, bordered by Perlis
and Thailand to the north, Perak to the east and south, and the Straits of Malacca to the
west. Geographically, it lies between latitudes 5◦25′ N and 6◦55′ N and longitudes 99◦36′ E
and 100◦56′ E, covering an area of approximately 9402 km2. The state had an estimated
population of 2.19 million in 2019 [29] and the economy is primarily driven by agriculture,
particularly paddy fields, manufacturing, and tourism through Langkawi Island [30].

Penang is also a state situated in the northwest of Peninsular Malaysia, between
latitudes 5◦12′ N and 5◦30′ N and longitudes 100◦09′ E and 100◦26′ E. It is divided into
two distinct regions: Seberang Perai, bordering Kedah to the east and Perak to the south,
and Penang Island itself. George Town, the capital city of Penang, is situated on the eastern
coast of Penang Island and serves as the state’s principal administrative, commercial, and
urban centre. Despite its small land surface area of 1049 km2, Penang boasts the nation’s
highest population densities, experiencing significant development and a high urbanization
rate, with an estimated population of 1.77 million in 2021 [31]. Over the past two decades,
Penang Island has undergone rapid and drastic urban expansion, attributed to growth in
both industrial and residential areas [21,24].

2.2. Mortality, Meteorological and Air Pollutant Data

Daily mortality records for Kedah and Penang were obtained from the Department of
Statistics Malaysia (DOSM) and covered the period from 1 January 2011 to 31 December
2019. The dataset includes daily causes of death classified according to the ICD-10 coding
system, comprising non-accidental mortality (A00–R99), cardiovascular mortality (I00–I99),
and respiratory mortality (J00–J99). Mortality records were further stratified by age group,
sex and rural–urban locality based on the Department of Statistics Malaysia’s definition [32].

Daily meteorological data encompassing the daily averages of minimum, maximum,
and mean temperatures, as well as daily averages of relative humidity, were procured
from the Malaysian Meteorological Department (4 stations) for the same period (1 January
2011 to 31 December 2019). Due to the uneven spatial distribution of stations in Kedah,
particularly in Sik and Baling, a proxy approach was applied. Meteorological data from
Butterworth station were used to represent Kuala Muda, given their proximity (within
40 km). The Kuala Muda proxy station was subsequently used to represent Sik and Baling.
This approach was consistent with previous environmental epidemiology studies [5,33]
that utilized the nearest available monitoring station to represent areas without direct
observations. Given the relatively small geographical scale and similar climatic conditions
within Kedah, the use of proxy stations was considered a reasonable approach for exposure
assessment. Nevertheless, potential exposure misclassification may still have occurred,
particularly in areas without direct meteorological observations. Figure 1 shows the study
area and the locations of meteorological and air quality monitoring stations.
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Figure 1. Location of the study areas with meteorological and air pollution stations.

To investigate confounders, daily averaged concentrations of air pollutants, including
PM10, PM2.5, CO, SO2, NO2, and O3, were obtained from the Malaysian Department of
Environment’s Continuous Air Quality Monitoring Stations for the same study period
(1 January 2011 to 31 December 2019). Prior to analysis, the data were screened for du-
plicate records, outliers, and missing values. Outliers were identified using the boxplot
interquartile range (IQR) method and reviewed before further processing. Before impu-
tation, missing values ranged from 2.2% to 2.9% across the air pollutants except PM2.5.
Missing values were addressed using Multiple Imputation implemented in IBM SPSS
Statistics version 26 (IBM Corp., Armonk, NY, USA) with an iterative Markov Chain Monte
Carlo (MCMC) procedure. A total of five imputed datasets were generated and pooled for
subsequent analyses. PM2.5 has more than 70% of missing data; hence, it was excluded
from the analysis [34,35].

Data management and preprocessing were conducted separately for Kedah and
Penang throughout the study. Mortality, meteorological, and air pollution datasets were
maintained as independent state-specific databases during data cleaning, quality assess-
ment, and imputation procedures. Environmental exposure variables were linked only
to the corresponding state-level mortality records using date-matched observations from
designated monitoring stations. Following preprocessing, separate analytical datasets were
generated for Kedah and Penang and subsequently analyzed independently. No pooling
or merging of mortality or environmental data between states was performed at any stage
of the analysis.

https://doi.org/10.3390/cli14070139

https://doi.org/10.3390/cli14070139


Climate 2026, 14, 139 5 of 19

2.3. Statistical Analysis

Spearman’s correlation was first used to assess agreement between temperatures
recorded at different meteorological stations within each state. Statistical significance was
assessed at a threshold of p ≤ 0.05.

Subsequently, a quasi-Poisson regression in the Generalized Linear Model (GLM)
was applied separately for each state and coupled with the Distributed Lag-Non-Linear
model (DLNM) to examine the relationship between daily temperature and mortality [5,11].
DLNM is a framework that can simultaneously describe the non-linear effect on tempera-
ture (temperature–mortality dimension) and lag effect (lag–mortality dimension) through a
cross-basis function [36]. Moreover, the quasi-Poisson approach was used to account for
the overdispersion of the daily death count (Yt) due to its character that fits better to the
overall variance-mean relationship as compared to negative binomial regression [37,38].

The general model used in this study was as follows:

Log E (Yt) = α + βTt,l + DOWt + ns (time, df = i/year) + ns (RHt, df = 3)

+ ns (air pollutants, df = 3)

where t is the day of observation, Yt is the number of daily deaths on day t, α is the
intercept, β is the vector of regression coefficients for Tt,l. Tt,l refers to the matrix obtained
by applying the ‘cross-basis’ DLNM functions to temperatures, and l refers to the lag days.

DOWt is a day-of-the-week variable for day t used to control for the effect of day
of the week on daily mortality (e.g., the number of mortalities tends to be higher on
weekends than on weekdays). Time is a continuous variable starting from the initial day
of observation in this study until the last day of observation, which will be 3287 days
(2011–2019). ns indicates the smoothing parameter set to the natural cubic spline. Based on
previous research, natural cubic spline acts as a smoothing parameter in DLNM functions
to control long-term trend and seasonality, as well as the confounders such as air pollutants,
which also have an effect on mortality [25,39,40].

Model development was conducted in a stepwise manner in both states separately.
The selection of lag periods, degrees of freedom, and spline specifications was guided by
previous environmental epidemiological studies [25,40] and further evaluated using the
Quasi-Akaike Information Criterion (Q-AIC). Models with the lowest Q-AIC values were
selected as the final models.

First, a basic model was established to control for long-term trend and seasonality
using a natural cubic spline smooth function for the time variable, with degrees of freedom
(df ) per year ranging from 2 to 14, and DOW was controlled as a categorical variable
(Tables S1 and S2). Then, a cross-basis function to the temperature (Tt,l), maximum lag,
and lag with df varies from 3 to 10 was performed with maximum lag values at 7, 14 and
21. The lag knots were placed at equally spaced intervals on the logarithmic scale, while
temperature knots were specified at the 10th, 75th, and 90th percentiles of the temperature
distribution (Tables S3 and S4).

Subsequently, potential confounders, namely relative humidity and air pollutants
(PM10, CO, SO2, NO2, and O3), were incorporated into the model using natural cubic spline
functions with df of 3 [25,41] (Table S5).

Previous studies have been using mean temperature as a mortality predictor while
investigating the relationship between temperature and mortality due to its ability to repre-
sent the exposure throughout the day and night [42,43]. Moreover, this study used mean
temperature because it yielded the smallest Q-AIC value among the mortality predictors
(Table S6).
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Subsequently, the minimum mortality temperature (MMT) value was derived using a
function of ‘findmin’ in R, which has been used by Gasparrini and Armstrong [44]. The
overall cumulative effect of mean temperature on non-accidental mortality over a 21-day
lag was examined and subsequently extended to different lags (0–3, 0–7, 0–14, 0–28 days)
to examine how the risk of mortality changed over time. In order to examine the hot and
cold effects on non-accidental mortality, the relative risks at extremely low (defined as
the 1st percentile of temperature) and extremely high (defined as the 99th percentile of
temperature) were compared to the minimum mortality value (MMT) [25].

Finally, a sensitivity analysis was conducted to assess the robustness of the results by
varying the lag lengths, the degree of freedom for time, and the inclusion of air pollutants,
particularly ozone, SO2, NO2, and relative humidity.

The entire model selection process was guided by the Quasi-Akaike Information
Criterion (Q-AIC), which has been extensively used in environmental epidemiology, and
time-series regression was used to assess model fit. The model with the lowest Q-AIC value
was selected as the final model [25,36,40,45]. All analyses were conducted using R Studio
software version 2022.02.1 (Posit Software, PBC, Boston, MA, USA) with the packages
‘dlnm’ and ‘splines’ to estimate the association between mortality and the temperature for
each state.

3. Results
3.1. Descriptive Statistics

A total of 57,463 and 47,826 non-accidental mortalities were recorded for Kedah and
Penang, respectively, during the study period (3287 days). The majority of the mortality
occurred in individuals aged ≥ 65 years old, males, and residents of urban areas in both
states. Cardiovascular mortality accounted for 18,712 and 15,598 for Kedah and Penang,
respectively, and was relatively higher compared to respiratory (13,746 mortality) (Table 1).

Table 1. Descriptive statistics of mortality data from 2011 to 2019.

Variables Kedah Penang

Non-accidental mortality
Total (n) 57,463 47,826
Mean ± SD 17 ± 6 15 ± 5
Min 4 2
Max 44 36

Age (years)
<65 28,526 (49.6%) 21,923 (45.8%)
≥65 28,937 (50.4%) 25,903 (54.2%)

Gender
Male 33,931 (59.0%) 28,371 (59.3%)
Female 23,532 (41.0%) 19,455 (40.7%)

Location
Urban 33,245 (57.9%) 42,107 (88.1%)
Rural 23,823 (42.1%) 5719 (11.9%)

Cause-specific mortality
Cardiovascular 18,712 (32.6%) 15,598 (32.6%)
Respiratory 13,746 (23.9%) 9760 (20.4%)

Note: Total non-accidental mortality = ICD-10 (A00–R99), cardiovascular mortality = ICD-10 (I00–I99), respiratory
mortality = ICD-10 (J00–J99).

For meteorological and air pollutant variables, Kedah recorded a daily mean tempera-
ture of 28.0 ◦C (range: 24.6–30.9 ◦C), with minimum and maximum temperatures averaging
24.8 ◦C (19.4–27.3 ◦C) and 32.3 ◦C (25.9–37.0 ◦C), respectively. The 1st and 99th percentile
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temperatures were 25.4 ◦C and 30.2 ◦C, respectively. The mean relative humidity was high
at 80.5% (56.0–94.4%). Mean daily concentrations of PM10, O3, SO2, NO2, and CO were
36.6 µg/m3, 35.25 µg/m3, 2.64 µg/m3, 11.73 µg/m3, and 0.64 mg/m3, respectively.

On the other hand, Penang recorded a daily mean temperature of 28.0 ◦C (range:
23.7–30.9 ◦C), with minimum and maximum temperatures averaging 24.8 ◦C (19.7–28.1 ◦C)
and 31.9 ◦C (25.0–36.0 ◦C), respectively. The 1st and 99th percentiles were 25.6 ◦C and
30.2 ◦C, respectively. Mean relative humidity was 79.8% (54.3–95.2%). Overall, Penang
recorded slightly higher air pollutant concentrations than Kedah, with mean PM10, O3,
SO2, NO2, and CO levels of 40.6 µg/m3, 38.62 µg/m3, 4.70 µg/m3, 21.82 µg/m3, and
0.79 mg/m3, respectively (Table 2).

Table 2. Descriptive statistics of daily temperature and air pollutants.

Kedah Penang

Mean ± SD Minimum Maximum Mean ± SD Minimum Maximum
Temperature

Minimum 24.8 ± 1.0 19.4 27.3 24.8 ± 0.97 19.7 28.1
Maximum 32.3 ± 1.6 25.9 37.0 31.9 ± 1.31 25.0 36.0
Mean 28.0 ± 1.1 24.6 30.9 28.0 ± 1.03 23.7 30.9

Percentile for
temperature

1st 25.4 25.6
10th 26.7 26.7
50th 28.0 28.0
90th 29.2 29.2
99th 30.2 30.2

Relative Humidity (%) 80.5± 6.9 55.97 94.37 79.8 ± 2.96 54.3 95.2
Air pollutants

PM10 (µg/m3) 36.58 ± 21.30 6.80 225.14 40.56± 21.35 4.785 315.71
Ozone (µg/m3) a 35.25 ± 14.49 6.54 93.59 38.62 ± 16.09 5.24 119.30
SO2 (µg/m3) 2.64 ± 1.53 0.00 12.23 4.70 ± 2.08 0.81 16.58
NO2 (µg/m3) 11.73 ± 2.78 3.14 23.20 21.82 ± 5.00 3.76 43.85
CO (mg/m3) a 0.64 ± 0.18 0.20 2.59 0.79 ± 0.21 0.30 2.87

Note a: a maximum of 8 h moving average.

3.2. Temperature–Mortality Relationship

Figure 2 demonstrates the overall cumulative effect of daily mean temperature on the
non-accidental and specific causes of mortality (cardiovascular and respiratory) over 21 lag
days for Kedah and Penang. In Kedah, the minimum mortality temperature (MMT) was
27.4 ◦C (47th percentile), with a non-linear U-shaped relationship between temperature and
mortality. Although these associations were not statistically significant, the relative risks
(RRs) increased as daily mean temperatures deviated from the MMT. At extremely high
temperatures (30.2 ◦C), the RR was 1.05 (95% CI: 0.92–1.19) for non-accidental mortality,
RR = 1.05 (95% CI: 0.90–1.21) for cardiovascular mortality, and RR = 1.07 (95% CI: 0.80–1.37)
for respiratory mortality. At extremely low temperatures (25.4 ◦C), the RR was 1.06
(95% CI: 0.87–1.28), RR = 1.03 (95% CI: 0.89–1.30), and RR = 1.35 (95% CI: 0.94–1.94) for
non-accidental, cardiovascular, and respiratory mortality, respectively.

In Penang, the MMT was higher at 28.2 ◦C. A J-shaped temperature–mortality relation-
ship was observed for non-accidental and respiratory mortality. Compared with the MMT,
exposure to extremely high temperatures (30.2 ◦C) was associated with a significantly
increased risk of non-accidental mortality (RR = 1.19, 95% CI: 1.04–1.36). An elevated
risk of respiratory mortality was also observed (RR = 1.27, 95% CI: 0.95–1.70); however,
this association did not reach statistical significance. In contrast, exposure to extremely
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low temperatures (25.6 ◦C) was associated with weaker and non-significant effects across
all mortality outcomes. We also observed evidence of potential mortality displacement
(harvesting effect) following extreme heat exposure in both states. In Kedah, this effect was
evident at lag days 5–13, while in Penang it was observed at lag days 9–13 (Figure S1).

Figure 2. Cumulative exposure-response association of daily mean temperature with non-accidental
mortality, and cause-specific mortality in Kedah and Penang. The blue dashed line refers to the
extremely low temperature at the 1st percentile, the red dashed line refers to the extremely high tem-
perature at the 99th percentile, and the purple solid line refers to the minimum mortality temperature
(MMT). The 95% CI is illustrated in a light purple shaded area. Models were adjusted for relative
humidity, seasonality and days of the week.

3.3. Lag Effects

The effects of daily mean temperature on mortality varied across lag periods. Therefore,
we performed further analysis across different lag intervals (0–3, 0–7, 0–14, 0–21, and
0–28 days) to understand how this effect changes over time. Relative risks were estimated
by comparing extremely low temperatures (1st percentile) and extremely high temperatures
(99th percentile) with the minimum mortality temperature (MMT).

Figure 3 illustrates the J-shaped lag-response patterns for non-accidental, cardio-
vascular, and respiratory mortality in Kedah. A pronounced heat-related lag-response
pattern was observed for non-accidental and respiratory mortality, whereas cardiovascular
mortality demonstrated weaker and non-significant associations across the lag periods.
The highest risk for non-accidental mortality was observed at lag 0–3 days (RR = 1.16,
95% CI: 1.08–1.26) and remain significant until lag 0–14 days, whereas respiratory mortality
demonstrated the increase risk of mortality from lag 0–3 days, and peaking at lag 0–7 days
(RR = 1.17, 95% CI: 1.01–1.36).
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Figure 3. Relative risks of mean temperature (◦C) on non-accidental and cause-specific mortality
over lags 0–3, 0–7, 0–14, 0–21, and 0–28 for Kedah. The reference value was the minimum mortality
temperature. The red lines show the cumulative relative risks, while the grey shaded areas show
the 95% confidence intervals. Models were adjusted for relative humidity, seasonality and days of
the week.

Figure 4 illustrates the J-shaped lag-response patterns for non-accidental, cardio-
vascular, and respiratory mortality in Penang. Following exposure to extremely high
temperatures, the risk of non-accidental mortality increased at lag 0–3 days and remained
statistically significant until lag 0–21 days, with the highest risk observed at lag 0–7 days
(RR = 1.21, 95% CI: 1.11–1.33). Penang demonstrated a higher risk of respiratory mortality
than Kedah, with significant effects observed from lag 0–3 days onwards and peaking at
lag 0–14 days (RR = 1.57, 95% CI: 1.24–1.99).

These findings in Kedah and Penang suggest that the adverse effects following high-
temperature exposure occurred immediately and diminished over subsequent lag periods.
No significant effects of extremely low-temperature exposure on cardiovascular mortality
were observed across all lag periods in either state.

3.4. Vulnerable Groups

Figure 5 illustrates the cumulative relative risk of non-accidental mortality following
exposure to extremely low and high temperatures at lags 0–3 and 0–21, respectively, for
both states. Exposure to extremely high temperatures exerted a significant effect on non-
accidental mortality, particularly among the elderly in both states, with a 31% higher risk
observed in Penang (RR = 1.31, 95% CI: 1.18–1.46) and a 29% higher risk observed in Kedah
(RR = 1.29, 95% CI: 1.14–1.45).

Besides that, we found male (RR = 1.15, 95% CI: 1.02–1.29) and those residing in
rural (RR = 1.24, 95% CI: 1.07–1.42) had increased mortality risk in Kedah; while Penang
demonstrated broader vulnerability, with female (RR = 2.07, 95% CI: 1.29–3.32) exhibited
higher risk than male (RR = 1.15, 95% CI: 1.03–1.30), residing in rural (RR = 1.26, 95% CI:
1.01–1.589) had higher risk than residing in urban (RR = 1.20, 95% CI: 1.06–1.35).
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Figure 4. Relative risks of mean temperature (◦C) on non-accidental and cause-specific mortality
over lags 0–3, 0–7, 0–14, 0–21, and 0–28 for Penang. The reference value was the minimum mortality
temperature. The red lines show the cumulative relative risks, while the grey shaded areas show
the 95% confidence intervals. Models were adjusted for relative humidity, seasonality and days of
the week.

Figure 5. The cumulative relative risks of daily mean temperature (◦C) on non-accidental mortality at
lag 0–3 and 0–21, stratified by age, gender, and location in Kedah and Penang. a High-temperature
effect is the cumulative relative risk comparing the 1st percentile (extremely low temperature)
and MMT. b Low-temperature effect is the cumulative relative risk comparing the 99th percentile
(extremely high temperature) and MMT.
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Notably, the elderly (RR = 1.31, 95% CI: 1.01–1.70) and those residing in rural areas
(RR = 1.65, 95% CI: 1.13–2.42) had a high risk of mortality following exposure to extremely
low temperatures in Penang. No significant association was observed following exposure
to extremely low temperatures in Kedah.

3.5. Sensitivity Analysis

Sensitivity analyses showed that the estimated relative risks remained largely un-
changed following modifications to lag periods, degrees of freedom for time, and ad-
justment for air pollutants (O3, SO2, and NO2) and relative humidity. These findings
indicate that the observed temperature–mortality associations were robust across alterna-
tive model specifications.

4. Discussion
This study examines the association between daily temperature and non-accidental

and cause-specific mortality in the northern part of Peninsular Malaysia, namely Kedah and
Penang. Overall, the findings demonstrated a nonlinear temperature–mortality relationship,
with stronger, statistically significant heat effects in Penang than in Kedah. The MMT value
for non-accidental mortality for Kedah was 27.4 ◦C (47th percentile), and Penang was
28.2 ◦C (59th percentile). This finding was in line with previous local studies in Klang
Valley (28 ◦C, 68th percentile) [25] and Kelantan (27.3 ◦C, 50th percentile) [27]. Other
neighbouring tropical countries, such as Vietnam, Thailand, and the Philippines, found
about the same MMT value, ranging from 27 to 30 ◦C [46–48]. Consistent with previous
multi-country studies, the MMT values tend to be higher in low-latitude regions, including
Malaysia and gradually decrease with increasing latitude [19]. Urban areas, such as in
Penang, will usually have higher MMT values compared to rural areas by 1–3 ◦C due
to better adaptation to high baseline temperature [5] as well as better infrastructure and
healthcare accessibility [49,50].

We found that the risk of mortality following exposure to higher temperatures su-
persedes the risk of mortality following low-temperature exposure at shorter lag periods.
The relatively small variability of temperature with infrequent cold spells in this country
possibly explains the non-significant association between low temperature and mortality
relationship. The high-temperature effects on non-accidental mortality were immediate,
peaking at lag 0–3 in Kedah and lag 0–7 in Penang. Similar short-term effect of extremely
high temperature on mortality was observed in Wuhan, Chansha, Guilin in China at lag
0–3 [51], Wuhan at lag 0–7 [38] and a multicounty country at lag 0–14 [52]. Notably, the
effect of high temperature on non-accidental mortality lasted up to 0–21 days in Penang,
which differs from the predominantly short-term effects reported in previous studies. A
comparable prolonged effect was observed in a study conducted across 65 provinces in
Thailand, where heat-related mortality persisted up to 21 days [48]. Hence, this complex
relationship should be interpreted cautiously and needs further investigation, as different
modelling approaches and parameter used in each study [52]. Factors that influence the
pattern of temperature–mortality relationships include the difference in the geographical
location, climatic characteristics, physiological acclimatization, behavioural changes, adap-
tation facilities, socioeconomic status, region’s development, economic performance and
urbanization rate [49,51,53]. Apart from that, the longer lag effect in Penang is likely due to
the urban heat island (UHI) effect, which results in warmer days and nights and less green
coverage, exacerbating the impact of high temperatures [54].

In terms of the magnitude of mortality, Penang exhibited a higher relative risk of
non-accidental mortality (ranging from 14 to 21%, at lag 0–3 until 0–21) compared to Kedah
(13–16%, at lag 0–3 until lag 0–14). This discrepancy could be attributed to Penang’s denser
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population compared to Kedah (the 3rd most densely populated in Malaysia) [55] and the
presence of UHI [56]. An increase in population density has been identified as a sensitivity
factor that increases the vulnerability to the negative impact of high temperatures [50].

In addition, Malaysia is moving towards an ageing population, which possibly ex-
plains the harvesting effect observed in this study. This finding was expected as more than
50% of the mortality recorded throughout the study period was among the elderly. More-
over, a survey by the National Health Institute in 2019 revealed that Kedah demonstrated
a high percentage of chronic diseases such as hyperlipidaemia (48.9%), diabetes (24.9%)
and hypertension (28.3%), while 12.5% of the Penang population were inactive [57]. These
factors ultimately increase the risk of chronic illnesses, hence making them vulnerable to
the short-term effects of extreme heat. A high proportion of frail and elderly individuals,
coupled with a high prevalence of chronic diseases in the population, contributed to this
phenomenon [40], which was also observed in previous studies, including the United
Kingdom, South Korea and Japan [18].

For cause-specific mortality analysis, we observed a significantly higher risk for res-
piratory mortality, as compared to cardiovascular mortality following extremely high
temperature exposure. The risk of mortality for respiratory causes peaked at lag 0–7 for
Kedah and lag 0–14 for Penang. Similar findings were observed in 14 Chinese cities,
which found the effects of high temperature on respiratory mortality persisted up to lag
0–14 days [58]. Exposure to high temperature causes activation of the inflammatory re-
sponse, which disrupts the normal oxygen–carbon dioxide exchange process and leads to
adult respiratory distress syndrome (ARDS) [59,60]. Studies conducted in European coun-
tries have found that extreme temperatures have a significant adverse effect on respiratory
disease, particularly chronic obstructive pulmonary disease (COPD) and asthma [5,61].
Another study in Korea found that the risk of pneumonia increased by 89% (RR: 1.89
(95% CI: 1.37–2.61) when the temperature increased by 1 ◦C above the threshold [62]. This
finding highlights the need for targeted intervention, especially for individuals with chronic
respiratory diseases.

This study did not find any significant relationship between temperature and cardio-
vascular mortality for both states; hence, it was inconsistent with the previous finding,
which reported the presence of a link between low and high temperature with cardiovascu-
lar mortality [40,51]. This could be due to the differences in the time scale and type of data
used by different countries/regions for the examination of the temperature and mortality re-
lationship, which also contributed to the different findings. For instance, Xuan et al. (2014)
used monthly aggregated data for the temperature and mortality relationship in Hanoi in-
stead of daily mortality data, which has been widely used in other studies [63]. In addition,
Malaysia experiences relatively stable temperatures throughout the year, with a narrower
temperature range than in temperate regions. Such climatic conditions may facilitate
long-term physiological acclimatization and behavioural adaptation to heat. Behavioural
modification to heat, including the use of light clothes, good housing ventilation, use of
an electric fan and air-conditioning [64,65], may reduce heat-related cardiovascular stress
and could partly explain the observed findings, although these factors were not directly
measured in the present study.

The elderly have emerged as a high-risk group following exposure to both extremely
high temperatures (peaking at lags 0–3 and persisting up to lag 0–14) in both states and
extremely low temperatures (lag 0–21 until lag 0–28) in Penang. This study’s findings align
with numerous others that have emphasized the vulnerability of the elderly population
towards extreme temperatures [66,67]. A study in Chengdu, China, demonstrated that for
every 1 ◦C increase in temperature above a certain threshold, mortality rates increased
significantly by 2–5% during extremely high temperatures and 1–2% during extremely

https://doi.org/10.3390/cli14070139

https://doi.org/10.3390/cli14070139


Climate 2026, 14, 139 13 of 19

cold temperatures among this group [68]. Besides that, a recent systematic review reported
that heatwaves are associated with increased morbidity among the elderly, evidenced by
increased hospitalizations, visits to emergency departments and outpatient clinics [69]. The
elderly are often associated with diminished capacity to regulate body core temperature [70]
due to reduced cardiac output, reduced skin blood flow and impaired sweat gland function,
which limit the body’s ability to dissipate heat effectively [71]. Drug dependency, such as
diuretics and anticholinergics [72], would also impair thermoregulatory processes and fur-
ther increase susceptibility among this group. In addition, experimental evidence suggests
exposure to extremely high temperatures activates heat-sensitive transient receptor poten-
tial (TRP) ion channels, namely TRPV1, TRPM3, TRPA1 and initiates thermoregulatory,
inflammatory, and physiological stress responses. These mechanisms may contribute to
increased susceptibility to adverse health outcomes among older individuals with reduced
physiological reserve [73]. High temperatures also might worsen diabetes due to a greater
insulin peak in the body, hence increasing the hypoglycaemic episode [74]. Besides that,
living alone, limited access to information [75], food insecurity, malnutrition, and reduced
mobility play a role in increased morbidity and mortality among the elderly [2].

Although both sexes were vulnerable to heat-related mortality, the magnitude of
risk was higher among females than males, particularly in Penang. Female residents in
Penang demonstrated the highest heat-related mortality risk (RR = 2.07, 95% CI: 1.29–3.32).
Although the association was statistically significant, the confidence interval was wider than
those observed for most other subgroups, indicating lower precision in the estimated effect
size. This may be attributable to the relatively limited number of observations contributing
to the estimation of mortality risk at extreme temperatures and the inherent variability
associated with subgroup-specific analyses. Nevertheless, this finding is consistent with
previous studies conducted in Malaysia and other settings that reported greater heat-
related vulnerability among females than males [25,75,76]. Several mechanisms have been
proposed to explain this observation, including lower acclimatization capability, lower
fitness level and different skin conductance among females could contribute to reduce
capacity to sweat and release heat, therefore contributing to higher mortality risk during
high-temperature exposures compared to males [77].

This study demonstrated that Penang experienced a higher magnitude of heat-related
mortality compared to Kedah for non-accidental and respiratory causes. As the third most
densely populated area in Malaysia, with approximately 1659 persons/km2, with 92.5% of
its population living in urban areas [32], Penang may be more susceptible to urban heat
island (UHI) effects and heat retention within the built environment. Previous studies con-
ducted in Penang reported a 17% decrease in forest cover, coupled with a 7.63 ◦C increase
in land surface temperature, reflecting the influence of rapid urban development on local
thermal conditions [32]. Moreover, rapid urbanization contributes to the UHI effect, driven
by diminished vegetation, extensive building development, and anthropogenic heat from
vehicles. Collectively, these factors may intensify population exposure to elevated temper-
atures and partly explain the stronger and more prolonged heat-related mortality effects
observed in Penang, which persisted for up to 21 lag days. Following that, there is a need
for targeted adaptation strategies in highly urbanized areas. Sustainable urban planning,
including promoting green infrastructure and developing energy-efficient buildings, is
crucial as a mitigation strategy to reduce the impact of climate change [78].

Conversely, rural populations may experience different socioeconomic and demo-
graphic characteristics. According to the Kedah Socioeconomic Report 2019, the state
has a substantial agricultural sector and a lower average household income compared
with the national average [79]. Greater engagement in outdoor occupations, particularly
agriculture-related activities, may increase exposure to ambient temperatures and poten-
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tially contribute to the higher mortality risk observed among rural residents in Kedah.
However, these factors were not directly assessed in the present study and should therefore
be interpreted with caution.

This study has several strengths. First, this study utilized a nine-year dataset, char-
acterized by high quality and devoid of missingness in mortality data. Second, the use
of the quasi-Poisson regression with DLNM analysis, adjusted for pollutants, enables the
exploration of the intricate relationship between temperature and mortality at different
lag periods. Third, stratified analyses by age, gender and rural–urban locations further
enrich the understanding of the temperature–mortality relationship in the northern part of
Peninsular Malaysia, hence adding a novel dimension to the research landscape.

Several limitations should be acknowledged. The uneven distribution of meteorolog-
ical stations in both states could introduce misclassification, especially in areas far from
the meteorological stations. Nevertheless, Tangang et al. (2012) highlighted that the daily
temperatures between meteorological stations in Malaysia were highly correlated with
low spatial variability, hence can be used for the exposure measurement [80]. Secondly,
the use of aggregated data, hence careful interpretation of the result is needed, and not
to infer the individual effect, to avoid ecological fallacy bias [81]. In addition, the air
pollutants data were collected from fixed monitoring stations, which might not accurately
represent the individual exposure and might introduce a measurement error of the Berkson
type [82]. In addition, the exclusion of PM2.5 from the analyses may have resulted in
residual confounding, potentially leading to an overestimation or underestimation bias
in the temperature–mortality relationship. However, sensitivity analyses revealed that
the main findings were robust and the final model was not being influenced by air pol-
lutants, hence minimized the error. Future works should consider the integration of AI
tools, such as machine learning-based mortality prediction, into the analysis of hospital-
ized data during extreme temperature events. This could potentially help forecast surges
in healthcare demand, which would ultimately allow for better resource allocation and
preparedness [83].

5. Conclusions
In conclusion, this study demonstrated a significant non-linear association between

temperature and mortality, with immediate effects of high temperatures observed in both
states, peaking at lag 0–3 days in Kedah and lag 0–7 days in Penang. The identified vulnera-
ble groups included the elderly population and individuals with respiratory diseases, while
both males and females, as well as residents of urban and rural areas, were found to be at
increased risk of mortality following exposure to extreme temperatures. These findings
provide important evidence for policymakers to support the development of heat-health
warning systems, strengthen healthcare system preparedness and resiliency, improve urban
planning, and enhance community adaptation strategies in Malaysia.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/cli14070139/s1, Table S1. Comparison of Quasi-Akaike Information
Criterion (Q-AIC) scores for the basic model of DLNM for temperature and mortality with different df
for the time variable for Kedah. Table S2. Comparison of Quasi-Akaike Information Criterion (Q-AIC)
scores for the basic model of DLNM for temperature and mortality with different df for the time
variable for Penang. Table S3. Comparison of Quasi-Akaike Information Criterion (Q-AIC) scores
for the updated model of DLNM for temperature and mortality with different df for temperature,
lag, and maximum lag for Kedah. Table S4. Comparison of Quasi-Akaike Information Criterion
(Q-AIC) scores for the updated model of DLNM for temperature and mortality with different df for
temperature, lag, and maximum lag for Penang. Table S5. Comparison of Quasi-Akaike Information
Criterion (Q-AIC) scores after inclusion of confounders for Kedah and Penang. Table S6. Comparison
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of Quasi-Akaike Information Criterion (Q-AIC) scores after inclusion of temperature indicators for
Kedah and Penang. Figure S1. The pooled lag–response relationship of extremely low and extremely
high temperatures compared with the minimum mortality temperature (MMT) along lags 0–21 days
for non-accidental mortality in Kedah and Penang.
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