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ARTICLE INFO ABSTRACT

Keywords: Health risks due to climate change are emerging, particularly from high-temperature exposure.

Perceived temperature The perceived temperature is an equivalent temperature based on the complete heat budget

Chronic kidney disease model of the human body. Therefore, we aimed to analyze the effect of perceived temperature on

rr?;zzty overall mortality among patients with chronic kidney disease. In total, 32,870 patients with
chronic kidney disease in Seoul participated in this retrospective study (2001-2018) at three
medical centers. The perceived temperature during the summer season was calculated using
meteorological factors, including the air temperature near the automated weather station, dew
point temperature, wind velocity, and total cloud amount. We assessed the association between
perceived temperature using Kriging spatial interpolation and mortality in patients with CKD in
the time-varying Cox proportional hazards model that was adjusted for sex, age, body mass index,
hypertension, diabetes mellitus, estimated glomerular filtration rate, smoking, alcohol con-
sumption, and educational level. During the 6.14 + 3.96 years of follow-up, 3863 deaths were
recorded. In multivariable analysis, the average level of perceived temperature and maximum
level of perceived temperature demonstrated an increased risk of overall mortality among pa-
tients with chronic kidney disease. The concordance index for mortality of perceived temperature
was higher than temperature, discomfort index, and heat index. When stratified by age, diabetes
mellitus, and estimated glomerular filtration rate, patients with chronic kidney disease with
young age (age <65 years) showed higher hazard ratio for mortality (interaction P = 0.049).
Moreover, the risk of death in the winter and spring seasons was more significant compared to
that of the summer and autumn seasons. Therefore, long-term exposure to high perceived tem-
perature during summer increases the risk of mortality among patients with chronic kidney
disease.
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1. Introduction

Chronic kidney disease (CKD) affects 8-13 % of the general population and is a global public health problem with poor patient
survival and increased comorbidities and socioeconomic burden [1,2]. In patients with CKD with various comorbidities and increased
systemic inflammation, the risk of mortality increases by two to ten times that of the general population owing to the increased risk of
infection and cardiovascular disease [3,4]. Factors such as old age, diabetes mellitus, hypertension, decreased estimated glomerular
filtration rate (GFR), and proteinuria are major contributors to the increase in mortality in patients with CKD [5]. In recent years, there
has been an increasing interest in correctable risk factors that can be controlled, such as dietary and environmental factors, but were
previously overlooked [6,7].

According to the World Health Organization, environmental factors account for 12.6 million deaths, accounting for approximately
23 % of all deaths worldwide [8]. In recent times, people have been exposed to a greater number of health risks than before due to
recent climate change, and approximately 5,083,173 (11 %) global deaths are estimated to be associated with nonoptimal cold or hot
temperatures [9]. The global average temperature is rising and was 1.11 + 0.13 °C above pre-industrial levels (1850-1900) in 2021.
Moreover, in the last 50 years, the range of temperature increase has been increasing at a rate of approximately 1.7 °C per century
(https://www.ipcc.ch/sr15/chapter/chapter-1/; https://public.wmo.int/en/media/press-release/2021-one-of-seven-warmest-years-
record-wmo-consolidated-data-shows). High environmental temperatures are associated with an increased risk of mortality with
increased incidence of cardiovascular, respiratory, and cerebrovascular diseases. Furthermore, individuals with black ethnicity, female
sex, low socioeconomic status, and old age are susceptible to increased mortality [10]. The sensory and health effects of temperature
on the human body are affected by other factors such as humidity and wind. Apparent temperature, heat and discomfort indices, and
other indices have been used as temperature indices to indicate effects related to high temperature. The perceived temperature, which
reflects the actual effect of temperature on the human body, has recently been used by comprehensively considering dew point
temperature, wind velocity, cloud amount, and humidity information. Perceived temperature is also more predictive of death than
temperature alone or other temperature indicators [11].

Although several studies have reported changes in mortality risk in the general population due to hot temperatures, studies on the
health effects of high-temperature exposure in CKD are lacking. Moreover, studies on long-term survival risk due to hot temperature
exposure, especially from the perspective of perceived temperature, are rarely reported. Therefore, we aimed to investigate the effects
of high perceived temperature, evaluated using Kriging methods, on long-term patient survival in patients with CKD and the differ-
ential effects among temperature indices, including perceived temperature, air temperature (at 2-m height), and heat and discomfort
indices.

2. Materials and methods
2.1. Study population

We enrolled 32,870 patients with CKD who visited three tertiary university hospitals (Seoul National University Hospital, Seoul
Metropolitan Government Seoul National University [SMG-SNU] Boramae Medical Center, and Seoul National University Bundang
Hospital) between January 2001 and December 2018. Only patients residing in Seoul Metropolitan City were included in the analysis,
whereas those from other areas were excluded for matching address and temperature information. Data on patients’ address, de-
mographics, laboratory data, and clinical outcomes were retrospectively collected via electronic medical record review. Estimated GFR
was calculated using the four-variable modification of diet in renal disease equations [12]. The institutional review board of each
center approved the study protocol and data collection (Seoul National University Hospital [J-1704-121-848], Seoul National Uni-
versity Bundang Hospital [B-1706/401-402], and SMG-SNU Boramae Medical Center [20170414/16-2017-65/051]).

2.2. Temperature-related parameters’ interpolation according to the address

Seoul Metropolitan City consists of 25 districts, and each district has one or more automated weather stations (AWSs, with 29 AWSs
in Seoul) to collect weather information. We collected the hourly weather information for the summer season (from July to September,
at each year) including temperature, dew point temperature, and wind velocity from all 29 AWSs from January 2001 to December
2018. However, cloud and humidity information was not measured from all AWSs before December 2010. Therefore, cloud and
humidity information were replaced by the representative AWS (AWS number 108, located in Songwol-dong). Four temperature
indices, including perceived temperature, air temperature at 2 m (dry bulb air temperature measured from a 2-m height of each of the
29 AWSs), discomfort index, and heat index, were calculated from the raw data gathered from each station. Perceived temperature was
calculated using the equation proposed by Staiger et al. [13]. The heat index combines air temperature and relative humidity and is
calculated using the equation suggested by Anderson et al. [12]. Discomfort index combines air temperature measured with both dry
and wet bulb and is calculated using the following formula: temperature —0.55 x (1 — 0.01 x relative humidity[%]) x (temperature —
14.5) [14].

We calculated the daily maximum and average temperatures for the summer season (from July to September, at each year) at each
of the 29 AWS from 2001 to 2018. Using the geocoded address of each patient and nearby AWS, we performed spatial interpolations
using the Kriging method, which estimated the temperature and temperature indices of each patient based on the Gaussian process
from the temperatures of each AWS [15,16]. Kriging interpolation estimates the optimal linear prediction at unmeasured locations
with more weights in a nearby location from the measured points [17].
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2.3. Statistical analyses

Categorical data are presented as frequencies and percentages, whereas continuous variables are presented as means and standard
deviations. The normal distributions of the variables were represented by histograms, and Kolmogorov-Smirnov techniques were used
to evaluate the normality of the distributions. A time-varying Cox proportional hazards model was employed to investigate the long-
term association between CKD patient mortality and summer temperature exposure levels. Based on the daily maximum and average
temperature levels from June to August of each year, we calculated the summer high-temperature exposure of the patients for each
temperature index. At the time of the survey, patients were assigned summertime temperature exposure based on their geocoded
domicile. To evaluate the long-term effects, we calculated the annual averages for perceived temperature, temperature (2-m height),
and heat and discomfort index based on daily temperatures. To represent the time-varying properties of temperatures, annual average
estimates were revised from 1 year before the cohort’s enrolment date to the censoring date. In the multivariable adjustment model, we
included covariates of sex, age, body mass index, hypertension, diabetes mellitus, and estimated GFR in model 1 and of covariates in
model 1 and smoking, alcohol consumption, educational level, and socioeconomic status in model 2. Information on the socioeco-
nomic status was obtained from the patients’ reported survey and categorized into 3 levels. Harrell’s concordance (C)-index was used
to evaluate the prediction performance of temperature indices for mortality. We performed subgroup analysis stratified by age (age 65
years), diabetes mellitus, and estimated GFR (smoking and drinking status) to identify relevant confounders. Statistical analyses were
performed using SPSS version 27.0 and R version 4.0.3. P < 0.05 was considered statistically significant.

3. Results
3.1. Demographics and clinical characteristics
In total, 32,870 adult patients with CKD from Seoul were enrolled in this study. The locations of the addresses of the enrolled

patients are presented in Fig. 1. The participants’ addresses were evenly distributed throughout Seoul. The clinical information of the
enrolled patients with CKD is summarized in eTable 1. The mean age was 54.76 + 16.95 years, and males accounted for 15,604 (47.47

Fig. 1. Distribution map of enrolled participants’ addresses.
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%) of the patients. The mean serum creatinine level and estimated GFR of the patients were 1.59 + 2.42 mg/dl and 64.33 + 23.20 ml/
min/1.73 m?, respectively, and the incidence rates of diabetes and hypertension were 21.27 % and 32.22 %, respectively. The pro-
portions of smokers and drinkers were 10.07 % and 14.73 %, respectively.

3.2. Temperature indices

Annual maximal, average, and minimal temperatures and temperature index longitudinal trends are illustrated in eFig. 1. Since
2010, the discomfort index and temperature have shown slightly increasing trends. The perceived temperature and heat index showed
a more prominent increasing trend than the discomfort index and temperature itself. Regarding perceived temperature, the maximal,
average, and minimal levels showed the most distinct differences among the four temperature indices. The correlations among the
maximum, average, and minimum levels of the four temperature indicators are shown in eFig. 2. The average levels of the temperature
indices showed a relatively high correlation (correlation coefficient R from 0.682 to 0.935) among the four indicators. The average
perceived temperature was sequentially correlated with the average discomfort index (R = 0.935), average temperature (R = 0.933),
and average heat index (R = 0.711). However, the average temperature itself showed a low correlation with the heat index (R =
0.682), and the correlation between the average heat index and the average discomfort index was also low (R = 0.719). The maximal
levels of perceived temperature indices showed a correlation in the order of the maximal heat index (R = 0.821), maximal discomfort
index (R = 0.774), and temperature itself (R = 0.444). The correlation between the average temperature and perceived temperature
was relatively high, whereas that between the maximum level of temperature and perceived temperature was significantly lower.

3.3. Temperature indices and chronic kidney disease patient mortality

During the 6.14 + 3.96 years of follow-up, 3863 (13 %) deaths were recorded. The mortality risk according to the four temperature
indices is summarized in Table 1. An increased risk of mortality was significant in all temperature and temperature indices. In the
univariable analysis of the average level of temperature indices, the C-index of hazard ratio (HR) for mortality was high in the order of
perceived temperature, temperature, discomfort and heat index (C-indices, 0.583, 0.560, 0.555, and 0.547, respectively). The maximal
level showed a slightly higher C-index than the average level, and the risk of maximal perceived temperature was followed by the
discomfort and heat index, and temperature (C-indices, 0.591, 0.552, 0.547, and 0.527, respectively). Particularly, the maximum level
of temperature had a lower C-index than the average temperature level. In multivariable analysis (model 2), the maximal or average
level of perceived temperature showed an increased risk of mortality, and the C-index for mortality was followed by the discomfort and
heat index, and temperature (average levels, 0.791, 0.786, 0.786, and 0.785; maximal levels, 0.790, 0.784, 0.783, and 0.782,
respectively).

The risk of mortality according to the perceived temperature is shown in Fig. 2. Fig. 2(A) is unadjusted model and Fig. 2(B) is
multivariable restricted cubic splines adjusted for age, sex, body mass index, hypertension, diabetes mellitus, estimated glomerular
filtration rate, smoking, alcohol, education level, and socioeconomic status. Mortality risk gradually increased over the entire
perceived temperature range, and a perceived temperature of 27 °C was noted as a point of steeper increased risk of mortality. Changes
in the risk of death according to the increase in perceived temperature were identified by stratification according to age, sex, and
estimated GFR. Table 2 shows the risk of mortality in both the young (aged <65 years) and old (aged >65 years) age groups. The HRs of
all four temperature indices showed higher trend in the young age group than in the old age group, and interaction between age group
and perceived temperature was statistically significant (P = 0.049). The analysis results according to the presence of diabetes mellitus
and estimated GFRs are also summarized in Table 2 and eFig. 3. In the non-diabetic group, the C-index of each temperature index was
higher than that in the diabetic group. Additionally, the C-index in the high estimated GFR group was higher than that in the low
estimated GFR group. The C-index of perceived temperature was superior to the C-index of other temperature indices in all subgroups
according to the presence of diabetes mellitus or estimated GFR. However, interaction between diabetes mellitus or estimated GFR
subgroup with perceived temperature was not statistically significant (P = 0.751 and 0.129, respectively).

Table 1
Risk for overall mortality according to perceived temperature and other associated indices.
Univariable model Multivariable model 1 Multivariable model 2
HR (95 % CI) C-index HR (95 % CI) C-index HR (95 % CI) C-index
Perceived temperature Average 1.281 (1.253-1.309) 0.583 1.303 (1.268-1.339) 0.804 1.292 (1.255-1.331) 0.791
Maximal 1.382 (1.344-1.422) 0.591 1.374 (1.329-1.421) 0.804 1.356 (1.309-1.404) 0.790
Temperature Average 1.333 (1.279-1.388) 0.560 1.322 (1.258-1.389) 0.798 1.315 (1.246-1.388) 0.785
Maximal 1.259 (1.220-1.299) 0.527 1.254 (1.211-1.299) 0.796 1.220 (1.175-1.265) 0.782
Heat Index Average 1.514 (1.455-1.575) 0.547 1.480 (1.421-1.542) 0.800 1.445 (1.383-1.509) 0.786
Maximal 1.071 (1.062-1.081) 0.547 1.092 (1.079-1.106) 0.797 1.086 (1.072-1.101) 0.783
Discomfort Average 1.410 (1.344-1.478) 0.555 1.472 (1.387-1.562) 0.799 1.467 (1.376-1.534) 0.786
Maximal 1.401 (1.347-1.458) 0.552 1.555 (1.474-1.640) 0.798 1.510 (1.426-1.598) 0.784

Multivariable model 1 included covariates of age, sex, body mass index, hypertension, diabetes mellitus, and estimated glomerular filtration rate.
Multivariable model 2 included covariates of model 1 and smoking, alcohol, education level, and socioeconomic status.
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Fig. 2. Restricted cubic splines for mortality according to perceived temperature. (A) Unadjusted model. (B) Multivariable restricted cubic splines
adjusted for age, sex, body mass index, hypertension, diabetes mellitus, estimated glomerular filtration rate, smoking, alcohol, education level, and
socioeconomic status.

Table 2
Temperature indices and risk for all-cause mortality according to age, diabetes mellitus, and eGFR.
Age below 65 years old (n = 22,228) Age equal or above 65 years old (n = 10,652) Interaction
HR (95 % CI) C-index HR (95 % CI) C-index P-value
Perceived temperature 1.371 (1.302-1.443) 0.772 1.342 (1.275-1.412) 0.818 0.049
Temperature 1.417 (1.287-1.56) 0.762 1.366 (1.244-1.500) 0.812 0.170
Heat Index 1.550 (1.423-1.688) 0.764 1.540 (1.420-1.670) 0.814 0.042
Discomfort index 1.567 (1.403-1.751) 0.765 1.558 (1.398-1.736) 0.814 0.470
Patients without diabetes mellitus (n = 25,880) Patients with diabetes mellitus (n = 6,990)
Perceived temperature 1.308 (1.257-1.360) 0.809 1.273 (1.217-1.332) 0.747 0.751
Temperature 1.364 (1.268-1.467) 0.804 1.253 (1.157-1.357) 0.740 0.444
Heat Index 1.486 (1.402-1.575) 0.804 1.401 (1.311-1.497) 0.741 0.590
Discomfort index 1.541 (1.417-1.677) 0.805 1.376 (1.364-1.623) 0.740 0.490
Patients with eGFR <60 (n = 11,400) Patients with eGFR >60 (n = 17,550)
Perceived temperature 1.253 (1.208, 1.299) 0.753 1.342 (1.275-1.412) 0.818 0.129
Temperature 1.272 (1.192, 1.358) 0.748 1.366 (1.244-1.500) 0.812 0.404
Heat Index 1.380 (1.31, 1.453) 0.748 1.540 (1.420-1.670) 0.814 0.044
Discomfort index 1.396 (1.29, 1.511) 0.748 1.558 (1.398-1.736) 0.814 0.260

Temperature indices are all average level of each temperature.

Multivariable model included covariates of age, sex, body mass index, hypertension, diabetes mellitus, estimated glomerular filtration rate, smoking,
alcohol, education level, and socioeconomic status.

Interaction between subgroup and temperature indices are noted.

eGFR, estimated glomerular filtration rate (ml/min/1.73 m?).

3.4. Sensitivity analyses

We compared how the prediction of mortality changed when a heat wave watch or warning was defined based on perceived
temperature, and the results are summarized in Table 3. A heat wave watch was defined as a condition in which the daily maximum
temperature was 33 °C or higher, lasting for more than 2 days based on the temperature. A heat wave warning was defined as a
condition in which the daily maximum perceived temperature was 35 °C or higher for 2 days or longer. A linear correlation between
temperature and perceived temperature was confirmed to determine the degree of perceived temperature corresponding to temper-
ature (eFig. 4). The perceived temperatures corresponding to the temperature standards of 33 °C and 35 °C were approximately 42 °C
and 45 °C, respectively. The heat wave warning at 35 °C indicated the risk of death (HR, 1.083 [95 % confidence interval:
1.072-1.093]; C-index, 0.786), and at the corresponding perceived temperature of 45 °C, it indicated a higher risk of death (HR, 1.428
[95 % CI: 1.394-1.462]; C-index, 0.788).

To compare the persistence of the effects of high summer season temperature on mortality, the HR of perceived temperature for
seasonal mortality risk was analyzed (Table 4). The HRs of the average level of perceived temperature in summer for summer and
autumn season mortalities were 1.406 (95 % CI: 1.318-1.500) and 1.309 (95 % CI: 1.226-1.397), respectively. Moreover, the risk of



J. Lee et al. Heliyon 10 (2024) e25222

Table 3
Heat wave warning according to perceived temperature and impact on mortality.
Univariable model Multivariable model 1 Multivariable model 2
HR (95 % CI) C- HR (95 % CI) C- HR (95 % CI) C-
index index index
Heat wave watch by temperature — 33 °C 1.071 0.581 1.046 0.802 1.044 0.788
(1.067-1.075) (1.041-1.050) (1.039-1.049)
Heat wave warning by temperature — 35 °C 1.139 0.540 1.090 0.801 1.083 0.786
(1.130-1.148) (1.080-1.099) (1.072-1.093)
Heat wave watch by perceived temperature(a) — 1.060 0.617 1.047 0.809 1.047 0.796
38°C (1.057-1.063) (1.044-1.051) (1.044-1.051)
Heat wave warning by perceived temperature(a) -  1.059 0.600 1.041 0.809 1.041 0.795
40 °C (1.056-1.062) (1.038-1.044) (1.038-1.044)
Heat wave watch by perceived temperature(b) 1.086 0.591 1.059 0.807 1.058 0.792
—42°C (1.082-1.090) (1.055-1.063) (1.053-1.062)
Heat wave warning by perceived temperature(b)- 1.566 0.554 1.458 0.803 1.428 0.788
45 °C (1.530-1.603) (1.427-1.491) (1.394-1.463)

No spatial interpolation applied. Weather information of AWS (AWS number 108, located in Songwol-dong, that is near center in Seoul) was only
applied.

Multivariable model 1 included covariates of age, sex, body mass index, hypertension, diabetes mellitus, and estimated glomerular filtration rate.
Multivariable model 2 included covariates of model 1 and smoking, alcohol, education level, and socioeconomic status.

death in winter and spring seasons was significant (HRs, 1.156 [95 % CI: 1.092-1.224] and 1.069 [95 % CI: 1.016-1.125], respec-
tively) according to the increase in perceived temperature.

Since the patients were enrolled for a long time (18 years), the effect of temperature on mortality was separated out according to the
enrollment period (before 2010 and after 2011). The HRs of maximal perceived temperature showed higher trend in the period after
2011 compared to the period of before 2010 (eTable 2). All mixamal temperature indices including perceived temperature showed
significant interaction with time period. We also compared the prediction ability between the two spatial interpolation methods
(Kriging and Inverse Distance Weighting methods). HRs were similar and C-indices were higher in Kriging method (eTable 3).

4. Discussion

Patients with CKD are vulnerable to environmental and medical factors [18,19]. Recently, studies on the health effects of high
temperatures have been actively conducted along with the gradual increase in average temperature and heat wave frequency.
However, studies on the effect of high temperature among patients with CKD are relatively scarce. Moreover, most studies have re-
ported short-term mortality associated with high-temperature exposure. In this study, we applied the time-varying Cox analysis
method to analyze the effect of exposure to high perceived temperature in summer on the long-term prognosis of patients with CKD.
Our results showed that high-temperature exposure in summer had a significant effect on the long-term survival of patients with CKD
and that the perceived temperature was more suitable for predicting the risk of death compared to other temperature indices.
Additionally, the risk of high temperature was more prominent in patients with CKD with young age group. Moreover, the effects of
high temperature on mortality lasted more than months or years in that increased mortality risk was maintained in mortality cases in
autumn, winter, and spring and death cases in summer.

Various previous studies have reported on high-temperature exposure and the increase in mortality risk. Recent studies, mostly

Table 4
Effects of perceived temperature on seasonal mortality.

Summer season mortality

Univariable model Multivariable model 1 Multivariable model 2
HR (95 % CI) C-index HR (95 % CI) C-index HR (95 % CI) C-index
Average 1.395 (1.329-1.464) 0.601 1.445 (1.359-1.536) 0.850 1.406 (1.318-1.500) 0.846
Maximal 1.546 (1.448-1.651) 0.608 1.491 (1.382-1.610) 0.849 1.432 (1.324-1.550) 0.845
Autumn season mortality
Average 1.406 (1.339-1.476) 0.602 1.338 (1.259-1.422) 0.841 1.309 (1.226-1.397) 0.830
Maximal 1.500 (1.406-1.600) 0.603 1.368 (1.271-1.473) 0.841 1.318 (1.221-1.424) 0.829
Winter season mortality
Average 1.219 (1.169-1.272) 0.574 1.160 (1.100-1.224) 0.839 1.156 (1.092-1.224) 0.826
Maximal 1.305 (1.236-1.377) 0.583 1.197 (1.125-1.274) 0.839 1.191 (1.114-1.273) 0.825
Spring season mortality
Average 1.080 (1.038-1.123) 0.535 1.038 (0.990-1.088) 0.820 1.069 (1.016-1.125) 0.813
Maximal 1.176 (1.124-1.230) 0.553 1.096 (1.041-1.154) 0.822 1.127 (1.066-1.190) 0.815

Multivariable model 1 included covariates of age, sex, body mass index, hypertension, diabetes mellitus, and estimated glomerular filtration rate.
Multivariable model 2 included covariates of model 1 and smoking, alcohol, education level, and socioeconomic status.
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conducted using time-series or case-crossover designs on the association between temperature and mortality have suggested that these
methods produce comparable findings [20,21]. In most cases, the scope of time-series analysis includes a sizable population spread
across various regions. Death tolls or rates are matched with data on how often people are exposed to a given substance. The covariates
and smoothing functions are used to account for seasonality and other confounding factors that shift over time [22]. Over the past
decade, the case-crossover method has been increasingly used for analyzing the correlation between air pollution and temperature [23,
24]. Each participant in a case-crossover study acts as his or her own control, making this study design similar to that of matched
case-control studies. Therefore, the study design controls for biases related to observable and unobservable confounders. In survival
analysis, time-varying Cox analysis considers the effects of covariates that change with time [25]. It is typically used in studies
analyzing the effect of air pollution on long-term survival [26,27]. If it can be assumed that the effect of high temperature on survival
occurs over a relatively wide high-temperature range and that these effects accumulate over time and affect long-term prognosis, the
time-varying Cox analysis method may be suitable for this study. Through this study, it was confirmed that the risk of high temperature
was significant at the maximal perceived temperature and at the average perceived temperature, and the effect of high temperature
stress was also shown in the moderate temperature range.

Recently, interest in the prognosis of patients with CKD exposed to high temperatures has increased. Borg et al. used negative
binomial regression models and reported that a daily temperature increase was associated with an increased incidence of kidney
diseases [28]. In their study, the influence on kidney disease was significant in the order of minimum, average, and maximal daily
temperatures. Furthermore, an increase in the incidence of kidney disease and kidney disease-related hospitalization due to
high-temperature exposure has been proven through other follow-up and meta-analysis studies [29-31]. Recently, He et al. reported
that high-temperature-related deaths have increased since 1990, and patients with CKD with male sex and old age are more vulnerable
to high-temperature-related mortality [32]. Although several studies have reported an increased incidence of kidney disease morbidity
due to high temperature, studies on whether the long-term survival prognosis can be affected by daily high temperature among pa-
tients with CKD are lacking. Through this study, we found that daily exposure to high perceived temperature in the summer season has
a significant association with the deterioration of the long-term survival of patients. Moreover, increased kidney disease morbidity can
be one cause of increased mortality due to high temperature among patients with CKD.

The strength of this study is that we analyzed long-term survival according to perceived temperature for patients with CKD living in
a large metropolitan city. However, because it is limited to one city, future studies are required to determine whether similar results
can be obtained in other regions. Moreover, as the participating patients with CKD were limited to the Asian population, it may be
difficult to generalize the results of this study to patients of other ethnicities in other countries. A limitation of the study is that we did
not correct for environmental factors significantly related to the health effects of temperature. Another limitation of this study is that
although the risk of high-temperature exposure continued significantly by season by assessing the seasonal risk of death from high
perceived temperature exposure in summer, a study on the mechanism of high temperature on the long-term survival of patients was
not conducted. Therefore, future studies are warranted to investigate these aspects.

5. Conclusions

In conclusion, exposure to high temperature in summer significantly increases long-term mortality and results in short-term health
effects. The risk of high temperature is more pronounced in the young patients group with CKD. Moreover, a heat wave warning or heat
watch based on the perceived temperature rather than the temperature itself is superior in predicting mortality. High-temperature
exposure can affect the long-term prognosis of patients with CKD, and preventive efforts to improve the prognosis of patients with
CKD are required.
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