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Abstract

Background
High temperatures in urban areas owing to climate change and urban heat islands have led to an increase in the number of
heatstroke patients. To prevent heatstroke, accurate heatstroke patient prediction model should be used to predict and alert
people to their risk. However, most previous models have not tested su�cient training data, although susceptibility to
heatstroke is likely to be dependent on year-wise trends and is susceptible to training data. We investigated an accurate
heatstroke risk model that is robust to the training data. By examining the factors affecting the accuracy and trade-off
between the quantity and quality of adding old data to training data, the method of selecting training data for constructing
an accurate model was also investigated.

Method
We compared the accuracies of three methods: multiple regression analysis (MR), generalized additive model (GAM), and
time-strati�ed case-crossover analysis (TC). The training data for all combinations from 2012 were tested. By comparing
the errors of each method, we identi�ed the error in�uencing factors in the training data.

Results
The TC errors were the smallest (p < 0.005) and much less sensitive to the training data than others. Best accuracy odds
ratios were 1.41–1.44. The error was signi�cantly larger when the number of extremely hot days differed between the
training and test data in MR and GAM (p < 0.01, p < 0.05). All three methods tended to increase accuracy up to a certain
point and decrease from the middle of the year when adding past years retroactively from the most recent year in training
data.

Conclusions
By using the odds ratios produced by TC with low sensitivity to training data, we can develop highly accurate heatstroke
risk model that are robust to training data, which has not been possible with previous models. If data are to be included
continuously, a model constructed from three or four years of data from the latest one is the most accurate.

1. Background
The impacts of climate change have put human health in jeopardy[1]. High temperatures, especially in urban centers, have
worsened in recent years owing to the heat island effect[2]. In cities around the world, there are concerns about the health
effects of heat waves[3, 4]. In 2003, a heat wave in France led to 14,800 excess deaths in comparison with the mean
mortality during the summers of 2000 to 2002. Most of these deaths occurred in urban areas[5]. In Japan, the number of
emergency transports due to heatstroke (hereinafter referred to as heatstroke patients) has been increasing annually and
has become a social problem, especially in urban areas[6]. According to the Fire and Disaster Management Agency of the
Ministry of Internal Affairs and Communications in 2018, from May to September, there were 95,137 heatstroke patients
nationwide, half of which were among seniors aged 65 and older, and of which 7,843 were in Tokyo. On average, there were
63 patients per day with the highest of over 400. To prevent heat stroke, the Ministry of the Environment issued heat stroke
alerts based on wet bulb globe temperature (WBGT) and began operating them in cooperation with the Japan
Meteorological Agency in 2020[7, 8]. When the WBGT is forecasted over 33 degrees a warning is issued across the nation.
However, using WBGT as an alert indicator is inappropriate in two ways. First, WBGT overestimates the magnitude of
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humidity more than the actual human body heat balance[9]. Second, different areas have different optimum
temperatures[10]. Therefore, it is questionable to use the same WBGT criteria for all the areas. One idea is to predict the
number of heatstroke patients in each area to provide warnings that are appropriate to the reality of the given area[11].

Various models have been developed to predict the number of heatstroke patients. Typical models developed in recent
years have used outdoor temperature as the model’s predictor variable and exponential function methods or non-linear
prediction models, such as the generalized linear model (GLM), generalized additive model (GAM), and distributed lag non-
linear model (DLNM) as its prediction method. Ravindra et al. explains various applications of GAM to link climatic
variability with adverse health outcomes[12]. In a model focused on the assessment of heat-related mortality, it is useful to
employ DLNM to account for lag[13]. In previous studies speci�c to heatstroke, Yamamoto et al. used the highest WBGT to
predict heatstroke patients exponentially with daytime population[14]. Sato et al. used GLM with average temperature,
average humidity, average wind speed, and solar radiation[15]. Kodera et al. developed a model that takes into account
physiological responses[16]. Their model considers the average temperature of the previous three days in predicting indoor
patients. The exponentially predicted number of heatstroke patients using Kodera's formula was �rst reported in a weather
forecast in Japan in 2020[17, 18]. In recent years, research using machine learning has emerged, and Ikeda et al. reported
that among 55 models, the one using GAM with multiple variables was more accurate than machine learning-based
models[19]. Ogata et al. also pointed out the high accuracy of GAM, but also created a hybrid model with XGBoost to prove
its high accuracy[20]. However, most of these heatstroke risk model studies used only one or several years of test data and
limited training data, making it unclear whether they would work in other years.

In previous studies in Europe and the United States, time-strati�ed case-crossover analysis (TC) has often been used to
derive the relationship between heat-related mortality and temperature. For example, Voorhees et al. calculated the
relationship between heat-related mortality and temperature by calculating odds ratios using TC and substituting them into
the health impact function[21]. Wilson et al. also used a case-crossover analysis to determine the odds ratio of heat-related
deaths and patients in Sydney[22]. However, there are very few examples using TC that focus solely on heatstroke. Fujitani
et al[23]. used TC in the relationship between heatstroke patients and temperature in Tottori, although the accuracy of TC
as a heatstroke prediction model has not been veri�ed.

In this study, we compared the accuracy of the three methods, multiple regression analysis (MR), GAM, and TC, using the
same variables by calculating the number of heatstroke patients in Tokyo, which is the largest built-up urban area in the
world[24]. We also examined how to select the training data and test data, which are often easily determined in this
modeling process. We used all the combinations of training data to �nd the most accurate model and detect the factors
that in�uence the root mean squared error (RMSE).

2. Methods
2 − 1 Study area

Tokyo is located in the Kanto region in the eastern part of Japan. It has a population of 13,995,469 as of April 1, 2022,
which is the largest in Japan[25]. The east side of Tokyo is plain and some parts of it are adjacent to the ocean. So, it is
affected by the moist easterly winds from the ocean. As there are mountains on the west side, it is affected by the dry
warm winds over the mountains from the west. Summers are very hot and humid, and data from the past 30 years (1991–
2020) shows that the mean relative humidity from June to September is 75%, and the mean maximum temperature in
August is 31.3°C[26].

2–2 Meteorological data

It has been reported that meteorological conditions other than temperature, such as humidity, wind speed, and
precipitation, have a much smaller impact on the risk of heatstroke than temperature[27]. This is supported by the fact that
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most elderly people who die from heatstroke do so indoors[28]. Therefore we did not include variables other than
temperature. We used the daily maximum temperature observed at the meteorological observatory (Tokyo) of the Japan
Meteorological Agency from June 1 to September 30, 2012–2020[26].

2–3 Heatstroke patients

The daily number of patients transported by ambulance in Tokyo Metropolitan Area provided by the Fire and Disaster
Management Agency of the Ministry of Internal Affairs and Communications[29] was used for the heatstroke patient data
in our model. Data from June 1 to September 30, 2012–2020, were used.

2–4 Modeling methods

Three methods were employed: multiple regression analysis (MR), generalized additive model (GAM), and time-strati�ed
case crossover analysis (TC).

2-4-1. Multiple regression model

Previous studies have shown that the number of heatstroke patients increases exponentially with temperature[11].
Therefore, we log-transformed the objective variables and attempted a regression. However, because the objective variable
contained 0, it was set to (y + 1). Because TC described in subsection 2-4-3 controls for each day of the week of each
month, we adjusted the conditions by adding the month and day of the week to the predictor variables as well (Eq. [1]).

Log(y + 1) = β0 + β1Tmax + β2Jun + β3Jul + β4Aug + β5Mon + β6Tue + β7Wed + β8Thu + β9Fri + β10Sat[1]

where y is the number of heatstroke patients, β is coe�cients, Tmax is the daily maximum temperature, and each month

and day of the week is entered as a predictor variable with 0 or 1. By adding each month to the predictor dummy variable,
we also expected to consider the susceptibility to heatstroke, or heat acclimatization, in each month. The predictor
variables were adopted using a stepwise method with the smallest Akaike information criterion.

2-4-2. Generalized additive model

A generalized additive model (GAM) is a model in which the linear variables of the generalized linear model can assume
not only normal distribution but also other probability distributions as objective variables[15], and are sums of nonlinear
functions, as expressed in Eq. [2]. It has the advantage of being able to assume the shapes of the objective and prediction
variables without any assumptions[30].

y = β0

M

∑
i=1

fi xi [2]

where y in Eq. [2] is the predicted number of heatstroke patients, β0 is a coe�cient, and fi(xi) is a third-order smoothing
spline curve per explanatory variable. x is the predictor variable and i is the number of predictor variables. The daily
maximum temperature was used as a spline function, and each month and day of the week was added to the variables as
in MR. The predictor variables were adopted in the same way as described in the subsection 2-4-1. Therefore, M in Eq. [2]
was determined using the stepwise method that minimizes the Akaike information criterion. A semiparametric model was
used with the gam function of the mgcv package in R, version 1.3.1093.

2-4-3. Time-strati�ed case-crossover analysis

Case-crossover is a study design originated in case-control studies[31] and is intended only for disease-affected
individuals[32]. It is useful for rare diseases, diseases that develop acutely and have a short incubation period, and deaths

( )
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and cases where the exposure �uctuates in a short period of time and the induction period of the disease because of the
short exposure[33]. It uses only the information of the cases in which the event occurs, and it compares the same person at
different times instead of comparing different people at the same time[34]. As such, there is no confounding by any
characteristics such as sex, age, and prior medical history[35]. It is possible to obtain controls with matching genetic and
background information[32]. In the area of environmental epidemiology, case-crossover design is used in the air pollution
epidemiology[36], and it has been mainly studied for respiratory diseases. Voorhees et al. used it in heat illness to
demonstrate the relationship between heat-related mortality and temperature[21].

In this study, we assumed that the onset of heatstroke occurred only once per day. The maximum temperature on the day
when heatstroke occurred (case period) was compared to the maximum temperature on another day when heatstroke did
not occur (reference period). The reference period was selected on the same day of the week, in the same year and month
as the case period, using the time strati�cation method, referring to examples from previous studies[23, 37]. The analysis
was performed using R version 1.3.1093. Continuous data are required to use the casecross function in the season
package[38], but since the heatstroke data are limited to the hot season, there were data gaps. We converted the data set
for using the survival package to put it into the coxph function, which performed the same process as for conditional
logistic regression provided by the casecross function of season package[39]. Then the resulting value was used into the
health impact function in Eq. [3] in our analysis[21].

y = r × eβΔx − 1 × Pop + y0[3]

where y is the predicted number of heatstroke patients, r is the average transport rate per 100,000 people per day during
the training data period, Pop is the population in Tokyo on January 1st of the test year, 13,951,636 in 2020, 13,857,443 in
2019, and 13,754,059 in 2018[25].25 β is the log odds ratio obtained from relative risk associated with a change in
exposure expressed as a temperature-response function, and x is the daily maximum temperature. Δx is calculated from
the increase/decrease based on 27.7°C which is the mode of the daily maximum temperature of the training data. This
value was well aligned with previous studies reporting that the number of heatstroke patients started to increase around
27°C in Tokyo[40]. y0 is the mean value for patients at 27.7°C in each training data, which is used as the baseline value.

2–5 Training and test data selection

We used data from 2018, 2019, and 2020 as test data. To �nd a robust model for training data, we used training data from
2012 to the year prior to the test data and tried all combinations shown in Table 1. To check all possible combinations as
training data, we tested 255 patterns for 2020, 127 patterns for 2019, and 63 patterns for 2018 as training data. For
example, when testing the year 2020, we have eight years for training data from 2012 to 2019, so we substituted eight for n
in Eq. [4] and determined the number of combinations as Com = 255.

Com =
n

∑
k =1

nCk[4]

( )
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Table 1
Training and test data selection

Test data 2018 2019 2020

Training
data

2012–2017 2012–2018 2012–2019

# of used
years

# of
combinations

# of used
years

# of
combinations

# of used
years

# of
combinations

6 1 7 1 8 1

5 6 6 7 7 8

4 15 5 21 6 28

3 20 4 35 5 56

2 15 3 35 4 70

1 6 2 21 3 56

    1 7 2 28

        1 8

Sum 63 Sum 127 Sum 255

2–6 Comparison of three methods

We evaluated the accuracy of the predicted number of heatstroke patients using the root mean square error (RMSE) and
mean absolute error (MAE), as expressed by Eqs. [5] and [6]. Smaller value of the indicator indicates higher accuracy. The

observed value is yi and the predicted value is y′
i. n is the number of predicted days (n = 122). The focus was on the

RMSE to create a model with no major deviations between the observed and predicted values.

RMSE =
1
n ∑ n

i=0(yi − y′
i)

2[5]

MAE =
1
n ∑ n

i=0 | yi − y′
i | [6]

2–7 Analyses of in�uential factors

By comparing the errors of each method, we identi�ed factors that in�uence the errors in the training data. As shown in the
previous studies, the end of the rainy season, midsummer days (daily maximum temperature of 30°C or higher), extremely
hot days (35°C or higher), and tropical nights (daily minimum temperature of 25°C or higher) were considered in�uential
factors for heatstroke patients[20, 40]. We attempted a linear regression analysis using these factors as explanatory
variables and RMSE as the objective variable to see if these factors are also determinants of model error. In addition, we
examined the trade-off between the quantity of the training data and quality of the constructed models when adding old
data to the training data to consider changes in heatstroke diagnostic criteria[41, 42], and social conditions. For example,
the percentage of elderly people in the total population is increasing every year, affecting the validity of older data.

3. Result
3 − 1. Prediction for 2020

√
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When validated for all combinations of training data, there were differences in the results between the three methods. In
MR and GAM, the errors varied signi�cantly depending on the combination of the training data. The TC showed constant
and small errors in most models. The narrow interquartile range (IQR) of 1.1 in TC in Fig. 1 indicates that the results are not
signi�cantly in�uenced by the training data. When compared with the same training data, the TC value was signi�cantly
smaller than that for the MR and GAM (p < 0.001).

For MR, out of the 255 training data combinations, the model using only 2019 had the smallest RMSE (Table 2). The
models including 2019 were not contained in the 99th percentile of the one with the largest error. The least accurate model
used only 2016 as the training data. For GAM, of the 255 training data combinations, the models using 2014, 2018, and
2019 showed the smallest RMSE (Table 3). The least accurate model used only the oldest data (2012) as the training data.
In case of TC, a model built with only 2019 data showed a large RMSE, whereas including data from several other years in
the model resulted in a smaller RMSE (Table 4). Furthermore, we found that the models including 2013 and 2015 showed
smaller RMSEs. All the top �ve models had an odds ratio of 1.41 and β coe�cient of 0.35. Figures 2 and 3 show graphs of
the predicted number of heatstroke patients for the best model of the three methods and the observed number in 2020.

Table 2
Accuracy of top �ve models for 2020 by multiple regression

Training data (year) RMSE MAE Chosen prediction variables

2019 25.54 24.05 Jun, Jul, Aug, Mon, Tue, Thu

2018, 19 26.92 24.05 Jun, Jul, Aug, Thu

2015, 19 27.43 24.06 Jun, Jul, Aug

2014, 19 29.9 24.13 Jun, Jul, Aug, Sat

2015, 18, 19 30.67 24.17 Jun, Jul, Aug, Mon, Thu

Table 3
Accuracy of top �ve models for 2020 by GAM

Training data (year) RMSE MAE Chosen prediction variables

2014, 18, 19 27.66 18.78 Jun, Jul, Aug, Mon, Tue, Thu

2014, 17, 18, 19 27.66 17.77 Jun, Jul, Aug, Thu

2015, 17, 18, 19 28.13 19.02 Jun, Jul, Aug

2014, 15, 18, 19 28.13 18.47 Jun, Jul, Aug, Sat

2017, 18, 19 28.29 20.01 Jun, Jul, Aug, Mon, Thu
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Table 4
Accuracy of top �ve models for 2020 by time-strati�ed case-crossover

analysis
Training data (year) RMSE MAE Odds ratio

(95%CI) (/℃)

β(/℃)

2013, 16, 17, 18, 19 25.51 15.48 1.41 (1.40, 1.42) 0.35

2013, 14, 16, 17, 19 25.51 15.48 1.41 (1.40, 1.42) 0.35

2012, 14, 15 25.51 15.49 1.41 (1.40, 1.43) 0.35

2013, 14, 15 25.51 15.49 1.41 (1.40, 1.43) 0.35

2013, 15, 16, 18, 19 25.51 15.5 1.41 (1.41, 1.42) 0.35

3 − 2. Prediction for 2019

As in the model of prediction for 2020, the value for TC was signi�cantly lower than those of the two methods (p < 0.001).
The error in TC had a narrow IQR of 1.7 (Fig. 4), indicating that it is not easily affected by the training data. Conversely,
GAM had a large IQR of 4.8 and high variability. MR had a relatively narrow IQR of 2.7; however, MR, the errors were large
overall.

For MR, of 127 patterns of the training data combinations, the most accurate model was that using the single year data,
which was 2018 (Table 5). The accuracy of the models, including 2014, 2015, and 2018, was good. The top 80 of the 127
patterns, in order of the smallest RMSE, always included 2018, 2014, and 2015. Conversely, the combinations of 2012,
2013, 2016, and 2017 occupy the bottom of the list. For the GAM, of the 127 patterns of the training data combinations,
the pattern using 2015 and 2018 showed the smallest RMSE (Table 6). The RMSEs of the patterns using multiple years
improved when 2015 and 2018 were included. For TC, of 127 patterns of the training data combinations, the most accurate
model was a model using the single year data, which is 2015, unlike the prediction for 2020. All top �ve models had odds
ratio of 1.42 to 1.44 and β coe�cent of 0.35 to 0.36 (Table 7).

Table 5
Accuracy of top �ve models for predicting 2019 by multiple regression
Training data (year) RMSE MAE Chosen prediction variables

2018 52.69 23.87 Jun, Jul, Aug

2015, 18 52.97 22.73 Jun, Jul, Aug

2015 53.93 22.94 Jun, Jul, Aug

2014, 15, 18 54.6 23.07 Jun, Jul, Aug, Sat

2014, 18 54.93 23.21 Jun, Jul, Aug, Sat
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Table 6
Accuracy of top �ve models for predicting 2019 by GAM

Training data (year) RMSE MAE Chosen prediction variables

2015,2018 47.02 26.24 Jun, Jul, Aug

2015,2016,2018 47.03 24.82 Jun, Jul, Aug

2016,2018 47.04 26.11 Jun, Jul, Aug

2015 47.33 23.03 Jun, Jul, Aug, Sat

2014,2015,2018 47.42 24.6 Jun, Jul, Aug, Sat

Table 7
Accuracy of top �ve models for predicting 2019 by the time-strati�ed

case-crossover analysis
Training data (year) RMSE MAE Odds ratio

(95%CI) (/℃)

β(/℃)

2015 46.75 22.18 1.43 (1.42, 1.47) 0.36

2014, 15 46.75 22.18 1.43 (1.42, 1.46) 0.36

2014 46.76 22.18 1.44 (1.41, 1.47) 0.36

2013, 14 46.79 22.15 1.42 (1.42, 1.46) 0.35

2013 46.81 22.13 1.44 (1.42, 1.46) 0.36

3–3. Prediction for 2018

The value of the TC was signi�cantly smaller than those of the two methods (p < 0.005) (Fig. 5). Compared to the
predictions for 2019 and 2020, although the IQR in TC increased slightly to 2.8, it had the narrowest range and was least
affected by the training data. For MR, the top �ve patterns always included 2015, whereas the patterns using 2012
occupied the bottom 14 positions. When predicting 2018, the model that included the most recent data did not always
show good accuracy (Table 8). For the GAM, the pattern obtained using 2015 was the most accurate. The accuracy was
better when 2012 was not included. The most recent training data, 2017, were distributed throughout, with no effect on
reducing or increasing accuracy (Table 9). For TC, of the 63 patterns of the training data combinations, the model using
data from 2012 and 2013 showed the smallest RMSE with odds ratio of 1.43 and β coe�cient of 0.36 (Table 10). Models
that use recent training data did not always �t. The top �ve models had odds ratio of 1.42 to 1.44 and β coe�cient of 0.35
to 0.36.

Table 8
Accuracy of top �ve models for predicting 2018 by multiple regression
Training data (year) RMSE MAE Chosen prediction variables

2015 50.53 25.12 Jun, Jul, Aug

2015, 16 53.51 26.51 Jun, Jul, Aug, Mon

2013, 15 54.15 26.75 Jun, Jul, Aug

2013, 15, 16 54.97 27.35 Jun, Jul, Aug, Mon, Thu

2015, 17 55.07 26.63 Jun, Jul, Aug
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Table 9
Accuracy of top �ve models for predicting 2018 by GAM

Training data (year) RMSE MAE Chosen prediction variables

2015 47.25 27.17 Jun, Jul, Aug

2013, 15 50.73 27.33 Jun, Jul, Aug, Mon

2015, 17 51.37 26.85 Jun, Jul, Aug

2014, 15 52.03 27.74 Jun, Jul, Aug, Mon, Thu

2013, 15, 17 52.69 27.38 Jun, Jul, Aug

Table 10
Accuracy of top �ve models for predicting 2018 by time-strati�ed case-

crossover analysis
Training data (year) RMSE MAE Odds ratio

(95%CI) (/℃)

β (/℃)

2012,13 53.61 29.51 1.43 (1.42, 1.45) 0.36

2012,15 53.64 29.55 1.43 (1.42, 1.45) 0.36

2012 53.71 29.21 1.42 (1.39, 1.46) 0.35

2013 53.77 29.7 1.42 (1.42, 1.46) 0.35

2013,14 53.82 29.74 1.44 (1.42, 1.46) 0.36

3–4. Determinants of RMSE

We examined whether the difference in the date of the end of the rainy season in the test data was related to this error.
First, we analyzed whether the data were closer or farther from the test data based on the normal rainy season’s end of
July 19 and found no signi�cant differences in the MR (p = 0.51), GAM (p = 0.62), and TC (p = 0.85). (Tables S10, S11,
S12). Next, we examined whether the difference in the mean temperature after the rainy season between the training data
and test data was related to the magnitude of the error. No signi�cant results were obtained for either GAM (p = 0.22) or TC
(p = 0.72); however, signi�cant results were obtained for MR (p < 0.05) (Table S13). We then examined the effect of the
number of tropical nights, which was not signi�cant (MR, p = 0.46; GAM, p = 0.5; TC, p = 0.29). In contrast, for MR, the
variables for the number of extremely hot days (p < 0.01) and year (p < 0.05) were signi�cant (Table S10). Because the
coe�cient of the number of extremely hot days is 1.64, we can say that, for each additional day, the RMSE becomes 1.64
times larger. The coe�cient for the year is -2.47, which means that the RMSE increases by a factor of 2.47 for each year of
older data. For the GAM, only the variable for the number of extremely hot days was signi�cant (p < 0.05), and the
coe�cient was 1.55 (Table S11). For TC, none of the results were signi�cant, indicating that the magnitude of the RMSE
was not affected by these factors (Table S12). However, the year may have some in�uence, not just in one direction, and
will therefore be examined in the next section.

3–5. Trade-off between quantity and quality of adding old data

We examined how the RMSE changed as we added one year of the training data to the models at a time. Figure 8 shows a
comparison of the RMSE between the number of heatstroke patients in 2018 predicted by the three methods and the actual
number of cases. All three methods showed a gradual V-shaped curve; the more the previous data years were added to the
training data, the higher the accuracy became until a certain stage from which the accuracy was lowered. The error was
smaller if the older data (i.e., 2012 and 2013) were not used; however, the error was larger if the new data (i.e., 2017) are
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used alone. The right combination lies between the old and the new data. In the MR and GAM, the model using data from
2015 to 2017 showed the smallest RMSE and MAE values. For TC, the model using data from 2014 to 2017 showed the
smallest RMSE and MAE with odds ratio of 1.4 (95% con�dence interval (CI): 1.38 and 1.41, p < 0.001) and log odds ratio
of 0.34 (Tables 13, S7, S8, and S9). As shown in Figs. 6 and 7, the same can be said when 2020 and 2019 are used as test
data, but the error in the MR is smaller for newer data (Tables 11, 12, S1, S2, S3, S4, S5, and S6).

Table 11
Accuracy of models for 2020 by three methods when training data was decreased by one year from 2012 to 2019

Training data
(year)

MR GAM TC MR, GAM TC

RMSE Chosen prediction variables Odds ratio (95%CI) (/
℃)

β (/
℃)

2012–19 41.46 32.36 27.03 Jun, Jul, Aug, Mon, Wed, Thu 1.39

(1.39, 1.40)

0.33

2013–19 40.05 30.67 26.24 Jun, Jul, Aug, Mon, Wed, Thu 1.4

(1.39, 1.40)

0.34

2014–19 38.39 29.49 25.91 Jun, Jul, Aug, Mon, Sat 1.4

(1.40, 1.41)

0.34

2015–19 37.91 29.03 25.51 Jun, Jul, Aug, Mon, Tue, Wed,
Thu

1.41

(1.40, 1.42)

0.35

2016–19 37.82 28.91 25.68 Jun, Jul, Aug, Mon, Thu 1.41

(1.40, 1.42)

0.34

2017–19 32.83 28.29 25.53 Jun, Jul, Aug, Mon, Thu 1.42

(1.40,1.43)

0.35

2018–19 26.92 29.78 26.95 Jun, Jul, Aug, Thu 1.43

(1.42, 1.45)

0.36

2019 25.54 49.46 60.06 Jun, Jul, Aug, Mon, Tue, Thu 1.51

(1.48, 1.53)

0.41
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Table 12
Accuracy of models for 2019 by three methods when training data was decreased by one year from 2012 to

2018
Training data (year) MR GAM TC MR, GAM TC

RMSE Chosen prediction variables Odds ratio

(95%CI) (/℃)

β (/℃)

2012–18 59.55 52.1 51.21 Jun, Jul, Aug, Mon, Wed, Thu 1.39

(1.38, 1.40)

0.33

2013–18 58.62 50.11 50.69 Jun, Jul, Aug, Mon, Wed, Thu 1.39

(1.38, 1.40)

0.33

2014–18 57.57 48.76 50.44 Jun, Jul, Aug, Mon, Sat 1.39

(1.38, 1.40)

0.33

2015–18 57.76 47.92 51.49 Jun, Jul, Aug, Mon, Wed, Thu 1.38

(1.37, 1.40)

0.33

2016–18 59.24 48.21 53.8 Jun, Jul, Aug, Mon, Wed, Thu 1.37

(1.36, 1.38)

0.31

2017–18 57.15 48.6 53.54 Jun, Jul, Aug, Mon, Wed, Thu 1.37

(1.36, 1.39)

0.31

2018 52.69 50.28 51.92 Jun, Jul, Aug 1.38

(1.37, 1.40)

0.32
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Table 13
Accuracy of models for 2018 by three methods when training data was decreased by one year from 2012 to

2017
Training data (year) MR GAM TC MR, GAM TC

RMSE Chosen prediction variables Odds ratio

(95%CI) (/℃)

β (/℃)

2012–17 60.79 57.58 57.9 Jun, Jul, Aug, Mon, Sat 1.39

(1.38, 1.40)

0.33

2013–17 57.91 55.6 56.87 Jun, Jul, Aug, Mon, Wed, Thu 1.39

(1.38, 1.41)

0.33

2014–17 57.94 57.14 56.08 Jun, Jul, Aug, Mon, Sat 1.4

(1.39, 1.41)

0.34

2015–17 56.31 55.49 58.18 Jun, Jul, Aug, Mon, Wed 1.39

(1.37, 1.40)

0.33

2016–17 61.2 66.89 65.97 Jun, Jul, Aug, Mon, Wed, Thu 1.35

(1.33, 1.37)

0.3

2017 63.11 64.83 68.93 Jun, Jul, Aug, Wed 1.34

(1.31, 1.36)

0.29

4. Discussion
Although heatstroke patient prediction models have been proposed in previous studies, they are not robust because of the
restricted training data. For example, Ogata et al[20]. created a model with excellent accuracy, but it was not robust to
training data because it used only one test dataset, 2018, and a �xed three-year period from 2015. However, we found that
it is di�cult to create robust models that account for all training data in GAM and MR, which are sensitive to training data.
Therefore, using the optimal odds produced by using a TC that is less sensitive to training data, a risk model with high
overall accuracy can be developed. It can be said that the use of TC can make this di�cult task possible.

In addition, although previous studies have shown a correlation between the number of tropical nights and midsummer
days and the occurrence of heatstroke[29], these factors did not appear to be factors other than the maximum temperature
in the risk model. The error was signi�cantly larger when the number of extremely hot days differed between the training
and test data in MR and GAM (p < 0.01, p < 0.05). When extreme temperatures occur, the prediction model cannot fully
predict the number of people who will experience heatstroke, and the errors are likely to be large. Previous studies, either
linear or nonlinear, have been less accurate in predicting a sharp increase in the total number of patients with heatstroke. It
is conceivable that any discrepancy in the number of extremely hot days from the test data would increase the error[17, 19,
20]. Therefore, including training data with the same trend in the number of extremely hot days may increase the accuracy.
In addition, the MR also showed a correlation with the mean temperature after the rainy season (p < 0.05). If long-term
forecasting can predict an event, training data that have a similar trend to the test year can also be included. Furthermore,
the inclusion of older training data signi�cantly decreased the accuracy of MR (p < 0.05). Regardless of the method used,
we also found that the best trade-off between quantity and quality by adding older data to the training data when using
consecutive training data is 3 − 4 years from the latest data. The reasons cited for the ineffectiveness of older data include
changes in diagnostic criteria and social conditions. An example of a change in social conditions is that the percentage of
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elderly people susceptible to heatstroke is increasing each year[43]. We compared three methods using daily maximum
temperature as the predictor variable based on previous research[10]. Future studies should examine other methods and
the addition of other predictor variables.

5. Conclusions
Comparing the accuracy of the three methods with the heatstroke patients as the objective variable and the maximum
temperature as the predictor variable, we found that the error of TC was signi�cantly smaller than those of the other two
methods (p < 0.005) and less sensitive to training data. Hence, the most accurate odds ratio of 1.41–1.44 and β coe�cient
of 0.35–0.36 were found after validation of the three test datasets using all possible training data from the past. If data
are to be included continuously, a model constructed from three or four years of data from the latest one is the most
accurate.

Abbreviations
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multiple regression analysis
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mean absolute error
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Interquartile range
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Figure 1

Distribution of RMSE by training data for all combination of 255 cases in 2020. 
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Figure 2

Number of predicted and observed heatstroke patients in 2020 / The most accurate model for each of the three methods
was used to predict the number of each day.
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Figure 3

Number of predicted and observed heatstroke patients in 2020 / The most accurate model for each of the three methods
was used to predict the number at that daily maximum temperature.
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Figure 4

Distribution of RMSE by training data for all combination of 127 cases in 2019
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Figure 5

Distribution of RMSE by training data for all combination of 63 cases in 2018
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Figure 6

Comparison of the RMSE of the three methods predicting for 2020 / When training data was added by one year from 2012
to 2019.
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Figure 7

Comparison of the RMSE of the three methods predicting for 2019 / When training data was added by one year from 2012
to 2018.
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Figure 8

Comparison of the RMSE of the three methods predicting for 2018 / When training data was added by one year from 2012
to 2017.
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