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Abstract 

Researchers agree that there is substantial evidence of an increasing trend in both the 

frequency and duration of extreme temperature events. Increasing extreme temperature 

events will place more pressure on public health and emergency medical resources, and 

societies will need to find effective and reliable solutions to adapt to hotter summers. This 

study developed an effective method to predict the number of daily heat-related 

ambulance calls. Both national- and regional-level models were developed to evaluate the 

performance of machine-learning–based methods on heat-related ambulance call 

prediction. The national model showed a high prediction accuracy and can be applied 

over most regions, while the regional model showed extremely high prediction accuracy 

in each corresponding region and reliable accuracy in special cases. We found that the 

introduction of heatwave features, including accumulated heat stress, heat acclimatization, 

and optimal temperature, significantly improved prediction accuracy. The adjusted 

coefficient of determination (adjusted R2) of the national model improved from 0.9061 to 

0.9659 by including these features, and the adjusted R2 of the regional model also 

improved from 0.9102 to 0.9860. Furthermore, we used five bias-corrected global climate 

models (GCMs) to forecast the total number of summer heat-related ambulance calls 

under three different future climate scenarios nationally and regionally. Our analysis 
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demonstrated that, at the end of the 21st century, the total number of heat-related 

ambulance calls in Japan will reach approximately 250,000 per year (nearly four times 

the current amount) under SSP-5.85. Our results suggest that disaster management 

agencies can use this highly accurate model to forecast potential high emergency medical 

resource burden caused by extreme heat events, allowing them to raise and improve 

public awareness and prepare countermeasures in advance. The method proposed in Japan 

in this paper can be applied to other countries that have relevant data and weather 

information systems. 

Keywords: climate change, heat-related impacts, emergency ambulance calls, Extreme 

Gradient Boosting, Shared Socioeconomic Pathways (SSP). 

1. Introduction

The number of extreme weather events related to climate change has increased 

dramatically in recent years (Martínez & Bandala. 2018). Heatwaves are one type of 

extreme weather event and represent a major threat to public health and human society 

(Campbell et al., 2018). Several fatal heatwaves have already occurred in the 21st century, 
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causing a large number of deaths in different regions. According to the World 

Meteorological Organization (WMO), the total number of deaths caused by heatwaves 

grew by 2300% between 1991–2000 and 2001–2010 (Robine et al., 2008; Vos et al., 2010). 

Moreover, continuing global warming and climate change have resulted in higher average 

temperatures. Previous research shows that even small changes in average temperature 

can result in considerable changes in the intensity and frequency of extreme weather 

events (Mearns et al., 1984). Analyses of long-term climate records show evidence of an 

increasing trend in both the frequency and duration of extreme temperature events 

(Fischer et al., 2010). Russo et al. (2014) proposed a model that projected heatwave events 

that have the same intensity as the 2010 heatwave in Russia will become common in the 

near future. Under these conditions, there is an urgent need to investigate the associations 

between meteorological information and heat-related health impacts. High-accuracy heat-

related health prediction models are required to assist governments and individuals in 

taking proper countermeasures in advance. 

Evaluating the impacts of severe heat-related extreme weather events on both mortality 

and morbidity has attracted increasing interest. Multiple analyses about the associations 

between temperature and mortality have indicated that region-specific risks change 
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according to climate characteristics, geographic information, and socio-economic 

conditions (Chen et al., 2018; Nairn et al., 2018). A multi-country, multi-community study 

showed that heatwaves had significant cumulative associations with health outcomes in 

all countries, but results varied by community (Guo et al., 2017). Morbidity data, 

including ambulance calls and hospital admissions, are good candidates to examine the 

daily health impacts of heat because they are sensitive to changes in temperature 

(Campbell et al., 2018). 

Some efforts have been made to predict heat-related morbidity (heat stroke) and the 

number of ambulance calls by using various types of meteorological data. Previous efforts 

to investigate the associations between high temperature and its impacts (including 

mortality, morbidity, or ambulance calls) can be broadly classified into two types. The 

first type of research uses numerical computational methodsor statistical methods to 

evaluate the heat-related health outcomes based on physical laws of weather. For example, 

Guo evaluated the hourly associations between heat and ambulance calls in Australia by 

using a distributed lag non-linear model (Guo et al., 2017). Kaisai et al. (2017) used a 

polynomial regression method to predict summer heatstroke risk in Tokyo. Nairn et al. 

(2018) proposed excess heat factors considering both long- and short-term effects of heat 
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to calculate the number of deaths caused by heatwaves. Kodera et al. (2019) utilized an 

integrated computational technique to estimate daily peak core temperature elevation and 

daily water loss, and found that these metrics are important for predicting heat-related 

ambulance calls. Oka et al. (2021) proposed random forest-based prediction model with a unique 

metric named relative temperature to represent heat acclimatization when evaluate the number of heat 

stroke patients. However, differences between geographic information and socio-economic 

conditions are rarely considered in these studies, which results in model predictions that 

are only accurate in the target regions. This type of research also has been shown to have 

some limitations in properly estimating the effects of heat when the absolute temperature 

is not very high in early summer. The second type of research incorporates machine-

learning (ML) or deep-learning methods. Typical examples include a random forest 

model developed by Wang et al. (2019) and a hybrid ML model developed by Ogata et al. 

(2021). Wang’s model sacrificed prediction accuracy to study cities in different climate 

zones, although socio-economic features were considered. Ogata’s model obtained high 

levels of prediction accuracy by applying under-sampling and bagging methods in their 

hybrid model, but their research only focused on the Kinki region and cannot be applied 

to other regions without training additional models. A high accuracy prediction model 

that can evaluate daily heat-related health impacts in different regions has yet to be 
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developed. 

Thus, we developed national- and regional-level models to evaluate the performance of 

ML-based methods on the prediction of daily heat-related ambulance calls in Japan.

Heatwave features, demographic data, and socio-economic conditions are included in the 

models to properly evaluate health risks in different regions and on a national scale. 

Furthermore, we estimated future heat-related risks for different regions in Japan under 

different socio-economic scenarios. Such an approach will enable future projections of 

heatwaves and their impact on public health. The paper is organized as follows. We 

describe the datasets and methods in Section 2. The performances of the national- and 

regional-level models are presented Section 3. We discuss the limitations of the current 

model and future research directions in section 4 and summarize the research in Section 

5. 

2. Methods

Our aim was to develop a model to predict heat-related morbidity that can be applied to 

all the regions of Japan. For this purpose, four meteorological variables provided by the 

Japan Meteorological Agency—air temperature, relative humidity, solar radiation, and 
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wind speed—were collected from 1991 to 2020. The agency has collected meteorological 

data since 1872 and provides weather data at the city level. We selected 47 main weather 

stations in 47 prefectures to express the heat stress experienced by people in different 

regions. In most prefectures of Japan, the population is concentrated in one or more main 

cities. Therefore, we selected weather stations that are located near major urban areas to 

represent the weather conditions in each prefecture. A more detailed description of the 

weather stations and their locations can be found in the supplementary materials, along 

with descriptions of special conditions that had to be considered. For example, even 

though Mito is the most populous city in Ibaraki Prefecture, solar radiation data were 

unavailable at that weather station, so we used data from Tsukuba, which is the second-

most populous city in Ibaraki. Some weather stations also had missing values for some 

days. In these cases, we used data from the nearest weather station in place of the missing 

values. 

The framework of this model was inspired by the concepts proposed by the 

Intergovernmental Panel on Climate Change (IPCC) in its Fifth Assessment Report (IPCC, 

2014a). The risk of heat-related health impacts results from the interaction of heat-related 

hazards with vulnerability and exposure. In this research, the term “hazards” refers to the 
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properties of heat-related hazards. It includes severity, duration, location, frequency, and 

other concepts related to heat-related hazards. The term “exposure” applies to the 

residents affected by heat-related hazards. Demographic factors for each prefecture were 

used to evaluate exposure. The term “vulnerability” refers to the sensitivity of residents’ 

health to extreme heat events. Factors including age, gender, and socio-economic status 

will influence the ability to tolerate extreme environments. Both “exposure” and 

“vulnerability” are influenced by a wide range of demographic and socio-economic 

features and processes that have been incompletely considered to date and that make 

quantitative assessments of future trends complex (IPCC, 2014b). 

Hazards, exposure, and vulnerability were all used as inputs in the model to evaluate heat-

related risk. Heat-related risk is generally quantified as health outcomes caused by heat-

related hazards. Mortality has been assessed as the primary health outcome in previous 

research (Campbell et al., 2018). Although morbidity data are sometimes more sensitive 

to heat-related health impacts, the limitation of access to morbidity data makes it difficult 

to perform large-scale population-level studies (Campbell et al., 2018). We selected 

ambulance call data as the outcome in our model because it includes different levels of 

health impacts, ranging from mild (i.e., does not require hospitalization) to severe 
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(requires hospitalization of 3 weeks and more). Death is also included in the data, but 

only in cases where death was confirmed at the initial examination. We used data from 

Japan’s Fire and Disaster Management Agency (FDMA), which has provided heat-related 

ambulance call data since 2008. According to Japan’s FDMA, Heat-related ambulance 

call refers to the situation that people are transported to medical institutions by emergency 

ambulance and are diagnosed with heat stroke after initial examination. Heat stroke here 

is defined as "a general term for disorders that occur when the body's water and salt 

(sodium, etc.) imbalance occurs due to a breakdown in the body's ability to regulate the 

heat in a hot environment. It includes sunstroke, heat cramps, heat exhaustion, and 

heatstroke. In this research, we used heat-related ambulance call data from June to 

September of each year in Japan’s 47 prefectures from 2008 to 2020. 

2.1. Heatwave features 

The wet-bulb globe temperature (WBGT) is a worldwide heat index to estimate the co-

effects of temperature, relative humidity, wind speed, and solar radiation. WBGT was 

first developed to estimate heat exposure in the marine military, where humidity was of 

concern for soldiers in military training clothes and subject to significant risk of heat 

stress (Yaglou, 1957). After WBGT was accepted and recommended by ISO 7243 (ISO, 
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1989), it became a popular tool used by researchers to measure the general heat stress for 

people working in hot and humid environments. Unlike in some countries where the 

summer temperatures are high but humidity is low, Japan experiences both high 

temperatures and high humidity in summer. Once the rainy season starts, the humidity 

remains high for months. Therefore, we chose WBGT rather than air temperature to 

evaluate heat stress for this research. Observed WBGT data have only been provided at 

limited weather stations since 2006 in Japan. To obtain WBGT data from 1991 to 2020, 

we used the estimation method proposed by Ono and Tonouchi (2014), which can 

estimate WBGT with a bias of less than 1.0°C with 98.3–99.8% confidence. The 

estimation formula is as follows: 

𝑊𝐵𝐺𝑇 =  0.735 ×  𝑇𝑎 +  0.0374 ×  𝑅𝐻 +  0.00292 ×  𝑇𝑎 ×  𝑅𝐻 +  7.619 ×  𝑆𝑅 −  4.557 ×

𝑆𝑅2  −  0.0572 ×  𝑊𝑆 −  4.064, (1) 

where Ta is standard air temperature (℃), RH is relative humidity (%), SR is daily solar 

radiation (kW/m2), and WS is wind speed (m/s). 

It should be noted that Ono’s formula was designed for hourly WBGT estimation while 

our research used daily average WBGT. Previous studies have noted that the estimation 

procedures reflected in Eq. (1) do not strictly follow the ISO standards for measuring 

WBGT (Takakura et al., 2019). When estimating daily average WBGT, it is necessary to 
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calculate daytime WBGT and nighttime WBGT separately because of changes in solar 

radiation. Therefore, we tested four different methods based on Ono’s formula (Eq. 1) to 

estimate daily average WBGT (see the supplemental material). The results indicate that 

Ono’s formula has sufficient prediction accuracy even though it lacks physical rationality. 

Heat stress accumulates when hot days continue for a long period, and it becomes more 

difficult to discharge the heat stress at night. Epidemiological studies in different 

countries have proved that heat-related health impacts are usually delayed for 2 or 3 days 

(Saez et al., 1995; Hajat et al., 2002; Honda et al., 2014), and the lag effect plays a 

significant role in properly evaluating accumulated heat stress. A method was proposed 

by Nairn that included a 3-day period to calculate overall heat stress during heatwave 

events (Nairn et al., 2015). However, the lag effect pattern varied in different countries 

and regions, making it difficult to set a reasonable lag effect for all regions. Honda et al. 

(2014) found that a lag of 0 days had the highest risk, followed by a lag of 1 day and so 

on. Therefore, specified weights need to be allocated for different lag days. To accomplish 

this, we combined concepts from previous research and defined the overall heat stress of 

day t as follows: 

𝐻𝑒𝑎𝑡𝑠𝑡𝑟𝑒𝑠𝑠𝑡 = ∑ (𝑤𝑡−𝑛 × 𝑊𝐵𝐺𝑇𝑡−𝑛)𝑘
𝑛=0    ,  (2) 
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where k is the number of days that the lag effect exists in a specific region; 𝑤𝑡−𝑛 is the 

daily weight of the lag effect, which should decrease as time passes. We used a 2-day lag 

effect in this research because evidence has indicated that significant lag effects continue 

for 2 days in Japan (Honda et al., 2014). 

Heat acclimatization is the beneficial physiological adaptive response to a hot 

environment that helps people reduce the risks of serious heat illness (Kinney et al., 2008). 

Heat acclimatization occurs when repeated heat exposures are sufficiently stressful to 

invoke profuse sweating and elevate whole-body temperatures (Saunders et al., 2019). 

Evidence shows that progress of heat acclimatization might take 2 weeks with sufficient 

daily heat exposure (McGregor et al., 2015). Considering that the time required for heat 

acclimatization for different groups of people varies, we used two variables, 

WBGT_Previous15 and WBGT_Previous30, to represent the difference of WBGT 

between the current day and the average of the previous 15 (30) days. A relatively high 

value of WBGT_Previous15 (30) means that the WBGT has suddenly increased, and 

people might experience difficulties adapting to hot days. Heat acclimatization is used to 

capture the situation that a sudden increase of temperature cause people to be unable to 

adapt to the heat, even though absolute temperature not very high. 
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Previous studies have confirmed a V-shaped relationship between temperature and the 

mortality rate (Honda et al., 2014; Curriero et al., 2002). The mortality rate increases 

rapidly when the temperature becomes higher than an optimal temperature. This optimal 

temperature is location-specific and plays a significant role in heat-related health risk 

evaluation research (Vicedo-Cabrera et al., 2021). Similar result was found in Japan that 

different WBGT thresholds are required for hazard classification across different regions 

(Nakamura et al., 2022). The relationship between temperature and morbidity is more 

complicated because the level of heat-related illness needs to be considered. Therefore, 

we used three optimal WBGTs to characterize the WBGT thresholds in each prefecture: 

the 85th, 90th, and 95th percentile of previous 30 years WBGTs. 

Accumulated heat stress, heat acclimatization, and optimal temperature are almost always 

considered in heatwave-related research. Therefore, to distinguish these features from 

weather information, we denoted these features as “heatwave features” in this research. 

2.2. Demographic and socio-economic features 

We also used the following demographic and socio-economic features of the 47 
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prefectures: population size and the ratio of the population over 65 years old in each 

prefecture. In addition, three integrated socio-economic factors, the Income Index, Health 

Index, and Education Index, were calculated on a sub-national scale by Global Data Lab 

(https://globaldatalab.org/) based on the Human Development Index (HDI). These indices 

can be used to assess the development of a country by assessing life expectancy at birth, 

mean years of schooling of adults, and gross national income per capita in different areas. 

In addition, 10 other socio-economic features were also selected to represent levels of 

heat vulnerability in each prefecture. All of these features have been shown to be related 

to heat-related health impacts (McGregor et al., 2015). Table 1 summarizes the details of 

all of the variables used in our research and the data sources. 

2.3. Model training 

We used a supervised ML method, Extreme Gradient Boosting (XGBoost), to develop 

our heat-related morbidity prediction model. XGBoost is a scalable, distributed gradient-

boosted decision tree ML library (Chen and Guestrin, 2016). It provides a parallel tree 

boosting method and is a highly effective ML library for regression and classification 

problems. First, we pre-processed the training dataset, which included all variables listed 

in Table 1. The scales of demographic variables and socio-economic variables varied from 
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1 to 10,000,000. Because variables with large differences in scale might make the learning 

progress unstable. we used a normalization method to pre-process input data by scaling 

each variable to a range between 0 and 1. Then, we used randomized search cross 

validation with repeated 10-fold cross-validation to find the optimal hyperparameters of 

the XGBoost model. Finally, the adjusted coefficient of determination (adjusted R2) and 

root mean squared error (RMSE) were utilized to examine model performance. Generally, 

a smaller RMSE value indicates better performance, whereas a higher adjusted R2 value 

indicates better performance. Moreover, we applied SHapley Additive exPlanations 

(SHAP) on the national-level prediction model to explain the impacts of variables. SHAP 

is an open-source library that applies the Shapley value of cooperative game theory to 

ML models which handles well multicollinearity (Lundberg and Lee, 2017). It allows 

researchers to understand the impact of each explanatory variable used in an ML model. 

Features with higher SHAP values have higher impacts on the model. 
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Table 1 List of variables and data sources 

Variables Abbreviation Units Dataset sources 

Weather information 

Wet Bulb Globe Temperature WBGT ℃ Calculated based on data provided by the Japan Meteorological Agency

The WBGT of the previous day WBGT_1 ℃ Calculated based on WBGT 

The WBGT of the previous two day WBGT_2 ℃ Calculated based on WBGT 

85th percentile WBGT in this region for 1991 – 2020 period WBGT_85 ℃ Calculated based on WBGT 

90th percentile WBGT in this region for 1991 – 2020 period WBGT_90 ℃ Calculated based on WBGT 

95th percentile WBGT in this region for 1991 – 2020 period WBGT_95 ℃ Calculated based on WBGT 

The WBGT compared against the average WBGT over the past 15 days WBGT_Previous15 ℃ Calculated based on WBGT 

The WBGT compared against the average WBGT over the past 30 days WBGT_Previous30 ℃ Calculated based on WBGT 

Socio-economic and Demographic information  

Total population (prefecture level) Total_Population E-Stat (Ministry of Internal Affairs and Communications, Japan)

The rate of the population over 65 years old Eld_Population_Rate E-Stat (Ministry of Internal Affairs and Communications, Japan)

Health index  Health_index Global Data Lab 

Income index Income_index Global Data Lab 

Education index Education_index Global Data Lab 

The number of air conditioners per 1000 people Air_Conditioner_per1000 E-Stat (Ministry of Internal Affairs and Communications, Japan)

The rate of single elder people Isolated_Elder_Rate % E-Stat (Ministry of Internal Affairs and Communications, Japan)

The rate of people enrolled in high school High_School_Enrollment % E-Stat (Ministry of Internal Affairs and Communications, Japan)

The rate of male compared against female Male_Female_Rate % E-Stat (Ministry of Internal Affairs and Communications, Japan)

The rate of people who need nursing care Need_Care_Rate % E-Stat (Ministry of Internal Affairs and Communications, Japan)

The number of convenience stores per 1,000 people Konbini_per1000 E-Stat (Ministry of Internal Affairs and Communications, Japan)

The number of ambulance vehicles per 1,000 people Ambulanca_per1000 E-Stat (Ministry of Internal Affairs and Communications, Japan)

The coverage of urban green space Coverage_Urban_Green % Ministry of Land, Infrastructure and Transport, Japan

The coverage of urban greenway space Coverage_Green_Way % Ministry of Land, Infrastructure and Transport, Japan

The coverage of urban park Coverage_Urban_Park % Ministry of Land, Infrastructure and Transport, Japan

Heat-related emergency ambulance call Total Ambulance Call Fire and Disaster Management Agency, Japan

Four different prediction models were trained to find the best approach to predict heat-

related morbidity using a dataset with selected variables: (1) a national-level model with 

heatwave features, (2) a national-level model without heatwave features, (3) regional-
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level models with heatwave features, and (4) regional-level models without heatwave

features. The distribution of climate regions in Japan is summarized in the supplementary 

Material (Fig. S2). In general, prefectures located in the same climate region share a 

similar climate pattern and experience extreme weather simultaneously. We then 

compared the national and regional models to investigate the best approach to predict the 

number of heat-related ambulance calls. We assessed the differences between observed 

values in summer 2018 and predicted values of heat-related ambulance calls in different 

prefectures to evaluate model performance. 

2.4. Global climate models and future projections 

Daily temperature, relative humidity, wind speed, and solar radiation obtained from 

general circulation model (GCM) were used to calculate future WBGT which is the main 

input of weather information. Uncertainties in the projection of future heat-related risks 

arise from the low resolution of GCM data and the bias of weather information between 

GCM data and observation data. To incorporate the uncertainties, we used bias-corrected 

climate scenarios GCM based on the Coupled Model Intercomparison Project phase 6 

(CMIP6) for Japan, which were provided by the National Institute of Environmental 

Studies, Japan (Ishizaki, 2021). Five GCMs (ACCESS-CM2, IPSL-CM6A-LR, MIROC6, 
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MIP-ESM1-2-HR, and MRI-ESM2-0) were selected and processed by Ishizaki (2021) for 

impact and adaptation studies in Japan. These GCMs have already been bias-corrected 

and downscaled by Ishizaki (2021) to a spatial resolution of 1 × 1 km. In our research, 

the nearest grid points to the target weather station were selected to estimate future WBGT 

because the weather station data had already been used in training the prediction models. 

Three projection scenarios, i.e, SSP-1.26, SSP-2.45, and SSP-5.85 were used to estimate 

future heat-related risks. The scenarios were based on the Shared Socioeconomic 

Pathways (SSPs 1, 2, and 5) and Representative Concentration Pathways (RCPs 2.6, 4.5, 

and 8.5). SSP-1.26 is known as the “sustainability” scenario, in which carbon emissions 

will be cut to zero by 2075. SSP-2.45 is a “middle of the road” scenario and assumes that 

carbon emissions will peak by 2050 and start to decline. SSP-5.85 is known as “fossil-

fueled development”; in this scenario, carbon emissions will continue to rise throughout 

the 21st century. Historical GCM data were also used for comparison with observed 

values. Historical simulation data (2010–2014) were combined with GCM data under the 

SSP-2.45 scenario (2015–2019) for historical comparison. We calculated future WBGT 

under three different scenarios for each prefecture in Japan from 2020 to 2100. Finally, 

we obtained the future prediction of heat-related ambulance calls by providing the 
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transformed input data to the national-level prediction model we developed. We only 

considered the impacts caused by climate change in the future. Demographic and socio-

economic features for each prefecture were kept consistent with their status in 2020. 

3. Results

We developed four different XGboost models to predict heat-related ambulance calls in 

Japan: two national models (one with and one without heatwave features) and two 

regional models (one with and one without heatwave features). The performance of each 

prediction model is shown in Table 2. Regional-level models were developed for 11 

climate regions, and the average RMSE and adjusted R2 of the 11 regions are used for 

comparison. It should be noted that the RMSE can only be compared between the models 

on the same level (i.e., regional or national) because the normalization process was 

different in the different training datasets (see the Methods for a discussion of 

normalization). The train RMSE and test RMSE are smaller for both the national and 

regional models with heatwave features. An adjusted R2 will only increase if a newly 

added feature improves the model’s predicting power, and adding irrelevant features to a 

regression model will result in a decrease in the adjusted R2. Among our models, the value 

increases from 0.9061 to 0.9659 for the national models and from 0.9102 to 0.9860 for 
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the regional models. Models with heatwave features have better prediction performance 

at both levels. 

Table 2 Prediction of model performance 

National-level XGboost models Regional-level XGboost models 

With heatwave 

features 

Without heatwave 

features 

With heatwave 

features 

Without heatwave 

features 

Train RMSE 0.0087 0.0145 0.0106 0.0268 

Test RMSE 0.0086 0.0143 0.0106 0.0280 

Test adjusted R2 0.9659 0.9061 0.9860 0.9102 

We examined the trend of heat-related ambulance calls in 2018 to test prediction models. 

Figures 1 and 2 show the prediction performance of the four different models. In 2018, 

95,137 people were sent to the hospital due to heat-related health problems. Three main 

prefectures, Tokyo, Aichi, and Fukuoka were selected to examine the models’ 

performance in diverse regions. Although these three prefectures are geographically 

dispersed, their summer heat-related ambulance call trends have a similar pattern. In each 

case, the prediction model with heatwave features has a higher accuracy in estimating 

daily heat-related ambulance calls. 

The national model with heatwave features performs well under most conditions but has 

some small errors on days that are not very hot. The regional models with heatwave 
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features have the highest accuracy in predicting daily ambulance calls. In all cases, 

models without heatwave features have relatively lower prediction accuracy, but they can 

still match the trends of ambulance calls caused by extreme heat.
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National-level model with heatwave features National-level model without heatwave features 

  Figure 1, Prediction performance of national models for 2018 summer (from June to October) 

in Tokyo, Aichi and Fukuoka. Figures on the left side are results from model with heatwave features, 

while figures on the right side are results from model without heatwave features. Red lines indicate 

the observation values of total heat-related ambulance call, and the blue lines indicate the prediction 

values of total heat-related ambulance call. The vertical axis in these figures indicates the number 

of heat-related ambulance calls per 100,000 population. Prediction performance for other regions 

can be found in supplementary materials. 
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Regional-level model with heatwave features   Regional-level model without heatwave features 

  Figure 2, Prediction performance of regional-level models for 2018 summer (from June to 

October) in Tokyo, Aichi and Fukuoka. Figures on the left side are results from model with heatwave 

features, while figures on the right side are results from model without heatwave features. Red lines 

indicate the observation values of total heat-related ambulance call, and the blue lines indicate the 

prediction values of total heat-related ambulance call. The vertical axis in these figures indicates the 

number of heat-related ambulance calls per 100,000 population. Prediction performance for other 

regions can be found in supplementary materials. 
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SHAP values of the national model with heatwave features are shown in Fig. 3. WBGT 

and total population have the highest positive impacts on model output. Heatwave 

features (including WBGT) compared against the average WBGT over the past 30 days, 

the WBGT of the previous day, the WBGT compared against the average WBGT over the 

past 15 days, and the WBGT of the previous 2 days have significant positive impacts on 

the result. Another heatwave feature, the 85th percentile WBGT in a region for the 1991–

Figure 3, Importance of all features for the total heat-related ambulance call in national-level 

Xgboost model. Each dot represents 1 sample in the dataset. The blue to red color indicate low to 

high feature value. The x-axis shows the SHAP value. Red (blue) cluster with positive SHAP 

value means higher (lower) feature value results in higher number of total ambulance call, while. 

Red (blue) cluster with negative SHAP value means higher (lower) feature value results in lower 

number of total ambulance call. The feature WBGT in the top means the highest impact on model’s 

output. 
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2020 period, has a negative impact on the result, which means a lower temperature 

threshold in a region might lead to a higher health risk under the same weather conditions. 

Socio-economic features have a relatively low influence on the model’s output. The most 

influential socio-economic feature is urban green coverage, which positively impacts the 

model. It should be noted that a small SHAP value does not indicate that a feature (e.g., 

a socio-economic feature in this case) is not crucial in heat-related health risk research. It 

only explains how the difference in features influences the training progress of the 

prediction model in Japan. 

We calculated the future trend of annual heat-related summer ambulance calls in Japan 

Figure 4, Temporal trends of future total heat-related summer ambulance call under different SSPs 

in Japan until 2100. The gray line indicates the observation of ambulance call from 2010 to 2020. 

The solid lines (exclude gray) indicate the mean annual ambulance call, and the shaded areas 

indicate the range of annual ambulance call estimated across the 5 GCMs. 
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by using the national model with heatwave features (Fig. 4). We first examined the 

difference between the observations provided by the Fire and Disaster Management 

Agency, Japan, and the historical values calculated by the five GCMs. The historical 

values are consistent with the observed values except in 2018. The annual average number 

of future heat-related ambulance calls under SSP-1.26, SSP-2.45, and SSP-5.85 were then 

estimated. There is no significant difference between the three scenarios until 2050. After 

2050, the number of summer ambulance calls under SSP-5.85 increases rapidly, reaching 

nearly four times the current size by 2100, whereas the number of summer ambulance 

calls per year under SSP-1.26 is much smaller throughout the century. The trend under 

SSP-2.45 is distributed between those of SSP-1.26 and SSP-5.85. 

The change in total number of ambulance calls for each region is shown in Fig. 5. We 

compared the average number of annual calls in 2011–2020 and with that of 2091–2100. 

The results show that Shikoku will experience the highest emergency ambulance call 

burden under SSP-5.85, with an almost five-fold increase by 2100, followed by the Tokai 

and Kinki regions (450% increase). Only three regions, Tohoku, Hokuriku, and North 

Kyushu, are predicted to have an increase of less than 400%. 
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4. Discussion

The present study developed an ML-based method to predict daily heat-related 

ambulance calls with high accuracy. Both national- and regional-level models were 

developed to investigate effective solutions for predicting the impacts of future climate 

change on public health. Our results indicate that the national model has relatively high 

accuracy in most regions. However, there was one case where the national model showed 

lower accuracy (Fig. 6). Okinawa is the southern- and westernmost prefecture in Japan, 

and it has a humid subtropical climate that is different from the climate of mainland Japan. 

Figure 5, The changes of total ambulance call for each region in Japan under different SSPs. X 

axis represents the climate regions in Japan. Y axis represent the change of total ambulance call 

(%) in 2091 to 2100 compared to 2011 to 2020. The green, orange and purple boxes represent the 

the change of total ambulance call in each region under SSP126, SSP245, and SSP585. The lines 

inside the box are median values of change across 5 GCMs. 
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These unique climate conditions limit the prediction accuracy of the national model, and 

only the regional model with heatwave features provides a desirable level of prediction 

accuracy in Okinawa. Hence, we recommend using the regional model with heatwave 

features for special cases such as this when the research target or application requires a 

high degree of accuracy. However, the national model is still the best choice and has the 

lowest computational cost when the research object is on the country level. 

National-level model with heatwave features National-level model without heatwave features 

Region-level model with heatwave features   Region-level model without heatwave features 

Figure 6, Prediction performance of 4 different models in Okinawa prefecture. Blues lines indicate 

predicted total ambulanca calls, while red lines indicate observed total ambulance calls. 
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This research investigated the significance of including heatwave features when 

developing a model that can be applied over a large area. We made comparisons of 

prediction performances between two well-used machine learning methods (XGBoost 

and Random Forest) under 3 different conditions (WBGT & heatwave features & socio-

economic features, WBGT & socio-economic features, WBGT) in 4 Japanese cities. The 

results indicate that the improvements in prediction performance by introducing heatwave 

features and socio-economic features are also observed in other machine learning 

methods (please see supplementary material). We considered the vanilla XGboost and 

Randon Forest models, while the previous study proposed that a hybrid model and under-

sampling are effective methods for improving a model’s performance (Ogata et al., 2021). 

Using state-of-the-art ML methods while also including heatwave features is a promising 

direction for future research on heat-related health impacts. Another way to improve the 

prediction accuracy of the model is to consider additional socio-economic features related 

to heat impacts on public health. Socio-economic features have a complex interaction 

with individual morbidity and mortality because they interact with other determinants of 

health (McGregor et al., 2015). Including sufficient socio-economic features could help 

the model better deal with the relationships between extreme heat and health impacts, 

resulting in better prediction performance. However, the effects of some socio-economic 
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features on public health are difficult to estimate quantitatively. It includes but not be 

limited to the countermeasures taken by local governments, implementation of heat 

warning systems, and social awareness of heat-related diseases (Campbell et al., 2018). 

Our research focused on heat-related health impacts in Japan. In the current models, the 

influence of these countermeasures is ignored during calculations because there are no 

significant differences in these features among the prefectures. However, this topic needs 

to be considered when building health impact prediction models for multiple countries. 

We analyzed the SHAP values of the national model to explain the output. The SHAP 

results, however, are not in total agreement with those of previous studies. For example, 

previous studies have suggested that the level of dependency might be a direct risk factor 

for heatwave-associated mortality (Belmin et al., 2007). However, our result indicates 

that a lower rate of people who need nursing care increases the number of heat-related 

ambulance calls. In addition, single elderly people (not married or widowed) have been 

considered to be more vulnerable to extreme heatwave events because they generally 

receive less social support (Vandentorren et al., 2006), but the rate of single elderly people 

had no effect on the model’s output. It is difficult to explain the reasons behind this result 

because several socio-economic features are interrelated, and these conditions vary across 
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countries. Older people who require caregiving can live in nursing homes in Japan, and 

nursing home staff members are trained to help keep their residents safe under a variety 

of conditions. A higher level of social welfare services might reduce the health risk of 

heatwaves for special populations, but the effect of socio-economic features in coping 

with heat-related disasters is not straightforward and requires further research. Although 

SHAP values can represent a feature’s contribution to a change in model output (Lundberg 

and Lee, 2017), they do not directly explain the relationship between socio-economic 

features and heat-related ambulance calls. 

We discussed the performance of our methods to predict heat-related health impacts. 

However, it is difficult to compare the prediction performance of the present study with 

previous studies because of the different algorithms, target variables (ambulance calls, 

death number, excess death, etc.), and datasets used. It is worth mentioning that ML-based 

methods may have poor prediction performance when meeting some unseen extreme 

climate conditions. When weather conditions change significantly from current 

conditions, the existing forecast model will become unreliable. However, we think the 

result in future prediction part is still reliable enough to estimate the change of future 

heat-related ambulance calls in country level. Considering the wide range of latitude of 
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Japan, it already has training data (temperature) with a wide input range. Therefore, even 

with the effects of global warming, only parts of Japan’s cities will experience extreme 

hot days that not included in training data. In addition, what we are interested in prediction 

parts is the total number of heat-related ambulance calls in whole summer. Existing 

observation values are exceeded only on the hottest days of summer in some regions. 

Most of the summer days are still within this range and our model can have reliable 

prediction. Governments or research institutes can try to improve prediction accuracy by 

collecting more high-quality weather records and increasing the volume of the training 

dataset. We used heat-related ambulance calls as an indicator to investigate the exposure-

response of heatwave events. However, some limitations usually exist when assessing 

environmental health impacts using ambulance call data. For example, not all people are 

willing to use emergency ambulance call services when they feel uncomfortable, 

especially those with mild symptoms. Young people and adults prefer to rest at home or 

go to nearby clinics alone, while elders who have a higher probability of suffering severe 

impacts prefer to use emergency ambulance call services. Due to this reason, the 

proportion of elders and severe patients in ambulance call data is often higher than the 

actual situation. In addition to this, ambulance data is still a desirable indicator for 

evaluating heat-related health impacts. 
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The ML-based heat-health impacts evaluation model proposed in the present study can 

also be applied to other countries or regions. However, modifications are required to adapt 

to the local characteristics. Although this study used daily health-related ambulance calls 

as an indicator, other indicators such as excess mortality rate or heat-related death can 

also be used to build ML-based models. Our model includes multiple socio-economic 

factors to improve the prediction performance. However, sufficient socio-economic data 

for model training are not always available, especially in some developing countries. It is 

recommended that researchers should carefully investigate the characteristics of local 

climate conditions and socio-economic conditions and then select the available potential 

factors associated with heat-related health outcomes. For example, wildfires occurred 

simultaneously with extreme heatwaves in some regions. Evidence showed that 

heatwave-caused air pollution also significantly affected the excess mortality rate 

(Katsouyanni, et al., 1993). Therefore, air pollution should be considered during model 

training in these regions to ensure a desirable prediction accuracy. Selecting factors based 

on the climate characteristics of the region or past studies can significantly improve 

models' performance. 
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There are several potential limitations to our study. First, the number of heat-related 

summer ambulance calls in the future was estimated using the national-level XGboost 

model. However, while we did consider the effects of climate change under different 

scenarios in the future, we did not include changes in demographic and socio-economic 

features. Considering the change of these features could improve our understanding of 

human vulnerability to extreme heat and may result in a lower number of predicted total 

ambulance calls. Some of the socio-economic features that were included in this research 

are challenging to estimate in the future, for example, the number of convenience stores 

and urban green spaces. Future models may be able to discard some of these features 

appropriately without a significant loss of prediction accuracy. Using advanced ML or 

deep-learning methods could also be used to compensate for any loss of prediction 

accuracy. 

5. Conclusion

We developed an effective method to predict daily heat-related ambulance calls. The 

national-level model showed a high prediction accuracy that can be applied over a wide 

range of regions, and regional-level models were also developed when extremely high 

prediction accuracy is required. We found that incorporating heatwave features, including 
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accumulated heat stress, heat acclimatization, and optimal temperature significantly 

improved prediction accuracy. The adjusted R2 of the national model improved from 

0.9061 to 0.9659 when heatwave features were included, showing that the model can 

predict the number of heat-related ambulance calls in most regions with low computing 

cost and high accuracy. At the same time, the adjusted R2 of the regional models also 

improved from 0.9102 to 0.9860. Our analysis demonstrated that, at the end of the 21st 

century, the total number of heat-related ambulance calls will reach 250,000 per year 

(nearly four times the current number) under the SSP-5.85 scenario. Shikoku, Tokai, and 

Kinki regions will have the highest growth in heat-related ambulance calls, whereas 

Tohoku, Hokuriku, and North Kyushu are projected to have to lowest growth. 

We also investigated the limitations of the developed models. For example, during model 

training, areas under the special climate conditions (e.g., Okinawa in this research) acted 

as outliers in the training dataset. Advanced strategies for regression on imbalanced data 

are required to improve model performance in these specific regions. Moreover, a multi-

region, multi-country dataset with sufficient socio-economic features to investigate the 

prediction performance of this model in different countries is not currently available. 

Therefore, multi-region, multi-country socio-economic features collected under the same 
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standard are required to design prediction models on a larger scale. Future research should 

utilize advanced ML or deep-learning methods to build more complex and accurate 

models. Deep learning methods with physical constraints could also be a promising 

solution for future climate problems. 

The response speed to emergency ambulance calls is significant in saving patients’ lives. 

The increasing frequency of extreme temperature events in the future will place more 

pressure on public health and emergency medical resources. Policymakers and disaster 

management agencies can use these highly accurate models to forecast incoming 

heatwave events, seek to raise and improve public awareness, and take appropriate 

countermeasures in advance. This research links the major areas of data science, medical 

science, and environmental science and can be a vital source for decision makers for 

future development. It provides an opportunity for additional future multi- or inter-

disciplinary research in the above-mentioned fields. 
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