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31 Abstract

32

33   We developed fifty-five models for predicting the number of ambulance transport due to 

34 heatstroke (hereafter referred to as the number of patients with heatstroke) on the next 

35 day in Tokyo, using different combinations of eleven explanatory variables sets and five 

36 methods (three statistical models and two machine learning) for 10 years (2010–2019). 

37 The root mean square error (RMSE) for the number of heatstroke patients was minimal 

38 when the best model was developed by combining six explanatory variables (temperature, 

39 relative humidity, wind speed, solar radiation, number of days since June 1, and the 

40 number of patients with heatstroke on the previous day) and the generalized additive 

41 model. The best model remarkably improved prediction by 52.1% compared to a widely 

42 used model, which primarily utilizes temperature as an explanatory variable and the 

43 generalized linear model as a method. Further analysis investigating the contribution of the 

44 explanatory variables and method to the prediction showed that RMSE was reduced by 

45 49.7% using the above six explanatory variables compared to using the only temperature 

46 and by 14.6% using the generalized additive model compared to using the generalized 

47 linear model.

48

49 Keywords: heatstroke, heat acclimatization, generalized additive model, machine learning

50
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51 1. Introduction

52   Heatstroke is a serious problem in Japan (Ohashi et al., 2014). In the summer of 2018, 

53 record-breaking high temperatures and numerous heatstroke incidents occurred. 

54 According to the Fire and Disaster Management Agency of the Ministry of Internal Affairs 

55 and Communications, 95,137 individuals were hospitalized, and 160 people were killed by 

56 heatstroke from May to September 2018. These number of hospitalizations and deaths 

57 were approximately 1.8 and 2.2 times higher than those in the previous 3 years, 

58 respectively. Most incidents occurred in July 2018, with 54,220 people being hospitalized 

59 and 133 deaths due to heatstroke (Fire and Disaster Management Agency of the Ministry 

60 of Internal Affairs and Communications 2018). High numbers of patients with heatstroke 

61 are a heavy burden on emergency medical services, especially during early summer. 

62 Therefore, predicting the number of patients with heatstroke is useful for operating an 

63 appropriate emergency medical system.

64 　Previous studies investigated deaths due to heatstroke using meteorological data 

65 (Anderson and Bell, 2011; Lee et al., 2014; Fujibe et al., 2018a; Fujibe et al, 2018b; Lee et 

66 al., 2018 Qian et al. 2020). Some studies showed the effect of heat acclimatization on 

67 number of patients with heatstroke. For example, more deaths occur due to heatstroke 

68 during early summer than during midsummer, despite the temperature during these 

69 periods being similar (Anderson et al., 2011; Lee et al., 2014; Fujibe et al., 2018a; Lee et 
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70 al., 2018). Likewise, more deaths due to heatstroke occur in areas with low mean summer 

71 temperatures than in those with high mean summer temperatures in the case of the same 

72 temperature. (Lee et al., 2014; Fujibe et al, 2018b). In Japan, the number of deaths due to 

73 heatstroke in July was 40%–50% higher than that in August under the same mean 

74 temperature during these months (Fujibe et al., 2018a).

75   Studies point out that some indicators except weather elements are also related to 

76 heatstroke. For example, NO2 (Piver et al. 1999), economic indicators such as income and 

77 GDP (Kim and Joh 2006), and physiological responses such as body temperature and 

78 dehydration (Kodera et al. 2019). Note that Piver et al. (1999) focused on Tokyo in 1980-

79 1995, when NO2 concentrations were much higher than they are currently. On the other 

80 hand, studies conducted in various countries indicated that the effect of air pollutants on 

81 heatstroke was small compared to the effect of temperature (e.g., Shumway et al. 1988; 

82 Smoyer et al. 2000; Rainham and Smoyer 2003). The impact of economic indicators on 

83 heatstroke was also reported to be small compared to the impact of temperature (e.g. 

84 Wang et al. 2019; Park et al. 2020).

85   Various explanatory variables have been used for predicting the number of deaths due 

86 to heatstroke. Fouillet et al. (2007) used weather data and long-term trends along with 

87 seasonal changes of deaths as explanatory variables. Furthermore, Wang et al. (2019) 

88 used socioeconomic factors and weather data as explanatory variables. Various modeling 
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89 methods have been used for predicting the number of deaths due to heatstroke. Barnett et 

90 al. (2010) and Kim et al. (2019) used the Poisson regression model, whereas Dessai 

91 (2002) used a nonlinear regression model (NLR). Besides statistical models, machine 

92 learning has been used for prediction. For instance, Wang et al. (2019) used the random 

93 forest (RF) method.

94   Some analyses and predictions focused on the number of deaths due to heatstroke. 

95 However, the number of ambulance transport due to heatstroke (hereafter referred to as 

96 the number of patients with heatstroke) is also important for managing health systems.

97   Various studies have analyzed the relationship between weather data and the number of 

98 patients with heatstroke (Piver et al., 1999; Alessandrini et al., 2011; Miyatake et al., 2012; 

99 Ng et al., 2014; Akatsuka et al., 2016). Notably, Ng et al. (2014) found that the heatstroke 

100 risk in Tokyo Metropolitan area is the highest during early summer. However, this study did 

101 not explicitly predict the number of patients with heatstroke.

102   Prediction models for patients with heatstroke have been developed. Sato et al. (2020) 

103 developed a statistical prediction model using four thermal indicators (i.e., temperature, 

104 relative humidity, wind speed, and solar radiation) as explanatory variables. However, 

105 these models failed to predict cases during early summer because they neglected heat 

106 acclimatization. Recently, machine learning methods such as RF have been used to 

107 predict the number of patients with heatstroke (Minsoo et al. 2020), but they have 
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108 neglected heat acclimatization.

109   Kodera et al. (2019) developed the model for predicting the number of patients with 

110 heatstroke, which takes into account the physiological response. This model first 

111 calculates human body temperature and dehydration by inputting temperature and relative 

112 humidity on the next day to the sub-model of physiological response, and then predicts the 

113 number of patients with heatstroke using the human body temperature and dehydration. 

114 However, this model also underestimated the number of patients with heatstroke in early 

115 summer. 

116   In this study, we developed various models for day-ahead prediction of the number of 

117 patients with heatstroke. The developed models use the number of days since June 1 and 

118 the current number of patients with heatstroke on the previous day as explanatory 

119 variables to consider heat acclimatization in addition to the four above mentioned thermal 

120 indicators. The definition of “number of days since June 1” is a variable whose value is 1 

121 on June 1 and increases by 1 for each day (e.g., it is 2 on June 2 and 122 on September 

122 30, respectively). Furthermore, we aimed to find both the best combination of explanatory 

123 variables to predict the number of patients with heatstroke and the best prediction model. 

124 Additionally, we evaluated the prediction performance of statistical models and machine 

125 learning methods.

126
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127 2. Methods

128   We developed 55 models to predict the number of patients with heatstroke by combining 

129 11 sets of explanatory variables and five modeling methods (Fig. 1). In this study, to be 

130 concise, the number of ambulance transport due to heatstroke was referred to as the 

131 number of patients with heatstroke. To determine the best explanatory variables for 

132 prediction, we compared the prediction accuracies of models using different explanatory 

133 variables. Additionally, to investigate the best modeling method, we compared the 

134 prediction accuracy of models based on different methods.

135

136 2.1 Data

137   We predict the daily number of patients with heatstroke on the next day in Tokyo 

138 Prefecture, which is the capital of Japan. The population of Tokyo was 13,515,271 

139 (National Census in 2015), and the number of patients with heatstroke in Tokyo was 7843 

140 in 2018 (Fire and Disaster Management Agency of the Ministry of Internal Affairs and 

141 Communications, 2018).

142   The prediction period in this study is 10-years, from 2010 to 2019 and 122 days from 

143 June 1 and September 30, (totally 1,220 days).

144   As outcome variables, we used daily heatstroke data provided by the Fire and Disaster 

145 Management Agency, Ministry of Internal Affairs and Communications, Japan. In this 
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146 study, the number of patients with heatstroke was expressed as daily cases per 100,000 

147 people.

148   As explanatory variables, we used meteorological data obtained from the automated 

149 meteorological data acquisition system (AMeDAS) of the Japan Meteorological Agency. 

150 We used the hourly measurements of the Tokyo District Meteorological Observatory 

151 (35.69 °N, 139.75 °E) to calculate the daily values. 

152   In this study, meteorological data from a single AMeDAS station (Otemachi) were used 

153 as representatives of meteorological conditions in Tokyo. It is possible that the mean 

154 temperature of all AMeDAS stations in Tokyo could better represent the temperature of 

155 Tokyo than that of Otemachi. However, from a statistical point of view, on days when the 

156 temperature at Otemachi is high, the temperature at other stations would also be high. 

157 Thus, we considered that the results would not be significantly affected, even if the data 

158 from multiple AMeDAS stations were used.

159

160 2.2 Explanatory variables

161   To select the best explanatory variables for predicting the number of patients with 

162 heatstroke, we examined 11 sets of explanatory variables, as shown in the left table of Fig. 

163 1. For example, when the explanatory variable set V1 is used to develop the models, the 

164 daily maximum temperature is used as an explanatory variable. In addition, when we used 
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165 the explanatory variable set V2, the daily maximum WBGT was used as an explanatory 

166 variable. For V3, four thermal indicators (daily maximum temperature, daily minimum relative 

167 humidity, daily averaged wind speed, and daily sum of solar radiation) were used. Sets V1–

168 V3 contain only weather data. Sets V4 and V5 include the number of days since June 1 and 

169 the number of patients with heatstroke on the previous day, respectively, in addition to the 

170 data from set V3. Set V6 contains both number of days since June 1 and available number 

171 of patients with heatstroke in addition to the data from V3. Sets V7–V11 have the number of 

172 patients with heatstroke on the previous day. Sets V7–V10 contain the number of patients 

173 with heatstroke on the previous 2–5 days, whereas set V11 contains the WBGT on the 

174 previous day.

175   First, we compared the accuracies of the models using sets V1–V3 to determine the 

176 optimal meteorological indicators for predicting the number of patients with heatstroke. The 

177 Japan Meteorological Agency and Ministry of the Environment provide heatstroke warnings 

178 based on the daily maximum of temperature or WBGT, which has been used as an indicator 

179 of heatstroke risk in many studies in Japan (Kusaka et al, 2012; Ono, 2013; Ohashi et al, 

180 2014; Takaya et al, 2014; Suzuki-Parker et al, 2016; Akatsuka et al, 2016). Furthermore, 

181 Sato et al. (2020) showed that the four above mentioned thermal indicators are useful for 

182 predicting heatstroke trends. Nevertheless, it remains unclear which meteorological 

183 variables are the best predictors for the number of patients with heatstroke.
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184   Second, we compared accuracies of the models using sets V3–V6 to reduce the 

185 underestimation of the prediction during early summer. For this comparison, we added the 

186 effect of heat acclimatization as an explanatory variable. In this study, the number of days 

187 since June 1 and the number of patients with heatstroke on the previous day were used. 

188   Finally, we compared accuracies of the models using sets V6–V11, which provided 

189 alternatives to the number of patients with heatstroke on the previous day. Data from the 

190 previous day may be difficult to obtain in advance. However, the number of patients with 

191 heatstroke on the previous 2–5 days and WBGT on the previous day are easier to obtain. 

192 Hence, we evaluated the effectiveness of these variables on the prediction accuracy.

193   In this study, air pollutants and economic indicators were not added to our models as 

194 explanatory variables. The behind idea is as follows. As discussed in Section 1, the impact 

195 of air pollutants such as NO2 and economic indicators on heatstroke is still unclear in Japan 

196 at least for the daily variation oh heatstroke patients although these might affect decadal-

197 scale variation. Indeed, Rainham and Smoyer (2003) noted that the impact of air pollutants 

198 on heatstroke in Toronto 1980-1996 was small. During this period, the mean NO2 

199 concentration in Toronto was 0.0238 ppb (Rainham and Smoyer 2003). On the other hand, 

200 the NO2 concentration in Tokyo in 2018 is 0.015 ppm according to the Bureau of 

201 Environment, Tokyo Metropolitan Government. Japan is equivalent or below air pollution 

202 level compared to Toronto at that time. Thus, it can be assumed that air pollutants do not 

Page 10 of 53For Peer Review



10

203 play significant role of heatstroke in Japan. 

204   The impact of economic condition on heatstroke is also unclear in Japan. Indeed, Wang 

205 et al. (2019) stated that the impact of economic indicators on heatstroke was smaller than 

206 that of temperature on heatstroke in China. Since Japan has a higher GDP than China, it 

207 can be assumed that economic indicators in Japan have little effect on heatstroke rather 

208 than China.

209

210 2.3 Modeling methods

211   We considered five modeling methods: generalized linear model (GLM), nonlinear 

212 regression model, (NLR), generalized additive model (GAM), random forest (RF), and 

213 support vector machine (SVM). Although neural networks can perform regression, we did 

214 not consider them in this study given the scarce data samples available for training 

215 (around 1,000 samples) and the number of explanatory variables being six. A brief 

216 explanation of these methods is given below.

217

218 a. Generalized Linear Model

219   GLM was proposed by Nelder and Wedderburn (1972). Its outcome variable is 

220 represented by a nonlinear transformation of the linear sum of the explanatory variables:
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221 𝑦𝑡 = 𝑒𝑥𝑝(𝛽0 + ∑
𝑖

𝛽𝑖𝑥𝑖,𝑡)                     ⋯(1)

222   ,  are the number of explanatory variables and the prediction day, respectively (t = 1-𝑖  𝑡

223 122) where  is the predictive number of patients with heatstroke,  represents the 𝑦𝑡 𝑥𝑖,𝑡

224 explanatory variables, and  and  are the intercept and regression coefficient, 𝛽0  𝛽𝑖

225 respectively, which are obtained via maximum likelihood estimation. Similar to Sato et al. 

226 (2020), we assumed a Poisson distribution because the outcome variable was greater 

227 than zero.

228   In equation (1), we use the exponential function because of two reasons. One is that the 

229 number of patients with heatstroke increases exponentially with an increase in the daily 

230 maximum of temperature or WBGT (Fig. 2). The other is to ensure that the predicted 

231 number of patients with heatstroke is always greater than zero. The relationship between 

232 the number of patients with heatstroke and the daily maximum temperature or daily 

233 maximum WBGT is exponential (Fig. 2). In Japan, such a relationship is commonly used to 

234 predict the number of patients with heatstroke. Thus, we considered the GLM with daily 

235 maximum temperature as the benchmark model (widely used model) in this study.

236

237 b. Nonlinear Regression Model

238   NLR can also be used to represent the nonlinear relationships between outcome 

239 variables and explanatory variables (Bates and Watts, 1988). The model is represented by 
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240 equation (2):

241 𝑦𝑡 = 𝛼1𝑦𝑡 ― 1 + exp (𝛽0 + ∑
𝑖

𝛽𝑖𝑥𝑖,𝑡)                     ⋯(2)

242 where  is the number of patients with heatstroke on the previous day and  is an 𝑦𝑡 ― 1 𝑥𝑖

243 explanatory variable other than . We used the nonlinear least-squares method to 𝑦𝑡 ― 1

244 estimate parameters , , and . Unlike GLM, the number of patients with heatstroke 𝛼1 𝛽0 𝛽𝑖

245 on the previous day follows a linear function in the NLR to prevent overestimation, which 

246 can occur in GLM. For example, when both the daily maximum temperature and the 

247 number of patients with heatstroke on the previous day are high, the GLM provides large 

248 values given its exponential function.

249

250 c. Generalized Additive Model

251   GAM represents relationships between explanatory and outcome variables as a 

252 nonlinear function (Hastie and Tibshirani 1990). The model is represented by equation (3):

253 𝑦𝑡 = 𝑒𝑥𝑝[𝛽0 + ∑
𝑖

𝑓𝑖(𝑥𝑖,𝑡)]                     ⋯(3)

254   where  is a third-order smoothing spline curve per explanatory variable. As in the 𝑓𝑖(𝑥𝑖,𝑡)

255 case of GLM, the GAM parameters are estimated via maximum likelihood assuming a 

256 Poisson distribution.
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257   The smoothing spline curve is given as  which minimizes the Penalized residual 𝑓𝑖(𝑥𝑖,𝑡)

258 sum of squares (PRSS), shown in (4) below.

259 𝑃𝑅𝑆𝑆𝑖 =
𝑛

∑
𝑗 = 1

(𝑦𝑗 ― 𝑓𝑖(𝑥𝑖,𝑗))2 + 𝜆∫(𝑓′′(𝑥))2𝑑𝑥                    ⋯(4)

260 　n is the number of training data. λ is the smoothing parameter. In this study, λ=0.8.

261   The relationship between meteorological indicators or the number of patients with 

262 heatstroke on the previous day and the predicted number of patients with heatstroke is 

263 linear (Fig. 3a-e). However, the relationship between the number of days since June 1 and 

264 the number of patients with heatstroke is nonlinear (Fig. 3f). Because GAM can express 

265 such a nonlinear relationship, it may provide higher prediction accuracy than both GLM 

266 and NLR.

267

268 d. Random Forest

269   RF is a collection of multiple decision trees (Breiman, 2001). High prediction 

270 performance can be obtained by collecting several trees. RFs introduce randomness when 

271 sampling the training data and determining the tree split functions. Thus, RFs prevent 

272 overfitting and provide high generalization performance. A schematic diagram of the RF 

273 used in this study is shown in Fig. 4. Prior to RF, explanatory variables and an outcome 

274 variable over nine years were prepared as training data, and variables for one year were 

275 prepared as test data. There are two steps in RF: making decision trees and prediction. 
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276 First, we explain decision trees. In this step, the splitting conditions in a decision tree are 

277 made automatically when the training data are input to the RF algorithm. At the same time, 

278 decision trees are automatically created. For example, in decision tree 1, the training data 

279 were divided based on whether the maximum daily temperature is higher than 32 . Next, ℃

280 these divided data were further divided based on whether the relative humidity was higher 

281 than 70%. In this way, a decision tree was constructed. By changing the conditions for 

282 splitting the data in decision trees, many different decision trees were created (Fig. 4). 

283 Second, we explain the prediction. In this step, test data were inputted into the decision 

284 trees created in step 1, and these trees outputted provisional values (Prediction 1, 2, … n 

285 in Fig. 4). The predicted value of RF, i.e., the number of patients with heatstroke, was 

286 calculated using the mean of provisional values. The RF requires the parameters ntree, 

287 which is the number of decision trees, and mtry, which is the number of explanatory 

288 variables used for splitting. In this study, ntrees was set to 2,000. The value of mtry was 

289 changed for each explanatory variables set used for models: mtry = 1 for the explanatory 

290 variable set V1 and V2, mtry = 2 for V3-V5, and mtry = 4 for V6-V11.

291

292 e. Support Vector Machine

293 SVM is a nonlinear regression method (Vapnik and Lerner, 1963). Through a nonlinear 

294 function called kernel, SVM can provide high generalization performance, being one of the 

Page 15 of 53 For Peer Review



15

295 best among known methods. A schematic diagram of the SVM used in this study is shown 

296 in Fig. 5. To explain the concept of SVM, we used two two-dimensional planes with two 

297 explanatory variables and a divided line in this figure. The color density of the point in this 

298 figure indicates the number of patients with heatstroke. Note that there are as many 

299 dimensions as the number of explanatory variables in the training data and divided plane 

300 in the actual prediction with SVM. Prior to SVM, explanatory variables and an outcome 

301 variable for nine years were prepared as training data, and variables for one year were 

302 prepared as test data. There are two steps in the SVM, making a divided line and 

303 predictions. First, we explain the creation of a divided line. In this step, the divided line in 

304 an SVM is made automatically when the training data are input to the SVM algorithm. For 

305 example, a divided line that divides the number of patients with heatstroke into two groups 

306 is trained on a two-dimensional plane. Second, we explain the prediction. In this step, test 

307 data are given on the two-dimensional plane, which only has the divided line created in 

308 step 1. The predicted value of SVM, i.e., the number of patients with heatstroke, was 

309 estimated as the distance between the divided line and test data.

310  When performing regression using a support vector machine, it is necessary to set the 

311 insensitive loss function ε. In this study, we set ε = 0.1.

312

313 2.4 Verification of prediction accuracy
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314   To build predictive models and evaluate these models, we used cross-validation. Nine 

315 out of 10-years of data were used for training to estimate the parameters and build the 

316 models. The data from the remaining year were used as test data for validation. An 

317 overview of the cross-validation used in this study is shown in Fig. 6. For example, to 

318 predict the number of patients in 2010, we used the data for the nine years from 2011 to 

319 2019 as training data and the data for 2010 as test data. Similarly, predictions were also 

320 made for each year from 2011 to 2019. 

321   In this study, root mean square error (RMSE) and mean absolute error (MAE) were used 

322 as indicators of prediction accuracy. The equations are shown in (5) and (6) below.

323 𝑅𝑀𝑆𝐸 =  
1
𝑛

𝑛

∑
𝑡 = 1

(𝑦𝑡 ― 𝑜𝑡)2                  ⋯(5)

324 𝑀𝐴𝐸 =
1
𝑛

𝑛

∑
𝑡 = 1

|𝑦𝑡 ― 𝑜𝑡|                           ⋯(6)

325 　  and  are the predicted and reported number of patients with heatstroke, 𝑦𝑡 𝑜𝑡

326 respectively.  is predicted days (n = 122). We calculated the RMSE and MAE for each 𝑛

327 year from the results of the 122-day prediction and did this for 10-years.

328

329 2.5 Calculation of WBGT

330   WBGT is defined as equation (7) (Yaglou and Minard, 1957)

331 𝑊𝐵𝐺𝑇 = 0.7𝑇𝑤 + 0.2𝑇𝑔 + 0.1𝑇𝑎                ⋯(7)
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332   where  is the dry-bulb temperature (°C),  is the wet-bulb temperature (°C), and  𝑇𝑎 𝑇𝑤 𝑇𝑔

333 is the globe temperature (°C). As  and  are not measured by the automated 𝑇𝑤 𝑇𝑔

334 meteorological data acquisition system, we estimated  and  by the methods 𝑇𝑤 𝑇𝑔

335 described in Stull (2011) and Okada and Kusaka (2013), respectively. The estimation 

336 equations are given by equations (8) and (9):

337
𝑇𝑤 = 𝑇𝑎atan[0.151997(𝑅𝐻 + 8.313659)

1
2] + atan (𝑇𝑎 + 𝑅𝐻) ― atan (𝑅𝐻 ― 1.676331)

+ 0.00391838(𝑅𝐻)
3
2atan (0.023101𝑅𝐻) ― 4.686035                    ⋯(8)

338 𝑇𝑔 = 𝑇𝑎 + (𝑆0 ― 30.0) (0.0252𝑆0 + 10.5𝑈 + 25.5)                                                 ⋯(9)

339   where  is the relative humidity (%),  is the global solar radiation (W/m²), and  is 𝑅𝐻 𝑆0 𝑈

340 the wind speed (m/s). There is no special assumption for the estimation of  and .  𝑇𝑤 𝑇𝑔 𝑇𝑤

341 was estimated by numerically solving the theoretical equation.  was estimated based on 𝑇𝑔

342 the heat balance equation of the black globe in which the unknown parameters were 

343 estimated from the observations.

344

345 3. Results

346   The models are described in brief. For example, a model that combines explanatory 

347 variable set V1 and modeling method GLM is denoted as V1_GLM.

348

349 3.1 Prediction in 2018
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350   We predicted the number of patients with heatstroke for 10-years (2010-2019). We show 

351 the results of 2018 as a representative example because it recorded the highest number of 

352 patients with heatstroke, thus providing the largest prediction errors compared with the 

353 other evaluated years. Fig. 7 shows the number of measured and predicted heatstroke 

354 cases in 2018. Table 1 lists the RMSE and MAE of the prediction in 2018 for each model 

355 using explanatory variables sets V1–V6. The prediction for other years is shown in the 

356 Appendix A.

357 　V3_GAM predictions underestimated the number of patients with heatstroke in July 17–

358 August 4 and overestimated the same in August 13–September 17. Compared with 

359 V3_GAM, V6_GAM further reduced underestimation during early summer and 

360 overestimation during late summer (Fig. 7a), reducing the RMSE and MAE by 48.1% and 

361 43.9%, respectively (Table 1). Compared with V1_GAM, V6_GAM remarkably reduced 

362 underestimation during early summer (Fig. 7a) and the RMSE and MAE by 58.2% and 

363 52.7%, respectively (Table 1).

364   Regarding the effect of the number of days since June 1 and the number of patients with 

365 heatstroke, V4_GAM slightly reduced overestimation during late summer (Fig. 7b), 

366 reducing the RMSE and MAE by 13.3% and 19.6% compared with V3_GAM, respectively 

367 (Table 1). Compared with V3_GAM, V5_GAM reduced underestimation during early 

368 summer and slightly reduced overestimation during late summer (Fig. 7b), thus reducing 
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369 the RMSE and MAE by 40.4% and 36.0%, respectively (Table 1).

370   Overall, the number of days since June 1 further enhances the prediction accuracy, 

371 particularly by reducing overestimation during late summer. In fact, this variable reflects 

372 the long-term trend of heat acclimatization throughout summer. By contrast, the number of 

373 patients with heatstroke on the previous day increases prediction accuracy during early 

374 summer because it reflects the short-term trend of heat acclimatization.

375

376 3.2 10-years prediction (2010-2019)

377 a. Comparison of prediction accuracies considering only meteorological indicators

378 　Figs. 8 and 9 show the RMSE and MAE boxplots for each model using sets V1–V6. 

379 Table 2 lists the 10-years average RMSE and MAE for each model using sets V1–V11. 

380 Using the four thermal indicators separately for prediction provided higher model 

381 performance than using WBGT. Compared with V1_GAM, the 10-years average RMSE of 

382 V2_GAM and V3_GAM decreased by 16.6% and 23.5%, respectively. The 10-years 

383 average MAE of these models also decreased by 10.7% and 19.6%, respectively (Figs. 

384 8c, 9c and Table 2).

385   The same trend was observed for the other models, except for SVM. The RMSE and 

386 MAE values were smaller when using V3, V2, and V1, in that order. Compared with the 

387 models using set V1, those using set V2 reduced the 10-years average RMSE by 2.7%–
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388 16.6% and MAE by 7.9%–20.6%. The models using V3 also reduced the 10-years 

389 average RMSE by 13.7%–23.8% and MAE by 12.6%–22.7% (Figs. 8, 9 and Table 2).

390

391 b. Effect of number of days since June 1 and number of patients with heatstroke on the 

392 previous day

393   Compared with V3_GAM, the 10-years average RMSE of V4_GAM, V5_GAM, and 

394 V6_GLM decreased by 7.5%, 33.6%, and 37.8%, respectively, and the 10-years average 

395 MAE decreased by 10.1%, 29.1%, and 34.7%, respectively (Figs. 8c, 9c and Table 2). 

396 V4_GAM exhibited lower performance regarding the 10-years average RMSE and MAE 

397 than V5_GAM. Furthermore, compared with V1_GAM, the average RMSE and MAE of 

398 V6_GAM decreased by 49.8% and 46.8%, respectively. This trend was also seen in the 

399 other models (Figs. 8 and 9, Table 2). The reason for this result has been given in Section 

400 3.1.

401

402 c. Variables as an alternative to the number of patients with heatstroke on the previous 

403 day

404   Fig. 10 shows the RMSE and MAE boxplots of the GAM using sets V6–V11. 

405 Furthermore, the 10-years average RMSE and MAE increased from 0.112 to 0.160 and 

406 from 0.063 to 0.082 in V6_GAM and V10_GAM, respectively. The 10-years average 
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407 RMSE and MAE of V11_GAM were 0.140 and 0.076, respectively (Figs. 10a, b and Table 

408 2). V6_GAM and V7_GAM provided smaller 10-years average RMSE and MAE than 

409 V11_GAM, whereas the other models provided larger average RMSE and MAE than 

410 V11_GAM. Other models, except RF, gave the same results as GAM (Table 2).

411   The models considering the number of patients with heatstroke 2 days before exhibited 

412 higher performance than those considering WBGT on the previous day. As these data are 

413 usually available, the number of patients with heatstroke 2 days before can be used 

414 instead of that from the previous day if the latter is not available. Moreover, when the 

415 number of patients with heatstroke 2 days before is also unavailable, the WBGT on the 

416 previous day represents a useful alternative for prediction.

417

418 d. Intermodel comparisons

419   Fig. 11 shows the RMSE and MAE boxplots of each model using set V6. The 10-years 

420 average RMSE values of GLM, NLR, GAM, RF, and SVM were 0.131, 0.123, 0.112, 0.132, 

421 and 0.122, respectively, and their average MAE values were 0.071, 0.069, 0.063, 0.72, 

422 and 0.072, respectively. Among the five models, GAM exhibited the highest performance, 

423 with V6_GAM being the best model. The RMSE and MAE of V6_GAM were 14.6% and 

424 11.8% smaller than those of V6_GLM, respectively (Table 2). The contribution of changing 

425 the modeling methods to the prediction accuracy was smaller than that of changing the 
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426 explanatory variables. This is also supported by the prediction in 2018 (Fig. 12). The 

427 prediction for other years is shown in the Appendix B.

428   Lastly, compared to the benchmark model (widely used model: V1_GLM), the 10-years 

429 average RMSE and MAE of the best model (V6_GAM) were reduced by 52.1% and 

430 47.9%., respectively (Table 2).

431   A nonlinear relationship was observed between the number of days since June 1 and 

432 the number of patients with heatstroke (Fig. 3f). Because GAM, rather than GLM and NLR, 

433 describes this nonlinear relationship, it exhibits higher performance. Other relationships 

434 between the four thermal indicators and the number of patients with heatstroke were 

435 almost linear (Figs. 3a–d). Hence, even simple statistical models such as GLM and NLR 

436 can represent these relationships and provide suitable predictions. NLR outperformed 

437 GLM because the linear function for the number of patients with heatstroke on the 

438 previous day in NLR was more appropriate than the exponential function in GLM (Fig. 3e). 

439 In the case of GLM, the relationship between the number of patients with heatstroke and 

440 that from the previous day is described by a straight line in Fig. 3e. On the other hand, in 

441 the case of NLR, this relationship is described by the logarithm in Fig. 3e. The prediction 

442 accuracy of NLR was better than that of GLM because NLR was able to represent the 

443 actual relationship better than GLM.

444   RF could not achieve higher performance than GAM, particularly regarding the number 
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445 of patients with heatstroke in the abnormal hot summer of 2018 in Japan. As each decision 

446 tree in RF is built by splitting training data, it cannot predict the values of an outcome 

447 variable outside the range of training data.

448

449 4. Conclusions

450   We developed 55 models for predicting the number of patients with heatstroke on the 

451 next day using the different combinations of 11 sets of explanatory variables and five 

452 methods (three statistical models and two machine learning methods). A comparison of 

453 the 10-years prediction accuracies of these models led to the following conclusions:

454 ・The model using four thermal indicators as explanatory variables provides the highest 

455 prediction accuracy when using only weather data. The 10-years average RMSE of this 

456 model is 23.8% smaller than that of the single-variable model using temperature.

457 ・The underestimation during early summer is reduced by considering the number of days 

458 since June 1 and the number of patients with heatstroke. Using these variables and the 

459 four thermal indicators, the 10-years average RMSE is reduced by 49.8%. This is because 

460 the number of days since June 1 and the number of patients with heatstroke on the 

461 previous day represent the long-term and short-term trends of heat acclimatization, 

462 respectively.

463 ・The best model in this study is based on GAM with the four thermal indicators, the 
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464 number of days since June 1, and the number of patients with heatstroke. The 10-years 

465 average RMSE of the best model is 14.6% smaller than that of the model based on GLM 

466 with the same explanatory variables. The contribution of changing the modeling methods 

467 to the prediction accuracy was smaller than that of changing the explanatory variables.

468 ・The 10-years average RMSE of the best model is 52.1% smaller than that of the 

469 conventional GLM with temperature as an explanatory variable.

470 ・Although unexpected, the GAM provides a higher prediction accuracy than machine 

471 learning methods in this study. Further improvement in prediction accuracy may be 

472 achieved by adjusting the parameters of the machine learning methods. We will explore 

473 such improvements in future work.

474   Using these prediction models, the number of patients with heatstroke on the next day 

475 can be accurately predicted. It will help in the operation of an efficient medical system, 

476 including allocating ambulances. Additionally, using the predicted number of patients with 

477 heatstroke to create heatstroke alerts will allow citizens to protect themselves from 

478 heatstroke. 

479   This study had some limitations. We developed and verified the models only for the 

480 Tokyo case. It is necessary to validate the models and tune the model parameters in other 

481 regions to increase reliability. Another limitation is that this study's models do not consider 

482 the effects of climate change. For example, if the summer season starts earlier in the 
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483 future, the relationship between the number of days since June 1 and the number of 

484 patients with heatstroke will change. Additionally, citizens’ tolerance to heat may also 

485 change in the future. Thus, these models are not suitable for future climatic conditions. For 

486 future projections, it is necessary to tune the effect of the number of days since June 1 and 

487 to add the long-term effect of heat acclimatization.

488
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496 Appendix A

497 Fig. A1 Same as Fig. 7a but for the prediction period. (a) 2010, (b) 2011, (c) 2012, (d) 

498 2013, (e) 2014, (f) 2015, (g) 2016, (h) 2017, (i) 2019. 

499  

500 Appendix B

501 Fig. B1 Same as Fig. 12 but for the prediction period. (a) 2010, (b) 2011, (c) 2012, (d) 

502 2013, (e) 2014, (f) 2015, (g) 2016, (h) 2017, (i) 2019.

503
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612 List of Figures

613

614 Fig. 1 Description of 11 sets of explanatory variables and five modeling methods for 

615 predicting the number of patients with heatstroke. The table on the left gives the details 

616 of the sets. , daily maximum temperature; , daily maximum wet-bulb globe 𝑇max 𝑊𝐵𝐺𝑇max

617 temperature (WBGT); , daily minimum relative humidity; , daily average 𝑅𝐻min 𝑊𝑖𝑛𝑑ave

618 wind speed; , daily sum of solar radiation; , number of days since June 1; 𝑆𝑅sum 𝐷𝑎𝑦

619 , number of patients with heatstroke on the previous t days per 100,000 people; 𝑃𝑎𝑡𝑡

620 , daily maximum WBGT on the previous day. The table on the right lists the 𝑊𝐵𝐺𝑇1

621 modeling methods. GLM: generalized linear model, NLR: nonlinear regression model, 

622 GAM: generalized additive model, RF: random forest, SVM: support vector machine.

623

624 Fig. 2 Relationships between number of patients with heatstroke and (a) daily maximum 

625 temperature and (b) daily maximum WBGT.

626

627 Fig. 3 Effect of explanatory variables on patients with heatstroke: (a) daily maximum 

628 temperature, (b) daily minimum relative humidity, (c) daily average wind speed, (d) daily 
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629 sum of solar radiation, (e) number of patients with heatstroke on the previous day per 

630 100,000 people, and (f) number of days since June 1. The smooth curves were obtained 

631 from GAM.

632

633 Fig. 4 Schematic diagram of the RF in this study. The RF consists of many different decision 

634 trees that were created with the training data. The RF outputs the predicted value, i.e., the 

635 number of patients with heatstroke, using test data.

636

637 Fig. 5 Schematic diagram of the SVM in the case of two explanatory variables. The color 

638 density of the point indicates the number of patients with heatstroke. The black line is a 

639 divided line. Note that there are as many dimensions as the number of explanatory variables 

640 in training data and divided planes in actual prediction with SVM.

641

642 Fig. 6 Overview of cross-validation in this study. For prediction in 2010, data from 2011 to 

643 2019 were used as training data and data of 2010 were used as test data. Similarly, 

644 predictions were made from 2011 to 2019.

645

646 Fig. 7 Daily number of patients with heatstroke from June 1 to September 30, 2018. Gray 

647 vertical bars: observed number of patients with heatstroke. Green line: predicted number 
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648 of patients with heatstroke by V1_GAM. Blue line: predicted number of patients with 

649 heatstroke by V3_GAM. Purple line: predicted number of patients with heatstroke by 

650 V4_GAM. Orange line: predicted number of patients with heatstroke by V5_GAM. Red 

651 line: predicted number of patients with heatstroke by V6_GAM.

652

653 Fig. 8 Cross-validated root-mean-square error (RMSE) for 10 years (2010-2019). The 

654 models combine a set of explanatory variables and a prediction method. (a) GLM, (b) 

655 NLR, (c) GAM, (d) RF, and (e) SVM. The gray cross within each box represents the 10-

656 years average RMSE.

657

658 Fig. 9 Cross-validated mean absolute error (MAE) for 10 years (2010-2019). The models 

659 combine a set of explanatory variables and a prediction method. (a) GLM, (b) NLR, (c) 

660 GAM, (d) RF, and (e) SVM. The gray cross within each box represents the 10-years 

661 average MAE.

662

663 Fig. 10 Cross-validated error of models combining sets V6–V11 and GAM for 10 years 

664 (2010-2019). The gray cross within each box represents the 10-years average. (a) 

665 RMSE and (b) MAE.

666

Page 35 of 53 For Peer Review



35

667 Fig. 11 Cross-validated error of models using set V6 and each modeling method for 10 

668 years (2010-2019). The gray cross within each box represents the 10-years average. (a) 

669 RMSE and (b) MAE

670

671 Fig. 12 Same as Fig. 7a but for green line: predicted number of patients with heatstroke by 

672 V1_GAM, blue line: predicted number of patients with heatstroke by V6_GLM, red line: 

673 predicted number of patients with heatstroke by V6_GAM.

674
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675 List of Tables

676

677 Table 1 RMSE and MAE of models combining explanatory variables sets V1-V6 and the 

678 generalized additive model in 2018. The highest number of patients with heatstroke was 

679 recorded in this year.

680

681 Table 2 10-years average RMSE and MAE of models combining a set of explanatory 

682 variables and a modeling method.
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1

2 Table 1 RMSE and MAE of models combining explanatory variables sets V1-V6 and the 

3 generalized additive model in 2018. The highest number of patients with heatstroke was 

4 recorded in this year.

　 V1_GAM V2_GAM V3_GAM V4_GAM V5_GAM V6_GAM

RMSE 0.422 0.349 0.340 0.295 0.203 0.176

MAE 0.217 0.186 0.183 0.147 0.117 0.103

5

6
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7

8 Table 2 10-years average RMSE and MAE of models combining a set of explanatory 

9 variables and a modeling method.

10

RMSE 　 　 　 　 　 　 　 　 　 　 　

Methods 　 　 　 　 Variables 　 　 　 　

　 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

GLM 0.234 0.195 0.179 0.175 0.135 0.131 0.133 0.149 0.158 0.164 0.147

NLR 0.225 0.197 0.179 0.176 0.125 0.123 0.142 0.156 0.162 0.166 0.147

GAM 0.224 0.196 0.180 0.167 0.120 0.112 0.126 0.147 0.155 0.160 0.140

RF 0.241 0.210 0.184 0.176 0.136 0.132 0.156 0.169 0.175 0.173 0.152

SVM 0.211 0.205 0.182 0.175 0.122 0.122 0.151 0.174 0.183 0.192 0.159

MAE 　 　 　 　 　 　 　 　 　 　 　

Methods 　 　 　 　 Variables 　 　 　 　

　 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

GLM 0.121 0.108 0.097 0.091 0.075 0.071 0.074 0.079 0.084 0.086 0.080

NLR 0.126 0.109 0.097 0.093 0.071 0.069 0.078 0.083 0.085 0.088 0.081

GAM 0.118 0.108 0.097 0.086 0.069 0.063 0.070 0.077 0.080 0.082 0.076

RF 0.128 0.118 0.101 0.094 0.076 0.072 0.084 0.090 0.091 0.090 0.083

SVM 0.117 0.121 0.102 0.097 0.071 0.072 0.088 0.099 0.103 0.108 0.092
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Fig. 1 Description of 11 sets of explanatory variables and five modeling methods for 4 

predicting the number of patients with heatstroke. The table on the left gives the details 5 

of the sets. 𝑇max, daily maximum temperature; 𝑊𝐵𝐺𝑇max, daily maximum wet-bulb globe 6 

temperature (WBGT); 𝑅𝐻min, daily minimum relative humidity; 𝑊𝑖𝑛𝑑ave, daily average 7 

wind speed; 𝑆𝑅sum, daily sum of solar radiation; 𝐷𝑎𝑦cum, cumulative number of days; 8 

𝑃𝑎𝑡𝑡, number of patients with heatstroke on the previous t days per 100,000 people; 9 

𝑊𝐵𝐺𝑇1, daily maximum WBGT on the previous day. The table on the right lists the 10 

modeling methods. GLM: generalized linear model, NLR: nonlinear regression model, 11 

GAM: generalized additive model, RF: random forest, SVM: support vector machine. 12 

  13 

Page 40 of 53For Peer Review



2 

 

 14 

 15 

Fig. 2 Relationships between number of patients with heatstroke and (a) daily maximum 16 

temperature and (b) daily maximum WBGT. 17 
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 19 

Fig. 3 Effect of explanatory variables on patients with heatstroke: (a) daily maximum 20 

temperature, (b) daily minimum relative humidity, (c) daily average wind speed, (d) daily 21 

sum of solar radiation, (e) number of patients with heatstroke on the previous day per 22 

100,000 people, and (f) cumulative number of days. The smooth curves were obtained 23 

from GAM. 24 
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 25 

 26 

Fig. 4 Schematic diagram of the RF in this study. The RF consists of many different decision 27 

trees that were created with the training data. The RF outputs the predicted value, i.e., the 28 

number of patients with heatstroke, using test data. 29 
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 31 

Fig. 5 Schematic diagram of the SVM in the case of two explanatory variables. The color 32 

density of the point indicates the number of patients with heatstroke. The black line is a 33 

divided line. Note that there are as many dimensions as the number of explanatory variables 34 

in training data and divided planes in actual prediction with SVM. 35 
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 37 

Fig. 6 Overview of cross-validation in this study. For prediction in 2010, data from 2011 to 38 

2019 were used as training data and data of 2010 were used as test data. Similarly, 39 

predictions were made from 2011 to 2019. 40 
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 41 

Fig. 7 Daily number of patients with heatstroke from June 1 to September 30, 2018. Gray 42 

vertical bars: observed number of patients with heatstroke. Green line: predicted number 43 

of patients with heatstroke by V1_GAM. Blue line: predicted number of patients with 44 

heatstroke by V3_GAM. Purple line: predicted number of patients with heatstroke by 45 

V4_GAM. Orange line: predicted number of patients with heatstroke by V5_GAM. Red 46 

line: predicted number of patients with heatstroke by V6_GAM. 47 
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 48 

Fig. 8 Cross-validated root-mean-square error (RMSE) for 10 years (2010-2019). The 49 

models combine a set of explanatory variables and a prediction method. (a) GLM, (b) 50 

NLR, (c) GAM, (d) RF, and (e) SVM. The gray cross within each box represents the 10-51 

years average RMSE. 52 
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 54 

Fig. 9 Cross-validated mean absolute error (MAE) for 10 years (2010-2019). The models 55 

combine a set of explanatory variables and a prediction method. (a) GLM, (b) NLR, (c) 56 

GAM, (d) RF, and (e) SVM. The gray cross within each box represents the 10-years 57 

average MAE. 58 
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 60 

Fig. 10 Cross-validated error of models combining sets V6–V11 and GAM for 10 years 61 

(2010-2019). The gray cross within each box represents the 10-years average. (a) 62 

RMSE and (b) MAE. 63 
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 65 

Fig. 11 Cross-validated error of models using set V6 and each modeling method for 10 66 

years (2010-2019). The gray cross within each box represents the 10-years average. (a) 67 

RMSE and (b) MAE 68 
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 70 

Fig. 12 Same as Fig. 7a but for green line: predicted number of patients with heatstroke by 71 

V1_GAM, blue line: predicted number of patients with heatstroke by V6_GLM, red line: 72 

predicted number of patients with heatstroke by V6_GAM. 73 
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Fig. A1 Same as Fig. 7a but for the prediction period. (a) 2010, (b) 2011, (c) 2012, (d) 75 

2013, (e) 2014, (f) 2015, (g) 2016, (h) 2017, (i) 2019. 76 

  77 
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Fig. B1 Same as Fig. 12 but for the prediction period. (a) 2010, (b) 2011, (c) 2012, (d) 79 

2013, (e) 2014, (f) 2015, (g) 2016, (h) 2017, (i) 2019. 80 
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