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Purpose: With the aging population in Japan, the prediction of ambulance transports is 
needed to save the limited medical resources. Some meteorological factors were risks of 
ambulance transports, but it is difficult to predict in a classically statistical way because 
Japan has 4 seasons. We tried to make prediction models for ambulance transports using the 
deep learning (DL) framework, Prediction One (Sony Network Communications Inc., Tokyo, 
Japan), with the meteorological and calendarial variables.
Materials and Methods: We retrospectively investigated the daily ambulance transports and 
meteorological data between 2017 and 2019. First, to confirm their association, we performed 
classically statistical analysis. Second, to test the DL framework’s utility for ambulance transports 
prediction, we made 3 prediction models for daily ambulance transports (total daily ambulance 
transports more than 5 or not, cardiopulmonary arrest (CPA), and trauma) using meteorological 
and calendarial factors and evaluated their accuracies by internal cross-validation.
Results: During the 1095 days of 3 years, the total ambulance transports were 5948, 
including 240 CPAs and 337 traumas. Cardiogenic CPA accounted for 72.3%, according to 
the Utstein classification. The relation between ambulance transports and meteorological 
parameters by polynomial curves were statistically obtained, but their r2s were small. On the 
other hand, all DL-based prediction models obtained satisfactory accuracies in the internal 
cross-validation. The areas under the curves obtained from each model were all over 0.947.
Conclusion: We could statistically make polynomial curves between the meteorological 
variables and the number of ambulance transport. We also preliminarily made DL-based 
prediction models. The DL-based prediction for daily ambulance transports would be used in 
the future, leading to solving the lack of medical resources in Japan.
Keywords: ambulance transport, cardiopulmonary arrest, deep learning, meteorological 
factors, trauma

Introduction
With the aging population in Japan, ambulance transport increases, which exhausts 
the health care system.1 Therefore, the prediction of the ambulance transports is 
needed to save the limited medical resources. In Japan, weather, or meteorological 
factors are related to ambulance dispatches, the number of deaths, and traumas.2–4 

Also, the total numbers of deaths have a relationship with air temperatures,5–8 and 
winter also relates to trauma like fractures9 and motor vehicle accidents.10

However, there are 4 seasons in Japan with meteorological flections. The risk factors 
for these diseases may vary depending on the seasons.11–13 Therefore, previous studies 
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on the relationship between the weather and ambulance dis-
patches have been limited to univariate analysis using quad-
ratic functions6,7 or multivariate analysis using regression 
formula with separation by seasons or months focusing on 
specific diseases.2–4,10,11 Furthermore, some studies focused 
on the “chronological” changes of the meteorological factors 
in the former days because physical responses to environmen-
tal changes may be delayed.11,14 Therefore, due to Japan’s 4 
seasons and delayed physical responses to environmental 
changes, statistically creating prediction models for the ambu-
lance dispatches, incidences of deaths, or traumas are difficult.

Recently, deep learning (DL) technology is attractive. DL 
can treat chronological data like the date that is difficult to be 
processed statistically. Therefore, we herein produced the 
prediction models for ambulance transports, incidences of 
cardiopulmonary arrests (CPAs) or traumas using the DL 
framework, Prediction One (Sony Network Communications 
Inc., Tokyo, Japan)15 with meteorological and calendarial 
data, and tested the utility of the DL-based models.

Materials and Methods
We performed 2 studies; First, to confirm the association 
between ambulance transports and meteorological data, we 
performed a retrospective and statistical analysis similar to 
the previous reports.6,7 Second, we made prediction 

models for daily ambulance transports using meteorologi-
cal and calendarial factors and evaluated their accuracies 
to test the utility of the DL-based models.

Study Area
Japan has four distinct seasons: spring, summer, autumn, and 
winter. Miyagi prefecture, where Kesennuma City Hospital16 

is located, is in the Northeastern part (North latitude 38.5 
degrees and East longitude 141.3 degrees) in a Dfa zone 
based on Köppen-Geiger climate classification (Figure 
1A).17 Kesennuma City Hospital (red triangle in Figure 1B) 
is the only acute care hospital in this medical area with 
a background population of about 100,000 people (light 
green area in Figure 1B). Our hospital has 340 beds. We do 
not have any intensive care units, emergency departments, 
nor emergency physicians. Doctors from all departments 
work by turns in the emergency room. After diagnosis, appro-
priate doctors nextly treat patients. We perform intensive care 
in the general ward of each department. If the patients need 
further advanced medical care, they are transported to 
Tohoku University Hospital in Sendai by helicopter.

Ambulance Transports
Daily incidence of total ambulance transports, CPAs, and 
traumas to Kesennuma City Hospital in the Kesennuma 

Figure 1 (A) Map of Japan. Miyagi prefecture, where Kesennuma City Hospital (HP) locates, is in the northeastern part of Japan (colored black). (B) Map of Miyagi 
prefecture. The Kesennuma area, with a background population of about 100,000 people, is colored light green. The red triangle is Kesennuma City HP, where this study was 
performed.
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medical area were obtained from Fire Department Service 
in Kesennuma from 2017 to 2019. The causes of CPA 
were classified into cardiogenic and non-cardiogenic 
causes by Utstein classification.18 Trauma includes high- 
energy traumas and mild ones transported by ambulance, 
like traffic accidents or falls.

Meteorological and Calendarial Data
Meteorological data included daily mean ambient tempera-
ture (Tmean, °C), highest ambient temperature (Tmax, ° 
C), lowest ambient temperature (Tmin, °C), the difference 
between the highest and lowest ambient temperature 
(Tmax-min, °C), mean atmospheric pressure (Pa, hPa), 
daily mean vapor pressure (hPa), mean wind speed (m/s), 
amount of the rainfall (mm) or snowfall (mm), sunlight 
hours (hr), and mean relative humidity (RH, %) of the 24- 
hr calendar day period (0:00AM-11:59PM) on the day and 
the last 7 days of the ambulance transport, which were 
obtained from the local meteorological observatories.19 

The thermo-hydrological index (THI, °C) was calculated 
using the formula; THI = Tmean - 0.55 x (1–0.01 x RH) 
x (Tmean - 14.5]) as reported previously.20 This index is 
an established appropriate measure for evaluating the 
effect of air temperature on health outcomes because it 
takes into account mean air temperature after controlling 
for the effect of relative humidity. The distance from our 
hospital to the meteorological observatory was 3.8 km.

The daily changes of some meteorological factors, 
including Tmean, Tmax, Tmin, Tmax-min, Pa, RH, and 
THI, for the last 7 days from the onset were calculated as 
follows; Day by day difference, difference every 2 days, 3 
days, 4 days, 5 days, and 6 days. We also investigated the 
date, day of the week, and national holidays.

Making Prediction Models
We used Prediction One to make the prediction models for 
daily ambulance transport using all variables described 
above. We made prediction models by the dataset between 
2017 and 2019, and evaluated their accuracies by internal 
cross-validation. Prediction One read the dataset and auto-
matically and randomly divided them into half as internal 
training and cross-validation datasets. It adjusted and opti-
mized the variables that are easy to process statistically 
and mathematically and select an appropriate algorithm 
with ensemble learning. Notably, the date and day of the 
week are processed as a trigonometric function to reflect 
the circular characteristics. Prediction One made the best 

prediction model with internal cross-validation. The 
details are trade secrets and could not be provided.

We made 3 prediction models; one for total ambulance 
transport more than 5 (median) or not, one for daily CPA 
transport (present or absent), and the other for daily trauma 
transport (present or absent). The area under the curves 
(AUC) of the receiver operating characteristic curve 
(ROC) of each model was statistically calculated, and we 
evaluated the models’ accuracy.

Statistical Analysis
Linear, quadratic, or cubic polynomial curve fitting was 
applied to the link between ambulance transports and climate 
parameters using SPSS software version 24.0.0. (IBM, 
New York, USA) with command “CURVE FITTING.” The 
curve with the largest determination coefficient (r2) and a p 
value of less than 0.05 was adopted. Mann–Whitney U-test 
and Kruskal–Wallis test examined the association 
between day of the week and the outcomes. The AUCs of 
ROC obtained from each model made by Prediction One 
using internal cross-validation were calculated. These statis-
tical analyses were performed using all the 3-year database. 
A two-tailed p < 0.05 was considered statistically significant.

Ethics
The protocol for this research project has been approved by 
a suitably constituted Ethics Committee of the institution and 
it conforms to the provisions of the Declaration of Helsinki; 
Kesennuma City Hospital Research Ethics Committee, 
Approval No. KHEC-6. We could not gain written informed 
consent for this study from all of the patients, because the 
data from the Fire Department Service in Kesennuma was 
anonymized. Also, this is an anonymized observational 
study, and informed consent was waived.

Results
During the 1095 days of 3 years, the monthly incidence of the 
5948 total ambulance transports, including 240 CPAs and 337 
traumas, and monthly meteorological factors are summarized 
in Table 1. The median (interquartile range) age was 76 
(60–85) years old. We included 2716 women and 3232 men.

Meteorological and Calendarial Factors 
and Ambulance Transports
We estimated the relation between ambulance transports and 
meteorological parameters by linear, quadratic, or cubic 
polynomial curves (Table 2). Total ambulance transports 
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were weakly associated with Tmean, Tmax, Tmin, Tmax- 
min, daily mean vapor pressure, mean wind speed, RH, and 
THI. Tmax had the biggest r2 of 0.019 with p < 0.001. 

Ambulance transports for CPA were weakly associated with 
Tmean, Tmax, Tmin, Pa, daily mean vapor pressure, sunlight 
hours, RH, and THI. Tmean and Tmin had the biggest r2s of 

Table 1 Number of Ambulance Transports and Meteorological Factors

Year Month Ambulance Transport (Number) Meteorological Factors 
(Monthly Average)

Total CPA Trauma Tmean (°C) Pa (hPa) RH (%)

2017 Jan 188 10 4 1.3 1009.5 64
Feb 159 7 3 2.3 1007.8 62

Mar 154 1 11 4.0 1009.6 64

Apr 150 4 7 9.9 1007.9 66
May 168 10 7 15.7 1008.0 70

Jun 164 5 10 17.0 1004.4 79

Jul 151 4 15 23.6 1004.4 82
Aug 153 2 7 21.8 1004.8 89

Sep 178 5 12 19.4 1007.5 79

Oct 134 4 6 13.7 1014.7 80
Nov 161 9 9 8.1 1012.3 68

Dec 172 5 14 2.5 1010.3 66

Total of 2017 1932 66 105 11.6 1008.4 72

2018 Jan 189 15 11 0.9 1008.2 61
Feb 152 11 6 0.4 1011.5 60

Mar 148 3 13 6.8 1012.5 60

Apr 150 4 9 11.4 1009.6 66
May 165 5 14 15.4 1007.0 71

Jun 129 4 7 18.5 1005.3 81
Jul 159 0 7 23.6 1006.7 87

Aug 196 7 12 23.6 1005.1 83

Sep 146 7 4 19.9 1010.1 84
Oct 159 7 9 15.2 1011.7 77

Nov 147 5 6 9.3 1015.7 71

Dec 204 11 15 3.5 1013.2 66

Total of 2018 1944 79 113 12.4 1009.7 72

2019 Jan 179 13 6 1.3 1010.2 61

Feb 130 7 3 2.0 1012.9 61

Mar 151 9 6 5.3 1008.3 63
Apr 148 7 10 8.9 1008.7 66

May 179 6 10 16 1004.0 67

Jun 158 5 10 17.8 1006.2 83
Jul 168 8 13 21.7 1004.9 83

Aug 201 5 7 24.8 1011.5 83

Sep 185 2 16 21.1 1013.1 78
Oct 190 11 11 15.8 1013.1 80

Nov 200 9 18 8.6 1013.6 66

Dec 183 13 9 4.1 1014.4 68

Total of 2019 2072 95 119 12.2 1010.1 72

Total of 3 years 5948 240 337 12.4 1009.4 72

Abbreviations: CPA, cardiopulmonary arrest; Pa, mean atmospheric pressure; RH, mean relative humidity; Tmean, mean ambient temperature.
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0.021 with p < 0.001. Ambulance transports for trauma were 
weakly associated with sunlight hours with r2 of 0.008 with 
p = 0.031 (Table 2).

We also investigated the association between the day 
of the week, national holidays, and ambulance trans-
ports, but the Mann–Whitney U-test and Kruskal– 

Table 2 Approximation by Linear, Quadratic, or Cubic Polynomial Curve Between the Number of Ambulance Transports and 
Meteorological Factors in the Kesennuma Area

Variables (X) r2 p value Polynomial Curve† 

(Y: Each Outcome, X: Climate Parameters)

Total ambulance transport (Y)

Tmean (°C) 0.018 <0.001* Y = 0.005X2 − 0.131X + 5.872

Tmax (°C) 0.019 <0.001* Y = 0.005X2 − 0.152X + 5.418

Tmin (°C) 0.014 0.001* Y = 0.004X2 − 0.083X + 5.479
Tmax-min (°C) 0.007 0.045* Y = 0.003X3 − 0.082X2 + 0.761X + 3.331

Pa (hPa) 0.001 0.376 Y = − 0.010X + 15.362
Daily mean vapor pressure (hPa) 0.007 0.024* Y = 0.004 X2 − 0.111X + 5.974

Mean wind speed (m/s) 0.009 0.016* Y = 0.046 X3 − 0.564X2 + 2.158X + 2.939

Daily amount of the rainfall (mm) 0.002 0.270 Y = 0.0002X2 − 0.021X + 5.475
Daily amount of the snowfall (mm) <0.001 0.943 Y = − 0.013X2 + 0.077X + 5.431

Sunlight hours (hr) 0.005 0.057 Y = − 0.010X2 + 0.140X + 5.141

RH (%) 0.009 0.006* Y = − 0.001X2 − 0.148X + 0.582
THI (°C) 0.016 <0.001* Y = 0.007X2 − 0.190X + 6.353

Ambulance transport due to CPA (Y)

Tmean (°C) 0.021 <0.001* Y = 0.0004X2 - 0.019X + 0.306

Tmax (°C) 0.020 <0.001* Y = 0.0004X2 − 0.020X + 0.410
Tmin (°C) 0.021 <0.001* Y = 0.0004X2 − 0.013X + 0.276

Tmax-min (°C) 0.001 0.574 Y = − 0.001X2 − 0.014X + 0.173

Pa (hPa) 0.005 0.019* Y = 0.005X − 4.813
Daily mean vapor pressure (hPa) 0.015 0.001* Y = 0.003X2 − 0.017X + 0.353

Mean wind speed (m/s) 0.001 0.255 Y = 0.016 X + 0.176

Daily amount of the rainfall (mm) 0.001 0.418 Y = − 0.001X + 0.223
Daily amount of the snowfall (mm) 0.001 0.982 Y = 0.001X2 - 0.011X + 0.220

Sunlight hours (hr) 0.007 0.019* Y = − 0.003X2 + 0.034X + 0.164

RH (%) 0.004 0.039* Y = − 0.002X + 0.370
THI (°C) 0.019 <0.001* Y = 0.001X2 − 0.025X + 0.408

Ambulance transport due to trauma (Y)

Tmean (°C) 0.004 0.147 Y = − 0.0004X2 + 0.013X + 0.244

Tmax (°C) 0.004 0.095 Y = − 0.0003X2 + 0.015X + 0.188
Tmin (°C) 0.003 0.250 Y = − 0.0003X2 + 0.008X + 0.292

Tmax-min (°C) 0.002 0.154 Y = 0.008 X + 0.243

Pa (hPa) <0.001 0.892 Y = 0.0003X − 0.043
Daily mean vapor pressure (hPa) 0.003 0.164 Y = − 0.001X2 + 0.018X + 0.204

Mean wind speed (m/s) 0.002 0.410 Y = 0.003X2 − 0.017X + 0.353

Daily amount of the rainfall (mm) <0.001 0.764 Y = 0.00003X2 − 0.002X + 0.312
Daily amount of the snowfall (mm) <0.001 0.993 Y = − 0.001X2 +0.007X + 0.308

Sunlight hours (hr) 0.008 0.031* Y = 0.001X3 − 0.018X2 + 0.092X + 0.227

RH (%) 0.003 0.191 Y = − 0.0002X2 + 0.022X − 0.445
THI (°C) 0.003 0.201 Y = − 0.001X2 + 0.017X + 0.204

Notes: *p < 0.05 for the calculated polynomial curve; †linear, quadratic, or cubic polynomial curve between the number of ambulance transports and meteorological factors 
were calculated by SPSS software. 
Abbreviations: CPA, cardiopulmonary arrest; Pa, mean atmospheric pressure; r2, determination coefficient; RH, mean relative humidity; THI, thermo-hydrological index; 
Tmax, daily highest ambient temperature; Tmax-min, daily difference between the highest and lowest ambient temperature Tmean; mean ambient temperature; Tmin, daily 
lowest ambient temperature.
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Wallis test did not reveal a significant difference 
depending on the day of the week nor national holidays 
(Table 3).

CPA Classified by Utstein Classification
Emergency services classified CPA patients transported by 
ambulance as cardiogenic or non-cardiogenic according to 
the Utstein classification.18 Cardiogenic CPA accounted 
for 72.3% in the three years from 2017 to 2019.

DL-Based Models for Total Daily 
Ambulance Transport
The model for total daily ambulance transport more 
than 5 (median) or not has an AUC of 0.972 (95% 
confidence interval (95% CI) 0.960–0.984). Its sensi-
tivity and specificity were 0.937 and 0.935 (Figure 
2A). The model for daily CPA transport (present or 
absent) has an AUC of 0.988 (95% CI 0.975–1.000). 
Its sensitivity and specificity were 0.958 and 0.972 
(Figure 2B). The model for daily trauma transport 
(present or absent) has an AUC of 0.947 (95% CI 
0.927–0.968). Its sensitivity and specificity were 
0.899 and 0.892 (Figure 2C).

Table 3 Day of the Week and Numbers of Ambulance Transports

Day of the 
Week†

Number 
of the 
Days

Total 
Ambulance 
Transport

CPA Trauma

Monday 157 902 37 51

Tuesday 157 814 27 48
Wednesday 156 828 34 45

Thursday 156 832 35 42

Friday 156 865 33 41
Saturday 156 838 38 55

Sunday 156 869 36 55
National holiday 55 (4.6%) 319 11 24

Total 1095 5948 240 337

Notes: †Mann–Whitney U-test and Kruskal–Wallis test did not show a significant 
difference depending on the day of the week nor national holidays (all p > 0.05). 
Abbreviation: CPA, cardiopulmonary arrest.

Figure 2 The area under the curves (AUCs) and calculation tables of each model. (A) The model for total daily ambulance transport more than 5 (median) or not has an 
AUC of 0.972 (95%confident interval (95% CI) 0.960–0.984). Its sensitivity and specificity were 0.937 and 0.935. (B) The model for daily CPA transport (present or absent) 
has an AUC of 0.988 (95% CI 0.975–1.000). Its sensitivity and specificity were 0.958 and 0.972. (C) The model for daily trauma transport (present or absent) has an AUC of 
0.947 (95% CI 0.927–0.968). Its sensitivity and specificity were 0.899 and 0.892.
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Discussion
Our study suggested 2 points; 1. We performed 
a retrospective and statistical analysis about the association 
between ambulance transports and meteorological data. The 
obtained polynomial curves are statistically significant, but 
the r2s are very small, suggesting that the statistically poly-
nomial curves could explain only small numbers of trans-
ports, and their utilities were low. 2. We made DL-based 
prediction models for daily ambulance transports using 
meteorological and calendarial factors and evaluated their 
accuracies. The AUCs are satisfactory, suggesting the poten-
tial of the DL-based ambulance transports prediction.

Problems of the Health Care System in 
Japan
Japan adopted a universal healthcare system in 1961 that 
guarantees patients free access to medical care,1 and this 
free access system is proud of Japan. However, the med-
ical staff has been recently exhausted because 1; some 
patients with mild illness consult doctors in the off-duty 
hours as so-called convenience-store consultations. 2; 
everybody can use an ambulance like a “taxi” without 
any payment. The dispatches of the ambulance are increas-
ing, although half of the patients’ illnesses are mild.21 3; 
medical staff does not receive fair wages. About 7% of 
medical doctors were not paid any fairs in 2019.22 

Furthermore, healthcare costs are increasing over 40 tril-
lion JPY per year, accounting for 35% of the Japanese 
annual expenditures. Also, emergency medicine is an 
unprofitable department, so the number of hospital emer-
gency departments declined in Japan.21 Japan is now 
facing its own unique set of challenges as declining birth-
rate, aging population, and the medical care system col-
lapse. In order to solve these crises of the health care 
system in Japan, the consumption tax was increased from 
8% to 10% in 2019. Hospitals can also require patients’ 
extra-payment on the emergency department visiting at 
night and on holidays. However, patients with mild illness 
using ambulance are still about 50% over these 10 years.22 

A previous report in Japan concluded that we must rely on 
the spontaneous motivation of patients.1

The Need for Prediction of Daily 
Ambulance Transport
Promoting the appropriate use of ambulances and the 
emergency department is still difficult in Japan. 
Therefore, we should deploy limited medical resources in 

the right amount and at the right time. As we described in 
the methods section, our hospital does not have emergency 
doctors nor intensive care units, and there are many such 
emergency hospitals in Japan’s rural area. Doctors who are 
not specialists in emergency medicine are forced to work 
in the emergency room by turns. Also, there are fewer co- 
medicals in such rural areas, so we cannot always use 
many drugs nor perform laboratory and radiological tests. 
Accurate prediction of the daily ambulance transport is 
difficult in a classically statistical way, so medical staff 
must be alert at all times. Management of the drug inven-
tory and the availability of laboratory and radiological 
testing equipment at night and on holidays are also pro-
blems. Therefore, to solve this lack of medical resources in 
Japan’s rural area, we tried to make DL-based prediction 
models of daily ambulance transports. If we could predict 
the number of transports, the hospital might increase doc-
tors and co-medicals and let the drugs and testing equip-
ment available only on the predicted busy day; while it 
might decrease them on the non-busy day.

Previous Studies on Ambulance Transport 
Prediction
As we mentioned in the Introduction, many studies in 
Japan to predict ambulance transport have been done 
based on meteorological data. However, due to 4 seasons 
in Japan, the prediction formula is not satisfactory in the 
classical statistical way. Furthermore, the regional differ-
ence and spatial or temporal factors, like economic or 
social differences, which is challenging to be treated in 
a statistical way, also affect the ambulance demand’s pre-
diction accuracy.23 Therefore, similar to our report, several 
previous studies performed to predict ambulance transport 
using artificial intelligence, not statistical way.

Setzler et al first reviewed works of literature on the 
emergency system call prediction. They tried to develop 
a prediction model using time and postal address by artificial 
neural network (ANN) technique in Mecklenburg County in 
2009.24 However, the ANN-based model was inferior to 
moving average-based formula, which is common in the 
industry to predict emergency call. After that, Chen used 
a geographic information system and developed artificial 
intelligence-based prediction models for emergency calls in 
Taipei City in 2016.25 The best daily mean absolute percen-
tage error was 23.01%. Lin et al performed ambulance 
demand prediction using leveraging machine learning tech-
niques in Singapore in 2020.23 Their study used historical 
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demand of the past 30 days as temporal variables, as well as 
the Census of Population is also included as spatial and 
demographic variables. They achieved a good prediction 
with around 25% accuracy. As pre-hospital care, there are 
several reports on prediction models “where and when” 
ambulances will be needed, from a whole social perspective. 
However, as far as we know, there is no research on devel-
oping DL-based models predicting “whether patients are 
brought to a hospital or not,” from the medical staff’s per-
spective. This is the first attempt to make a DL-based pre-
diction model from the hospital and the medical staff’s 
perspective, and this is the unique point of this study.

Future Outlook
Simple and easy DL frameworks are being developed, so we 
should be interested in using it to benefit medical staff and 
patients.26,27 Even though our study used a small dataset in our 
small hospital, we could make satisfactory DL-based predic-
tion models using such a simple DL framework. Nowadays, 
smartphone apps28 or smartwatch29 can, in real-time, observe 
personal health records and daily physical activities outside of 
the hospital, and web-based observational studies have been 
performed. Furthermore, nation-wide research is ongoing by 
corporations about the efficient emergency medical system 
operating method using artificial intelligence and big data, 
such as geographic, personal, meteorological, traffic data.30 

Some university hospitals also provide their beds to corpora-
tions as open-bed-laboratory for artificial intelligence research 
to develop efficient medicine.31 These big trends that acade-
mia and corporations collaborate to do DL research will spur 
researchers to develop artificial intelligence-based efficient 
medicine.

In the future, after sufficient nation-wide, academic- 
and corporation-initiated big study will be performed, by 
synchronizing a wide variety of medical information32,33 

among the electronic medical records, personal smart-
phones, and smartwatches, as well as integrating the phy-
sical activities or meteorological conditions in real-time, 
the prediction of daily ambulance transport could be per-
formed with much higher accuracy. This dreamlike pre-
diction would solve the lack of medical resources in Japan 
by deploying the limited medical resources in the right 
amount and at the right time. Our study is preliminary and 
the first step to this dreamlike medicine.

Limitation
First, we used the data from only three years, and we did 
not perform external validation. Further studies with 

external validation using more data should be needed. 
Second, the meteorological data and ambulance transport 
dataset are based on the 24-hr calendar day period 
(0:00AM-11:59PM), but the work at the hospital begins 
at approximately 9:00AM, and it should be the start line to 
use prediction models practically. Third, we should have 
adjusted the ambulance transports by background age and 
population.

Conclusion
We investigated the associations between the meteorologi-
cal and calendarial factors with ambulance transport. 
Similar to the previous reports, we could statistically 
make polynomial curves, but the r2s were small. Besides, 
we preliminarily made DL-based prediction models for 
total daily ambulance transport more than 5 (median) or 
not, the presence of daily CPA transport, and that of daily 
trauma transport with only meteorological and calendarial 
variables. The models’ accuracies were satisfactory.

To predict ambulance transport is needed to save the 
medical resources and to perform the efficient medical 
practice. In the future, by synchronizing a wide variety 
of medical information, among the electronic medical 
records, personal smartphones, and smartwatches, as well 
as integrating the physical activities or meteorological 
conditions in real-time, the DL-based prediction of ambu-
lance transport would be done with much higher accuracy. 
This dreamlike prediction would solve the lack of medical 
resources in Japan by deploying the limited medical 
resources in the right amount and at the right time.
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