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Abstract - Emergency medical service (EMS) takesan important part in out-of-hospital cases,and it takes decisively effect to 
patients’ mortality rate. There are five factors have been scrutinized in this paper with large database to determine the 
correlation and effectiveness to survival rate, and also the difference between urban and suburban area. Seven years from 
2007 to 2013 emergency record have conducted in study. Via applying analysis of variance (ANOVA), age, gender, 
response time, on-scene time and transportation time were used to be the analysis condition in survival rate and 
urban/suburban difference. Furthermore, age, gender, population density and total ambulance number were used as inputs to 
predict time outputs of response time, on-scene time, transportation time with artificial neural network (ANN). There are 
significant differences in all five factors of 7 years analysis, with age have the highest correlation (Pearson = -0.059), and on-
scene time second highest (Pearson = -0.033) to survival rate. For urban and suburban comparison, each city has the highest 
correlation with time factors, and transportation time has the highest among other time factors. For time prediction, the best 
model performsmean absolute error (MAE) of3.2675 minutes, and response time has the lowest error of2.2498 minutes. 
Observing the result, it is suggested that patient with male around or higher 65 years old should be more concern and 
urgency. Urban and suburban do affect the out-of-hospital internal time in the study because urban patient spend less time on 
transportation time but more on on-scene time, while suburban has the opposite trend. In experimental prediction, model 
built with 4 years database could made the prediction within 3.2 minutes in training city but unable to apply to different city 
as well. 
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I. INTRODUCTION 
 
With the technology improvement, our medical 
system also makes progress. But for all purpose is to 
improve the quality of our medical procedure and 
enhance the survival rate. In urban accident, 
Emergency Medical Service (EMS) plays the 
important role in such high population density like 
Taiwan. Emergency Medical Service’s paramedic 
usually had the initial contact and treatment to 
patient, and it takes huge effect to patients’ survival 
rate. In emergency medical, there are a lot of factors 
that will affect the patients’survival rate, such as 
patients’ age, gender, pre-hospital time, first aid 
process, injury type or bystander CPR etc.Due to 
Taiwan is a high population density country with 
multiple topographies, in addition to the globalization 
population aging trend, diversity topographies have 
made different effect to the result of emergency 
medical. The emergency medical system usually 
attaches to the fire department in Taiwan so 
ambulancesdepart from the fire station, arrive 
accident scene, then transfer to hospital as appropriate 
as possible.During the attendance, all relevant 
information will be recorded, including patient age, 
gender, departure time, reach scene time, leave scene 

time, arrival hospital time, location, trauma type, call 
reason etc. [1-3]. By building and evaluating the huge 
dataset, the medical care quality can be improved 
without additional resource and make appropriate 
adjustment based on current deployment. 
 
Big data analysis and machine learning are popular 
and non-negligible subjects nowadays. Big data allow 
us to have enough resource for mining the pattern and 
convincing result and build up a prediction model. 
Via data mining and analysis, the data distribution, 
composition structure, and conclude a pattern can be 
figured out. In this research, 7 years ofTaiwan EMS 
data is used for the application database.  
 
Data includingpatients’ basic characteristics and duty 
information, several factors are selected as inputs 
based on previous research [4-8]. For prediction, data 
composition being more irregular non-linear 
characteristics, and due to the complex relationship of 
variables, it is difficult to use traditional mathematical 
equation. Hence, the prediction model is developed 
using artificial neural network (ANN). ANN is one of 
the most popular methods to deal with nonlinear and 
non-stationary problems. As the previous studies [9-
10], it can be modeled the complex relationships 
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between input and output. Prediction model could be 
estimated the time that ambulance takes during duty.  
In this study, thefocus is on patients’ characteristic 
and response time, on- scene time, transportation 
time, discussing the data contribution and the 
statistical result, compare difference between 
Taiwan’s each city and difference between urban and 
suburbanin three major cities. Furthermore, we are 
also trying to build a model to predict response time, 
on-scene time and transportation time. By estimating 
these times, the medical resource can be deployed 
appropriatelywhich can contribute to the ambulance 
driver’s safety.  
 
II. PATIENTS AND METHODS 
 
2.1. Experimental data 
 
The database had recorded 5,825,595 patients from 
emergency data according to emergency medical 
service in Taiwan. The data contain patients’ 
characteristic information, case number, date, call 
reason, call received time, ambulance departure time, 
reach scene time, leave scene time, arrived hospital 
time, location, past history, andpossible OHCA cause. 
For data analysis, statistics software is used to 
analyze cluster median and correlation coefficient, in 
order to show effective factors.  
 
2.2. Data pre-processing 
 
In this study, total 5,825,595 cases of the year 2007 to 
2013 have been collected. Although there are around 
5.8 million cases in the database, each parameter need 
to be evaluated and cleaned,±3 standard deviation 
(99%CI) is used to filter the unreasonable and 
abnormaldata. So, the final database size is 4,366,971 
cases. 
 
After filtration, the age has the range between 1 to 
113 years old, and gender has been labeled in 1 and 2 
as male and female.Pre-hospital survival rate has 
been labeled in 1 as survival and 0 as non-survival. 
Time factors have been evaluated and transferred into 
three parameters: response time, on-scene time, 
transportation time.  According to the data recorded, 
three parameters are calculated by ambulance 
departure time, reaching scene time, leaving scene 
time, and arrivinghospital time.  
 
Response time is the interval between ambulance 
departure time and reaching scene time. On-scene 
time is the interval between reaching scene time and 
leaving time. Transportation time is the interval of 
leaving scene time and arriving hospital time. Total 
4,332,870 survivals and 34,101 non-survival cases 
from database are analyzed. Table 1 shows the 
distribution of the gender proportion of the database. 

 

 
 

Table 1: Database Distribution by Gender and Survival. 

 
 
For urban and suburban comparison, three 
municipalitiesof Taiwan were selected: New Taipei 
city, Taoyuan city and Kaohsiung city based on 
population density and location. There are two 
municipalities located in north Taiwan and one in 
south Taiwan that can be comparedto north and south 
Taiwan cities.Regarding the population density in the 
urban and suburban, the area with population density 
that are higher than the mean +1 standard deviation 
for urban and the rest are considered to be 
suburban.Tables2-4 show the distribution of the 
gender proportion of the municipality data. 
 

Table 2: New Taipei Database Distribution by Gender and 
Survival. 

 
 

Table 3: Taoyuan Database Distribution by Gender and 
Survival. 

 
 

Table 4: Kaohsiung Database Distribution by Gender and 
Survival 

 
 
To train the ANN, Taoyuan cityis selected based on 4 
years data from 2008 to 2011 of total 223,823 cases 
for building model and 2012’s 70,753 data for 
external testing. However, in order to test the model, 
Kaohsiung city was selected based on 7 years data 
which includes 193,551 cases. The mean absolute 
error (MAE) is used to measure the prediction 
accuracy. 
 
2.3. Methodology 
 
To analyze big database, correlation coefficient 
analysis, t-test and analysis of variance (ANOVA) 
[11] have been applied. Via correlation coefficient 
test, the result can be observed each factors’ 
correlation between the survival rates.By observing 
analysis of variance result as well as the 
significancebetween survival and non-survival data in 
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each parameter input, the extent of the various factors 
effect can be evaluated.  
 
Artificial neural network have been applied to build 
the training model and testingusingMATLAB. In this 
study, our ANN training model was built in 4 inputs 
that contain age, gender, population density and total 
ambulance number in each area and the three outputs 
of response time, on-scene time and transportation 
time. The topology of ANN was 2 hidden layer, 10 
and 15 nodes, and 1500 epochs training iteration. 
Training data of proportion for building model were 
set up in 80% training, 10% validation, and 10% 
testing.    
 
III. RESULTS AND DISCUSSION 
 
3.1. Taiwan EMS 7 year data analysis 
 
Total 4,366,971 cases have been analyzed via IBM 
SPSS Statistic software. Based on age, gender, 
response time, on-scene time and transportation time, 
EMS data evaluated each factors and produce 
statistical result and correlation comparison table. 
The result shows median value with standard 
deviation and p-value for survival and non-survival. 
There is the significant division between survival and 
non-survival in age gender. Median age value is 
49.79±23.1years old for survival and 65.26± 19.58 
years old for non-survival (p<0.01). Gender result 
show that male has the higher proportion in non-
survival cluster with median gender level value is 
1.42 ± 0.49 for survival and 1.36 ± 0.48 for non-
survival (<0.01). For time factors, response time and 
on-scene time both have the trend with lower time 
spent in survival cluster, but opposite in 
transportation time. The median response time (RT) 
value is 5.83± 3.7 minutes for survival and 6.12± 
3.82 minutes for non-survival (p<0.01). Median on-
scene time (OT) is 7.22 ± 5.24 minutes and 9.16± 5.4 
for survival and non-survival(p<0.01). Median 
transportation time (TT) value is 8.56 ± 6.94 and 
7.773 ± 6.5 minutes for survival and non-survival 
(p<0.01). 
 
Figs. 1-4 show the average of each factors associated 
with survival proportion. The relation curve is shown 
in Fig.1. It can be seen there is the significant trend in 
age, that survival rate has negative correlation with 
age. Survival ratio decrease with ageing, and the 
slope is getting relatively stable around 5 years old to 
83 years old. Figs. 2 and 3 show the response time 
and on-scenetime average curve associated with 
survival proportion. Steady slope can be observed 
from first minute to around 17 minutes in response 
time, while on-scene slope has more rapidly 
decreased compared with the first 17 minutes. 
Transportation time shows the opposite trend curve to 
response time and on-scene time, survival ratio is 
increasing with time parameter. 

Correlation coefficientshave shown in Table 5. Five 
factors with survival rate were cross-compared to 
each other in correlation table, and it shows the 
Pearson correlation coefficient, p-value and data size. 
Age has the highest correlation with -0.059 among 5 
factors. The negative correlation coefficient 
represents the decrease slope of age associated with 
survival rate that opposite trend was shown. The 
second highest factor is on-scene time with -0.33, and 
response time is the last factor with correlation 
coefficient -0.007. 
 
3.2. Three Municipalities data analysis associated 
with urban and suburban comparison 
 
Five factors have been analyzed based on previous 
research and 7 years result. Age in New Taipei city 
with urban and suburbanis 48.84 ± 22.72 and 48.19 ± 
23.04 years old (p<0.01). Median gender value ratio 
are 1.44 ± 0.496 and 1.41 ± 0.492 to urban and 
suburban (p<0.01). For time factors in urban and 
suburban analysis, response time are 5.61 ± 3.189 and 
6.46 ± 4.464 minutes (p<0.01). On-scene time are 
9.87 ± 6.92 and 8.83 ± 7.1 minutes (p>0.05). 
Transportation time are 7.01 ± 4.8 and 10 ± 7.45 
(p<0.01). 
Population age in Taoyuan city forurban and 
suburbanis46.76 ± 22.54 and 47.55 ± 23.43 years old 
(p<0.01). Median gender value ratio are 1.45 ± 0.497 
and 1.41 ± 0.492 with urban and suburban (p<0.01). 
For the time factors in urban and suburban, response 
time are 6.13 ± 3.74 and 6.04 ± 4.32 minutes 
(p<0.01). On-scene time are 9.02 ± 5.6 and 7.96 ± 
5.58 minutes (p<0.01). Transportation time are 5.58 ± 
4.385 and 9.51 ± 8 minutes (p<0.01). 
Population age in Kaohsiung city forurban and 
suburbanis 50.62 ± 22.73 and 50.52 ± 23 years old 
(p<0.01). Median gender value ratio are 1.45± 0.49 
and 1.42 ± 0.49 (p<0.01). For time factors in urban 
and suburban, response time are 4.32 ± 3.41 and 5.36 
± 4.24 minutes (p<0.01). On-scene time are 8.08 ± 
5.7 and 7.08 ± 5.7 minutes (p<0.01). Transportation 
time are 6.54 ± 6.159 and 9.58 ± 8.85 minutes 
(p<0.01).    
Observing the correlation coefficient table in Tables 
5-7, each city has the highest correlation with 
transportation time. For New Taipei City with 0.231, 
Taoyuan city with 0.198, and Kaohsiung city with 
0.16. According to the coefficient, transportation time 
has the positive value with urban and suburban 
cluster. With the label that urban as 1 andsuburban as 
2, it represents the transportation time increases in 
county cluster. Most of the time factors have higher 
correlation with age and gender in urban and 
suburban comparison. 
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Fig.1. Age associated with survival rate. 

  

 
Fig.2. Response time associated with survival rate. 

 
Fig.3. On-scene time associated with survival rate. 

 

 
Fig.4. Transportation time associated with survival rate. 

  
 
 

Table 5:Seven yearscorrelation coefficient between survival and 5 factors. 

 
 
 

Table 6: New Taipei City 7 year correlation coefficient between urban and suburban and 5 factors. 

 
 
 

Table 7:Taoyuan City 7 year correlation coefficient between urban and suburban and 5 factors 
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Table 8:Kaohsiung City 7 year correlation coefficient between urban and suburban and 5 factors. 

 
 

3.3. Artificial neural network model training 
Total 4 years of 223,823 cases have been used in a 
training model and 70,753 cases for external testing. 
In addition to Taoyuan urban and suburban, the 
model is tested on Kaohsiung cityfor193,551 cases. 
Training for the best performance, the model mean 
MAE is 3.2675 minutes, response time MAE 
is2.2498 minutes, on-scene time MAE is 3.6654 
minutes, and transportation time MAE is 3.9051 
minutes. According to Taoyuan city’s good 
performance results, the same is being applied to 
Kaohsiung city. For Kaohsiung city, the best model 
performance is mean MAE of 55.2911 min, response 
time MAE is44.0799, on-scene time MAE is 56.7244 
minutes, and transportation time MAE is 65.069 
minutes. The results show that the model may not be 
applied to another city. 
 
CONCLUSIONS 
 
In this study, an attempt is made to get more precisely 
on each factor actually effect to the patient, 
improving EMS quality with currently resource and 
building model to predict proper time to reach the 
efficient mission and care about drivers’ safety. 
Getting further with each result, based on seven years 
statistical results with each parameter, age is 
significant divided into different cluster that mortality 
mean value is 65.26 ± 19.58 years old. Age around 65 
years old or further should pay more 
attention.Observing the result, male has the higher 
proportion to female cluster in mortality rate [12].For 
time parameters, on-scene time takes highly 
correlation among other study parameters. Although 
response time does not show the higher correlation to 
mortality rate, but there is the study show that it 
would be a survival advantage to the unselected 
patient within 4 minutes [13].The transportation time 
result shows the opposite trend compared to other 
time factors. The relationship between survival and 
time are complex and diverse. 
 
It isconsidered that time factor will also affect by 
urban or suburban, especially transportation time. To 
figure out the effect factors, the difference between 
urban and suburbanis investigated in three 
municipalities. Time factors have shown the higher 
correlation between urban and suburban in each city. 
Transportation time has the most highly correlation 
with the clustering, and it also shows that shorter on-
scene time associated with longer transportation 
time[14]. Response time is lower in the urban result. 

It may consider by fire station density in urban area 
that the density is higher than suburban city and it 
reduces the time for response. For suburban area, on-
scene time is much lower than urban and hashigher 
transportation time. Observed previous research[15], 
trauma type has the higher percentage call in 
suburban cities, and for trauma type patient, there is 
the research [16] to reduce on-scene time to improve 
survival rate. 
 
Time factors are the only variables that can be 
adjusted in the study. The statistical results are 
utilized to measure the out-of-hospital internal time. 
Result shows that the experimental model can predict 
time parameters with around mean absolute error 
3.2675 minutes but is not available to apply on 
Kaohsiung city with Taoyuan city’s model. Different 
city might not be able to apply the same model, but 
need to establish their own. 
 
Applying the big data, the critical factors can be 
analyzed to find the patients’ survival rate and 
correlation between each parameter, and also help 
assigning resources properly and create maximum 
benefit on critical factors. In addition to assign 
resources, applying large data set for training model 
to predict out-of-hospital EMS internal time help us 
to evaluate proper time and can be considered to 
driver’s safety. In future work, more variable 
condition could be measured by additional inputlike 
trauma type [17], bystander CPR [18] and also 
improve the performance of prediction. 
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