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 Smart card transactions contain user information and travel patterns.  Thus, in this study, 
elderly smart card transactions were analyzed to determine elderly captive riders’ hot spots 
that need appropriate social services for them.  There has been minimal focus on the spatial 
autocorrelation of smart card big data when developing new traffic policies.  Therefore, in this 
study, spatial autocorrelation analysis was performed using Seoul’s smart card data for six 
weeks.  In the collected data, it was found that 76.3% of the elderly trips were concentrated 
on subways, which offer free tickets.  For this reason, we examined elderly captive bus riders 
in this study.  Moran’s I was 0.277 for the elderly smart card transactions, and it has a positive 
spatial autocorrelation with the significance level of 0.01.  Local indicators of spatial association 
(LISA) analysis is used to determine the spatially autocorrelated areas.  Fifty administrative 
units (dongs) in Seoul were considered hot spots, and spatial clustering was confirmed; 61 
dongs were considered cold spots.  The distributions of hot spots and cold spots seem to be 
closely related to the subway supply level rather than the elderly population.  Twenty-eight hot 
spots seriously need appropriate social services for elderly bus users because those hot spots 
do not operate subway service.  First, barrier-free bus stops should be installed at the 28 hot 
spots.  Second, bus lines that pass the 28 hot spots need to have high priority when supplying 
low-floor buses.  Third, the low-floor bus shuttle service from/to the 28 hot spots is proposed 
by analyzing the top nine origins and destinations of the elderly.  To propose advanced public 
transportation policies for the elderly, smart card spatial autocorrelation analysis can be used.

1. Introduction

 Metropolitan cities around the world have complex public transportation networks.  Most 
of them use public transportation smart card systems and collect big data from there.  These 
big data can be used to customize public transportation service for users.  Despite the smart 
card data consisting of various user behavior information (e.g., user class, ride station ID, alight 
station ID, ride time, alight time, and number of transfers), most smart card data analyses have 
been limited to simple descriptive statistics.(1–4)  The proper utilization of smart card data can 
help in developing customized public transportation policies for each user group.  However, 
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previous researchers rarely demonstrated the spatial autocorrelation of smart card big data.  We 
discovered some transportation services for elderly riders from smart card big data.  
 Metropolitan cities around the world are fast becoming aging societies.  According to 
Statistics Korea,(5) 20% of Koreans will be elderly (>65 years old) in 2026, and more than 
30% may be elderly by 2037.  Korea is aging quickest among Organization for Economic Co-
operation and Development (OECD) countries.  Thus, we should prepare in advance public 
transportation services for the elderly by analyzing their actual travel patterns.  Many of the 
local governments have interest in maximizing public transportation services for the elderly 
within a limited budget.  Metropolitan cities already invest a considerable portion of their 
budgets in the travel convenience of the elderly.  For example, Seoul, the capital city of Korea, 
invests 20–30 million dollars every year to subsidize low-floor buses and free subway rides for 
elderly citizens.  Thus, 76.3% of elderly travel in Seoul is concentrated on subways because it is 
free of charge to them.  Nevertheless, some elderly people still ride the bus because their home 
or destination is not located near a subway station.  Proper traffic services are needed for these 
elderly bus captive riders.  
 Previous traffic policies have been based on social statistics such as resident populations.  
However, this does not reflect the actual travel demand.  Thus, in this study, we analyzed 
elderly travel patterns using smart card data from the Seoul metropolitan area.  Through spatial 
autocorrelation analysis, we found the hot spots and cold spots of elderly travels in Seoul.  In 
contrast to previous studies, this study method can provide on-demand services on the basis of 
actual travel patterns.  In conclusion, we suggest some public transit services for elderly captive 
riders.

2. Background Review

2.1 Smart card data

 Smart cards are being increasingly used in public transit areas.  Seoul’s metropolitan public 
transportation system also widely uses smart cards and is one of the most developed areas that 
widely use smart cards.  Smart card data are categorized into 16 columns (Table 1).  To classify 
the target user group, the 9th column (user class code) of smart card data is used.  The user class 
code can classify 15 classes (Table 2), such as general people, youth, and elderly.

Table 1 
Seoul smart card data columns.

No. Column item No. Column item
1 Smart card number 2 Ride time
3 Transaction ID 4 Transportation method code
5 Transfer frequency 6 Bus route ID
7 Operator ID 8 Vehicle ID
9 User class code 10 Run departure time
11 Ride station ID 12 Alight time
13 Alight station ID 14 Number of passengers
15 Ride fare 16 Alight fare



Sensors and Materials, Vol. 31, No. 11 (2019) 3861

2.2 Spatial autocorrelation

 Ordinary least square (OLS) analysis is used for normal data analysis.  However, when 
spatial characteristics affect a nearby area, researchers should perform spatial autocorrelation 
analysis.  Tobler’s first law of geography(6) defines spatial autocorrelation as follows: everything 
is related to everything else, but near things are more related than distant things.  When there 
is spatial autocorrelation, the independent assumption of the OLS model fails.  In such a case, 
a spatial regression model with local characteristic variables is necessary.  The general Spatial 
Regression Model is shown in Eqs. (1) and (2).  When the spatial weight matrix of error term 
(w2) is 0, it is called Spatial Lag Model (SLM), and when the spatial weight matrix of dependent 
variable (w1) is 0, it is called Spatial Error Model (SEM).(7,8) 

 y = ρw1y + Xβ + μ (1)
 μ = λw2μ + ε (2)

ε ~ MNV(0, σ2In) (MVN: Multivariate Normal Distribution)
y: dependent variable
X: variable of interest
β: coefficient
ρ: spatially lagged dependent variable
λ: spatial autoregressive
w1 : spatial weight matrix of dependent variable
w2 : spatial weight matrix of error term
μ: error term

 To show the spatial autocorrelation, we can calculate a spatial autocorrelation index such 
as Moran’s I.  For spatial autocorrelation analysis, matrixed spatial weights, such as Queen 
contiguity, Rook contiguity, distance weight, and threshold distance, are needed.  
 The Queen contiguity, which is the most famous method, sets the weight matrix on 
the basis of adjacent edge or corner boundaries (Fig. 1).  Through this weight matrix, we 
calculated Moran’s I and derived the spatial autocorrelation between observations [Eq. (3)]; 
Moran’s I shows values from −1 to +1.  A positive value of Moran’s I indicates a proportional 
spatial autocorrelation and a negative value indicates the opposite.  When there is no spatial 
autocorrelation, Moran’s I is 0.  

Table 2 
User class code of Seoul smart card record.

Code User Code User
00 All 01 General
02 Elementary school student 03 Student
04 Youth 05 University student
06 Elderly 07 Disabled
08 Patriot 09 Low income
10 Welfare service 11 Employer
12 Subcontractor 15 Tester
99 Others — —
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I: Moran’s I
N : number of spatial units indexed by i and j
x: variable of interest
X : mean of X matrix
wij: matrix of spatial weight with zeros on the diagonal (i.e., wij = 0)

 Besides Moran’s I analysis, local indicators of spatial association (LISA) analysis is necessary 
to examine the spatial autocorrelation between a specific area and the entire study area.  LISA 
analysis serves two purposes.  First, it is an indicator of local pockets of nonstationarity or 
hot spots.  Second, it can be used to assess the effect of individual locations on the magnitude 
of the global statistic and to identify outliers similarly to Anselin’s(9) Moran scatterplot.(10) 
In this study, LISA analysis is used for the second purpose.  It is possible to show the spatial 
autocorrelation graphically through the GIS map.  When there is spatial autocorrelation in the 
data, the OLS model has errors.  In that case, SLM or SEM is used as an alternative model.  

3. Smart Card Data Analysis

3.1 Analysis method

 We collected the smart card transactions for the Seoul metropolitan area from Oct. 1, 2015 to 
Nov. 12, 2015.  Many elderly riders tend to prefer the subway, which they can ride free of charge 
(social welfare service).  However, in this study, we particularly focused on captive elderly 
riders who are forced to ride the bus because of the absence of subway service in their areas.  
 To sort out the target user data from smart card transactions, we used the big data analysis 
engine Splunk.  The elderly bus travelers can be classified on the basis of the user class code 06 
(Table 2).  Next, boarding and alighting stations’ latitude and longitude information should be 

Fig. 1. Queen contiguity.
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converted to the Korean basic administrative unit (dong) for the spatial autocorrelation analysis.  
Dong is the basic neighborhood unit in Korea.  The average area of a dong is 1.43 km2.  
Converting the smart card data to the dong unit is necessary because the boarding and alighting 
stations provide point unit information, and the spatial autocorrelation analysis is carried out 
under the polygon unit.(11–13)  Smart card transactions of boarding and alighting based on station 
units were collected and reclassified to the dong through the GIS program.  Through these 
steps, we measured the local Moran’s I and performed LISA analysis to identify areas where 
spatial clustering occurs.  
 For spatial modelling, dependent and explanatory variables are necessary.  As mentioned 
earlier, the dependent variables are the elderly bus riders’ travel transactions and the explanatory 
variables are selected from Seoul statistics,(14) which can explain the characteristics of elderly 
bus travel well.  There are limited explanatory variables in Seoul statistics, which are related 
to elderly travel and collected by the dong space unit.  The explanatory variables are elderly 
population, superaged population, aged–child ratio, solitary senior citizen population, local 
government tax, and area of each dong.  The definitions of the explanatory variables are as 
follows.  The elderly population is the population of individuals aged over 65 and the superaged 
population is the population of individuals aged over 80.  The aged–child ratio is the ratio 
between the number of individuals aged under 13 and those aged over 65.  When the aged–child 
ratio exceeds 30, that society is classified as an aging society.  The local government tax reflects 
the income level of that area.

3.2 Error data processing

 The smart card raw data contain erroneous data.  Kim (2007) classified error data into three 
major categories and 12 subcategories.(15)  Each type of error data should be removed before 
analyzing the smart card data.
 When filtering the error data according to Ref. 15, we found that 7.26% of the data were 
erroneous (Table 3).  In Table 4, error types 5 and 7 do not affect the analysis.  Thus, only error 
types 8, 10, and 12 (1.7% in total) are removed for the analysis.  

Table 3 
Error data in Seoul smart card record.
Error Type Description Error Error rate (%)

Exception error

1. Unregistered transportation method code 0 0.000
2. Transfer frequency exceeds four times 0 0.000
3. Unregistered user class code 0 0.000
4. Zero passengers 0 0.000
5. Ride fare exceeds normal criteria 1087849 1.913

Logic error
6. Alighting time earlier than boarding time 0 0.000
7. Travel time exceeds three hours 2075594 3.650
8. Board and alight at same station 843381 1.483

Measurement error

9. No boarding information 0 0.000
10. No alighting information 1706 0.003
11. No transfer ride information 0 0.000
12. No transfer alight information 119432 0.210
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4. Spatial Autocorrelation Analysis Results

4.1 Descriptive statistics

 In total, 60.23 million pieces of elderly smart card data were collected during the six-week 
study period; 45.94 million (76.3%) trips were on the subway and the other 14.29 million (23.7%) 
trips were on the bus.  Most of the elderly people (76.3%) take the subway, which they can ride 
free of charge.  In particular, when elderly individuals are the choice riders, 89.6% concentrated 
on the subway.  Elderly people prefer the subway, and we determined that mainly captive riders 
use buses.  Among the 1.26 million(14) elderly citizens of Seoul as of 2015, each elderly person 
took 0.26 bus trips and 0.85 subway trips per day on average.  
 As a subway supply factor, we counted the number of subway operations each day.  Among 
the 420 dongs in Seoul, only 222 dongs have a subway station.  In Seoul, 170.9 subway rolling 
stocks on average are operating each day.  The detailed numbers of subway operations by 
lines are shown in Table 4.  Those are reclassified according to the dong unit for the spatial 
autocorrelation analysis (Fig. 2).

4.2 Spatial autocorrelation analysis

 Figure 3 shows the spatial percentile distributions of the boarding and alighting of the elderly 
citizens.  The number of elderly bus riders tends to be high in the southwestern and northern 
areas of Seoul.  The global Moran’s I of the elderly Seoul citizens’ smart card transaction is 0.277 
and the p-value is 0.001 (Fig. 4).  There is a positive spatial autocorrelation at a significant level 
of 99.9%.  LISA analysis is performed to confirm the location of spatial autocorrelation.  As 
shown in Fig. 5, the LISA clustermap derives 50 high–high hot spots and 61 low–low cold spots 
of elderly bus travelers at a significance level of 0.05.  
 In Fig. 5, Gangbuk-gu, Eunpyeong-gu, and Geumcheon-gu are hot spots.  More specifically, 
the hot spots are located around Jeongnung-dong, Hongeun-dong, and Jongam-dong.  These 
areas are mountain terrain areas.  Thus, various bus lines are on operation and subway lines do 
not exist here.  In contrast, Gangdong-gu, where one can move to the downtown area by subway 
line 5, is a cold spot.

Table 4 
Number of subway operations in a weekday.
Line 1 2 2-Kkachisan 2-Seongsu 3 4 5 6 7
Number 
of subway 
operations

127–404 245 113 105 198 239 218 174 203

Line 8 9 Gyeongchun Gyeongeui Jungang Bundang Shinbundang Airport 
Rail Road —

Number 
of subway 
operations

152 120–236 56 84 89 164 166 181 —
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Fig. 2. (Color) Seoul subway lines by dong. Fig. 3. (Color) Percentile map of elderly smart card 
transactions.

Fig. 4. (Color) Queen weight matrix Moran scatter. Fig. 5. (Color) LISA cluster map of elderly smart 
card transactions.

 There are various factors that affect the elderly bus traffic; generally, it seems that cold spots 
are in areas where the subway supply level is high and hot spots are formed in mountain areas 
where the subway supply level is low.  

4.3 Spatial regression model

 According to Moran’s I and LISA analysis results, elderly bus travel data have spatial 
autocorrelation.  For the spatial regression model, socioeconomic statistics are used as 
explanatory variables.  The basic OLS model shows that all the explanatory variables are 
significant, except the elderly population, and r2 is 0.3264.  The multi-collinearity problem is 
not serious because the condition number of the OLS model is 14.0308.  The error terms also 
show homoscedasticity based on the Breusch–Pagan test result (p-value is 0.000).  
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 For the next step, we reflect the spatial weight in the OLS model.  According to the LM test 
result, both SLM and SEM are significant.  The r2 values of SLM and SEM are 0.4184 and 0.4388, 
respectively (Table 5).  The spatial regression models show that all the explanatory variables 
have a positive relationship with elderly bus travel.  As the economic activity factors such as 
local government tax and the area of each dong are increased, the number of elderly bus travels 
is increased.  Thus, the positive relationship between a dependent variable and local government 
tax or the area of each dong is reliable.  The positive relationships between elderly bus travel and 
the superaged population, aged–child ratio, and solitary senior citizen population have complex 
reasons.  The general residential environment of hot spots shown in Fig. 5 is poor because the 
subway supply level is low.  Owing to this disadvantage in public transportation, young people 
hesitate to move to this area.  Thus, old native residents remain in this area and the superaged 
population, aged–child ratio, and solitary senior citizen population become high in hot spots.

5. Suggestion of New Services for Elderly Captive Riders

 Through the LISA cluster analysis of elderly smart card transaction data, we found that 
50 out of the 420 dongs in Seoul had spatial clustering as hot spots.  Another 61 dongs were 
cold spots.  Among the 50 hot spots, 28 dongs were captive areas for buses because there are 
no subway stations in those areas (Table 6).  These 28 dongs have spatial autocorrelation, but 
travelers are unable to choose alternative modes of transport besides the bus, so it is necessary 
to create proper social services for elderly bus captive riders to make it more convenient for 
them to use the bus.  
 First, bus stations should be barrier-free for the elderly in hot spots.  These 28 hot spot areas 
could be priorities for installing barrier-free bus stations.  Second, more low-floor buses should 
be supplied for these 28 hot spot areas.  In these areas, a total of 64 bus lines are in operation.  
Table 7 shows the elderly boarding and alighting records for these bus lines in hot spot areas 
during the analysis period.  The top lines in Table 7 have many boarding and alighting records 
in hot spots, and they can be good routes to supply low-floor buses preferentially.  Finally, we 
propose the development of a low-floor bus shuttle route for elderly riders.  Table 8 shows the 

Table 5 
Spatial regression model.

OLS SLM SEM
LM test p-value — 0.000 0.000
r2 0.3264 0.4184 0.4388
Breusch–Pagan test 0.000 0.000 0.000
Akaike info criterion 9590.25 9542.35 9532.19
Variable Coefficient Coefficient Coefficient
Elderly population −0.0574 −0.0140 0.0258
Superaged population 26.6360*** 25.1893*** 29.7719***

Aged–child ratio 108.1254*** 78.6219*** 84.3435***

Solitary senior citizen population 18.8628*** 15.6847*** 12.8686**

Local government tax (million won) 0.1087*** 0.1132*** 0.1214***

Area of each dong (km2) 1335.2680** 1443.0890** 1914.0360***

**: Significance level, 0.05
***: Significance level, 0.01
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Table 6 
Twenty-eight spatially autocorrelated hot spots from the elderly smart card transactions among the bus captive areas.
Administrative unit

 (Dong) Elderly trips Elderly population Administrative unit
 (dong) Elderly trips Elderly population

Gireum 2-dong 43060 17404 Yeonhui dong 106312 5809
Namgajwa 2-dong 40648 29817 Wolgok 1-dong 34485 28822
Bangbae 3-dong 33284 3009 Ewha dong 31105 1197

Beon 1-dong 110790 20643 In-soo dong 58507 5572
Beon 2-dong 51533 18927 Jangwi 1-dong 36313 24380
Beon 3-dong 48540 20636 Jeonnong 1-dong 113727 31997

Samgaksan dong 32908 3298 Jeongneung 1-dong 31788 19975
Samyang dong 38231 4261 Jeongneung 4-dong 67122 27815
Sangdo 4-dong 33282 30010 Jegi dong 113977 4620
Seorim dong 39064 2731 Cheonyeon dong 53668 2991

Songjung dong 150962 4841 Cheongnyong dong 34765 3846
Suyu 1-dong 57194 23090 Pyeongchang dong 45959 2889
Suyu 2-dong 34715 22969 Hongeun 2-dong 81627 30540

Ssangmun 1-dong 51038 3346 Heukseok dong 56342 5404

Table 7 
Boarding and alighting records for the elderly in hot spot areas.
Bus number Boarding Alighting Total Bus number Boarding Alighting Total

7211 9144 7466 16610 142 1076 946 2022
7212 7776 7496 15272 350 1094 848 1942
1711 7500 6348 13848 7024 1126 782 1908
153 4110 8314 12424 704 702 1194 1896

1020 4606 5348 9954 101 1054 764 1818
120 588 5496 6084 1119 744 980 1724
109 1988 4060 6048 703 614 1106 1720

7022 3338 2638 5976 1128 914 802 1716
5413 2346 3538 5884 750A 974 726 1700
7730 2478 2518 4996 1144 814 760 1574
171 2570 2252 4822 7019 670 878 1548

7737 2450 2304 4754 702B 506 880 1386
151 1118 3044 4162 143 712 658 1370

7021 1476 2360 3836 1120 1100 224 1324
710 1874 1710 3584 162 732 522 1254
601 2200 1378 3578 7025 722 496 1218
752 1350 2200 3550 4319 654 466 1120
641 1714 1764 3478 172 718 292 1010
470 1690 1764 3454 104 662 332 994
720 1472 1838 3310 140 312 680 992

702A 1158 2004 3162 750B 588 384 972
406 1204 1692 2896 148 290 638 928
1161 2566 142 2708 150 296 596 892
461 1586 1120 2706 706 330 544 874
273 1592 1106 2698 106 654 192 846
471 962 1696 2658 160 270 568 838
301 850 17614 2614 107 420 328 748
272 1320 1278 2598 102 416 324 740

110A 610 1770 2380 1166 92 510 602
110B 1414 734 2148 108 354 178 532
701 808 1284 2092 100 340 160 500
2112 1114 970 2084 1157 152 298 450
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Table 8 
Top 9 origin and destination routes and bus lines from/to 28 hot spots.
Origin Destination Number of travels Rank Bus lines

Cheongnyong dong Daehak dong 21016 1

501
651

750A
750B

5511
5513
5515
5517

5528
6511
6512
6515

Yongshin dong Jeonnong 1-dong 14546 2

105
120
121
147
202
241
260
261

262
270
271
272
420
720
1213
1222

1224
1227
2015
2115
2221
2233
2311
3216

Gireum 1-dong Jeongneung 1-dong 11578 3
110B
143
153

171
1113
1114

1164
1213
7211

Gireum 1-dong Jeongneung 4-dong 10816 4 110B
143

1113
1114

1164

Seorim dong Seowon dong 10662 5
152
5516
5519

5522
5528
6512

6513
6514

Jegi dong Jongam dong 10662 6
101

110B
121

130
141
148

163
1213
7211

Suyu 2-dong Suyu 3-dong 10502 7
120
153
1119

1126
1128

1165
1218

Beon 1-dong Ui dong 10296 8 101
120

130
153

1165
1218

Sinchon dong Yeonhui dong 10048 9

110A
153
163
171
172
270
272
470
601
606

672
673
700
707
710
721
740

750A
750B
751

753
6714
7017
7611
7613
7713
7720
7727
7728

elderly travelers’ major origins and destinations (O/D) from/to the 28 hot spot areas.  The bus 
lines in Table 8 are in operation between the top nine O/Ds for the 28 hot spot areas.  These 
O/Ds show the most frequent travel from/to spatially autocorrelated areas.  In other words, 
elderly travel is concentrated on this route, and we need to provide more services for them, such 
as low-floor bus shuttle lines between those O/Ds.

6. Discussion and Conclusion

 In this study, we analyzed the smart card transactions of the elderly and found spatial 
autocorrelation.  Results revealed that 50 out of 420 dongs in Seoul show spatial clustering.  
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Elderly smart card transactions reflect the actual travel pattern.  The elderly bus travel spatial 
clustering characteristics depend on the superaged population, aged–child ratio, solitary senior 
citizen population, local government tax, and the area of each dong.  
 With the coming of the superaged society, preparing the proper public transportation service 
for the elderly is crucial.  Thus, analyzing smart card transactions using spatial autocorrelation 
is meaningful.  The spatial regression model and LISA cluster analysis results in this study lead 
to the necessity of appropriate bus services for the elderly.  When the superaged population, 
aged–child ratio, and solitary senior citizen population are large, elderly bus travel is more 
activated.  Nevertheless, when the subway supply level is high, elderly individuals tend to prefer 
the free-ride ticket of the subway.
 Thus, we propose some services for elderly riders in 28 hot spots where the only mode of 
public transportation is the bus.  First, bus stations should be made barrier-free in the 28 captive 
hot spots.  Second, we should supply low-floor buses for the 64 bus routes that pass the 28 hot 
spots in the order of their total amounts of boarding and alighting.  Third, on the basis of our 
analysis of the O/D from/to 28 hot spots, we suggest low-floor bus shuttle lines for the elderly 
in the nine most frequent O/D routes.  Beyond those social services, local governments can 
design various social services and upgrade the current system.  Thus, it is desirable to analyze 
the spatial clustering of various smart card users and find suitable customized traffic policies.  
In this study, we suggest only a few policies based on elderly smart card analysis results, but 
we would be able to add further conclusions and implications if we could later analyze the 
individual behaviors of users after the social services proposed in this study are provided.
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