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Composite development indices show an exponential movement of major economic indicators to identify and predict the overall
trend of the national economy. However, the existing method of writing composite development indices is based on simple
statistical methods using macroscopic data. Terefore, it presents limitations when grasping regional economic trends late. It is
because the time of announcement of composite development indices is concentrated at the end of each month, quarter, and year.
Tis study used the foating population estimated from smartphone data that can be collected in real-time to analyze how foating
population patterns afect regional economic situations to compensate for these limitations. Te primary purpose was to present
a prompt development prediction methodology that refects this meaningful relationship. A correlation and cross-correlation
analysis was performed to exhibit a clear relationship between composite development indices and foating population value. In
addition, a time series model and a multiple regression model analyses were applied to predict regional development indices. Te
results obtained facilitated the prompt selection of regional composite indices after choosing a model that exhibits high prediction
accuracy and efciency of the application.Te selected regional development composite indices are expected to be used as a faster
and more reliable prediction criterion than the existing development composite indices used to predict a specifc city’s economic
situation.

1. Introduction

Due to the long-term spread of COVID-19, Korea has been
facing various problems, such as the deterioration of the
working-class economy, business stagnation, and the in-
tensifcation of unemployment. Terefore, there is an urgent
need to create prompt development composite indices that
allow immediate diagnoses of regional economies to realize
timely identifcation and solving of these urban problems.
Development composite indices published by Statistics
Korea are created by synthesizing monthly changes in
economy-sensitive indicators by the economic sector
(productivity, investment, employment, and consumption).

Tese composite development indices help track the past
and present economic trends and can be used as barometers
to predict future economic situations. However, Park et al.
[1] mentioned the disadvantages of the development of

composite indices based on something other than statistical
models. Tey highlighted their inability to formulate correct
economic policies owing to their lack of visibility and the
difculty they present in grasping regional economic trends
since their time of the announcement is concentrated at the
end of each month, quarter, and year.

Terefore, the purpose of this study is to create prompt
development composite indices that can predict and in-
dicate, at a glance, near-future economic situations using big
trafc data to compensate for the limitations of the existing
method of creation of development composite indices. In
order to create prompt development composite indices,
foating population data from Ulsan Metropolitan City in
South Korea were collected, extracted, and processed from
smartphone data during the years 2019 and 2020. Te ad-
vantage of foating population data based on communica-
tion data in terms of analyzing future economic trends is that
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it contains various types of data such as foating population
statistics, origin and destination names, and travel purposes
in microtime units such as hourly and daily. In addition, it
also allows the collection of data of users regardless of the
type of transportation (car, bus, subway, bike, and foot),
thereby signifcantly increasing the sample size and range of
applications. Tus, several studies have been conducted on
the creation of regional economic indicators using various
types of big data (such as call detailed recorder (CDR))
similar to communication data or the creation of indicators
that allow the prediction of regional economic activities
using ship trafc big data based on automatic identifcation
system (AIS).

However, studies on developing or predicting devel-
opment composite indices using various types of big trafc
data still need to be available in Korea. Tus, to compensate
for domestic research conditions, this study aimed to es-
tablish a clear relationship between foating populations
(real-time trafc big data) and composite development in-
dices and create prompt development composite indices
based on statistical models by preparing an estimation
methodology framework for Ulsan Metropolitan City.

2. Literature Review

2.1. Study on the Use of Smartphone Big Data. CDRs are
digital data recorders used for cell phones and other com-
munications and contain internet usage, payment history,
location data, and other communication transactions (i.e.,
text messages) sent through devices or during calls.
Terefore, it refers to all data recorded during cellphone
usage that can be used to accurately identify the time,
pattern, and location where the user is using his/her mobile
phone. Te study by Šćepanović et al. [2] analyzed regional
call patterns and mobility per user group to estimate the
house (place with more frequent calls) and workplace lo-
cation of users based on the frequency of calls during the
day. In addition, time-specifc call patterns were used to
draw a correlation with the region’s energy system, power
plant, and energy grid data and thus reveal the presence or
absence of gaps between rich and poor, economic activities,
and service infrastructures. Tey concluded that the use of
communication data could exhibit a diversity of socioeco-
nomic insights. Arhipova et al. [3] grouped regions and users
with similar economic activities based on the number of
incoming and outgoing calls and text messages obtained by
collecting CDR data every 15min. Other studies by Arhi-
pova et al. [4, 5] used mobile phone activity data to predict
changes in people’s behavior and socioeconomic indicators
in municipalities due to COVID-19.

Consequently, through the utility curve of 8 individual
groups showing diferent economic activity patterns, it was
concluded that the efciency of the development strategies
selected by each municipality could be evaluated. In addi-
tion, they proposed a method to create real-time and pe-
riodic regional development indices using the amount of
phone call activity. Pappalardo et al. [6], based on users’
areas of activity, revealed that mobility diversity (MD) is the
characteristic that has the most signifcant impact on

economic development. Blumenstock [7] discovered that
digital footprints created by users could exhibit the char-
acteristics of specifc social groups. Furthermore, Kreiendler
and Miyauchi [8] reported that regional economies could be
predicted by analyzing commuting patterns by tracking
work and residence locations using CDR data. Dong et al. [9]
showed that the level of industrial development of each land
by use could be evaluated by comparing the number of times
that a specifc place has been searched on Baidu’s map and
the actual pedestrian volume of the same place. Te existing
literature regarding research conducted using big smart-
phone data is summarized in Table 1.

2.2. Research on the Use of Trafc Big Data. Trafc big data
are generally collected using road trafc sensors, loop de-
tectors, and highway Hi-Pass data collectors. As mentioned
in the previous section, studies have attempted to create
regional development indicators using CDR data, while
certain scholars have attempted to predict local economies
using diferent types of trafc big data. For example, Van
Ruth [10] introduced a U.S. transportation service index that
combined two separate indices (cargo transport and pas-
senger transport). As this transportation service index
appeared to have a clear and strong correlation with the U.S.
economic activity, it was claimed that Nederland’s national
road trafc indices might also be excellent business cycle
indicators for the nation’s economy. In addition, the cor-
relation between local trafc intensity and local
manufacturing indicators created based on local trafc data
was found to be favorable (0.56), thereby confrming the
feasibility of using regional trafc intensity indicators to
predict local economies. As presented in Table 2, Arslanalp
et al. [11] attempted to predict economic changes using
vessel trafc data collected through automatic vessel iden-
tifcation systems. Te real-time transaction fow was pre-
dicted by developing a “Cargo Number” indicator to
calculate the number of vessels and a “Carrying Freight”
indicator showing cargo load changes. Since the high cor-
relation between these two indicators, it was proven that
real-time data collected through automatic vessel identif-
cation systems could improve the timeliness of ofcial trade
statistics and aid in identifying turning points in the business
cycle. Furthermore, Rowland [12] developed monthly and
quarterly production indicators by collecting data regarding
the number of visits and anchorages of vessels using au-
tomatic vessel identifcation systems. Te developed in-
dicators can identify the level of international trade between
goods and economic recessions.

3. Analytical Methodology

3.1. Analysis Overview. Te foating population data have
information such as the date, day of the week, origin-
destination code, age group, gender, the purpose of walk-
ing, and the number of foating populations. Te walking
purposes mainly used in this study include commerce,
housing, work, shopping, tourism, and leisure, and the basic
statistical analysis of the number of foating populations is
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shown in Table 3. Te raw data of the foating population is
divided into daily and district units and used as a total
foating population every month. As shown in Table 4, the
total number of foating population data is 59,345,986, and
the number of foating populations for each district is 34.02
per day and 84,128,557 per month.

First, Ulsan Metropolitan City’s foating population data
were segmented into six trip purposes (commercial, busi-
ness, residential, tourism, leisure, and shopping) and two
travel distances (short and long) to obtain more microscopic
and consistent analysis results. Dividing the foating pop-
ulation was defned as short-distance trips when both the
origin and destination of trafc occurred in Ulsan Metro-
politan City and long-distance trips when one of the origins
and destinations was outside Ulsan Metropolitan City. In
addition, the foating population was divided into 12 cate-
gories based on the purpose of the trip, such as commerce,
work, and shopping information included in the foating
population data. When the foating population is divided
and analyzed in this way, it is possible to understand how the
number of foating populations generated by trafc distance
and purpose of trafc has a relationship with the regional
economic index and the heterogeneous efects of each.

Te composite economic index utilizes indicators such
as production, consumption, and employment status that
refect the economic situation well and consists of the
leading economic index, the accompanying economic index,
and the trailing economic index. Te leading economic
index changes before the actual economic cycle, so it is an
index that can predict future economic trends, and the
accompanying economic index diagnoses current economic
trends as it fuctuates with the current economic cycle. Fi-
nally, since the economic follow-up index fuctuates after the
current economic cycle, economic trends are defned as an
index that can be judged afterward.

As these data are time-sequential, changing over time,
trending, irregular, and seasonal factors were removed using
statistical techniques after diagnosing its trend and sea-
sonality. It eliminated the possibility of obtaining results
biased by certain factors. Subsequently, the composite
economic indices with a high correlation with the afore-
mentioned 12 foating population data categories were
created by performing a correlation and cross-correlation
analysis. Te obtained regional development composite
economic indices were defned as dependent variables. Each
foating population category and COVID-19 variables were
considered independent variables to develop multiple re-
gression analysis models and a SARIMAX (seasonal
autoregressive integrated moving average with exogenous
variables) time series model. Finally, the possibility of of-
fering prompt development composite indices using foating
population data was presented by selecting a model with
excellent predictive performance for local economies. Fig-
ure 1 is a fow chart that the research process of analyzing
and predicting prompt the composite economy using
foating population data estimated based on communication
big data.

3.2. Correlation and Cross-Correlation Analysis. Te corre-
lation analysis shows the correlation between two contin-
uous variables as a correlation coefcient between −1 and 1.
Terefore, the analysis used to measure linear relationships
was used to diagnose the degree of relation between regional
composite indices and foating population data categories. In
this study, based on the correlation coefcient range pre-
sented in the study by Dancey and Reidy [13], the linear
correlation of two variables was defned as perfect (corre-
lation coefcient: 1), strong (correlation coefcient: 0.7–0.9),
moderate (correlation coefcient: 0.4–0.6), and weak (cor-
relation coefcient: 0.1–0.3). Terefore, we aim to select
foating population data and development composite index
combination with a “Strong” correlation coefcient.

In addition, a cross-correlation analysis was performed
on indicators that showed a high correlation with foating
population data to confrm their correlation. Cross-
correlation analysis determines precedence or antecedence
between two variables by determining their correlation with
time diferences based on their size, sign, and signifcance
[14]. In other words, it can judge variables’ precedence,
antecedence, and accompaniment because they are not in-
dependent of time. Before model building, the purpose was
to fnd indicators whose correlation analysis coefcient and
the average value between this coefcient and the cross-
correlation analysis coefcient were above the “Strong”
range (0.70). As cross-correlation analyses are performed to
show the linear relationship and similarity of two-time series
data, the degree of correlation between the value of an
observed variable x at a point in time, t, and the value of an
observed variable y at a point in time, t+ k, can be confrmed.
Tey are performing the cross-correlation analysis, values
when k� 0 are referred to as cross-correlation coefcients,
while those when k≠ 0 are referred to as lag correlation
coefcients. Based on the results of equations (1) and (2), the
moment when the time diference k, which is the value with
the highest correlation coefcient, equals 0, is a comovement
indicator wherein two variables change simultaneously. In
contrast, the moment when the time diference k is negative
is a precedence indicator wherein the observed variable x
progresses frst, followed by a change in the value of y.

rk �


N−k
t�1 xt − x(  yt+k − y( 
�������������������


N
t�1 xt − x( 

2
yt − y( 

2
 , (k � 0, ±1, ±2), (1)

where xt is the value of the observed variable x at a moment
t, yt+k is the value of the observed variable y at a moment
t+ k, x is the average value of the sample groupx, andy is
the average value of the sample group y.

When k � 0, r �
 xi − x(  yi − y( 

��������������������

 xi − x( 
2

×  yi − y( 
2

 . (2)

Here, xi is the observed i value of the x sample group, x is
the average of the x sample group, yi is the observed i value
of the y sample group, and y is the average of the y
sample group.
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3.3. Time SeriesModel. Time series analysis is a method that
estimates future values by separating changes in one variable
into a long-term trend, periodic, seasonal, and irregular
changes over time. Most development composite indices use
time series analysis methods to remove noneconomic factors
(seasonal and irregular factors). We collected monthly de-
velopment composite indices and foating population cat-
egory data of Ulsan Metropolitan City from 2019 to 2020 as
time series data. Terefore, similar to the development of
composite indices, data stationarity was secured by difer-
encing the change factors foating population data to secure
the reliability and consistency of analyses between two
variables. Seasonal autoregressive integrated moving average
(SARIMA), which is a time series model, is a method that
compensates for the shortcoming of the autoregressive in-
tegrated moving average (ARIMA) model. However, it has
poor prediction accuracy when analyzing data with seasonal
or periodic characteristics, owing to an inability to efciently
refect the periodic characteristics of time series data. Te
estimation process of SARIMA proceeds in the following
order:

(i) Identifcation (verifcation of the presence or ab-
sence of seasonality and confrmation of the sta-
tionarity of time series)

(ii) Estimation (estimation of the most suitable p, d, q,
P, D, and Q values)

(iii) Estimation of the fnal model selected through di-
agnosis (residual analysis and overftting diagnosis)

SARIMA is defned as shown in the following equation:

SARIMA � ϕP(L)ΦP L
s

( (1 − L)
d
(1 − L)

D
Zt

� δ + θq(L)ΘQ L
S

 ϵt.
(3)

Here, Zt represents the native series data, D represents
the degree of seasonal disparity, t represents the time op-
erator, p represents the AR term disparity, ϵt represents the
error terms and white noise following N (0, σ2), q represents
the MA term disparity, L represents the retrograde operator,
d represents the diference disparity, P represents the SAR
term disparity, δrepresents the constant, and Q represents
the SAM term disparity.

Regional development composite indices can be afected
by time serial and foating population factors, which are
considered related in this study. In addition, they can also be
afected by exogenous factors such as COVID-19, strikes,
and economic recessions. As these exogenous variables are
considered to wither the growth of developing composite
indices, the seasonal autoregressive integrated moving av-
erage with exogenous regressors (SARIMAX) model, which
considers exogenous variables, was used to refect exogenous
factors in dependent variables [15]. In the SARIMAXmodel,
exogenous variables compensate for the limitations of
univariate time series that only used past time series data.
Tis method increases the explainability of exogenous
variables and the predictability of dependent variables more
than existing models. It can be expressed as shown in
equation (5):

Table 3: Structure of foating population data.

STD_YMD Day District_Gu_Code . . . Dst_HCODE Age Sex Type Pop
20190101 Tue 11110 . . . 3114056000 20G 2 BZ 2.505495
20190101 Tue 11110 . . . 3114056000 60G 1 BZ 1.904348
20190101 Tue 11110 . . . 3114062500 60G 1 NO 1.564626
20190101 Tue 11110 . . . 3114059500 10G 1 WK 4.408163
. . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 4: Descriptive statistics of foating population data.

Category
Value

Aggregate
data by day

Aggregate
data by month

Number of data 59,345,986 59,345,986

Floating population (ped/day or Ped/month)

Sum 2,019,085,364 2,019,085,364
Mean 34.02 84,128,557
Max 15,238.42 90,506,632
Min 0.012 75,319,979

Standard deviation 286.929 4,475,623
Temporal range Day unit Month unit
Spatial range District unit District unit
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wt � yt − β1x1,t − β2x2,t · · · − βbxb,t, (4)

SARIMAX � 1 − 

p

i�1
∅iL

i⎛⎝ ⎞⎠ 1 − 

p

j�1
ΦjL

j×s⎛⎝ ⎞⎠(1 − l)
d 1 − L

s
( 

D
wt − η � 1 + 

q

i�1
θiL

i⎛⎝ ⎞⎠ 1 + 

Q

j�1
ΘjL

j×s⎛⎝ ⎞⎠αt, (5)

where L represents the time diference operator, yt repre-
sents the observation data at a t point in time, xk,t represents
the kth exogenous input variable at a t point in time, βk

represents the coefcient value of the kth exogenous input
variable, b represents the number of exogenous variables, wt

represents the autoregressive error, p represents the non-
seasonal AR disparity, P represents the seasonal AR dis-
parity, q represents the nonseasonal MA disparity, Q
represents the seasonal MA disparity, d represents the
number of nonseasonal time series diferences, D represents
the number of seasonal time series diferences, η represents

the constant of the SARIMA model, and αt represents the
error of the time diference t.

4. Analysis Results

4.1. Correlation and Cross-Correlation Analysis Results.
Table 5 presents the results of the correlation analysis be-
tween the foating population categories and development
composite indices. Service industry (transportation, ware-
housing, lodging, restaurants, arts, sports, and leisure)
production indices also exhibited a high correlation (0.75)

Model Selection and Identifying Final
Predictable Composite Economic Index

SARIMAX ModelMultiple Regression
Model

Model Developments and Comparison

Cross-Correlation Analysis
Decision of Leading, Coincident, Lagging

Correlation Analysis
Correlation Coefficient ≥ 0.7

Check and Visualize the Transition ChangeCheck and Visualize the Transition Change

Linear Interpolation Seasonality Test and Removing Seasonality

Data Preprocessing and
Statistical AnalysisTrend Test and Removing Trend

Composite Economic Index

By Month By Quarter By Year Floating Population Data

Traffic Big Data

Figure 1: Analysis framework for the study.
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with the foating population. In particular, the lodging and
restaurant business production indices exhibited a very high
correlation (more than 0.93) with foating populations re-
lated to commercial and foating purposes. Lodging refers to
accommodations, campsites, and camping facilities, and
restaurant businesses refer to dining restaurants, cafes, pubs,
and independent dining cars. Because most of them are
small businesses, they are sensitive to local economic booms
and recessions, and the amount of foating population with
commercial and shopping purposes is proportionally related
to the activation of service industries such as lodging and
restaurant businesses.

Moreover, transport and warehousing industries are
related to the movement of people, transportation (by land,
water, and air), and storage of goods.Te foating population
tends to increase usually during the holiday or economic
booms, thus closely afecting the local economic situation.
Terefore, it can be assumed that the leisure and shopping
foating population value is related to the activation of
transportation and warehousing industries. Art, sports, and
leisure services refer to multiple leisure industries such as
movie theaters, musicals, plays, museums, zoos, golf courses,
and water activities. Te more the average income of people
increases and the local economy improves, the more the
leisure transit increases.

Cross-correlation analysis can be interpreted as causal
relationships by analyzing precedence and antecedence
factors according to the time diference. Terefore, a cross-
correlation analysis was performed to determine the time
diference relationship between the foating population and
the incremental patterns of development composite indices.
Cross-correlation analyses analyze the precedence,
comovement, and antecedence using a k value that refers to
time diferences. Precedence (k< 0) refers to when foating
population changes occur before economic changes. Fur-
thermore, comovement (k� 0) is when economic and
foating population changes occur simultaneously. Finally,
antecedence (k> 0) refers to when foating population
changes occur following economic changes. Te cross-
correlation analysis results were obtained regarding pre-
cedence and comovement, excluding antecedence cases.
When performing a cross-correlation analysis between
commercial transit foating population and lodging and
restaurant indicators, the value of k was found to be −2,
implying that there is precedence wherein the foating
population changes before the development composite in-
dices. In other words, this implies that lodging and res-
taurant indicators have changed according to commercial
transit foating population changes over the last two months.

Table 6 presents a precedence wherein the indicators of
service industries related to lodging, restaurants, specialty
retailers, arts, sports, and leisure change following business
and shopping-related foating populations. It demonstrates
the potential of this study, whose purpose was the creation of
precedent prompt development composite indices using
real-time data.

In contrast to correlation coefcients, cross-correlation
coefcients show the numerical value of the degree of
morphological similarity between two variables. Terefore,

correlation and cross-correlation coefcients exhibit dif-
ferent values; thus, a high cross-correlation coefcient
should not be interpreted the same as a high correlation
coefcient. For example, commercial foating population
and specialty retail indicators exhibit a high correlation
coefcient (0.81), implying that they signifcantly infuence
each other’s changes. However, their cross-correlation
coefcient (0.78) and LAG (−2) imply that commercial
foating population changes increase lodging and restau-
rant indicator values after two months and have a very
similar pattern of 0.78. In addition, there is also the pos-
sibility of obtaining a very high and relatively low corre-
lation coefcient of 0.90 and 0.50, respectively. Terefore,
the purpose of this study was to obtain diferent results by
selecting relatively high indicators wherein both variables
have a relatively high average of 0.75 or greater. Table 7
presents nine indicators according to the foating pop-
ulation categories selected in this study: commercial
foating population and lodging and restaurant and spe-
cialty retail service industries; short distance commercial
foating population and specialty retailers; shopping
foating population and lodging and restaurants, and art/
sport and leisure-related industries; short distance shop-
ping foating population and transportation and ware-
housing, lodging and restaurants, and art/sport and leisure
industries; and long-distance shopping foating population
and lodging and restaurant businesses.

Although cross-correlation coefcients exhibit a difer-
ence based on each indicator, the absolute value of corre-
lation coefcients was found to be relatively higher than
other variables in the case of shopping, short-distance
shopping foating population, and lodging and restaurant
businesses. In contrast, commercial, lodging, and restaurant
businesses, as well as long-distance shopping-related lodging
and restaurant businesses, exhibited relatively low values.

In the cross-correlation analysis, most foating pop-
ulation types and their development composite indices
exhibited a positive (+) correlation with a short lag of
2months or less. It implies that development composite
indices change proportionally to foating population
changes within two months. Consequently, this indicates
that economic revitalization and recessions are directly
connected to foating population trends. However, prompt
and appropriate policies such as the alleviation of e-
commerce policies when national disasters such as
COVID-19 occur must be prepared as they reduce the
amount of foating population, which is directly connected
to the occurrence of economic recessions.

4.2.MultipleRegressionModelResults. Amultiple regression
model was created to analyze and determine whether the
foating population and corona cases per day afect the
development composite index changes, and if they do, then
to which degree. Results of regression analysis on the in-
dicators selected for analysis shown in Table 8 showed that
a foating population variable in the fve composite indices
models was signifcant to the confdence level. Te fve
composite economic index models are as follows:
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(1) Lodging and restaurants for shopping purposes
(2) Art/sport and leisure-related businesses for shopping

purposes
(3) Short-distance transportation and warehousing for

shopping purposes
(4) Short-distance lodging and restaurants for shopping

purposes
(5) Short distance art/sport and leisure-related busi-

nesses for shopping purposes

In addition, the foating population regression co-
efcients were all positive, implying that development
composite indices increase proportionally with the foating
population. Terefore, it is interpreted as development
composite index values increasing by a factor of 0.319 each
time the foating population value of short distance art/sport
and leisure-related services for shopping purposes increases
by 1. In contrast, none of the COVID-19 coefcients were
found to be signifcant to a confdence level of 95% in the
models. It is because the number of Corona cases per day in
Ulsan Metropolitan City is remarkably low than the number
of confrmed cases nationwide, thereby preventing it from
signifcantly afecting the foating population value; also, the
sense of crisis among people concerning the pandemic
dwindles which generates limitations for it to be refected
statistically.

Based on the results presented in Table 8, the actual value
(Y) of development indicators concerning foating pop-
ulations with shopping and short-distance shopping transit
purposes and the value (Y ̂) predicted through the regression
model are shown in Figure 2.

Quantitative indicators such as mean average error
(MAE), mean square error (MSE), root mean square error
(RMSE), and root mean square percentage error (RMSPE)
were used to confrm the ft of the models. Each indicator is
defned as follows: 1/nn

i�1|y
real
i − y

pred
i | for MAE,

1/n
n
i�1(yreal

i − y
pred
i )2 for MSE,

����
MSE

√
for RMSE, and

����������������������

1/n
n
i�1(yreal

i − y
pred
i /yreal

i )2


for RMSPE, where n is the
number of samples, yreal

i is an actual composite economic
index, and y

pred
i is a composite economic index predicted by

the model of this study.

Although the predicted value is generally similar to the
actual value, the monthly error value appears rather large,
thereby rendering the prediction model used challenging to
be considered optimal. However, among all the predicted
models, the MSE value presented in Table 9 for lodging and
restaurant businesses for shopping purposes is 49.03, and
that of the model for short-distance shopping purposes is
45.82, which shows a relatively low error in comparison with
other indicators. Terefore, it can be concluded that lodging
and restaurant indicators obtained from regression analysis
results were relatively appropriate to predict economic sit-
uations considering the foating population with shopping
purposes.

4.3. Time Series Analysis Results. Floating population and
development composite index data are defned as time series
owing to data observed over time. However, monthly and
quarterly foating population data have regular seasonal
factors (depending on the season, climate, and holiday).
Tus, a seasonal adjustment process is necessary to perform
an accurate travel pattern analysis. Figure 3 shows that the
stationarity of time series data with seasonal variations was
secured by diagnosing the seasonality of foating population
data and evaluating the disparity between seasons before
analyzing the correlation with development composite in-
dices to identify the trend and cyclical changes.

Te regression analysis model found that the number of
daily COVID-19 cases, which is an exogenous variable, is not
signifcant to the previously specifed confdence level. Te
SARIMAX model, which allows the prediction of indicators
when exogenous variables with time diferences exist, was
used to compensate for this limitation. Considering that the
data used in this research is the monthly data collected for
two years with a sample number lower than 30, its statistical
signifcance was examined, and the confdence interval was
adjusted from 95 to 80%. All d values, one of the SARIMAX
model values (p, d, q, P,D, andQ) that represent the order of
diference, were set to 1, because data stationarity was al-
ready secured through one diferentiation. Furthermore, as
the interval of time series (s) refers to the monthly data, it
was set to 12. Consequently, following model establishment,
the t value of indicators and exogenous variables was found

Table 6: Result for cross-correlation analysis.

Lag
Commercial Shopping

Accommodation and restaurant
business Professional retail store Accommodation and restaurant

business
Arts, sports, and
leisure services

−5 0.1059 −0.0219 0.1944 0.2612
. . . . . . . . . . . . . . .

−2 0.5822 0.7844 0.4911 0.6893
−1 0.5412 0.5145 0.4353 0.7173
0 0.4792 0.1914 0.3154 0.7170
1 0.2966 −0.0657 0.1835 0.5891
2 0.2777 0.0234 0.1639 0.4849
. . . . . . . . . . . . . . .

5 0.1509 0.2924 0.0819 0.0244
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to be signifcant to the confdence interval for the remaining
p and q values, and AIC and BIC values were set to be the
lowest values.

Similar to the regression analysis results, SARIMAX
model analysis also showed the negligible infuence of the
COVID-19 exogenous variable. Tus, another analysis was

Table 8: Regression model of composite economic indexes.

Market division Composite index Floating
population coefcient P value

Shopping Accommodation and restaurant business 0.203 0.001
Arts, sports, and leisure services 0.271 ≤0.001

Shopping with short distance
Transportation and warehousing industries 0.116 0.001
Accommodation and restaurant business 0.245 ≤0.001

Arts, sports, and leisure services 0.319 0.001

Table 9: Accuracy tests for regression models.

Market division Composite index MSE RMSE RMSPE MAE

Shopping Accommodation and restaurant business 49.03 7.00 0.12 5.50
Arts, sports, and leisure services 284.44 15.54 0.26 16.87

Shopping short
Transportation and warehousing industries 368.83 17.25 0.28 19.20
Accommodation and restaurant business 45.82 5.13 0.10 6.77

Arts, sports, and leisure services 280.75 15.60 0.25 16.76
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Figure 2: Comparison between actual and predicted values for regression models. (a) Shopping accommodation and restaurant business.
(b) Shopping arts, sports, and leisure services. (c) Shopping with short distance transportation and warehousing industries. (d) Shopping
with short distance accommodation and restaurant business.
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Figure 3: Time series graphs with random, seasonal, and trend components in the foating population. (a) Floating population trend.
(b) Seasonal diagnosis.

Table 10: Result of time series analysis.

Market division Composite index (P, D, Q) (p, d, q) Floating population’s
coefcient

MA’s t
value

Commercial Accommodation and restaurant business (0, 0, 1) (0, 1, 0) 0.0237 1.65
Professional retail store (0, 0, 1) (0, 1, 0) 0.0082 4.53

Commercial with short distance Professional retail store (0, 0, 1) (0, 1, 0) 0.0104 4.29

Shopping Accommodation and restaurant business (0, 0, 2) (0, 1, 0) 0.0766 5.03/3.0
Arts, sports, and leisure services (0, 0, 2) (0, 1, 0) 0.0943 4.21/2.80
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Figure 4: SARIMAX’s results of actual value and predicted value. (a) Commercial professional retail store. (b) Commercial short pro-
fessional retail store. (c) Shopping accommodation and restaurant business. (d) Shopping arts, sports, and leisure services.
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performed by excluding COVID-19 and adding the foating
population as the exogenous variable of the SARIMAX
model. Te SARIMAX (P, D, Q) (p, d, q) [12] model results
are presented in Table 10.

Te confrmed SARIMAX model was created using
foating population as exogenous variable and development
composite index values, and monthly development com-
posite indicator fgures were verifed for 24months, from
January 2019 to December 2020.

Figure 4 shows the actual value (Y) of each development
indicator of foating populations related to commercial,
shopping, and short-distance commercial purposes and the
predicted values (Y ̂) obtained through the time series model.
Te indicator values predicted using the time series model
were found to be approximately equal to the actual values of
2019; however, an observable diference was found during
the spread of COVID-19.

Nevertheless, as shown in Table 11, among time series
models, the maximum MSE value was 40, which is lower
than its minimum value of 45 that was obtained through
regression analysis. Tus, it is evident that the time series
model exhibits a relatively better performance than the
regression model in predicting future development indices.
Moreover, the time series prediction model found that
commercial and short-distance commercial foating pop-
ulation is the best suited for explaining specialty retail service
indicators. Tus, it can be concluded that as a precedence
indicator, it is valid for use as a prompt development
composite indicator to quickly and accurately predict future
situations.

5. Conclusion

Development composite indices are created by processing and
synthesizing indicators that refect economic conditions well,
such as employment, productivity, consumption, investment,
foreign afairs, and fnance, and they can quickly identify
national economic trends. However, the time of publication of
existing development composite indices is concentrated at the
end of each month, quarter, and year, which acts as a limi-
tation in terms of identifying quickly shrunken regional
economic situations (such as the prolongation of COVID-19
and the deterioration of the working-class economy) and
accordingly establish prompt economic policies and corpo-
rate countermeasures. To compensate for these limitations,
research on developing indicators that can diagnose regional
economic changes quicker using a variety of real-time trafc
big data is ongoing.

In this study, foating population data of Ulsan Met-
ropolitan City in South Korea from 2019 to 2020 was used to

estimate prompt development composite indices. Various
statistical methods, such as correlation, regression, and time
series analyses, were used to defne the development com-
posite index correlated to real-time foating population data
and the type of foating population with high predictability
of economic situations. Consequently, prompt development
composite indices and models appropriate to predict eco-
nomic situations were determined.

Indicators with high average correlation and cross-
correlation values were primarily selected to develop an
economy prediction model. Subsequently, regression anal-
ysis revealed that economic indicators could be predicted
when combining foating population data with trans-
portation, warehousing, lodging, restaurant, art/sports, and
leisure industry data. Furthermore, through time series
analysis results, lodging, restaurant, art/sports, leisure, and
specialty retailer data were obtained, which is expected to
secure higher reliability for regional development index
prediction when combined with foating population data. In
addition, a comparison of MSE revealed the time series
model’s prediction accuracy to be higher than that of the
regression model. Tus, based on these results, the foating
population was used to classify economic situation pre-
diction indices into three types: (1) lodging and restaurants,
(2) specialty retailers, and (3) art/sport and leisure
businesses.

Te fnally selected development composite indices were
all precedent indicators wherein the foating population
changed before regional development indices.Tus, they can
be used to diagnose time series regional economic trends
and are expected to be used as standards to predict reliably
future economic situations. However, the foating pop-
ulation data based on communication data used in this study
has several limitations, such as the low number of samples
owing to the short two years (2019 to 2020). In addition,
although the spread of COVID-19 had a signifcant socio-
economic efect, its infuence could not be used as an ex-
ogenous variable in the model because the amount of daily
COVID-19 cases in Ulsan Metropolitan City was too low,
which, in time, changed the perception of people on the level
of risk of epidemics. Terefore, in future research, collecting
and analyzing samples for a more extended period is nec-
essary, predicting regional composite indices using ad-
vanced model methods and considering various exogenous
factors that afect socioeconomics.

Data Availability

Te data that support the fndings of this study are available
from Korea Transport Institute, but restrictions apply to the

Table 11: Accuracy tests for SARIMAX model.

Market division Composite index Division MSE RMSE RMSPE MAE

Commercial Accommodation and restaurant business Leading 39.19 6.26 0.11 3.91
Professional retail store Leading 6.76 2.6 0.04 1.38

Commercial with short distance Professional retail store Leading 6.35 2.52 0.04 1.37

Shopping Accommodation and restaurant business Leading 10.63 3.26 0.06 2.02
Arts, sports, and leisure services Leading 21.16 4.60 0.10 2.67
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availability of these data, which were used under license for
the current study, and so are not publicly available.
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