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Abstract: This study aims to assess the cumulative performance of the Smart Columbus Program, the
multiple portfolio projects, focusing on the effect on traffic congestion. Using ‘Free Flow Factor
(FFF)’ data as a traffic speed index published by StreetLight Data, Inc., we employ a
quasi-experimental design to evaluate the change between Fall 2018 (pre-intervention period) and
Fall 2020 (post-intervention period). Before the difference-in-differences (DID) analysis, we conduct
the Propensity Score Matching (PSM) method to identify an equivalent counterfactual control group
for the treatment group.

Key finidngs from our empirical analyses are as follows. First, travel delays generally decreased in
the study area (Central Ohio) during the Smart Columbus Program period. Second, the effect on
traffic congestion varies across the time of day. For instance, a 2.6 percent increase in FFF
(decrease in traffic delays) in the study area only during peak evening hours. Third, the Smart
Columbus program affects travel delays, but it has mixed results according to the day of the week.
For instance, during peak evening hours, while there was a 3.6 percent increase in FFF (decrease
in delays) on weekdays, a 2.1 percent decrease in FFF (increase in delays) on weekend days. Our
empirical results suggest that the Smart Columbus Program positively impacted traffic congestion
reduction despite modest effects.

Key Words: Smart City, Smart Columbus Program, Free Flow Factor (FFF), Propensity Score Matching (PSM),
Difference-in-Differences (DID)
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years (Ahvenniemi et al, 2017). While many
smart city projects by public and private
investments have been conducted in the world,

1. Introduction

The growing interest in the concept of the

Smart City and the need to solve problems
associated with urbanization have led to
significant attention and funding for technology
development and deployment over the last few

urban planners and policymakers are faced with
the difficult task of measuring the impact of
these projects under various investments and
policies (Caragliu and Del Bo, 2019; Bjgrner,
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2021; Cocks and Johnson, 2021). The purpose of
this study is to examine how the Smart City
projects focused on mobility of city residents
affect traffic congestion. We illustrate it with a
case study of the Smart Columbus Program in
Ohio. In 2016, the City of Columbus received
$40 million from the U.S. Department of
Transportation (US DOT) as the winner of the
Smart City Challenge (SCC) and $10 million
from a private firm (Vulcan, Inc) to launch an
initiative including various smart city projects,
called Smart Columbus, which aims to improve
accessibility and mobility, reduce congestion and
carbon emissions, foster sustainability, and
enhance the quality of life for Columbus
residents and visitors (City of Columbus, 2019).

The traffic congestion problem has been a
big issue for planners and policymakers in
almost all urban areas because it leads to
wasted fuel, vehicle emissions, and additional
costs regarding public health (Beaudoin et al.,
2015; Cao et al. 2017). To address this, cities
have developed and deployed new intelligent
technologies such as intelligent transportation
systems (ITS) which can be seen in Smart City
initiatives, city projects, and public research
projects (Ahvenniemi et al, 2017, Bjorner,
2021, Cao et al, 2017, Cocks and Johnson,
2021). Since the concept of Smart City
appeared relatively recently, there is not much
empirical work investigating these projects’
impacts on mobility performance, such as
traffic congestion. Therefore, our access to a
highly disaggregate, comprehensive
transportation database from the Columbus
region may provide a great opportunity to
evaluate the direct impacts of the Smart
Columbus  Program  projects on  traffic
congestion.

We employ a quasi-experimental study design
to estimate the effects on traffic congestion.
Quasi-experimental methods are used in policy
analysis to evaluate the impacts of an
intervention or policy change on outcomes
(Giuliano et al., 2016; Wing et al., 2018; Yu and
Zhang, 2019; Lee, 2020). A major issue in
implementing a quasi-experimental study design
is to select an appropriate counterfactual

control group without a systematic difference
from the treatment group (Giuliano et al., 2016;
Lee, 2020). In this study, the Propensity Score
Matching (PSM) method is conducted before
difference in differences (DID) models to match
an appropriate counterfactual control group
with the treatment group. We then analyze
changes in Free Flow Factor (FFF) indicating
traffic congestion level as a proxy for travel
delay and statistically compare the measure
pre- and post-intervention, which the objective
of assessing how the Smart Columbus Program
has affected traffic congestion.

This study is organized as follows. In the
next section, we review the literature on the
links between traffic congestion and Smart City.
In section 3, we provide the background
information on the Smart Columbus Program
portfolio. Section 3 also explains about data
sources, research methodology, and variables
used in the models. In section 4, we discuss
results from Propensity Score Matching (PSM)
and the difference-in-differences (DID) models
for the analysis of the impacts on traffic
congestion. In section 5, we provide our
conclusions and a discussion of the policy
implications that may arise from the analysis.

2. Literature Review

Traffic congestion has been a critical issue
for urban and transportation planning despite a
few decades of effort and billions of dollars of
public spending to alleviate  congestion
(Transportation Research Center, 2007; Beaudoin
et al., 2015). This is because traffic congestion
results in vehicles moving at lower speeds,
thereby increasing travel time and vehicle
emissions and constraining the range of travel
for a given time budget (Schaller, 2021). To
address this, many studies have argued the
need for a substantial number of investments in
public transportation systems and services. In
theory, the diversion of automobile drivers to
public transit decreases the number of private
vehicles on roads, leading to a reduction in
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traffic congestion (Cervero and Landis, 1995;
Handy, 2002). In addition, new public transit
systems may increase transit ridership and
induce more dense development in surrounding
areas, which decreases automobile usage and
air pollution (Stokenberga, 2014; Giuliano et al.,
2016; Ingvardson and Nielsen, 2018).

While many cities have made substantial
efforts on the provision of public transit
services to improve traffic congestion, these
efforts have had mixed and inconclusive results
(Baum-Snow and Kahn, 2005; Giuliano et al.,
2016). For instance, Baum-Snow et al. (2005)
examine the effect of rail transit investment on
the public transit ridership using 16 rapid rail
transit systems located in large U.S. cities. They
find that rail transit investment leads to
reduced commuting times but does not reduce
congestion levels. Giuliano et al. (2016) examine
the impact of the Exposition (Expo) light rail
line in Los Angeles on transit ridership and
freeway traffic. Their empirical models show a
net increase in transit ridership, but the effects
of roadway traffic are small and localized.

As technologies have been developing, cities
developed and deployed new intelligent
technologies, which can be seen in Smart City
initiatives, projects, and portfolios (Ahvenniemi
et al., 2017; Cocks and Johnson, 2021). Smart
City represents a rather abstract idea or
conceptual urban development model to
increase  ‘smartness’ in various ways and
areas because it refers to unexplored and
interdisciplinary  fields (Angelidou, 2014;
Ahvenniemi et al, 2017; Yigitcanlar and
Kamruzzaman, 2018). A common understanding
is that Smart City refers to the use of various
information  technologies to connect and
integrate urban systems and services, resulting
in innovative transport systems, infrastructures,
and efficient energy systems (Lombardi et al.,
2012; Angelidou, 2014; Soderstrom et al., 2014;
Caragliu and Del Bo, 2019).

In recent years, Smart City has become a
priority policy agenda and essential research
topic in many cities (Yigitcanlar, 2017). Many
empirical ~ studies have focused on the
development of a framework for strategic

planning for Smart City development (Stratigea
et al, 2015, Ahvenniemi et al, 2017). For
instance, Stratigea et al. (2015)’s study develops
an ICT-enabled participatory planning
framework for guiding policymaking toward the
planning of smart cities. Ahvenniemi et al
(2017) identify the relation between the
sustainable and smart city concepts and develop
respective assessment frameworks.

Part of the existing literature focuses on the
impact of Smart City on technical and economic
aspects. For instance, Caragliu and Del Bo
(2019) investigate the urban innovation impact
of Smart City policies using data on Smart City
features for 309 European metropolitan areas,
Smart City policy intensity, and urban
innovation outputs. They find that Smart City
policies have a significantly positive impact on
urban innovation measured through patenting
activity, especially in high-tech classes. In
addition, Yu and Zhang (2019) examine the
effect of Smart City policies (SCP) on energy
efficiency (EE) in China’ s cities. Their
empirical models show a statistically positive
impact of SCP on EE.

As a Smart City project, several studies focus
on emerging transportation modes and examine
the impacts of autonomous vehicles (AVs) and
mobility-on-demand services such as car-sharing
and ride-hailing on traffic congestion (Fagnant
and Kockelman, 2018; Schaller, 2021). However,
there is mixed and inconclusive evidence on the
effectiveness associated with traffic congestion.
For instance, Fragnant and Kockelman (2018)
investigate the potential of shared autonomous
vehicles (SAVs) in Texas wusing multiple
scenarios. They find each SAV could potentially
replace between 10 and 13 private vehicles,
and they argue dynamic ride-sharing (DRS)
plays an essential role in avoiding congestion
problems. Schaller (2021) examines the effect of
shared services such as Uber and Lyft in
reducing vehicle miles traveled (VMT) in several
cities: Boston, Chicago, New York, San
Francisco, and suburban California. The model
results show that shared services are likely to
increase VMT due to the addition of dead-head
miles.
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Figure 1. Study Area

This study contributes to the existing
literature as follows. First, this study examines
Smart  City’s direct impacts on the
program-level mobility outcome. While several
studies associated with Smart City have been
published,  previous  studies on  impact
assessments of Smart City are rather sparse.
Moreover, the existing literature presents
conflicting evidence when it comes to the
relationship between Smart City projects and
traffic congestion. Therefore, the findings of
this study shed light on the impacts of Smart
City projects on traffic congestion. Second, as a
methodological contribution, we employ
Propensity  Score Matching (PSM)  before
difference-in-differences (DID) models to match
an appropriate counterfactual control group
with the treatment group. Lastly, our access to
a highly disaggregate and comprehensive
transportation database may provide a great
chance to evaluate the direct impacts of the
Smart Columbus Program projects on traffic
congestion. Choi and Ewing (2021) argue that
only limited studies have been done on
segment-level travel delays for some reasons
such as data availability. We utilize FFF on
road segments as a proxy for travel delay.

3. Data and Methods

Columbus, located in central Ohio, is the
state capital of Ohio. With a 2022 population of
921,605, it is the largest city in Ohio and the
14th largest city in the United States (U.S.
Census Bureau, 2022). Columbus is a highly
car-dependent community. About 88.7% of all
workers drive to work, about 3.1% walk or
bicycle, and about 2.4% use public transit
(American Community Survey (ACS), 2019).

Smart Columbus is the smart city initiative
for the Columbus, Ohio, USA region. The Smart
Columbus Program including eight projects,
which mainly aims to reduce traffic congestion
by encouraging individuals to shift from private
vehicles to shared-use services and transit

through advanced technologies utilizing
advancements in Intelligent  Transportation
System  (ITS), Connected Vehicles (CV),

Autonomous Vehicles (AV), and Electric Vehicles
(EV). There might be a reduction in road travel
times, thereby reducing traffic congestion,
especially around the regions of Smart
Columbus projects (City of Columbus, 2019).
Further information can be found in the Smart
Columbus website (http://smart.columbus.gov/).
One of the projects associated with mobility
technologies is creating a technology infrastructure
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Figure 2 The Treatment Group(left) and the Candidates of the Control Group(right)

for Smart Mobility Hubs (SMHs) along the
Central Ohio Transit Authority’ s (COTA) BRT
line (called CMA), which pair Wi-Fi-equipped
touch screen kiosks with various modes of
transportation, such as bike-share, scooters, and
ride-share pick up and drop off points to
improve mobility in the Linden and Easton
areas of Columbus. We use OpenStreetMap
(OSM) road segments data as a unit of analysis
(Figure 1).

We employ a quasi-experimental approach to
control many confounding factors that affect
travel delays beyond the scope of the Smart
Columbus Program. The road segments near the
Cleveland Avenue corridor are selected as the
treatment group due to their methodological
compatibility and the potential to account for
geographically localized and generalized impacts
of the Smart Columbus Program. The candidates
of the control group are road segments outside
the treatment road segments. We then remove
several road segments from the candidates of
the control group to avoid contamination effects
by using the 1200-meter elimination zone from
treatment road segments, increased road
segments with the Ohio State University (OSU)
main campus boundary, and three airports (Ohio
State University Airport, Rickenbacker
International ~ Airport, John Glenn Columbus
International Airport). Finally, we identify two
groups (576 road segments for treatment and
3,950 road segments for control) for Propensity
Score Matching (PSM) (Figure 2).

This study evaluates the change in travel

delays on a set of road segments between before
and after the Smart Columbus Program projects.
In the pre-/post-test to treatment or control
groups, study subjects should be randomly
assigned to a group that receives the treatment
(treatment group) or a group that does not
receive the treatment (control group) (Giuliano et
al., 2016; Yu and Zhang, 2019). However, in this
study, assigning subjects to the treatment and
control groups is non-random; thus, evaluators
cannot assume equivalence between the two
groups. Therefore, the Propensity Score Matching
(PSM) technique is conducted before difference
in differences (DID) analysis to match an
appropriate counterfactual control group with the
treatment group

3.1 Propensity Score Matching (PSM)

The Propensity Score Matching (PSM) method
quantitatively matches the control group sharing
a common trend with the treatment group
(Heckman et al., 1998). Propensity scores indicate
the conditional probability of assigning a unit to a
particular treatment condition, given a set of
observed covariates: (z=i|X), where z =
treatment, ¢ = treatment condition, and X =
covariates. In a quasi-experiment, the probability
(z=14|X) is unknown, but it can be estimated
from the data using a logistic regression model,
where treatment assignment is regressed on the
set of observed covariates

(Olmos and Govindasamy, 2015). The propensity
score allows matching of individuals in the
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control and treatment conditions with the same
likelihood of receiving treatment. After conditioning
on the propensity scores, the treatment and
control groups are balanced, and treatment
assignment bias can be minimal (Ma et al., 2019;
Lee, 2020).

We wuse a logistic regression model to
estimate propensity scores for road segments.
Covariates for the propensity scores should be
theoretically related to both outcome and
treatment (Olmos and Govindasamy, 2015). We
include three types of covariates such as land
use, socio-economic characteristics, and road
segment length. We use the current-parcel-level
land use data from Mid-Ohio Regional Planning
Commission (MORPC) for land-use variables.
Considering a 400-meter buffer zone around
the road segment as its catchment area. Many
empirical studies examining factors that
influence transit ridership at the station level
often use the station’s catchment area, defined
by pedestrian walking distance, to assess
land-use and built environment characteristics.
Although the catchment area can be defined
in different ways based on transportation
modes and urban attributes, most studies have
used thresholds of 400 meters (a Y4 mile
buffer) in either Euclidean or network distance
as a pedestrian catchment area because of
assumed standard walking distances (Zhao et
al,, 2013; Jun et al., 2015). We calculate the
proportion of each land use type within the
400-meter catchment areas for all road
segments (576 road segments for treatment and
3,950 road segments for control).

For socio-economic variables, we use the
block-group level American Community Survey
(ACS) data based on 2012-2017 5-year
estimates from US Census Bureau. We use
median household income, unemployment rates,
and population density from the data as
socio-economic variables. We spatially join the
average median household income,
unemployment rates, and population density of
block groups intersected with each road
segment catchment area to calculate the
socio-economic  variables.  After  estimating
propensity scores, we use the nearest neighbor

algorithm to match treatment road segments
with control road segments.

3.2 Difference-in—differences (DID)

This study estimates the impact of  the
Smart Columbus Program on traffic congestion
by evaluating the change in travel delays on a
set of road segments in the treatment group as
compared to those in the control group. The
comparable road segments are methodically
selected to have characteristics similar to the
treatment group in terms of physical attributes,
land use, and socio-economic conditions. For
the outcome variable, we use FFF, a traffic
speed index published by StreetLight Data, Inc.,
and join them into matched treatment and
control road segments.

Streetlight Data is an on-demand mobility
analytics platform. They take big data from
mobile  devices to fuel analyses like
origin-destination matrices, travel time and
select link studies. Through the platform, we
can obtain traffic information such as the
volume of trips over different periods of time,
differences by day type and day part, and trip
time, length, and speed (U.S Department of
Transportation, 2018). Further information can be
found on the website(https://www.streetlightdata.com)).
We obtain travel time and delay indicator from
Streetlight Data, which is expressed as FFF. It
is a ratio of the average trip speed for the day
part to the maximum average trip speed for
the segment in any hour during the entire data
period. Based on the results of descriptive
analysis and the progress of the Smart
Columbus Program, Fall 2018 is selected as the
pre-intervention period, and Fall 2020 is chosen
as the post-intervention period.

Using treatment and matched control road
segments through Propensity Score Matching
(PSM), we perform the difference-in-differences
(DID) models. We estimate the following
regression model:

p =By + Bitreat, + Botime, + By (treat*time ) + ¢

where g is the expected mean value of FFF

for subject ¢ at time ¢; {reat is a dummy
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variable for the treatment group and time is a
dummy variable for the post-treatment time
period (Fall 2020). The interaction term,
treat*time, is equivalent to a dummy variable
equals 1 for observations in the treatment
group, in the second period (Fall 2020).

The difference-in-differences (DID) estimates
indicate that 3, is the coefficient of the
treatment variable and reflects the baseline
differences between treatment and control
group pre-intervention. Coefficient 3, is the
change in FFF among the control group.
Coefficient [3; is the main parameter of
interest. It is a DID estimator, which estimates

Table 1. Logistic Regression Results

the change in the treatment group that is
attributable to the Smart Columbus Program
and whether the difference between the
treatment and control groups is statistically
significant (Giuliano et al., 2016).

4. Results and Discussion

4.1 Propensity Score Matching (PSM) results

Table 1 shows the results of a logistic
regression model for the Propensity Score
Matching (PSM). We include all covariates
statistically significant and theoretically known
to influence traffic congestion for the matching

Dependent variable: treatment

Coefficient Std. Err.
Median Housheold Income -0.000 0.000***
Population Density -0.000 0.000
Average Unemployment Rate -0.023 0.012**
Land Use: Agricultural -0.026 0.017
Land Use: Institution 0.025 0.006***
Land Use: Miscellaneous -0.027 0.010%**
Land Use: Open Space -0.009 0.005*
Land Use: Commercial 0.014 0.003***
Land Use: Industrial -0.028 0.006***
Road Segment Length -0.000 0.000***
Constant 0.253 0.271
Number of observations 4,526
Log Likelihood -1526.773

Note: *p¢0.1, **p(0.05; **p(0.01

Table 2. Standard Differences (a) Before and (b) After PSM

Absolute standard differences between treatment and control group (%)

(a) Before (b) After

Median Housheold Income 77.12% 1.22
Population Density 30.43* 2.65
Average Unemployment Rate 20.94 2.10
Land Use: Agricultural 24.10 0.95
Land Use: Institution 22.65 1.07
Land Use: Miscellaneous 27.73* 3.40
Land Use: Open Space 34.33* 0.18
Land Use: Commercial 44.02* 429
Land Use: Industrial 21.78 6.47
Road Segment Length 23.22 3.05
Constant 77.12 1.22

Number of observations 4,526

Note: * indicates variables above the 25% threshold
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Table 3. Chi-square Test Results (a) Before and (b) After PSM

(a) Before (o) After
X2 Statistics 321 39
Degree of Freedom 10 10
P-value 5.046-63*** 0.952
Number of observations 4526 1,152
Note: *p{0.1, **p¢0.05; ***p(0.01
process. Most  variables are  statistically or more covariates are resulting in an
significant. imbalance between treatment and control
The propensity scores estimated for road groups.
segments through a logistic regression model On the contrary, after Propensity Score

are input into the nearest neighbor matching.
This algorithm selects a subset of 576 road
segments from the 3,950-potential control as
one-to-one matches with the treatment road

segments.

Table 2 shows standard differences of
covariates between treatment and control
groups before and after Propensity Score

Matching (PSM). A standard difference above
25% for a variable suggests an imbalance
between treatment and control groups (Olmos
and Govindasamy, 2015; Lee, 2020). As can be
seen in Table 2, we observe that there is no
imbalance after the Propensity Score Matching.

Table 3 presents the results of a Chi-square
test. A statistically significant  chi-square
indicates that at least one of the variables
included in the model generates an imbalance
between two groups (Olmos and Govindasamy,
2015). As can be seen in Table 3, a statistically
significant chi-square value in (a) indicates one

Propensity score BEFORE matching

=1 Control

Treatment

Propensity Score
2 03

Matching (PSM), the chi-square statistic is no
longer statistically significant, indicating an
equivalence between two groups.

The distributions of propensity scores in
Figure 3 visually confirm an improved balance
and similarity between treatment and control
groups after PSM. Parallel histogram in Figure 3
presents substantial dissimilarity in propensity
score distributions between control (left) and
treatment (right) groups before PSM. As can be
seen in Figure 3, Propensity Score Matching
(PSM) improves the similarity and balance in
propensity score distributions between two
groups.

Figure 4 shows the geographic locations of
treatment and matched control road segments
for DID models.

Propensity score AFTER matching

S+ Control H:]W

Treatment

Propensity Score
0

Figure 3. Distributions of Propensity Scores Before (left) and After (right) matching
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Figure 4. Geographic Locations of Treatment and Matched Control Road Segments

Table 5. Average FFF for the Study Period

All Days (M-Su) Weekday (M-Fri) Weekend (Sa—-Su)
Percent Percent Percent
Fall 2018 | Fall 2020 Change Fall 2018 | Fall 2020 Change Fall 2018 | Fall 2020 Change
Control 0.7123 0.7507 5.4 0.7060 0.7488 6.1 0.7417 0.7666 3.4
Treatment 0.6971 0.7454 6.9 0.6852 0.7456 8.8 0.7521 0.7596 1.0

Table 4. Resulis of DID model for FFF

All Days (M-Su) Weekday (M-Fri) Weekend (Sa-Su)

All Day | Peak AM | Peak PM | All Day | Peak AM | Peak PM | All Day | Peak AM | Peak PM

Treatment | _0Q015% | -0.030%% | -0.020%%% | -0.021%k | -0.034% | -0025%%* 0.010 0.004 0.014
By (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.009) (0.009)
By (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.009) (0.009)
DID 0.010 0.014 0.026%* 0.018 0.016 0.036%#% -0.017 -0.025% -0.021%*
B3) (0.011) (0.012) (0.011) (0.011) 0.012) (0.011) (0.012) (0.013) (0.013)
Intercept | 71285 | 0735% | 0.675%%x | 0.706FE | 0.725%EE | 0.663%x | 0.742%kx | 07843 | (727
By (0.006) (0.006) (0.006) (0.005) (0.006) (0.005) (0.006) (0.006) (0.006)

Note: **p¢0.1, **p¢0.05; ***p(0.01. Numbers in parentheses are std. Err.
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4.2 Difference—in—differences (DID) results

Based on the matched treatment and control
road segments, we estimate the impacts of the
Smart Columbus on FFF as a proxy for traffic
congestion using difference in differences (DID)
model. FFF is an indicator of traffic congestion.
The high FFF means little congestion on road
segments (low traffic delays).

Table 4 shows FFF and the percent change
between fall 2018 (pre-intervention period) and
fall 2020 (post-intervention period). For All
Days (i.e., combined weekdays and weekends)
and Weekdays alone, FFF of the treatment
group increased more than that of the control
group. On the other hand, FFF of the control
group increased more on the weekend as
compared to that of the treatment group.

Table 5 presents the difference in
differences (DID) regression results for All
Days, Weekdays, and Weekend average FFF.

Time (£2) indicates that FFF increased
among the control group for all cases of
interest. For All Days, Weekdays, and Weekend,
FFF of the control group increased between
pre- and post-intervention with statistically
significant ranging from 2.0% (Weekend, Peak
PM) to 6.7% (Weekday, Peak AM).

The increases are statistically significant in
all cases, indicating traffic congestion improved
in control road segments through the Smart
Columbus Program.

There are positive values for several cases
of interest (g£3), indicating that FFF for
treatment segments increased as a result of the
intervention. This suggests that the Smart
Columbus Program caused a reduction in
congestion during these periods. The results are
only statistically significant for two periods,
however, namely All Days, Peak PM (2.6%
increase in FFF) and Weekdays, Peak PM (3.6%
increase in FFF). Conversely, the negative
values in this DID suggest that the Smart
Columbus Program caused an increase in
congestion during these periods, specifically
Weekend, Peak AM (2.5% reduction in FFF) and
Weekend, Peak PM (2.1% reduction in FFF).
While the unfavorable results are significant,
they do not reach the same level of
significance as the favorable results. Our results

suggest that the Smart Columbus Program was
responsible for a modest reduction in traffic
delays during the peak evening hours in
general (all days of the week).

5. Conclusions

This study aims to assess the cumulative
performance of the Smart Columbus Program,
the multiple portfolio projects, focusing on the
effect on traffic congestion. Using ‘Free Flow
Factor (FFF)’ data as a traffic speed index
published by StreetLight Data, Inc., we employ
a quasi-experimental design to evaluate the
change between Fall 2018 (pre-intervention
period) and Fall 2020 (post-intervention period).
Before the difference-in-differences (DID)
analysis, we conduct the Propensity Score
Matching (PSM) method to identify an
equivalent counterfactual control group for the
treatment group.

Key findings from our empirical analysis as
follows. First, travel delays generally decreased
in the study area (Central Ohio) during the
Smart Columbus Program period. Second, the
effect on traffic congestion varies across the
time of day. For instance, a 2.6 percent
increase in FFF (decrease in traffic delays) in
the study area only during peak evening hours.
Third, the Smart Columbus program affects
travel delays, but it has mixed results according
to the day of the week. For instance, during
peak evening hours, while there was a 3.6
percent increase in FFF (decrease in delays) on
weekdays, a 2.1 percent decrease in FFF
(increase in delays) on weekend days. Our
empirical results suggest that the Smart
Columbus Program positively impacted traffic
congestion reduction despite modest effects.

While there has been the global growth of
smart cities through many technological
innovations, the actual adoption of these
technologies in U.S. urban areas has been a
later trend than in other countries (Cocks and
Johnson, 2021). Many projects implemented in
the Smart Columbus Program are not yet widely
used in US transportation. As such Smart
Columbus Program serves as a model for other
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regions. In addition, while several studies
associated with  Smart City have been
conducted, impact assessments of Smart City
are rather limited. Therefore, through a highly
disaggregated and comprehensive transportation
database, this study contributes to our
understanding of how Smart City fosters urban
mobility performance by investigating their
impact on traffic congestion. Our empirical
findings, based on DID models, allow us to
conclude that Smart City do have a positive
impact on reduction in traffic delays despite
modest effects.

As a limitation, we rely on traffic data from
StreetLight Data inc. without detailed traffic
information. Although they offer average traffic
volume and speeds on road segments, we still
cannot capture mode effects. In terms of
mobility performance assessment, it is crucial to
look at the changes by mode such as private
automobile, bus, truck, and taxi. Future
research could use more detailed data, including
traffic information by mode, to better
understand how Smart City affects specific
modes’ traffic volumes and speeds. Future
studies could benefit from exploring a wider
range of case studies beyond the Ohio
example. We recommend incorporating
qualitative methods, such as surveys or
interviews, to enrich the data.
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Strength characteristic of carbonation-cured cement paste incorporating fly ash
and silica fume

Noh, Geon*, Jang, Jeong Gook**

Abstract: This study investigates the effect of carbonation curing on the strength characteristic of cement paste
materials mixed with fly ash and silica fume. Carbonation curing was found to enhance mechanical strength by
promoting the formation of CaCOs which densifies the microstructure. However, the incorporation of a large
amount of fly ash and silica fume negatively affected strength as their pozzolanic reactions consumed Ca(OH)s,
competing with the carbonation reaction. The negative impact on strength was proportional to the replacement
ratios of fly ash and silica fume, as higher substitution reduced the availability of Ca(OH), for carbonation
reactions. These findings suggest that while carbonation curing is effective for strength enhancement, optimizing
the substitution ratios of fly ash and silica fume is crucial to minimize adverse effects.
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this study
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Figure 2. Test results of 28 days compressive
strength (a) without silica fume or (b) with silica
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Can Bus Rapid Transit (BRT) Improve Regional
Economic Activities? Evidence from Business Sales of
Intermountain Region, United States

Wookjae Yang=*

Abstract: The development of public transportation systems, such as Bus Rapid Transit (BRT), has
long been associated with changes in residential patterns and property values. However, less
attention has been given to how public transit infrastructure impacts business performance,
particularly in terms of sales. This study aims to fill this gap by examining the effect of BRT
systems on business sales in the Intermountain region of the United States. Using multilevel modeling
(MLM) and a dataset of 130,848 business establishments, the analysis investigates the role of
proximity to BRT stations, regional characteristics, and business traits in determining sales outcomes.
The results reveal that businesses located closer to BRT stations experience significantly higher sales
compared to those farther away, with the proximity effect being particularly strong for businesses
within 0-799 meters and 800-1600 meters of a BRT station. Additionally, businesses founded after the
2008 economic recession tend to have lower sales, while older businesses and those in the service
sector also exhibit declining sales trends. The study further highlights the importance of public
transportation access in driving business performance, especially in urban areas. These findings have
important implications for urban planning, business development strategies, and policies aimed at
fostering economic growth through improved transportation infrastructure.
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1. Introduction

As urban areas of South Korea increasingly
adopt various forms of public transportation, in-
cluding Great Train eXpress (GTX), Bus Rapid
Transit (BRT), Light Rail Transit (LRT), and
even autonomous shuttles, it is expected that
the residential landscape, particularly for
low-income communities, will be influenced by
reduced ftravel costs and improved mobility
(Yang and Chang, 2024). Public transit develop-
ment has been shown to have significant ef-
fects not only on residential patterns but also
on the surrounding economic environment
(Sanchez, 1999). Previous studies have high-
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lighted that the introduction of public trans-
portation can lead to increased property values,
often resulting in rent hikes and displacement
of low-income populations in proximity to
transit hubs (Kim et al., 2021). Research has
consistently shown that land price premiums
tend to be most pronounced within a 0.5-mile
walking distance from public transit stations (D.
Rodriguez & C. Mojica, 2009; R. Cervero & C.
Kang, 2011). This effect is particularly dominant
in central business districts (CBDs), where ac-
cess to public transit is most advantageous for
both residents and businesses (M. Jun, 2012).
While much of the existing literature has fo-
cused on the impact of public transportation on
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residential property values, fewer studies have
explored the effects of transit development on
business outcomes, such as sales and revenue.
Businesses located near public transit stations
may experience different dynamics, with prox-
imity to transit potentially influencing customer
flow, employee access, and overall business per-
formance (Kim et al., 2021). Given the critical
role that businesses play in urban economies, it
is important to understand how transportation
infrastructure like BRT systems affect business
sales, particularly in regions with diverse eco-
nomic conditions.

This research aims to fill this gap by examin-
ing the impact of BRT systems on business sales
in the Intermountain region of the United States.
By exploring the relationship between proximity
to BRT stations and business performance, this
study seeks to contribute to a broader under-
standing of how public transportation develop-
ment can influence economic outcomes for busi-
nesses in addition to the residential impacts typ-
ically discussed in urban studies.

2. Literature Review

2.1 Land use impact of BRT

Bus Rapid Transit (BRT) systems offer numer-
ous advantages over other urban public transit
options. Despite the constraints of integrating
BRT into existing roadways and transit networks,
BRT remains a practical, cost-effective option
with potential to transport high passenger vol-
umes and to be implemented quickly relative to
other systems (Deng & Nelson, 2005).
Furthermore, BRT’ s popularity is bolstered by
its broader impacts, particularly on urban land
development. Research consistently indicates
that BRT can significantly influence land use
patterns, potentially fostering urban redevelop-
ment and encouraging more sustainable urban
growth (Levinson, Zimmerman, Clinger,
Rutherford et al.,, 2003; Deng & Nelson, 2005;
Wright et al, 2007, Cervero & Dai, 2014;
Rodriguez et al., 2016).

BRT’ s capacity to serve as a catalyst for

urban redevelopment is widely recognized, al-
though its effects vary by city and depend on
specific local factors. For example, Jun (2012)
found that in Seoul, BRT contributed to in-
creased development density within urban cen-
ters compared to suburban areas, especially
around commercial zones. This growth pattern
was associated with a redistribution of non-resi-
dential activities—such as retail and employment
—in areas surrounding BRT lines, further sup-
porting the trend of businesses relocating from
suburban areas into central urban zones.

2.2 Land and Property Values and BRT

The shifts in land use due to BRT influence
property values, particularly for commercial and
retail spaces. Research by Cervero and Kang
(2011) highlights that land prices for non-resi-
dential uses within 150 meters of BRT stops
were 2.5 times higher than residential values
within 300 meters of BRT stops, with these pre-
miums particularly pronounced in central busi-
ness districts (CBDs). Jun (2012) similarly ob-
served that land price premiums tended to be
more significant near BRT lines within urban
cores than in outer zones.

The value impact of BRT on properties is of-
ten spatially sensitive, particularly within walking
distance from BRT lines. Rodriguez and Mojica
(2009) found that properties within a 0.5-mile
walking distance of BRT stations experienced
notable increases in value, with the most sig-
nificant impacts observed within a 0.25-mile
band. Nelson et al. (2013) also identified this
concentrated influence, noting that closer prox-
imity to BRT stations correlated with higher
property value premiums. Studies by Wang et al.
(2015) and Perk et al. (2017) further support
that properties near BRT stops tend to appre-
ciate due to increased accessibility, a phenom-
enon seen across various public transit systems
(Xu et al.,, 2016; Cohen & Brown, 2017; Yu et
al.,, 2018; Seo et al., 2019).

Despite the strong association between prop-
erty value and distance to BRT systems, some
researchers argue that dedicated BRT lines—a
key characteristic distinguishing BRT from other
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transit modes—are underexplored in current
literature. Understanding the unique impact of
dedicated lines could enable more effective, sus-
tainable urban planning around BRT corridors.
Moreover, while property value changes are
well-documented, limited research focuses on
how these shifts influence business attraction
and clustering near BRT lines, which may offer
further insights into urban economic dynamics
around transit systems.

3. Methods

3.1 Study areas

The study area for this analysis is focused on
four states in the Intermountain region of the
United States that have implemented Bus Rapid
Transit (BRT) systems: Arizona, Colorado,
Nevada, and Utah. In total, this region has 11
BRT systems, which vary in scope, ridership,
and service design. These states have actively
adopted BRT systems as part of public trans-
portation strategies, making them key examples
for understanding the policy and planning deci-
sions driving BRT adoption in mid-sized to large
cities in the U.S. However, at the same time, by
focusing on a geographically cohesive region
with multiple systems, the study allows for
meaningful comparisons while controlling for
macro-level regional factors, such as climate,
culture, lifestyle, and land use patterns.

Arizona has the most BRT systems among
these states, operating six: SR-51 Rapid, [-17
Rapid, South Mountain West Rapid, South
Mountain East Rapid, [-10 West Rapid, and I-10
East Rapid. Each of these routes is designed to
address high commuter demand by providing ef-
ficient transit options along major corridors and
highways.

Colorado is represented by the Fort Collins
MAX BRT, which serves as the main BRT sys-
tem in the region. The Fort Collins MAX BRT
focuses on providing high-frequency service
through the central corridor of Fort Collins, pro-
moting connectivity and access to key locations
within the city.

Nevada operates two BRT lines in Las Vegas:
the Metropolitan Area Express (MAX) and the
Strip & Downtown Express (SDX). The MAX
serves major residential and commercial areas,
while the SDX connects the high-traffic tourist
areas along the Las Vegas Strip to the down-
town core.

Utah has two BRT systems: the 3500 South
MAX and the Utah Valley Express. However, for
this study, we exclude the Utah Valley Express,
as it was recently constructed and has limited
available data for analysis. The 3500 South MAX
line, which serves the western part of Salt Lake
County, will be the focus within Utah, providing
insight into the BRT impact in this metropolitan
area.

Nevada Utah

Colorado

Wﬁ
=G
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[ study areas £ 1,‘205 i
Figure 1. Study areas

(Nevada, Utah, Colorado, and Ar izona States)

:l Intermountain region

This geographic selection provides a diverse
sample of BRT services across varying urban
environments and transit needs, facilitating anal-
ysis of BRT’ s impact on land use and property
values in different regional contexts.

3.2 Data and Variables

For this study, two primary data criteria were
used: business data and regional characteristics.
These criteria are necessary to evaluate the re-
lationship between Bus Rapid Transit (BRT) sys-
tems and business activity across diverse urban
settings in the Intermountain region of the
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United States.

Regional Characteristics

To capture differences in urban form across
regions, this study uses the Sprawl Index devel-
oped by Ewing and Hamidi (2014), a measure
that quantifies the compactness of metropolitan
areas. Higher values of the Sprawl Index in-
dicate more compact, densely developed urban
areas, whereas lower values suggest more
sprawling, less dense development. This index
allows for comparison of urban form and its po-
tential impact on the effectiveness of BRT
systems.

The study focuses on four Metropolitan
Statistical Areas (MSAs) in the Intermountain re-
gion, each of which has operational BRT sys-
tems and varying degrees of urban compactness,
as indicated by the Sprawl Index. The selected
MSAs and their respective index values are as
follows:

e Phoenix-Mesa-Glendale, AZ (Sprawl Index:

78.3)

» Salt Lake City, UT (Sprawl Index: 106.96)
» Las Vegas-Paradise, NV (Sprawl Index: 121.2)
» Fort Collins-Loveland, CO (Sprawl Index: 115.15)

These MSAs were chosen because they each
have operational BRT systems with varying ur-
ban forms, allowing for a comparative analysis
of BRT impact in different urban contexts.

Business Data

Business data were obtained from the Million
Dollar Database, which provides detailed in-
formation on active and inactive businesses, in-
cluding data on total sales and business duration.
For this study, only active businesses were in-
cluded to ensure relevance to current economic
activity and interactions with BRT systems.

The business data spans a five-year period
from 2013 to 2017, but analysis is focused on
the most recent data from 2017 to reflect cur-
rent conditions and business performance trends.
This dataset includes the following variables
(Table 1).

The dependent variable is the natural loga-
rithm of total sales in 2017. This transformation
allows for a normalized analysis of business rev-

enue across different industries and business
sizes.

Proximity to BRT Lines: Businesses are classi-
fied based on their distance to Bus Rapid
Transit (BRT) stations, using two defined buf-
fers: within 0-799 meters and within 800-1600
meters. This categorization facilitates an exami-
nation of the impact of BRT accessibility on busi-
ness performance.

Distance to Central Business District (CBD):
This variable measures each business’ s prox-
imity to the nearest CBD centroid, enabling
analysis of how centrality influences business
outcomes relative to BRT station access.

NAICS Code: Each business is identified ac-
cording to the North American Industry
Classification System (NAICS) as either serv-
ice-oriented or non-service. This classification
provides insights into the varying responses of
different business sectors to BRT proximity.

Table 1.Variables

Variables Description Mean S.D.
D@gﬁgg; nt In(Sales) | Natural Log of Sales| 9.58 4.56
Regional
Characteristics Oorr:ggc;t:ess 105.41 18.98
(Level2)
Dist 0~799m

the number of active
Dist business fall within | 0.33 0.47

800~1600m | each buffer area
distance from
Dist CBD business to the 039 049

nearest CBD Block

Business Group Centroid

Characteristics
(Levell) Established | Businesses started

After 2008's after economic 9,200.75 | 6,653.34

Recession | recession in 2008
Business .
Duration operating years 0.54 0.50

NAICS sector| service:1, others: 0

Post-2008 Establishment: This binary variable
indicates whether a business was established
post-2008 economic recession, offering a basis
to compare the performance of newer establish-
ments with those founded earlier. This dis-
tinction may reveal insights into economic resil-
ience and adaptability.
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Business Duration: Calculated as the differ-
ence between 2017 and the establishment year,
this variable reflects business age. It serves as a
control for assessing the influence of business
maturity on sales performance.

By integrating both regional and busi-
ness-level variables, this study seeks to under-
stand the impacts of BRT systems on business
sales. The use of the Sprawl Index allows for an
examination of how different levels of urban
compactness might influence BRT effectiveness,
while the business data provides insights into
how proximity to BRT systems impacts sales, de-
pending on factors such as business type, dura-
tion, and centrality within the urban fabric.

Table 2 below summarizes the distribution of
businesses in proximity to BRT stations across
the four regions analyzed — Arizona, Colorado,
Nevada, and Utah.

Using ArcGIS, 1,575,462 businesses were iden-
tified across these regions, and proximity analy-
ses were performed to determine the dis-
tribution of businesses within 800 meters, 800-
1600 meters, and beyond 1600 meters of BRT
stations.

Table 2.Number of businesses

State Total Out of buffer | 800~1600m | 0~800m
Avizona 691,391 672,195 10,037 9,159
Colorado | 62,575 49,527 4,835 8213
Nevada | 345,073 288,885 33,575 22,613

Utah 476,423 470,101 3,202 3,120

Table 3.Multilevel Regression Model Results

Colorado has the smallest absolute number of
businesses (62,575), but it has the largest per-
centage of businesses within walking distance (0
-800 meters) of BRT stations, with 13.2% (8,213
businesses)  located  within  this  range.
Additionally, 7.72% (4,835 businesses) fall within
the 800-1600 meter buffer, indicating a higher
concentration of businesses around BRT stations
compared to other states.

Arizona and Nevada show an opposite pattern
to Colorado. In Arizona, 97.2% of businesses
(672,195 out of 691,391) are located beyond 1600
meters from BRT stations, with only 1.32% with-
in the 0-800 meter buffer. Nevada also has a
high percentage of businesses (83.7%) located
outside the BRT influence buffer, with only 6.5%
within the 0-800 meter range.

Utah has a similar pattern to Arizona, with
98.2% of its businesses (470,101 out of 476,423)
located beyond the 1600 meter buffer. Only
0.65% (3,120 businesses) are within 0-800 me-
ters, indicating minimal business concentration
around BRT lines.

3.3 Methods

This study examines the impact of Bus Rapid
Transit (BRT) systems on business sales across
four regions (Arizona, Colorado, Nevada, and
Utah) in the Intermountain region of United
States.

To address regional variations in the impact
of BRT proximity on business sales, we use mul-
tilevel modeling, also known as hierarchical line-
ar modeling (HLM). This approach is suitable for

Random effect model (level 1) Random effect model (level 1 + level 2)
Variables
coefficient standard error coefficient standard error
Dist 0~799m 0.188 0.033*** 0.188 0.033***
Dist 800~1600m 0.328 0.030%** 0.328 0.030%**
) - Dist_CBD 0.001 0.000 0.001 0.001
Business Characteristics - .
(Level) EStab"sged After 2008's -1.327 0.027%+ -1.327 0.027++
ecession
Business Duration -0.002 0.007*** -0.002 0.007***
NAICS sector -1.084 0.042%** -1.084 0.042%**
Regional Characteristics ! ~
(Level?) Compactness index 0.011 0.005

Note: ***significance p €0.01
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data that is nested, as it can separate effects at
the business level from effects at the regional
level (Yang et al., 2023). In this study, busi-
nesses are nested within regions, and each re-
gion has unique characteristics that may influ-
ence business performance. Multilevel modeling
enables us to distinguish between business level
(level 1 and regional level effects (Ievel 2).

Level 1 effects (Business-Level) include in-
dividual business characteristics, such as prox-
imity to BRT stations, NAICS industry classi-
fication, duration since establishment, and total
sales. In addition, level 2 effects (Regional-Level)
includes regional attributes, including the Sprawl
Index.

By specifying both levels in our model, we
can control for shared regional characteristics
while analyzing how proximity to BRT impacts
sales at the business level. This approach also
addresses issues of external validity by testing
the model across four distinct regions, allowing
us to generalize findings across different urban
settings within the Intermountain West.

4. Results

In this study, we analyze the factors influenc-
ing business sales using a dataset of 130,848
samples, excluding any missing values. The de-
pendent variable, Ln_Sales, represents the natu-
ral log of business sales. This transformation
was applied due to the high skewness observed
in the raw sales data, ensuring a more normal
distribution and better model performance. The
independent variables include both regional and
business attributes, which we discuss in detail
below.

In the initial phase of the analysis, we begin
by fitting the Null Model (Unconditional Model),
which is an intercept-only model with no in-
dependent variables. This model helps us under-
stand the variance in the dependent variable,
Ln_Sales, and provides insights into the
Intraclass Correlation (ICC), which represents the
proportion of variance explained by group-level
factors (Level 2). The dependent variable,

Ln_Sales, is the natural logarithm of business
sales, which was log-transformed to address
skewness in the raw data.

The Null Model estimates the Level-1 var-
iance (residual variance within business units) as
20.76699, while the Level-2 variance (variance
attributed to the regional differences) is esti-
mated at 0.03255. The Tau value of 0.03255
represents the regional-level  variance-co-
variance of residuals, and the correlation be-
tween these residuals is 1.000, suggesting that
regional variance is perfectly correlated across
the units within each region.

The model also provides the Intraclass
Correlation (ICC), which is calculated as the ra-
tio of Level-2 variance to the total variance
(Level-1 + Level-2 variance). In this case, the
ICC is 0.16%, indicating that only a small pro-
portion (16%) of the variance in business sales is
attributable to regional differences, with the re-
maining variance primarily driven by with-
in-business (Level-1) factors.

To estimate fixed effects, we apply Maximum
Likelihood (ML) estimation, which is generally
more reliable when the number of Level-2 sam-
ples is large. However, given that there are only
four regions (Level-2 units) in this study, we
use Robust Standard Errors to account for the
small sample size.

Next, we extend the Null Model by adding
Level-1 variables (business level attributes) to
examine whether this forms a Random Intercept
Model. This step helps determine whether in-
cluding individual-level variables reduces the
within-group variance and increases the ex-
planatory power of the model. After adding the
Level-1 variables, we observe a reduction in
Level-1 variance from 20.77 to 17.86, indicating
that the inclusion of these variables accounts
for some of the within-business variability. All
Level-1 variables, except for Dist_CBD (distance
to the CBD), show highly significant results at
the 95% confidence level, indicating that these
variables play a substantial role in explaining the
variation in business sales. The variables Dist
0~799m, Dist 800~1600m, Founding Year After
Recession, Business Duration, and NAICS Sector
are all significant predictors of business sales.
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For the final step, we introduce both Level-2
variables (regional attributes) and Level-1 varia-
bles (station and business characteristics) into a
Multilevel Model (MLM). This model allows us to
explore the combined effects of regional and in-
dividual business characteristics on  sales.
Importantly, the addition of regional-level varia-
bles leads to a 57.4% reduction in Level-2 var-
iance, from 0.065 to 0.027, suggesting that the
inclusion of both regional and individual-level
factors explains a significant portion of the var-
iance in business sales.

The results from the MLM show that prox-
imity to BRT stations (both Dist 0~799m and Dist
800~1600m) is positively associated with business
sales, with coefficients of 0.188 and 0.328,
respectively. This indicates that businesses lo-
cated closer to BRTstations tend to have higher
sales. However, Dist_CBD (distance to the CBD)
shows a positive but not significant relationship
with sales, suggesting that being closer to the
CBD may not have a strong impact on sales in
this context.

The model also reveals that businesses found-
ed after the 2008 recession experience a sig-
nificant decline in sales, as indicated by the
negative coefficient of -1.327. Similarly, longer
business duration is associated with a slight de-
cline in sales, with a coefficient of -0.002. This
suggests that older businesses may face chal-
lenges in adapting to changing market
conditions. Lastly, businesses in the service sec-
tor tend to have lower sales compared to other
types of businesses, with a significant negative
coefficient of -1.084.

5. Discussion and Conclusion

The findings from this study highlights several
key factors influencing business sales, with a
particular emphasis on the effects of proximity
to public transportation infrastructure, the eco-
nomic context post-2008 recession, business
characteristics, and regional differences. By us-
ing multilevel modeling, we were able to assess
both individual and regional-level variables, pro-

viding a nuanced understanding of how these
factors interact and contribute to variations in
business activities. There are several critical
points to discuss.

First, the most consistent and significant find-
ing across all models is the positive relationship
between proximity to Bus Rapid Transit (BRT)
stations and business sales. Businesses located
within 799 meters and between 800 and 1600
meters of a BRT station saw significant in-
creases in sales compared to those located far-
ther away. This supports the growing body of
literature suggesting that public transportation
accessibility is a crucial determinant of local
business success, particularly in urban areas
(Kim et al., 2021).

The findings align with previous studies that
have shown that transportation infrastructure,
especially BRT systems, provides easy access for
customers and employees, increasing foot traffic
and overall sales for businesses located nearby (
Cervero, 2007). Proximity to BRT stations offers
convenience for consumers, potentially lowering
transportation costs and increasing access to
goods and services. Thus, the positive relation-
ship found in this study highlights the im-
portance of considering transportation systems
when planning urban development and business
location strategies.

Secondly, the negative relationship between
business duration and sales further supports the
idea that older businesses may face difficulties
in maintaining strong growth, which could be at-
tributed to market saturation or challenges in
adapting to new business models. Established
businesses may struggle to innovate or keep
pace with changing consumer preferences,
which can lead to stagnant or declining sales
over time. These findings are consistent with
research showing that business longevity does
not always translate to ongoing success, as mar-
ket conditions, consumer demands, and competi-
tion evolve (Davidsson et al., 2003).

Moreover, the study found that businesses in
the service sector tend to have lower sales than
those in other industries. This could be due to
the more volatile nature of service-oriented in-
dustries, which are often more sensitive to
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changes in consumer demand, economic cycles,
and ridership levels. Service industries, such as
hospitality, food services, and personal services,
may be more vulnerable to economic fluctua-
tions, including recessions, changes in commuting
patterns, and shifts in consumer behavior. This
finding emphasizes the need for businesses in
the service sector to adapt more rapidly to
changing market conditions, particularly in light
of external factors like transportation and mac-
roeconomic shifts.

The findings of this study have several policy
implications, particularly for urban planning and
transportation development. Policymakers should
consider the significant role that public trans-
portation systems, such as BRT, play in promot-
ing local business success. By ensuring that
businesses are well-served by public transit, cit-
ies can help foster economic growth and en-
hance the viability of businesses in underserved
areas. Investing in transportation infrastructure,
particularly in the proximity of key business dis-
tricts, may stimulate economic activity and im-
prove business outcomes, especially for small
businesses and those in the service sector.

6. Limitations

Despite the meaninful findings from the study,
several limitations should be acknowledged. First,
the analysis relies on data primarily from the in-
termountain region of the western United States,
which may limit the generalizability of findings to
other regions. Second, the study primarily utilizes
quantitative data. Although this approach offers
robust statistical insights, incorporating qualitative
data—such as surveys or interviews with BRT
users and local business owners—could provide a
richer understanding of user experiences and the
broader  socio-economic impacts of BRT
implementation.Third, the study focuses on the
service sector’s sales performance, limiting its
scope regarding sectional variations and
externalities. Future research could delve deeper
into these variations and address potential ex-
ternalities, such as congestion or gentrification,

to provide a more comprehensive evaluation of
BRT impacts. Therefore, future studies could ad-
dress these gaps to produce more generalizable
and nuanced insights into the effects of BRT
systems across diverse urban environments.
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Wastewater-Based Epidemiology in SARS-CoV-2 Surveillance:
Current Methods and Future Directions

Jo, Youngrae*, Lee, Do Gyun**

Abstract : The COVID-19 pandemic highlights the significance of wastewater-based epidemiology
(WBE) as a public health surveillance tool. WBE facilitates the non-invasive detection of SARS-CoV-2
RNA in wastewater, offering early indications of community outbreaks. This method integrates viral
concentration, RNA extraction, and advanced analytical techniques such as ultrafiltration, PEG
precipitation, and digital PCR (dPCR). Normalization using fecal markers like Pepper Mild Mottle Virus
(PMMoV) addresses variability in human waste contributions, enhancing data reliability. While WBE
provides a cost-effective and broad population-level surveillance method, challenges remain in
standardizing protocols and adapting to diverse wastewater characteristics. This review underscores
WBE’ s role in pandemic preparedness, its application to emerging infectious diseases, and future
research directions to improve sensitivity, develop robust normalization techniques, and establish
scalable methods for global public health. WBE serves as a critical framework for rapid response to
infectious disease outbreaks.

7| ¥ E : SARS-CoV-2, dl¢7|HIS, COVID-19, HHY, A=

Key words : SARS-CoV-2, Wastewater-based epidemiology, Coronavirus disease-19, Pandemic, Detection

1. M B FZFANITENEFET IZEUntoly] A~ (Severe
acute respiratory syndrome coronavirus 2,
FZEYdlolH A2 557 7EES LAY SARS-CoV-2)¢] z+qol oaf st Aot

£ 5§7] wholel2 (respiratory virus) % sk} SARS-CoV-2 whelefz= 9)5) (Envelop)S 2
2 A&A wWo] upolg o Z=dHo| EJ_Q-y & T Thee] RNAR FAFo flen, 7|&

AE whelE = F F shielth 2002 - 20039 L e B e R R e e e )
ZFANZEIIEZ T (Severe acute resplratory B Zdxte] o HEE FIYE BRI AAE

syndrome, SARSE AFo= 20129 F5aFy]  FHOl HAUHAUG (Westhaus et al, 202L

20199 129 7 F3 SFAo|A WYI How = AgAE 20209 1€ A AR 2aEd
FAEE A% 3§7] ZEH<d COVID-197tA om, A&l Bk FA Bl Gl wet AlA

B A - ARHRer = gFe AT B77]F (WHO)el A+ 20201 3¢, COVID-198
COVID-19= z:Zubulo]a]~o] wWolgol x2d A=) ZAH (Pandemic disease)Z A A3} o).

AN T EAIZH FEH Hwg, wilA2Hdlee3l@inu.ac.kr)
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&= 49 20209 2€ 12 tiRAE AlF
o= 20229 7EHA F 6xEe] TR FA7]
= AHow, 42 U FEE SARS-CoV-29
HolFQl det P enAE Wol 7|yt Hiolg
7t S T

COVID-19 o2 Qg 544 4 HAAE
T3 AAY 53] 1Sl weh, o oA
2 gak A, A&etar 3 YR ATe =
o7 % (Mandatory

T s AFEAIAA
surveillance systems)7} =Y AT HAFTHAIA
A 749 2y ydA FAr|He] oF A3
7Nt 2 AA| A doleE £ 4 Aok
Aol o}, Al Ao o9&ty wEe
AA ZEA w4 zbelrl HAT JheAdel
o} (Jang et al., 2023; Gonzalez et al., 2020). &
gk, A3l 7|8k Al2="le] Ae H7F mE A YA
3] 4] COVID-199] #F4ihs A FxtF oz E413)
= doles oz go] Jon, Be o8} A zlo]
288 0E ©¥o] Jtk(slam et al., 2023). ©]&
g SHAIE SES7] fstd vdds, 549, &
L e i o T e o) 4
(Wastewater-based surveillance, WBS)ES 734
A ALsly] AFsIEeH,  WHOA=
20223 49 o]E NEE A V&R AdAHE I,
skg7]w COVID-19 ZA A& AEIIPT
(WHO, 2022). AA&Z COVID-19 3#4bo] ulet
SARS-CoV-2 RNA9] s} W HZEo] Riusal §)
AqeH, 53] a4 U AZF EHE F A
o] SARS-CoV-2 RNA 7Zo] fjiBe zx5t1
glth o] 23k SARS-CoV-2¢] 3l 719k A=
COVID-19¢] &7 a7 Faglel #AE7RH
532, T34 dAe AR FELE
40] 7heste] §4 A9 AT W ZEA H
& F45 A A glo] AEw S4k € =
71 dZo] 7tsd FHo] JdtiMedema et al.,
2020; Hemalatha et al., 2021). ©|%, dt7]9F 7+
ANAAE  &8st7l st sk WiedlA
SARS-CoV-2 Hlo]H2E HZE37] 9% s
ATFECl FRHALY, AF a4 F4 £ RNA
FE 2 55 U, ASEHE Zgo|H/ZE B
mel das dold AR G A Jth
kA, £ AFNME HE BEH A
oA FHRHL  SUe stErIwgE
SARS-CoV-2 % &4 7|HEY &
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2. SARS-CoV-2 CHAH 3j47|teist o171
=35k

2.1 9stol HiZ
4 3HEpidemiology) A7 WolA AW
X s BAeta, 9l Y # BAle B4
ATE FYste gHEolth. 95t 7S 1854
nowe| Z#Eg}t WA I} PFFE AEA=
< 53 743 95 (Snow, 1856)F o]F A
Ao rjRoz HAFRAG. olF, FAS
2 dole 4 7ol =YEEA, =Y HHT
gAEon, dAAde 29y dfd 24 A9
W T8 A3 A7, G AdTE HIFES B "
A7 N, AT A% B 5 o dyg
A7 EAE Fa ddste ATl g8
o}
Satman, et al. (2002)& El7] AolA FH
3 E(Prevalence rate)2 ZAFst Ao 7+ 2]
9 QAT 54, A A T FAR AE A
TR FHAE Fal FHEY FA 7N
gt BAs Fsta glow, 194 o] A4l 7]
TR fFHEe] A&EHoR F/E Ao=R
Ath (Yang et al, 2021). o]¢} #& w4
ok ofue}t A1 W SARSE Ao =
IZF Al AHAvian influenza), MERS, COVID-1
o AAAAL AW fdel St
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2.2 of7|Hstol Wi

3} =7 ¥k gH(Wastewater-based epidemiology,
WBE)2 strAglde] fFdolA 38 Azt
AHE (Metabolites) 2 318 &4 EAAE £
Aste] sl st AT AFAY AE dE
I A% AHE dASste et (28 D.

z7]el& WBEZF AGAE WA 27k
(Cocaine), 3| &2¢1 (Heroin) , #AEY (Ketamine) ,
vtz (Cannabis)e} 22 EW viekRF 2 713l
I g, dI2E&H 2L T kR ALE b
HE £43l= o &85 N9 FRY A% 4
ol Mz 229 &5 8 RUHPS = FHORE
Al A 2= 9l th(Zuccato et al., 2005; Been et al.,
2015; Castiglioni et al., 2015; Love et al., 2022).
o] WBE+ mlok{ o= stolA AT A%



SARS-CoV-2 &

theFet A=38h.8skd A nE
A EYHHPC] 7heskal 71E9
ZAF Ao W) ZEeHolH, MARE A
7T itheE A gidd gYd Ropz &
& W9E Wilen, H2ols WBEZF ofofF 8l
71 <1 $) A8 -8 F(pharmaceuticals and personal care
products, PPCPs), 4td& &M, ~E X~
2F &M E Yt A5EE mhA, BAA,
YA WA (antimicrobial resistance) w714
28 4 A HEA, AT 179 o8 FHES
B et o] & VIWIe R Tkt A RE A FEe=
2% AAE ZAHsA HAT (Choi et al,
2018).

2 @ e oox

o ooy

Wastewater
treatment plant
(wwTp)

MMMMMM

a8 1. WBES| 4 =7l
(Boogaerts et al., 2021)

53] Ul - YoM e 3t HelA AZEHE
8 dolglz22 dEAd e =Edolgx
(Norovirus), o}d]x=#}o] 2] ~(Adenovirus), ZEbs}
o] 2 (Rotavirus), UZFAA AHINDZ 22
AU vlolgl =9 ZHAE Fal Fd HEAEE
7 d&Fste FEHOEA WBE/F F5& @
ow, AAAZ F3FL H COVID-19 °o]%F =
8o H& Az Yot (Wani et al, 2023).
A oA =7F " AHA  AAFHo=E
COVID-19 ¥ E} #¥EW e U< ¢35t WBEE
ZUstg e, Uz 20233 498 AlZFe
2 ZRAYH F= U 2Ey A A
T3, A A7 AFEAE Best
FTHOoZA &8sta th. COVID-19¢ 2
T A9y SR RUEE AA S A&
=g feAME ZEHY f3 AR, vlolgx

8 - 384 EAH & A=

o ML F Yt ATEe AKHOE F
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2.3 SARS-CoV-2 A=E ¢ ]

ot

8l W] SARS-CoV-2 A& 2020@ =7] Y
o TFA HFoR £33 9 HIuFHYS
™, 3l W SARS-CoV-2 RNA H%E<¢} COVID-19
XA Atolo] frojH|g FRAAE =ESIAT
(Medema et al., 2020; Ahmed et al., 2020). ©] %
=, ARl T, GBS Y, ojdEolE:
H| £33l AAAZHSZ 4 Yol A SARS-CoV-2
AZo] gelEn, COVID-19 ZAS £33 WBE
ZAAA v ATV JFHOE FY AT

Ahmed et al. (2020)-2 3}~ o)’ SARS-CoV-2
AEES Al fFARRE AE9 Hpo]ly 290 MHV
(Murine Hepatitis Virus)E g3 Hz = v+
hS aRbstR e, I A3 S48t o ool
65.7%2 ZTE&S B ¥5 Wto 2 AR H
Aot F7M2 o HH(Medema et al., 2020),
PEG (Polyethyleneglycol) Hd¥H (Wu et al,
2020), QAR (Wurtzer et al., 2020) & &
/3 3} U SARS-CoV-2 RNA A= AT19 »
5 W 2 AE g E, Ag AR Az H
£ & vm A A77F = AT Barril
et al. (2021)-& Aluminum polychlorideS &3
S3HI PEG HAH 7+e] SARS-CoV-2 A
24 Ay $HWA 156% 7MF =& AE
Blom, Zheng et al. (2022)8] <o)l A
7] B35 HHE Hla BA45A S o,

Aol 5% N e H4ee YEh

o
ol

e [t
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Jon

ot

o 1l
o> oy
SR AL oo o of

(

I FUIEHG Fr|Eol E3H Jo Bt
AdE B et B4 4 &
A 5 Wetde Aot S Flst
| AAR wlelE| X~ FF
H| &3} Al7to] i ABEE 97t ol v
A ¥t A&3 28 SARS-CoV-2 thid Hbol
H2 5 Ut digk A7rF Hagh Aol
=3, A5k Zaloln/Z2H HAo) i aF
= AEHo T FEY. by o & SARS-CoV-2
RNA A== Nucleocapsid £AAES tido g
ZZ3&= N1, N2, N3 Zgjolv]/z2 B ¢} 99 f
AAE ez = E BA9 #A"H d=
RdRp A A= tix e g 3+ RdRp gene 5 ©t
gk Zglolwzl AREEY (Lu et al, 2020) (2
g 2) oj® Zgo|m7} SARS-CoV-2 AZol &
HHAA o el AFvuier ol AUt
E=EHA
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st el A Fopelld dubHom &85
© THAREE AFoFgEENre] ¢ 2(Pepper mi
1d mottle virus, PMMoV)2t &1 ozt (Fecal ¢
oliform bacteria) &°l o™, ©] & PMMoV7}
A 71Tl 2 AR2A FEeEE AR
T 9tk (Zhan et al, 2022). PMMoVE 13, =
W, BEZL7HE RS TR AEold F2 84
she A B welHx, AHdZ Wt 9F

0;

o A¢] gla, st MIFEste Tkt &4 =3
oA Ao R HAEHE Aol Atk EF, 1
[e)

HAstes AES sFEN 837 i sk Ul
A BHoA wl¢- TR T2 H4A AEHe
vlolg 7o g2 d#A vk (Rosario et al, 200
9). PMMoV ©]9]o|= SARS-CoV-2 F=2| A 13}t
= 9J3}o] Bacteroides HF183, 165 rRNA(ribosoma
1 RNA), 18S rRNA, Beta-2-Microglobulin, &%t}
A, A2 2-oAEE] A (CrAssphage) &°I
sl AR2A B8 7Aool JeEA HIFEU
on, 35 QAT FAA A#et” (Creatine),
7F#1Q1 (Caffeine), Iheb+®l (Paraxanthine) &
283k A57F L 9o (Hsu et al., 2022),
A9 W COVID-19 RUEHS 93 H& 4 A
EE BolHQl 34 AlzHld met HE JhsAol
22 (Mitranescu et al., 2022), 972 53 F
A A xe| o] Aol

%
2 & e AT A5E WA A%
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