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Determinants of Bus Rapid Transit Ridership:
System-Level Analysis
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Abstract: As one type of transit mode, bus rapid transit (BRT) systems have gained popularity worldwide for providing fast and easy access
for citizens to fulfill their transportation needs. Current literature in the field does well in covering the identification and discussion of different
elements of BRT systems and their effects, but the literature falls short of exploring factors that affect BRT ridership. Based on available
databases, this study presents system-level macroscopic analyses that identify factors affecting the daily ridership of 111 BRT systems world-
wide. Obtained from statistical models, including two-stage least-squares models, the results indicate that BRT system elements that are
capable of improving travel-time reliability, such as passing lanes and median bus lanes, together with system supply size, may positively
impact ridership. In addition, the analyses show that the existence of multimetro lines can increase BRT ridership by 41% and that the operation
of both integrated fare collection and real-time information systems can boost ridership by 47%. Finally, it is shown that BRT speed may be

associated with ridership. DOI: 10.1061/(ASCE)UP.1943-5444.0000506. © 2019 American Society of Civil Engineers.
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Introduction

Rising urbanization trends over the last decades have called on
transportation engineers and planners to better consider and more
ably provide transportation services for the mobility needs of urban
communities. Personal vehicles, as the predominant mode of trans-
portation in many areas of the world, have often been a focal point
in developing metropolitan areas. With increasing environmental
and traffic congestion concerns plaguing urban communities, how-
ever, transportation authorities have tried to provide better alterna-
tive modes of public transportation with improved technologies and
superior service quality.

As a mode of transit with high service quality (i.e., reliability
and speed), bus rapid transit (BRT) has been adopted widely all
over the world (Wirasinghe et al. 2013; Nikitas and Karlsson
2015). Due to relatively low capital and operational costs in com-
parison to metro or rail systems, BRT systems are capable of effi-
ciently meeting the transit needs of urban communities. In addition,
as a high-capacity transit mode, BRT stands to significantly de-
crease personal vehicle mode share, thereby effectuating environ-
mental and economic benefits (Wirasinghe et al. 2013).

The concept of BRT was formed in Chicago in 1937, where it
was proposed that three west-side rapid rail transit lines be con-
verted to express bus lines in central and downtown areas of the
city (Nikitas and Karlsson 2015). The first introduction and
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implementation of the modern concept of BRT, however, took place
in Curitiba, Brazil, in 1974. The project was regarded as successful
and subsequently inspired many other similar systems around the
world. Bogota, Colombia, started a more advanced BRT system in
2000 with dedicated busways, enhanced stations, smart fare collec-
tion, and affordable ticket prices (Estupinan and Rodriguez 2008).
In 2005, Los Angeles started an advanced-featured BRT system,
Metro Orange Line, with similar characteristics to light rail transit
(LRT) in terms of installed park-and-ride facilities, automated ticket
machines, and two dedicated lanes (Cain and Flynn 2013). In prepa-
ration for the 2010 FIFA World Cup of soccer, Johannesburg, South
Africa, also commenced operation of the first phase of its BRT sys-
tem, which used fully dedicated bus lanes with prepaid platform-
level stations (Wirasinghe et al. 2013; Walters 2008). As of 2014,
there were 186 cities in 41 countries with known BRT systems or
corridors, serving almost 32 million passengers every day (Nikitas
and Karlsson 2015).

The growing popularity of BRT systems requires researchers
to evaluate BRT effectiveness under various circumstances for
the development of better systems. Indeed, the existing literature is
fairly rich in research that aims to evaluate the performance and
impact of BRT systems, focusing in particular on cost-effectiveness
(Wirasinghe et al. 2013; Cervero and Dai 2014; Deng and Nelson
2011). Also important is identification of factors affecting BRT
ridership at system or city levels in order to provide insights to
attract more passengers (Currie and Delbosc 2011); however, such
research efforts appear to be limited. Previous studies along these
lines have considered only small numbers of cities and/or associ-
ated factors (Cervero and Dai 2014; Currie and Delbosc 2011;
Hensher and Golob 2008; Hensher et al. 2014).

In this context, the current study intends to enhance the under-
standing of potential factors affecting BRT ridership on a system
level. For this purpose, statistical models explaining the relation-
ship between daily BRT ridership and potential influencing factors
such as population, fare, system size, and the existence of advanced
features are developed using information collected from 111 cities
with BRT systems. The results are expected to help policymakers
build successful BRT systems insofar as ridership is one of the key
performance measures of transit systems.
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Literature Review

Identification of factors affecting transit ridership has been a major
research topic in the field of public transportation. Pertinent studies
can be generally grouped into two categories: descriptive analyses
and causal analyses (Taylor et al. 2009). Descriptive analyses usu-
ally focus on traveler attitudes and perceptions, with travelers and/
or transit managers as the unit of analysis. This approach relies on
surveys or interviews, potentially incurring disadvantages of sub-
jective outcomes and insufficient consideration of external factors.
On the other hand, causal analyses examine environmental, system,
and behavioral characteristics that affect transit ridership, employ-
ing more objective and diverse data than the data utilized in descrip-
tive studies. Previous studies indicate that causal analyses often use
multivariate regressions with aggregate-level explanatory variables
(Ko et al. 2011).

Studies have conducted a wide range of causal analyses at three
different scales: stop (station), route, and system levels. Regardless
of scale, most studies have applied built environment and socioeco-
nomic characteristics of the areas where the stops, routes, and sys-
tems are located as explanatory variables. For station-level analyses,
an individual station’s degree of connectivity to other stations is
considered an important factor for explaining ridership (Sohn and
Shim 2010; Kerkman et al. 2011; Kuby et al. 2004). Route-level
analyses demand different types of factors, including vehicle capac-
ity, stop spacing, and vehicle speed (Currie and Delbosc 2011,
2013). System-level studies show that fare level and system size
(e.g., system length and the number of stations) explain to some
extent variances in ridership (Cervero and Dai 2014; Hensher and
Golob 2008; Hensher et al. 2014).

BRT systems are a focus of ridership studies. Cain and Flynn
(2013) conducted a descriptive analysis that investigates the im-
pacts of image and user perceptions of BRT systems in Los Angeles
on ridership attractions by employing a focus group survey. Wang
et al. (2013) studied the mode choice behaviors of travelers in
Chinese cities with BRT systems, revealing that travel time savings
is a crucial factor for mode shifts toward BRT. Estupinan and
Rodriguez (2008) conducted a causal analysis to explain the board-
ings of 79 BRT stations in Bogota, Colombia, emphasizing the
impacts of built environments surrounding stations. A similar ap-
proach was applied in a ridership study targeting 69 BRT stations in
Los Angeles County, California (Cervero et al. 2010). The study
pointed to the importance of intermodal options at stations, as well
as neighborhood characteristics, such as population density. Multi-
ple BRT routes in Australia were compared to identify factors that
influence route-level ridership (Currie and Delbosc 2011, 2013). In
those studies, the ridership of conventional bus and LRT routes was
contrasted to that of BRT routes as a way to identify the signifi-
cance of BRT design components (e.g., high service frequency).

Despite these numerous BRT ridership studies, system-level
causal analyses appear to be limited insofar as only Cervero and
Dai (2014), Hensher and Golob (2008), and Hensher et al. (2014)

Table 1. Summary of previous system-level BRT ridership studies

have handled the topic. More specifically, Cervero and Dai (2014)
explored factors affecting BRT ridership for 119 cities. They consid-
ered only two factors, however, BRT route length and population
density, resulting in a relatively low explanatory power (R?> = 0.286)
of the developed model. Hensher and Golob (2008) investigated the
potential sources of influence on BRT ridership in terms of the
number of total system passenger trips per day per kilometer, iden-
tifying statistically influential factors including the number of sta-
tions, headway, vehicle capacity, and fare. Although the estimated
model explained 65.9% of the variation in ridership, the model con-
sidered only a limited number of BRT systems (37 systems world-
wide), rendering the findings of the study less applicable to a larger
context. Similarly, Hensher et al. (2014) utilized only 54 BRT sys-
tems worldwide for developing a patronage model with a depen-
dent variable of daily passengers. Table 1 summarizes the modeling
approaches, factors, and number of systems considered in the three
studies mentioned previously. Currie and Delbosc (2011) also at-
tempted to identify factors affecting BRT ridership, but the scope
was confined to Australian systems and route-level analyses. The
current review suggests that previous studies have failed to explore
and consider wide ranges of influential factors and BRT systems
worldwide.

Regarding analytical approaches, previous studies have argued
that service supply-level variables can suffer from a degree of en-
dogeneity because extra service may be added when ridership be-
comes higher (Currie and Delbosc 2011). It is understood that
endogeneity may result in erroneous interpretations of estimated
models and/or may obscure the roles of important factors. To tackle
this issue, studies have attempted to develop causal relationship
models by considering various options, including exclusion of ser-
vice supply variables (Currie and Delbosc 2011), application of
panel data (Kerkman et al. 2011), employment of relative ridership
to service levels for response variables (Currie and Delbosc 2011,
2013), and application of advanced estimation models (Estupinan
and Rodriguez 2008; Hensher et al. 2014; Taylor et al. 2009). These
approaches stand to be applied when service levels are believed to
reciprocally interact with ridership.

Data

To identify factors affecting BRT ridership at a system level, this
study utilized the Global BRT Database (BRTdata.org. 2015) for
cities’ BRT system-related information worldwide, supplemented
by the Bus Rapid Transit Information Database (Worldbrt.net.
2015). In addition, the World Metro Database (Metrobits.org. 2015)
and cities’ official websites were referred to for metro and socioeco-
nomic data. Initially, the collection of information on numerous po-
tential factors was attempted by referring to previous research, but
due to data availability, only a limited number of factors were con-
sidered. In addition, missing variables prevented this study from
using all 187 cities contained in the Global BRT Database, resulting
in analysis of 111 systems from 30 countries in the final data set.

Number of
Study Statistical model Factors considered systems considered
Cervero and Dai (2014) OLS regression Population density, BRT kilometers 119
Hensher and Golob (2008) OLS regression Number of stations, peak headway, trunk vehicle capacity, fare 37
Hensher et al. (2014) Random effects regression Fare, frequency, mode share by car, number of BRT stations, 54

(by nation)

vehicle characteristics (number of doorways for passengers),

existence of bus priority facilities

Note: OLS = ordinary least squares.
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Table 2. Descriptive statistics of considered factors (n = 111)

Variables Mean Standard deviation =~ Minimum  Maximum  Data source
City-level Population® (million) 2.64 3.36 0.03 13.62 A, D
Population density® (people per kilometer squared) 4,675.98 4,865.61 133.54 26,409.31 A, D
Gross Domestic Product per capita (USD 2012) 25,695.70 20,934.30 1,299.00 80,528.00 A
BRT components Number of passengers per day (thousand) 249.08 546.66 1.80 3,164.00 A
Total BRT length (kilometers) 33.33 35.88 3.70 206.75 A
Number of corridors 2.29 2.86 1.00 16.00 A
Fleet size® 236.12 557.76 5.00 3,966.00 A, B
Standard fare (USD 2012)° 1.35 1.24 0.00 6.93 A, B
Number of stations” 43.69 45.03 3.00 240.00 A, B
Number of stations per length in kilometers® 1.58 0.75 0.18 4.50 A, B
Existence of median bus lanes® 0.40 0.49 0.00 1.00 A
Existence of passing lanes® 0.11 0.31 0.00 1.00 A
Existence of real-time information systems® 0.32 0.47 0.00 1.00 A
Existence of integrated fare-collection systems® 0.47 0.50 0.00 1.00 A
Metro components ~ Number of metro lines 1.37 3.03 0.00 16.00 C
Total metro length (kilometers) 31.91 76.61 0.00 442.00 C

Note: A = BRTdata.org. (2015); B = Worldbrt.net. (2015); C = Metrobits.org. (2015); and D = official website of the city or Demographic Statistics Database

provided by United Nations Statistics Division (2018).

“Missing values in Global BRT Database were supplemented by the official website of the city or Demographic Statistics Database provided by United Nations

Statistics Division (2018).

®Missing values in Global BRT Database were supplemented by Bus Rapid Transit Information Database.
“Value of one was assigned when the lane or system exists and zero otherwise.
9Median bus lanes include median, partial median, separated right-of-way, and partially separated right-of-way lanes.

Some relevant variables including vehicle characteristics (e.g., ca-
pacity, number of doorways for passengers), station boarding level,
preboard fare collection, user rating, number of transfer stations, and
modal shares were available in the data sets, but information about
these features is provided for only a portion of the systems and cities
constituting the sample. There exists a tradeoff between variable
extension and sample size (number of systems). This study intends
to identify key factors without a significant loss of sample size in
order to obtain generalizable relationships between BRT ridership
and key influencing factors.

Table 2 shows descriptive statistics of the considered explana-
tory variables in this study. The variables include city characteris-
tics [population, gross domestic product (GDP) per capita], BRT
components (system length, number of corridors, fleet size, fare,
number of stations, median bus lanes, passing lanes, real-time in-
formation systems, integrated fare-collection systems) and metro
components (number of metro lines, metro length). The distribution
of the variables shows a wide dispersion across the cities. Regard-
ing population, Maubeuge, France, has only around 30,000 people,
whereas Istanbul, Turkey, has more than 13 million inhabitants.
The same spectrum can be seen in BRT system length. Bradford,
United Kingdom, has only 3.7 kilometers of BRT system, whereas
the length of the system in Jakarta amounts to 206 kilometers over
12 corridors. Fare levels appear to differ significantly between
cities, with the system in Merida, Venezuela, providing citizens
with a free-of-charge service, whereas Kent, United Kingdom, pro-
vides services at a standard fare of around USD 6.9. Fig. 1 illus-
trates the distribution of daily ridership by continent, showing
higher ridership for systems in Latin America, with average values
of 578,934 and 12,730 for daily ridership and its normalized value
by length in kilometers, respectively.

Analytical Approach

This study develops two BRT ridership models with dependent var-
iables of total daily ridership and its normalized ridership by system
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Fig. 1. Daily ridership by continent.

length (i.e., daily ridership per kilometer). Multiple regression
models were tested, specifically with extensive trial-and-error ex-
periments, by taking various forms of the explanatory variables: for
example, fare divided by GDP, fleet size divided by system length,
system length divided by the number of corridors, or the combina-
tion of integrated fare collection and real-time information systems.
In addition, the dependent variables were transformed by taking a
natural logarithm as a way to cancel out their biased distribution
effects. Indeed, Fig. 2 illustrates that following transformation, the
distributions approximately correspond to the normal distribution.

To identify the appropriate specifications of the models, a
Pearson correlation test was performed to measure the linear asso-
ciations between variables. As seen in Table 3, as expected, the
test revealed that daily BRT ridership has a strong association with
fleet size, system length, and number of corridors and stations, sug-
gesting that daily BRT ridership can be sufficiently explained by the
variables. It was highly suspected, however, that service supply var-
iables have a reciprocal effect on daily BRT ridership. This bidirec-
tional relationship between the dependent variable and regressors
may cause a serious regression estimation problem, violating a key
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Fig. 2. Initial and log-transformed distributions of ridership: (a) total daily ridership; (b) log-transformed total daily ridership; (c) daily ridership per
kilometer; and (d) log-transformed daily ridership per kilometer.

Table 3. Pearson correlation coefficients between the variables considered in the BRT ridership models

Variable V2 V3 V4 V5 Vo6 V7 V8 V9 V10 V11 V12 V13 V14 V15 V16 V17

\% 0.71*  0.52* 038 —0.28* 0.64* 0.75* 0.70° —0.14 0.72*° —0.12 0.08 0.10 0.08  030* 028 0.5
V2 0.44*  0.25* —0.38 0.27*° 039" 0.63* —023° 035 —0.09" 028 0.9 0.09 030 023 0.23°
V3 0.52* —047* 049 040 036° —033* 043* —031 027 010 —0.05 0.18 0.53* 0.57°
V4 —0.27*  031* 037* 030° —021°> 031* —0.07° 0.16 0.04 0.01  0.19° 037* 0.29°
V5 —0.26* —0.26° —0.24>  0.77* —0.25*  0.22* —0.59* —0.07 0.07 —0.10 —0.08 —0.10
V6 0.78* 043" —0.13 0.85* —0.34 004 003 —0.01 016 025 021°
V7 0.54*° —0.13  0.78* —0.15 —0.04  0.03 0.03 028 0.19° 0.19°
V8 —0.08 0.58* —0.03 007 011 —0.04 026* 0.19° 0.14
V9 —0.10 0.11 —0.48  0.07 0.04 —0.01 —0.03 —0.05
V10 0.03*  0.04 —0.02 —0.02 020° 025" 0.18
Vil —0.17* —020°> —0.01 —0.01 —0.10 —0.12
ViI2 0.19° 0.08 009 000 0.03
V13 026 025 —0.02  0.00
Vid 041* 007  0.04
V15 0.20°  0.13
V16 0.91°

Note: V1 = daily ridership; V2 = daily ridership per kilometer; V3 = population; V4 = population density; V5 = GDP per capita; V6 = system length;
V7 = number of corridors; V8 = fleet size; V9 = standard fare; V10 = number of stations; V11 = number of stations per kilometer; V12 = median bus
lane; V13 = passing lane; V14 = real-time information system; V15 = fare integration system; V16 = number of metro lines; and V17 = metro length.
Values in bold indicate a Pearson correlation value of greater than 0.5.

“Significant at 1%.

"Significant at 5%.

“Significant at 10%.

assumption of regression that regressors and disturbances are uncor- and stations) and (2) developing two-stage least-squares (2SLS)
related (Washington et al. 2010). To mitigate this issue, this study models, which have been commonly applied as a way to remedy
considered two modeling approaches: (1) excluding the service sup- interactions between supply- and demand-side factors (Wooldridge
ply variables (i.e., fleet size, system length, number of corridors 2009).
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Results

Total Daily Ridership Models

Table 4 summarizes the results of model estimations using the
dependent variable of log-transformed total daily ridership. The
explanatory variables of fleet size, population, and fare were also
transformed by taking a natural logarithm. Regarding the fare var-
iable, the impact of different income levels by country was reflected
by normalizing fare by the fifth root of GDP per capita. The fifth
root, which was taken to avoid an excessive variance of the nor-
malized fare induced by the wide distribution of GDP per capita
for the nations considered, was determined after numerous tests
through the construction of preliminary models. Fare divided by
the simple form of GDP per capita is significant in the work of
Hensher et al. (2014), but simple normalization is found not to be
effective in this study. A stepwise variable selection procedure was
applied, capturing only significant variables at a level of 0.1.

First, an ordinary least squares (OLS) model (Model 1) was de-
veloped by considering all the factors in Table 2. The model iden-
tified that fleet size has a dominant impact on the total daily
ridership as suggested by beta coefficients (also called standardized
coefficients), which show the relative impacts of explanatory var-
iables. In addition, the variables of population size, number of cor-
ridors, and fare were found to be significantly associated with the
total daily ridership. Their resultant signs appeared to be intuitively
correct.

Because BRT service supply levels are highly likely to interact
with ridership, an additional model (Model 2) was developed by
excluding supply-level variables including fleet size, system length,
and the number of corridors and stations. The model captured an
additional positive influential factor—namely, whether a city-level
BRT system operates both integrated fare collection and real-time
information systems—even after controlling the effects of popula-
tion size and the geographic locations of BRT systems. Interestingly,
the separate operation of the advanced systems was not significant.
The significance of the geographic location variable indicates that
BRT systems in developing countries tend to have higher ridership.
This observation is somewhat intuitive insofar as other transporta-
tion options, such as private vehicles, are not easily available for

Table 4. Total daily BRT ridership models (n = 111)

citizens in developing countries, rendering them heavily dependent
on public transit. Regarding this aspect, Hensher et al. (2014)
showed that the car mode share of a city has a negative association
with BRT ridership. Model 2 shows a moderate level of explanatory
power (R? = 0.450), even without the supply variables.

As a second measure to protect against interaction effects, a
2SLS model was developed by considering the natural log of fleet
size as a single endogenous regressor. It was assumed that fleet size
would be strongly affected by demand levels given that BRT oper-
ators are easily able to adjust fleet sizes according to changes in
demand. The number of corridors and system length may be con-
sidered to have endogeneity with ridership; however, it seems
that these two system elements cannot be easily adjusted to meet
changes in demand. Indeed, Model 1 proves the importance of fleet
size for explaining ridership. Following the 2SLS modeling pro-
cedure, the endogenous variable, fleet size, was fitted with two
instrumental variables (IVs) including the natural log of the pop-
ulation and the number of BRT corridors. These two variables were
selected because they have a significant association with fleet
size—explaining 44% of the variation of fleet size. Then, a second-
stage model (Model 3) was developed by replacing the original val-
ues of fleet size with estimates from the first-stage model. Hausman
tests (Hausman 1978) show that the fleet size variable is endog-
enous at a significance level of 0.05. In addition, the significance
of the first-stage model with an F-statistic of 42.84 (p < 0.01) re-
jects the null hypothesis that the IVs are weak. These results sup-
port the adoption of the 2SLS model for the data set; however, the
exogeneity requirement of IVs (Wooldridge 2009) was suspected
because the coefficient of correlation between daily ridership and
the number of corridors is 0.75. Nevertheless, this study adopted
the 2SLS model specification by assuming that the number of cor-
ridors is related to daily ridership via fleet size, potentially deter-
mining fleet size to a substantial extent (i.e., the requirement of
instrument relevance). The estimated model explained 78% of the
variance in system-level ridership, showing a rather lower explana-
tory power in comparison to Model 1; however, this was expected
given that, by definition, the 2SLS R-squared value is always
smaller than the OLS R-squared value because OLS minimizes
the sum of squared residuals. Considering all these aspects, the es-
timated 2SLS model seems to be the most preferred of the three

Model 1 (OLS)

Model 2 (OLS excluding

supply variables) Model 3 (2SLS)

Beta Beta Beta
Variable Coefficient coefficient Coefticient coefficient Coefticient coefficient
Constant 13.315% — 10.077* — 13.824* —
Log of fleet size® 0.837% 0.710 — — 1.148° 0.973
Log of population® 0.206* 0.174 0.520* 0.439 — —
Log of standard fare in USD/GDP per capita®2® —2.933¢ —0.080 — — —1.406* —0.038
Number of BRT corridors 0.068¢ 0.108 — — — —
Existence of two or more metro lines — — — — 0.343¢ 0.081
Operation of both integrated fare collection and — — 0.699¢ 0.168 0.387¢ 0.093
real-time information systems
Developing countries (Asia, Latin America, Africa) — — 1.095% 0.306 — s

Adjusted R? = 0.808
F-statistic = 117.4*

Adjusted R? = 0.450
F-statistic = 31.03*

Adjusted R? = 0.780
First-stage

F-statistic = 42.84"

Hausman p-value = 0.031

“Significant at 1%.

PNatural logarithm transformations are applied after adding ones to handle zero values.

“Significant at 10%.
dSignificant at 5%.
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models. After controlling the impact of fleet size, the model sug-
gested that fare levels are negatively associated with ridership and
showed that the operations of both integrated fare collection and
real-time information systems can boost BRT ridership by 47%
[this is known because exp(0.387) = 1.47]. The existence of two
or more metro lines, which was not found to be significant in
Models 1 and 2, showed a positive influence on ridership (41%
increase), implying the importance of transit network effects.

Distance-Normalized Ridership Models

Models with a dependent variable of log-transformed BRT rider-
ship per kilometer were also developed as shown in Table 5.
The estimated OLS model (Model 4) identified that variables such
as fleet size per kilometer, population density, fare level, and the
existence of multimetro lines are significantly associated with rel-
ative ridership to system length. Similar to the total daily ridership
model, the fleet size variable displayed the strongest impact, and
fare levels were negatively associated with ridership. The model
implies that higher population density tends to induce higher rider-
ship with an elasticity of 0.153. What is more, a doubling of pop-
ulation densities is associated with a 15.3% rise in ridership. This
elasticity is rather lower than the elasticity of 0.393 found in the
two-variable ridership model of Cervero and Dai (2014). That
study’s higher elasticity might be ascribed to a failure in sufficiently
controlling the effects of other factors, thus causing an overesti-
mated impact of population density. The metro line variable is sig-
nificant because it suggests that BRT ridership can be positively
affected by other transit systems that are well developed.

In line with Model 2, a model (Model 5) without service supply
variables was developed. (Unlike in Model 2, the number of BRT
corridors was retained in Model 5 because the variable was re-
garded not to have a reciprocal relationship with relative ridership.)
The developed model revealed that GDP per capita is negatively
associated with relative ridership, pointing to the poorer service
effectiveness of BRT systems in wealthy cities, as mentioned in
the research of Currie and Delbosc (2011). Although the cause is

Table 5. Daily BRT ridership per kilometer models (n = 111)

seemingly perplexing, characteristics of wealthy cities, such as
higher car ownership and lower residential density, might partly
explain the situation. The log-transformed model indicated that
the elasticity of GDP per capita is —0.281. The number of corridors
was also identified as an influential factor in the model, implying an
11.7% increase in ridership with a one-corridor increase per BRT
system. Similarly, the model indicated that adding metro systems
increases ridership with an elasticity of 0.127. This situation was
expected because the average ridership of 35 cities with metro sys-
tems is much greater than the average ridership of 76 cities without
metro systems (i.e., 8.6 thousand versus 4.1 thousand per day per
kilometer). Note that the interpretation of metro length elasticity
is rather tricky for cities without metro systems (zero values for
length). Although the impact of metro systems on BRT ridership
may need further investigation, these findings clearly emphasize
that BRT service effectiveness can be substantially affected by net-
work effects of BRT systems alone or coupled with metro systems.
The positive signs of the existence of passing and median bus lanes
imply that improved service reliability and speed, which can be ob-
tained from installing these lanes, stand to significantly increase rid-
ership. These findings are in line with the arguments of Wirasinghe
et al. (2013).

A 2SLS model was also developed for distance-normalized
ridership. For this, the fleet size variable was considered an endog-
enous variable and fitted by three IVs including logarithmic forms
of population density, number of stations per kilometer, and BRT
length per corridor. Although the first-stage model was significant
at a level of 0.01, Hausman tests suggested that the fleet size var-
iable is significantly endogenous only at a level of 0.119 or higher.
This is somewhat expected because the dependent variable is rel-
ative ridership, which is likely to be weakly affected by service
levels. Because of this, it cannot be easily concluded that the 2SLS
approach is strongly preferred to other approaches. Nevertheless,
the 2SLS model appears to be useful for the identification of mean-
ingful variables considering its high R-squared and Hausman
p-value close to 0.1. The developed model indicated that fare,

Model 4 (OLS)

Model 5 (OLS excluding

supply variables) Model 6 (2SLS)

Beta Beta Beta
Variable Coefficient coefficient Coefficient coefficient Coefficient coefficient
Constant 5.950* — 9.820% — 6.338% —
Log of fleet size per kilometer” 0.903* 0.752 — — 1.130% 0.948
Log of population density (persons per kilometer squared)” 0.153¢ 0.107 — — — —
Log of GDP per capita” — — —0.281¢ —-0.216 — —
Log of standard fare in USD/GDP per capita®2® —4.283% —0.142 — — —1.529% —0.178
Number of BRT corridors — — 0.111¢ 0.215 — —
Existence of passing lanes — — 0.723¢ 0.152 — —
Existence of median BRT lanes — — 0.551°¢ 0.183 — —
Two or more metro lines 0.380¢ 0.109 — — 0.410¢ 0.119
Log of metro length in kilometers® — — 0.127¢ 0.174 — —
Operation of both integrated fare collection and — — — — 0.406¢ 0.118

real-time information systems

Adjusted R? = 0.706
F-statistic = 63.71%

Adjusted R? = 0.241
F-statistic = 7.99%

Adjusted R? = 0.679
First-stage
F-statistic = 5.128*
Wald-statistic = 20.69*
Hausman p-value = 0.119

“Significant at 1%.

PNatural logarithm transformations are applied after adding ones to handle zero values.

“Significant at 10%.
dSignificant at 5%.
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Table 6. BRT speed model

Beta
Variable Coefficient coefficient
Constant 4.104% —
Log of number of stations per kilometer —0.612% —0.576
Log of number of passengers per station —0.063* —0.304
Existence of passing lanes 0.188° 0.235
Operation of integrated fare-collection systems 0.109¢ 0.192

Number of observations = 76; F-statistic = 11.36%; adjusted R? =0.355

“Significant at 1%.
bSignificant at 5%.
“Significant at 10%.

the existence of multimetro lines, and the operation of both inte-
grated fare collection and real-time information systems are signifi-
cant factors affecting relative ridership.

BRT Speed Model

The developed models described in the previous section found
that BRT systems with passing lanes, median bus lanes, and inte-
grated fare-collection systems are likely to have higher ridership.
Interestingly, this finding implies that BRT speed can be associated
with ridership insofar as the operations of such facilities and fare-
collection systems can positively influence speed, as has been also
suggested in research by Wirasinghe et al. (2013) and Deng and
Nelson (2011). To test the influence of such factors on speed, this
study attempted to develop a speed model for 76 cities for which
BRT speed data could be obtained.

Table 6 illustrates the developed model with a dependent
variable of log-transformed BRT speed and four significant ex-
planatory variables, including the operation of passing lanes and
integrated fare-collection systems. Although the median bus lane
variable was not captured, the model suggests that speed may have
a positive influence on ridership in an indirect manner. The insig-
nificance of median bus lanes may be partly attributed to the large
variation of median bus lane performance because the lanes include
a variety of types, such as full median, partial median, separated
right-of-way, and partially separated right-of-way lanes; however,
care should be taken in that higher ridership can negatively affect
speed because the variable representing the number of passen-
gers per station has a negative sign in the model. This is plausible
because a high volume of passengers—entailing more boardings
and alightings—tends to increase dwell times at stations. In rider-
ship models, speed variables often have been found to have neg-
ative effects, even though the policy implications of this result are
counterintuitive.

Conclusion

Summary and Findings

In cities, public transit has been developed as a way to improve
mobility, provide transportation alternatives, and reduce negative
environmental impacts from the excessive use of cars, thus enhanc-
ing sustainability and equity. As one mode of transit, BRT systems
have gained popularity worldwide for providing fast and easy access
for citizens to fulfill their transportation needs. A better under-
standing of performance levels of BRT systems and performance-
influencing factors is expected to help transportation agencies make
appropriate decisions about new BRT investments and better oper-
ation of existing systems. Accordingly, this study explores factors
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affecting system-level BRT ridership, one of the key performance
measures of BRT systems, in 111 cities worldwide. Statistical mod-
els were developed by employing two dependent variables of total
daily ridership and normalized ridership by system length. The nor-
malized ridership models were expected to reveal factors affecting
system effectiveness, regardless of system scales. The models tested
the significance of potential factors including population, GDP per
capita, BRT system characteristics, and metro service levels. Con-
sidering bidirectional relationships between ridership and service
supply levels (specifically, fleet size), 2SLS models were also con-
structed for tests. Analysis showed that a bidirectional relationship
exists notably in the modeling of total daily ridership, whereas the
relationship was found to be rather weak in the normalized rider-
ship model.

The developed models demonstrated that service supply levels,
such as fleet size and the number of BRT corridors, are critical fac-
tors for determining ridership, as expected. Using supply variables,
it was possible to explain 80% of the variation in total ridership and
70% of the variation in normalized ridership. After controlling the
effects of service levels, the models revealed that factors such as
population and fare affect total daily ridership. In particular, the
2SLS approach identified that the existence of multimetro lines
can increase ridership by 41% and that the operation of both inte-
grated fare collection and real-time information systems can boost
ridership by 47%. In addition, the relative ridership models pointed
to the importance of factors such as population density, GDP per
capita, the length of metro systems, and the existence of passing
and median bus lanes. Generally, these findings appear to coincide
with the findings of previous BRT ridership studies (Cervero and
Dai 2014; Currie and Delbosc 2011; Hensher et al. 2014; Currie
and Delbosc 2013), suggesting that BRT elements of advanced
technology (elements that support efficient and convenient inter-
modal systems in particular), as well as busways with passing lanes,
stand to contribute to increased ridership. This study also shows that
BRT elements have positive relationships with bus speeds, as sup-
ported by a regression model for 76 cities with available BRT speed
data. This observation appears to indirectly demonstrate the positive
influence of speed on ridership. The identification of network effects
was noteworthy. Indeed, Model 5 identified that the inclusion of one
additional BRT corridor in a city is likely to increase ridership by
11.7% and that a 10% increase in metro length tends to boost rider-
ship by about 1.3% on average. Network effects might expand the
usefulness of every corridor in a BRT network, thus increasing the
ridership potential of each corridor. Network effects, however, still
need further investigation of various aspects, including the extent of
network effects and roles of integrated service and fare systems.

Future Research

Despite its meaningful findings, this study has limitations in its data
extensiveness and analytical approaches. Regarding data extensive-
ness, the limited number of factors considered might weaken the
explanatory power of the models, leaving about 20%—-30% of the
variance in ridership unexplained even with service supply-level
variables. Potential factors not considered in this study include cer-
tain sociodemographic characteristics of cities such as the propor-
tion of students and car ownership (Hensher et al. 2014; Ko et al.
2011) and walking conditions of the urban environment (Estupinan
and Rodriguez 2008). Consideration of various operational charac-
teristics, including service span (Currie and Delbosc 2011), vehicle
type and capacity (Hensher et al. 2014; Currie and Delbosc 2013),
and availability of intermodal connections (Sohn and Shim 2010;
Cervero et al. 2010) would have improved the modeling results.
In addition, there are numerous factors that are well understood to
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impact ridership, including service frequency, schedule reliability,
preboard fare collection, station boarding level, city-wide modal
shares, dedicated right-of-way length, transit signal priority, and
user perceptions of BRT systems. Although the possibility of col-
lecting all these potential influencing factors at a city level is ques-
tionable, extensive data-collection efforts are essential for future
studies.

Although the linear regression approach was successfully
applied in identifying important factors that affect ridership, the ap-
proach seems insufficient in capturing indirect and reciprocal rela-
tionships between variables (Sohn and Shim 2010). As shown in the
relationships among ridership, BRT elements, and speed, the pos-
sibility that unknown relationships exist is high. This issue will
be more critical when numerous variables are considered altogether.
Accordingly, it is certain that larger databases and advanced analyti-
cal approaches such as structural equation models will add much
value to the quality and strength of the findings herein. An effective
treatment of endogeneity of some supply variables such as fleet size,
number of corridors, and system length is another issue. Although
this study rather simply assumed that fleet size has endogeneity with
ridership, other supply variables may deserve to be tested for the
endogeneity. Note that this study adopts city as the unit of analysis.
Cities with different circumstances may have different endogenous
variables.
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