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Abstract

The linkage between crowding and service quality in transit systems is an issue of major

concern among city planners, transportation managers and passengers. This article analyzes

over 1.3 million readings on daily bus service running every fifteen minutes across eleven

routes in Western Massachusetts to investigate the relationship between ridership and the

reliability of a bus service. Results indicate that an additional unit increase in the number of

passengers results in a 0.9% reduction in the reliability of bus services. Estimates suggest that

high volumes of bus ridership cause a significant increase in the variance of bus service

reliability. Results also show that the bus service is more reliable during the weekends and in

the summer session when relatively fewer students need public transportation. These findings

have policy implications for quantifying the economic cost of unreliable bus services

associated with large volumes of passengers.
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1 Introduction

Recent trends of urbanization across the world have resulted in high transit demand for mobility
among a large number of residents. Although the majority of the US population rely on
automobiles, the American Public Transportation Association reports that public transit ridership
has witnessed a significant rise in cities such as Seattle and Houston. The proportion of trips for
commuting to work in the US increased among individuals aged 30 to 39 years and with
undergraduate degrees from 2001 to 2009 (Freeland et al., 2013). Public bus service deserves
more attention because the sector of road transportation accounts for about a third of the US
carbon emissions from energy use (Duranton and Turner, 2011). Although economists have
explored cost-effective ways to alleviate traffic congestion (De Palma et al., 2017), relatively little
empirical evidence exists on the problem of crowding in public transportation across the globe
(Cox et al., 2006). This necessitates a comprehensive understanding of how crowding on transit
systems impacts travel delays and service reliability.

Transit crowding results in high waiting time and in-vehicle travel time (Wardman and
Whelan, 2011), reduced travel time reliability (Haywood and Koning, 2015), stress and feelings
of exhaustion (Mahudin et al., 2012). In addition to imposing disutility on riders, crowding
dissuades individuals from taking transit and indirectly causes traffic congestion in roads
(Prud’homme et al., 2012). Crowding conditions also influence the dwelling time of trains,
passenger behavior and line capacity (Lam et al., 1999; Vuchic, 1981), implying that crowding at
stations have implications for design of the station platforms. According to Leurent et al. (2014),
the issue of flowing capacity in mass transit is critical for transit network design and planning. As
the economic cost of crowding escalates with an increase in public transit use, city planners need
to address the problem of crowding when designing effective transportation management policies.
This highlights the need to evaluate the impact of transit crowding on the reliability of services
across different settings.

The primary objective of this article is to empirically estimate the effect of ridership on the
reliability of a public bus service. This article takes advantage of a rich data set on daily bus service
running every fifteen minutes across eleven routes offered by Pioneer Valley Transport Authority
(PVTA) from January to September in 2015. This article accounts for a suite of bus characteristics
and fixed effects to evaluate the linkage between bus patronage and the reliability of a bus service
in the town of Amherst in Western Massachusetts. Results indicate that an additional unit increase
in the number of passengers results in a 0.9% reduction in the reliability of bus services (measured
in terms of deviations from scheduled times of arrival) and a 0.1% decrease in the likelihood
of a bus service operating right on time. Findings show that an additional unit increase in bus
ridership is positively associated with the variance of bus service reliability. High volumes of bus
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ridership likely result in an increase in dwell time that, in turn, gives rise to a significant increase
in the variance of bus service reliability. The impact of bus ridership on variance of reliability is
prominent among bus routes with high and moderate service frequency. Results also indicate that
the bus service is more reliable during the weekends and in the summer session when relatively
fewer students need public transportation.

This article complements existing studies that have proposed different models of crowding in
the public transportation literature. Prior studies have proposed both physical conditions involving
space limitations and psychological factors as possible indicators of crowding (Mahudin et al.,
2012). According to Cox et al. (2006), the notion of crowding is based on cognitive, social and
environmental factors. Considering the role of physical factors in measuring the phenomenon of
crowding, Mahudin et al. (2012) apply a 20-item self-rating questionnaire and evaluate subjective
crowding experiences among 525 rail users. These alternate psychology-based assessment tools
for measuring crowding experiences, in conjunction with objective measures employed in this
study, provide a more comprehensive coverage on crowding in the public transportation sector.

This article is broadly related to an influx of studies that take advantage of revealed preference
data in estimating external costs of public transport such as crowding discomfort. For example,
Hörcher et al. (2017) apply a revealed preference route choice framework to estimate the user cost
of crowding in terms of the equivalent travel time loss. Using automated demand and train location
data, they account for changes in crowding conditions and find that an “additional passenger per
square meter on average adds 11.9% to the travel time multiplier.” Among other studies in the
crowding valuation literature, Tirachini et al. (2016) apply smart card transactions among metro
users in Singapore to estimate differences in the valuation of travel time sitting and standing.
The valuation of such differences estimated in Tirachini et al. (2016) has direct repercussions on
evaluating the social benefits of seat capacity expansion in a public transport system. Haywood
et al. (2018) quantify the magnitude of welfare losses caused by in-vehicle congestion in Paris
subways during peak periods and estimate the marginal external cost of subway congestion to
be 0.123 euro per passenger-km. Hörcher et al. (2018) model the impact of seat supply on the
marginal cost of traveling and differentiate two types of external costs: crowding density and
seat occupancy externalities. However, their empirical approach does not incorporate the dynamic
nature of boarding in the model.

This article contributes to the literature on public transportation in two different ways. First,
to the knowledge of the author, this is the first study in the state of Massachusetts that uses a
rich micro-level data set on public transit service and estimates the linkage between passenger
volume and the reliability of bus services. The focus of the study on public transportation in the
town of Amherst in Western Massachusetts remains an important policy-relevant issue. Amherst
residents have a strong preference for more frequent bus service, longer bus service hours and
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wider coverage of public transportation. For example, 47% of respondents in Amherst believe that
buses should both have frequent weekday service as well as more night and evening service and
42% of them demand that buses should travel to more locations (Amherst, 2015). The issue of
reliable bus transportation also deserves more attention because the average commute time by car
in Massachusetts jumped from 25.9 minutes to 28.4 minutes between 2008 and 2017 (Schoenberg,
2019).

Second, this study bolsters the existing literature on the relationship between public transport
patronage and service quality. For example, Lam et al. (1999) investigate the linkage between the
dwelling time of trains and crowding scenarios at two Light Rail Transit (LRT) stations in Hong
Kong. Using stated preferences survey, Lam et al. (1999) report that “passengers are less sensitive
to the crowding conditions in a vehicle for a journey with shorter travel time.” In a different study,
Leurent et al. (2014) provide a static, macroscopic model of traffic assignment to a transit network
and explain that dwell time and operating margins influence vehicle traffic and may reduce the
frequency of service delivery. Tirachini et al. (2013) explore different dimensions of crowding
effects and high passenger density on public transport demand, supply and operations in Sydney.
Finally, Coulombel and Monchambert (2019) investigate the impact of congestion on economies of
scale in the public transportation sector, with a focus on the quality of services in both monopolistic
and optimal regimes.

The remainder of the paper is structured as follows. Section 2 presents a detailed background on
public bus transportation in the city of Amherst. Section 3 develops an empirical model followed
by data description and the main results of the study in section 4. Section 5 concludes.

2 Background

Amherst is the northernmost town in the Hartford-Springfield Metropolitan Region in the state of
Massachusetts. Located in the Pioneer Valley, Amherst includes Hampshire, Hampden and
Franklin counties. The town is home to three educational institutions: Amherst College,
Hampshire College, and the University of Massachusetts Amherst. The primary modes of
transportation among the residents of Amherst are: private cars, carpool, public transit, walking
and bicycles. Statistics from the American Community Survey on transportation behavior among
Amherst residents report that 10% of them walk to work, 3% of them bike to work and 10% of
them take transit to work in both North and South Amherst (Amherst, 2015). A different survey
conducted by the Town of Amherst from September 25, 2014 to November 30, 2014 reports that
65% of the residents drive alone and 5% of the residents carpool (Amherst, 2015). The average
daily traffic volume in Amherst is more pronounced on Route 9, Route 116, and Triangle Street.
Descriptive reports indicate that the majority of roads in Amherst have fewer than 10,000 cars per
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day and do not require more than one lane in a direction of travel (Amherst, 2015).
The quality of bus service in the town of Amherst in Western Massachusetts is an issue of major

concern. Secondary data indicate that over 40% of residents in Amherst have expressed a desire
for a much wider coverage of bus transportation facilities throughout the year (Amherst, 2015).
The average commute time by car in Massachusetts has seen a significant rise over the years.
For example, (Schoenberg, 2019) reports that the commute time increased from 25.9 minutes in
2008 to 28.4 minutes in 2017. Increasing demand for more reliable bus services among residents
in Amherst previously led to a set of transit-related recommendations such as improving stop
amenities and making real-time bus arrival information publicly available (Amherst, 2015).

The Pioneer Valley Transit Authority (PVTA), the largest regional transit authority in
Massachusetts, provides public transportation service in Amherst within the Pioneer Valley
region. Table 1 presents a summary of different bus routes offered by the PVTA. Each column
describes the route number and description, one-way length of the trip and an indicator of service
provision during the weekends. Routes 30, 31, 33, 34/35 and 38 operate seven days a week during
the academic year and provide service to Amherst and UMass-Amherst. Routes 45 and 46 are
regional services that connect UMass to nearby communities, including Northampton,
Belchertown, South Deerfield, and Holyoke. Figure 1 presents a map of the PVTA routes in
Western Massachusetts.

Table 1: Route summary of the PVTA bus service in Amherst, January - September 2015

Route Description One-Way Trip Weekend
Length (mins) Service

(1) (2) (3) (4)

46 South Deerfield / Whately Park & Ride / UMass 20 No
45 Belchertown Center / Umass 31 No
38 Mt. Holyoke / Hampshire / Amherst / Umass 35 Yes
36 Atkins Farm / Olympia Drive 20 Yes (Saturdays only)
35 Campus Shuttle (Southbound) 29 Yes
34 Campus Shuttle (Northbound) 37 Yes
33 Puffer’s Pond / Shopper Shuttle 20 Yes
31 Sunderland / South Amherst 31 Yes
30 North Amherst / Old Belchertown Road 27 Yes

Note: No service on Nov. 28 and 29, Dec. 25, Jan. 1, May 25 and July 4. Reduced service on Oct.
14, Nov. 11, Nov. 25 - Nov. 27, Dec. 20 - Jan. 20, Feb. 17, Mar. 14 - 21, Apr. 20, May 8 -
Sep. 7. Detailed schedules for each bus route are available from the Pioneer Valley Transit Authority (PVTA).
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Figure 1: Map showing Pioneer Valley Transit Authority (PVTA) bus routes in Massachusetts

3 Empirical Strategy

To identify the effect of ridership on the reliability of a public transportation service, this study
estimates the following equation:

Yim = βCim +X
′
im.θ + γi + ζj + δkl + λl + εim (1)

where Yim is a measure of service reliability for bus i operated by driver j, stop k, day l and
time-schedule m. C, a measure of bus patronage or ridership in the study, represents the number
of people inside the bus. X

′
i includes a vector of controls such as vehicle speed, direction, and

inbound-outbound status. Prior literature has documented that measures of bus service reliability
can vary across speed and direction of a vehicle’s travel (Huo et al., 2014). The direction of
a bus indicates where the vehicle is going just before turning into an intersection or before it
loses control. To some extent, the direction of a bus captures the spatial distribution of service
reliability. The inbound-outbound status denotes whether the bus is heading from the university to
the downtown and vice-versa.

This study employs four measures to quantify the reliability of a bus service. The first measure
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entails the difference between a scheduled arrival time and an actual arrival time. This means that
a negative or a positive value indicates the magnitude of an unreliable bus service. Specifically,
a value of zero indicates that the bus arrived exactly on time, a positive value indicates that the
bus arrived earlier than scheduled and a negative value indicates that the bus arrived later than
scheduled. The second measure is the squared difference between a scheduled arrival time and an
actual arrival time. The third measure is the absolute difference between a scheduled arrival time
and an actual arrival time. The final measure of reliability is a binary variable that takes a value of
1 when the bus arrived exactly on time and 0 otherwise.

The bus fixed effects γi control for all time-invariant determinants of service reliability
specific to different bus characteristics. These determinants include factors such as age, model,
vehicle mass, vehicle static stability factor, front and rear suspension characteristics, and vehicle
wheelbase. Bus operator fixed effects ζj account for unobservable individual bus operator
characteristics such as age, gender, location, years of experience and other demographics. For
example, there may be differences in service reliability between buses driven by experienced
drivers and younger interns. Stop-by-day fixed effects δkl control for time-varying differences in
service reliability that might be common across buses passing through a specific stop. These
differences may emerge from idiosyncratic shocks such as road repair or construction applicable
to a given bus route in a given day. Finally, day fixed effects λl control for unobservable day-level
shocks, including heterogeneity in weather patterns, incidence of holidays and primary events
such as student move-in and university commencement dates. The stochastic error term, εim,
includes other unobservable factors that may determine service reliability. β, the main coefficient
of interest, represents the average change in bus service reliability for every unit additional
change in the number of passengers inside the bus.

Equation (1) estimates the effect of ridership on reliability of a public bus service, conditional
on a suite of time-invariant and time-varying fixed effects as explained above. The estimating
equation hypothesizes that an increase in bus patronage or ridership results in unreliable services,
holding everything else fixed. This approach estimates the patronage parameter using bus-specific
deviations in ridership from the bus averages after adjusting for daily shocks common to all buses
passing through a route-specific stop. Put another way, the estimates are identified from
comparisons of buses in a given stop within the same route that have high ridership shocks with
ones that have low ridership shocks, after accounting for average realizations of bus ridership.
The identification hinges on the assumption that this variation is orthogonal to unobserved
determinants of bus service reliability such as road congestion.

Although road congestion is a major concern in the context of public transportation, it is
well-documented that the problem of traffic or road congestion is much less prevalent in Western
Massachusetts compared to the Greater Boston Area. For example, more than 60% of roadways
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are congested in Greater Boston area during peak rush hour, while only 10% of roads are
considered congested in Western Massachusetts (Schoenberg, 2019). This suggests that
congestion in the town of Amherst may not be a significant predictor of the reliability of bus
services. To some extent, bus route-by-month-by-time of a day fixed effects control for
time-varying differences in reliability of bus services originating from road congestion common
across bus stops in a specific bus route for a given time of a day across different months. That
said, this article acknowledges that unobservable factors such as road congestion may affect the
reliability of the bus service.

There are three further issues about the econometric approach that bear noting. First, it is
likely that past levels of service reliability in a given route may determine the current level of
service reliability, suggesting the possible presence of autoregressive behavior. Recent empirical
studies highlight that the inclusion of a lagged dependent variable in the econometric specification
may bias coefficient estimates in panel models (Dell et al., 2014; Paudel and Crago, 2020). To
address this issue, this article performs a robustness check with the inclusion of a lagged bus
service reliability measure in the econometric specification (more on Section 4.3). The result
reported in the supplementary appendix suggests that the focus on contemporaneous relationship
does not underestimate the overall effect of bus patronage on service reliability.

Second, bus service delays likely originate from increased dwell times. The primary empirical
specification does not directly incorporate people entering or leaving the bus at a previous station.
It is therefore possible that the estimated crowding effect on reliability can either be
underestimated or overestimated depending on the correlation between dwell times in a previous
station and patronage in a current station. To explore this issue further, this article conducts an
additional robustness check on Section 4.3 with the inclusion of the number of passengers
entering or leaving a bus at a previous station in the econometric specification. The result reported
in the supplementary appendix indicates that the contemporaneous effect of bus patronage on
service reliability even with the inclusion of a proxy for dwell times in a previous stop is robust,
statistically significant and very close to the result in the main analysis.

Finally, it is possible that the reverse causality associated with the introduction of a vehicle’s
speed in the empirical model may bias the parameter estimate of the bus ridership. If the reliability
of a bus service at a current location in turn affects the speed of the bus, the overall effect of bus
ridership on reliability of bus service will be biased downward. To test for the possibility of reverse
causality, this article conducts a Granger causality test based on an auxiliary vector autoregression
with the null hypothesis that the reliability of a bus service does not Granger-cause the speed of a
bus (more on Section 4.3). The lack of a statistical significance of the coefficient of a bus service
reliability confirms the failure to reject the null hypothesis, implying that reverse causality is likely
not a major issue in the econometric specification employed in the study. In addition, the main
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coefficient of ridership on the reliability of a bus service changes from −0.02 to −0.01 with the
introduction of a speed in the empirical model. This confirms that the main estimates are robust to
the inclusion of speed in the empirical specification.

4 Data and Results

4.1 Summary Statistics

Table 2 provides a monthly summary of bus service reliability in the city of Amherst from January,
2015 to September, 2015 available from PVTA. Each row from column (1) to (6) summarizes
monthly unique observations of reliability, days, buses, drivers, routes and stops. The last two
columns present monthly average and standard deviation of bus service reliability. The final row in
the table shows that the entire sample consists of 1,309,505 readings on service reliability collected
from 37 buses serving 234 stops across 10 routes operated by 188 drivers over a span of 234 days.
Column (7) demonstrates that the average reliability of a bus service improved significantly in the
summer, with values ranging from -4.67 in January to -0.67 in July.

Table 2: Data summary of the PVTA data, January 2015 - September 2015

Months Number of Observations Reliability (min)

Reliability Days Buses Drivers Routes Stops Mean Std. Dev.

(1) (2) (3) (4) (5) (6) (7) (8)

January 128,329 18 33 139 10 233 -4.67 12.22
February 228,708 28 36 154 9 233 -2.76 10.70
March 236,546 31 33 162 10 234 -3.03 10.53
April 269,647 30 33 161 9 233 -2.27 9.62
May 137,246 30 34 143 10 233 -5.58 13.17
June 96,177 30 27 66 6 159 -0.75 9.87
July 99,780 30 24 63 6 159 -0.67 9.52
August 95,486 31 28 62 6 159 -0.75 10.34
September 17,586 6 17 48 6 158 -1.17 12.10

Overall 1,309,505 234 37 188 10 234 -2.72 10.86

Figure 2 presents the histogram and the density plot of the bus service reliability in the study.
Figure 3 (a) shows a downward trend in bus service reliability, implying that buses come two
minutes late early in the mornings with a gradual decline in reliability until 10 am. The measure
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Figure 2: Histogram and density plot of the reliability of a bus service

of reliability remains flat from 10 am onward for almost an hour until the service starts to improve
gradually in the afternoons and drastically in the evenings from 7 pm onward. Figure 3 (b)
demonstrates a steep increase in the average number of passengers inside the bus from 6 am until
2 pm in the afternoon. Passenger flow appears to remain constant from 3 pm onward until a
gradual increasing pattern emerges around 9 pm. The decline in the reliability of a bus service
between 6 am and 11 am is strongly correlated with a considerable rise in the number of
passengers during the same time period.

Table A1 presents detailed summary statistics of relevant variables employed in the empirical
model. On an average, a typical bus service is 2.72 minutes late with a standard deviation of 10.86
minutes. The minimum value of bus service reliability is -59, suggesting that the bus service has
once been late by 59 minutes. This continuous measure of bus service reliability can be expressed
in three binary variables: bus service is on time, bus service is earlier than scheduled and bus
service is late. Table A1 shows that a bus comes as scheduled exactly 12% of the time, a bus
comes earlier than scheduled 18% of the time, and a bus is late 69% of the time. The average
number of passengers taking the bus is 9.9 with a standard deviation of 13 and a maximum value
of 255. The speed of the bus is relatively lower, given that majority of bus stops are located in
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Figure 3: Hourly variation in the reliability of a bus service and ridership
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the vicinity of the university. The bus moves at a speed of 24.02 miles per hour with a standard
deviation of 13.04 miles per hour. 40% of the bus rides are on loop, suggesting that 60% of the
rides are either inbound or outbound.

The frequency of observations across different months is heterogenous in the empirical sample.
The months of June, July and August comprise relatively lower proportion of the entire sample
because most of the buses run on a reduced schedule during the summer. It is not entirely surprising
that the month of April consists of the largest proportion of observations (21%). The bus system
operates on a reduced schedule during holidays in the spring semester (for example, President’s
Day Weekend in February and Spring Break in March). This implies that 56% of the observations
in the sample come from the months of February (17%), March (18%) and April (21%). Note that
the empirical sample includes observations from January 13, 2015 to September 9, 2015.

4.2 Ridership and the Reliability of a Bus Service

Table 3 evaluates the relationship between ridership and the reliability of a bus service. Moving
from left to right in the table, Table 3 estimates equation (1) for each measure of service reliability
with no controls while adding a progressively richer suite of fixed effects. The controls include
vehicle characteristics, operator fixed effects, stop-by-day fixed effects, day fixed effects, month
fixed effects and bus fixed effects. Using deviation from scheduled time of arrival, regression
estimates in columns (1) and (2) indicate that high passenger volume leads to a strong and
statistically significant decrease in the reliability of a bus service. Specifically, column (2) shows
that an additional unit increase in bus ridership leads to a 1% decrease in the reliability of a bus
service. This finding is also consistent in terms of the likelihood that a bus is exactly on time. For
example, column (4) shows that an additional increase of 10 passengers in the bus leads to a 1%
decrease in the probability of a bus reaching the stop exactly on time.

Table 3 also explores the relationship between ridership and the variance of the reliability of a
bus service. Moving from left to right in the table from column (3) to column (7), estimates show
that ridership in the bus causes a significant increase in the variance of service reliability. Column
(4) with the most preferred specification indicates that the squared deviations from scheduled time
of arrival increase by 0.61 for every additional unit increase in bus ridership. Columns (5) and (6)
present the same relationship using an absolute deviation as a proxy for the standard deviation of
bus service reliability. Results show that an increase in absolute deviation from scheduled time of
arrival ranges between 0.026 and 0.056 for every additional unit increase in bus ridership. Overall,
Table 3 indicates that a rise in bus ridership is associated with a significant increase in the variance
of the reliability of a bus service.

The significant effect of bus ridership on measures of service reliability indicates that dwell
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Table 3: Impact of ridership on the reliability of bus service

Dependent Variable: Bus Service Reliability

Deviation Squared Deviation Absolute Deviation Service on time = 1
(mins) (mins2) (mins)

(1) (2) (3) (4) (5) (6) (7) (8)

Passengers -0.029*** -0.009* 1.338*** 0.610*** 0.056*** 0.026*** -0.002*** -0.001***
(0.009) (0.005) (0.241) (0.152) (0.008) (0.003) (0.000) (0.000)

Speed -0.016*** -0.393*** -0.029*** 0.002***
(0.003) (0.079) (0.002) (0.000)

Direction -0.000 -0.005 0.000 0.000***
(0.001) (0.007) (0.000) (0.000)

Loop = 1 -2.439*** 0.988 0.033 0.010**
(0.129) (3.378) (0.106) (0.004)

Controls No Yes No Yes No Yes No Yes
Operator FE No Yes No Yes No Yes No Yes
Stop-by-day FE No Yes No Yes No Yes No Yes
Day FE No Yes No Yes No Yes No Yes
Month FE No Yes No Yes No Yes No Yes
Bus FE No Yes No Yes No Yes No Yes
N 1,309,505 1,309,505 1,309,505 1,309,505 1,309,505 1,309,505 1,309,505 1,309,505
R-Squared 0.001 0.155 0.003 0.109 0.007 0.156 0.004 0.119

Notes: Standard errors, in parentheses, are clustered at the vehicle level. *** indicates statistical significance at the
1% level, ** indicates statistical significance at the 5% level and * indicates statistical significance at the 10% level.

time at the current bus stop is one of the primary mechanisms that explain the documented
relationship. Specifically, high volumes of passenger inside the bus at a given stop result in an
increase in the amount of dwell time at the same stop for a given bus route. Subsequently,
deviations from scheduled time of arrival arise, resulting in an increase in gap between scheduled
time of arrival and the actual time of arrival. It is beyond the scope of the study to empirically
tease out the relative effect of dwell time in a current stop on the reliability of the bus stop.
Table 3 suggests that high volumes of bus ridership likely result in an increase in dwell time
which, in turn, gives rise a significant increase in the variance of the bus service reliability.

Among other variables, speed of the bus is a primary characteristic that may explain the
variance in the reliability of a bus service. Estimates from Table 3 indicate that higher speed of
the vehicle causes a significant decline in the reliability of a bus service. In the most preferred
specification in column (4), I find that an additional increase in the speed of the bus causes the
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squared deviation from scheduled times of arrival to decrease by 0.393. The effect of speed on the
variance of service reliability is negative and statistically significant at the 1% level. It is worth
pointing out that the inclusion of speed in the empirical model causes the patronage estimate in
columns (3) and (4) to drop from 1.338 to 0.610, implying that the contribution of speed is
substantial. The same relationship persists in the case of absolute deviation from scheduled time.
With the inclusion of the speed in the empirical model, the patronage estimate in column (6) is
46.42% of the one in column (5). These findings indicate that the contribution of the speed in the
empirical model is strong and significant.

Table 4 breaks down the impact of ridership on the quality of a bus service across different
time periods. These periods, which capture the variation in bus service across time in the city
of Amherst, include mornings, afternoons, evenings, weekdays, weekends and summer months.
Panel A in Table 4 demonstrates that the negative effect of ridership on deviation from scheduled
time of arrival is more pronounced in the mornings compared to afternoons and nights. Column
(1) shows that that an additional unit increase in the number of bus passengers leads to a 2.9%
decrease in the reliability of a bus service. Columns (2), (3) and (4) demonstrate that effects of
ridership on the reliability of a bus service are strong, negative and statistically significant during
the afternoons, nights and weekdays. Negative effects of ridership on service reliability appear
to be restrained during weekends and the summer. Columns (5) and (6) show that bus service
reliability increases by 2.7% and 2.4% during weekends and summer, respectively.

Panel B in Table 4 evaluates the relationship between bus ridership and squared deviation from
scheduled time of arrival. For every additional unit increase in bus ridership, the variance of service
reliability increases by 0.897 during nights, 0.610 during weekdays, 2.427 during weekends and
0.879 during summer months. Although the effect of ridership on variance of service reliability
is positive during mornings and afternoons, the estimate is not statistically significant. Overall,
findings show that an additional unit increase in bus ridership is positively associated with variance
of bus service reliability.

Table 5 delves into the role of service frequency and evaluates the effect of ridership on
reliability across routes with different levels of service frequency. Specifically, it presents results
on the effects of ridership on average deviation and squared deviations across three different
groups: routes with very high service frequency (routes 30, 31, 34, 35), routes with moderate
service frequency (routes 33, 36, 38, 39) and routes with low service frequency (routes 45, 46).
Columns (2) and (3) show that the effect of ridership on average deviation from scheduled time of
arrival is negative and statistically significant among routes exhibiting moderate and low service
frequency. At the same time, the linkage between ridership and variance of reliability is positive
among routes with high service frequency (although not statistically significant) and routes with
moderate service frequency. For example, Column (5) indicates that the variance of reliability
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Table 4: Heterogenous impact of ridership on bus service reliability

Panel A, Dependent Variable:
Bus service reliability: Deviation

Mornings Afternoons Nights Weekdays Weekends Summer

(1) (2) (3) (4) (5) (6)

Passengers -0.029*** -0.018** -0.019* -0.019** 0.027** 0.024***
(0.008) (0.007) (0.010) (0.007) (0.012) (0.005)

N 414,587 733,050 161,868 1,185,512 123,993 291,443
R-Squared 0.149 0.133 0.154 0.117 0.202 0.108

Controls Yes Yes Yes Yes Yes Yes
Operator FE Yes Yes Yes Yes Yes Yes
Stop-by-day FE Yes Yes Yes Yes Yes Yes
Day FE Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes
Bus FE Yes Yes Yes Yes Yes Yes

Panel B, Dependent Variable:
Bus service reliability: Squared Deviation

Mornings Afternoons Nights Weekdays Weekends Summer

(1) (2) (3) (4) (5) (6)

Passengers 0.196 0.183 0.897** 0.610*** 2.427*** 0.879***
(0.277) (0.190) (0.338) (0.152) (0.597) (0.280)

N 414,587 733,050 161,868 1,185,512 123,993 291,443
R-Squared 0.119 0.128 0.201 0.109 0.438 0.154
Controls Yes Yes Yes Yes Yes Yes
Operator FE Yes Yes Yes Yes Yes Yes
Stop-by-day FE Yes Yes Yes Yes Yes Yes
Day FE Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes
Bus FE Yes Yes Yes Yes Yes Yes

Notes: Mornings include bus service from 6 am until 11:59 am, afternoons include bus service from 12 pm to 7:59
pm and nights include bus service from 8 pm to 11:59 pm. Summer includes months of June, July and August.
Standard errors, in parentheses, are clustered at the vehicle level. *** indicates statistical significance at the 1%
level, ** indicates statistical significance at the 5% level and * indicates statistical significance at the 10% level.

among routes with moderate service frequency increases by 0.827 for every additional unit
increase in bus ridership. On the other hand, column (6) shows that an additional unit increase in
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bus ridership results in a significant decrease in the variance of reliability across routes with low
service frequency. This suggests that a positive effect of ridership on variance of reliability is
mostly attributed to bus services with high and moderate service frequency.

Table 5: Impact of ridership on reliability across different frequencies of service

Dependent Variable: Bus Service Reliability

Deviation Squared Deviation

High Moderate Low High Moderate Low

(1) (2) (3) (4) (5) (6)

Passengers 0.010* -0.036*** -0.103*** 0.257 0.827* -0.242**
(0.005) (0.009) (0.007) (0.190) (0.475) (0.103)

Controls Yes Yes Yes Yes Yes Yes
Operator FE Yes Yes Yes Yes Yes Yes
Stop-by-day FE Yes Yes Yes Yes Yes Yes
Day FE Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes
Bus FE Yes Yes Yes Yes Yes Yes
N 833,072 337,520 81,129 833,072 337,520 81,129
R-Squared 0.193 0.128 0.302 0.133 0.103 0.094

Notes: High refers to bus routes with high service frequency (routes 30, 31, 34, 35). Moderate refers to bus routes
with moderate service frequency (routes 33, 36, 38, 39). Low refers to bus routes with low service frequency (routes
45, 46). Standard errors, in parentheses, are clustered at the vehicle level. *** indicates statistical significance at the
1% level, ** indicates statistical significance at the 5% level and * indicates statistical significance at the 10% level.

4.3 Robustness Checks

This section conducts additional robustness checks that strengthen the validity of the econometric
model employed in the study. First, this article argues that bus route-by-month-by-time of a day
fixed effects, to some extent, account for time-varying differences in bus service reliability linked
with road congestion common across different bus stops in a specific bus route for a given time of
a day across months of the year. Table A2 augments the main econometric specification employed
in the study with bus route-by-month-by-time of a day fixed effects. Column (1) shows that an
additional unit increase in number of passengers in the bus leads to a 2.2% decrease in the
reliability of a bus service. This provides compelling evidence that the contemporaneous effect of
bus ridership on service reliability is robust and statistically significant at 1% level even with the
inclusion of bus route-by-month-by-time of a day fixed effects specification.

Second, this article explores the possible presence of autoregressive behavior in the primary
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empirical specification. This is important because past levels of bus service reliability in a specific
route may influence the current level of bus service reliability. Table A3 presents the regression
results with the inclusion of lagged bus service reliability measure in the main empirical
specification. Results indicate that past levels of service reliability significantly predict current
value of service reliability. Importantly, the slope coefficient on ridership at a current bus stop is
negative and statistically significant at the 1% level. This suggests that the focus of this study on
the contemporaneous relationship does not underestimate the overall effect of bus patronage on
the reliability of service.

Third, this article delves into potential effect of road congestion on the reliability of bus
services. Section 3 explained that the problem of traffic or road congestion is relatively smaller in
magnitude in Western Massachusetts compared to the Greater Boston Area. Figure A1 provides
suggestive evidence that bus congestion varies significantly as a function of the academic
calendar. Specifically, bus patronage drops significantly in the month of May after the end of the
spring semester in the last week of April and rises tremendously after the beginning of the fall
semester during the first week of September. Additionally, road congestion, although limited in
nature, may become prominent during commencement dates of the academic year. If the omission
of road congestion in the empirical model biases the results of the study, one would expect to see
significant differences in the effect of bus patronage on reliability between services during
commencement dates and non-commencement dates. However, Table A4 shows that the effect of
bus patronage on service reliability with the exclusion of observations belonging to
commencement dates is almost identical in magnitude to the estimate reported in Table 3. This
provides suggestive evidence that the omission of road congestion does not likely bias the true
effect of ridership on the reliability of a bus service.

Finally, this article conducts a Granger causality test to examine potential reverse causality
associated with the introduction of a vehicle’s speed in the empirical model. The test is based on
an auxiliary vector autoregression with the null hypothesis that the reliability of a bus service does
not Granger-cause speed of a bus. The test investigates whether past values of service reliability
have any explanatory power on speed. Although the test for Granger causality is a weaker concept
compared to the true causality, the test exhibits good power among large data sets with sufficient
number of time periods. The lack of a statistical significance on the coefficient of a lagged measure
of service reliability (slope of −.0008734 with a p-value of 0.337) indicates the failure to reject
the null hypothesis. This suggests that the problem of reverse causality is not an issue of major
concern in the econometric model used in the study.
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5 Concluding Remarks

Prior literature has highlighted the problem of crowding in transit systems and subsequent
repercussions on service quality. To shed new empirical evidence of service quality among public
buses, this article applies a large, micro-level data set on daily bus service running every fifteen
minutes comprising of 1.3 million unique observations. Using detailed information on bus service
and passenger volume information in a large university town setting, this article incorporates a
regression framework to conclude that an additional unit increase in the number of passengers
results in a significant reduction in the reliability of a bus service. High volumes of passengers
also lead to a significant increase in the probability of a late bus service. Estimates suggest that
high volumes of bus ridership likely result in an increase in dwell time, giving rise to a significant
increase in the variance of the bus service reliability. The impact of ridership on variance of
reliability is mostly attributed to bus services with high and moderate service frequency. Results
further indicate that bus services are found to be more reliable during the weekends and in the
summer session when relatively fewer students need public transportation. Findings from the
study have policy implications for quantifying the economic cost of crowding associated with the
quality of bus services.

17



References

Amherst (2015). Amherst transportation plan. https://www.amherstma.gov/

DocumentCenter/View/31462/Amherst-Trans-Plan-v2---April-2014?bidId=.

Coulombel, N. and G. Monchambert (2019). Congestion, diseconomies of scale and subsidies in urban

public transportation. Working paper or preprint.

Cox, T., J. Houdmont, and A. Griffiths (2006). Rail passenger crowding, stress, health and safety in britain.

Transportation Research Part A: Policy and Practice 40(3), 244–258.

De Palma, A., R. Lindsey, and G. Monchambert (2017). The economics of crowding in rail transit. Journal

of Urban Economics 101, 106–122.

Dell, M., B. F. Jones, and B. A. Olken (2014). What do we learn from the weather? the new climate-economy

literature. Journal of Economic Literature 52(3), 740–98.

Duranton, G. and M. A. Turner (2011). The fundamental law of road congestion: Evidence from us cities.

The American Economic Review 101(6), 2616–2652.

Freeland, A. L., S. N. Banerjee, A. L. Dannenberg, and A. M. Wendel (2013). Walking associated with

public transit: moving toward increased physical activity in the united states. American Journal of Public

Health 103(3), 536–542.

Haywood, L. and M. Koning (2015). The distribution of crowding costs in public transport: New evidence

from paris. Transportation Research Part A: Policy and Practice 77, 182–201.

Haywood, L., M. Koning, and R. Prud’Homme (2018). The economic cost of subway congestion: Estimates

from paris. Economics of Transportation 14, 1–8.
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Figure A1: Number of passengers in a bus across different months
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Table A1: Summary of variables employed in the study

Characteristics N Mean St. Dev. Min Max

Service reliability (min) 1,309,505 -2.72 10.86 -59 59
Bus service on time 1,309,505 0.12 0.33 0 1
Bus service early 1,309,505 0.18 0.39 0 1
Bus service late 1,309,505 0.69 0.46 0 1
Number of passengers 1,309,505 9.90 13.04 0 255
Speed (miles per hour) 1,309,505 24.02 10.15 0 96
Direction (degrees) 1,309,505 189.46 109.15 0 358
Bus on loop 1,309,505 0.40 0.49 0 1

Seasonal variation:
January 1,309,505 0.10 0.30 0 1
February 1,309,505 0.17 0.38 0 1
March 1,309,505 0.18 0.38 0 1
April 1,309,505 0.21 0.40 0 1
May 1,309,505 0.10 0.31 0 1
June 1,309,505 0.07 0.26 0 1
July 1,309,505 0.08 0.27 0 1
August 1,309,505 0.07 0.26 0 1
September 1,309,505 0.01 0.12 0 1

Table A2: Robustness Check 1 - Impact of ridership on the reliability of a bus service

Dependent Variable:
Bus Service Reliability Bus Service is on Time= 1

(1) (2)

Number of passengers at a current station -0.022** -0.001***
(0.008) (0.000)

Passengers entering or leaving at a previous station -0.080*** -0.001***
(0.010) (0.000)

Speed -0.045*** -0.001***
(0.004) (0.000)

Direction -0.003*** 0.000**
(0.000) (0.000)

N 1,299,684 1,299,684
R-Squared 0.233 0.105

Notes: Each regression specification includes bus route-by-month-by-time-of-a-day fixed effects. Standard
errors, in parentheses, are clustered at the vehicle level. *** indicates statistical significance at the 1% level,
** indicates statistical significance at the 5% level and * indicates statistical significance at the 10% level.
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Table A3: Robustness Check 2 - Impact of ridership on the reliability of a bus service

Dependent Variable: Bus Service Reliability

(1)

Number of passengers at a current station -0.012***
(0.004)

Passengers entering or leaving at a previous station -0.042***
(0.005)

Bus service reliabilityt−1 0.240***
(0.008)

Bus service reliabilityt−2 0.099***
(0.009)

Bus service reliabilityt−3 0.189***
(0.003)

Speed -0.020***
(0.002)

Direction -0.001***
(0.000)

N 1,280,920
R-Squared 0.378

Notes: Standard errors, in parentheses, are clustered at the vehicle level. *** indicates statistical significance at the
1% level, ** indicates statistical significance at the 5% level and * indicates statistical significance at the 10% level.
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Table A4: Robustness Check 3 - Impact of ridership on the reliability of a bus service (excluding
commencement dates)

Dependent Variable:
Bus Service Reliability (mins) Bus Service is on time = 1

(1) (2) (3) (4)

Passengers -0.029*** -0.009* -0.002*** -0.001***
(0.009) (0.005) (0.000) (0.000)

Speed -0.016*** 0.002***
(0.003) (0.000)

Direction -0.000 0.000***
(0.001) (0.000)

Loop= 1 -2.459*** 0.009**
(0.126) (0.004)

Controls No Yes No Yes
Operator FE No Yes No Yes
Stop-by-day FE No Yes No Yes
Day FE No Yes No Yes
Month FE No Yes No Yes
Bus FE No Yes No Yes
N 1,303,989 1,303,989 1,303,989 1,303,989
R-Squared 0.001 0.154 0.004 0.119

Notes: This sample excludes observations belonging to the commencement date of May 8th, 2015. Standard
errors, in parentheses, are clustered at the vehicle level. *** indicates statistical significance at the 1% level,
** indicates statistical significance at the 5% level and * indicates statistical significance at the 10% level.
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