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A B S T R A C T

The COVID-19 pandemic has severely impacted the finance of transit agencies by reducing farebox revenues. 
Combined changes in ridership and service operation levels have further transformed the financial efficiency of 
public-transit services. Understanding how these changes vary between routes is crucial to inform service 
optimization processes to reduce transit agencies’ operational deficits. Using data from the bus network in 
Montréal, Canada, for 2019 and 2022, we assessed changes in cost per rider at the route-level before and right 
after the COVID-19 pandemic. We categorized daytime multi-stops bus routes (N = 184) based on the income of 
the areas they served and their cost per rider across both years to assess diverging temporal and spatial patterns. 
Our results highlighted that high cost per rider routes were mostly located in the periphery of the study area and 
in the downtown core and that such patterns worsened following the pandemic, particularly for the downtown 
core. We observed that routes which served higher income areas tended to have higher cost per rider on average 
than middle- or low-income ones. We further confirmed this finding by categorizing bus routes by their cost per 
rider, finding that high cost routes in both 2019 and 2022 tended to be serving higher income areas than other 
routes. The consideration of both temporal, spatial and socio-economic variation of the cost of bus services 
provides nuance insight to transportation planners as they aim to optimize bus services while being mindful of 
potential ridership loss and vertical equity issues.

1. Introduction

The COVID-19 pandemic has had lasting impacts on travel behav
iour. The decline in public-transport ridership at the start of the 
pandemic due in part to fear of contamination (Simons et al., 2021; 
Sträuli et al., 2022) and wider telecommuting policies (Erhardt et al., 
2022; He et al., 2022; Huang et al., 2023; Negm and El-Geneidy, 2024; 
Redelmeier and El-Geneidy, 2024) was substantial. A large body of 
research has quantified the negative effects of the COVID-19 pandemic 
on public-transit ridership both in terms of number of trips (Erhardt 
et al., 2022; Qi et al., 2023) as well as changes in destinations visited 
(Simons et al., 2021). Changes in travel patterns due to the pandemic 
were not homogenous within the population, with higher income groups 
reducing their usage of public-transit significantly more than their 
lower-income counterparts (Carvalho and El-Geneidy, 2024; Fernández 
Pozo et al., 2022; Palm et al., 2024; Parker et al., 2021; Paul and Taylor, 
2024; Soria et al., 2023). Given these findings, ensuring proper service 
to lower-income areas could make public-transit ridership more resilient 
to large-scale disruptions such as the pandemic. Research in Madrid, 

Spain, (Fernández Pozo et al., 2022) and Sweden (Jenelius and Cebe
cauer, 2020) also showed a shift towards more single- or multi- tickets at 
the expense of monthly passes during the pandemic, signifying a shift 
towards more infrequent public-transit use. Such a change has impor
tant implications for long-term ridership and farebox revenue.

The reduction of ridership experienced during the COVID-19 
pandemic led to important reductions in fare revenues which created 
large deficits for public-transit agencies, particularly for those with 
higher farebox recovery ratios before the pandemic (Siddiq et al., 2023). 
Research conducted in the US showed that while governments stepped 
in with temporary relief funds, several transit agencies still expected 
large deficit once the funding stopped (King et al., 2023; Siddiq et al., 
2023), which could translate in additional service cuts. To adjust for 
reduced ridership, most transit agencies across North America did some 
level of service cuts during the early part of the pandemic. While some 
cities such as San Fransisco and Denver cut service more in higher in
come areas than in lower-income ones the opposite was observed in 
Toronto and Montréal (DeWeese et al., 2020). Post-lockdown service 
cuts were also found to have had a disproportionate negative impact on 
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accessibility by public-transit in lower-income neighborhoods (Kar 
et al., 2022). This could have resulted in further ridership loss given the 
increased dependency on lower-income riders during the pandemic 
(Carvalho and El-Geneidy, 2024; Fernández Pozo et al., 2022; Palm 
et al., 2024; Parker et al., 2021; Paul and Taylor, 2024; Soria et al., 
2023).

Despite the widespread adoption of important service cuts during the 
onset of the pandemic, several transit agencies rapidly went back to or 
close to pre-pandemic levels of service even though the ridership was 
not yet significantly rebounding. This was the case of four of the largest 
seven transit agencies in the US which returned close to pre-pandemic 
levels of service as early as Fall 2020 (Karner et al., 2023). While ser
vice cuts might have helped in reducing expenses temporarily, transit 
agencies’ budget shortfalls were for the most part filled by governmental 
pandemic aid. Network-level subsidies of public-transit have been 
shown to lead to increase in service provided and ridership by avoiding 
operation deficits (Karlaftis and McCarthy, 1998). Still, the scholarship 
on public-transit subsidies has also highlighted their inflationary effect 
on operating costs as the added funds tend to be used more to increase 
the share of the payroll within overall budgets (i.e., more employees 
being paid more) rather than being dedicated to added service for the 
users, thus increasing average per-unit costs of service provision (Gupta 
and Mukherjee, 2013). Several studies have suggested that public- 
transit subsidies be better targeted towards service provision rather 
than going towards the overall budget (Avenali et al., 2020; Gupta and 
Mukherjee, 2013), with some proposing alternative methodologies to 
optimize subsidy amounts (Avenali et al., 2020; Luo et al., 2022; Sun 
et al., 2016).

As operational debts started rising and political support for COVID 
relief funds started falling, several transit agencies were forced to 
eventually start cutting service despite not doing so in the onset of the 
pandemic (Kar et al., 2022). Understanding the changes in operating 
costs over time, due to decline in ridership, and the impacts of the ser
vice cuts adopted during the pandemic are important to strategically 
guide any future changes in service. Still, little research has been con
ducted on the temporal variation of operating costs, aside from variation 
in marginal costs of operation based on time of day (Bruun, 2005; Taylor 
et al., 2000). Similarly, limited literature has explored the spatial dis
tribution of operating costs, with Mallett (2023) doing so for two rail 
systems in the US. In terms of spatial distribution of public-transit sub
sidies, past studies found that public-transit subsidies were higher in 
suburban settings compared to more central ones (Börjesson et al., 2020; 
Hodge, 1988), with short-distance, urban travellers tending to subsidize 
long-distance commuters’ travel (Cervero, 1981). While this spatial 
disparity is partially compensated through non-fare revenues (e.g., 
property taxes) which are higher in suburban settings than in central 
areas (Hodge, 1988; Iseki, 2016), residents of central urban areas still 
tend to pay more for public-transit relative to their income levels 
(Hodge, 1988).

This study bridges the literatures on the effects of the COVID-19 
pandemic on public-transit and the cost of public-transit operations by 
evaluating the change in cost per rider between 2019 (before the 
pandemic) to 2022 (after the pandemic and after a first round of service 
cuts) for 184 bus routes of the Société de Transport de Montréal (STM) in 
Montréal, Canada. Doing so we provide both spatial (i.e., between 
routes) and temporal (i.e., between year) comparison of the financial 
performance of bus service. While previous studies did assess temporal 
variations in public-transit operating cost based on time of day (Bruun, 
2005; Taylor et al., 2000), to our knowledge no study have provided 
comparisons over a longer period of time or following a major disrup
tions such as the COVID-19 pandemic. Similarly, spatial comparisons of 
cost per riders have been limited (Mallett, 2023) and, to our knowledge, 
no previous studies have provided a comparison between a large num
ber of routes of the same mode. Our study therefore helps in filling these 
gaps in the literature by considering both temporal and geographical 
variability in the cost of bus service per riders. We highlight routes with 

high cost per rider both before (2019) and after (2022) the pandemic, 
which can provide potential for service changes to reduce operating 
costs, while being sensitive to ridership and vertical equity goals. The 
findings from this paper will be of value to researcher and transit 
agencies working to elaborate service optimization processes to bring 
costs down with minimal impact on ridership and low-income areas.

2. Data and methods

This study is conducted for the island of Montréal, Canada which has 
a total population of 2 million people (Statistics Canada, 2023a). It is 
served by the Société de Transport de Montréal (STM) which manages 
all bus and metro services on the Island. Other transit providers are not 
allowed to provide local bus services on the Island of Montréal, with 
commuter trains being the only public-transit service operated on the 
Island by an agency other than the STM. The STM operated 206 day-time 
bus lines in 2019 compared to 193 in 2022 (190 in common between the 
two years). In addition, the STM operated 23 night bus routes and four 
metro lines in both periods. The coverage of the regular buses and metro 
lines is displayed in Fig. 1. For our analysis, we decided to focus on bus 
services as they account for the majority of the STM budget (~ 62 % in 
2019 and 2022) and represent more opportunities for service optimi
zation due to the possibility of route redesign.

Lastly, the fare structure was the same across the entire STM network 
system (i.e., flat fare for the entire zone, integrated with all modes) with 
single tickets costing $3.25 for the first six months of 2019 before being 
raised to $3.50 after. It is important to note that fare structures are 
elaborated and integrated at the regional level by the Regional Metro
politan Transit Authority (ARTM) which also collects fare revenues.

2.1. Data

To derive the cost per rider for each STM bus routes before and after 
the pandemic (i.e., 2019 and 2022) and summarize the characteristics of 
the areas served, the following data were collected: 

(1) STM financial information was extracted from the 2019 and 2022 
STM budgets (STM, 2019, 2022). To allow for comparison, the 
2022 financial amounts were adjusted for inflation to the 2019 
values based on changes in average annual general consumer 
price index between the two years (11.12 %) (Statistics Canada, 
2023b).

(2) General Transit Feeds Specification (GTFS) data were obtained 
from Transitland (Interline Technologies, 2024). Six different 
GTFS feeds were downloaded to cover the five yearly service 
periods (January, March, June, September, and November) for 
2019 and 2022. STM GTFS feeds have eight possible service types 
(Weekdays, Saturdays, Sundays, Special Services and four 
different holiday categories) which dictate the frequency of the 
service provided. When intersecting these eight service days with 
the five service periods present in a calendar year, there is a total 
of 40 possible combinations for service provision for each STM 
route. For the sake of simplicity, we refer to those as unique 
service days.

(3) Average weekday daily ridership data per service period 
(January, March, June, September, and November) and per bus 
routes were gathered from the STM through an access to infor
mation request for 2019 and 2022. Complimentary Automated 
Passenger Counting (APC) data for the month of November 2022 
obtained through a previous access to information request were 
also used in the analysis. APC data was not used for the core of the 
analysis due to its implementation in all STM buses only in 2020, 
meaning that it could not have been used for both years.

(4) Median household income, population, and number of jobs were 
collected at the Census Tract (CT) level from the 2021 Canadian 
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census (Statistics Canada, 2023a) to assess who is being served by 
each bus routes.

2.2. Methodology

Literature on public-transit cost allocation has highlighted three 
primary metrics to allocate costs of service provision: (1) vehicle oper
ating hours, which usually are used to allocate variable costs such as 
labor; (2) vehicle distance travelled, which are usually used to allocate 
variable costs such as energy and maintenance; and (3) peak vehicles, 
which are used to allocate semi-fixed and fixed capital costs (Bruun, 
2005; Cherwony and Mundle, 1980; Mallett, 2023; Taylor et al., 2000). 
In this study, we decided to allocate variable and semi-fixed costs, but 
not fixed capital costs. This decision was made to reflect the actual 
spending made to support the service provision and is in accordance 
with past studies evaluating spatial distribution of public-transit sub
sidies (Börjesson et al., 2020; Hodge, 1988). As such, we opted to use a 
two-variable cost-allocation model, distributing labor costs (both drivers 
and overheard) based on operating hours and all other variable and 
semi-fixed costs based on vehicle kilometer (Table 1).

Using the GTFS feeds as an input in the tidytransit and gtfstools 
packages in R, we computed total operating hours and vehicle kilome
ters travelled per route per unique service days for all bus routes (n =
229 in 2019 and n = 216 in 2022). We then multiplied the frequency of 
each of these service days combinations in the calendar year and sum
med the products to arrive at the yearly operating hours and vehicle 
kilometers travelled per route. Lastly, we computed the annual figures 
for the entire network by summing across all routes. Using the operating 

costs in Table 1 and the network-level annual operating hours and 
vehicle kilometers travelled, we calculated an hourly and kilometer- 
based cost of service provision for 2019 and 2022.

It is important to note that our analysis focuses on average costs (i.e., 
costs across all service hours / vehicle kilometer travelled) and not 
marginal costs (i.e., costs of providing one more unit of service). While 
previous studies have highlighted the relevance of marginal costs and its 
variation with time of day (Bruun, 2005; Taylor et al., 2000), average 
cost approaches using vehicle hours and vehicle distance travelled 
remain relevant to assess network-level costs. Even though average cost 
approaches are not as precise as marginal cost ones, they are more 
widely achievable with the level of details available for most public- 
transit operating cost data. Additionally, the larger spatial (i.e., routes 
rather than links) and temporal (i.e., annual) scales of our analysis allow 
to reduce the effects on the final results of the higher uncertainty of an 
average cost approach compared to a marginal cost one. To calculate 
average costs adequately, it is important to minimize variability in the 
service included in the cost allocation process (Bruun, 2005). To do so, 
we limited our analysis only to daytime, multi-stop bus service with data 
for both 2019 and 2022 (n = 184), removing night buses (n = 23) and 
shuttle services (n = 5). This methodological choice is supported by 
previous research that found contrasting results between daytime and 
night buses when evaluating on-time performance in Toronto, Canada 
(Palm et al., 2020). While past research has highlighted that route 
characteristics such as topography, stop spacing and the type of vehicle 
used can have an incidence on overall energy consumption (Taylor et al., 
2000), the later represent a small proportion of operating cost (less than 
7 %) and is therefore unlikely to significantly change the estimated 
costs.

2.2.1. Annual ridership
To calculate the annual ridership per route, we removed routes that 

were only in operation in one of the two years (n = 19) in addition to 
non-daytime, non-multi-stop routes (n = 28) as previously mentioned. 
One last route was removed due to a lack of ridership data in 2022 
resulting in a final sample of 184 bus routes.

Since the ridership data obtained from the transit agency were the 
average daily ridership for weekdays per service period, we had to es
timate the ridership for the non-weekdays (i.e., weekends and holidays). 
To do so, we first calculated the ratio between weekdays daily operating 
hours and non-weekdays daily operating hours per service period per 

Fig. 1. STM bus routes and metro lines in 2019.

Table 1 
STM operational cost breakdown for bus services in 2019 and 2022 in $1000.

Cost allocation 
method

Costs 2019 20221

Operating hours Labor 616,489 602,519

Vehicle kilometer

Energy, taxes and licenses 54,977 52,370
Material and furniture 44,215 49,622
Professional and technical 
services 17,359 19,469
Renting 5936 7040
Other operating expenses 31,688 24,587

1 Adjusted for inflation to 2019 values (Statistics Canada, 2023b).
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route. We then calculated the ratio of passenger per hour of operation for 
weekdays, Saturdays and Sundays for each line using complementary 
Automatic Passenger Counter (APC) data from the month of November 
2022. This allowed for a more accurate estimation of weekend ridership 
than if an arbitrary ratio of weekday to weekend passenger/h was 
employed. We calculated ridership for Saturdays and Sundays by 
multiplying average daily ridership figures by the ratios of daily oper
ating hours and the ratios of weekday to weekend passenger/h from the 
APC data. Lastly, we summed annual ridership by multiplying the daily 
ridership calculated for each unique service days by their respective 
frequency in the calendar year.

2.2.2. Average cost per rider per route
To obtain the cost per rider per route, we first multiplied the hourly 

and kilometer-based operating cost by the annual operating hours and 
annual vehicle kilometer travelled respectively to obtain the annual 
operating cost per route. We then divided the total annual operating cost 
by the annual ridership for each route to obtain the average cost per 
rider per route for both 2019 and 2022.

2.2.3. Route level characteristics
To link CT-level data from the 2021 census to the bus routes, we 

generated a 400-m buffer around the stops of a line and intersected it 
with the CT shapefile in ArcGIS Pro. This distance was chosen based on 
previous research analyzing distance walking to different modes of 
public transit (El-Geneidy et al., 2014) while a buffer around stops 
rather than the line itself was selected to reflect the actual population 
served by the service as was done in previous studies (Lao and Liu, 
2009). We then calculated a weighted average for each of the three 
variables of interest (population, jobs, and median household income) at 
the route-level based on the proportion of a CT’s area falling within the 
buffer zone for a line. For the median household income, the weighting 
process was also done based on the number of households in each CT. To 
provide added details on the routes in the analysis, we calculated 
complementary route-level descriptive statistics. Number of runs per 
day, average speed, route length, and the presence of a connection to the 
metro were calculated using the GTFS feed whereas whether a line was 
serving the CBD (which serves as a key area of study later in the analysis) 
was calculated by intersecting each line with a shapefile of the CBD in 
ArcGIS Pro.

2.2.4. Analysis
To provide a consistent base of analysis throughout the paper, we 

decided to elaborate two categorization systems for bus routes based on 
(1) the household income of the areas they serve and (2) their level cost 
per rider.

For the income-based categorization, we employed the route-level 
average household income to separate the 184 lines into three groups 
(Less than $60,000, $60,000–$80,000, and $80,000). The household 
income of the areas around each bus routes was used as detailed income 
data for users per routes was not yet available for the post-pandemic 
period. We recognize that the income of the areas served by a bus 
routes are not going to be the same as the income of its users, which are 
more likely to be of lower income, particularly post-COVID (Soria et al., 
2023). Previous research has shown the need to carefully contextualize 
the type of income data used when assessing the equity of public-transit 
services (Karner and Golub, 2015). As such, we employ the household 
income of areas served around the routes to represent who gains access 
due to that service, keeping in mind that increased accessibility does not 
mean increased usage nor equal usage across residents of an area of 
different socioeconomic status. We elected to create manual thresholds 
based on the median household income for the entire study area 
($67,500) rather than terciles, to ease the interpretability of the results 
and isolate extreme values. Rounded values were employed to be 
coherent with the income categories provided in the Canadian Census.

For the cost per rider categorization, we derived brackets from the 

cost of a single ticket on the island of Montréal during the time period 
considered ($3.50) to allow for meaningful interpretation. The single 
ticket fare was chosen rather than average revenue per trip (which ac
counts for the discounts provided by monthly passes and other non- 
single ticket fares) given the aggregated nature of the fare revenue 
data in Montréal, which does not allow to isolate the STM average fare 
revenue per user. We used $3.50 per rider as a benchmark for low cost 
rather than commenting on potential profitability levels as we recognize 
that this value is higher than actual average fare revenue per rider. We 
then established an additional benchmark at $7.00 per rider which 
represents a route with a 50 % farebox recovery ratio (assuming a fare of 
$3.50 per trip). This farebox recovery ratio was chosen based on pre
vious research that reported a farebox recovery ratio of 56 % for the STM 
in 2016 (Verbich et al., 2017) as well as estimations derived from the 
2019 ARTM financial report, which led to a regional farebox recovery 
ratio of 41 % (ARTM, 2019). Routes with a cost per rider below $3.50 
were categorized as “low cost”, routes with a cost per rider between 
$3.51 and $7.00 as “medium cost”, and routes with a cost per rider above 
$7.00 as “high cost”.

3. Results

Our analysis highlighted notable changes between 2019 and 2022 as 
reported in Table 2. The average cost per rider for the 184 bus routes 
analyzed increased by 40.1 %, from $3.11 in 2019 to $4.36 in 2022 after 
adjusting for inflation. A high level of variability was observed between 
bus lines with cost per rider varying from $1.20 to $37.76 in 2019 while 
they ranged from $1.60 to $52.12. Such an increase in cost per rider can 
be partly explained by a 2.7 % increase in hourly costs (i.e., labor costs), 
a 4.8 % increase in cost per vehicle kilometer travelled (i.e., non-labor 
variable and semi-fixed costs) and a 30.1 % decline in ridership be
tween 2019 and 2022, which is many folds larger than the 5.0 % 
decrease in operating hours due to service cuts.

To illustrate the changes in cost per rider and the high variability 
between routes, we plotted each bus routes and colored them based on 
their cost per rider (Fig. 2). In 2019, 37.5 % of bus routes fell within the 
low-cost ($0 - $3.50) bracket while 42.9 % were in the medium-cost 
bracket ($3.51 - $7.00). Low-cost routes were concentrated in the 
center-east portion of the island where there are almost no CTs falling 
into the highest household income quartile while medium-cost routes 
were primarily in the center portion of the island. Contrastingly, the 
high-cost routes ($7.00 and above), which represent 19.6 % of all routes 
in the sample, were concentrated in the two extremities of the island 
(primarily the west end were there is a concentration of higher income 
CTs). In 2022, the proportion of low-cost routes fell to 18.5 %. While 
these lines were mostly in the center-east region, as was the case in 
2019, there was no longer a clear geographical cluster. There were the 
same number of medium-cost routes (42.9 %) in 2022 compared to 
2019, although they were not the same routes and did not show any 

Table 2 
Service characteristics, cost allocation rates and cost per rider for 2019 and 
2022.

Service Characteristics1 2019 2022 Change (%)

Annual operating hours (1000h) 3600 3420 − 5.0
Annual vehicle kilometer travelled (1000) 66,263 62,789 − 5.2
Annual ridership (1000 trip) 246,153 172,479 − 30.1
Cost allocation rates ($)1

Hourly cost 163 167 2.7
Cost per kilometer 2.3 2.4 4.8
Cost per rider ($)2

Average 3.11 4.36 40.1
Minimum 1.20 1.60 –
Maximum 37.76 52.12 –

1 Statistics are for the entire STM bus network.
2 Statistics for the sample of 184 daytime, multi-stops STM bus routes.
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clear geographical clustering. Lastly, the proportion of high-cost routes 
increased to 38.6 %, which resulted in an expansion of the geographical 
clusters identified in 2019 and the addition of another cluster around the 
downtown core.

To better understand the changes in the cost per rider per route, we 
mapped all bus routes and categorized them by the percentage change in 
cost per rider between 2019 and 2022 (Fig. 3). The majority of bus 
routes (63.0 %) saw an increase in cost per rider of less than 50 %, 
including 16.8 % that saw increases smaller than 25 %. Another 19.0 % 
of the bus routes saw an increase in cost per rider of 50 to 75 % between 
2019 and 2022. Still, none of these first three bracket formed discernible 
geographical patterns. Contrastingly, bus routes that increased by 75 to 
100 % (8.2 %) or by more than 100 % (9.8 %) were heavily clustered in 
the downtown area as well as in the areas directly to the north and south 
of it.

3.1. Variation in cost per rider between income groups

To analyze changes in cost per rider per route, and the variation in 
cost per rider based on the socio-economic context, we separated the 

studied routes in three groups according to the average household in
come of the CTs around their stops (Table 3). Most routes (62.5 %) 
served, on average, middle income areas ($60,000 to $79,000) while a 
smaller proportion served lower income areas (17.9 %) or higher income 
areas (19.6 %). Routes serving lower income areas had the lowest cost 
per rider in 2019 at $2.22, followed by the middle-income routes at 
$3.10 and finally the higher income routes at $6.11. This gradient is also 
observable when looking at population and job density as routes serving 
lower income areas had higher population and job densities (8816 
people / km2 and 4943 jobs/km2) than routes serving middle-income 
areas (5919 people/km2 and 2382 jobs/km2) and routes serving 
higher income areas (2525 people / km2 and 1259 jobs/km2). Routes 
serving lower income and middle-income areas had similar character
istics with 93.9 % and 90.4 % of these routes connecting to a Metro 
station respectively and with an average route length of 10.0 km for both 
groups. Routes serving higher income areas were notably different with 
only 44.4 % of the routes connecting to the metro and an average route 
length of 16.9 km.

While the routes serving lower income and middle-income areas 
experienced higher increases in their average cost per rider between 

Fig. 2. Cost per rider per STM bus routes for 2019 and 2022.
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2019 and 2022 (41.4 % and 39.4 % respectively) than routes serving 
higher income areas (37.6 %), this was not enough to close the existing 
gap in cost per rider. Indeed, the routes serving lower income areas still 
had the lowest average cost per rider in 2022 ($3.14) followed by the 
routes serving middle-income areas ($4.32) and the routes serving 
higher income areas ($8.41). The small convergence in cost per rider 
between the different groups could be attributed to differential changes 
in ridership and operating hours. Indeed, the routes serving lower in
come areas saw their ridership and operating hours drop the most in 
2022 at 68.1 % and 93.8 % of 2019 levels respectively. Conversely, the 
routes serving higher income areas saw the least reductions in ridership 
and operating hours with 2022 levels at 72.1 % and 96.2 % of 2019 
levels respectively.

To integrate the categorization based on the cost per rider (i.e., low-, 

medium- and high-cost routes) and the average household income (less 
than $60,000, $60,000 - $79,999 and $80,000 and above) we plotted 
the cost per rider in 2022 against the cost per rider in 2019, categorizing 
each bus route based on the median household income of the areas 
surrounding its stops (Fig. 4). We then added dotted lines to represent 
the benchmarks values of $3.50 and $7.00 differentiating between the 
three categories of cost per rider and deriving four areas in the graph to 
group bus routes: (A) routes that were low-cost in 2019 and 2022; (B) 
routes that were either low- or medium-cost in 2019 and medium-cost in 
2022; (C) routes that were either low- or medium-cost in 2019 but were 
high-cost in 2022; and (D) routes that were high-cost in 2019 and 2022. 
Lastly, while we delimited the graph’s extent to $30.00 to facilitate vi
sual interpretation, the two data points that were not represented in the 
graph were kept in the analysis.

The distribution of the three different income brackets was not even 
between the four cost-per-rider groups. No route serving areas with an 
average household income $80,000 and above was in group A (low cost 
in 2019 and 2022) while 39.4 % of routes serving lower-income areas 
and 17.4 % of routes serving middle-income areas were in that zone. 
Contrastingly, 50.0 % of routes serving higher-income areas were in 
group D (high cost in 2019 and 2022) compared to only 15.2 % of routes 
serving lower-income areas and 11.3 % of routes serving middle-income 
areas. This observation is backed up by the difference in average 
household income between the groups, with bus routes in group A 
serving areas with an average household income of $61,300 compared 
to $64,900 for group B, $71,300 for group C and $71,400 for group D. 
Bus routes in group C saw the largest increase in cost per rider between 
2019 and 2022 (49.8 %). This can be explained primarily by the fact that 
these routes saw increase in operating hours between 2019 and 2022 of 
0.8 % (as opposed to service reductions on average for the other three 
groups) despite having the second lowest ridership recovery, with 2022 
numbers at 69.1 % of 2019 levels. While bus routes in groups A and B 
represent respectively 32.6 % and 43.6 % of annual operating costs, 
routes in group C and D (11.8 % and 12.0 % of annual operating costs in 
2022) represent better opportunities for service adjustment given their 
high cost per rider (denoting a likely higher level of subsidy), low 
ridership and their higher prevalence serving wealthier areas (Table 4). 
For the purpose of this paper we focus on bus routes in group D as these 
routes were consistently above the high-cost threshold in 2019 and 

Fig. 3. Change in cost per rider by bus routes between 2019 and 2022.

Table 3 
Descriptive statistics of bus routes grouped by the average household income of 
areas served.

All 
lines

Less than 
$60,000

$60,000 - 
$79,000

$80,000 and 
above

Number of routes 184 33 115 36
Average Cost per rider
2019 ($) 3.11 2.22 3.10 6.11
2022 ($) 4.36 3.14 4.32 8.41
Change 2019 to 2022 

(%) 40.1 41.4 39.4 37.6
Service 

characteristics
2022 operating hours vs 

2019 (%) 95.0 93.8 95.1 96.2
2022 ridership vs 2019 

(%) 69.9 68.1 70.3 72.1
% of lines connecting to 

the metro 82.1 93.9 90.4 44.4
Average route length 

(km) 11.3 10.0 10.0 16.9
Land use 

characteristics
Population density 

(habitants/km2) 5605 8816 5919 2525
Job density (jobs/km2) 2554 4943 2382 1259
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2022.
Key characteristics of the bus routes in group A are that they were, on 

average, the most frequent (150 runs per day), the shortest in distance 
(8.9 km), the most connected to the metro system (97.0 %) and the 

routes serving the highest density areas (7983 people/km2). On the 
contrary, bus routes in group D were, on average, the least frequent (52 
runs per day), the longest in distance (14.7 km), the least connected to 
the metro system (44.4 %) and the routes serving the lowest density 
areas (3881 people / km2). Bus routes in group B and C followed the 
same upward trend for route length and downward trend for connec
tivity with the metro system and population density. An interesting 
outlying variable to this trend is job density, which is the second highest 
for routes in group D (2,702 jobs/km2) after group A (2,768 jobs/km2). 
This coincides with group D having the highest share of routes crossing 
the downtown area (33.3 %) where most jobs are located.

3.1.1. High-cost routes in 2019 and 2022 (group D)
To understand more in-depth elements that contribute to the high 

cost per rider of routes in group D, we mapped them using the same 
income-based categories used previously (Fig. 5). Bus routes highlighted 
as being high-cost (cost per rider above $7.00) in 2019 and 2022 dis
played the same geographical patterns as high-cost routes in Fig. 1; they 
were for the most part clustered in the two extremities of the island as 
well as in the downtown core. As previously mentioned, 12 out of 36 
routes (33.3 %) in this group were crossing the CBD. This included four 
routes providing local service within downtown, one route providing a 
local service primarily on the outskirt of downtown and seven express 
routes to downtown coming from inner and outer suburbs.

All routes serving low-income areas (n = 5) passed through down
town, with two being local routes and three being express routes. The 
two local routes and two out of three express routes served corridors 
parallel with the Metro system. Contrastingly, all but two of the 18 
routes serving higher income areas in this group served the west end of 
the Montréal Island. Out of these 16 routes, four served as express routes 
to downtown while 12 provided local service.

Bus routes serving middle income areas in this group (n = 13) were 
the most dispersed. Four served local service (including three in the east 
end of the island) and were not connected to the Metro system. Two 

Fig. 4. Cost per rider in 2019 and 2022 categorized by route household income level.

Table 4 
Descriptive statistics of bus routes by cost bracket.

All lines A B C D

Number of routes 184 33 83 32 36
Average Cost per rider
2019 ($) 3.11 2.02 3.61 5.67 9.89
2022 ($) 4.36 2.70 5.06 8.50 13.69
Change 2019 to 2022 (%) 40.1 33.9 40.1 49.8 38.8
Service characteristics
2022 operating costs 

($1000) 715,434 232,882 312,214 84,422 85,916

Average number of runs 
per day

88 150 89 60 52

Average route length 
(km)

11.3 8.9 10.6 11.9 14.7

Average speed (km/h) 18.3 14.0 17.7 19.9 22.2
% of lines connecting to 

the metro 82.1 97.0 95.2 75.0 44.4

% of lines connecting to 
downtown

22.4 15.1 19.3 25.0 33.3

2022 operating hours vs 
2019 (%)

95.0 89.1 98.0 100.8 97.4

2022 ridership vs 2019 
(%) 69.9 68.4 71.9 69.1 72.9

Land use characteristics
Population density 

(habitants/km2) 5605 7983 5917 4446 3881

Job density (jobs/km2) 2554 2768 2484 2353 2702
Route average 

household income 
($)*

65,800 61,300 64,900 71,300 71,400

* Rounded to the nearest $100.
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served low-density destinations (e.g., parks, industrial sectors). Another 
two provided local service in the downtown core. Of the last five routes, 
two provided service parallelly to a metro line while the other three 
provided meandering service connected at one end to the metro.

Overall, routes that were high cost in both 2019 and 2022 tend to 
either provide (1) local service within suburban areas, (2) local service 
within the downtown core, (3) express service from suburban areas to 
downtown, (4) local service to low density destinations, and/or (5) 
service parallel to the metro. A lack of connections to the metro and 
meandering routes were also common.

4. Discussion

The effect of the COVID-19 pandemic on travel behaviour and 
public-transit service provision has been well documented (Huang et al., 
2023). Yet, little is known about its impact on the variation in service 
cost efficiency within public-transit networks. In parallel, minimal 
research has assessed the spatial distribution of public-transit costs and 
subsidies between service lines (Mallett, 2023). These combined tem
poral and spatial effects are crucial to understand within the context of 
growing operational deficits faced by several public-transit agencies 
following the end of pandemic relief funds. Identifying bus routes that 
benefit from higher levels of subsidy (as denoted by having a higher cost 
per rider) and what are their key characteristics will allow for a more 
equitable optimization of current services to reduce deficits without 
leading to massive ridership loss. This is particularly true when 
considering the flexibility that bus services offer in terms of route design 
and its high operating cost per rider compared to most established metro 
systems (Zhang, 2009) as is the case in Montreal. Our analysis adds to 
previous studies assessing cost per rider and transit subsidies at the in
dividual level (Börjesson et al., 2020; Hodge, 1988) as well as the 
currently limited scholarship on the spatial distribution of operating 
costs (Mallett, 2023) by considering temporal (before the pandemic vs 
after the pandemic and after a first round of service cuts) and spatial 
variations in cost per rider at the route level for a large sample of bus 
routes.

Our analysis first underscores an increase in the average cost of bus 
service provision (both by operating hour and by vehicle kilometer 
travelled) between 2019 and 2022 even when accounting for inflation. 
This increase could be linked to the increased share of subsidies received 

during the pandemic as public-transit subsidies have been shown to have 
inflationary effects on average costs of service provision (e.g., Gupta and 
Mukherjee, 2013). In the context of the pandemic, the reluctance 
observed in some transit agencies to let go of employees or drastically 
cut working hours during the pandemic (King et al., 2023) combined 
with service cuts could have led to an increase in the ratio of payroll 
spending per hours of service offered. This could therefore explain the 
observed increase in average cost, although additional research specif
ically on the effects of pandemic subsidies to public-transit agencies on 
operating costs would be needed to demonstrate causation.

Looking at the geographical distribution of route-level cost per rider 
in 2019 and 2022, we observed clusters of high-cost (which can be 
inferred as being more subsidized) bus routes in suburban and periph
eral areas, as was the case in previous studies (Börjesson et al., 2020; 
Hodge, 1988). On the other hand, the cluster of high-cost bus routes 
observed in the downtown core presents a novel finding. The high cost 
per rider for bus routes serving primarily the downtown core was 
compounded by several factors. First, most of the bus routes in the 
downtown core were offering service parallel to two already parallel 
metro lines. Secondly, there were no permanent reserved lanes in the 
downtown core and limited peak-hours reserved lanes meaning that 
buses were stuck in traffic and service was slower. As such, it was likely 
faster for many users to use the metro system or walk rather than take 
local bus services in the downtown core. The disproportionate increase 
in cost per rider observed between 2019 and 2022 in the downtown core 
could also be attributed to a slow return to office of downtown workers 
due to the uptake of telecommuting and hybrid work as has been 
observed throughout North America (Leong et al., 2023). This dispro
portionate increase in cost per rider, and thus likely subsidy levels as 
well, further emphasize the need to reassess the pertinence of redundant 
bus routes in downtown cores, especially in cities that are already well 
served by rail transit. Understanding whether such service increase 
vertical equity is crucial to propose adequate adjustments, be it either on 
the basis of increased efficiency or furthering existing vertical equity 
goals.

Our analysis allowed us to compare cost per rider between bus routes 
serving areas of different socio-economic status, highlighting that routes 
serving higher-income areas tended to have higher cost per rider on 
average than those serving medium- and lower-income areas. This en
tails that residents of higher-income areas benefit from higher levels of 

Fig. 5. High-cost routes in both 2019 and 2022 categorized by the average household income of the areas they serve.
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subsidies to increase their accessibility to opportunities by public transit. 
Similarly, businesses in higher income areas benefit from the higher 
level of subsidy for bus services as it allows them to have increased 
accessibility to transit-dependent labor from other parts of the region. 
Still, these findings are compounded by lower residential and job den
sities in higher income areas, and vice-versa for low-income areas, thus 
limiting the ability to attribute the subsidy differential solely to differ
ences in socioeconomic conditions. Additionally, as pointed out by 
Hodge (1988) and Iseki (2016), people living in higher income, lower 
density suburban neighborhoods tend to pay more in property taxes, 
thus outweighing partly their higher level of subsidy. However, public- 
transit in many North American cities, including Montreal, is not pri
marily funded by municipal taxes, with several regions being funded 
through sales tax and provincial / state-level revenues to a greater 
extent. Overall, the financially inefficient service in high income areas 
point to a need to redesign these routes, carefully integrating desired 
destinations of local residents and of current users of the routes to ensure 
services correspond to local needs. As cautioned by Karner and Golub 
(2015), such process should also integrate ridership-based equity ana
lyses as riders of high-cost bus routes in high-income areas might still be 
of lower income. Future research on the heterogeneity of cost of service 
between public-transit routes should therefore aim to contrast area- 
based and rider-based approaches to assess equity.

4.1. Limitations

As with every study, there are some limitations to our approach. 
First, our study employs an average cost approach to allocate operating 
costs between bus routes, two principle variables used in cost allocation 
models for variables and semi-fixed costs (Cherwony and Mundle, 1980; 
Taylor et al., 2000): vehicle operating hours and vehicle distance trav
elled. This decision was made based on the level of detail available in the 
financial data used in the analysis but also based on the exclusion of 
fixed costs which are often allocated based on peak vehicles. While more 
complicated cost allocation models employing a marginal cost approach 
have been employed in previous studies (Bruun, 2005; Mallett, 2023; 
Taylor et al., 2000), these studies considered smaller-scale spatial and 
temporal variations in costs thus requiring the added precision. While 
some level of precision will have been lost from the usage of an average 
cost approach and only two variables in the cost allocation process, the 
larger spatial- (i.e., route-level) and temporal- (i.e., year-level) scale of 
the analysis allows to minimize the effects of this uncertainty on the 
study’s main findings.

Secondly, we used the price of a single ticket to set our cost brackets 
meaning that we were limited to discussing low-, medium and high-cost 
routes rather than profitable routes to avoid over-stating the ability of 
bus routes to be profitable. Furthermore, since our analysis does not 
include individualized fare revenues per route due to the difficulty in 
acquiring complete data on the distribution of fare types amongst users 
of a route, we could not directly comment on the farebox recovery or 
exact subsidy percentage for each route. To continue, aggregation of the 
analysis at the year level might have masked seasonal patterns that 
could be of relevance for service optimization. Additional research 
would be necessary to assess change in cost per rider for a bus route 
within a calendar year.

Lastly, bus routes are likely to serve areas with varying household 
income levels which is not captured in an average, route-level, value. To 
study more closely the relationship between household income and cost 
per rider or subsidy levels, future research could (1) categorize lines 
based on the socio-economic homogeneity / heterogeneity of the areas 
served or (2) separate bus route in segments comprised in between stops 
to allow for a more granular analysis. The latter approach could also 
allow for a more granular evaluation of the spatial distribution of cost 
per rider, building upon the work of Mallett (2023) on rail service. In 
terms of application in practice, the methods and results highlighted in 
this paper should not substitute disaggregated socio-demographic 

analyses, particularly of users, when studying service changes. Beyond 
cost efficiency, equity should also be a key objective of public-transit 
service provision.

5. Conclusion

Our analysis provides key insights that can be levied when aiming to 
optimize public-transit service in the context of rising budget shortfalls. 
First, employing a route-level analysis allows for a better evaluation of 
service cost efficiency at the system-level. Highlighting expensive routes 
and who they serve is crucial in efficient and equitable service adjust
ments. Secondly, looking at multiple years allows us to evaluate changes 
over time. This temporal approach could be useful to evaluate the effects 
of route redesign on average cost per rider and subsidy levels, particu
larly if combined with a link-level spatial breakdown of each route. Our 
findings further highlight how some routes are inherently inefficient due 
to their design, that such routes are often serving more higher income 
areas and that such realities only worsened with the COVID-19 
pandemic. To address these issues, we suggest that inefficient routes, 
mainly those in higher income areas, be either modified in terms of 
alignment or frequency to better respond to local needs while promoting 
more efficient usage of scarce financial resources. In some cases, if it is 
decided to maintain high-subsidy routes in high-income areas, it might 
be necessary to levy property tax increases to offset the inequitable 
distribution of service subsidies, although the implications of such pol
icy would need to be further assessed before implementation to prevent 
unintended secondary effects on disadvantaged populations. In all cases, 
any service cuts or taxation increase implemented to balance public- 
transit agencies’ budget need to be driven not only by the principal of 
cost efficiency but also social equity. The latter need to be considered 
not only in terms of who is gaining access through the service, but also 
who is currently using it and how they would be impacted by service 
changes. Understanding when to assess a public-transit route based on 
cost efficiency or social equity is heavily dependent on the intent behind 
the service, be it to serve the larger number of users or to provide service 
to underserved communities.
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