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A B S T R A C T

As public transit agencies struggle to win back riders lost during the COVID-19 pandemic, un
derstanding what drives user satisfaction has become critical to retention and ridership recovery. 
While most research on transit satisfaction relies on cross-sectional data, this paper adopts a 
longitudinal approach, integrating the hierarchy of transit needs framework to assess whether 
satisfaction determinants shift over time and across modes using Montreal, Canada, as a case 
study. Drawing on panel data from the Montreal Mobility Survey, the analysis focuses on 354 
rapid transit commuters surveyed in 2023 and 2024, including users of the metro and the newly 
launched Bus Rapid Transit (BRT) and Light Rail Transit (LRT) systems. We estimated mode- 
specific weighted Bayesian models and compared the relative importance of different factors 
across hierarchical layers. Results indicate that satisfaction with the metro remains stable and 
increasingly driven by comfort, while the BRT shows improving satisfaction over time with strong 
reliance on functional factors such as waiting time. For the LRT, both functional and hedonic 
attributes play central roles in satisfaction, particularly travel times and information availability. 
This research highlights the importance of sequencing investments to match service maturity, 
prioritizing foundational needs, such as service reliability, before higher-order features, and 
investing early in perception-building strategies for new systems. These results provide empirical 
evidence on the temporal dynamics of satisfaction and offer guidance for transit agencies on 
strategies to retain current riders and attract new ones in a post-pandemic context.

1. Introduction

Typically, the drivers of trip satisfaction are examined in the context of cross-sectional studies (van Lierop et al., 2018), treating 
their influence on users as relatively static. Although longitudinal studies are still rare, the literature has shifted toward recognizing 
these drivers as dynamic, with their relative importance changing as user needs evolve and as transit systems develop and mature (Cao 
& Cao, 2017; Wan et al., 2016; Zheng et al., 2021). The hierarchy of transit needs (Allen et al., 2019b) provides a useful lens for 
conceptualizing this evolution, framing satisfaction determinants as a structured set of layers, where higher-level considerations build 
upon the consistent fulfilment of more basic needs. At the foundational level lie functional attributes such as frequency, reliability, 
accessibility, and speed; above these are security-oriented factors; and at the top are hedonic attributes such as perceptions of comfort 
beyond a basic level, payment structures, and user information (Fig. 1). Importantly, this hierarchy is not strictly chronological as older 
modes can remain at lower-order needs if foundational issues persist, while new systems may start operations meeting higher-order 
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expectations.
Understanding the factors that drive user satisfaction is especially critical in the current context, as transit agencies face the dual 

challenge of retaining existing riders and regaining those lost during the COVID-19 pandemic. The sharp decline in ridership during 
this period triggered substantial reductions in fare revenue, resulting in significant budget deficits for many agencies (Parker et al., 
2021; Qi et al., 2023). Recovery has been slow and uneven, hindered by service cuts and lasting shifts in travel behavior (Haider et al., 
2023; Zhao & Gao, 2022). The widespread adoption of telecommuting and other remote activities has disrupted long-standing travel 
habits (Carvalho & El-Geneidy, 2024; Mohammadi et al., 2023), while many former riders, particularly those with access to a private 
vehicle or who purchased one during the pandemic, are less likely to have returned to transit (Palm et al., 2022). In this environment, 
understanding which service attributes influence trip satisfaction can help agencies prioritize improvements that not only meet current 
riders needs but rebuild trust and attract former users back to the system.

This paper examines temporal shifts in satisfaction with public transit commute trips, with a particular focus on newly established 
rapid transit services. We investigate changes in the drivers of trip satisfaction between 2023 and 2024 among a panel of 354 rapid 
public transit commuters, particularly those using Montreal’s metro and the newly launched Pie-IX BRT and light rail (LRT) system 
known as the Réseau express métropolitain (REM). While a one-year period is relatively short for detecting major changes in user 
perceptions, Montreal offers a unique setting in which multiple rapid transit modes coexist at various stages of operational maturity. 
The metro is a long-established, high-capacity system, while the Pie-IX BRT opened in November 2022 and the REM began operation 
on its first branch in July 2023. In this paper, we use maturity in a descriptive sense (established vs early or consolidating operations) 
and interpret the findings as differences across systems in Montreal, rather than as a definitive test of maturity within a single mode.

We frame our results within the hierarchy of transit needs, using this framework to interpret observed changes, while highlighting 
dynamics that extend beyond the theory’s assumptions. This study addresses the following research questions: (i) how the drivers of 
trip satisfaction have changed over a one-year period for Montreal’s rapid transit services; (ii) do these drivers differ across transit 
systems with different levels of operational maturity; and (iii) to what extent do the observed patterns align with the hierarchy of 
transit needs framework.

To analyze these dynamics, we estimate a series of weighted ordered probit models. First, we develop mode-specific models to 
identify the strongest drivers for each rapid transit service, allowing for comparison across systems that differ in their operational 
maturity. To assess the empirical alignment of our findings with the hierarchy of transit needs, we investigate the relative importance 
of attribute-level and hierarchy layer-level factors. This approach contributes to the literature by offering a longitudinal multi-modal 
analysis of trip satisfaction determinants. The study offers practical insights for transit agencies and planners seeking to prioritize 
service improvements aiming to retain and attract riders in a post-pandemic context.

2. Literature review

2.1. Understanding the dynamics of trip satisfaction

Research on the drivers of trip satisfaction has been developed based on several conceptual backgrounds. Several studies emphasize 
service quality frameworks, adapting the SERVQUAL (Parasuraman et al., 1985; Parasuraman et al., 1988) model to assess transit 

Fig. 1. The hierarchy of transit needs
adapted from Allen et al. (2019b).
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systems through infrastructure (tangibles and reliability) and experiential factors (responsiveness, assurance, empathy). Others have 
applied the three-factor theory, which distinguishes between basic factors (or dissatisfiers), performance factors (negative perfor
mance has a stronger effect), and excitement factors (positive performance has a stronger effect) (Anderson & Mittal, 2000; Deng et al., 
2008; Matzler et al., 2004; Oliver, 1997). Satisfaction has been interpreted as a comparison of expected and perceived performance (i. 
e., expectation–disconfirmation theory) (Oliver, 1976), indicating that satisfaction would depend not only on service attributes 
themselves but on how they align with evolving user expectations.

The hierarchy of transit needs (Allen et al., 2019b) builds upon these earlier theoretical approaches. While influential, evidence on 
its validity remains mixed. The following subsections review findings across BRT, LRT, and metro systems. While these studies were 
not conducted explicitly through the lens of the hierarchy of transit needs, their results point to patterns that can be interpreted in 
relation to its layered structure, i.e., support for conditional relevance, evidence of simultaneous needs, or cases where single concerns 
dominate.

2.1.1. BRT systems
Studies of BRT systems highlight a wide range of factors shaping satisfaction, often reflecting differences in design quality, 

operational maturity, and local context. Because BRT networks vary from gold-standard segregated corridors to mixed-traffic oper
ations, they provide a useful basis for examining how user evaluations shift as systems evolve. In mature systems, satisfaction drivers 
often involve factors beyond functional performance. In Bogotá (Colombia), Rodriguez-Valencia et al. (2022) show that mixed-traffic 
services are judged primarily on speed, reliability, and information, while on the more reliable segregated trunk routes, comfort 
becomes the dominant concern. Likewise, in Guangzhou’s (China) BRT, Cao et al. (2016) report that ease of use, safety, and comfort 
outrank frequency, reliability, and travel time. A follow-up study (Cao & Cao, 2017) frames comfort as an “excitement” factor, growing 
in value once basic needs are met.

By contrast, research on newer or still-maturing BRT systems emphasizes foundational attributes. In Amman (Jordan), Al-haj et al. 
(2024) identify accessibility and operational factors as the strongest drivers, with perceived safety playing a secondary role and he
donic elements such as comfort and information largely absent. Similarly, Chepuri et al. (2024) find that satisfaction in Surat’s (India) 
new BRT system is anchored in reliability and frequency rather than in experiential factors. These findings suggest that when systems 
are still consolidating, riders focus more heavily on foundational factors.

However, not all results follow this pattern. In Barranquilla’s Transmetro, Calvo and Ferrer (2018) report accessibility (functional) 
and comfort (hedonic) exerting similar influence on trip satisfaction, while Diaz et al. (2023) find that low-income users place greater 
emphasis on frequency, connectivity, accessibility, and safety, with younger riders in particular evaluating the service more critically. 
Across diverse contexts, mixed bundles of trip attributes from different hierarchy levels are found to shape satisfaction simultaneously 
(Saleem et al., 2023; Saxena et al., 2024; Singh & Kathuria, 2023; Zhang et al., 2019).

Overall, BRT studies indicate that satisfaction drivers tend to shift as systems mature, with functional basics dominating in newer 
systems and experiential concerns gaining weight in established ones. Yet across contexts, multiple attributes often remain important 
in parallel, suggesting that progression toward higher-order needs does not eliminate the relevance of more basic ones.

2.1.2. LRT systems
Unlike BRT systems, where system maturity appears to structure the relative salience of different attributes, LRT studies frequently 

highlight parallel influences across multiple dimensions. In Seville (Spain), De Oña et al. (2018) report that service availability (i.e., 
proximity to stations, waiting time, punctuality) and accessibility (i.e., connection to other modes, universal accessibility, easy to use 
ticket vendor machines and ticket validators) exert the greatest direct influence on trip satisfaction, reflecting a mix of functional and 
hedonic concerns. Similar findings are reported in related studies in the same context (De Oña et al., 2016; De Oña et al., 2015; Díez- 
Mesa et al., 2018), which consistently identify both operational reliability and experiential factors as central to user evaluations. In 
Eskişehir’s EsTram (Turkey), trip satisfaction reflects a bundle of experiential attributes coupled with network operational perfor
mance (Yilmaz et al., 2021).

Findings from newer LRT systems underscores the coexistence of needs. In Addis Ababa (Ethiopia), for example, satisfaction is 
shaped simultaneously by functional drivers (reliable headways, accessibility), security concerns (safe environments), and hedonic 
attributes, such as clear ticketing systems, information provision, and comfortable spaces. This pattern suggests that even in relatively 
young systems, users evaluate services based on a combination of operational basics and experiential qualities. Taken together, LRT 
studies suggest that satisfaction is typically shaped by bundles of functional and hedonic needs, highlighting overlap rather than a clear 
shift from one level to another.

2.1.3. Metro systems
Metros have been studied extensively across diverse contexts. Evidence on drivers of metro satisfaction is mixed, with some studies 

supporting the hierarchy of transit needs and others highlighting contradictions. Several studies show that once functional reliability is 
secured, higher-order factors such as comfort, cleanliness, and information quality become more influential in shaping satisfaction. For 
instance, research in cities with stable metro networks highlights the growing importance of hedonic factors once on-time performance 
and reliability are strong (Arancibia et al., 2025; Cao & Cao, 2017; Cao et al., 2016; Nassereddine & Eskandari, 2017). At the same 
time, functional attributes like reliability and punctuality remain positively associated with satisfaction across different contexts (Allen 
et al., 2019a; Luo & He, 2021; Osorio-Arjona et al., 2021).

Meanwhile, metro research highlights the persistence of salient unmet needs. Safety concerns and crowding, for example, can 
dominate user evaluations even in systems with otherwise reliable operations. In Los Angeles, dissatisfaction is closely tied to 
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perceptions of crime and intimidating environments, often linked to homelessness (Shin, 2023). Ouali et al. (2020), in a comparative 
study of twenty-five systems, found that higher counts of violent incidents significantly reduce satisfaction regardless of service 
reliability. Similarly, during the COVID-19 pandemic, crowding emerged as a dominant concern (Soltanpour et al., 2020) beyond its 
usual salience in crowded routes (Machado et al., 2024; Soza-Parra et al., 2019). Many metro studies point to the simultaneous salience 
of multiple needs. Satisfaction has been found to depend on both operational reliability and experiential qualities such as comfort and 
cleanliness, as well as security-related concerns (Allen et al., 2020; Efthymiou et al., 2014; Huan et al., 2022; Ibrahim et al., 2025; Li 
et al., 2022; Saeidi et al., 2020).

Overall, the evidence suggests that metro satisfaction reflects the coexistence of multiple needs. While some studies support the 
hierarchy by showing a shift toward comfort and information once reliability is secured, others reveal that safety and crowding remain 
core concerns over time. Taken together, metro research indicates that attributes from different levels of the hierarchy often remain 
salient simultaneously, with their relative weight shaped by local context and service conditions.

2.1.4. Longitudinal studies
Evidence across BRT, LRT, and metro systems suggests that while satisfaction determinants often shift as systems develop, attri

butes from multiple layers frequently remain salient in parallel. These mixed findings underline the complexity of applying a hier
archical model to transit satisfaction and point to the need for longitudinal evidence. Such studies can trace how satisfaction drivers 
evolve over time and clarify whether observed patterns reflect progression through different needs or the continued coexistence of 
multiple influences.

Although the few longitudinal studies available point to gradual shifts in user priorities, panel evidence remains scarce. Dou et al. 
(2024), examining Shanghai’s (China) metro via a thematic analysis of online reviews from 2010 to 2022, found a shift in service 
evaluation where user concerns gradually moved away from core operations toward experience-oriented issues like design, staff 
behavior, and safety in line with the hierarchy’s assumptions. Similarly, before-and after studies of new BRT corridors show that at the 
point of implementation, satisfaction tends to be driven by functional factors, particularly speed and reliability (Conlon et al., 2001; 
Zheng et al., 2021). Taken together, these studies suggest that user evaluations can evolve from a focus on operational basics toward 
higher-order needs, but the pace and extent of this shift remain uncertain.

Building upon this research, our study offers two key contributions to the literature on trip satisfaction by LRT, Metro, and BRT. 
First, it introduces a panel dataset of rapid transit users that allows for the examination of short-term changes in individual-level 
satisfaction across different rapid transit modes at varying stages of operational maturity. This design provides an opportunity to 
capture the temporal dynamics impacting how users evaluate their travel experience, shedding light on whether, and how, satisfaction 
drivers evolve as riders grow accustomed to new services. Second, we build on the hierarchy of transit needs framework by examining 
changes in predictive salience of functional, security, and hedonic attributes over time, and whether these shifts align with the theory’s 
assumption of conditional relevance. In doing so, this study not only contributes longitudinal evidence to satisfaction research but 
investigates whether shifts in functional, security, and hedonic needs follow a sequential logic or occur alongside one another within 
our study context.

3. Case study

Montreal is the second-largest metropolitan region in Canada, home to over four million people. Its rapid transit network is pri
marily operated by the Société de transport de Montréal (STM), which oversees a four-line metro system and one BRT route. The metro 
began operation in 1966 with the launch of its first two lines, the green and orange lines. A third line, serving the artificial island built 
to host Expo 67, opened the following year. Since then, the two original lines have undergone several extensions, with the most recent 
being the orange line’s expansion to the city of Laval, completed in 2007. The blue line, the most recent addition to the network, began 
service in 1986. Currently, it is undergoing an eastward extension that will connect it to the recently launched Pie-IX BRT corridor by 
the early 2030 s. As of 2024, the metro network carries 1.1 million riders daily making it North America’s third busiest metro network 
(APTA, 2025).

Beyond the metro, recent transit investments have adopted alternative technologies to meet the region’s evolving mobility needs. 
Located on the east side of the island, the Pie-IX BRT is a $523 million CAD project spanning thirteen kilometers, with seventeen 
stations in operation and three additional stations under construction at the corridor’s southern end. The project includes key design 
elements commonly associated with BRTs worldwide, including center-running dedicated lanes, transit signal priority, all-door and 
platform-level boarding, and the use of articulated buses. However, the southern segment still operates in mixed traffic until full 
construction is completed. First announced in 2009, the corridor officially opened in November 2022 after a four-year construction 
period. By early 2023, it had reached an average ridership of 30,000 passengers per day.

The region is also developing the REM, a fully automated LRT system designed to expand rapid transit coverage across and beyond 
the island of Montreal. The REM is a 67-kilometre network comprising three branches, with a total projected cost of $9.4 billion CAD. 
Its implementation is being conducted in multiple phases. The first segment, connecting downtown Montreal to the suburban South 
Shore region, began operations in summer 2023. One of the remaining branches is scheduled to open in fall 2025, while the third 
branch is expected in spring 2026 and the final segment to the Montreal-Trudeau International Airport is expected to be operational by 
2027. The project is a public private partnership, where it is designed, built, managed, and operated by CDPQ, Quebec’s public pension 
fund, under the jurisdiction of the regional transit authority (ARTM). Initial ridership on the South Shore branch has reached 
approximately 24,000 passengers per day (CBC News, 2024), with full-network projections estimating 190,000 daily riders once all 
branches are active (CDPQ Infra, 2017). Since its launch, however, the REM’s first segment has experienced frequent service 
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disruptions due to both operational and weather-related issues, which have negatively affected its perceived reliability among users 
(CBC News, 2025).

The rapid evolution of Montreal’s transit network presents a well-suited setting for examining how trip satisfaction evolves over 
time. The coexistence of a mature metro system alongside two newer rapid transit services offer a unique opportunity to compare 
satisfaction dynamics across systems at different stages of implementation. This context enables a temporal assessment of how user 
perceptions evolve as services stabilize and expand. In this way, Montreal provides a case study to test the hierarchy of transit needs, 
illustrating how the importance of different service features may shift as transit systems evolve. Fig. 2 displays a representation of 
Montreal’s current rapid transit network.

4. Data sources

This study draws on the Montreal Mobility Survey (MMS), a multi-wave, bilingual, online longitudinal survey administered by the 
Transportation Research at McGill (TRAM) group across the Greater Montreal region. The MMS includes data related to trip satis
faction, particularly for commute purposes, as well as transit perceptions, travel behavior, and socio-demographic characteristics. 
Across all waves, a combination of recruitment strategies was employed to ensure a large and diverse sample. These included data 
collection through a specialized marketing firm (Leger), social media campaigns, flyer distribution, and personalized email invitations, 
following best practices outlined by Dillman et al. (2014).

To ensure data quality and comparability across survey waves, a consistent cleaning strategy was applied. Respondents were 
excluded based on short completion times, incomplete responses, or multiple submissions from the same Submissions from the same IP 
address were kept only if the IP address was repeated twice with different Those who placed a pin representing their home, school, 
and/or work location outside of the Montreal metropolitan area or in water bodies were removed. Panel responses reporting un
reasonable change in height or age between waves were excluded. Full details on the survey instrument and cleaning process are 
available in Carvalho et al. (2025).

To analyze changes in the drivers of satisfaction over time, a panel sample was extracted from the 2023 and 2024 waves of the 
MMS. To be retained, respondents had to meet the following criteria: (i) they completed the trip satisfaction section in both waves; (ii) 
they used the same main mode (defined as the mode used to travel the furthest distance during their trip) in both waves, specifically 
Metro, Pie-IX BRT, or REM; and (iii) both trips were commute-related. After applying these filters, a final panel of 354 respondents was 
retained, comprising 161 metro users, 78 BRT users, and 115 REM users. Importantly, the 2023 wave reflects user perceptions 
approximately one year after the launch of the Pie-IX BRT (November 2022) and about three months after the opening of the REM’s 

Fig. 2. Montreal’s rapid transit network.
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first branch (July 2023). The 2024 wave was conducted one year later, capturing more established usage patterns and expectations, 
particularly for the newer modes. The timeline of data collection is displayed in Fig. 3.

Perceptions of satisfaction can be temporarily influenced by salient events occurring during fieldwork. During the 2023–2024 MMS 
collection periods, local media reported the following: (i) REM morning-peak service disruptions in early November 2023 (The Ca
nadian Press, 2023); (ii) STM communications in late November 2023 regarding an increased presence of safety personnel in metro 
stations (City News, 2023); and (iii) an interruption affecting the eastern segment of the Blue line in early October 2024, with 
replacement bus service and full service restored within approximately one week (Carvalho & El-Geneidy, 2025). Because the MMS 
does not measure event-specific exposure, we cannot isolate short-term impacts.

Among the mentioned events, the Blue line interruption was the only event with a clearly defined time window, whereas REM 
disruptions and station safety concerns reflect more persistent conditions; we therefore focus on the Blue line interruption for a 
sensitivity analysis. In the metro panel (n = 161), only 19 observations fall within the October 4–9, 2024 interruption window, and 
excluding these observations yields substantively unchanged model estimates, suggesting this event is unlikely to drive the metro 
results. Localized short-term effects among riders directly exposed to the interruption may nonetheless exist but cannot be identified 
with our dataset. Moreover, because the interruption was limited to the eastern segment of the Blue line, whose ridership is sub
stantially lower than the Green and Orange lines, any network-wide effect on metro perceptions is also likely to be limited.

4.1. Survey weights strategy

To account for sampling imbalances and reduce sampling biases, survey weights were derived for both waves separately and within 
each mode-specific analytic sample using the anesrake R package (Pasek, 2018), which follows an iterative raking process (DeBell & 
Krosnick, 2009). The weights were calculated to match the census-tract information of age, income, and gender obtained from Sta
tistics Canada 2021 census (Statistics Canada, 2023), which was retrieved through the cancensus R package (von Bergmann et al., 
2021). Because publicly available census information does not provide benchmarks for the population of transit riders by mode 
(Metro/BRT/REM), and because system users may reside beyond a given catchment area, these weights are intended to reduce socio- 
demographic sampling bias within the study’s sample as represented by the census tracts available in the analytic dataset, rather than 
to exactly reproduce the composition of each system’s rider population.

4.2. Weighted descriptive statistics

Table 1 presents weighted descriptive statistics for the 2023 and 2024 panel sample by main mode of transportation as well as the 
overall sample. Age distribution varies substantially by mode. BRT commuters have a higher proportion of older adults (aged 65 or 
over), with 18.2% in 2024, compared to 7.9% for Metro and 11.1% for the REM. In contrast, Metro and REM commuters are more 
likely to fall within the 30 to 44 age group. Gender composition also differs, with a higher proportion of men users among REM 
commuters (58.9% in 2024) compared to the Metro (45.8%) and the BRT (51.7%). REM commuters are more likely to come from 
higher-income households: about 30% report annual incomes above $120 k CAD, compared with 24% in the overall 2023–2024 
sample. In contrast, over half of BRT users reported annual incomes below $60 k CAD in both years, indicating a higher concentration 
of low-income riders compared to other modes. Metro users largely mirror the overall sample in terms of household income, with about 
40% earning below $60 k CAD, one-third in the middle-income range, and roughly one-quarter above $120 k CAD. This indicates that 
the Metro serves a broad cross-section of income groups, unlike the BRT or REM which display more skewed distributions.

Fig. 3. Timeline of start of operations and data collection.
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BRT commuters are the least likely to telecommute, with over 60% reporting no telecommuting days in the week before completing 
the survey. REM and Metro users show higher rates of partial telecommuting (1 to 4 days per week). Car access is much more prevalent 
among REM users (76% in 2024) than among Metro (51.4%) or BRT commuters (39.6%). Regarding trip duration, REM users tend to 
have longer commutes. In 2024, over 70% of REM users reported trips lasting more than 45 min, compared to roughly 46% of Metro 
users and 42% for the BRT. Conversely, Metro and BRT users are more concentrated in the 30 to 45-minute range.

On average, REM users live farther from the nearest station (mean = 5.2 km in 2024; median = 4.2 km) than Metro users (mean =
2.3 km; median = 1.2 km) or BRT users (mean = 1.9 km; median = 0.7 km), highlighting differences in proximity to rapid transit across 
modes. These are street-network distances from home to the closest station and should not be interpreted as walking access distances, 
as riders may reach stations via other modes, including feeder bus, cycling, park-and-ride, or drop-off. Moreover, the higher REM 
distances reflect the South Shore branch’s more suburban alignment and wider station spacing. Building on these descriptive insights, 
we next turn to the modeling strategy used to assess the drivers of trip satisfaction over time.

5. Methods

5.1. Modeling approach

This study focuses on trip satisfaction as the primary outcome of interest. Satisfaction was measured on a four-point Likert scale in 
response to the following question: “Overall, I was satisfied with my [mode] experience during this trip,” where [mode] refers to the 
respondent’s reported main mode of transport, defined as the mode used for the longest distance during the commuting trip. To explore 
the dynamics of the drivers of trip satisfaction over time, we define a series of Bayesian multilevel ordered probit models at the in
dividual level.

5.1.1. Ordered probit modeling
We select ordered probit modeling because it can reduce Type I and II errors (i.e., detecting non-existing effects or failing to detect 

Table 1 
Socio-demographic and transit trip characteristics.

Variable Metro Pie-IX BRT REM Sample
2023 2024 2023 2024 2023 2024 2023 2024

Age ​ ​ ​ ​ ​ ​ ​ ​
18–29 35.0% 33.0% 19.9% 16.5% 29.5% 23.0% 29.7% 25.8%
30–44 36.4% 35.8% 44.5% 42.4% 36.5% 33.3% 38.4% 36.8%
45–64 23.6% 23.2% 20.3% 22.9% 25.9% 32.6% 23.5% 25.8%
65+ 5.0% 7.9% 15.3% 18.2% 8.1% 11.1% 8.5% 11.5%

Gender ​ ​ ​ ​ ​ ​ ​ ​
Men 42.8% 45.8% 48.8% 51.7% 54.4% 58.9% 47.7% 51.1%
Women 57.2% 54.2% 51.2% 48.3% 45.6% 41.1% 52.3% 48.9%

Household income ​ ​ ​ ​ ​ ​ ​ ​
< 60 k CAD 39.3% 40.5% 56.6% 55.3% 23.7% 19.5% 38.8% 38.4%
60–120 k CAD 37.0% 34.3% 26.8% 27.2% 45.9% 50.7% 37.2% 37.1%
120 k CAD and over 23.7% 25.2% 16.6% 17.4% 30.4% 29.8% 24.0% 24.5%

Telecommuting ​ ​ ​ ​ ​ ​ ​ ​
None 50.6% 49.7% 56.2% 61.5% 43.2% 46.0% 49.8% 51.8%
1–4 days 44.7% 46.6% 32.8% 29.4% 49.5% 50.2% 43.2% 43.1%
5 days 4.8% 3.6% 10.9% 9.1% 7.3% 3.8% 7.0% 5.1%
Car Access 58.8% 51.4% 55.3% 39.6% 80.2% 76.0% 64.3% 55.4%

Travel time (Trip) ​ ​ ​ ​ ​ ​ ​ ​
<15 min 3.0% 2.6% 11.3% 9.5% 0.7% 1.1% 4.3% 4.0%
15 to 30 min 14.8% 14.4% 20.7% 15.1% 7.8% 10.1% 14.2% 13.4%
30 to 45 min 36.9% 37.3% 30.1% 33.3% 16.4% 17.6% 29.2% 30.6%
45 to 60 min 22.6% 25.7% 19.8% 22.9% 35.5% 26.6% 25.8% 25.2%
>60 min 22.7% 20.0% 18.0% 19.1% 39.6% 44.5% 26.6% 26.8%

Average distance to nearest station (km)a: ​ ​ ​ ​ ​ ​ ​ ​
Metro station 2.2 (3.6) 2.3 (3.6) − − − − − −

BRT station − − 1.9 (3.5) 1.9 (3.4) − − − −

REM station − − − − 5.4 (3.9) 5.2 (3.7) − −

a Values are formatted as average (standard deviation); Distances are street-network distances from home to the nearest station; they do not imply 
that respondents walked this distance.
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existing ones) when data has been collected in a Likert scale compared to converting the scale to a continuous one (Daykin & Moffatt, 
2002; Liddell & Kruschke, 2018). Another reason is the increasing use of this technique in the transit satisfaction research (Carvalho & 
El-Geneidy, 2025; Choi et al., 2021; Fielbaum & Tirachini, 2020; Fu & Juan, 2017; Ouali et al., 2020).

Ordered probit models assume each Likert response comes from an underlying, continuous (unobserved) tendency, such as a 
person’s level of satisfaction (y*) (Daykin & Moffatt, 2002; Johnson & Albert, 2000). This latent tendency is modeled as the sum of the 
linear predictor of observed characteristics (ηit) and a standard normal error term. For each individual i in year t, latent satisfaction is 
modeled as follows: 

y*
it = ηit + εit , εit ∼ N (0, 1) (1) 

The observed ordinal (Likert) response (yit) is generated by comparing the latent variable (y*
it) to a set of estimated thresholds (κ). For 

an outcome with J ordered categories, indexed by j = 1,⋯,J, the model estimates J − 1 thresholds. For illustration, in the case of three 
categories, the observed response is defined by two thresholds, κ1 and κ2, which define the boundaries between adjacent categories: 

yit =

⎧
⎪⎪⎨

⎪⎪⎩

1ify*
it ≤ κ1

2ifκ1 < y*
it ≤ κ2

3ify*
it > κ2

(2) 

Thus, higher values of the latent variable y*
it make it more likely that the response falls into higher categories. Formally, conditional on 

the linear predictor ηit , the probability that observation yit falls in category j is given by: 

P(yit = j|ηit) = Φ
(
κj − ηit

)
− Φ

(
κj− 1 − ηit

)
(3) 

In Equation (3), Φ denotes the cumulative distribution function of the standard normal distribution, and κj− 1 and κj are adjacent 
thresholds, where κ0 = − ∞ and κJ = + ∞. The category probabilities represent the probability that the latent satisfaction score falls 
within the interval defined by adjacent thresholds, given the assumed normal distribution of the error term. In other words, the 
probability that an observation falls in category j is obtained as the difference between the cumulative probabilities associated with the 
upper and lower thresholds, evaluated at κj − ηit and κj− 1 − ηit, respectively. Accordingly, when predictors shift y*

it upward (downward), 
they increase (decrease) the probability of reporting higher values of yit, thereby changing the full set of category probabilities (i.e., the 
model’s implied marginal effects on category probabilities).

The likelihood function represents how plausible the observed responses are under a given set of model parameters. It is con
structed by taking the product, across all observations, of the probabilities from Equation (3) corresponding to the categories that were 
actually observed: 

L (θ) =
∏N

i=1

∏Ti

t=1
P(yit|ηit, θ

)

(4) 

In Equation (4), L (θ) represents the likelihood function, θ the full set of model parameters, i indexes individuals (i = 1,⋯,N), N is the 
total number of individuals, and t indexes repeated observations for individual i (in this study, two waves: 2023 and 2024). In the 
Bayesian framework, this likelihood is combined with prior distributions to obtain the posterior distribution of the parameters.

For modeling purposes, the two lowest trip satisfaction categories (i.e., very dissatisfied and dissatisfied) were combined into a single 
category labeled dissatisfied to comply with the parallel lines assumption. The decision is substantiated by the small share of re
spondents indicating very dissatisfied in both 2023 (5.6%) and 2024 (3.7%), which constrains the possibility of achieving significant 
statistical differentiation among the dissatisfied categories. A likelihood-ratio test was conducted using a frequentist ordered probit 
specification to verify the parallel lines assumption. The resulting dependent variable is a three-category ordinal measure of satis
faction, coded as dissatisfied, satisfied, and very satisfied.

5.1.2. Multi-level specification
As observations are repeated for the same individuals over time, responses are not independent. Therefore, we apply a mixed- 

effects extension of the ordered probit model (Agresti & Natarajan, 2001; Rabe-Hesketh & Skrondal, 2008), in which repeated ob
servations across survey waves are clustered within individuals. This specification allows the latent propensity to vary across in
dividuals via random effects while preserving the ordinal measurement model. We specify a random intercept at the individual level to 
account for within-person correlation over time and unobserved, time-invariant differences in baseline satisfaction across individuals. 
The linear predictor ηit from Equation (1) can be defined as: 

ηit = α+ui +Xitβ 

where α is the population-level intercept, Xit is a vector of observed covariates for individual i at time t, and β is the corresponding 
vector of fixed-effect coefficients. The term ui is a random effect (random intercept) representing individual-specific deviations from 
the population intercept. In sum, fixed effects describe average relationships shared across individuals, whereas the random intercept 
allows each individual to have their own baseline level of latent satisfaction. Two model metrics are reported: τ00 and the intra-class 
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correlation (ICC). τ00 is the variance of the individual random intercept, reflecting the extent to which individuals differ in their 
average propensity to report higher satisfaction levels. The ICC indicates the proportion of latent variance attributable to between- 
individual differences.

5.1.3. Bayesian estimation and interpretation
Bayesian estimation was selected due to its advantages in our modeling context, including greater flexibility to estimate models 

with complex interactions and multi-level structures, improved handling of small samples, and richer uncertainty quantification 
through full posterior distributions (Baldwin & Fellingham, 2013). In contrast to frequentist methods, Bayesian models are less prone 
to convergence issues in small samples and do not rely on asymptotic assumptions for inference, making this approach particularly 
well-suited for our dataset.

Models were estimated in R using the brm function from the brms package (Bürkner, 2021), with a cumulative probit link. Survey 
weights (derived through iterative raking on age, gender, and income) were incorporated to reduce sampling biases. Bayesian esti
mation relies on Markov chain Monte Carlo (MCMC), which generates a chain of draws that approximate the posterior distribution 
after warm-up (Johnson & Albert, 2000). In our model estimation, we use four Markov chains with 4,000 iterations each (2,000 warm- 
up), and a target acceptance probability of 0.95. The target acceptance probability controls how often proposed simulation steps are 
accepted; higher values generally trade speed for stability. Random intercepts were specified at the individual level to account for 
within-person correlation over time.

In Bayesian inference, priors are probability distributions assumed before observing the data. The observed data then update these 
priors through the model likelihood to produce posterior distributions, which summarize what parameter values are most plausible 
after accounting for both prior information and the evidence in the data. In our modeling, we apply weakly informative priors centered 
at zero to stabilize estimation and reduce overfitting, particularly in multi-level models, without unduly constraining the results (i.e., 
posterior distributions). Specifically, we use normal priors for fixed effects N (0, 2), normal priors for thresholds N (0, 5), and an 
exponential prior for the random-intercept standard deviation Exponential(1).

Convergence was assessed using the potential scale reduction factor (R̂) and effective sample sizes (ESS). The R̂ statistic compares 
within-chain and between-chain variance indicating whether independent Markov chains have converged to the same posterior 
distribution, where values close to 1.00 suggest adequate convergence (Gelman et al., 2013). The effective sample size reflects the 
amount of independent information in the posterior draws after accounting for autocorrelation in the chains, with larger values 
indicating more reliable estimation of posterior summaries (Gelman et al., 2013). Convergence diagnostics were obtained from the 
fitted models and summarized using standard Bayesian workflows in R, including the bayestestR package (Makowski et al., 2019).

Model adequacy was evaluated using posterior predictive checks based on the outcome mean: we compared the observed mean to 
the distribution of means computed from replicated datasets drawn from the posterior predictive distribution, overall and by survey 
wave. As a complementary summary of model fit, we report marginal and conditional pseudo-R2 values, which summarize variance 
explained by fixed effects only and by fixed plus random effects, respectively, on the latent scale.

We summarize posterior distributions using posterior medians and 95% credible intervals (CrI). A 95% CrI can be interpreted as the 
range within which the model coefficient lies with 95% posterior probability given the data, model and priors. Posterior probability 
refers to the probability assigned to model parameters (including coefficients) after updating the priors with the observed data. Co
efficients are reported on the probit (latent) scale: positive values indicate that higher predictor values shift the latent propensity 
toward higher satisfaction categories, increasing the probability of higher observed responses while negative values indicate the 
opposite. Bayesian inference focuses on posterior uncertainty, summarized through credible intervals, rather than p-values and fre
quentist confidence intervals. We interpret effects as supported when the posterior distribution is clearly concentrated away from zero 
(e.g., when the 95% CrI excludes zero).

5.1.4. Mode-specific drivers of trip satisfaction
Preliminary stepwise models were estimated to assess the contribution of temporal, socio-demographic/contextual factors, system- 

Fig. 4. Structure of the final mode-specific Bayesian multi-level ordered probit models. Trip satisfaction (ordinal) is modeled as a function of overall 
mode satisfaction and trip-attribute experiences, with wave terms (including interactions) and a respondent-level random intercept.
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level perceptions, and trip attributes in explaining trip satisfaction across modes. These exploratory models indicated that trip attri
butes (e.g., travel time, comfort, information, waiting time) showed the strongest associations with trip satisfaction, while socio- 
demographic and broader perception variables contributed little once trip attributes were included. Full results from these pre
liminary models, including predictors that did not show credible directional support, are reported in Appendix A1. Notably, age, 
gender, income, and most system-level perception variables showed limited directional evidence (i.e., effects were not credibly 
different from zero), except for overall transit satisfaction, which remained a meaningful predictor. Based on these results, we focus on 
trip-attribute variables and estimate separate mode-specific models to capture how their effects differ across transit systems and how 
they evolve over time (Fig. 4). This approach enables the comparison of how drivers of satisfaction vary across systems with distinct 
levels of operational maturity.

Although travel behavior research suggests that familiarity and habit can reduce deliberative evaluation of service attributes and 
thus reduce sensitivity to marginal changes in service conditions over time (Gärling & Axhausen, 2003; Gärling & Garvill, 1993), we 
are not able to directly evaluate whether the importance of different attributes varies with rider experience in this study. Moreover, 
while overall mode satisfaction was also measured using a Likert scale, it is included in the modeling as an explanatory variable 
capturing respondents’ broader evaluation of the transit system rather than as a second outcome. Our objective is to identify drivers of 
trip-level satisfaction and their evolution over time, rather than to jointly model multiple satisfaction constructs. Alternative ap
proaches have modeled trip and system satisfaction through a joint ordered mixed logit modeling framework (Henriquez-Jara et al., 
2025). In contrast, this study adopts a Bayesian multi-level ordered probit specification that treats overall satisfaction as an explan
atory factor, maintaining a parsimonious specification centered on trip-level satisfaction.

5.2. Examining the hierarchy of transit needs

Following the identification of predictors with consistent posterior support and the assessment of temporal dynamics, we organize 
trip attribute variables according to the hierarchy of transit needs (Table 2). Functional attributes include access time, travel time, and 
waiting time, while hedonic attributes encompass comfort and information. Although security is considered an intermediate level 
within this framework, safety-related variables were excluded from the analysis because they showed limited posterior support across 
model iterations (i.e., posterior distributions overlapped zero). Additionally, we introduce a fourth layer, perceived value, reflecting 
perceptions of cost-benefit, which has been highlighted in the literature as an important factor in determining satisfaction (Fu et al., 
2018; Kim & Ulfarsson, 2012; Lai & Chen, 2011; Machado et al., 2018; Sun & Duan, 2019).

To assess how the relative importance of different levels within the hierarchy of transit needs varies across modes and over time, we 
apply Leave-One-Out Cross-Validation (LOO) to compare model performance when selectively excluding each attribute layer, namely 
functional (e.g., access time, wait time, and travel time), hedonic (e.g., comfort, information), and value-based (e.g., cost-benefit 
perceptions) factors. LOO evaluates out-of-sample predictive accuracy by checking how well the model predicts each observation 
when that observation is left out of the fitting process, summarized using the expected log predictive density (ELPD) (Vehtari et al., 
2017). This allows us to evaluate each layer’s marginal contribution to predictive accuracy within each mode and survey wave.

LOO was computed using Pareto-smoothed importance sampling (PSIS-LOO) through the loo package in R (Vehtari et al., 2017; 
Vehtari et al., 2025). Rather than refitting the model once for each omitted observation, PSIS-LOO approximates leave-one-out cross- 
validation from a single fitted model by reweighting posterior draws. Because raw importance weights can become unstable when a 
small number of draws receive disproportionately large weights, particularly when an omitted observation is highly influential or 
poorly predicted by the model, Pareto smoothing is applied to the upper tail of the weight distribution. Specifically, the most extreme 
weights are smoothed using a generalized Pareto distribution, which reduces the influence of extreme values and improves the nu
merical stability and reliability of the approximation. Therefore, PSIS-LOO approximates leave-one-out cross-validation without 
requiring repeated model refitting, making it suitable for evaluating out-of-sample predictive performance.

These LOO comparisons are interpreted alongside descriptive statistics of trip-level satisfaction scores. This helps determine the 
extent to which specific needs are currently being met and whether their fulfillment has changed over time. For instance, if functional 
needs such as wait time or travel time show marked improvement between waves, it may indicate that basic expectations are 
increasingly being met. Based on the theory’s conditional relevance assumption, we expect that as lower-level functional needs become 
fulfilled, their predictive importance should diminish. In turn, higher-order needs (i.e., those related to comfort, information, or 
perceived value) should gain explanatory power in shaping satisfaction. These analyses aim to provide empirical insight into whether 
transit systems follow the hierarchical progression proposed in theory as they evolve and stabilize over time.

Table 2 
Trip-level satisfaction factors by the hierarchy of transit needs.

Hierarchy level Attribute Description

Functional Access time I am satisfied with how long it took me to reach my [mode]a stop
Waiting time The waiting time for [mode] was reasonable
Travel time I am satisfied with the length of time I spent on [mode]

Security Safety I felt safe from crime and unwanted attention when I was on [mode]
Hedonic Comfort I felt comfortable when I was on [mode]

Information Information about [mode] (e.g., schedules, on-board announcements, website, etc.) is easy to understand
Value Cost-benefit The cost of taking [mode] was reasonable

a [mode] reflects the trip main commute mode (i.e., metro, Pie-IX BRT, or REM).
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6. Results

6.1. Changes in satisfaction overtime

Fig. 5 reports the temporal dynamics in trip satisfaction between 2023 and 2024 for metro, BRT, and REM commuters. Trip 
satisfaction among Metro riders remained stable. The share of satisfied riders increased marginally by 4.3 percentage points, primarily 
due to a 4.8 percentage point reduction in very satisfied riders. Despite this shift, overall satisfaction remained high. In 2024, 75.1% of 
riders were satisfied, and an additional 17.6% were very satisfied. BRT commuters exhibit the most pronounced improvements in trip 
satisfaction. The share of satisfied users increased by 9.4 percentage points, driven mainly by a sharp decline in dissatisfied users (-8.5p. 
p.). These changes increased the overall satisfied share to 68.8% in 2024. REM riders’ trip satisfaction remained steady between waves, 
with a 4.9 percentage point increase in satisfied users offsetting small reductions in both dissatisfied and very satisfied shares. These 
descriptive trends highlight differences in how trip satisfaction has evolved across transit modes. Building on these observations, the 
next section examines mode-specific drivers of trip satisfaction with multi-level Bayesian models, providing insight into how these 
factors evolve over time.

6.2. Trip-satisfaction drivers by mode

This section examines how the determinants of trip satisfaction differ across the Metro, BRT, and REM systems using mode-specific 
models. Each mode-specific model uses the trip attribute variables identified in the preliminary analysis as the strongest predictors of 
satisfaction. By estimating separate models for each mode, we aim to assess both temporal dynamics and whether different types of 
infrastructure fulfill user expectations in distinct ways. This approach allows us to evaluate how the salience of trip attributes varies 
across transit systems at different stages of operational maturity. Table 3 reports posterior medians and 95% credible intervals (CrI). 
Coefficients are expressed on the probit (latent) scale of an ordered probit model. Positive coefficients indicate that higher predictor 
values shift the latent propensity toward higher satisfaction, generally increasing the probability of observing higher satisfaction 
categories (and decreasing the probability of lower categories), while negative coefficients indicate the opposite. For instance, a one- 
unit increase in a predictor with β = 1.0 shifts the latent satisfaction propensity upward by one unit, holding other variables constant; 
the resulting change in category probabilities depends on the thresholds between categories and the individual’s baseline position on 
the latent scale. We interpret an effect as having credible directional support when the 95% CrI does not include zero.

In the estimated ordered probit models, the thresholds define the boundaries between adjacent satisfaction categories on the latent 
scale (e.g., between “Dissatisfied” and “Satisfied,” and between “Satisfied” and “Very satisfied”). They map the latent satisfaction 
propensity to the observed ordinal responses and are estimated separately for each mode; therefore, they should be interpreted pri
marily as scale parameters rather than as explanatory effects. In Table 3, the lower threshold (Dissatisfied | Satisfied) is consistently 
negative, while the upper threshold (Satisfied | Very satisfied) is positive across modes. This reflects the ordering of categories on the 
latent scale: values below the lower threshold correspond to “Dissatisfied,” values between thresholds correspond to “Satisfied,” and 
values above the upper threshold correspond to “Very satisfied.”.

Across all models, convergence and sampling efficiency were satisfactory (R̂ values were near 1.00 across parameters; Metro: 
R̂ ≈ 0.9997-1.0004, BRT: R̂ ≈ 0.9998-1.0020, REM: R̂ ≈ 0.9999-1.0031; ESS values were high, with minimum of approximately 969 
and typically in the thousands). Model adequacy was supported by posterior predictive checks based on the outcome mean: the 

Fig. 5. Trip satisfaction dynamics over time.
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observed mean fell within the posterior predictive distribution overall and by wave. As a complementary summary of fit on the latent 
scale, marginal/conditional pseudo-R2 values indicate substantial explanatory power from fixed effects alone and additional 
improvement when including individual random intercepts (Table 3).

To interpret the contribution of the random intercepts, we report random-intercept variance (τ00) and the intra-class correlation 
(ICC). τ00 indicates how much respondents differ from one another in their baseline tendency to report higher satisfaction (larger 
values mean greater between-person differences). The ICC (0–1) indicates how similar repeated responses from the same respondent 
are (higher values mean stronger within-person consistency over time). In our results, Metro shows the highest within-person con
sistency (ICC = 0.15) and the lowest between-person dispersion (τ00 = 0.22); BRT is intermediate (ICC = 0.09; τ00 = 0.30), whereas 
REM shows little within-person clustering (ICC = 0.02) and higher between-person dispersion (τ00 = 0.42). These findings suggest 
that Metro respondents show greater within-person stability across repeated observations, whereas REM shows minimal within-person 
clustering, implying that variation is primarily within individuals.

The Metro model provides insight into how satisfaction determinants manifest in the most mature of the three systems. Results 
indicate that satisfaction with the metro is shaped by a combination of hedonic and functional trip attributes, with little evidence of 
temporal effects observed between 2023 and 2024. This temporal stability may reflect the metro’s established infrastructure and 
service delivery, where changes in satisfaction are likely less driven by evolving operational characteristics. On the probit (latent) 
scale, comfort shows the strongest positive association with higher satisfaction (β = 1.91, 95% CrI: 1.16 – 3.05), followed by travel 
time (β = 1.35, 95% CrI: 0.61 – 2.49) and cost-benefit (β = 1.15, 95% CrI: 0.57 – 2.04), ceteris paribus. Information (β = 0.83, 95% CrI: 
0.28 – 1.62) and waiting time (β = 0.61, 95% CrI: 0.12 – 1.22) also exhibit positive associations with satisfaction, although to a lesser 
extent, all else equal.

The BRT model reveals distinct dynamics reflective of a newer and evolving infrastructure. Unlike the Metro, the BRT model shows 
credible evidence of a temporal shift between 2023 and 2024 (β = 0.88, 95% CrI: 0.11 – 1.88), suggesting that perceptions of the BRT 
experience are still evolving, keeping all other variables constant. Notably, overall satisfaction with the BRT system itself is strongly 
associated with trip satisfaction on the probit (latent) scale (β = 1.37, 95% CrI: 0.57 – 2.63), with a larger magnitude than most 
attribute-specific predictors all else equal. This finding highlights the importance of overall impressions of the new infrastructure 
during its early operational phase. Among attribute-specific predictors, waiting time was the most influential: in 2023 it is strongly 
associated with higher trip satisfaction (β = 1.82, 95% CrI: 1.07 – 2.83), but this association is substantially weaker in 2024, as 
indicated by a negative interaction (2024 × waiting time: β = − 1.26, 95% CrI: − 2.36 – -0.45). This sharp reduction may not reflect an 

Table 3 
Mode-specific Bayesian multi-level ordered probit models of trip satisfaction.

Metro BRT REM
Predictors Median 95% CrI Median 95% CrI Median 95% CrI

Thresholds ​ ​ ​ ​ ​ ​
Dissatisfied | Satisfied ¡6.59 − 10.12 – -4.39 ¡3.40 − 5.47 – -1.93 ¡4.49 − 7.29 – -2.68
Satisfied | Very Satisfied 4.46 2.92 – 6.98 4.52 2.71 – 7.40 3.89 2.44 – 6.27

Wave (Baseline: 2023) ​ ​ ​ ​ ​ ​
2024 − 0.25 − 0.97 – 0.39 0.88 0.11 – 1.88 − 0.41 − 1.20 – 0.25

Overall satisfaction ​ ​ ​ ​ ​ ​
Transit satisfaction 0.83 0.32 – 1.53 ​ ​ ​ ​
BRT satisfaction ​ ​ 1.37 0.57 – 2.63 ​ ​
REM satisfaction ​ ​ ​ ​ 1.38 0.69 – 2.43

Trip attributes (Main mode) ​ ​ ​ ​ ​ ​
Access time 0.28 − 0.28 – 0.78 0.49 − 0.06 – 1.15 0.55 0.10 – 1.21
Waiting time 0.61 0.12 – 1.22 1.82 1.07 – 2.83 0.50 − 0.01 – 1.15

2024: Waiting time ​ ​ ¡1.26 − 2.36 – -0.45 ​ ​
Travel time 1.35 0.61 – 2.49 0.74 0.09 – 1.61 1.16 0.57 – 2.02
Comfort 1.91 1.16 – 3.05 0.27 − 0.26 – 0.89 0.67 0.13 – 1.48
Information 0.83 0.28 – 1.62 0.71 0.17 – 1.46 1.03 0.52 – 1.80
Cost-benefit 1.15 0.57 – 2.04 0.78 0.11 – 1.63 0.29 − 0.19 – 0.77

Random Effects
τ00 0.22 0.30 0.42
ICC 0.15 0.09 0.02
N 161 ID 78 ID 115 ID

Observations 322 156 230
Marginal R2/Conditional R2 0.645/0.806 0.653/0.766 0.737/0.824

Note: Median reflects posterior medians (probit-scale coefficients, β); 95% CrI denotes the 95% credible interval. Table 3 reports the final parsi
monious mode-specific models; full exploratory stepwise results, including non-credible estimates, are reported in Appendix A1.
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improvement in service, as a separate difference-in-means test indicates that satisfaction with waiting time remains low and does not 
differ between waves (mean = 0.5; p = 0.641). Instead, it may suggest that users have adapted their expectations or grown accustomed 
to the service frequency, diminishing its impact on satisfaction. Other relevant predictors include travel time (β = 0.74, 95% CrI: 
0.09 – 1.61), cost-benefit (β = 0.78, 95% CrI: 0.11 – 1.63), and information (β = 0.71, 95% CrI: 0.17 – 1.46), pointing to a mix of 
functional and hedonic considerations. In contrast, comfort does not show directional support in the BRT model, possibly reflecting 
lower expectations or inconsistency in the quality of the BRT experience.

The REM model provides insight into satisfaction determinants for the newest transit infrastructure in the region. Unlike the BRT, 
the REM model shows limited evidence of a temporal shift between 2023 and 2024, suggesting either that user perceptions have 
stabilized early or that service conditions have remained unchanged. However, as with the BRT, overall satisfaction with the REM 
system is strongly associated with trip satisfaction on the probit (latent) scale (β = 1.38, 95% CrI: 0.69 – 2.43), all else equal, 
underscoring the weight of general perceptions during the early operational phases of a new system. Among trip-level attributes, travel 
time (β = 1.16, 95% CrI: 0.57 – 2.02) and information quality (β = 1.03, 95% CrI: 0.52 – 1.80) show the strongest positive associations 
with higher satisfaction, reflecting both functional and hedonic components. Comfort also shows credible directional support (β =
0.67, 95% CrI: 0.13 – 1.48), as does access time (β = 0.55, 95% CrI: 0.10 – 1.21), though with smaller magnitudes. This contrasts with 
Metro and BRT, where access-time satisfaction is tightly clustered around ‘satisfied,’ limiting its ability to explain variation in overall 
trip satisfaction once other attributes are included; REM exhibits greater dispersion, allowing access conditions to emerge as a more 
discriminating predictor. The relevance of access time may stem from the REM’s suburban-oriented development in the South Shore 
branch, which often requires longer first- and last-mile travel compared to more centrally located modes like the metro. In contrast, 
waiting time and cost–benefit do not show credible directional support in the REM model.

Overall, travel time emerges as a consistently important determinant of trip satisfaction across all three transit systems, regardless 
of their operational maturity. This suggests that riders consistently view reasonable travel times as a baseline indicator shaping their 
overall experiences. Beyond this commonality, the relative salience of other attributes varies across modes. Next, we assess whether 
these drivers hold at a more aggregate level by analyzing how each hierarchical layer contributes to predictive accuracy.

6.3. Examining the hierarchy of transit needs

This section examines whether the hierarchy of transit needs provides a useful lens for understanding satisfaction dynamics, 
beginning with descriptive statistics and moving to model-based comparisons. We begin by examining satisfaction levels for individual 
trip attributes to evaluate whether basic service aspects, such as access, waiting, and travel time, are consistently met across modes and 
over time. We then examine whether changes in these basic service attributes translate into shifts in the importance of higher-order 
factors, using model comparisons across the different layers of the hierarchy.

Table 4 presents descriptive statistics of satisfaction with individual trip attributes, focusing on whether lower-level needs, such as 
access, waiting, and travel time, are fulfilled across modes and years. Metrics reflect the average of responses on a four-point Likert 
scale (from very dissatisfied to very satisfied, without a neutral option), which was converted to a − 2 to 2 range; higher values 
therefore indicate greater satisfaction. By assessing improvements or stagnation over time, we evaluate the extent to which each 
system meets riders’ basic service expectations. This evaluation is important because, according to the hierarchy of transit needs, once 
these basic expectations are met, higher-order attributes should become more salient in shaping satisfaction.

6.3.1. Lower-order needs: Functional factors
At the functional level, satisfaction with access, waiting, and travel time is generally high, though patterns vary by mode. Metro 

users reported consistently positive ratings across all three attributes, with a statistically significant improvement in satisfaction with 
access time between 2023 and 2024 (p = 0.007). BRT users also expressed satisfaction with access and travel time, yet waiting time 
remained a weak point (mean = 0.5), despite the corridor’s high-frequency service. This likely reflects continued exposure to mixed- 
traffic operations and incomplete infrastructure, particularly along the southern and northern sections of the BRT corridor. While 
waiting time lost predictive power in 2024, this shift likely reflects user adaptation rather than actual service improvements. For REM 
users, satisfaction with waiting and travel time was high, consistent with the system’s segregated right-of-way and frequent service. 
However, access time lagged behind, reflecting longer average distances to stations and limited feeder connectivity.

Overall, the Metro reliably fulfills basic service expectations, while both the BRT and REM continue to face functional gaps, i.e., 
waiting time for the BRT and access time for the REM. The Metro and REM both benefit from full segregation, which supports 

Table 4 
Satisfaction with trip-level attributes by mode over time.

Hierarchy level Variable Metro BRT REM Sample
2023 2024 2023 2024 2023 2024 2023 2024

Functional Access time 0.8 (1.1) 1.1 (0.9) 0.9 (1.0) 0.8 (1.1) 0.3 (1.3) 0.3 (1.4) 0.7 (1.2) 0.8 (1.1)
​ Waiting time 1.0 (0.9) 1.1 (0.7) 0.5 (1.3) 0.5 (1.2) 1.1 (1.0) 1.2 (0.8) 0.9 (1.0) 0.9 (0.9)
​ Travel time 0.9 (1.0) 0.9 (0.9) 1.0 (1.0) 0.8 (1.1) 0.8 (1.3) 0.9 (1.2) 0.9 (1.1) 0.9 (1.0)
Security Safety 0.7 (1.1) 0.8 (0.9) 0.8 (1.0) 0.8 (1.0) 1.2 (0.8) 1.3 (0.6) 0.9 (1.0) 1.0 (0.9)
Hedonic Comfort 0.9 (1.1) 0.9 (0.9) 0.8 (1.2) 0.4 (1.2) 1.0 (1.1) 1.2 (0.9) 0.9 (1.1) 0.8 (1.0)
​ Information 0.9 (1.0) 1.1 (0.8) 0.8 (1.2) 0.9 (1.0) 0.7 (1.2) 1.1 (0.9) 0.8 (1.1) 1.0 (0.9)
Value Cost-benefit 0.5 (1.2) 0.5 (1.1) 0.9 (1.0) 0.7 (1.1) 0.3 (1.3) 0.4 (1.2) 0.6 (1.2) 0.5 (1.1)
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reliability and fast service, whereas the BRT’s exposure to mixed traffic and incomplete infrastructure contributes to uneven fulfillment 
of basic needs. Importantly, the REM’s access time issues are largely external to its operational design, reflecting longer distances to 
stations and limited feeder transit, while the BRT’s waiting time issues appear more intrinsic to its corridor operations. According to 
the hierarchy of transit needs, these unresolved challenges suggest that functional attributes should remain the most salient drivers of 
satisfaction for the BRT and REM, while higher-order factors are more likely to become prominent in the Metro, where foundational 
needs are already met.

6.3.2. Higher-order needs: Safety and hedonic factors
At higher levels of the hierarchy, attributes related to safety, comfort, information, and cost-benefit show distinct patterns across 

modes. Safety consistently received high ratings (means ≥ 0.8) across all systems and showed no meaningful change over time. 
Because it did not show a statistically significant influence on trip-level satisfaction in the models, it was excluded from further 
analysis. Other higher-order attributes, however, varied more noticeably across modes. Hedonic attributes, including comfort and 
information, were strongly fulfilled in both the Metro and REM. Metro users reported stable, high satisfaction with both attributes, 
while REM users noted statistically significant gains in comfort (p = 0.05) and information (p = 0.01), reflecting improving user 
experiences during the service’s first operational year. In contrast, BRT users experienced a notable decline in comfort between waves 
(p = 0.03), though information remained moderately positive. Finally, cost-benefit perceptions were lowest for the REM (mean = 0.4 
in 2024), moderate for the Metro (0.5), and highest for the BRT (0.7).

6.3.3. Model-based comparisons
To formally evaluate these patterns, we compare predictive performance across hierarchical layers using Leave-One-Out (LOO) 

cross-validation (Fig. 6). For the BRT, we report results separately for 2023 and 2024 to capture the temporal variation observed in the 
models. In contrast, Metro and REM results are presented as single estimates, as the models showed no significant changes between 
survey waves.

The LOO results largely support theoretical expectations. For the Metro, the largest decline in predictive accuracy occurred when 
hedonic needs were excluded (Δ = -31.9), followed by value (Δ = -18.3) and functional attributes (Δ = -9.8), indicating that higher- 
order needs are key drivers of satisfaction in this context. In the REM, the strongest impact came from functional needs (Δ = -21.6), 
though hedonic needs played a notable role (Δ = -11.9). This could suggest a transitional stage: intrinsic operational factors such as 
waiting and travel times are well fulfilled, opening space for hedonic attributes to matter, but access remains a persistent gap that keeps 
functional needs central. The coexistence of strong functional and emerging hedonic influences highlights a partial alignment with the 
hierarchy of transit needs, though not a complete one, since not all lower-order needs are met.

The BRT case is more nuanced. In 2023, functional needs were the dominant predictors (Δ = -21.6), but this influence diminished in 
2024 (Δ = -7.0), even though satisfaction with waiting times remained low. This shift does not appear to reflect improved perceptions 
of service, but rather a possible de-prioritization of functional concerns, perhaps due to adaptation or shifting expectations. 
Concurrently, the predictive role of hedonic attributes shows only modest change over time (from Δ = 0.25 to − 2.96). While this 
suggests some increase in the relevance of higher-order needs, the evidence remains limited. Importantly, the attenuation of functional 
needs is still observed when comfort is excluded from the specification, indicating that this pattern is not driven by the inclusion of 
comfort but is more closely linked to the reduced salience of waiting time over time. Importantly, such reordering of needs in the 
absence of improved satisfaction at the foundational level is not anticipated by the theory and may point to user adaptation that 
warrants further investigation by future research.

The three cases illustrate varying degrees of alignment with the hierarchy of transit needs: the Metro reflects its expectations most 
closely, the REM appears transitional as both functional and hedonic needs matter, and the BRT diverges as functional concerns remain 

Fig. 6. Changes in predictive accuracy when functional, hedonic, and value needs are excluded from the base models by mode and wave.
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unresolved yet appear to lose salience over time.

7. Discussion

7.1. The temporal dynamics of trip satisfaction

Most prior research on public transit satisfaction has relied on cross-sectional data. While informative, such studies cannot assess 
temporal dynamics, including how satisfaction determinants change (or remain stable) over time, particularly as systems move from 
early operation toward more mature service conditions. Our study contributes panel evidence from rapid transit commuters in 
Montreal, Canada, surveyed in 2023 and 2024 across two recently launched BRT and LRT systems and the more established Metro 
network. Because the panel spans one year, results should be interpreted as short-term dynamics rather than long-term effects. Still, 
Montreal provides a valuable setting in which multiple modes coexist at distinct stages of maturity, allowing a comparative view of 
satisfaction drivers across systems.

For the Metro, satisfaction is shaped by a mix of hedonic and functional attributes, with no clear evidence of temporal effects 
between 2023 and 2024. Our findings suggest that metro users expect a balance of service performance and user experience, with 
hedonic factors becoming particularly salient, likely because operational reliability is already perceived as stable. This pattern is 
consistent with cross-sectional studies of established metro networks where comfort, cleanliness, and information gain importance 
once basic performance needs are met (Arancibia et al., 2025; Cao et al., 2016; Nassereddine & Eskandari, 2017), though functional 
attributes such as reliability remain important (Allen et al., 2019a; Luo & He, 2021). Longitudinal evidence from Shanghai points to a 
gradual shift toward hedonic concerns over a 12-year period (Dou et al., 2024). In Montreal, our findings capture a shorter window, 
showing that hedonic factors are already central alongside functional ones.

For the BRT, the patterns suggest distinct temporal dynamics, consistent with a system still in the process of consolidation. Unlike 
the Metro, an improvement in overall satisfaction is observed between 2023 and 2024, indicating that user evaluations of the Pie-IX 
corridor continue to evolve. Satisfaction with the BRT system as a whole exerts a stronger influence on trip satisfaction than most 
specific attributes, underscoring the weight of general impressions during the early operational phase. Waiting time appears especially 
salient in 2023 but declined sharply in importance by 2024, despite no measurable improvement in satisfaction with this attribute. 
This points to riders adjusting their expectations or becoming accustomed to service frequency, reducing its role in shaping evalua
tions. This interpretation is consistent with expectation-disconfirmation theory (Oliver, 1976), which suggests that satisfaction de
pends not only on service conditions themselves but also on how they compare with users’ evolving expectations. Moreover, this 
finding is in line with previous research on passengers’ travel time perceptions following express route service improvements leading 
to an initial overestimation of expected travel time savings (Diab & El-Geneidy, 2014). Other predictors such as travel time, cost- 
benefit, and information contributed meaningfully, while comfort played a more limited role, suggesting lower expectations 
around higher-order features at this stage.

These findings echo cross-sectional research on new BRT systems in Amman and Surat, where foundational attributes such as 
reliability and accessibility dominated early evaluations (Al-haj et al., 2024; Chepuri et al., 2024). Our longitudinal findings extend 
this evidence by showing that the salience of functional attributes, such as waiting times, can diminish over time even in the absence of 
service improvements. This highlights the importance of expectation adjustment in shaping satisfaction, a process that cross-sectional 
studies cannot fully capture and that aligns with the expectation-disconfirmation framework.

For the REM, findings indicate stability in satisfaction determinants between 2023 and 2024, with no substantial temporal effects 
detected. As with the BRT, satisfaction with the system as a whole play a prominent role, underscoring the influence of broad per
ceptions in the early stages of operation. At the attribute level, trip satisfaction appears to reflect a combination of functional and 
hedonic dimensions, with travel time and information being particularly salient. The salience of information may relate to the REM's 
recurrent service disruptions, which are likely to heighten users’ attention to real-time updates and operational alerts. Comfort and 
access time also contribute, with the latter possibly linked to the suburban orientation of the South Shore branch, where longer first- 
and last-mile trips are common. In contrast, waiting time and cost-benefit appear less central to user evaluations of the service.

These patterns align with findings from other LRT studies, which frequently highlight bundles of functional and hedonic attributes 
shaping satisfaction in parallel (De Oña et al., 2016; De Oña et al., 2018; De Oña et al., 2015; Díez-Mesa et al., 2018; Yilmaz et al., 
2021). Evidence from newer systems, such as Addis Ababa, similarly points to the coexistence of needs, with users evaluating services 
based on both operational performance and experiential qualities from early operational stages (Efthymiou et al., 2014; Ibrahim et al., 
2025). Our findings reinforce this pattern, rather than showing a sequential shift in priorities, where satisfaction appears to reflect a 
mix of functional, hedonic, and contextual concerns even during the system’s first operational year.

In sum, the three mode-specific models point to different trajectories of satisfaction across systems operating at various stages of 
maturity. In the Metro, determinants remained stable over time, with hedonic concerns salient alongside core functional attributes, 
consistent with patterns expected in a long-established system. The BRT, by contrast, showed signs of shifting user priorities, with the 
influence of waiting time declining despite no improvement in performance, which may indicate expectation adjustments as the 
service becomes familiar. The REM displayed no temporal change but a reliance on both functional and hedonic factors, consistent 
with evidence from other light-rail systems and possibly indicating a transitional state or concurrent prioritization of reliability and 
rider experience. Together, these patterns illustrate how user satisfaction with rapid transit can remain stable, adapt in the absence of 
measurable service improvements, or reflect bundled influences during early consolidation (i.e., functional and hedonic factors). More 
broadly, the results show how longitudinal analysis adds nuance to cross-sectional findings by capturing different ways satisfaction 
evolves across modes within the same metropolitan context.
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7.2. The hierarchy of transit needs

We explored the extent to which our empirical findings align with (or diverge from) the hierarchy of transit needs framework (Allen 
et al., 2019b). Rather than testing the theory in a definitive sense, we assess whether the observed satisfaction dynamics across systems 
at different stages of operational maturity are consistent with its assumptions. This matters because, if empirically supported, the 
theory’s conditional relevance assumption can inform service planning by offering a roadmap for how priorities might change as 
systems become more established.

Although previous studies provide mixed evidence, two patterns recur in the literature. First, hedonic factors (e.g., comfort, in
formation) tend to become more influential once functional performance is stable. Second, poor performance in any attribute, 
regardless of its place in the hierarchy, can increase its role in shaping overall satisfaction. Our findings add to this debate by examining 
both individual satisfaction drivers and the collective contribution of each hierarchical layer. To do this, we compared models that 
progressively excluded functional, hedonic, or value-related attributes and assessed how much predictive accuracy declined in each 
case. This approach allows us to evaluate not just whether individual factors matter, but how much weight each broader layer of the 
hierarchy carries in shaping overall satisfaction.

At the attribute level, findings point to a partial alignment with the hierarchy of transit needs. Metro riders’ emphasis on comfort 
reflects a shift toward higher-order considerations once foundational needs are met. BRT users continued focus on waiting time il
lustrates how functional gaps dominate evaluations in maturing systems. The REM’s reliance on both travel time and information 
suggests that functional and hedonic concerns can operate simultaneously. Across modes, travel time remains a consistently important 
determinant. These results indicate that while the hierarchy offers a useful organizing principle, its conditional relevance is not ab
solute, with functional and hedonic attributes often operating in tandem.

Stronger support emerges when comparing the aggregate contribution of each layer (Fig. 7). In the Metro, removing hedonic at
tributes from the model led to the largest decrease in predictive accuracy, followed by value and functional attributes supporting the 
theory’s core assumption. For the REM, results indicate a layered but potentially transitional structure during its early operational 
stage. Functional needs exerted the strongest influence, yet hedonic factors such as information and comfort also played a notable role. 
This combination suggests that while core operational expectations like waiting and travel times are being met, unresolved challenges 
with station accessibility keep functional needs central. At the same time, the concurrent influence of hedonic attributes indicates a 
partial rather than complete alignment with the hierarchy of transit needs.

The BRT results were more complex. In 2023, functional attributes dominated the satisfaction model, reflecting low satisfaction 
levels with waiting time and aligning with the hierarchy of transit needs. However, by 2024 the explanatory power of functional 
attributes declined substantially. As previously highlighted, this reduction does not appear to reflect actual improvements in perceived 
waiting time, but rather a potential de-prioritization of these concerns. While this shift could suggest that higher-order needs are 
becoming more relevant, the corresponding change in hedonic contribution remains modest and does not clearly indicate what, if 
anything, is replacing functional concerns in users’ evaluative framework. Importantly, the attenuation of functional needs is also 
observed when comfort is excluded from the specification, suggesting that this pattern is not driven by the inclusion of comfort but is 
more closely linked to the reduced salience of waiting time over time.

Overall, the findings suggest that the hierarchy of transit needs serves best as a broad organizing principle rather than a strict rule. 
At the attribute level, functional and hedonic drivers often operate in tandem, particularly in systems like the REM where some 
foundational gaps persist alongside strong operational performance. At the aggregate layer level, clearer patterns emerge: the metro 
aligns most closely with the theory’s expectations, the REM illustrates a potential transitional stage, and the BRT diverges as functional 
concerns appear to lose salience despite being unresolved. This layered perspective highlights both the value and the limits of the 

Fig. 7. Hierarchy of transit needs across modes and stages of operational maturity.
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framework. While it provides a useful lens for interpreting satisfaction dynamics, its conditional relevance assumption does not always 
hold in practice. Because maturity varies primarily across systems in our case study, the patterns discussed here should be interpreted 
in terms of system-level differences rather than as within-mode evidence of maturity effects. Future research could explore how factors 
such as within-mode operational maturity, service familiarity, expectation adjustment, and user coping mechanisms contribute to 
shifting perceptions over time, particularly in newer systems.

7.3. Policy implications

Findings from this study suggest that, at the aggregate level, the drivers of user satisfaction evolve in tandem with the degree to 
which foundational needs are met. As such, planners and agencies should avoid focusing on higher-order features before ensuring that 
the basics, such as reliability, speed, accessibility, are consistently delivered (Diab et al., 2015). Improvements should be sequenced 
considering system-level operational maturity, with investments tailored to address salient needs.

In the case of Montreal’s Metro, results indicate that satisfaction is increasingly shaped by comfort and experience-related features. 
For this mode, planners may consider prioritizing investments that enhance the user environment, including seating, cleanliness, 
ventilation, and crowd management. By contrast, the Pie-IX BRT (still undergoing infrastructure completion) remains constrained by 
unmet functional needs, particularly wait times. In this sense, improvements targeting operational consistency should take precedence 
before hedonic factors. Moreover, operational improvements for this route would benefit a low-income corridor, where riders are more 
likely to be transit dependent. In the REM, a new system experiencing frequent service disruptions, information quality emerged as a 
key driver of trip satisfaction. This points to the importance of real-time communication strategies, including onboard announcements, 
mobile notifications, and responsive customer service, to manage expectations.

While the salience of different satisfaction attributes varies by mode and by each system’s operational maturity, some expectations 
appear universal. Travel time consistently emerged as a core determinant across all modes, underscoring that functional performance 
remains foundational to user satisfaction, even when other needs rise in prominence. Transit agencies should therefore continue to 
prioritize system designs and operational strategies that minimize travel times and improve perceived efficiency. In practice, strategies 
to improve travel time and efficiency can include reducing intersection delay through signal priority (particularly for BRT/LRT at- 
grade segments), shortening dwell times via all-door boarding and level boarding where applicable, and improving headway regu
larity through active operations control (e.g., holding, dynamic dispatching, and schedule adjustments). Because users experience is 
strongly influenced by service reliability and travel time variability (Soza-Parra et al., 2019; Weng et al., 2023), agencies should 
prioritize measures that reduce variability as much as average travel time.

Finally, the study underscores the importance of overall perceptions, particularly during the implementation phases of new 
infrastructure. In both REM and BRT systems, overall satisfaction with the system itself (beyond individual trip attributes) played a 
large role in shaping evaluations. This finding suggests that initial perception-building efforts, including design quality, branding, and 
communication campaigns, should be treated not as an afterthought, but as strategic investments. Strong first impressions can set the 
tone for how users assess performance in subsequent years, making early trust-building a core part of long-term satisfaction strategies.

8. Conclusion

This paper examined temporal changes in the drivers of trip satisfaction across Montreal’s three rapid transit systems (i.e., the 
Metro, the Pie-IX BRT, and the REM light rail) over a one-year period. We focused on three central questions: (i) how these drivers 
evolved between 2023 and 2024, (ii) whether patterns differed across systems at different stages of operational maturity, and (iii) how 
the results align with the hierarchy of transit needs framework.

Our findings highlight differences in the drivers of trip satisfaction across Montreal’s rapid transit systems. The metro exemplifies a 
long-established service in which satisfaction is stable and increasingly shaped by comfort and other higher-order attributes. By 
contrast, the BRT illustrates how newer systems can be subject to evolving expectations, with functional attributes such as waiting time 
initially dominating before gradually declining in salience as riders adapt. Meanwhile, the REM reflects an intermediate case, where 
both functional and hedonic considerations play parallel roles in shaping satisfaction.

With respect to theory, the results suggest only partial alignment with the hierarchy of transit needs. At the attribute level, in
consistencies appear, especially for newer systems where adaptation and shifting expectations complicate the assumed progression 
from functional to hedonic concerns. At the aggregate layer level, however, stronger support was found, with higher-order attributes 
gaining explanatory importance in the metro, while functional needs remained prominent for the REM and BRT. These findings 
indicate that the framework may serve best as a broad organizing principle rather than a strict rule, with its conditional relevance 
assumption proving more robust when applied at the categorical level than to individual factors.

This study is not without limitations. The analysis covers a relatively short period of one year, which may constrain the ability to 
detect longer-term stabilization or structural shifts in satisfaction drivers. In addition, the use of a four-point Likert scale forced re
spondents into non-neutral categories. Moreover, the number of trip attributes available and assessed is narrow, and the survey does 
not record which metro lines respondents used, and Montreal’s metro lines are all long-established, limiting meaningful within-metro 
comparisons of maturity. Finally, we cannot directly test whether satisfaction drivers vary by riders’ experience or habit strength with 
a given mode. While respondent random intercepts account for stable, time-invariant unobserved individual-level differences in 
baseline satisfaction, identifying whether more experienced riders weigh service attributes differently would require additional data 
not available in our dataset. Future research should address these limitations by extending the period of analysis, expanding the set of 
measured attributes, and examining whether the conditional relevance of different need layers depends more directly on the 
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fulfillment of lower-order expectations. Such efforts will be essential to fully capture how satisfaction evolves as transit systems mature 
and adapt to changing travel behaviors.
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Appendix

Appendix A1: Stepwise Bayesian multi-level ordered probit models of trip satisfaction.

Predictors Base Contextual Transit Perceptions Trip Attributes
Median 95% CrI Median 95% CrI Median 95% CrI Median 95% CrI

Thresholds ​ ​ ​ ​ ​ ​ ​ ​
Dissatisfied | Satisfied ¡2.13 ¡2.54 – -1.76 ¡2.17 ¡3.02 – -1.38 ¡1.64 ¡2.39 – -0.94 ¡3.77 ¡4.68 – -3.08
Satisfied | Very Satisfied 1.15 0.83 – 1.47 1.43 0.66 – 2.27 2.02 1.32 – 2.77 2.26 1.77 – 2.84
Mode (Baseline: Metro) ​ ​ ​ ​ ​ ​ ​ ​
BRT ¡0.50 ¡0.95 – ¡0.08 ¡0.87 ¡1.44 – ¡0.32 ¡0.68 ¡1.14 – ¡0.25 − 0.42 − 1.00 – 0.13
REM − 0.12 − 0.55 – 0.30 − 0.34 − 0.90 – 0.22 0.24 − 0.18 – 0.67 − 0.10 − 0.66 – 0.45
Wave (Baseline: 2023) ​ ​ ​ ​ ​ ​ ​ ​
2024 − 0.16 − 0.47 – 0.15 − 0.13 − 0.45 – 0.19 − 0.04 − 0.37 – 0.28 − 0.29 − 0.73 – 0.13
BRT:2024 0.45 ¡0.04 – 0.95 0.59 0.07 – 1.13 0.58 0.05 – 1.10 1.15 0.45 – 1.89
REM:2024 0.19 − 0.29 – 0.68 0.20 − 0.29 – 0.71 − 0.00 − 0.52 – 0.50 − 0.13 − 0.82 – 0.55
Travel time (Baseline: > 60 min) ​ ​ ​ ​ ​ ​ ​ ​
< 15 min ​ ​ 2.35 1.48 – 3.25 1.78 0.98 – 2.63 ​ ​
15 to 30 min ​ ​ 1.16 0.64 – 1.71 0.83 0.35 – 1.33 ​ ​
30 to 45 min ​ ​ 0.96 0.53 – 1.39 0.63 0.23 – 1.04 ​ ​
45 to 60 min ​ ​ 0.36 − 0.05 – 0.77 0.23 − 0.16 – 0.62 ​ ​
Gender (Baseline: Women) ​ ​ ​ ​ ​ ​ ​ ​
Men ​ ​ 0.04 − 0.46 – 0.54 ​ ​ ​ ​
BRT: Men ​ ​ 0.32 − 0.36 – 1.02 ​ ​ ​ ​
REM: Men ​ ​ 0.79 0.08 – 1.51 ​ ​ ​ ​
Age (Baseline: 65 and over) ​ ​ ​ ​ ​ ​ ​ ​
18 to 29 ​ ​ ¡0.98 ¡1.73 – -0.24 ¡0.76 ¡1.41 – -0.13 ​ ​
30 to 44 ​ ​ ¡0.96 ¡1.65 – -0.26 ¡0.70 ¡1.33 – -0.09 ​ ​
45 to 64 ​ ​ ¡0.76 ¡1.46 – -0.04 − 0.43 − 1.09 – 0.19 ​ ​
Neighborhood changes ​ ​ ​ ​ ​ ​ ​ ​
Improvement in quality of life ​ ​ 0.49 0.33 – 0.66 0.22 0.07 – 0.39 ​ ​
Public transit perceptions ​ ​ ​ ​ ​ ​ ​ ​
Quality of life ​ ​ ​ ​ 0.35 0.17 – 0.53 ​ ​
Transit satisfaction ​ ​ ​ ​ 0.40 0.23 – 0.58 0.26 0.07 – 0.47
Transit improvement (past year) ​ ​ ​ ​ 0.33 0.16 – 0.50 ​ ​
Trip attributes (Main mode) ​ ​ ​ ​ ​ ​ ​ ​

(continued on next page)
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(continued )

Predictors Base Contextual Transit Perceptions Trip Attributes
Median 95% CrI Median 95% CrI Median 95% CrI Median 95% CrI

Access time ​ ​ ​ ​ ​ ​ 0.41 0.20 – 0.63
Waiting time ​ ​ ​ ​ ​ ​ 0.33 0.04 – 0.63
BRT: Waiting time ​ ​ ​ ​ ​ ​ 0.77 0.34 – 1.21
REM: Waiting time ​ ​ ​ ​ ​ ​ 0.39 − 0.07 – 0.86
Travel time ​ ​ ​ ​ ​ ​ 0.82 0.57 – 1.11
Comfort ​ ​ ​ ​ ​ ​ 0.90 0.59 – 1.25
BRT: Comfort ​ ​ ​ ​ ​ ​ ¡0.64 ¡1.08 – -0.21
REM: Comfort ​ ​ ​ ​ ​ ​ − 0.08 − 0.57 – 0.40
Information ​ ​ ​ ​ ​ ​ 0.65 0.43 – 0.90
Cost-benefit ​ ​ ​ ​ ​ ​ 0.58 0.37 – 0.80
Random Effects ​ ​ ​ ​ ​ ​ ​ ​
τ00 0.12 0.19 0.25 0.31
ICC 0.62 0.42 0.25 0.06
N 354 ID 354 ID 354 ID 354 ID
Observations 708 708 708 708
Marginal R2/Conditional R2 0.006/0.469 0.162/0.521 0.312/0.535 0.652/0.724

Note: Median reflects posterior medians (probit-scale coefficients, β); 95% CrI denotes the 95% credible interval.

Data availability

Data will be made available on request.
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Allen, J., Muñoz, J., Ortúzar, J., 2019a. On evasion behaviour in public transport: Dissatisfaction or contagion? Transportation Research Part A -Policy and Practice 

130, 626–651.
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