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Abstract: This study introduces a new metro train demand model that simultaneously cap-
tures both aggregate ridership from automated fare collection (AFC) data and disaggregate
consideration propensities, using individual survey data from Chennai, India. This joint
framework produces more accurate aggregate demand estimates than traditional OLS (R?
improves from 0.67 to 0.75), as it is able to capture the complex and non-linear relationship
between disaggregate consideration probability, reflecting potential demand, and aggre-
gate footfall, reflecting realized demand. It is observed that increasing the consideration
probability enhances the footfall overall. However, some locations exhibit an opposing
trend between consideration and footfall (low consideration but high footfall, or vice
versa). Also, the sets of influential factors vary across these two dimensions. For instance,
individual-level variables (income and out-of-vehicle travel time) and multi-modal connec-
tivity features (presence of an airport and multimodal hubs near the metro) play a key role
in footfall. In contrast, consideration probability is primarily influenced by access time, cost,
and egress distance. Furthermore, factors influencing consideration probability (walkability,
train service quality, and first-last-mile connectivity) vary across segments (based on vehi-
cle unavailability, exclusive vehicle availability, and limited vehicle availability). Evidence
of selection bias among metro riders, non-normality, and intra-person variability effects in
footfall is observed. From a policy perspective, neglecting the disaggregate consideration
effects on realized aggregate demand, i.e., footfall models, can overestimate the role of
metro costs and out-of-vehicle travel time. In addition, the ridership levels of the metro
are overestimated at higher metro fare levels. The new model illustrates that applying
location-specific and dimension-specific policy interventions can be more effective than
uniform area-wide policies for enhancing the user base and realized ridership.

Keywords: distinct stages of metro usage; consideration probability; realized footfall;
self-selection; multimodal connectivity; public transportation; potential demand

1. Introduction

Public transport is a more affordable and sustainable alternative to solo personal
vehicle travel due to its lower fares and its mitigative effect on urban congestion and
pollution [1,2]. Therefore, several developing countries, such as India, are turning to trains
(metro rail) to reduce urban congestion due to their higher passenger carrying capacity [3].
However, despite such large infrastructure investments in metro trains, actual ridership
levels have fallen far below the targets in many cities [4]. Therefore, identifying and
addressing key deterrents to the demand for metro services becomes an urgent priority in
order to resolve urban mobility challenges. In this direction, this study proposes a joint
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model for train demand that is based on both disaggregate consideration probability at the
individual level, as well as the aggregate hourly station demand.

Several studies globally have shown that existing forecasts for metro demand are
highly optimistic, whereas the realized demand is much lower. For example, Bhattacharjee
etal. (2020) noted a substantial shortfall in daily metro ridership compared to the projections
in Indian cities, such as Bengaluru (50% shortfall), Chennai (80% shortfall), and Jaipur
(90% shortfall) [5]. Similar challenges are observed in neighboring South Asian countries,
as well as the U.S. and Europe. For instance, in Dhaka, Bangladesh, mass rapid transit is
used for 10% to 20% of short- to medium-distance trips [6]. In the U.S., Los Angeles and
Houston metros fall short of their projected ridership by 30% and 80%, respectively [7,8].
European urban rail projects have a 20% gap between forecasted and actual ridership [9].
These trends highlight the global challenge in achieving the expected rail transit ridership.

The shortfall in train ridership may arise from either a demand deficit at the disaggre-
gate choice level or a lower-than-expected aggregate ridership. At the disaggregate level,
some individuals may not even include or consider trains in their choice set. Consideration
is an initial and essential stage of demand since it captures the behavioral intent of travelers
to include this mode in their choice set. This dimension can be viewed as an indicator
of potential demand and comprises the expanded user base of regular users, as well as
infrequent travelers. The consideration probability for the metro is influenced by factors
including growing personal vehicle ownership, poor walkability, and low accessibility
to train stations [10,11]. Hence, effective policy interventions are necessary to encourage
non-users to consider and shift to train travel.

On the other hand, footfall represents the second or subsequent stage of demand,
which is conditional on the consideration that reflects the realized demand or the actual
extent of metro usage. The conventional literature on transportation mainly focuses on
aggregated measures, such as footfall, boarding, or alighting at stations, representing indi-
cators of the realized demand. This measure reflects the intensity of use and is influenced
more by transit attributes such as fare reduction or increasing service frequency. Also,
such aggregate demand may be influenced by factors such as (i) poor transit operational
characteristics, such as low frequency or high fares [12,13], (ii) inadequate station character-
istics, including limited parking availability and complex navigation within the station [14],
(iii) insufficient accessibility to the station through poor first- and last-mile connectivity
and non-usable footpaths [15], and (iv) a lack of attractive land-use or built environment
characteristics near the station [16].

The existing studies on metro demand focus either on the realized demand through
ridership metrics or the potential demand through disaggregate consideration probabilities.
Both approaches present only a partial picture of actual metro usage due to the following
limitations. Aggregate demand models suffer from self-selection bias, as they rely solely
on data from metro users and overlook the responses of non-users. Additionally, they
cannot quantify the effect of intra-station variables (e.g., first- and last-mile connectivity
and land use), and individual-level variables (e.g., socio-economic characteristics, work
characteristics, and user perceptions) that vary across respondents within the same buffer
area in a metro station [10,17]. In addition, most existing aggregate demand models use
unidirectional measures, such as boarding or alighting, which do not provide a compre-
hensive indication of demand for terminal planning or first- and last-mile service design.
These limitations can lead to inaccurate or misleading estimates of demand.

Conversely, disaggregate models of consideration and choice can overcome self-
selection bias and capture intra-station and inter-person variables. However, their sample
sizes are smaller compared to the aggregate demand data used from the automated fare
collection (AFC) data. Also, these disaggregate models capture the behavioral intent of
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travelers to include the metro in their choice set, but not their actual usage level. Hence,
they cannot be used for forecasting ridership or revenue estimates.

The above discussion highlights the need for investigating both these stages of demand
and their interactions, which are overlooked in the literature. A clear distinction between
the aforementioned potential and realized demand dimensions becomes essential from
a policy perspective. By improving the consideration propensities, transit agencies may
be able to expand their user base, whereas interventions focused on footfall can enhance
ridership. Thus, there is a need for different policy levers to address these dimensions. For
example, it is plausible that out-of-vehicle attributes, as well as accessibility, could affect
consideration, whereas in-vehicle experiences and station amenities could affect ridership.

By explicitly modeling the two dimensions and their interactions, this study aims to
examine the following research questions that are underexplored: (i) which segments show
a deficit in consideration probabilities, and through what factors can they be enhanced?
(ii) How do intra-station and inter-personal variables affect aggregate footfall demand?
(iii) What is the role of self-selection bias in the aggregate demand model? (iv) Whether
and to what extent does disaggregate consideration probability have a mediating effect on
realized footfall? (v) At what locations does footfall remain low despite a high consideration
rate, and how can this be mitigated? (vi) Are segment-specific, location-specific, and
dimension-specific (consideration vs. footfall) policies more effective than uniform ones in
enhancing demand?

To address these research issues, the following objectives are pursued in this study.

(1) To propose a framework for the joint analysis of both disaggregate consideration
probabilities and aggregate footfall outcomes.

(2) To investigate the behavioral differences in consideration propensity outcomes, using
market segments based on personal mobility resource availability.

(8) To investigate the interdependence between potential demand (disaggregate consider-
ation) and realized demand (aggregate footfall) outcomes, with particular attention to
distinguishing the role of key variables across the two dimensions.

(4) To illustrate the differential impacts of policy interventions across consideration and
footfall dimensions.

These objectives are investigated based on empirical data from Chennai City, India,
using two main data sources: footfall data from the automated fare collection (AFC) system
at metro stations and mode consideration data from a household survey. Footfall is defined
here as the total number of passengers entering and exiting the train station (sum of
hourly boarding and alighting) during a given time period. The two datasets are used to
propose a joint modeling framework investigating the interplay between consideration
probability and aggregate footfall, comprising two interrelated models: (i) a binary logit
model for metro train consideration probabilities and (ii) a non-linear Box-Cox model for
station-level footfall.

This study contributes to the existing literature on metro demand evaluation in the
following respects. A comprehensive and novel characterization of metro service usage
patterns is proposed by modeling two distinct stages of potential and realized demand and
their interactions. The stages comprise (i) disaggregated consideration probability reflecting
the behavioral intent to use the metro and (ii) aggregate footfall that represents actual usage
intensity. This novel model addresses the self-selection bias present in aggregate demand
models due to their neglect of non-user data. Heterogeneity in user preferences towards
multimodal connectivity and transit service characteristics based on personal mobility
segments is captured at the disaggregate level. In addition, this study evaluates the effect
of individual-level variables and intra-station variables on the footfall dimension, which is
overlooked in existing aggregate models. The results highlight the differential influence of
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key variables across the consideration and footfall dimensions. Two sources of non-linear
effects in the footfall dimension are captured using a Box-Cox transformation and through
the mediating effect of the consideration propensity. Neglecting these features leads to
biased estimates, poorer model fits, and misleading policy implications. The practical
significance of this model is empirically illustrated by showing the dimension-specific and
location-specific impacts of alternative policies to enhance multimodal integration.

The rest of the paper is organized as follows: Section 2 synthesizes the related literature
regarding disaggregate and aggregate train demand models. The data used in this study
and the associated exploratory analysis are described in Section 3. Section 4 describes the
proposed joint model formulation and specification. The results and findings are presented
in Section 5, followed by a discussion of policy implications in Section 6. Finally, the last
concluding section highlights the important findings and contributions from this study.

2. Literature Review

This section synthesizes the literature on existing transit demand models, with a focus
on disaggregate consideration and choice as indicators of the potential demand, as well as
the aggregate demand as a measure of the realized or actual usage, followed by a summary
of key knowledge gaps that motivated this study.

2.1. Disaggregate Demand Models on Transit Consideration and Mode Choice

Disaggregate demand models focus on individual choice outcomes and can be classi-
fied into two broad categories: (i) consideration models and (ii) binary and multinomial
mode choice models. The main findings from these studies are summarized in the follow-
ing subsections.

2.1.1. Research on Train Consideration

Consideration models focus on the process of including an alternative in the choice set
of many alternatives [18]. Consideration is affected by feasibility, availability, awareness,
and compatibility with activity—travel patterns. These models are developed using either a
latent variable approach or revealed choice data [17,19,20]. Such revealed data typically
consists of binary variables about whether a particular mode was used within a specified
time window [21,22]. Among the two approaches, for existing modes, modeling the
revealed outcome is often preferable, as it is easier for respondents to report, and the
response is more precise than corresponding latent variable indicators. However, selecting
an appropriate time window for measuring consideration is essential for robust model
development. Measurements over very long time windows may lead to poor memory
recall by respondents or may not accurately reflect recent travel patterns. On the other
hand, consideration over just a few days may capture some rare or occasional trips but may
not reflect regular patterns.

Regardless of whether a latent or observed variable approach is used, almost all
studies assume that consideration of a particular mode is a binary response variable.
Hence, it is widely modeled using binary logit or probit models, and the main empirical
findings are summarized below. In many such models, accessibility characteristics are
found to strongly affect the propensity of individuals to consider trains. For example, high
access and egress distances (or walk time) reduce the propensity to consider trains [10,11].
Outwater et al. (2012) identified that individuals unwilling to walk for more than two
minutes were unlikely to consider trains [17]. However, there is not enough understanding
of how perceptions of footpath usability and the ease of walking access to train stations
affect consideration. Furthermore, research on access and egress times for modes other than
walking is scarce. In particular, the impact of intermediate public transport (IPT) modes,
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such as auto-rickshaws and shared autos (regular or ride-hailing), on train consideration is
not well understood. This is especially important for Indian cities, where IPT modes carry
a significant number of passengers to train stations daily.

Vehicle ownership is often regarded as a major inhibitor to considering public tran-
sit. The literature reveals that vehicle ownership reduces the likelihood of considering
trains [10,11]. Another study illustrated that individuals who are captive to public transit
due to vehicle unavailability have a higher propensity to consider trains [11]. However,
the role of vehicle type, number, and degree of availability in train consideration has
not received adequate attention. Notably, none of these studies explored whether the
sensitivity to factors such as first- and last-mile connectivity, walkability, or perceptions
towards train services varies across different market segments based on the availability of
personal vehicles.

Quantitative transit service attributes (e.g., travel time, cost) and the qualitative level
of service for the train services (e.g., comfort, crowding) play a key role in deciding whether
individuals include trains in their choice set [10]. Outwater et al. (2012) showed that
individuals who perceived low comfort levels in transit were less likely to consider train
services [17]. Additionally, those with a pro-transit attitude were more likely to consider
the train. However, the influence of these factors could vary across market segments, which
remains underexplored. For example, individuals owning a car may prioritize comfort
over cost [23], whereas those owning a two-wheeler might be more sensitive to travel time.

Empirical studies have also revealed the effect of socio-demographic variables on train
consideration. For example, younger individuals, females, and high-income respondents
were more likely to consider trains than other segments [17,20]. However, research attention
to differences in station-level characteristics (including terminal facilities, amenities in the
neighborhood, etc.) is needed.

2.1.2. Binary and Multinomial Mode Choice Models for Transit Demand

Several studies have utilized binary logit models to explore whether commuters use
transit or not [24-26]. Selvakumar et al. (2023) revealed that suburban rail passengers
prioritize fare differences over travel time savings [27]. Chiu et al. (2014) identified
accessibility and transit time as key factors influencing rail mode choice [28]. Similar studies
were carried out for urban buses, as well. Zhou et al. (2014) investigated factors influencing
bus choice for different distances, finding that long-distance commuters prioritize comfort
and safety, medium-distance commuters focus on travel time and headway, and short-
distance travelers focus on punctuality and distance to the bus station [25]. Anwar and
Yang (2017) highlighted travel time as a crucial factor in mode choice between buses and
cars [24]. They reported that direct bus service policies were observed to be more impactful
than park-and-ride facilities in enhancing the Wollongong bus system. Puan et al. (2019)
highlighted that bus reliability positively influenced choice, whereas income had a negative
impact [26].

The shortcoming of binary choice models is that they disregard the characteristics
and availability of other means of travel, especially if the data is collected over a short
period, such as a single day. To relax these limitations of binary models, many studies have
employed multinomial models of transit choice. Empirical findings indicate the significance
of in-vehicle travel time, out-of-vehicle travel time, and travel cost [6]. Furthermore,
subjective factors, such as positive perceptions regarding comfort and crowding levels
inside buses, encourage public transit use [29]. Additionally, this study also found that
some commuters shift from private vehicles to the metro because of its cost-effectiveness
and time savings, compared to private vehicles.
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Although disaggregate choice models offer better spatial representation of home
and work locations, they suffer from small sample sizes and fail to capture transit usage
frequency. Thus, they identify individual differences and non-user responses to policies
but do not fully explain footfall. Moreover, the influence of first- and last-mile connectivity,
walkability, travel perceptions, and personal or work characteristics on metro consideration
remains underexplored across segments.

2.2. Aggregate Demand Models for Metro Train Services

Boarding, alighting, ridership, and footfall are some of the most commonly used
measures to model aggregate demand, typically aggregated at hourly, daily, or annual
levels. Footfall is a comprehensive indicator that captures bi-directional station flows and
offers a finer resolution than run-level measures, such as ridership or occupancy [14,30].
Linear regression is widely used for modeling aggregate demand [14,15]. However, some
studies have highlighted the violations of the normality assumption, and hence have
opted for log-transformed linear regression models [13]. Such log-linear models are
still constrained in some respects, and their performance with regard to other non-linear
specifications remains underexplored.

Mucci and Erhardt (2018) used a non-linear Transit Direct Ridership (TDR) model to
investigate the effect of supply and demand factors on daily rail ridership [13]. Their results
showed that the demand indicators, such as employment and housing density, positively
influence rail ridership. The frequency of transit also showed a positive impact on train
ridership, which is expected. Durning and Townsend (2015) explored the role of socio-
economics, stations, service, neighborhood, and land use attributes on transit ridership [15].
Their model found no impact of socio-demographic factors, but accessibility measures, such
as park-and-ride facilities and feeder bus services, were significant. However, the role of
the qualitative and quantitative aspects of supporting pedestrian and bicycle infrastructure,
such as the quality of footpaths and the availability of public cycle docking stations, has
received relatively less attention in the literature. Lastly, affordability and quality of transit
service affect ridership in the expected direction [13,14].

Researchers have used ridership models to evaluate policy interventions aimed at
increasing rail ridership. These interventions range from flexible fare systems or awareness
programs to increasing fleet size or introducing new transit modes at access, line-haul,
or egress stages. A study in South East Queensland, Australia, found that fare reduction
and other incentives increased public transport ridership by 1.32% [12]. Similarly, Liu
et al. (2016) recommended transit-oriented development around boarding points and
improvements in safety and reliability at each stage to enhance transit demand [14].

Aggregate demand models, typically based on automated fare collection (AFC) or
automated passenger counting (APC) data, offer large samples but suffer from self-selection
bias, as they include only transit users. This exclusion prevents them from capturing the
preferences and behaviors of non-users. Additionally, their aggregated nature makes
it difficult to account for individual characteristics, spatial effects within stations, and
multimodal connectivity. While linear and log-linear models are commonly used, non-
linear approaches remain underexplored. Most studies focus on inter-station factors like
connectivity between stops, but pay less attention to intra-station elements like terminal
characteristics and surrounding land use. Furthermore, these models do not consider the
interdependence between consideration decisions and ridership.

2.3. Summary of Gaps

Table 1 summarizes the key gaps in the literature. The existing studies have not
simultaneously modeled potential demand and realized demand outcomes, which limits
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the ability to distinguish the effects of key variables on disaggregate consideration and
aggregate footfall demand. The interaction between these two aspects also remains poorly
understood. Additionally, there is a lack of policies tailored to specific locations, user
segments, and demand dimensions. To address these gaps, this study aims to quantify
and distinguish the factors that discourage people from considering metro rail from those
factors that reduce the intensity of metro use among people who consider it. To achieve this,
a novel joint modeling framework is developed, integrating disaggregate consideration
data from household surveys with aggregate footfall data from AFC, as detailed in the
following sections.
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Table 1. Summary of literature review on disaggregate and aggregate demand dimensions.
Dimension Differences in 2 R . Accounts for Effect of
Author Case Study ] Mode Studied Inter- Intra- Hete‘:}g’g:z;y 3 Ml:slft;zfsd . Non-User Con:derreat:t): n
Disaggregate/Aggregate Name Individual Station Response ggreg ¢
Demand
Sana et al. (2011) [23] USA Disaggregate Consideration: Binary Rail, bus Yes x 1 X Yes Yes X
Am(/;grl ;)n éi\l[]ang Australia Disaggregate Mode Choice: Binary Private car, public bus Yes X X X Yes X
Rashedi and Habib . Consideration and Choice: Auto driver, auto
Canada Disaggregate . . passenger, transit, Yes X X Yes Yes X
(2020) [10] Multinomial .
bike, walk
. . Consideration and Choice: Bicycle, scooter, car,
Calastri etal. (2019) [19] Italy Disaggregate Multinomial Bus, walk Yes X X X Yes X
Puan et al. (2019) [26] Malaysia Disaggregate Mode Choice: Binary Bus, car Yes X X X Yes X
. Mode Choice:
Rahman et al. (2020) [6] Bangladesh Disaggregate Multinomial MRT and BRT Yes X X X Yes X
Ramakrishnan et al. . . Consideration, Mode .
2020) [21] India Disaggregate Choice: Binary Bus, train Yes X X Yes Yes X
Kunhikrishnan and India Disageregate Consideration, Mode Car, bus, train, auto, Yes « y y Yes N
Srinivasan (2023) [11] 88re8 Choice: Multinomial shared auto, NMT
. Route-level .
Chiang et al. (2011) [31] USA Aggregate Monthly Ridership Rail, bus X X X X X X
Chakraborty and Statewide Modeling .
Mishra (2013) [16] USA Aggregate Zones Daily Ridership Rail, bus x x x Yes x x
Durning and Townsend Station-level .
(2015) [15] Canada Aggregate Daily Boarding Rail X X X X X X
; ) Station-level .
Liuetal. (2016) [14] Maryland Aggregate Daily Boarding Rail X X X X X X
Muc(czloalrg;l []:;r%}}ardt San Francisco Aggregate Stop-level Daily Ridership Rail, bus X X X Yes X X
. . Station-level
Shi etal. (2018) [30] China Aggregate Metro X X X X X X

Daily Boarding

! The symbol ‘x” denotes that the aspect was not considered in the literature. > The inter-individual and intra-station variability are missing in the aggregate literature. 3 The response

heterogeneity is not captured. 4 The effect of consideration on the aggregate demand is not captured.
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3. Data Collection and Exploratory Data Analysis

Three main data sources are utilized in this study. The first source is individual surveys,
which are used to model train consideration. These surveys also collected information
on respondents’ socio-demographic characteristics, perceptions of transit services, first-
and last-mile connectivity, and walkability. The second source comprises automated fare
collection (AFC) data from 32 metro stations in Chennai that capture weekday footfall.
The third source is secondary data, including official timetables from Chennai Metro Rail
Limited and the Metropolitan Transport Corporation to obtain metro and bus service
frequency and headway details [32,33]. Additionally, secondary data from the Chennai City
Master Plan and Google Maps Points-of-Interest (Pols) are used to determine population
density and land-use variables [34]. A detailed discussion of the data and exploratory
analysis is presented next.

3.1. The Data Description for the Consideration Model

A model predicting train consideration probability, as an indicator of potential demand,
was developed using data from a face-to-face household survey of about 815 commuters in
Chennai City during 2015-2016 [21]. After data cleaning and assembly, 803 valid responses
were obtained. This sample size is adequate based on sample size calculations [35], as it
is larger than the required sample size of 666 respondents for a 5% relative error margin
and 99% confidence interval (i.e., Z = 2.58), assuming an average consideration propensity
(p = 0.5). This consideration probability was selected for calculation as it gives the highest
possible variance and the largest required sample size. The survey was conducted using
stratified random sampling across 12 zones, covering urban, peri-urban, and suburban areas
in Chennai. The sample size in each zone was proportional to its population, relative to the
total population of the selected zones. Figure 1a shows the survey zones, and Figure 1b
presents the residential and workplace locations of the respondents, demonstrating good
spatial coverage of the study sample used to analyze potential demand.
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(b) Residential and workplace locations of
survey respondents

(a) Zoning strategy of the study area

Figure 1. Details about the study area and the distribution of the survey respondents. (a) The zoning
strategy of the study area. (b) The residential and workplace locations of the survey respondents.
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The survey collected data on commute modes considered in the three months prior to
the survey date and the primary mode chosen for work trips. Additionally, the respondents
provided information on factors hypothesized to influence their decision to consider the
train, such as first- and last-mile connectivity, walkability, perceptions of transit service,
and socio-demographic characteristics, using the following scales:

(i) First- and Last-Mile Factors (FLMs): include the access and egress time, distance, and
cost to reach nearby public transport stations.

(i) Walkability-Related Variables (WLKs): assess footpath usability on an ordinal scale
(low, medium, or high) and the ease of walking or crossing roads near railway stations
(low, medium, or high).

(iii) Perception of Train Service Characteristics (TSCs): evaluate the comfort, security, and
ease of purchasing tickets (each rated as low, medium, or high) and the availability of
amenities, such as shops or restaurants, near train stations (yes/no).

(iv) Personal and Work-Related Characteristics (PERWs): include variables such as age,
gender, income, and work distance.

The sample was found to be reasonably representative of the key variables. The
average household size in the sample was 4.0, closely matching the population value of
4.1 in 2011 [36]. The average monthly household income ranged between INR 10,000 and
INR 20,000. The average number of two-wheelers and cars per household was 1.22 and
0.27, respectively, aligning with the population average of 1.26 across vehicles in 2008 [21].
The primary mode share for work commutes in the sample consisted of 61% personal
vehicles (two-wheelers and cars), 28% public transit (bus and train), 7% intermediate
public transport (IPT), including auto-rickshaws, shared autos, and company-provided
services, and 4% non-motorized transport (walking and cycling). Additionally, the average
commute distance was 11.4 km, with a median travel duration of approximately 45 min for
home-to-work trips.

This study defines train consideration as a binary variable indicating whether a re-
spondent used the train within the three months before the survey. This operationalization,
using recent usage, serves as a tangible proxy for identifying individuals for whom the
train is a relevant part of their active choice set, ensuring that the most recent, as well as
sufficiently consistent travel patterns, are captured, without compromising recall accuracy.
It is to be noted that the definition for including the metro in a choice set, while conceptually
aligned with the potential demand, was based on revealed preference rather than solely on
stated preference. Specifically, inclusion required the respondents to have reported using
the metro at least once in the preceding three months. Therefore, this measure not only
represents potential demand, i.e., consideration or choice set inclusion, but also has a direct
influence on the realized demand, i.e., footfall, as the individuals meeting this criterion
have demonstrably used the train system.

Overall, only one-third of the respondents reported considering the train during this
period, indicating a stronger preference for other transport modes. Next, the differences
in consideration rates across the segments based on the number, type, and exclusive
availability of a motorized vehicle were examined (Figure 2).

For this, the respondents were categorized into three categories. Those without
vehicles or driving knowledge formed the captive group. Individuals owning only one
two-wheeler, but who do not have exclusive access (i.e., vehicle is shared among multiple
household members), are referred to as semi-captive travelers. The rest of the respondents
had a motorized vehicle available for their exclusive use and were referred to as choice
riders. Even within this group, individuals who owned only one two-wheeler and had
exclusive access are termed as the two-wheeler choice riders and are considered a different
sub-category compared to car-owning choice riders.
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(a) Captive segment (b) Semi-captive segment
o7 55%

45%
(¢) Two-wheeler choice (d) Other category of
segment ! choice segment

68%

(e) Overall
67%

33%

70%

33%

- Considered Train

Did Not Consider
30% Train

32%

Figure 2. Consideration propensity based on captivity status, vehicle type, and number of vehicles.

Figure 2 shows that the share of individuals considering trains varies substantially
across these segments. The semi-captive group has the highest consideration share (45%),
suggesting that the potential demand is highest in this segment and is an important segment
for promoting train usage. Interestingly, captive users had a consideration rate for the
train (33%), which is less than the semi-captive respondents, probably because buses and
shared autos are more accessible and less expensive than metro trains in Chennai (mean
access distance to bus stop vs. train station is 0.5 km vs. 2.8 km, respectively). Thus, for
this segment, the competition between public transit modes (bus and train) needs to be
minimized through appropriate integration policies. Among choice riders, those with only
a two-wheeler have a 32% train consideration rate, whereas car owners have a slightly
lower rate of 30%. For this group, the service quality perception of transit relative to
personal vehicles needs to be enhanced to encourage a modal shift.

To examine the low consideration rates, perceptions of transit service quality were an-
alyzed (Figure 3). More than half of the respondents were dissatisfied with the connectivity
to multiple destinations (58%) and the ease of access to train stations (52%). Additionally;,
most users reported poor service quality in terms of comfort (75%) and convenience, in-
cluding long-standing durations (67%) and crowding (63%). The perceptions of walkability
were mixed. While 58% of the respondents felt that roads near railway stations were in
good condition for walking, and 52% found crossing them safe and easy, 63% identified
poor footpath usability as a major barrier to train access. Based on these findings, these
factors were considered as potential explanatory variables in the consideration model.
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Figure 3. Perceptions of respondents about trains and walkability.

3.2. Description of Footfall Data

The data for modeling the realized demand, measured by station-level hourly footfall
on a typical weekday at various metro stations, was collected using AFC systems at 32 metro
stations by Chennai Metro Rail Limited (2022) in Chennai, India [32]. Footfall at a train
station was used here as the aggregate demand measure, as it represents the total number of
passengers utilizing a train station in a given time period. It is also a more comprehensive
indicator of aggregate demand than boarding or alighting measures, as it captures both
inbound and outbound flows at the station. This measure is also preferred over run-level or
hourly ridership measures, as it captures spatial variability across different station locations
effectively. Thus, it is a useful input for station design, parking planning, and operational
planning for first-last-mile services.

The variables pertinent to the footfall model are derived from multiple data sources.
The metro and bus service headways and frequencies are extracted from official timetables
available on their respective websites [32,33]. Individual-level data, including average
access and egress travel times across different groups, is sourced from the mode choice
survey described in the previous subsection. Additionally, socio-demographic data related
to the population is acquired from the master plan of Chennai City [34].

Table 2 presents an overview of the aggregate demand and supply characteristics of
metro train services in Chennai City. The metro system comprises 32 stations spanning



Appl. Sci. 2025, 15,5216

13 of 35

over 70 km. The system experiences an average hourly footfall of 321 passengers, with a
daily ridership of 2754. Metro frequency ranges from every 7 min during peak hours to
nearly 30 min during off-peak hours, with an average headway of 13 min. Interestingly, the
average headway of buses closely mirrors this pattern. Among the 32 stations, 4 stations
serve as crucial transportation hubs, connecting major points, such as the airport, intercity
bus terminus, and intra- and intercity train stations. Approximately 90% of the stations
offer two-wheeler parking facilities, while 70% provide four-wheeler parking, facilitating
convenient park-and-ride services that can boost the realized demand, i.e., footfall at
metro stations.

Table 2. Summary of the descriptive statistics across the metro stations.

Mg:;osstsa:iléns Across all Metro Stations
Variable Variable
Standard
Mean Deviation Count Share
Hourly footfall (in passengers) 321 323 Stations connecting airport, bus . 125
Daily ridership (in passengers) 2754 1878 terminus, or intercity train stations e

Headway of the metro services
(in minutes)

Stations that are interchange or have
13.01 8.35 ability to transfer to other 2 6.25%
metro stations

Peak hour bus frequency nearby
metro stations (in minutes)

13.48 4.90 Stations with cycles for hire/rent 11 34.38%

Monthly household income near
metro stations (in INR)

Metro stations with two-wheeler

26,709 10,762 parking inside the station premise

29 90.65%

Population near metro station
(in persons)

Metro stations with four-wheeler

43,631 13,309 parking inside the station premise

23 71.88%

The average daily footfall was around 5500 passengers per day at each station.
Figure 4a shows the spatial variation in the footfall across stations, whereas Figure 4b
highlights the long-tailed and right-skewed distribution of hourly ridership data. Thus, the
hourly footfall plot deviates from the normal distribution and could lead to the violation of
the linear regression model assumptions. To address this, various power transformations,
including log-linear models and the Box-Cox transformation, were tested.

Figure 4a shows the variation in footfall across different stations, with larger circles
representing higher realized demand. Footfall is notably high at stations serving intercity
transport hubs, such as airports and bus terminus CMBT, indicating the key role of the
metro as the first or last mile for intercity trips. However, the share of metro use for
work and its consideration at or near the intercity terminals may be relatively less, and
its frequency of use may be irregular. Alternatively, multimodal intra-city hubs, such
as “Guindy” and “Alandur”, have higher footfall because of greater connectivity with
nearby bus and suburban train stations. Thus, multimodal integration is a key driver of
metro train demand in Chennai. Therefore, it is necessary to understand these location
and purpose-based differences to understand the shortfall in footfall at certain locations
and propose policies to increase the overall use of the metro. Figure 4b shows that the
original hourly footfall distribution is highly right-skewed and deviates from normality.
To ensure that statistical assumptions for modeling footfall are met, a Box-Cox power
transformation with a A value of 0.22 is applied in Figure 4c. This transformation reduces
skewness and brings the distribution closer to normal, which makes the footfall data more
suitable for regression.
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Figure 4. Distribution of footfall at Chennai metro stations.

Figure 5 shows the variation in hourly metro footfall across three different factors.
The first plot, Figure 5a, categorizes metro stations into four types: airport, terminal,
interchange, and other stations. It highlights that airport stations and interchange stations
typically experience higher hourly footfall, followed by terminal stations, but other stations
exhibit lower and more dispersed footfall patterns. The second plot, Figure 5b, illustrates
the station-level hourly footfall variation across five time periods: before the AM peak, AM
peak, afternoon off-peak, PM peak, and after the PM peak. It reveals that the AM peak and
PM peak periods have significantly higher footfall than off-peak periods. Figure 5c shows
the footfall variation with a change in headway (frequency of metro services). It highlights
that shorter headways (<10 min) correspond to higher footfall, whereas longer headways
result in lower footfall. These figures provide insights into how station type, time of day,
and service frequency influence passenger footfall. The model specification discussion in
the next section attempts to capture the trends observed in the exploratory analysis.
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Figure 5. Distribution of footfall across some key factors.

4. Model Formulation and Specification

The formulation and specification of models for the two dimensions of interest in this
study, disaggregate consideration and aggregate footfall, are presented next.

4.1. Proposed Joint Framework Formulation

The overall methodology for this study is depicted in Figure 6. It is important to note
that the two outcomes, consideration (Y1) and footfall (Y?), are distinct but not mutually
independent. Footfall is a measure of the number of travelers using the station. Thus,
footfall itself is observed only for those users who considered the train and is, therefore,
conditional on consideration. Hence, common unobserved variables may persist across the
two outcomes, leading to endogeneity.

Sets of Independent Variables

/ a
I i q

X, = Indirect Effecton | | X, =Indirectand X; = Direct

{ Footfall via Consideration ‘ | Direct Effect on Footfall | Effect on Footfall
ssi e T o
gs i o\ DT 38
= s ' ¢o0 r@Ctg \\\\\ 18 m
T i T OO gy T>an ==t
8@ |  gfieC CLop g ", 1o
S5 e e | 2
a0 -7 v T - >
Binary Logit Model Non-linear (Box—Cox) Regression
Dependent Variable Y, Dependent Variable Y,
= Consideration of Train = Hourly Footfall at Metro Station
. 4
N Uy=V;+¢ '
\\‘V1 =Pot+Pr*xs+Prrxa+ ot Pr* Xk V; = votyixxi+ ot yp s P(Yy = 1)
e i
Py =1) =

- n ' o
1+en Indirect Effect on Footfall via Consideration P_ (Y, = 1) = Y10 PN = 1)

n
= Average estimated consideration probability across individuals
who considered buses within the influence area of a metro station

Figure 6. Proposed joint modeling framework for consideration propensity and hourly footfall.
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Furthermore, consideration and footfall outcomes are captured using different data
sources with varying levels of information and aggregation about respondents. Therefore,
the two dimensions and datasets are made compatible with each other for joint modeling.
In this joint framework, first, the individual consideration decision Y is modeled using the
binary logit model. Next, to explicitly link the potential demand to realized demand and
to account for potential self-selection bias, the average consideration propensity among
those who considered train within the influence area of each metro station is used as an
instrumental variable in the hourly footfall model Y to represent the conditional mean of
the errors for the users (riders).

Another research issue addressed by this framework is distinguishing how different
factors influence travel behavior across the two stages. Some factors might primarily
affect consideration, influencing footfall only indirectly through this consideration stage
(a mediation effect). Others might affect both stages directly, and only the footfall stage
directly. To address this aspect, the set of explanatory variables is classified into three
categories of vectors: X1, Xp, and X3. The vector of variables denoted as X; affects only
consideration (an indicator of the potential demand) directly but has no direct effect on
footfall (a measure of the realized demand). This vector of variables (X;) is referred to
as a pure mediation variable. The vector X, represents the set of variables that affect
both dimensions (partially mediated). The vector X3 influences the footfall but not the
consideration probability (unmediated variables). The specifications of models Y7 and Y,
are discussed in detail in Sections 4.2 and 4.3 and are shown schematically in Figure 6.

4.2. Disaggregate Consideration Model Specification

The binary consideration of trains by an individual 7 is denoted by the variable Yy; (1 if
considered, 0 otherwise). The underlying continuous propensity to consider trains in the
choice set is represented by Uy;, which comprises a systematic component V;; and a random
component €1;. The systematic component is specified using the linear in parameter form in
Equation (3) below, where FLMs, WLKs, TSCs, and PERWs represent the vector of variables
on first- and last-mile connectivity, walkability, train service characteristics, and personal
and work characteristics explained earlier, and 81, B2, B3, Ba denote their corresponding
vector of coefficients.

1, if train is considered
Y= | (1)
0, otherwise
Uy = Vi + €y (2)
Vii = Bo + B1FLM; + B2WLK; + B3TSC; + B4 PERW; 3)

The probability of considering trains can be derived as follows:
P(Y1; =1) = P(Uy; 2 0) = P(Vi; +€1; 2 0) = P(Vy; = —ey;) =1 —Fe(=V1;) (4

where F, (.) represents the cumulative density function of the error term. The corresponding
log-likelihood LL for an individual can be written as follows:

LL = Zle Yq; * logP(Yy; = 1) 4 (1 — Yy;) * logP(Yy; = 0) (5)

The log-likelihood is maximized to estimate the vector of coefficient B in view of its
desirable consistency and asymptotic efficiency properties. To account for the heterogeneity
due to captivity-based segments in consideration decisions, each explanatory variable
interacts with a segment-level indicator. The final specification is obtained by using the best
possible combinations of generic and segment-specific variables (and their effects), based
on their interpretability and overall goodness of fit. The above log-likelihood equation is
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estimated for alternative discrete choice models, including probit, Cauchy, log-log, and
complementary log-log models, and the best model is identified based on goodness-of-fit.

4.3. Aggregate Hourly Footfall Model Specifications

The actual footfall is denoted by the variable Yy for station s during the 1 h time
period t. The linear regression model is shown in Equation (6). The subscript s refers to the
station location, whereas ¢ corresponds to the hourly time periods of observed footfall. It is
to be noted that since these variables are in vector form, the corresponding coefficients
to ¢ also represent vectors.

Yost = Yo + Y1 TP + 42TROs + y3MMIs + y4FLMs + 550Cs + v61Ps + €25t (6)

where the independent variables are grouped into the following set of variables:

(i) TP is a vector that captures the variation in the hourly footfall by dividing the 24 h
period into five discrete time periods (before the AM peak, AM peak, afternoon
off-peak, PM peak, and after the PM peak).

(if) Transit operational characteristics (TROs): headway of metro, and fare/km for metro
and bus.

(iii) Multimodal network integration (MMI): Intermodal connectivity variables, such as
the no. of train routes passing through the station, as binary indicators for a hub or
terminal station, the presence of an airport in the vicinity, and the quality of access
roads, including the proportion of primary and residential roads.

(iv) First-Last-Mile (FLM) connectivity and walkability: FLM mode availability variables,
such as no. of parking areas and cycles for hire near the station, and FLM service
quality variables, such as out-of-vehicle travel time by train (waiting time, etc.), as
well as user perception of footpath usability and adequacy.

(v) Socio-demographic and land-use (SOC): population and average income in the
buffer area.

(vi) IP represents the vector of an instrumental variable based on the consideration proba-
bility and is explained, subsequently, in Equation (10).

Besides the linear model, two non-linear models are also specified and evaluated, as
shown in Equation (7), obtained using log transformation and Box—Cox transformation. In
addition, two count models of footfall (Poisson and Negative Binomial) are also evaluated.
The most suitable model is selected based on the goodness of fit, as well as the signs,
magnitudes, and significance of coefficients of variables affecting footfall.

Yost, for linear regression

Yy, —1 .
Y'ost = (25/’5\7), for box — cox trans formation @)
log(Yast), for log — trans formation

For the above non-linear models in Equation (7), it is necessary to retransform the
dependent back to the original scale to obtain unbiased predictions. For this purpose,
Duan’s smearing estimator technique is used for back transformation [37].

Potential endogeneity due to self-selection is captured by using the disaggregate con-
sideration probability from the first model as an instrumental variable in the footfall model.
This instrumental variable used in the hourly footfall model is derived by averaging the pre-
dicted probabilities of considering the train across all the respondents whose work or home
location is within 1.5 km of the metro station (represented by P; in Equation (8) below).
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The number of individuals who are present in the buffer area of stations is represented by
ns in the equation below.

_ Yiq 0si % P(Yy; = 1)

Ps(Y1 =1) ®)
ns
b — 1, if individual belongs to the influence area of metro station s ©)
st 0, otherwise

The statistical tests for endogeneity (Durbin-Wu-Hausman) [38], instrument validity
(Sargan’s test) [39], and relevance were also carried out, which confirmed the presence of
self-selection bias by neglecting the instrumental variable.

The model in Equation (7) is used to disentangle factors that affect only footfall, but
not consideration, and those that influence both by specifying the set of variables Xj, X»,
and X3. In this model, some key variables representing the proportion of individuals
within specific demographic categories (like gender, vehicle ownership, etc.) interact with
consideration outcomes and added as explanatory variables. This variable helps capture
the mediating influence of demographic factors on train ridership and station footfall, using
the information from the disaggregate-level data. Specifically, the average of consideration
propensities in the buffer area of each station is included as an instrumental variable (IV),
as shown in Equation (10). These modifications make the proposed model more responsive
to the individual-level (inter-person) and intra-station characteristics.

Yo 0si*x Yy * 1Py Yo 0six Yqi 1Py

1
" +ooo Yok x " (10)

Y6lPs = 76,1 *

The results from these specifications are presented in the next two sections. The hourly
footfall predictions can be aggregated over a 24 h period to obtain daily footfall. With the
further assumption about symmetry between boardings and alighting in a 24 h period, the
daily ridership can also be estimated.

5. Results and Discussion

The results from the above empirical specifications for consideration are presented in
Section 5.1, and the integrated footfall model results are described in Section 5.2.

5.1. Results from Consideration Propensity Model

Consideration, indicating potential demand in this study, is defined as a binary vari-
able, and therefore, its propensity is modeled using a binary logit model specification,
discussed in Section 4.2. In addition to the usual logit and probit models, other error term
assumptions representing thick-tailed error term distributions, Cauchy, and asymmetric
distributions, namely log-log, complementary log-log, and skewed logit models, were
also tested [40]. The results presented in Table 3 show that the binary logit model pro-
vides a better fit compared to alternative functional forms. The log-likelihoods were as
follows: logit model = —414.73, Cauchy = —416.52, log-log = —416.19, and complementary
log-log = —415.83). Hence, only the results from the best model, i.e., the logit model, are
presented in detail in the subsequent subsections.

To validate the metro consideration model, the dataset was randomly split into 70%
training and 30% testing subsets. The goodness-of-fit measure, log-likelihood (LL) per
observation, was compared between the test model (calibrated on the test data) and the
train model (calibrated on the train data) when both were applied to the test data. The
absolute percentage difference in performance was 13.56%, with the test model achieving
an LL per observation of —0.44, while the training model achieved an LL per observation
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of —0.51 on the test data. This difference was within acceptable limits, indicating adequate
model validity.

Table 3. Comparison of alternate model structures for train consideration model.

Models/Functional Forms Final Log-Likelihood p2
Proposed logit model —414.7313 0.2549
Probit —414.8527 0.2547
Complementary log-log —415.8329 0.2529
Cauchy —416.5254 0.2517
Log-log —416.1872 0.2523

The results related to goodness-of-fit and the statistical comparison of segmented and
unsegmented consideration models based on personal mobility resources are presented in
the following subsection. The differences across segments in the role of influential factors
related to multimodal connectivity and accessibility variables are discussed in Section 5.1.2.
Section 5.1.3 highlights the potential bias from neglecting heterogeneity across segments.

5.1.1. Segmentation of Consideration Based on Personal Mobility Resources

Based on the exploratory analysis findings mentioned earlier, the survey respondents
were grouped into three segments based on personal mobility resource availability. These
include low personal mobility (LPM) resource households (no vehicle in household or
driving knowledge), medium personal mobility segment (households owning only one
two-wheeler), and high personal mobility resource segment (having more than one two-
wheeler or at least one car in household). A segment-wise analysis of consideration was
carried out to investigate which factor influences the decision of consideration more and for
which segment. Both unsegmented and segmented models were estimated and compared
based on the goodness-of-fit measure (likelihood ratio index-LRI) and chi-squared test.

Compared to the unsegmented consideration model, which has a log-likelihood of
—423.78, the segmented model has an improved log-likelihood of —414.73 for five degrees
of freedom. Thus, the Likelihood Ratio Index for the consideration model increases by 4%
from 0.24 to 0.25 in the segmented model. The chi-squared test confirms that the segmented
model is statistically superior to the unsegmented one at the 1% significance level (Table 4).

Table 4. Results from the consideration model.

Segment 1: Segment 2: Segment 3:
. Unsegmented Model Low Personal Medium Personal High Personal
Variables Mobility (LPM) Mobility (MPM) Mobility (HPM)
Coef t-Stat * Coef t-Stat Coef t-Stat Coef t-Stat
Intercept -3.29 —6.73 —3.67 —6.35
Vehicular fleet composition and captivity status
Household does not own a car (1/0) 0.63 2.36 0.65 242 0.65 242 0.65 242
The household does not own both
two-wheeler and car (1/0) 0.23 0.82 —0.02 —0.02
Own only one two-wheeler and is either
semi-captive or does not have driving 3.83 3.29 3.95 3.48
knowledge (LPM = 1/0)
Own only one two-wheeler and vehicle is ) }
available all the time (MPM = 1/0) (Base)
Own a car or multiple two-wheelers 0.07 0.29 1.42 269

(HPM = 1/0)
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Table 4. Cont.

Segment 1: Segment 2: Segment 3:
. Unsegmented Model Low Personal Medium Personal High Personal
Variables Mobility (LPM) Mobility (MPM) Mobility (HPM)
Coef t-Stat * Coef t-Stat Coef t-Stat Coef t-Stat
First- and last-mile connectivity
Access distance to the bus stop near home, 0.19 082 058 171
in km.
Train station near home (<1.5 km) (1/0). 0.36 1.68 0.34 1.59 0.34 1.59 0.34 1.59
Access.tlme. to the nearest train station from —0.02 _1.84 —0.02 ~1.90 —0.02 ~1.90 —0.02 ~1.90
home, in minutes.
Egress distance to the nearest train station, 007 298 007 322 007 392 007 322
in km.
Access shared auto cost to reach the train
station for MPM segment users, in Rs. —0.16 —1.93 —017 —209
Egress shared auto cost to reach the train
station for MPM segment users, in Rs. —008 —147 —008 —1.65
Walkability
Perc?lves that the usability of footpath is 051 283 057 245 057 245
medium or good (1/0).
Fm'ds itis easy to walk or crossroads to reach 042 205 147 277 0.64 200
train station (1/0).
Perceptions about train travel
Feels train travel causes high discomfort (1/0). —0.40 —1.82 —0.46 —1.42
Finds easy to get a ticket for train travel (1/0). 0.26 1.27 0.65 2.09
Shop or Restaurant within walking distance
from the train station (1/0). 0.36 170 0.51 1.60
Users who face a penalty for arriving late for _088 305 105 317 105 317
work (1/0).
Perce}ves that there is low security for women 105 _331 116 ~320 116 _320
in train (1/0).
Percelvgs that. there is moderate security for 035 164 032 146 032 146
women in train (1/0).
Personal and work characteristics
Perceives road congestion is medium or high
while traveling to work (1/0). 0.72 2.78 1.07 3.58
Trip distance, in km. 0.07 6.25 0.05 1.53 0.07 6.26 0.07 6.26
Male (1/0). 0.56 2.31 1.20 1.69 0.70 1.90
Young (<25 years) and Male (1/0). 0.13 0.55 1.22 1.99
High Education (post-graduation level) (1/0). 0.48 2.31 0.45 2.17 0.45 2.17 0.45 2.17
Summary statistics
Number of Observations 803.00 803.00
Initial Log-Likelihood —556.60 —556.60
Final Log-Likelihood —423.78 —414.73
p? 0.24 0.25
X2 test statistic 18.77 (critical value = 15.086 at 0.01 significance level and 5 degrees of freedom)

* Italicized t-stats are insignificant at 85% one-sided.

5.1.2. Segment-Wise Variations in Key Factors Influencing Consideration

The segment-level intercepts from the consideration model (Table 4) show that the
inherent preference for contributing to consideration probability for the train is highest
among the MPM segment (3.95). This suggests that travelers who have a limited mobility
resource in the form of only one two-wheeler in their household have a higher potential to
shift to trains than those with more vehicles. In contrast, people who own a car or multiple
two-wheelers and those who do not own a car have a lower propensity to consider trains
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(—1.42 and —0.65, respectively). The following discussion highlights that, besides the effect

of personal mobility resources, other key determinants in train consideration also vary

across the segments.

(i)

(i)

(iii)

Low personal mobility (LPM) resource segment: As noted previously, these individu-
als do not own vehicles or have driving knowledge and mostly belong to low-income
households. Thus, they display a greater tendency to rely on public transit and access
these modes mostly by walking. Therefore, the influence of walkability is evaluated
through two indicative measures, namely, the usability of footpaths and the ease of
walking or crossing roads. These variables tend to have a larger positive effect on the
consideration of trains among this segment of travelers (0.57 and 1.47, respectively)
than on other segments. Even though this segment does not have the choice of using
personal vehicles or IPT modes, poor accessibility in terms of walkability to train
stations may induce a stronger preference for buses, which are cheaper than the
metro, as well. Therefore, removing impediments to walkability, such as footpath
encroachments, and providing signalized pedestrian crossings near train stations
would increase consideration among LPM travelers.

Medium personal mobility (MPM) resource segment: In this segment, workers who
own only one two-wheeler in the household. For this segment, congestion and out-of-
pocket costs appear to be important determinants in train consideration. Workers with
access to a single two-wheeler and facing high or medium road congestion display a
greater tendency to consider train services (1.07). As the cost of shared access/egress
modes (shared auto) increases, the train consideration probability reduces. This effect
is stronger for access than egress (—0.17 for access and —0.08 for egress, respectively),
indicating that this segment is more sensitive to first-mile connectivity costs. This
segment could potentially prefer a personal vehicle over making a multimodal transit
trip involving multiple vehicle transfers as the cost increases, whereas captive workers
do not have that flexibility. In addition, poor access to bus stops (i.e., access distance to
bus is more than 1.5 km) has a positive effect on train consideration (0.58), suggesting
potential competition between bus and train modes when both are accessible. Thus,
careful planning of bus and train services is essential to maximize the overall consid-
eration so that the two modes complement each other for an effectively integrated
multimodal transportation system.

High personal mobility (HPM) resource segment: In this segment, where the respon-
dents own multiple two-wheelers or at least one car, a higher level of sensitivity
to transit service quality attributes influencing consideration is noted than in other
segments. Users who perceive a higher discomfort while traveling have a lower
propensity to consider trains (—0.46,). A perceived difficulty in purchasing tickets
is also related to a lower propensity to consider trains among this segment (—0.65).
Hence, digital payment methods (using mobile phones or smart cards) can enhance
consideration. Also, poor security perception has a negative role in this segment
(—1.16 and —0.32 for low and moderate levels of security, respectively). This segment
also appears to be risk-averse to lateness and hence values reliability more. For exam-
ple, users who face a penalty for late arrival at work were less likely to consider the
train (—1.05). Built environment and land-use characteristics, such as the presence
of shops or restaurants near the train station, also improve the consideration propen-
sity in this segment, reflecting the importance of more activity and trip-chaining
opportunities in attracting choice riders to metro services. These results imply that
segment-specific policies are desirable to improve consideration propensity among
non-users since different attributes are important to different segments.
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Factors common across multiple segments: The results also show that accessibility
and multimodal integration strongly affect consideration across all three segments. For
example, train consideration increases for all three segments if a train station is within a
walkable distance of <1.5 km (the coefficient is 0.34). Besides this effect, an increase in access
time and egress distance to the nearest train station also reduces consideration propensity
significantly. Note that consideration probabilities differ across segments, as follows:
medium personal mobility has the highest influence, followed by low, and then by high
personal mobility segments, and this difference is not captured by the unsegmented model.
Figure 7 indicates that the effect of access time to train stations is non-linear, characterized
by two discrete drops along the continuous line occurring at approximately 7.5 min and
17.5 min, which are the most common first- and last-mile travel times by walking (5-10 min
range represented by the mean) and bicycling (15-20 min range). Furthermore, the slopes
at these drop points differ across the three segments, suggesting different sensitivities to
access times.
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Figure 7. Probability of train consideration vs. access time for different segments.

Some trip context and socio-economic variables had an influential role in consideration
propensity. Among work characteristics, the metro train is considered more for longer
commute distances. Age, education, and gender are also significant. For instance, younger
and highly educated respondents were more likely to consider the train in the choice
set. Females were less likely to consider metro than their male counterparts. Thus, these
potential groups can be targeted with suitable incentives or interventions to effectively
enhance train patronage.

5.1.3. Bias and Practical Implications of Disregarding Heterogeneity in Consideration

In this subsection, the bias due to ignoring heterogeneity is investigated by comparing
the signs, magnitude, and significance of key explanatory factors in the segmented models
with the corresponding unsegmented model. The unsegmented model is unable to detect
the significance of some key variables and also underestimates the influence of specific
factors. Specifically, access distance to a bus stop in the MPM segment, the ease of purchas-
ing the ticket in the HPM segment, and the effect of gender among young respondents
showed spurious insignificance in the unsegmented model. The magnitude of the level
of service variables related to the perception of security and reliability in trains was also
underestimated. Therefore, the failure to account for these differences can lead to biased
estimates and ineffective policy interventions.
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The consequences of these differences in terms of the overall probability of consid-
eration for different levels of access time and the presence of a station within 1.5 km are
depicted in Figure 7. It is seen that due to differences in intercepts, the access time has a
different effect across the three segments. The unsegmented model underestimates the
consideration of LPM and MPM segments and overestimates it for the HPM segment.
The observed variation in consideration propensities implies that different access and
first-last-mile solutions may be suitable for different segments.

5.2. Results from Integrated Consideration and Footfall Model

The results from the specification of the non-linear Box—-Cox footfall model of hourly
ridership (Equations (6)—(10)) are presented here. The proposed model is shown to sta-
tistically outperform alternative models. Specifically, the improved fit by capturing the
non-linear and non-normal nature of footfall is shown in Section 5.2.1. The next subsection
presents empirical results about the major deterrents and enablers (multimodal connectivity,
accessibility, and transit characteristics) affecting hourly footfall based on this model. The
last Section 5.2.4, investigates how consideration affects footfall and disentangles the role
of key explanatory variables across consideration and footfall outcomes. The practical
implication of self-selection bias due to neglect of the consideration dimension on the
aggregate demand indicator, namely, footfall predictions, is also discussed.

5.2.1. Omitted Variable Bias and Fit Loss Due to Linearity and Normality Assumptions

The robustness of the proposed footfall model was assessed by comparing its perfor-
mance against several benchmark models that did not account for both metro consideration
and non-normality. The benchmark models included linear regression, log-linear, Pois-
son regression, and negative binomial regression models. As presented in Table 5, the
results indicated that the proposed model, which incorporated both metro consideration
and non-normality, outperformed the alternatives with a goodness-of-fit value of 0.83. In
comparison, the linear regression model achieved a fit of 0.67, the log-linear model 0.82,
the Poisson regression model 0.78, and the negative binomial regression model 0.63. These
findings underscore the significance of considering both features to enhance the predictive
accuracy and explanatory power of the footfall model. The residual Q-Q plots also reveal a
substantial deviation from normality, leading to a lack of fit in the linear model (Figure 8).

Table 5. Comparison of alternate model structures for metro footfall model.

Models R?

Proposed model with both consideration

and non-normality 083
Linear regression model 0.67
Log-linear model 0.82
Poisson regression model 0.78
Negative binomial regression model 0.63

For the footfall model validation, the dataset was similarly split into 70% training
and 30% testing subsets. The goodness-of-fit measure, R?, was compared between the test
model (calibrated on the test data) and the train model (calibrated on the train data) when
both were applied to the test data. The absolute percentage difference in R? was 4.04%,
with the test model achieving an R? of 0.82 and the train model achieving an R? of 0.79 on
the test data. Based on these findings, the models were re-estimated using the full dataset
to leverage all available information and are reported in this section.
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Figure 8. Q-Q plot of the residuals obtained from the proposed model and the benchmark linear
model.

Ignoring the non-linearity leads to omitted variable bias with regard to three key
variables. Bus cost and personal mobility resource variables turned out to be significant in
the non-linear models but were insignificant in the linear model (Table 6). In addition, the
availability of bicycles for hire in metro stations for first- or last-mile connectivity shows
false significance in the linear and non-linear model, which disregards consideration. Bus
cost is insignificant in the non-linear model without consideration, whereas population
density has no effect in the linear model. Thus, disregarding non-linearity and non-
normality of footfall leads to neglecting the effect of competing modes and some socio-
demographic variables, thereby reducing the overall goodness of fit.

Table 6. Model results of hourly footfall at metro stations.

Linear Model Without Non-Linear Model Without Non-Linear Model with
Consideration Effect Consideration Effect Consideration Effect
Variables Coef t-Stat Coef t-Stat Coef t-Stat
Intercept 1975.00 7.15 32.49 12.83 23.41 14.79
Before AM peak (<8 a.m.) —144.40 —-5.95 —2.78 —12.47 —2.80 —12.57
AM peak (8 am.—11 am.) 209.50 7.33 1.84 7.03 1.83 6.97
Afternoon Off-peak (11 a.m.—4 p.m.) —27.20 -1.12 0.23 1.02 0.21 0.96
PM peak (4 p.m.—8 p.m.) 221.20 8.36 2.06 8.49 2.04 8.43
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Table 6. Cont.

Linear Model Without Non-Linear Model Without Non-Linear Model with

Consideration Effect Consideration Effect Consideration Effect
Variables Coef t-Stat Coef t-Stat Coef t-Stat
Effect of consideration probability
Average probability of considering train - - - - 5.44 2.85
Transit operating characteristics
Normalized peak frequency of buses in the _16.19 374 _015 _381 _015 415
buffer area
Missing peak frequency data —449.90 —6.92 —4.91 —8.22 —3.77 —6.86
Hourly headway of metro —9.33 —7.42 —0.24 —21.18 —0.25 —21.31
Average travel cost per km by metro —71.60 —3.26 -1.17 —5.78 —0.74 —5.18
Average travel cost per km by bus -3.09 —0.18 0.39 2.47 0.66 3.74
Multimodal Integration
More than 1 route passing through the 153.40 247 0.84 147 113 218
station (ability to transfer)
Route terminates at the station 174.50 4.85 2.04 61.17 2.64 8.00
Airport in the vicinity of the metro station 505.40 8.87 6.08 11.63 471 9.05
Population in the buffer area of 470 x 103 2.68 1.08 x 104 671 6.87 x 1075 419
multimodal hubs
P}rqpprtlon of residential roads in the _13.05 413 —0.18 —6.29 —011 444
vicinity
Proportion of primary roads in the vicinity 10.64 2.45 0.06 1.59 0.10 1.94
First- and last-mile connectivity and
walkability
No. of parking areas in the vicinity 21.01 3.37 0.14 2.40 0.24 453
Cycle—for—hue facility available in the 5487 1.49 114 339 023 078
metro station
Out-of-vehicle travel time —8.05 —3.89 —0.09 —4.59 —0.02 —1.47
Proportion of respondents near line 2 who
feel that the footpath is good and usable 23640 257 4.3 536 371 >12
Socio-demographics
Share of low personal mobility users ~154.00 ~1.24 ~1.64 ~1.44 ~2.57 ~3.98
among those who considered train
Share of medium perso.nal mobll}ty users 34770 1.60 8.04 403 212 203
among those who considered train
Share of females among those who 87.84 0.89 0.24 0.26 1.03 1.39
considered train
Population in buffer area of other stations 244 x 1073 1.78 5.77 x 1075 4.58 319 x 107° 2.68
Population value is missing —18.98 —0.20 1.56 1.77 -1.16 -1.57
Average household income of the —0.01 -3.25 —9.18 x 1075 —4.47 ~1.10 x 104 —424
respondents in the buffer area
Summary statistics
Number of observations 636.00 636.00 636.00

2 25

R? in transformed scale (R” in reverse 0.666 (0.666) 0.829 (0.748) 0.830 (0.750)

transformed scale)

5.2.2. Influence of Multimodal Integration, First-Last-Mile Connectivity, and Transit
Characteristics on Footfall

The effect of five sets of independent variables mentioned in Section 3 is evaluated here,
based on model coefficients (Table 6). The findings reveal that access to personal mobility
resources exerts varying effects on hourly footfall across different segments. The MPM
segment, which has limited or partial access to personal vehicles, is positively correlated
with metro footfall compared to the HPM segment, which may prefer to use personal
vehicles. Interestingly, as the proportion of LPM (no vehicles or driving knowledge) users
increases, there is a reduction in hourly footfall (coefficient = —2.57). This suggests that this
segment is more sensitive to better network coverage and lower fares and, hence, likely
to prefer other public transit modes (bus or suburban train) over the metro. On the other
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hand, to encourage the HPM segment to use trains more frequently, policies to overcome
inertia or loyalty to motorized vehicles may be desirable.

The AM peak and PM peak show significantly higher coefficients compared to off-
peak periods (1.83 and 2.04 vs. —2.80), which is expected. A marginal increase in the
hourly footfall during the PM peak could be attributed to an increased share of non-
work trips during the evening peak. The transit operating characteristics of both bus and
train appear to have a significant role in footfall. The negative coefficient of the metro
cost (—0.74) shows that public transit commuters are cost-sensitive, as the metro is more
expensive than other transit modes. For example, the metro fare for an average trip distance
of 11.4 km is approximately INR 1.52 per km, compared to suburban (INR 0.23/km)
and bus (INR 0.3-0.6 per km) fares [33]. An increase in headway (reduced frequency)
between consecutive trains reduces the footfall (—0.25) as it directly affects the waiting time.
Similarly, an increase in the frequency of buses operating in the vicinity (influence area of
1.5 km) of the metro train has a negative impact on footfall (—0.15). Thus, there is further
evidence of competition between buses and the metro. By better coordinating metro and
bus schedules and routes, and adjusting headways accordingly, multimodal integration
and train footfall can be enhanced.

The role of the metro in enhancing urban and regional connectivity can be inferred
based on the higher footfall observed in multimodal and intermodal stations. The positive
coefficients of interchange stations, terminal stations, and stations with airport connectivity
(1.13, 2.64, and 4.71, respectively) on footfall signify the importance of effective multimodal
connectivity between different transport modes. The population in the buffer area of these
multimodal hubs has a greater influence on footfall compared to population density at
other stations.

The effectiveness of the multimodal integration of metro services with the transport
network also depends on the nature and quality of roads in the vicinity of metro stations.
This variable also significantly affects its footfall. An increase in the proportion of primary
roads in the buffer area positively affects metro footfall (0.10). An increase in the density of
primary roads can be seen as a proxy for the supply of good-condition motorable roads.
Hence, they can help in reducing the out-of-vehicle access and egress time to the metro
station by motorized modes. A negative effect of residential road density on metro footfall
(—0.11) is observed, as these roads are narrow and more susceptible to congestion.

Unlike existing aggregate models, the joint model, which uses disaggregate data,
makes it possible to capture differences in the effect of first- and last-mile connectivity
across individuals in the buffer area of the same station. It is found that effective pedestrian
infrastructure (adequate and usable footpaths near metro stations) has a positive impact
on footfall (3.71). The average out-of-vehicle travel time has a negative effect on metro
footfall (—0.02). Thus, for those who live near the stations, walkability is crucial, whereas
for residents who stay farther, the availability of fast first- and last-mile modes with low
waiting time and adequate affordability is important. The presence of adequate parking
facilities at the metro station has a positive impact on hourly footfall (0.24) and cycle-for-
hire (0.23, but not significant), indicating the importance of park-and-ride facilities and
micro-mobility options.

The proposed joint model is also able to capture inter-person differences in footfall
through the use of disaggregate data. For example, with an increase in average household
income in the buffer area, the footfall in the nearby metro station decreases. Providing
metro train connectivity in high-income areas may, therefore, be less effective in increasing
the reach of train services than in middle and lower-income neighborhoods, which are
underserved by other public transit means. Also, as the fraction of women commuters
who consider trains increases, the hourly footfall also increases, indicating it as a potential
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segment to enhance ridership. Finally, the population in the buffer area has a positive effect
on footfall, which is in line with expectations.

5.2.3. Mediating Role of the Consideration Propensity on Footfall

The results show that the instrumental variable, namely, consideration probability, is
statistically significant with a large coefficient (5.44). Hence, increasing the consideration
propensity tends to increase ridership by making people more familiar with train travel or
its attributes. Consideration propensity has a significant interaction effect with personal
mobility resource availability and gender, as well. Females and users in the medium per-
sonal mobility segment with larger consideration propensity are more likely to contribute to
increased footfall. The significance of these variables demonstrates that non-user response
(or self-selection bias in aggregate data) has a significant effect on footfall.

The joint footfall model is used to disentangle which factors affect only consideration
and distinguish them from those that affect only footfall. The results indicate that quali-
tative LOS variables, such as comfort, security, and ease of purchasing train tickets, affect
only the consideration dimension. These represent the set of fully mediated variables X;.
Interventions with these fully mediated variables can be effective in low-consideration areas.

However, variables such as station and terminal facilities (such as an airport near
the metro station, transfer station, cycle facilities near the station, etc.), and quantitative
LOS factors such as headway and cost of metro trains, only affect footfall directly, but
are not considered. These comprise unmediated variables that affect only footfall but not
consideration propensity (X3). Thus, policies targeting these unmediated variables are
appropriate in places with high consideration and low ridership. On the other hand, the
usability of footpaths and out-of-vehicle travel times affect both dimensions and hence
reflect a partially mediated set of explanatory factors X,. Policies based on such partly
mediated variables can be beneficial in locations with moderate levels of consideration
and ridership.

5.2.4. Error in Realized Footfall Estimation by Neglecting Consideration and Non-Linearity

The practical implication of accounting for consideration effects on ridership predic-
tions is illustrated in Figure 9. The plot shows the effect of out-of-vehicle travel time (OVTT)
and metro fare per km on ridership across three models: a linear model without considera-
tion, a non-linear model without consideration, and a non-linear model with consideration.
The plots show that the linear and non-linear models that ignore consideration tend to
overestimate the effect of out-of-vehicle travel time (sum of access and egress times) as
they have a larger slope (Figure 9a). The intercepts are also biased with overestimation in
the linear model at low OVTT and underestimation in the case of the non-linear model
(without consideration).

Figure 9D illustrates the effect of price changes on metro ridership. It shows that
neglecting consideration effects systematically distorts ridership estimates under varying
levels of fares in both linear and non-linear footfall models. At higher fares (above INR
4.5/km), conventional models overestimate ridership, leading to an optimistic projection.
On the other hand, when fares are lower, these models underestimate ridership. The
non-linear model also shows that ridership decreases at an increasing rate as fares rise,
especially up to INR 4.5/km, which is not accounted for by other models. Thus, the failure
to account for non-linearity or consideration of propensity in the footfall model can result in
bias and misleading estimates of policy changes in either direction. These findings directly
reflect the economic definition of demand by showing how fare levels influence ridership
through both behavioral responses and policy context.
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Figure 9. Change in the aggregate demand measures due to the proposed and benchmark models.

5.3. Visual Identification of Locations Requiring Improvements in Consideration and Footfall

The above joint demand model, based on both consideration and footfall, can be used
by transit agencies to more precisely identify regions or stations requiring improvement,
as well as the outcomes that need improvement (consideration, footfall, or both). In the
previous section, the model’s effectiveness in capturing the influence of key factors on
consideration and footfall was demonstrated. Building on these insights, the model is
applied to estimate station-level consideration probabilities (aggregated from individual
responses) and hourly footfall. To systematically classify stations, thresholds are established
to categorize both footfall and consideration probability into low, medium, and high levels.
Specifically, the thresholds for daily footfall are set at 4900 and 6900, while the thresholds
for consideration probability are 0.277 and 0.374. These cut-off values are based on the 33rd
and 66th percentiles of the respective distributions, ensuring a balanced classification across
stations. Each station is then jointly classified based on its ridership level and consideration
probability, resulting in an overall demand profile characterized by the combined levels of
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these two dimensions, which reflects both the potential and realized demand measures.
This classification allows for targeted policy interventions, enabling transit agencies to
design strategies tailored to the specific needs of each station category.

Accordingly, a two-dimensional metro demand profile is determined and illustrated in
Figure 10 using visual color coding. In this figure, levels 1-3 represent cases where ridership
is low, but consideration is low, medium, and high, respectively. Levels 4 and 5 are cases
with a medium ridership level, and consideration levels fall into the low and medium
categories. These five levels are chosen as priority locations and indicate stations requiring
improvement to enhance overall usage levels by improving upon both the potential intent
to use as well as the observed extent of use. The color coding of levels 1-5 on this figure
provides a convenient visual approach to identify which stations require improvement in
what dimension and also gives an overview of the heterogeneity of the overall demand
across stations.
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Figure 10. Spatial plot depicting distribution of metro ridership and train consideration.

Interestingly, Figure 10 shows that some stations have high ridership and low consid-
eration (level 7), whereas others show low ridership and high consideration (level 3). These
contrasting trends may be attributed to the following reasons. Some stations display high
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consideration and low ridership, i.e., they may attract a greater number of passengers who
may not use it repeatedly, probably due to the metro competing against frequent, cheaper,
and more accessible buses, but use it occasionally to access intercity terminals, such as
airports or intercity rail terminals. In contrast, stations with moderate or low consideration
and high ridership indicate that fewer passengers travel by train but do so more regularly.
Thus, this representation enables planners to understand which stations need to improve
only their footfall or only their consideration propensity and identify dimension-specific
policies. However, it is also crucial to note that due to their mutual interdependence,
interventions enhancing consideration, i.e., the potential demand, could also consequently
influence footfall, i.e., the realized demand, as well.

6. Illustrative Policy Analysis

The application of the proposed model to evaluate the impact of two illustrative policy
scenarios is presented in this section. These include (i) improving the total access and
egress travel time (referred to as out-of-vehicle travel time or OVTT) and (ii) improving
the footpath infrastructure around the metro stations. Two levels of improvement are
evaluated for each scenario, as follows: 10% improvement and 25% improvement. These
improvements are implemented at 13 priority metro stations that are classified as levels
1-5, shown in Figure 10. Eight stations are located on Line 1 and five on Line 2, where
consideration or footfall levels fall into low or medium categories. These are potential
target stations for interventions in order to increase the overall metro train usage.

Table 7 illustrates the effect of these facility improvements on the consideration rate
and daily footfall of metro stations based on numerical simulations using the proposed
model. For the first scenario, the OVTT change is analyzed. Assume, for example, that
OVTT = 20 min was present at one of the 13 priority metro stations. It was reduced by
10% and 25%, i.e., 18 and 15 min, respectively, and the proposed models were used to
compute the corresponding consideration probability and footfall at that station. As shown
in Table 7, a similar process was carried out for each of the 13 stations.

In the second scenario, the effect of improving the footpath infrastructure around
the metro stations is evaluated. In this scenario, footpath conditions near metro stations
were assessed using a binary variable: 0 for poor conditions and 1 for good conditions. In
the improvement scenarios, for each of the 13 stations, 10% and 25% of the respondents,
respectively, with poorly conditioned footpaths were randomly selected, and the corre-
sponding footpath usability perception was improved from a poor to a good rating (0 to
1). The proposed model was then used to estimate consideration probability and footfall
for both improvement levels based on the updated footpath usability values. Table 7 also
presents the increase in the probability of consideration and footfall due to improving the
footpath usability by 10% and 25%, respectively. Since the variable related to the footpath is
significant only for the stations in Metro Line 2, there is only a marginal increase in footfall
in stations on Metro Line 1.

By evaluating both policies, it is observed from Table 7 that the OVTT scenario has a
greater effect on consideration than footpath improvement. Stations 2 and 5, in particular,
exhibit notable increases in footfall and consideration (for the corresponding percentage
reduction in OVTT shown in green bold font in Table 7). Overall, the percentage increase in
daily footfall is greater than the increase in consideration propensity (3.81% vs. 2.29%).
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Table 7. Effect of improvement in total access and egress travel time (OVTT) and usability of footpath.

Scenario 1: Improving the Total Access and Egress Travel Time Scenario 2: Improving the Usability of Footpaths
Combined % Change in % Change in % Change in % Change in % Change in % Change in % Change in % Change in
Level Based on Consideration Consideration Daily Footfall Daily Footfall Consideration Consideration Daily Footfall Daily Footfall
Station No. . . for 10% for 25% for 10% for 25% for 10% for 25% for 10% for 25%
Consideration L .. s P
nd Ridershi Reduction in Reduction in Reduction in Reduction in Improvement Improvement Improvement Improvement
a ersip OVTT OVTT OVTT OVTT in Footpath in Footpath in Footpath in Footpath
Line 1
1 LC,LR 1.09% 2.42% 1.84% 4.10% 0.25% 0.62% 0.11% 0.19%
2 MC, LR 1.57% 3.50% 3.03% 6.79% 0.25% 0.63% 0.12% 0.21%
3 MC, LR 1.13% 2.51% 1.95% 4.32% 0.23% 0.58% 0.11% 0.18%
4 HC,LR 0.54% 1.19% 1.62% 3.59% 0.25% 0.63% 0.23% 0.39%
5 HC,LR 1.02% 2.13% 3.59% 7.98% 0.11% 0.27% 0.08% 0.14%
6 HC, LR 0.57% 1.26% 1.70% 3.76% 0.11% 0.28% 0.10% 0.17%
7 LC, MR 1.19% 2.62% 1.27% 2.82% 0.27% 0.67% 0.10% 0.16%
8 LC, MR 1.22% 2.69% 1.63% 3.61% 0.18% 0.46% 0.07% 0.11%
Line 2
9 MC, LR 1.14% 2.51% 2.12% 4.72% 0.08% 0.19% 6.31% 10.78%
10 MC, LR 1.07% 2.37% 1.83% 4.07% 0.08% 0.21% 7.99% 13.75%
11 MC, LR 0.66% 1.45% 1.21% 2.68% 0.14% 0.36% 6.01% 10.25%
12 MC, LR 0.90% 1.99% 1.63% 3.62% 0.28% 0.69% 5.50% 9.37%
13 MC, LR 0.92% 2.03% 1.51% 3.35% 0.29% 0.71% 8.12% 13.98%
Total across above stations 1.00% 2.21% 1.92% 4.26% 0.22% 0.54% 2.04% 5.25%

Total across all metro stations 1.04% 2.29% 1.72% 3.81% 0.19% 0.48% 2.50% 6.42%
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On the other hand, footpath improvement has a significant impact only on footfall
but less so on consideration. This analysis demonstrates that the proposed policies have
varying impacts on consideration, which is an indicator of the potential demand, and
ridership, which is a measure of the realized demand. Station 2 shows a large improvement
in consideration due to OVIT improvement, whereas Station 5 has a significant footfall
increase under the same scenario. On the other hand, footpath improvement only has a
significant influence on line 2 footfall. Thus, the effects of different policies vary across
dimensions as well as locations. Therefore, implementing location- and dimension-specific
policies can yield more effective outcomes compared to uniform area-wide policies.

7. Conclusions

This study proposes a novel joint demand modeling framework to analyze metro
travel behavior based on understanding both disaggregate consideration responses from
individuals, indicating the potential demand, and aggregate station-level hourly footfall
data from AFC systems, measuring the realized demand. This study overcomes the
limitations of existing aggregate demand models by accounting for self-selection effects
and intra-person variability, as well as heterogeneity, in consideration propensity across
different segments of users. The proposed model enhances the behavioral realism and
accuracy of overall demand estimation for the metro by disentangling the effects of key
variables across consideration outcomes from footfall decisions. Further, empirical evidence
of the mediating role of consideration propensity on footfall is presented, based on data
from Chennai City, India.

A discrete choice model is specified and estimated for the disaggregate consideration
decision due to its binary nature. The results highlight that the decision to consider trains in
the choice set, and the associated sensitivity to walkability, first- and last-mile connectivity,
and transit perceptions, vary across segments, based on personal mobility resources. For
instance, improved walkability is a strong enabler for encouraging train consideration
among the low-mobility segment, whereas enhancing multimodal connectivity through
affordable, reliable, and faster first- and last-mile alternatives can attract the medium
personal mobility segment by increasing their consideration probability. In contrast, among
the high personal mobility segment, a negative perception of train services is the main
barrier to consider train travel. Neglecting these differences across the segments leads to
biased estimates and misinformed policies. Hence, segment-specific policies are likely to
be more effective in enhancing consideration of trains among non-users.

An integrated footfall model is formulated, which includes consideration of propensity
as an instrumental variable. The results confirm that a non-linear Box—Cox transformed
model outperforms other specifications, including linear and log-linear specifications, by
accounting for the non-normality and skewed nature of the dependent variable, namely,
hourly footfall. Importantly, neglecting the influence of non-user consideration outcomes
in the footfall model is shown to result in self-selection bias, which leads to a loss of fit.
Disregarding this consideration effect also leads to erroneous inferences regarding the
insignificance of variables, such as bus costs and the population in the buffer area around
metro stations. The effect of metro costs and out-of-vehicle travel time coefficients are
overestimated substantially (—1.17 vs. —0.74 and —0.07 vs. —0.02), and sensitivity to the
costs of competing modes is underestimated (0.39 vs. 0.66) when consideration effects are
ignored. Further, from a policy perspective, due to these omissions, projected demand is
overestimated, especially at higher fare levels (above INR 4.5/km).

This study finds that factors to enhance multimodal network integration, such as the
presence of an airport or intercity train station near the metro station, and the level of service
of competing transit modes, such as frequency of buses, affect footfall but not consideration.
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However, train service quality indicators, such as ease of purchasing tickets and level of
comfort while traveling on a train, affect footfall only indirectly through consideration.
However, first- and last-mile connectivity and accessibility have an influence at both levels,
as they affect footfall directly and indirectly via consideration. In contrast to the existing
studies, this study clearly illustrates the effect of disaggregate person-level variables (such
as household income and out-of-vehicle travel time) and station characteristics (usability of
footpath) on the aggregate footfall outcomes. Since these influencing factors are common
across many urban transit systems, the framework and findings are likely to be applicable
to other cities as well.

lustrative policy analysis with the proposed model reveals that enhancing walkability
and first- and last-mile travel time have different impacts on consideration and footfall. In
addition, enhancing walkability has a greater impact on consideration and footfall than
improving out-of-vehicle travel time. For decision-makers, this study highlights the need
for targeted interventions. Specifically, enhancing walkability should be prioritized in areas
with low consideration probability, while first-last-mile improvements are more effective
in boosting footfall at stations with low usage but moderate/high consideration propensity.
Such insights provide a strategic roadmap for optimizing public transport investments.

The results show that the proposed joint framework can guide planners in distinguish-
ing the factors that primarily affect consideration from those that mainly influence footfall.
This framework can be adapted to other urban areas by calibrating variable values to local
conditions. Future research could extend this work by applying the proposed modeling
framework across multiple cities with distinct transit characteristics for its broader applica-
bility, as it accounts for multimodal network integration, transit operating characteristics,
first- and last-mile connectivity, sociodemographic factors, and consideration probability,
which are not unique to Chennai and would be relevant in other global contexts as well.

Although this proposed framework shows strong potential for application in other
contexts, it has certain limitations that could be addressed in future studies. For example,
nonlinear relationships among independent variables, such as log, polynomial, or spline
transformations, could be explored. The assumption regarding uniform or homogeneous
spatial relationships of independent variables on relevant demand measures could be
relaxed through geographically weighted regression models. These enhancements would
improve the model’s ability to capture spatial variation and make it more useful for context-
specific, citywide transport planning. Such a framework can also be beneficial in analyzing
the potential and realized demand for emerging modes, such as Mobility-as-a-Service
(MaaS). Additionally, further exploration of the integrated demand for bus and train
involving multimodal network interactions and transfers between buses and trains could
be investigated in the future by combining small and big data sources.
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