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Abstract
Transportation is crucial for accessing essential destinations such as jobs. Lack of transportation access can increase economic
polarization, health disparities, and food insecurity. This research develops an optimization model that maximizes a novel
accessibility index by optimizing existing transit route headways. The proposed accessibility index highlights areas of low
access to key destinations and high poverty density. Application of themodel and scenario discovery are demonstrated through
a case study of Amherst, Massachusetts, for access to healthcare and social assistance jobs. Since there is no explainable
mapping between headway and access in the literature, an XGBoost regression model is used to estimate the impact of
transit headway on access. Results are presented through scenario discovery and show that multiple combinations of optimal
headways can substantially increase access to healthcare and social assistance jobs in low-income areas. The proposed
optimization model accounts for social equity and is flexible in that it can be expanded to incorporate multiple destination
types (e.g., education and food) and weights for the various destination types to address the specific needs of an area of
interest.

Keywords Transportation access · Transit network optimization · Explainable AI · Decision-making · Scenario discovery

Introduction

Transportation is a social determinant of health, and such
policies and management strategies should be targeted
towards improving transportation access equity. Access to
reliable transportation is a significant barrier for many peo-
ple in the United States (U.S.), affecting their ability to
reach essential services such as jobs, healthcare, and food.
Studies by the Organization for Economic Co-operation and
Development (OECD) demonstrate that equitable access to
jobs can narrow income gaps and reduce systemic inequality
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(Organisation for Economic Co-operation and Development
(OECD) xxx). To quantify the significance of transportation
in jobs, for every $1 billion invested in public transportation,
approximately 50,000 jobs are supported and created (Amer-
ican Public Transportation Association 2025). Specifically
for healthcare and social assistance jobs, a policy report on
commuting challenges for healthcare workers in New York
found that in healthcare employees who rely on public tran-
sit had the longest median commute of any private-sector
workers (Weintraub 2018). Ultimately, investigating access
inequities to jobs is critical for the well-being of commu-
nities, especially those with high percentages of individuals
with low or zero access to a car.
This paper proposes a mathematical model that optimizes
transit service, i.e., transit headways, by maximizing access
to key destinations, using readily available inputs. The nov-
elty of our approach comes from the access measure that is
maximized, which is a new accessibility index that highlights
areas of high poverty density and low access, accounting
for socioeconomically disadvantaged areas. Another con-
tribution of this study is the framework used to solve the
proposed optimizationmodel. The framework includes a sce-
nario discovery that provides sets of solutions rather than
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uniquebest-found solutions, providingflexibility in decision-
making. Lastly, even though the study evaluates accessibility
by public transit, the framework is flexible and can be adapted
to other transportation modes.

The optimization model contributes to the literature
through its accountability of socioeconomic characteristics,
therefore, promoting equitable access for all. The optimiza-
tion framework is flexible in that it can be easily expanded
to account for access to multiple destinations, different days
(e.g., weekdays vs weekends), and times of day, when data is
readily available, as well as incorporate other socioeconomic
and demographic characteristics. While the framework is
flexible in accounting for different destinations and socioe-
conomic characteristics, the methodology is presented here
with a case study on access healthcare and social assistance
jobs for low-income areas, using census block group as unit
of resolution.

Literature Review

Transit Optimization

Various recent studies have developed optimization models
for transit planning, with their primary contribution being
improving the operational design of transit service. Park
et al. (2022) proposed an optimization model that maximizes
profit, minimizes unmet demand associated with trips requir-
ingmultiple transfers, and inequity, measured as the standard
deviationof transit travel time relative to private vehicle travel
time. Decision variables, among others, included headways,
number and length of routes, and number of stations (Park
et al. 2022). Other objectives included minimizing the total
cost, including user access, waiting, and in-vehicle time costs
as well as operator costs, by optimizing bus headway and
vehicle size (Gayashani et al. 2026), as well as minimiz-
ing user and operator costs by optimizing bus headways and
departure offsets (Ceylan and Ozcan 2018). However, these
studies did not account for socioeconomic characteristics of
the population that the tested network serves. In contrast,
a number of other studies explicitly incorporate residents’
socioeconomic status into the analysis. For instance, Cam-
poreale et al. (2017) developed an optimization model that
minimizes the user and operator costs as well as the unsatis-
fied demand, i.e., demand that cannot be served based on the
current network, accounting for parameters such as income
and unemployment, while Ruiz et al. (2017) optimized head-
ways to maximize service level and social equity. However,
these studies focus on assessing the quality of transit service
between same origin–destination pairs, without accounting
whether transit improvementsmeaningfully change access to
destinations that involve employment activity or other essen-
tial services (Ruiz et al. 2017).

Few studies have developed optimization models to max-
imize transportation access to key destinations. Ding et al.
(2023) optimized public transportation accessibility in the
historical Beilin District of Xi’an, China, by minimizing
the negative utility associated with walking, waiting, and
in-vehicle travel times when using transit. The optimization
included operational constraints, i.e., related to route length,
network density, and line repetition factor, and applied a
modified ant colony algorithm to generate the optimal layout
of bus routes. The optimized transit network demonstrated
improved performance across key indicators such as line
length, stop spacing, and network density, and significantly
enhanced accessibility, particularly in previously under-
served districts. However, social equity was not addressed
directly, since the socioeconomic background of the residents
in that area was not considered in the optimization.

Another study developed a bi-objective optimization
model that maximizes a weighted combination of (1) access
from affordable housing units to jobs by public transporta-
tion and (2) an interaction-based impact measure, i.e., the
effect created when two affordable housing developments
are located close to each other, especially when they are
large (Zhong et al. 2019). The authors used a weighted-
summethod to solve the bi-objective problem and illustrated
the trade-offs using Pareto fronts. The results showed that
access to jobs by transit is initially low when the distribu-
tion of affordable housing is low, but small increases in the
interaction-based impact measure lead to substantial gains
in job access. As the interaction-based impact continues to
increase, access to jobs changes only marginally.

Lastly, Li and Fan (2021) developed an optimization
model that minimizes the Transit Gap Index (TGI). TGI
incorporates demographic indicators along with spatial and
temporal characteristics of transit service and uses General
Transit Feed Specification (GTFS) data to quantify the mis-
match between transit supply and transit demand at the block
group level. The model minimizes the Transit Gap Index
by optimizing the number of bus stops constructed in each
census block group within a study area, subject to cost con-
straints. However, the proposed index does not account for
people under poverty or any income-related variable, which
substantially affects the accessibility experience of a user.

Access to Employment

Numerous studies have evaluated access to jobs using differ-
ent metrics to identify access gaps. Cumulative opportunity
measures such as the total number of services available
within a distance or travel time threshold have been exten-
sively used (Åslund et al. 2010; El-Geneidy et al. 2016;
Boisjoly and El-Geneidy 2016; Slovic et al. 2019; Erma-
gun and Tilahun 2020; Hernandez et al. 2020; Tomasiello
et al. 2020; Zhu and Shi 2022; Herszenhut et al. 2022).

123



Data Science for Transportation             (2026) 8:26 Page 3 of 24    26 

While the cumulative opportunity metric accounts for the
location of services and how difficult it is to access them,
it does not account for the transportation impedance, i.e.,
the fact that as travel time increases, it is more difficult to
reach an opportunity. Other measures used in job access
include the gravity-based assessment of access that was pro-
posed by Hansen (1959) and has been broadly used since to
account for transportation impedance (Hess 2005; Osland
2010; Reggiani et al. 2011; Foth et al. 2013; Wang and
Chen 2015; Hernandez 2018; Pritchard et al. 2019; McC-
ahill et al. 2020). Cumulative opportunity gravitymodels rely
on a distance decay function that places higher weights on
the opportunities that are easier to reach. However, gravity-
based assessment requires empirical survey data to define
the distance decay function (Reggiani et al. 2011). Lastly,
competition of labor demand and supply was incorporated
in gravity models by Shen (1998) to account not only for
the transportation impedance to a workplace but also how
the number of accessible jobs decreases with the increase
in the number of people seeking those jobs. Competition
effects have been incorporated in various studies (Kawabata
and Shen 2006; Pritchard et al. 2019; Barboza et al. 2021);
however, these methods are quite complex for real-world
implementation (Merlin and Hu 2017). This paper uses the
cumulative opportunity metric due to data availability and its
benefit to facilitate inclusion of various destinations simul-
taneously for future work.

These metrics have been incorporated in various studies
that involve spatiotemporal analysis to reveal access gaps
to employment. More specifically, studies have focused on
exploring discrepancies in job access by transit versus per-
sonal vehicle specifically accounting for housing prices (Zhu
and Shi 2022) or focusing on low-wage jobs (Yan et al.
2022). Results showed that access to jobs is fairer in areas
with high housing prices (Zhu and Shi 2022), while jobs
accessible by transit are only one-eighth of that accessible
by personal vehicle (Yan et al. 2022). Apart from the role
that travel time plays in access across different modes, other
studies have investigated the role that competition plays in
access to employment (Cheng and Bertolini 2013; Barboza
et al. 2021). Results showed that the number of effectively
accessible jobs dropped compared to traditional cumula-
tive or gravity measures when incorporating competition
(Cheng and Bertolini 2013). Lastly, studies have explored
the temporal fluctuations of access to employment and other
destinations (Lindner et al. 2024; Wang et al. 2024; Stepniak
and Goliszek 2017; Yan et al. 2022), and found that the gap
between transit and personal vehicle access is smaller during
peak hours compared to evening hours or in the middle of
the day (Yan et al. 2022). While these studies have revealed
gaps across different modes, times of the day and demand
patterns, further research is needed to inform transit changes
that addresses them.

Equity in Accessibility

Several researchers have explicitly considered how access
to destinations varies across population groups with dif-
ferent socioeconomic background. Ermagun and Tilahun
(2020) explored how equitable access by transit is in Chicago
accounting for jobs, parks, groceries, hospitals, schools, and
libraries. They incorporated linear regression models with
socioeconomic variables such as income, minority, and edu-
cation. Results showed that the more the low-wage workers
in an area, the lower the access is to the six tested destinations.
Other studies developed metrics that measure access to low-
income jobs by transit specifically for vulnerable residents,
that are characterized by, e.g., high rates of unemployment
and recent immigration (Deboosere and El-Geneidy 2018).
Outcomes revealed that vulnerable populations are sensitive
to any changes regarding job access. Overall, research up to
date has concluded to the fact that worse socioeconomic con-
ditions are associated with low access to jobs (Slovic et al.
2019; Allen and Farber 2020) that leads to unemployment
(Hernandez et al. 2020) while low-income residents often
experience longer travel time to work (Guzman et al. 2017).
Therefore, further research is needed to present transit net-
work improvements in vulnerable areas to address the issues.

Limitations of Existing Literature

The reviewed studies highlight limitations that should be
addressed to ensure that transit improvements are designed
to maximize access for all. Transit optimization studies typ-
ically focus on operational improvements but they do not
account on the impact of those operational improvements
on access to essential destinations and their impact to access
equity by explicitly including access metrics in the optimiza-
tion. The main objective in accessibility studies is to explore
access gaps at various spatial and temporal levels given a
transit network design and schedule and do not develop tran-
sit service improvement recommendations to address these
gaps. Lastly, equity access studies incorporate comparisons
in access that people from different socioeconomic back-
ground experience but again do not develop optimization
methods to provide transit network changes to address them.
There is a need to account for socioeconomic characteristics
when optimizing transit network design to improve access
equity.

To address the limitations in the literature, the objective
of this research is to develop an optimization model for tran-
sit network improvements that advances equitable access
to employment, specifically healthcare and social assistance
jobs, subject to cost constraints in areas of persistent poverty.
The primary contribution of the model is that it maximizes a
novel accessibility index capable of identifying areas with
low access to employment and high poverty density by
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optimizing only existing transit headways. This research
improves upon existing studies by developing an optimiza-
tion model that directly incorporates inequities caused by
socioeconomic disparities and provides a scenario discov-
ery framework that generates targeted transit improvement
recommendations for improved transportation access equity.

Methodology

This section first defines the accessibility index that is maxi-
mized in the proposed mathematical model. Then, it presents
the mathematical model that maximizes the accessibility
index, followed by the overall optimization framework that
shows step by step how the optimization model is solved.

Accessibility Index

The proposed Poverty Density Accessibility Index (PVDAI)
is defined as the poverty density-weighted measured access
of the census block group. It has been developed to account
for differences in access to healthcare and social assistance
jobs between areas of high and low poverty density as shown
in Equation (1) for census block group i , generic mode, m
and time period, t :

PVDAIi,t,m = PVDi
Ai,t,m − At,m

σAt,m

(1)

where PV Di is the poverty density of census block group i ,
Ai,t,m the access for census block group i , during time period
t , bymodem, At,m themean access of all census blockgroups
in the study area, during time period t , by modem, and σAt,m

the standard deviation of access for all census block groups
in the study area, during time period t , by mode m.

Standardizing the measured access, before weighting it,
ensures that areas with high poverty density but low access
will present lowerPVDAI scores than thosewith highpoverty
density and high access. If poverty density were to be multi-
plied by the measured access directly, then the index would
present highvalues in census blockgroups that havevery high
poverty density but low access, veiling potential inequities.

The proposed index values and signs can be interpreted
as follows: negative values with high magnitude indicate low
job access andhighpoverty densitywhile positive valueswith
high magnitude indicate high job access and high poverty
density. Amherst has medium to low access to healthcare
jobs compared to the Pioneer Valley’s average (red–orange–
yellow colors) as shown in Fig. 1a, Fig. 1b shows that poverty
density is high-medium (warm colors) in areas of Amherst.
This is what leads to Fig. 1c, highlighting Amherst with neg-
ative PVDAI, i.e., low job access and high poverty density

(red-orange colors). On the other hand, Springfield (high-
lighted with the yellow box) has very high access compared
to the area’s average value, and high poverty density, which
lead to positive and high in magnitude PVDAI values in
Fig. 1c (blue colors). While a standardized score centered
around zero communicates relative advantage/disadvantage
directly, index values allow for understanding where areas
of high poverty density and low access versus high poverty
density and high access are located. Other formulations such
as normalized 0–1 index remove the interpretation of zero,
which provides a meaningful midpoint. More specifically,
index values around zero represent areas that are not con-
sidered vulnerable for the purposes of this manuscript, i.e.,
areas of low poverty density and low access or low poverty
density and high access.

Mathematical Model

The mathematical model maximizes the Poverty Density
Accessibility Index for all census block groups, i , in the area
of interest, as shown in the objective function (2), which con-
sists of the summation of the Poverty Density Accessibility
Index values across all census block groups in the area of
interest for a specific time period.

Constraint (3) ensures that the sum of the in-vehicle travel
time ti from each origin i plus the waiting time, Hr

2 , add up
at maximum to the travel time threshold τ .

Constraint (4) ensures that the total cost for all transit
routes does not exceed a total budget B determined by the
transit agency.

Constraint (5) defines upper and lower bounds for the tran-
sit headways.

Constraint (6) defines upper and lower bounds for the in-
vehicle travel time.

The notation of the mathematical model is presented in
Table 1.

max
Hr

PVDi · Ai (Hr ) − A j

σA j

(2)

s.t.

ti + Hr

2
≤ τ ∀i, r (3)

R∑

r

cr
Rtr
2 · 60 · 60

Hr
· dr · op ≤ B (4)

Hmin,r ≤ Hr ≤ Hmax,r ∀r (5)

0 ≤ ti ≤ 60 ∀i (6)

A numerical example of constraint (4) for one route is pre-
sented below, with a headway of 20min, runtime of 48.1min,
using a budget of $285.7. Please note that this formulation
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Fig. 1 a Measured access (number of healthcare and social assistance jobs), b Poverty density (people under poverty per sqmi) and c Poverty
Density Accessibility Index (PVDAI) (Amherst is highlighted in the purple box and Springfield in pink box)

attempted to replicate the way costs are estimated in Remix,
accounting for runtime, number of directions, hours of oper-
ation and headways and it is not the only way that a cost
constraint can be built.

(
100

$

hour

)
·
(

48.1 minutes of runtime

2 directions × 60 minutes of 1 hour

)
·

(
60 minutes of 1 hour

20 minutes of headway

)

· (2 directions) · (60 minutes of operation) ≤ 285.7 $

Case Study

The Pioneer Valley is a region in Western Massachusetts
served by the Pioneer Valley Transit Authority (PVTA); see
Fig. 2. PVTA operates a network of 41 local bus routes and

7 community routes, reaching a population of over 582,000;
see Fig. 3 for the PVTA bus routes. Amherst, Massachusetts,
was selected as the case study in this paper because it is one
of the areas with a high number of vulnerable census block
groups in terms of low income (Fig. 4) that at the same time
have low access to healthcare and social assistance jobs com-
pared to the rest of the study area (Fig. 5). The poverty density
of the origin census block groups for the Amherst area ranges
from 0 to 2,476 people under the poverty line per square
mile (Fig. 4). The maximum poverty density of the region
is 15,586 people under the poverty line per square mile and
it appears in Springfield. Even though Springfield has very
high poverty density as well (Fig. 4), it has the highest num-
ber of healthcare and social assistance jobs accessible in the
PVTA service area (Fig. 5). Poverty density is defined as the
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Table 1 Model notation Category Symbol Description

Sets i ∈ I Origins in the area of transit improvements (Census Block Groups of
the area of interest)

j ∈ J Origins in the overall study area (Census Block Groups in the area of
service for the transit agency under consideration)

r ∈ R Transit routes in area of interest

Decision vari-
ables

Hr Headway of route r (min)

ti In-vehicle travel time for route serving origin i within 60-min threshold
(min)

Parameters Ai Mean number of key destinations accessible from all origins i within
60 min

A j Mean access of all census block groups j in the area of service for the
transit agency under consideration

B Budget ($), e.g., $2,000 per hour for all tested routes

cr Operating cost per bus per hour for route r ($/hour/route)

dr Number of directions in trip (=2; =1 if circular route)

op Number of hours of operation (min)

PV Di Mean poverty density of origins i of the area of interest

Rtr Runtime of route r (min)

σA j Standard deviation of access for all census block groups j in study area

τ Travel time threshold (min), e.g., 60 min

number of residents living below the Federal Poverty Line
based on the U.S. Department of Health and Human Services
definition (U.S. Department of Health and Human Services
2025) (e.g., household income under $32,150 for a family of
four in 2025) divided by the area of each of the 2020 U.S.
census tracts. Census block groups that belong to the same
census tracts were assigned the same value of poverty den-
sity, since poverty data were not available at the block group
level. The routes whose headways were optimized are shown
in Fig. 6 and the distribution of the destinations included in
this analysis is presented in Fig. 5. In this study, Remix is
used to edit General Transit Feed Specification (GTFS) files
of the routes that serve Amherst, specifically routes 30, 31,
33, 38, 35, 46, and B43.

Optimization Framework

The framework used to solve the optimization model that
maximizes the PVDAI by optimizing existing transit head-
ways is presented in Fig. 7. The first step is data generation
using Conveyal, which is a spatial analysis, web-based tool
that is used to determine the number of healthcare and social
assistance jobs that are accessiblewithin a defined travel time
threshold by transit mode from the census block group cen-
troid. Conveyal builds transport networks from OSM street
data and GTFS transit data, and is designed for multimodal
accessibility analysis using transit, walking, biking, and driv-
ing networks (Conveyal 2026; Conveyal Network 2026). A

key assumption is that accessibility is evaluated over a depar-
ture timewindow rather than at a single departure instant. For
instance, in the present study where 7–8 a.m. is the window,
Conveyal estimates access for every minute of the window
andprovides average estimate. Conveyal uses an open-source
routing engine, R5 (Conveyal 2024), to estimate door-to-
door travel times for the modes or interest. High-resolution
grid cells (e.g., 251 x 177 feet), i.e., very small spatial units
that, are used as destinations. When transit mode is enabled,
Conveyal accounts for walking time to bus stop, waiting to
board time, riding time, transfer time (walking), and walking
time from a street network point to the center of the des-
tination’s grid cell. The default walking speed is 3.6 km/h
(Conveyal 2026a). Conveyal does not include a “transfer
penalty” parameter. However, it includes waiting time and
extra walking time during transfers. Analysis interface also
includes “Maximum transfers” as the upper limit on transfers
considered in optimal trips (Conveyal 2026b). For scenario
timetables, if “Times are exact” is unchecked, the timetable
represents an assumed headway: vehicles depart at the spec-
ified frequency, but the exact offsets are unknown, so many
possible schedules are simulated (Conveyal and Timetables
2026). If “Times are exact” is checked, Conveyal creates a
fixed timetable with departures at the start time and then at
the specified frequency until, but not including, the end time
(Conveyal and Timetables 2026). The outcome of this tool is
the number of accessible destinations within a set travel time
threshold.
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Fig. 2 Location of case study in Massachusetts

Fig. 3 Existing PVTA bus routes

The second step is to create theXGBoost regressionmodel
to predict access as a function of headway, which will be
included in the objective function of themathematicalmodel.
The need for this regression model came from the fact that
there is no relationship in the literature that connects acces-

sibility with transit headways. The third step is the state
generation, where 1,000 different combinations of headways
are produced for routes in the area of interest, using the lower
and upper bounds for each route headway.
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Fig. 4 Poverty density (ppl in
poverty/sqmi) in PVTA member
communities

Fig. 5 Distribution of
healthcare and social assistance
jobs in Amherst (blue box) and
Pioneer Valley area

Next, the states are filtered based on the cost constraint,
which is also a function of headways. For the remaining
states, the access to healthcare and social assistance jobs is
predicted using the XGBoost model that was trained in the
second step. The PVDAI is then calculated by standardizing
access and weighting it by poverty density. Since this is a
maximization problem, we set a specific value as a thresh-
old, i.e., that is the 0.75 percentile, and anything larger than
this value is considered a satisficing solution. The remaining
observations are feasible solutions and are assigned a label
of 1 (success=1). The rest of the observations are assigned a
label of 0. Based on this binary scoring, an XGBoost classi-
fication model is then built using the headway of the routes
as features to see whether high or low headways of a specific
route have a positive or negative impact on PVDAI, using the
SHAP metric. Lastly, clustering based on headways is done

on the successful solutions to obtain the range of headway
values per route.

Data Generation

The first step is to obtain accessibility data, i.e., number of
destinations within a travel time threshold, for various transit
headway combinations. Given that there is no relationship
in the literature that connects access to headway of transit
routes, this study develops a regression model that predicts
access based on various transit headways of existing routes.
In this study, Remix (Via Transportation 2025) and Con-
veyal (Conveyal 2024) were used for this purpose. Remix
is a cloud-based software used by cities, transit agencies,
and planners to design, visualize, and manage public transit
networks. In this research, Remix was used to edit General
Transit Feed Specification (GTFS). Different combinations
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Fig. 6 Transit routes in Amherst

of transit headways were used as inputs in Remix and GTFS
files were exported for each transit route headway combina-
tion. Note that the analytical framework does not depend on
Remix itself; it depends on the ability to generate valid GTFS
feeds representing alternative headway scenarios. Therefore,
the same procedure could be implemented in another region
using Remix, open-source GTFS editing tools, or scripts that
directly modify GTFS frequency/schedule files. The GTFS
files of each combination were then imported in Conveyal to
obtain accessibility values. The transit travel time threshold
in Conveyal was set to 60min and the analysis was run for
Friday, 21 October 2022. The analysis was run using health-
care and social assistance jobs as the destination type and
the 7 –8 am period to reflect a typical morning peak hour in
job access studies (Tomasiello et al. 2020; Slovic et al. 2019;
Barboza et al. 2021). Healthcare jobs have been recognized
as low-wage jobs in the literature (Yan et al. 2022), therefore
selected in this study as point of interest since themain objec-
tive of this research is to address access in areas of persistent
poverty. Each run took 110s on average. It should be noted
that even though healthcare workers may start their shifts at 7
am, i.e., their commute would have to start earlier than that, 7
am–8 am was used as the time period of analysis because no

PVTA bus route in Amherst starts operating before 7 am. The
output of the Conveyal analysis was the number of healthcare
and social assistance jobs within 60min by transit for each
headway combination, and 100 different combinations were
created in total. The proposed optimization model is simpli-
fied and does not account for operational parameters such
as route alignment, stop locations, span of service, transfers,
reliability, and network connectivity. To partially account for
the effect of connectivity, beforewe select the range of values
that headways can take as solutions (i.e., before we generate
multiple headway combinations using the Latin hypercube),
we test how each route individually affects access to health-
care jobs when headway changes, keeping all other routes in
their regular schedule, as shown in Fig. 8. This figure shows
that headways of 10 and 20min appear in the daily schedules
of all routes, except route B43. Therefore, conveyal analy-
sis did not include all headway combinations, but different
combinations of 10 and 20min across all routes.

Accessibility Prediction Model

TheXGBoost (eXtremeGradientBoosting) regressionmodel
was trained next using the generated dataset in the previ-
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Fig. 7 Optimization framework

ous step. This model used headway data to predict access,
i.e., number of healthcare and social assistance jobs with
60 min by transit. XGBoost is an open-source, distributed
machine learning library based on gradient-boosted deci-
sion trees (IBM 2025). XGBoost implements an advanced
version of the gradient boosting framework, where succes-
sive weak decision trees are added to the model to correct
the residual errors of previous trees, ultimately producing
a strong predictive learner (IBM 2025). We used fivefold
cross-validationduringhyperparameter selection.Thehyper-
parameters thatwere used to train theXGBoostmodel and the
optimal values of them are presented in Table 2.The model
has great performance, as depicted by its low mean absolute
percentage error (MAPE = 0.012), low root mean square
error (RMSE = 782) and high coefficient of determination
(R2 = 0.96) all of them being computed based on the test
set (train/test set: 80/20). The fit of the model is also great as
depicted in Fig. 9.

State Generation

Having a regression model that performs well, the next step
was to generate a dataset of 1,000 observations, i.e., s ∈ S,
where s = [Hs1, Hs2, ...Hs1000], and start filtering out obser-
vations based on the constraints of the optimization model,
concluding with only observations that satisfy all the con-
straintswhilemaximizing the PVDAI (feasible solutions). To
randomly create the observations, a Latin hypercube (Mckay
et al. 2000) was used. A Latin hypercube sample generated n
points in (�, u]d , where d is the dimension of the parameter
space (SciPyCommunity 2025). Lower (�) and upper bounds
(u) were also set as presented in Table 3. Note that the upper
bound is the headway of each route in the current bus sched-
ule. The next step was to filter out any infeasible points, by
applying the budget constraint (4) to ensure all solutionswere
feasible from a financial standpoint. Any points that remain
are the budget-feasible states.
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Fig. 8 Change in access to healthcare and social assistance jobs as headways vary across Amherst transit routes

Table 2 XGBoost hyperparameters used for regression model training

Parameter Description Tested values Optimal value

max_depth Maximum depth of each tree {2,7} 2

min_child_weight Minimum sum of instance weights to create a leaf {5,10} 10

η Learning rate controlling step size shrinkage {0.01,1} 1

subsample Fraction of observations sampled per tree {0.5,0.7} 0.7

colsample_bytree Fraction of features sampled per tree {0.5,0.7} 0.5

λ L2 regularization term (ridge penalty) {5,10} 5

α L1 regularization term (lasso penalty) {1,5} 1

n_estimators Number of boosted trees {200,400} 200

Accessibility Prediction: XGBoost and Standardization

For the budget-feasible states, the developed XGBoost
regression model was applied to predict accessibility, z, i.e.,
number of healthcare and social assistance jobswithin 60min

by transit, where z = f (s), s ∈ S. Then, the PVDAI was
created by standardizing the predicted access and weighting
it by poverty density.
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Fig. 9 Predicted vs observed
access based on XGBoost
regression model

Table 3 Lower and upper bounds on transit route headways

Route Lower bound (min) Upper bound (min)

30 5 20

31 5 20

33 5 38

35 5 22

38 5 30

46 5 623

B43 5 60

Filtering Poverty Density Accessibility Index Based on
Threshold

To decide on the PVDAI threshold, the cumulative distribu-
tion function and a histogram of the index were plotted; see
Fig. 10. The 0.75 quantilewas chosen as theminimum thresh-
old for maximizing PVDAI, which resulted in any PVDAI
values higher than this threshold remaining in the set of
PVDAI-retained solutions. Figure 10 shows that the distribu-
tion of the PVDAI is bimodal. The reason behind this pattern
ismoremodel-driven than spatial-driven. Since theXGBoost
regressionmodel predicts accesswithin awide range of head-
ways (generated using Latin Hypercube sampling), some
headway combinations produce low access to healthcare and
social assistance jobs, while others high access, with some
routes having more significant impact in determining access
to healthcare and social assistance jobs than others.

Success Thresholding and Classification Model

The PVDAI-retained solutions identified in the previous step
were assigned a label of 1 (success=1). The rest of the obser-
vations are assigned a score of 0.Basedon this binary scoring,
an XGBoost classification model was then built using the
transit route as features and was used to assess whether high
or low headways of specific routes have a positive or nega-
tive impact on PVDAI. Table 4 shows the tested and optimal
values of the hyperparameters in the training process of the
XGBoost classification model and Table 5 summarizes the
performance metrics of the classification model based on the
test set.

Model Interpretation

The impact of each feature (i.e., headway of transit routes)
was revealed using SHAP (SHapley Additive exPlanations)
plots. SHAP is an explainable AI technique that assigns
each feature an “importance” value, showing its contribu-
tion to a specific model prediction, rooted in cooperative
game theory (Lundberg and Lee 2017). More specifically,
the SHAP value, φh , shows the magnitude and direction that
each independent variable, xh , has on access to healthcare
and social assistance jobs, and is estimated based on Eq. (4):

f̂ = φ0 +
M∑

h=1

φh (4)
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Fig. 10 Statistics of poverty density accessibility index on the dataset of the optimization framework

Table 4 XGBoost hyperparameters used for classification model training

Parameter Description Tested values Optimal value

max_depth Maximum depth of each tree {2,7} 7

min_child_weight Minimum sum of instance weights to create a leaf {5,10} 10

η Learning rate controlling step size shrinkage {0.01,0.1} 0.1

subsample Fraction of observations sampled per tree {0.5,0.8} 0.8

colsample_bytree Fraction of features sampled per tree {0.5,0.8} 0.8

λ L2 regularization term (ridge penalty) {5,10} 10

α L1 regularization term (lasso penalty) {0.1,1} 1

n_estimators Number of boosted trees {100,300} 200

φh =
∑

S⊆{x1,...,xH }\{xh }

|S|! (|H | − |S| − 1)!
|H |!

[
f̂S∪{h}

(
xS∪{h}

) − f̂S(xS)
]

(7)

where φh is the marginal contribution that each feature, xh ,
has across all subsets S of input features, and f̂ is the expla-
nation model

The SHAP clustering was applied based on the K-means
method using the SHAP value as variable. These plots were
created using only the feasible solutions (success=1) and
each dot on the plot is a feasible solution (i.e., pair of routes’
headway and access). Therefore, a red dot means that high
headway values have a positive impact on the model’s out-
come (success=1) if it is on the positive side on the x-axis,
or a negative impact on the model’s outcome (success=1) if
it is on the negative side on the x-axis.

Discovering Data-Driven Scenarios via Clustering

We used the Gaussian Mixture Model (GMM) clustering
algorithm to identify data-driven scenarios that represent
similar accessibility outcomes of interest (i.e., from among

Table 5 Performance results for XGBoost classification model

Class Support Precision Recall F1-score Accuracy

0 (Failure) 47 0.96 1.00 0.98 0.97

1 (Success) 22 1.00 0.91 0.95

the successful ones). The variables used to perform the
clustering were the route-based headways. All types of
covariance were tested, i.e., full, tied, diagonal and spherical
and the spherical was selected since it provides a reasonable
pattern (i.e., more clusters reduce error) and higher silhou-
ette score values, given the low number of solutions (N=108).
The silhouette score (scikit-learn developers 2024) was used
to decide the number of clusters. The silhouette score eval-
uates clustering quality, measuring how similar a data point
is to its own cluster (cohesion) compared to other clusters
(separation), with scores varying from -1 to 1, with high sil-
houette score being beneficial. In addition to the silhouette
score, Akaike Information Criterion (AIC), Bayesian Infor-
mationCriterion (BIC) andLog-likelihood (LL)were used to
examine the optimal number of clusters. Low values of AIC
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and BIC are considered beneficial. These two metrics con-
trol for balance between goodness of fit and GMM model
complexity (e.g., number of predictors). Lastly, the higher
the LL values (i.e., less negative), the better the fit of GMM
model. Six clusters were selected (k = 6) since this number
led to the high silhouette score value along with low AIC
and BIC and high LL values, as shown in Fig. 11. Through-
out the remainder of this paper, we refer to these clusters of
outcomes as scenarios.

Results

Scenario 1: Moderate Access andVariable Cost

This scenario is characterized by moderate PVDAI values
compared to other scenarios and variable cost, as shown in
Figs. 12 and 13, respectively. Figure 14a shows that moder-
ate values of headways of route B43 can significantly and
positively affect the increase of PVDAI (i.e., purple dots are
on the positive side of the horizontal axis around value 5),
and high values have a negative impact on PVDAI (i.e., red
dots are on the left side). The median headway of B43 is 28
min (Fig. 15a) in this scenario. Routes 35 and 38 can affect
the increase of PVDAI positively when operating with small
headways and negatively when operating with large head-
ways since blue dots are on the positive side of the horizontal
axis and red dots are on the negative side of the same axis
(Fig. 14a), with a median headway of 14 and 19min, respec-
tively (Fig. 15d and e). Routes 30, 31 and 33 have a smaller
impact on increasing PVDAI compared to routes B43, 35
and 38 but still a positive impact at lower headways and neg-
ative at high headways (see Fig. 14a). Median headways of
routes 30, 31, and 33 are 14, 13 and 22min, respectively in
this scenario. Lastly, large headways of route 46 can have a
positive impact on increasing PVDAI, while in this scenario
specifically, the median headway is 350min.

Scenario 2: Steady Access andVariable Cost

This scenario has steady PVDAI values as shown in the low
interquartile range (IQR), i.e., length of boxplot, in Fig. 12
and variable cost (Fig. 13). Figure 14b shows that various
headways (i.e., low, moderate, high values) can have a pos-
itive impact on increasing PVDAI. The median highway for
routeB43 is 25min in this scenario (Fig. 15f). In this scenario,
routes 31, 35 and 38 can be beneficial in increasing PVDAI
under low headway values and have a negative impact when
operating with high headway values (Fig. 14b). The median
headways for these routes are 13, 15 and 20min, respectively
(Fig. 15b, d and e). Routes 30 and 31 tend to increase PVDAI
under moderate headway values (Fig. 14b) and their median
headways are 14 and 22min, respectively. Lastly, route 46

does not appear to a have significant impact on increasing
PVDAI in this scenario (Fig. 14b) and its median headway
is 250min.

Scenario 3: Variable Access andVariable Cost

In this scenario, both access and cost are variable as depicted
by the very large IQR in Fig. 12 andmoderate IQR in Fig. 15.
Figure 14c shows that only low headway values can be posi-
tively affecting PVDAI improvement and moderate and high
values have clear negative impacts. The median headway in
this scenario for route B43 is 27min. Routes 38 and 35 are
beneficial for increasing PVDAI at low headways and lead
to reduction of PVDAI at moderate and high headways. The
median headway values of these routes are 19 and 14min,
respectively. In this scenario, moderate headways of route 31
and low headway values of 30 and 33 can increase PVDAI
Fig. 14c. The median headway values of these routes are 14,
13 and 26min, respectively (Fig. 15b, a and c). Route 46
does not play a crucial role in this scenario (Fig. 14c), with
a median headway being at 310min.

Scenario 4: Variable Access and Low Cost

This scenario is characterized by variable PVDAI values,
with PVDAI beingwithin a smaller range of values compared
to scenarioVariable Access and Variable Cost (Fig. 12). This
scenario has the lowest cost among all scenarios (Fig. 13).
Both high and low headway values for route B43 can be
effective in increasing PVDAI (Fig. 14d). Routes 30, 33, 35
and 38 improve PVDAI for low headway values only, while
headways of routes 46 and 31 do not seem to have a substan-
tial impact on PVDAI (Fig. 14d). The headway of route 33
varies more than in scenariosModerate Access and Variable
Cost and Steady Access and Variable Cost (as shown by the
higher IQR in Fig. 15c), with a median headway of 24min,
lower than in scenario Variable Access and Variable Cost,
but within a range that includes higher headway values.

Scenario 5: Variable Access and High Cost

This scenario has variable PVDAI values, with its maxi-
mum value being the highest among all scenarios (i.e., most
improved PVDAI); see Fig. 15). However, it provides ranges
of high cost values (Fig. 13). Route’s B43 low headway val-
ues tend to substantially improve PVDAI and high/moderate
values tend to reduce it but not significantly (Fig. 14e. In con-
trast to all the previous scenarios, route 46 plays a significant
role in this scenario, as it can improve PVDAI in low head-
way values in this scenario and can decrease it under high
headway values (Fig. 14e) . Route 46 has a median headway
of 425min. Moderate headways of route 33 can be beneficial
for PVDAI in this scenario (Fig. 14e) with median headway
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Fig. 11 Tested scores for selecting the optimal number of clusters

values being at 23min. Low to moderate headway values
on Routes 30, 31, and 35 (median 13min) and on Route 38
(median 18min) appear particularly effective in increasing
PVDAI.

Scenario 6: Variable Access andModerate Cost

This last scenario has the lowest median PVDAI together
with scenario Moderate Access and Variable Cost and the
second lowest cost after scenario Variable Access and Low
Cost. Route B43 is steady in this scenario (as shown by the
very low IQR in Fig. 15f), with solutions for headway being
27 or 28min. Route 46 has the lowest headway among all
scenarios, equal to 170min (Fig. 15g). Routes 30, 31, 33, 35
and 38 can help maximize PVDAI in low/moderate headway
values (Fig. 14f) and the ranges of their headways are similar
to the ranges of the first four scenarios (Fig. 15a-e).

Practical Implications

A summary of scenarios along with practical implications
is presented on Table 7. The proposed framework can be
used by decision makers to support their goal on more equi-
table modifications in transit systems. First, the decision
makers need to define their priorities such as improving
access to essential destinations, by selecting equity indica-
tors that will reflect transit changes, destinations types, time
periods and the travel time threshold in which they want to
improve access. For example, employment was the focus of
this study while an agency can focus on supermarkets, child-
care or healthcare services. In addition, similarly to poverty
density other equity indicators might be older adults or
zero-car households. Second, the agency needs to select spe-
cific routes that would be candidate for changes, minimum
and maximum headways as well as defining their budget.
Third, different headway combinations can be generated and
the access these headways provide can be evaluated using
the predictive accessibility model and the proposed index.
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Fig. 12 Distribution of poverty density accessibility index by scenario (Baseline PVDAI = −660.67)

Fig. 13 Distribution of cost by scenario
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Fig. 14 SHAP plots for the six scenarios

Fourth, decision makers should choose a success threshold.
Finally, the satisficing solutions are grouped into scenarios
with common characteristics in terms of main routes, access
gains and cost. The last step is comparison across the scenar-
ios. For example, if the main goal is to achieve the maximum
equitable access, then a high cost scenario might be chosen.
If a stable accessibility improvement is preferred, scenar-
ios with low variation of PVDAI are preferable. In this way

the proposed framework offers transparent comparison along
candidate solutions and promotes equity in decision-making.

Sensitivity Analysis

In this section, we provide sensitivity analysis based on the
PVDAI threshold, and the number of clusters per threshold.
Specifically, results are compared to 80th and 90th percentile
of PVDAI. Number of clusters gets smaller as we shift to
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Fig. 15 Headway boxplots for each route across scenarios 1–6

stricter PVDAI thresholds, based on Figs. 16 and 17. How-
ever the number of successful solutions gets lower as we
choose a stricter PVDAI threshold, as shown in Table 8.
Therefore, any clustering results should be interpreted care-
fully because fewer observations are available to define the
distinct scenarios.

Discussion

The results illustrate six distinct sets of solutions that improve
PVDAI and, consequently, enhance access to healthcare and
social assistance jobs in areas of persistent poverty. Com-
pared to existing conditions, where the number of accessible
healthcare and social assistance jobs is 34,954, all six sets
of solutions substantially increase access. Specifically, com-
paring the median of each scenario to the existing conditions
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Table 6 Summary of statistics
by scenario

Statistic Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6

Access (number of healthcare and social assistance jobs)

Median 43161.91 42957.57 42910.29 42775.95 40337.25 43161.91

Maximum 44394.30 44208.77 44208.77 42910.29 44394.30 44208.77

Minimum 40337.25 41002.23 40337.25 40862.11 40254.68 40337.25

Cost ($)

Median 1936.72 1948.94 1943.45 1886.14 1953.13 1941.36

Maximum 1987.68 1998.49 1997.37 1964.07 1999.93 1994.32

Minimum 1689.73 1836.81 1827.28 1821.41 1848.15 1728.34

PVDAI

Median −630.96 −631.70 −631.87 −632.36 −641.19 −630.96

Maximum −626.50 −627.17 −627.17 −631.87 −626.50 −627.17

Minimum −641.19 −638.78 −641.19 −639.29 −641.48 −641.19

Table 7 Summary of scenarios and practical implications

Scenario Main routes
affecting
PVDAI
improvement

Access–cost trade-off Practical implication

1 B43, 35, 38 Moderate PVDAI improvement
with variable cost

It can be used when the goal is access gains without
applying major changes to all routes

2 B43, 31, 35,
38

Steady PVDAI values with variable
cost

It can be used when the goal is predictable accessibil-
ity improvement not necessarily maximum improve-
ment

3 B43, 30, 31,
33, 35, 38

Variable PVDAI and variable cost It can be used when testing broader frequency
improvements with less predictable outcomes is
acceptable

4 30, 33, 35, 38 Lowest cost among scenarios, with
variable PVDAI improvements

It can be used when budget is the primary concern

5 B43, 35, 38,
46

Highest potential PVDAI improve-
ment but highest cost

It can be used when the goal is to prioritize maximum
equity and access gains even at higher operating cost

6 B43, 35, 38,
46

Moderate cost with relatively strong
PVDAI improvements

It can be used when the goal is to have targeted
improvements with lower cost than the highest-upside
scenario

Table 8 Sensitivity analysis of
PVDAI success threshold

Metric Q75 Q80 Q90

PVDAI cutoff value –642 –634 –631

Number of clusters 6 3 2

Satisficing solutions (N ) 108 74 42

Maximum access across scenarios 44394.30 44394.30 44394.30

Minimum cost across scenarios ($) 1689.73 1704.35 1704.35

Operational comparison

Routes appear significant across scenarios B43, 35, 38 B43, 46 B43, 30, 31, 35, 38

(i.e., transit route headways), access is increased by 23%
in scenarios 1–4 and 6 and by 15% in scenario 5. All the
sets of solutions improve the Poverty Density Accessibility
Index given that the existing index is at −660.67, with the
highest level of improvement appearing in Scenarios 1 and

5 (−626.50); see Table 6. In terms of cost, all six scenarios
have similar cost ranges, with scenario 3 and 6 providing a
wider cost range compared to the other scenarios, and sce-
nario 4 providing the tightest range of cost values and the
lowest cost among all, as shown in Fig. 13.
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Fig. 16 Tested scores for selecting the optimal number of clusters when using PVDAI threshold of the 80th percentile.

Lastly, Fig. 12 shows the distribution of Poverty Den-
sity Accessibility Index by scenario. The variation across
scenarios suggests that success (i.e., access improvements
for areas of persistent poverty) can emerge under different
PVDAI values, which is valuable for policy and operational
interpretation. The presence of tight distributions (scenario
2) alongside wider ones (scenario 3, 5 and 6) hints at dis-
tinct success mechanisms, some tightly defined, while others
being more flexible. Scenario 2 exhibits a tightly grouped
PVDAI distribution, suggesting consistent access values
among successful scenarios. In contrast, scenarios 3, 5 and 6
show wider spreads, indicating that success can occur under
more varied access values.

Conclusion

This research develops an optimization model that max-
imizes the proposed Poverty Density Accessibility Index
(PVDAI) by optimizing transit route headways subject to

cost constraints. The optimization framework is applied to
Amherst, Massachusetts, which is served by Pioneer Val-
ley Transit Authority. Maximizing the PVDAI, which is a
metric that highlights areas of high poverty density and low
access to specific destinations, and in the case of this research
healthcare and social assistance jobs, ensures that any pro-
posed changes in transit routes account for the socioeconomic
status of the people in the area. This is the first study that pro-
poses an optimization model that improves access by solely
optimizing transit route headways.

The study contributes to the literature by incorporating
the optimization model into a scenario discovery framework,
providing insights that traditional optimization approaches
that target unique solutions can miss. Another significant
contribution of this study is that the scenario discovery frame-
work explicitly incorporates equity: all six scenarios are
constructed not by simply maximizing access, but by max-
imizing the proposed Poverty Density Accessibility Index,
therefore, prioritizing access for populations who need it
most. Transit access is highly sensitive to operational factors
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Fig. 17 Tested scores for selecting the optimal number of clusters when using PVDAI threshold of the 90th percentile

such as headways, runtimes, transfer reliability, and the con-
nections between routes. Because these elements fluctuate
in real-world systems, scenario discovery becomes essential
for understanding how accessibility responds when any of
these inputs shift. Rather than relying on a single optimized
solution that reflects only one set of assumptions, scenario
discovery allows decision makers to evaluate multiple plau-
sible operating conditions by revealing how access changes
across them. This is particularly important because access is
a multidimensional outcome shaped by several interdepen-
dent components. In addition, the developed optimization
framework is flexible in that it can account for multiple types
of destinations and assign different weights based on the
needs of a selected area. The proposed accessibility index,
which incorporates poverty density, is also adaptable and
can include any socioeconomic characteristic. This allows
the model to maximize access based on different priorities,
for example using population density or other socioeconomic
criteria instead of poverty density.

Implementationof this optimization framework inAmherst
showed that specific routes are important in all the scenar-
ios and beneficial when operating under low or moderate
headways (i.e., route B43), while other routes affect the
improvement of PVDAI in some scenarios but not in oth-
ers (i.e., route 46). In addition, there is a wide range of
combinations of access improvements at poverty areas (i.e.,
PVDAI) and cost with trade-offs between improvements and
cost (e.g., scenario Variable Access and High Cost). There-
fore, the proposed methodology can guide transit agencies
in identifying the routes whose schedule should be altered
(i.e., by implementing low, moderate, or high headways) to
advance their goals of increasing access to destinations in
vulnerable areas,while understanding howcosts differ across
policy options.

The framework is transferable in larger network, tak-
ing into account some important considerations. First, the
number of decision variables would increase substantially
because many more routes, headways, transfer points, and
service periods would need to be considered. As a result,
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the number of possible headway combinations would grow
quickly, and a larger scenario sample would be needed to
adequately cover the decision space. Second, transfer inter-
actions would become more important. In Amherst, the ana-
lyzed network is relatively small, so accessibility changes can
be interpreted mainly through route-level headway changes.
In a larger network, however, changing the headway of one
route may affect accessibility through transfer waiting times,
missed connections, and network connectivity, in addition
to affecting waiting times. Finally, instead of clustering all
routes at once, it may be useful to group routes by corridor,
service type, or subarea, or to first identify the routes with
the strongest influence on accessibility.

Limitations of this study are related to estimating access
using constant speeds throughout the day since those are the
only speeds currently available in Conveyal. As a result,
congestion and its impact on travel times and therefore,
accessibility is not considered. However, the selected case
study is in a rural area with low congestion and therefore, it
is anticipated that the results are not substantially affected. In
addition, the accessibility values are modeled outputs from
Conveyal under hypothetical GTFS headway scenarios, not
observed ridership or observed travel times. Similarly, the
prediction of the PVDAI relies on the XGBoost modeling,
not real-world data.

Access to several destination types, including manu-
facturing accommodation-food-retail jobs, healthcare jobs,
construction jobs, supermarkets, healthcare services, and
childcare centers, as well as multiple time periods, including
wide span of 8 am–8 pm and 8 pm–12 am during weekdays
and weekends has been assessed as part of this study. That
broader screening showed that some areas repeatedly exhib-
ited very low, i.e., negative PVDAI values across multiple
destination types and timeframes. Amherst was one of these
consistently vulnerable areas, which motivated its selection
as the case study for the headway optimization framework.
Future work will focus on accounting for multiple destina-
tions of interest and timeframes as extra components in the
objective function,while expanding themodel by adding cost
directly in its objective function subject to access thresh-
olds. This will allow transit agencies to control directly for
cost-effective solutions toward equitable access to key des-
tinations while ensuring that any access changes are within
acceptable thresholds.
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