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ARTICLE INFO ABSTRACT

Keywords: Maternal healthcare accessibility is a key determinant of maternal and newborn outcomes, yet the United States
Maternal healthcare continues to experience disproportionately high maternal mortality rates compared with other high-income
Accessibility

countries. Efforts to address this problem are hampered by substantial spatial disparities, especially in large
states like Florida. Existing methodologies for evaluating healthcare access, such as the widely used Generalized
Two-Step Floating Catchment Area (G2SFCA) method, may not accurately capture real-world circumstances
because they often rely on assumed, uniform parameters that overlook contextual heterogeneity in travel
behavior. However, maternal patients in different geographies experience drastically different transportation
barriers and varying tolerance for distance and travel times, underscoring the need for more granular, area-
specific modeling. This study proposes a data-driven Variable Catchment 2SFCA (V2SFCA) framework to esti-
mate maternal healthcare accessibility across Florida. Leveraging observed patient flow data, we employed
gravity models to empirically calibrate distance decay functions and separately defined catchment thresholds
specific to each area type. These data-driven, area-specific parameters enable the framework to more accurately
reflect behavioral heterogeneity in maternal healthcare utilization. Applied to Florida, the model reveals sub-
stantial accessibility disparities across the four area types, including metropolitan, micropolitan, small town, and
rural. It also demonstrates improved behavioral realism compared with conventional approaches, offering
actionable insights for equitable maternal care planning and resource allocation.

Variable catchment 2SFCA (V2SFCA)
Patient flow data

Area-specific modeling

Rural healthcare

1. Introduction

Maternal healthcare plays a critical role in safeguarding the health
and well-being of both mothers and newborns, directly influencing
maternal and perinatal morbidity and mortality (Souza et al., 2024).
Reports from the National Center for Health Statistics (NCHS) E-Stats
indicate that the U.S. maternal mortality rate was 18.6 deaths per 100,
000 live births in 2023, reflecting a decline from previous years (Hoyert,
2025). However, this rate remains substantially higher than that of other
high-income countries, where maternal mortality has stabilized at 2 to 3
deaths per 100,000 live births (World Health Organization, 2023),
(Abbasi, 2023). While many health system initiatives have improved the

availability and quality of care, these improvements alone do not
guarantee care is geographically accessible to all who need it (Attanasio
et al.,, 2022). Spatial accessibility, defined as the relative ease with
which individuals can physically reach and obtain appropriate services
(Wang and Liu, 2023a), is a determinant of health outcomes (Graves,
2008). Evidence indicates that greater difficulty in spatial access to
maternal healthcare is associated with delayed initiation of prenatal
care, higher rates of preterm birth, and increased maternal morbidity
(Nesbitt et al., 1990), (Fontenot et al., 2024), (Haiman and Cubbin,
2023). Given the impact on maternal and newborn outcomes, accurate
measurement of spatial accessibility is essential for identifying under-
served populations and guiding targeted interventions.
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The burden of maternal mortality is disproportionately distributed
across U.S. communities, particularly between rural and urbanized areas
(Darville et al., 2025), (Harrington et al., 2023). Similarly, access to
maternal healthcare varies across geographic contexts. Rural residents
often encounter longer travel times, fewer local facilities, limited pro-
vider options, and, in some regions, the complete loss of local obstetric
units, all of which contribute to reduced accessibility (Hung et al.,
2017), (Kozhimannil et al., 2018), (Probst et al., 2019). These geospatial
disparities in access are key indicators of the structural inequities in
healthcare, requiring detailed and context-sensitive metrics to capture
their complexity and facilitate data-driven solutions (Obeidat and
Alourd, 2024).

Researchers have employed multiple approaches to measure
healthcare accessibility, each with distinct strengths and limitations.
Provider-to-Population Ratios (PPR) remain widely used because they
are easy to compute, interpret, and apply in maternal health research
(DeSisto et al., 2022), (Tian and Pan, 2021). However, these ratios are
constrained by administrative boundaries (e.g., State/County bound-
aries), overlooking the actual spatial separation between patients and
providers as well as cross-boundary healthcare-seeking behaviors.
Travel impedance metrics, including straight-line distance,
network-based driving distance, and travel time, incorporate spatial
separation and transportation infrastructure into accessibility assess-
ment (Delamater et al., 2012), (Rayburn et al., 2012). However, these
measures typically focus on physical distance or time alone and do not
integrate the balance of healthcare supply and demand. The Two-Step
Floating Catchment Area (2SFCA) method addresses this gap by incor-
porating both spatial impedance and provider-to-population ratios
within a defined catchment area, enabling a more comprehensive rep-
resentation of accessibility (Luo and Wang, 2003). Variants of the 2SFCA
method incorporating different distance decay functions, collectively
referred to as generalized 2SFCA (G2SFCA), have been widely adopted
in health geography to measure accessibility to primary care, specialist
services, and maternal healthcare (Luo and Qi, 2009), (Delamater,
2013), (Delamater et al., 2019), (Mao and Nekorchuk, 2013), (McGrail
and Humphreys, 2009).

Although the G2SFCA method allows the incorporation of various
functions to model distance decay effects, G2SFCA applications often
rely on predefined functional forms and its associated key parameters,
such as the travel friction coefficient and catchment size, which in-
troduces subjectivity and may not accurately represent real-world travel
behaviors. Sensitivity analysis of these parameters can only assess the
robustness of accessibility estimates but does not provide a definitive
basis for parameter selection. To address this limitation, researchers
advanced the G2SFCA framework by adopting data-driven approaches
in which key model parameters are derived from observed healthcare-
seeking behaviors rather than predefined assumptions. For example,
Tao et al. (2020) analyzed infant delivery care visits to empirically
determine travel thresholds and distance decay patterns for accessibility
measurement (Tao et al., 2020). Similarly, Wu et al. (2024) examined
nighttime hospital navigation data to capture the characteristics of
medical services, enabling parameter calibration that reflects real-world
utilization patterns (Wu et al., 2024). These approaches reduce reliance
on arbitrary parameter choices and improve the behavioral realism of
accessibility estimates. Nonetheless, deriving friction parameters from
real-world data requires disentangling the distance decay effect from the
broader spatial interaction process, often via spatial interaction models
(e.g., gravity models) to control for confounding factors (Jia et al.,
2019). This step has been addressed only to a limited extent in existing
accessibility studies (Tao et al., 2020).

Additionally, applying uniform parameter settings may overlook
important behavioral differences across diverse geographic contexts
(Bauer and Groneberg, 2016). Empirical evidence consistently shows
substantial differences in travel behavior across different geographic
areas when seeking healthcare. For example, rural populations generally
travel longer distances and tolerate higher travel costs, particularly for
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services requiring automobile travel, compared to their urban counter-
parts (Liu et al., 2025), (Mseke et al., 2024). These differences reflect not
only the relative scarcity of nearby healthcare facilities in rural areas but
also varying perceptions of acceptable travel distances and times across
geographic contexts (Pot and Piesch, 2024). Such heterogeneity em-
phasizes the importance of incorporating area-specific travel behaviors
into spatial accessibility models to more accurately represent real-world
healthcare utilization patterns.

To address such heterogeneity, the Variable Catchment 2SFCA
(V2SFCA) method was developed, allowing the size of the catchment
area to vary across providers or regions (Luo and Whippo, 2012). Luo
and Whippo (2012), who introduced this method, advocated defining
demand-side catchment sizes based on reaching a predefined
population-to-provider ratio (PPR) threshold (Luo and Whippo, 2012).
Zhou et al. (2021) applied catchment thresholds of 2, 5, and 15 miles for
urban, suburban, and rural areas, respectively, to estimate access to
pharmacies in the U.S. (Zhou et al., 2021). However, the V2SFCA
method should be applied with caution. If the catchment sizes in the first
step (supply side) and the second step (demand side) are not consistent,
the same origin-destination pair may receive different weights in each
step. This inconsistency violates the original “supply-demand balance”
property of the G2SFCA, a theoretically important feature that ensures
both consistency and interpretability in the spatial allocation of re-
sources (Wang and Liu, 2023a), (Shen, 1998). Misapplications of
V2SFCA that disregard this weight-symmetry requirement can lead to
systematic bias of accessibility estimates. Moreover, when employing
V2SFCA to highlight the disparities across different area types, it is
crucial to account for the substantially smaller population base in less
populated areas. In some implementations, catchment size of the
urban-located hospital is set as the value that a specific percentage of
trips to the hospital are included in the catchment area (Tao et al.,
2020). This procedure may disproportionately include urban patients
while excluding a significant share of rural residents, thereby under-
estimating the supply of services available to more distant areas.

Florida, the third most populous state in the United States with over
22 million residents in 2022, is geographically and topographically
diverse, surrounded by a rim of coastal residential areas (U. C. Bureau).
Compared with major metropolitan coastal areas, less urbanized inland
regions face more limited access to maternal services. Fewer than 20 %
of rural counties in Florida have obstetric care facilities, placing the state
among the lowest nationally in rural obstetric service availability (U. S.
G. A. Office). Between 2018 and 2022, Florida's maternal mortality
averaged 24.1 deaths per 100,000 live births, exceeding the national
average (March of Dimes). Barriers such as scarce obstetric units, long
travel distances, and transportation challenges continue to hinder
adequate access to prenatal and intrapartum care. The state's pro-
nounced spatial disparities make it a compelling case for analyzing
maternal care accessibility.

Although maternal health disparities in Florida have drawn
increasing attention, there has been no prior application of the V2SFCA
approach to measure maternal healthcare accessibility, largely due to
the lack of empirical parameters or real-world data on maternal
healthcare travel behavior. This study is the first to develop a data-
driven extension of the V2SFCA framework by incorporating statewide
electronic birth record-derived patient flow data from Florida, which
directly link maternal residences to obstetric hospitals. Leveraging these
observed flows, we empirically calibrate distance decay functions and
catchment thresholds separately for the four area types (i.e., metropol-
itan, micropolitan, small town, and rural). These area-specific parame-
ters enable a more behaviorally valid representation of maternal
healthcare accessibility and explicitly account for inter-area heteroge-
neity. In addition, we conduct a comparative analysis with the tradi-
tional binary-weighted 2SFCA method to provide parameter references
for area-specific accessibility estimation in situations where empirical
travel data are unavailable.
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2. Study area and data

This study investigates spatial behaviors and potential accessibility
to maternal healthcare services in the state of Florida. Administratively,
Florida consists of 67 counties and 1008 ZIP Code Tabulation Areas
(ZCTAs) (). The Florida Department of Health (DOH) has a binary
classification with 32 counties as rural and 35 as nonrural (Florida,
2023). To capture finer-scale heterogeneity, we further adopted the U.S.
Department of Agriculture's Rural-Urban Commuting Area (RUCA)
classification, which categorizes Florida's ZCTAs into four area types:
metropolitan (n = 849), micropolitan (n = 28), small town (n = 20), and
rural (n=>51) (Fig. 1) (“Rural-Urban Commuting Area Codes™”). The
population distribution is highly uneven across the state, with the ma-
jority of residents concentrated in metropolitan areas, whereas central
and northern inland areas are characterized by lower population den-
sities and limited healthcare infrastructure.

Two primary datasets from the 2022 were utilized to analyze travel
patterns and evaluate spatial accessibility to maternal healthcare ser-
vices in Florida: electronic health records (EHRs) for all recorded births,
and detailed information on maternal healthcare facilities. (1) Birth
Electronic Health Records (EHRs): Statewide aggregated birth records
at the ZCTA level were obtained from the Florida Department of Health's
Bureau of Vital Statistics and were linked to all-payer hospital discharge
data provided by the Florida Agency for Health Care Administration
(AHCA). In total, 223,309 births were recorded in Florida in 2022. Each
record includes information on the mother's residential ZCTA and the
name and identifier of the birth facility. Based on the facility identifier,
delivery locations were classified into three categories: licensed
healthcare facilities, non-hospital settings, and unknown delivery loca-
tions. (2) Maternal Healthcare Facility: Data on maternal facilities,
including hospitals and birthing centers, were obtained from the Florida
Agency for Health Care Administration (AHCA) and the American
Hospital Association (AHA) Annual Survey. In 2022, a total of 258
licensed healthcare facilities were identified across the state. Among
them, 74 facilities were designated as obstetric hospitals (OBHOS),
which served as the supply side of maternal healthcare services. For each
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OBHOS, facility name, geographic coordinates (i.e., latitude and longi-
tude), and the number of obstetric-designated staffed beds (OBBD) were
collected, with OBBD used as a proxy for service capacity.

We linked birth records to OBHOS facility dataset using facility
names. This study established a supply-demand framework for
analyzing spatial behavior in maternal healthcare and quantifying po-
tential accessibility, with patients representing demand and OBHOS
representing supply. We systematically cleaned and integrated the de-
mand and supply data (Fig. 2). On the demand side, we started with
223,309 birth records from Florida's 2022 Electronic Health Records
(EHRs). We first matched residential ZIP codes with ZCTAs using
geographic correspondence engine GeoCorr 2022, resulting in 188,651
births with identifiable 966 ZCTAs (MCDC 2022). We then limited the
dataset to births occurring in OBHOSs, reducing the total to 186,196
records. To focus specifically on obstetric care, we retained only births
delivered in OBHOSs, yielding 112,313 records, which accounted for
50.29 % of all births in 2022 and 60.3 % of the births in licensed facil-
ities. On the supply side, we identified 74 OBHOSs among 258 licensed
healthcare facilities based on the presence of OBBDs. Finally, we
matched 71 OBHOSs to the patient birth records, producing a final set of
supply-demand pairs suitable for modeling maternal healthcare
accessibility.

This integration enables the identification of actual supply-demand
interactions and supports the examination of maternal healthcare-
seeking behaviors and preferences, thereby offering insights into real-
ized accessibility based on observed patient choices. Fig. 3 illustrates
these patterns, with straight lines representing travel flows between
patients’ residential ZCTAs and obstetric hospitals. The underlying
choropleth shows the spatial distribution of aggregated total birth re-
cords at the ZCTA level across Florida, providing a general overview of
maternal demand.

3. Methods

This study developed a data-driven framework to measure spatial
accessibility by deriving distance decay functions from observed

Jacksonville

Fig. 1. Four-level classification of Florida ZCTAs by area type.
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Fig. 2. Data cleaning and integration process.
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Fig. 3. Birth-related patients flow from residential ZCTAs to obstetric hospi-
tals (OBHOSs).

healthcare-seeking behaviors through a spatial interaction model. To
account for heterogeneity in travel behavior across different area types,
we implemented an area-specific V2SFCA model with empirically cali-
brated catchment sizes and distance decay functions for metropolitan,
micropolitan, small town, and rural areas. In addition, we conducted a
comparative experiment with the traditional 2SFCA to identify appro-
priate catchment sizes for areas lacking empirical healthcare-seeking
data.

3.1. Calculating travel distance and time

This study constructed an origin-destination (OD) matrix linking
residential ZCTA to obstetric hospitals (OBHOS) using birth visit re-
cords. The population-weighted centroid of each ZCTA was computed
based on the geographic centroids of its constituent census tracts,
weighted by tract-level population, and served as the origin point rep-
resenting patient departure locations. The travel distance and time be-
tween each OD pair were estimated using the Google Maps API, which
accounts for real-world road network conditions and routing algorithms
(Google Maps Platform Documentation). While both driving distance (in
miles) and driving time (in minutes) were obtained, driving time was

adopted as the primary travel cost metric in this study, as it better re-
flects perceived accessibility and real-world constraints, with its prac-
tical relevance emphasized in recent studies (Balsa-Barreiro et al.,
2025), (Clark et al., 2025).

To explore spatial variation, patients were then classified into four
groups (i.e., metropolitan, micropolitan, small town, and rural) based on
their residential ZCTAs. This classification enabled comparative analysis
of travel patterns across different geographic contexts. Histograms of
travel frequency were used to visualize the distribution of patient travel
behavior. Because the travel time data were highly right-skewed and
approximated a log-normal distribution, a log-transformed interquartile
range (log-IQR) method was applied to identify and remove extreme
outliers (Rousseeuw and Hubert, 2011), (Feng et al., 2014). This
approach effectively eliminated abnormally long birth-related trips
while preserving typical travel patterns within each group.

3.2. Modeling distance decay effect

Although travel cost in this study is measured by driving time rather
than distance, the term distance decay function is retained, as it is the
conventional terminology in accessibility research. To model the dis-
tance decay effect for use in accessibility computation, a spatial inter-
action model is needed. Healthcare-seeking travel is fundamentally a
spatial interaction process, where the volume of patient flows is influ-
enced not only by travel distance or time, but also by several con-
founding factors—such as the relative size of the supply capacity and
demand populations, perceptions of hospital quality, and patient needs
(Fotheringham and O'Kelly, 1989).

In this study, we adopted the gravity model, the most foundational
approach in spatial interaction modeling, to estimate the distance decay
effect embedded in aggregated travel flows (Stacherl and Sauzet, 2023),
(Erlander and Stewart, 1990). In the context of maternal healthcare
travel, the model effectively incorporates the number of patients at each
origin and the service capacity at each destination, both of which are key
determinants of flow size and are available in our dataset. Specifically, a
generalized gravity model assumes that the flow volume Tj; between an
origin i and a destination j is proportional to the product of their
respective masses, O; and Dj, and also related to a function of the travel
distance or time between them, f (dij), which characterizes the distance
decay effect. The parameter a serve as a scaling constant that adjusts the
overall magnitude of the predicted flows. The general form of the model
is:

Ty = a-0;-Dy-f (dy)

This formulation allows us to quantify the influence of travel time
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while accounting for population demand and facility capacity.

To identify the most appropriate distance decay form f( -), following
the previous studies, we tested several common forms (Table 2),
including: (1) Power function, (2) Exponential function, (3) Square-root
exponential function, and (4) Normal exponential function, and (5)
Lognormal exponential function (Wang and Liu, 2023b), (Wang et al.,
2021). For comparability and ease of interpretation, each function was
simplified to include a single positive friction parameter § > 0, where
larger values of f indicate a steeper rate of decay.

These five candidate functions were independently fitted to travel
time across the entire study area and four area-specific groups. The
modeled flow Tj represents the number of recorded birth-related visits
from origin ZCTA i to hospital j, with origin demand O; proxied by the
total number of departures from ZCTA i, and destination supply D;
represented by the number of obstetric beds (OBBDs) at hospital j. In
addition, since the distance decay effect operates only within the
effective interaction range, there is no decay effect for the distance from
a patient's location to the nearest hospital, as patients have no choice
within this segment. Therefore, in this study, d; was adjusted using the
observed minimum travel time in each area type, ensuring that the
decay effect begins at the travel time to the nearest hospital. The curve fit
function from the SciPy Python package was used to estimate the pa-
rameters of these nonlinear fittings (Virtanen et al., 2020). Model per-
formance was evaluated using goodness-of-fit statistics, such as the
pseudo-R2, and the function with the best performance was selected as
the best-fitting model (Jia et al., 2019).

3.3. Refining accessibility measurement by data-driven V2SFCA

The Generalized Two-Step Floating Catchment Area (G2SFCA)
method measures accessibility in two steps.

Step 1, for each hospital j, a catchment area was delineated (typically
within a threshold distance d,), and the supply-to-demand ratio R;
was calculated as:

S
> Dif(dy)

ke{dy<do }

Rj=

where §; is the supply capacity of hospital j (e.g., number of obstetric
beds (OBBDs)), Dy is the demand (e.g., total number of births)
originating from ZCTA k, dy; is the travel distance or time from k to j,
d, is the distance threshold of the searching catchment area, and f( -)
is a predefined distance decay function.

Step 2, for each demand area i (e.g., residential ZCTA), the accessi-
bility score A; is calculated by aggregating the weighted supply ratios
from all hospitals j within the threshold distance:

A= ) R-f(dy)

je{dj<do }

The conventional G2SFCA method relies on a predefined decay
function f(-) and a fixed global catchment threshold d,, based on the
assumption that patient travel behavior conforms to these rules, pri-
marily due to the lack of empirical data. In this study, the decay function
was instead derived from the observed travel behavior using a spatial
interaction model, thereby more accurately capturing the decline in
maternal healthcare travel frequency with increasing travel time. And
the catchment threshold was determined as the maximum observed
travel time after outlier removal.

Moreover, recognizing that patient travel behavior varies across
geographic contexts, we considered a single global distance decay
function and catchment threshold to be insufficient to represent these
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differences. To address this limitation, we further enhanced the data-
driven G2SFCA by applying distinct decay functions and catchment
sizes for four groups of populations based on the patients’ residential
location, adopting the concept of the V2SFCA. The extended equations
for the area-specific V2SFCA are as follows:

fnero (dij or dij) ,if i or k € Metropolitian Set,
fmicro (dyj O di), if i or k € Micropolitian Set,
fomattcown (dy 0F dig), if i or k € Small Town Set,
Srurat (dij or dkj) ,if iork € Rural Set.

f(dy ordy) =

dmerro, if 1 01 k € Metropolitian Set,

dmicro, if 1 01 k € Micropolitian Set,

dsmatitown, if 1 0r k € Small Town Set,
drurat, if i or k € Rural Set.

d():

The decay function f(dy) or f(dy) was determined based on the pa-
tient's area of residence. Specifically, each area type adopted its own
empirically calibrated decay function, with corresponding catchment
thresholds applied accordingly.

In addition, this area-specific V2SFCA ensures that the same origin-
—destination pairs receive the same weights across the two steps, pre-
serving the desirable “supply-demand balance” property that the
demand-weighted average accessibility equals the ratio of total supply
to total demand.

w=>" (%)A,:%ZD,-A,—:%

The ZCTA and county FIPS affiliations of each patient were available.
Accessibility was first computed at the ZCTA level and then assigned to
each patient, followed by aggregating to the county level using
population-weighted averages. This approach allows travel distances to
be estimated using more precise ZCTA-level patient locations while
preserving the intrinsic “supply-demand balance” property. Aggre-
gating to the county level provides greater practical relevance, as
counties serve as fiscal entities with the authority to allocate healthcare
resources. This capacity enables counties to influence resource distri-
bution and implement targeted interventions, thereby directly shaping
the regulation of maternal healthcare accessibility.

3.4. Estimating binary-weighted V2SFCA catchment sizes

Detailed patient flow data are often unavailable, making it difficult
to empirically calibrate catchment thresholds and distance decay func-
tions. In such cases, the binary-weighted (0 or 1) 2SFCA remains widely
used because of its simplicity and minimal data requirements. However,
this approach still requires predefined catchment sizes, and the selection
of these thresholds is typically arbitrary (Luo and Wang, 2003).

To provide empirical reference values for 2SFCA applications under
data-scarce conditions, we conducted a comparative experiment be-
tween the binary-weighted 2SFCA and the data-driven area-specific
V2SFCA described above. For the 2SFCA, to enhance practical usability
and computation efficiency, catchment thresholds for four types of areas
were systematically varied from O to 200 min at 5-min intervals, and
accessibility scores were calculated for each threshold combination. The
resulting 2SFCA estimates were compared with the empirical area-
specific V2SFCA outputs, and Pearson correlation coefficients were
computed to identify the thresholds that achieved the strongest align-
ment (Luo and Wang, 2003). The identified thresholds were then
considered as empirical references for 2SFCA-based accessibility esti-
mation in different areas if detailed patient-level data were unavailable.

4. Results
After integrating the datasets, as illustrated in Fig. 2, we compiled

maternal healthcare demand data encompassing 112,313 birth records
linked to 71 obstetric hospitals across Florida in 2022. The births were
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distributed across all 67 counties (35 nonrural and 32 rural) and origi-
nated from 949 ZCTAs, including 849 metropolitan ZCTAs with 107,754
births, 28 micropolitan ZCTAs with 1770 births, 20 metropolitan ZCTAs
with 896 births, and 51 rural ZCTAs with 1893 births. This integrated
dataset provides a robust basis for examining spatial accessibility pat-
terns and assessing geographic disparities in maternal healthcare.

4.1. Heterogeneity in travel behaviors by area type

The road network driving time (in minutes) for all birth-related
electronic health record (EHR) visits were computed, and their distri-
butions were examined using histograms. The raw data exhibited sub-
stantial right skewness, with extreme values reaching a maximum of
697.95 min, which were unlikely to reflect typical patient road travel
behavior for childbirth-related care (Table 1). The median travel time of
the entire study area was 19.88 min (SD = 24.64), indicating substantial
variability in travel behavior. Observations with travel time exceeding
1.5 times the log-IQR above the third quartile (upper limit as shown in
Fig. 4) were identified as outliers and excluded from subsequent ana-
lyses, accounting for approximately 1 % of the total records (Rousseeuw
and Hubert, 2011), (Feng et al., 2014).

Fig. 4 presents stacked histograms of the frequency of travel time for
patients across different types of area. The metropolitan group accounts
for the majority of observations (over 95 %), while the patients from the
other three groups tend to experience longer and more variable travel
times.

A single, global upper threshold would misclassify many legitimate
long-distance trips from micropolitan, small town, or rural areas as
outliers. To account for regional variability, the log-IQR outlier removal
method was applied separately to each group, ensuring that outlier
detection reflects the heterogeneity in travel behavior among groups.
The resulting upper limits for driving time are summarized in Table 1.
For metropolitan areas, the upper limit was 95.18 min, whereas for
micropolitan areas the threshold was substantially higher at 173.83 min,
more than nearly twice that of metropolitan areas, reinforcing the need
for area-specific treatment in analysis. Similarly, the upper limits for
small-town and rural areas were 164.25min and 141.61 min,
respectively.

After removing extremely long travel observations within each
group, the distributions of driving time by area type were visualized in
Fig. 5. The median travel time was highest in rural areas (approximately
68 min), followed by micropolitan (56 min), small-town (48 min), and
metropolitan areas (20 min). Statistically, Welch's ANOVA (appropriate
for unequal variances) and subsequent pairwise comparisons confirmed
that the differences in travel time among all four groups were signifi-
cant. These findings further highlight the distinct birth-Related travel
behavior patterns across area types and underscore the necessity of
conducting area-specific analyses.

4.2. Empirical distance decay fitting
Five spatial interaction models, each incorporating a distinct form of

distance decay function, were independently fitted using travel time
data adjusted by the statistical minimum time, for the overall study area

Table 1
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and for each of the four area-specific groups. Model performance was
assessed using Pseudo-R?, as summarized in Table 2. All fitted models
were statistically significant at p < 0.0001, and the best-fit model for
each group is highlighted in bold. Because travel flows from metropol-
itan areas dominate the total sample size, the best-fitting decay form for
the overall area consistently aligns with that of the metropolitan group,
with only slight differences in parameter estimates and goodness-of-fit
values. The key comparison lies in examining the best fits across the
four area groups. The log-normal exponential decay function provided
the best fit for metropolitan area, with a Pseudo-R? value of 0.2194,
explaining about 22 % of the variation in birth-related travel flows in
metropolitan areas. The normal exponential decay functions performed
best for micropolitan and small town, with Pse-R? values of 0.12 and
0.43, respectively, indicating a clear distance decay effect, particularly
pronounced in small-town areas. These levels of explanatory power are
considered reasonable, given that no patient-level socioeconomic or
behavioral factors were incorporated, and are consistent with existing
studies (Jia et al., 2019). In contrast, the best-fitting model for rural
areas followed a log-normal exponential decay function with a Pseu-
do-R? of only 0.0476, suggesting that the distance decay effect does not
work well in rural areas.

Furthermore, the best-fitted decay curves are presented in Fig. 6,
visualizing the distance decay patterns for both the overall dataset and
each of the four area types. Each curve depicts how the likelihood of
patients traveling to a hospital decreases with increasing travel time,
beginning from the minimum travel time observed in each area. By
design, all fitted curves start at 1 at the minimum travel time, indicating
full travel probability, and gradually approach 0 as travel time increases,
reflecting declining accessibility with distance.

The results reveal distinct differences across area types. Metropolitan
areas (blue line) exhibit the steepest decay, indicating that patients are
less likely to travel long distances for care. This further suggests that
residents in these areas can typically find a preferred hospital within a
relatively short travel time. In contrast, patients in micropolitan (or-
ange) and small-town (green) areas typically need to travel at least
about 6 and 12 min (Table 1), respectively, before reaching the nearest
hospital. Their curves decay more slowly, suggesting a higher tolerance
for longer travel times and a greater willingness to travel farther for
healthcare services (Wang and Liu, 2023a). The rural curve (red) re-
mains relatively flat across a wide range, indicating that rural residents
often travel substantially longer distances (at least about 20 min) to
access obstetric hospitals. However, once they reach a hospital, the rural
curve drops sharply, implying that rural patients tend to adhere to a
“nearest-available” principle and are less likely to continue traveling to
additional facilities. This also suggests that the explanatory power of the
distance decay effect for travel behavior in rural areas is limited. The
overall fitted curve (purple dashed line) lies between these area-specific
patterns, representing the general decay trend across all regions.
Collectively, these findings demonstrate clear heterogeneity in travel
behavior across area types and emphasize the importance of applying
area-specific decay functions in accessibility modeling, as a single global
decay function would fail to capture these nuanced spatial differences.

Summary statistics of Drive Time (minutes) by Area Type Before and After Outlier Removal.

Area Type Count Mean Std Min 25th Pctl Median 75th Pctl Max Upper Filtered Retention (%)
Limit* Count

Overall 112,313 25.44 24.64 1.92 12.65 19.88 30.49 697.95 109.25 111,198 99.01 %

Metropolitan 107,754 23.66 22.36 1.92 12.48 19.31 28.59 697.95 95.18 106,822 99.14%

Micropolitan 1770 67.78 41.61 6.20 49.04 56.84 81.93 458.97 173.83 1731 97.80 %

Small town 896 56.24 34.03 11.52 33.39 48.26 63.92 264.80 164.25 885 98.77 %

Rural 1893 72.14 30.24 19.85 56.65 68.72 85.57 443.04 141.61 1881 99.37 %

Upper Limit indicates the outlier threshold used for data trimming.

Retention (%) represents the percentage of records retained after outlier removal.
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Table 2
Model comparison for distance decay fitting.
Decay Function Form Overall Metropolitan Micropolitan Small Town Rural
B Pseudo-R? p Pseudo-R? B Pseudo-R? B Pseudo-R? p Pseudo-R?
Power fld) = d’ 0.3340 0.0872 0.4592 0.1217 0.4184 —0.1111 0.4752 —0.1526 0.3887 —0.0320
Exponential fld) = et 0.0710 0.2186 0.0714 0.2174 0.0455 0.0905 0.0668 0.2944 0.0342 0.0332
Square-root exponential fld) = P05 0.5046 0.2204 0.5084 0.2190 0.3708 0.0140 0.4762 0.1216 0.3767 0.0410
Normal exponential f(d) =42 0.0018 0.1981 0.0018 0.1967 0.0008 0.1213 0.0017 0.4318 0.0003 0.0043
Log-normal exponential  f(d) =¢”™P2 02016  0.2221 0.1965  0.2194 0.2297 0.0996 0.2324 0.1024 0.1962 0.0476
B in all models are significant at the level of 0.0001.
Best fit models in bold.
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4.3. Data-driven V2SFCA accessibility

Fig. 7 presents the spatial distribution of maternal healthcare
accessibility in Florida, estimated by the area-specific V2SFCA model
that incorporates empirically derived distance-decay functions and
catchment thresholds tailored to four distinct area types. Panel (a) dis-
plays ZCTA-level accessibility scores, overlaid with area-type bound-
aries and major interstate routes, revealing fine-scale spatial variation
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Fig. 7. Spatial distribution of maternal healthcare accessibility in Florida using
the data-driven V2SFCA. (a) ZCTA-level accessibility scores; (b) County-level
accessibility scores.

across the state. Panel (b) aggregates these results to the county level,
overlaid with obstetric hospital (OBHOS) locations, total county births,
and a simplified rural-nonrural classification defined by the Florida
Department of Health (DOH), providing a broader regional perspective.

Overall, maternal healthcare accessibility in Florida exhibits
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pronounced geographic disparities. The use of ZCTA-level analysis al-
lows these local disparities to emerge clearly, revealing how accessi-
bility can vary sharply even within a single county or metropolitan
boundary. County-level aggregation smooths the micro-scale variations
visible in the ZCTA-level maps, yet both spatial scales reveal broadly
consistent patterns.

Higher accessibility values are concentrated in major metropolitan
ZCTAs or nonrural counties along the coast, where hospital supply and
birth demand are both dense. Interstate corridors also emerge as critical
spatial backbones connecting regions of relatively higher accessibility.
At the same time, many nonmetropolitan inland ZCTAs and rural
counties remain underserved, reflecting sparse healthcare infrastructure
and longer travel distances.

A notable exception appears in a small-town ZCTA in northern
Florida, where the presence of a local hospital markedly enhances
accessibility despite the limited healthcare supply. Conversely, within
several high-demand metropolitan counties, accessibility values are not
always among the highest because the large number of births dilute the
effect of abundant hospital resources. This pattern is particularly evident
in the metropolitan area south of Orlando. These findings highlight that
metropolitan accessibility is not universally higher than the accessibility
of other areas; instead, accessibility is shaped by the interplay of supply
concentration, demand intensity, transportation networks, and cross-
boundary healthcare seeking behavior.

Rural areas, in contrast, consistently show the lowest accessibility
across the state. From the county-level maps, rural counties located
adjacent to high-accessibility nonrural areas tend to exhibit slightly
higher accessibility scores than those that are more isolated. This pattern
reflects the inherent supply-demand balance characteristic of the 2SFCA
framework: as nonmetropolitan areas gain accessibility through
expanded catchments, some metropolitan areas experience relative re-
ductions due to resource competition and spatial spillover effects.
Together, these findings underscore persistent disparities in maternal
healthcare accessibility among populations across different area types.

4.4. Comparison with traditional 2SFCA

Catchment thresholds for the four area types in the binary-weighted
2SFCA model were systematically varied to assess their correspondence
with data-driven V2SFCA estimates. The strongest correlation
(r=0.726; birth-weighted correlation =0.526) was achieved when
thresholds were set to 20min for metropolitan areas, 40 min for
micropolitan areas, 40 min for small-town areas, and 30 min for rural
areas. The second-highest correlation (r = 0.724; birth-weighted corre-
lation = 0.522) occurred when the rural threshold was increased to
40 min. Given the marginal difference between these configurations and
for the sake of simplicity, catchment thresholds of 20 min for metro-
politan areas and 40 min for all nonmetropolitan areas were adopted for
the binary-weighted 2SFCA model.

Using these optimal thresholds, Fig. 8 presents a scatterplot
comparing ZCTA-level accessibility derived from the binary-weighted
and data-driven V2SFCA models. Each point represents a ZCTA, with
dot size proportional to total birth demand. Most metropolitan ZCTAs
cluster around the 1:1 line, indicating the agreement between the two
models for the type or areas. However, systematic deviations are
evident: small-town and rural ZCTAs tend to show higher and more
dispersed scores under the binary-weighted model, reflecting the limi-
tations of rigid cutoff thresholds in capturing diverse travel behaviors.
The binary-weighted model also produces more discrete value distri-
butions due to its 0-1 weighting scheme, resulting in visible horizontal
banding, whereas the data-driven model generates smoother, more
continuous estimates that better capture fine-scale spatial variability.

Overall, these findings suggest that the binary-weighted V2SFCA
offers a practical approximation for accessibility estimation in data-
scarce contexts. In regions with similar geographic contexts and
healthcare-seeking behaviors, catchment thresholds of 20 min
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Fig. 8. ZCTA-level comparison of accessibility scores between data-driven and
binary-weighted V2SFCA using the optimal thresholds.

(metropolitan), 40 min (micropolitan, small-town, and rural) provide
reasonable empirical references.

5. Discussion

This study aimed to investigate spatial accessibility to maternal
healthcare in Florida using a data-driven, area-specific V2SFCA frame-
work that accounts for heterogeneity in travel behaviors, catchment
areas, and service utilization. By deriving distance decay functions and
catchment thresholds from observed birth-related travel flows, the study
sought to provide a realistic, behaviorally informed assessment of
maternal healthcare access and to identify geographic disparities that
conventional approaches may overlook.

Maternal healthcare is distinct from other forms of care due to its
unpredictable and high-intensity nature. This compels patients to
actively prepare and engage with the healthcare system, often with
significant emotional and financial commitment (Rogers and Lush-
bough, 2023). In this study, we leveraged birth-record data to represent
delivery-related services utilization, capturing the central stage of
maternal care, which typically elicits the highest level of patient
engagement.

The spatial accessibility metric applied integrates two key di-
mensions: the supply-to-demand ratio (availability) and spatial imped-
ance. Both are essential determinants of timely access, and insufficiency
in either reduces overall accessibility. Metropolitan hospitals, while
often densely distributed, attract patients from wide catchment areas,
potentially causing congestion and reducing effective availability
(Friedman and Holmes, 2022). Conversely, patients living in rural areas
may travel longer distances but use lower volume facilities, paradoxi-
cally resulting in unexpectedly high accessibility relative to certain
urban areas. These dynamics demonstrate that single-dimensional
measures, such as provider density or proximity, may misrepresent
true access by ignoring the interaction between availability and spatial
impedance across geographic contexts.

A key methodological contribution of this study is the application of
different decay functions and catchment sizes for different area types to
better reflect their distinct geographic contexts, population densities,
and travel behaviors. Applying wuniform parameters risks



H. Li et al.

underestimating accessibility in rural areas or oversimplifying urban
conditions. By calibrating model parameters to local context, the anal-
ysis captures realistic travel patterns, supports meaningful comparison
among areas, and enhances the validity of accessibility estimates.

From a practical perspective, these findings support maternal care
interventions, advocacy, and informed allocation of healthcare re-
sources. First, the area-specific V2SFCA framework enables precise
identification of underserved areas and high-risk populations, informing
targeted facility placement, capacity adjustments, or transportation in-
terventions. Second, it allows simulation of alternative service config-
urations in resource-limited settings, facilitating fiscally sustainable
planning. Third, in metropolitan areas, the method can detect potential
congestion or overutilization, guiding optimization of existing networks.
By incorporating local behavioral patterns and service demand, this
approach aligns resource allocation with actual utilization, enhancing
both efficiency and equity. Furthermore, the data-driven V2SFCA
method provides an adaptable foundation for future research investi-
gating the impact of spatial accessibility on maternal and neonatal
health outcomes.

Equity-weighting methods have been proposed in U.S. healthcare
systems to ensure that rural and disadvantaged populations are not
overshadowed in measuring access and allocating resources (Agniel
et al., 2023). However, traditional approaches that apply uniform pa-
rameters across all regions, pursuing “numerical equality”, may lead to
inefficient resource allocation. For instance, building high-capacity ob-
stetric facilities in sparsely populated remote areas without sufficient
demand may increase fiscal burden and result in underutilized re-
sources. In contrast, our locally calibrated parameters allow our acces-
sibility index to reflect true conditions, guiding resource allocation that
is both equitable and financially sustainable, and providing actionable
evidence to optimize maternal healthcare networks.

Despite the contributions of this study, several limitations should be
acknowledged. First, we did not include facility-level characteristics,
maternal comorbidities, or transportation modes, which may influence
atypical travel patterns for high-risk pregnancies. Second, our analysis is
limited to Florida and does not capture cross-state deliveries, potentially
affecting travel patterns and assessment of access in state border regions.
Third, we focused on birth, the most travel-driven maternal care event,
as a proxy for service utilization, acknowledging that maternal care is a
continuum encompassing prenatal and postpartum stages that may have
different accessibility dynamics (Mallenbaum and Meier, 2025), (Cheng
et al., 2006), (AAFP, 2020). Future research should extend this frame-
work to include multi-stage maternal care, capturing prenatal and
postpartum services to better reflect the cumulative travel burden and
access patterns. Moreover, linking spatial accessibility metrics with
adverse maternal and neonatal outcomes will clarify how geographic
disparities affect health. Such analyses can provide actionable evidence
to guide targeted interventions, inform maternal care advocacy, and
support equitable allocation of healthcare resources across diverse
geographic settings.

6. Conclusion

This study developed and applied a data-driven V2SFCA framework
to evaluate maternal healthcare accessibility in Florida, explicitly ac-
counting for different areas' heterogeneity in travel behavior. By
deriving distance decay functions and catchment thresholds from
observed birth-related travel flows, the model improved the behavioral
realism of accessibility estimates compared with conventional ap-
proaches. The results reveal pronounced spatial disparities, with
accessibility concentrated in metropolitan coastal areas and substan-
tially lower scores in inland rural counties, demonstrating that accessi-
bility is shaped not simply by urbanization but by the interplay of supply
distribution, demand intensity, and transportation networks. Compari-
son with the traditional binary-weighted 2SFCA method further high-
lights the critical role of data-driven approaches in determining
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appropriate parameters for accessibility modeling. These findings pro-
vide actionable guidance for maternal healthcare interventions, advo-
cacy, and resource allocation: area-specific accessibility measures
enable precise identification of service gaps, support equitable distri-
bution of obstetric resources, and account for nonmetropolitan patients’
travel tolerance, cross-boundary service flows, and transportation con-
straints when planning maternal healthcare networks. Moreover, the
framework is highly adaptable to other regions and care domains and
establishes a robust foundation for future research linking spatial
accessibility with maternal and neonatal health outcomes, thereby
informing and efficient maternal healthcare planning and interventions.
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