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ARTICLE INFO ABSTRACT
Keywords: Understanding the factors that shape daily mobility during pregnancy is essential for inclusive transportation
Maternal physical activity planning that promotes active travel for all. Using smartphone-based Global Positioning System data from 860

GPS tracking

Social determinants of health
Ethnic disparities

COVID-19 impact

Daily mobility

pregnant women in Barcelona, Spain, we evaluated the correlates of active and passive travel in early and late
pregnancy. We identified 33 correlates from 48 candidate variables including personal characteristics, the res-
idential physical environment, the social environment, and temporal factors. The most important correlate across
pregnancy was non-European ethnic origin, being associated with 10-15 min less daily active travel. In early
pregnancy, commuting distance was the most important correlate, being positively associated with passive
travel, while the COVID-19 pandemic was associated with less passive travel. In late pregnancy, residential
walkability and having a university degree were positively associated with active travel. The neighbourhood
education level was associated with more active travel, particularly during weekends. We discuss key priorities
for supporting active travel during pregnancy.

* Corresponding author at: ISGlobal, Barcelona Biomedical Research Park (PRBB), C/ Doctor Aiguader 88, 08003 Barcelona, Spain.
E-mail address: karl.samuelsson@hig.se (K. Samuelsson).
1 Joint last authors.

https://doi.org/10.1016/j.tbs.2025.101196
Received 1 July 2025; Received in revised form 29 September 2025; Accepted 19 November 2025

Available online 1 December 2025
2214-367X/© 2025 The Authors. Published by Elsevier Ltd on behalf of Hong Kong Society for Transportation Studies. This is an open access article under the CC

BY license (http://creativecommons.org/licenses/by/4.0/).


https://orcid.org/0000-0002-7936-3722
https://orcid.org/0000-0002-7936-3722
https://orcid.org/0000-0002-4743-619X
https://orcid.org/0000-0002-4743-619X
https://orcid.org/0000-0003-0226-0220
https://orcid.org/0000-0003-0226-0220
https://orcid.org/0000-0003-4450-4123
https://orcid.org/0000-0003-4450-4123
https://orcid.org/0000-0002-3918-1545
https://orcid.org/0000-0002-3918-1545
mailto:karl.samuelsson@hig.se
www.sciencedirect.com/science/journal/2214367X
https://www.elsevier.com/locate/tbs
https://doi.org/10.1016/j.tbs.2025.101196
https://doi.org/10.1016/j.tbs.2025.101196
http://creativecommons.org/licenses/by/4.0/

K. Samuelsson et al.

1. Introduction

Active modes of daily mobility, such as walking and cycling, provide
greater public health benefits than passive modes, like motorized or
public transport (Nieuwenhuijsen, 2020). Efforts to promote active
mobility for all must recognise that how people travel changes across
different life stages. Pregnancy is one such stage of shifting mobility
patterns (Samuelsson et al., 2025; Skreden et al., 2015; Yi et al., 2022).
Understanding mobility during this period is crucial, as maternal be-
haviours in pregnancy can have short- and long-term health implications
for mother and child (Gluckman et al., 2010). For example, active travel
is an important source of physical activity in pregnancy (Skreden et al.,
2016). Physical activity during pregnancy has been associated with
decreased risks of pregnancy complications including gestational dia-
betes (Dempsey et al., 2005; Dipietro et al., 2019) and pregnancy-
induced hypertensive disorders such as preeclampsia (Chasan-Taber
et al., 2015; Da Silva et al., 2017). In terms of adverse pregnancy out-
comes, physical activity has been related to decreased risks of preterm
birth (Aune et al., 2017) and fetal macrosomia (Currie et al., 2014).
Meanwhile, long work commutes and spending time in cars can be
significant sources of stress among pregnant women (O’Toole and
Christie, 2022; Wang and Yang, 2019). This could in turn increase the
likelihood of preterm birth and low birth weight (Preis et al., 2021), with
one study suggesting a link between long commutes and increased risks
of low birth weight (Wang and Yang, 2019). Moreover, total daily travel
time has been associated with higher exposure to traffic-related air
pollution (Tang et al., 2018). Although this evidence is not specific to
pregnant women, exposure to air pollution during pregnancy is a known
risk factor for adverse outcomes, making total travel time a relevant
indicator for this population.

Understanding pregnant women’s mobility is also relevant with
respect to broader transport equity concerns, as mobility constraints
during pregnancy can disproportionately affect women from disadvan-
taged socioeconomic backgrounds who may face limited access to op-
portunities and/or resources to compensate (Pereira et al., 2017). Due to
intersecting systemic inequalities, travel choices and burdens are shaped
and often constrained by a combination of social and spatial structures
(Pereira and Karner, 2021). Thus, planning for health-promoting
mobility requires understanding its many interrelated correlates,
meaning the factors, characteristics and conditions that are associated
with it. Comparing different sociodemographic groups in the Global
North, low active travel levels were among high incomers, those with
lower education, and ethnic minorities (Agrawal and Schimek, 2007;
Brondeel et al., 2016; Buehler et al., 2020). The urban physical envi-
ronment constitutes another domain of correlates, as evidenced in
mobility frameworks such as the 3Ds, i.e., built-up density, land-use
diversity and pedestrian design (Cervero and Kockelman, 1997), and
the 5Ds that additionally include destination accessibility and distance
to transit (Ewing and Cervero, 2010). For example, built environment
characteristics around the home have been shown to correlate with
walking behaviour in European cities (Gascon et al., 2019). Further-
more, the social environment has been linked to individuals’ travel
choices, with a Scottish study reporting an association between area-
level social deprivation and more trips undertaken by active travel
(Olsen et al., 2017). Mobility can also be influenced by temporal factors.
For example, seasonality accounts for a substantial proportion of the
variation in individuals’ month-by-month travel (Jarv et al., 2014).
Moreover, the COVID-19 pandemic altered mobility behaviour of urban
populations (Paul et al., 2022; Santana et al., 2023).

While most studies on correlates of mobility have focused on the
general population, only a few dealt with pregnant women’s mobility. A
Norwegian study, for example, found that lower education was associ-
ated with a higher reliance on public transport among pregnant women
(Skreden et al., 2015). Another study of Hispanic pregnant women in Los
Angeles, United States (US), found that higher education was associated
with longer trips and that women who perceived their neighbourhood as
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safe undertook fewer vehicle trips (Yi et al., 2022). In terms of physical
environment factors, self-reported physical activity during pregnancy
was positively associated with walkability in a US study (Porter et al.,
2019) and living near a safe greenspace in a study from Colombia
(Lopez-Gil et al., 2022). However, these physical environment factors
have not been studied in relation to pregnant women’s mobility and
travel modes used.

Despite these findings, a comprehensive and systematic evaluation of
the correlates of pregnant women’s mobility is lacking. Such an evalu-
ation helps prioritize key areas for mobility planning towards healthy
pregnancies and pregnancy outcomes. Here, we used Global Positioning
System (GPS) data from a large birth cohort in Barcelona, Spain, to
objectively quantify pregnant women’ s active and passive mobility, and
comprehensively collected data on 48 possible correlates, including
personal factors, the physical environment, the social environment and
temporal factors. Our aims were to 1) systematically identify the most
relevant correlates with a data-driven feature selection approach, and 2)
evaluate the relative importance of correlates of mobility in early as well
as late pregnancy. The term correlate here is used broadly to encompass
factors that may be causal drivers, contextual characteristics, or simply
variables statistically associated with mobility. Because individuals’
mobility patterns differ markedly between weekdays and weekends
(Raux et al., 2016; Shao et al., 2019), we analyzed them separately,
treating them as distinct behaviours, since pooling them could mask key
correlates. We examined both travel time and travel distance as mobility
outcomes, and here report time-based results while providing distance-
based results in the Supplementary Materials.

2. Materials and methods
2.1. Study area and participants

Barcelona is the capital of the Catalonia autonomous community,
located at the north-eastern part of the Iberian Peninsula. It has a
Mediterranean climate with mild winters and warm to hot summers.
Barcelona has one of the highest population densities in Europe, with
16,793 inhabitants/km? (Idescat, 2025). The modal split of trips in the
city in 2023 was 20 % by private motor vehicles, 34 % by public
transport, and 46 % using active travel modes (Ajuntament de Barce-
lona, 2024).

The study was part of the Barcelona Life Study Cohort (BiSC), an
ongoing mother—child cohort (Dadvand et al., 2024). BiSC enrolled
1,080 pregnant women in their first trimester of pregnancy between
October 2018 and April 2021, at three major university hospitals in
Barcelona (Hospital Sant Joan de Déu, Hospital de la Santa Creu i Sant
Pau, and Hospital Clinic de Barcelona). Inclusion criteria were being
aged 18-45 years, having singleton pregnancy without known congen-
ital anomalies, residing in the hospitals’ catchment areas, and being able
to communicate in Spanish/Catalan. Data were managed using privacy-
secure Research Electronic Data Capture (REDCap) tools hosted at
ISGlobal (Harris et al., 2019, 2009). The study was approved by the
corresponding ethical committees in all the participating institutions
and hospitals. Participants signed an informed consent before being
enrolled in the study.

2.2. Geotracking data collection

Participants were tracked via smartphones for one week (i.e., seven
consecutive days) during both the first trimester (T;, around week 12 of
gestation) and third trimester (T3, around week 32 of gestation). We
used ExpoApp (Donaire-Gonzalez et al., 2019), a validated smartphone
application combining the smartphone’s assisted Global Positioning
System (GPS) reception, cellular triangulation, and WiFi triangulation,
to record timestamped locations (hereafter “GPS data”). ExpoApp
collected data at a 1-second resolution when using the GPS sensor and a
20-second resolution when using cellular or WiFi triangulation, with
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each measurement having an associated accuracy measurement in me-
tres. ExpoApp was installed on a Samsung Galaxy J3 Smartphone pro-
vided to participants at home by trained field workers. The participants
were instructed to carry the phone in the most external part of their bags
or backpacks and to charge it overnight.

The GPS data was preprocessed by downsampling based on 10-sec-
ond buckets and removing points based on low accuracy (>100 m),
GPS/triangulation switching, as well as abnormal velocities and signal
interruptions (based on a sliding window calculation, see Samuelsson
et al. (2025) for details). We also removed the first and last (incomplete)
days of the tracking period. After preprocessing, we limited the sample
to tracking periods with at least one weekday and one weekend day with
>5 h of GPS data during waking hours (910 participants, 1,435 tracking
weeks), to ensure sufficient coverage of both weekday and weekend
mobility, in line with criteria applied elsewhere (Samuelsson et al.,
2025; Yi et al., 2022; Zenk et al., 2018). Furthermore, as many of the
environmental variables used were available for the Barcelona Metro-
politan Area, only participants living in this area were included (902
participants, 1,413 tracking periods). Finally, we excluded tracking
periods containing a trip outside the Catalonia region. As a result of
these exclusions, some participants contributed data from only one
trimester. Our final sample included 860 participants, and 1,276
tracking periods.

2.3. Mobility variables as outcomes

GPS points occurring between 00:30 and 08:00 were removed from
analysis, to focus on the cohort’s typical waking time (Samuelsson et al.,
2025). We identified trips using sliding three-minute windows, where
regions with mean velocity > 0.5 m/s were classified as trips. These
were further classified as active or passive using a fuzzy logic approach
(Rasmussen et al., 2015), using commutes mapped during fieldwork
visits for labelling. Further details on these operations are provided in
the Supplementary Materials (Section 1), while Samuelsson et al. (2025)
provides an exhaustive description. This approach captures walking
trips of at least three minutes, which could include short walks to access
or leave other modes of transport, such as public transport or parked
cars. Based on the trips, we computed average daily duration in minutes
of (1) all travel (total travel time), (2) passive travel, including private
motorised transport and public transport (passive travel time), and (3)
active travel, including walking and cycling (total travel time) (Buehler
et al., 2020; Wu et al., 2013; Yi et al., 2022). To reflect the relative
prominence of active travel for an individual’s overall mobility, we
further computed (4) the proportion of active travel time to total travel
time (active travel ratio) (Renninger et al., 2022). This ratio was log-
transformed to an unbounded variable. Each outcome variable was
quantified separately for weekdays and weekends, as well as separately
for each trimester, resulting in a total of 16 outcome variables.

2.4. Correlates

Below, we provide an overview of the 48 variables that were eval-
uated as potential correlates. For further details on how they were
calculated, we refer to Section 2 of the Supplementary Materials.

2.4.1. Personal characteristics

From fieldwork visits and questionnaires administered in T; and Ts,
we collected womens’ personal characteristics including (1) age
(numeric, in years), (2) education (binary, university degree, yes/no),
(3) stay-at-home work status (including unemployed participants,
housewives, and participants on leave; binary:, yes/no), (4) self-
reported financial difficulties (binary, yes/no), (5) non-European
ethnic origin (categorical, yes/no), (6) parity > 0 (i.e., having previ-
ously given birth) (binary, yes/no), (7) street network-based commuting
distance to work, calculated from routes drawn during fieldwork
(numeric, kilometres that were log-transformed due to a skewed
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distribution), (8) self-rated poor pre-pregnancy health status (binary:
yes/no), and (9) self-rated poor recent health status (binary: yes/no).
The last two variables were rated by respondents on a 5-step Likert scale
from “excellent” (1) to “Poor” (5); we dichotomized the answers to
indicate poor health status (4-5: yes, 1-3: no).

2.4.2. Social environment

We characterised the social environment at the area-level, including
(1) average household income (numeric, in Euros), (2) poverty rate
(numeric, in %), (3) education level (numeric, share of adults with a
higher education degree), and (4) unemployment rate (numeric, %).
These variables were sourced from the 2020 Standard of Living and
Living Conditions survey by the Spanish National Institute of Statistics
with data aggregated within census tracts (Instituto Nacional de Esta-
distica, 2023). In addition, we also obtained (5) feeling unsafe in the
neighbourhood (binary: yes/no) from the questionnaire.

2.4.3. Urban physical environment

Our characterisation of the urban physical environment around
participants’ homes used 100-, 300-, and 500-meters buffers around the
address coordinate. These distances were chosen to capture the resi-
dential environment at different scales while avoiding larger buffers that
could mask exposure contrasts (Tian et al., 2024). These variables were:
(1, 2, 3) building footprint area (numeric, mz), (4-6) average building
height (numeric, metres), (7-9) residential population (numeric),
(10-12) greenness (numeric, represented through the Normalised Dif-
ference Vegetation Index (NDVI) from 1-m resolution orthoimages),
(13-21) natural, urban and total (i.e., natural plus urban) greenspace
area (numeric, mz), and (22-24) walkability (numeric, composite index
ranging from O to 5 including residential density, commercial density,
diversity of plot uses, and intersection density; see Section 2 in the
Supplementary Materials). In addition to buffer-based variables, we
included Euclidean distances to the nearest (25-28) greenspace, major
greenspace (5,000 m?), blue space, and major blue space (which
included the Mediterranean sea; numeric, metres), and (29, 30, 31)
street network-based closeness and betweenness centrality, constrained
to local network distances of 1.5 km and 5 km from each location
(numeric). Closeness centrality captures how easily a location can reach
all others in the network, while betweenness centrality reflects how
often it lies on the shortest routes between other locations. Using a small
radius shows how well connected a location is in its immediate sur-
roundings, while a larger radius captures how important it is for
reaching or linking places across a wider area.

2.4.4. Temporal correlates

We included a binary variable to capture the warm season (May-
October, yes/no) and distinguish it from the cold season (November-
April), based on the month of the first tracking day. Finally, a binary
variable indicated whether the measurement period overlapped with the
COVID-19 pandemic (yes/no), defined as occurring after March 14,
2020. GPS data collection was temporarily suspended from this date to
early June 2020 due to COVID-19 lockdown restrictions in Spain.

2.5. Statistical analysis

We calculated medians and interquartile ranges (IQRs) of outcome
variables and potential correlates, across all measurement periods as
well as separately for each trimester.

To identify the relevant correlates, we used the deletion/substitu-
tion/addition (DSA) algorithm with the R package DSA (Neugebauer,
2016). DSA is a regression-based approach that iteratively deletes an
independent variable, substitutes one for another or adds one, while
seeking to minimise the cross-validated root mean squared error.
Several simulation studies have found DSA to perform well for feature
selection in an environmental health context (Agier et al., 2016; Barrera-
Gomez et al., 2017; Warembourg et al., 2023). Following Santos et al.
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(2020), for each outcome variable, we ran the algorithm 50 times with
5-fold cross-validation and retained independent variables that were
selected at least twice. All continuous variables were median-centred
and scaled so the IQR was 1, ensuring that coefficients represent the
different between typical low and high values within the sample dis-
tribution, aiding comparison between continuous and dichotomous
correlates. To facilitate interpretability, we focused only on first-order
independent associations and limited the maximum number of
selected variables in each run to 10 (Barrera-Gomez et al., 2017).

The final models were specified using multiple linear regression. We
assessed multicollinearity by screening for variance inflation factors
(VIF). While there is no universal level of unacceptable multi-
collinearity, we used a conservative threshold of VIF > 3 to detect po-
tential multicollinearity where associations with the outcome could be
distorted (Zuur et al., 2010). This could arise if DSA alternates between
collinear correlates across different runs. However, collinear correlates
may alternatively have distinct associations with the outcome condi-
tioned on each other. In such cases we were interested in retaining both.
We defined moderate collinearity as VIF values between 3 and 5 (Neter
et al,, 2004). In these cases, we assessed whether removing each
collinear variable individually led to a lower mean Akaike Information
Criterion (AIC). If removal increased AIC, we retained the variable,
whereas if it lowered the AIC, we excluded it. We did not apply a strict
threshold for AAIC. Instead, given the large set of models evaluated, we
prioritised parsimony and interpretability (Burnham and Anderson,
2004) and favoured simpler models even when AIC improvements were
modest. In cases of severe collinearity (VIF > 5), we removed the vari-
able whose removal resulted in the lowest AIC. We further evaluated
whether removing the variable with the weakest association with the
outcome reduced AIC. If no further improvement could be achieved, the
remaining independent variables were retained as correlates of the
outcome.

To rank correlates in terms of their importance, we performed
dominance analysis (Azen and Budescu, 2003; Budescu, 1993) using the
R package domir (Luchman, 2024). Dominance analysis assesses the
importance of correlates by computing decreases in model R? values due
to their exclusion, a value known as dominance. We calculated model-
wise dominance of correlates and averaged these across all outcomes,
to obtain a measure of overall importance, as well as separately for the
four combinations of time of week and trimester.

2.6. Further analysis

With our main analysis focused on mobility based on time, as an
additional analysis we selected and evaluated correlates of mobility
based on distance (see Section 1 in the Supplementary Materials for
variable descriptions). While travel distance and travel time are obvi-
ously related, some correlates may primarily relate to how far people
travel while others to how long the trips take.

3. Results
3.1. Descriptive statistics

In total, 860 participants and 1,276 measurement periods (651 in Ty,
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625 in T3) were included in the analysis. The median age among par-
ticipants was 34. They were mostly highly educated (72 % obtained a
university degree) and of European origin (77 %). Compared with
women aged 30-39 in Barcelona (Table S1), this represents a substan-
tially higher proportion with university education (58 % in the city).
Participants also reported European ethnic origin slightly more often
than the proportion of women with European nationality (72 %) or born
in Europe (62 %) in the city, although these administrative indicators
are not directly equivalent to self-reported ethnic origin. The COVID-19
pandemic overlapped with 48 % of the measurements. Medians and
IQRs of the outcome variables are shown in Table 1. During weekdays,
median daily minutes travelled across both trimesters were 68.0, with a
median of 19.0 min travelled with passive modes and 42.8 min with
active modes. During weekends, median daily minutes travelled were
63.5, with a median of 18.3 min travelled with passive modes and 34.5
min with active modes. Descriptive statistics of all correlates are shown
in Table 2 (see also Supplementary Fig. S1 and S2 for correlation
matrices).

3.2. Correlates of weekday mobility

Five of the eight weekday mobility models had a correlate excluded
due to multicollinearity (Table S3). We discovered one case of severe
multicollinearity, between the street network’s closeness centrality at
1.5 and 5 km radii as correlates of active travel time in T3. Walkability
within a 500 m radius was excluded in two models (passive travel time
in T; and the active travel ratio in T), being collinear with the building
area within a 300 m radius.

3.2.1. Total travel time

Fig. 1 shows forest plots of the correlates of weekday mobility
behaviour (see also the Supplementary Table S4). In Ty, daily total travel
time was positively associated with commuting distance to work (f =
11.6 min [4.33, 18.8]; square brackets indicate 95 % confidence in-
tervals throughout) and negatively with non-European ethnic origin (
=-14.8[-22.7, —6.9]) and COVID-19 (B = —7.5[-14.6, —0.5]). In T3,
associations remained for non-European ethnic origin (f = —14.1
[-23.5, —4.6]) and COVID-19 (p = —10.1 [—17.4, —2.7]) but not for
commuting distance.

3.2.2. Passive travel time

Some correlates of total travel time in T; were also correlates of
passive travel time, including commuting distance (f = 14.9 [10.9,
18.8]) and COVID-19 (f = —6.4 [—10.2, —2.5]). Additionally, passive
travel time in T; was negatively associated with building area within
300 m (p = —6.4 [-9.9, —2.9]) and 5 km closeness centrality (p = —6.1
[—9.9, —2.3]). In T3, negative associations with passive travel time were
found for several physical environment correlates, including 1.5 km
closeness centrality (p = —7.8 [-12.6, —3.1]), urban greenspace within
500 m (p = —6.7 [—10.7, —2.7]), walkability within 500 m ( = —4.9
[-10.2, —0.4]), and building area within 100 m (p = —5.2 [-8.1,
-2.3]).

3.2.3. Active travel time
Just as for total travel time, non-European ethnic origin was a

Table 1
Summary statistics (median values with Q1 and Q3 in brackets) of the mobility-based outcome variables.
Weekdays
Total T
Variable N =1,279 n = 651

Weekends
Ts Total Ty Ts
n = 628 N =1,279 n = 651 n =628

Daily travel time (min)

Daily passive travel time (min)
Daily active travel time (min)
Active travel time ratio (%)

68.0 (42.5, 95.3)
19.0 (5.8, 37.9)
42.8 (23.6, 64.0)
69 (48, 87)

70.8 (45.1, 97.9)
21.7 (6.9, 41.4)
42.9 (24.5, 64.1)
68 (46, 86)

65.1 (39.7, 91.9)
16.9 (4.9, 33.4)
42.8 (23.0, 63.6)
71 (52, 88)

63.5(33.3,101)
18.3 (2.1, 42.5)
34.5 (15.0, 63.5)
63 (35, 88)

67.0 (37.0, 110)
18.6 (2.4, 42.7)
36.2 (17.6, 67.0)
65 (37, 89)

59.0 (29.0, 94.6)
17.8 (2.0, 42.1)
32.2(13.3, 56.9)
60 (33, 88)
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correlate of less active travel time, in T; (f = —13.5 [—19.6, —7.4]) and
T3 (= -15.2[-21.9, —8.4]). A positive association was found for area-
level education in T; (p = 5.3 [2.0, 8.7]). In T3, active travel was posi-
tively associated with stay-at-home occupational status (p = 7.8 [2.5,
13.1]), having a university degree (p = 7.6 [0.9, 14.3]) and 5 km
closeness centrality ( = 10.0 [5.1, 14.9]), and negatively with COVID-
19 (B = —6.3 [-11.7, —1.0]).

3.2.4. Active travel ratio

The active travel ratio in T; was negatively associated with
commuting distance (ef =0.49 [0.36, 0.68]) and positively with having
a university degree (e = 1.60 [1.13, 2.26]), building area within 300 m
(eP =1.85[1.32, 2.59]), total greenspace within 300 m (e” = 1.45 [1.14,
1.85]), and COVID-19 ef=1.72 [1.26, 2.35]). In T3, the active travel
ratio was positively associated with age e’ =1.26 [1.06, 1.50]) and
walkability within 500 m (ef = 2.09 [1.64, 2.65]).

3.3. Correlates of weekend mobility

Three of the eight weekend mobility models had a correlate excluded
due to multicollinearity (Supplementary Table S5). We discovered se-
vere multicollinearity between the population density at 300 and 500 m
radii as correlates of total travel time and active travel time in T3, be-
tween greenness within 300 and 500 m radii as correlates of active travel
time in T3, and between building area within 300 and 500 m radii as
correlates of active travel time in Tj.

Table 2
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3.3.1. Total travel time

Fig. 2 shows forest plots of the correlates of weekend mobility
behaviour (see also Supplementary Table S6). In Ty, total travel time was
positively associated with area-level education (f = 25.4 [16.0, 34.9])
and feeling unsafe in the neighbourhood (p = 22.4 [6.5, 38.2]), and
negatively with non-European ethnic origin (f = —17.9 [—-28.9, —6.9]),
having financial difficulties (B = —13.9 [—24.8, —3.0]), parity > 0 (§ =
—10.7 [-19.7, —1.8]), and building area within 100 m (p = —15.1
[-22.5, —7.6]). In T3, the associations remained for non-European
ethnic origin (§ = —13.7 [—24.0, —3.4]) and parity > 0 (B = —10.8
[-19.5, —2.1]). A positive association was found for building height
within 500 m (f = 15.8 [4.8, 26.8]) and a negative association for
population density within 500 m (p = 14.2 [—23.6, —4.8]).

3.3.2. Passive travel time

Passive weekend travel in T; was negatively associated with stay-at-
home work status (§ = —14.0 [-22.0, —6.0]), having financial diffi-
culties (B = —9.8 [-16.5, —3.1]), and COVID-19 (p = —11.8 [-17.8,
—5.7]). In Ts, passive weekend travel was negatively associated with
building area within 100 m (B = —6.6—10.5, —2.6) and greenness
within 300 m (p = —5.3 [-8.4, —2.2]), and positively with the warm
season (f = 7.2 [2.1, 12.3]).

3.3.3. Active travel time

Just as for total travel time, non-European ethnic origin was a
correlate of less active travel time in T; (B = —15.8 [-23.3, —8.2]) and
T3 (f=—7.2[—-14.4, 0.0]). Also reflecting total travel time, active travel

Summary statistics of independent variables used for correlate selection (48 in total). For categorical variables, values indicate the number and percentage belonging to

each category, while for continuous variables they indicate median, Q1 and Q3.

Variable N =1,279 Variable N =1,279
Personal characteristics Urban physical environment
Age 34.0 (32.0, 37.0) Building area, ha (100 m) 1.69 (1.32, 2.00)
University degree Building area, ha (300 m) 13.8 (10.9, 16.1)
No 361 (28.3 %) Building area, ha (500 m) 36.1 (28.6, 43.4)
Yes 915 (71.7 %) Avg. building height, m (100 m) 24.9 (21.3, 29.2)
European ethnic origin Avg. building height, m (300 m) 24.8 (21.2, 28.1)
Yes 983 (77.0 %) Avg. building height, m (500 m) 24.9 (20.9, 27.7)
No 293 (23.0 %) Population (100 m) 1,367 (1,091, 1,685)
Parity > 0 Population (300 m) 11,303 (8,344, 13,636)
No 775 (60.7 %) Population (500 m) 28,964 (20,812, 35,182)
Yes 501 (39.3 %) Greenness, avg. NDVI (100 m) 0.204 (0.174, 0.236)
Stay-at-home work status Greenness, avg. NDVI (300 m) 0.216 (0.190, 0.237)
No 831 (65.1 %) Greenness, avg. NDVI (500 m) 0.218 (0.198, 0.240)
Yes 445 (34.9 %) Total greenspace, share (100 m) 0.025 (0.000, 0.101)
Financial difficulties (self-rated) Total greenspace, share (300 m) 0.066 (0.032, 0.149)
No 870 (68.2 %) Total greenspace, share (500 m) 0.090 (0.046, 0.179)
Yes 406 (31.8 %) Urban greenspace, share (100 m) 0.017 (0.000, 0.084)
Poor general health (self-rated) Urban greenspace, share (300 m) 0.060 (0.029, 0.134)
No 1,041 (81.6 %) Urban greenspace, share (500 m) 0.080 (0.042, 0.19)
Yes 235 (18.4 %) Natural greenspace, share (100 m) 0.000 (0.000, 0.000)
Poor recent health (self-rated) Natural greenspace, share (300 m) 0.000 (0.000, 0.007)
No 1,025 (80.3 %) Natural greenspace, share (500 m) 0.002 (0.000, 0.019)
Yes 251 (19.7 %) Distance to greenspace, m 76 (40, 132)
Commuting distance, km 0.0 (0.0, 8.4) Dist. to major greenspace, m 141 (66, 251)
Social environment Distance to blue space, m 650 (429, 848)
Feeling unsafe in the neighbourhood Dist. to major blue space, m 2,541 (1,943, 3,162)
No 1,166 (91.4 %) Walkability (overlapping cell) 1.79 (1.63, 1.99)
Yes 110 (8.6 %) Walkability (300 m) 1.73 (1.50, 1.86)

Area hh income, EUR/year
Area poverty rate

Area education rate

Area unemployment rate
Temporal factors

46,691 (42,425, 53,280)
0.136 (0.107, 0.165)
0.461 (0.372, 0.545)
0.104 (0.090, 0.122)

Season
Cold 652 (51.1 %)
Warm 624 (48.9 %)
During COVID-19
No 664 (52.0 %)

Yes 612 (48.0 %)

Walkability (500 m)
Betweenness, 10° (1.5 km radius)
Closeness (1.5 km radius)
Betweenness, 10° (5.0 km radius)
Closeness (1.5 km radius)

1.67 (1.43, 1.86)
35.6 (21.0, 54.9)
616 (417, 737)

1.08 (0.42, 2.14)
4,008 (2,283, 4,882)
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Fig. 1. Forest plots of correlates of weekday mobility behaviour in the first and third trimesters. All continuous correlates were median-centred and scaled so the IQR
was 1, meaning that coefficients represent the difference between typical low and high values within the sample distribution.

time in T; was positively associated with feeling unsafe in the neigh-
bourhood (f = 14.6 [3.1, 26.0]) and negatively with area-level educa-
tion (B = 7.8 [2.9, 12.7]) and building area within 100 m (f = —9.2
[-14.4, —4.1]). We furthermore found a positive association with 1.5
km closeness centrality (f = 12.3 [5.1, 19.6]). Correlates of active travel
time in T3 were similar to those for total travel time, including a positive
association with building height within 500 m (f = 10.0 [4.4, 15.6]) and
a negative association with population within 500 m (p = —9.1 [-15.2,
—3.1D). A positive association was found for having a university degree
(p=10.11[3.1,17.1D).

3.3.4. Active travel ratio

Similar to weekdays, the weekend active travel ratio in T; was
positively associated with total greenspace within 300 m (ef = 1.70
[1.20, 2.42]), building area within 300 m (ef = 2.17 [1.34, 3.51]) and

COVID-19 (ef = 1.82 [1.20, 2.76]). We found a positive association with
1.5 km closeness centrality (ef =2.45 [1.45, 4.14]) and a negative with
building height within 500 m e = 0.50 [0.31, 0.81]). In T3, the active
travel ratio was positively associated with area-level education (e® =
2.81 [1.86, 4.25]) and negatively with area-level income (eﬁ = 0.72
[0.55, 0.95]).

3.4. Ranking of correlates

The correlate with the overall highest importance across all di-
mensions of mobility behaviour was non-European ethnic origin (mean
dominance (MD) = 0.0135) (Fig. 3), followed by commuting distance
(MD = 0.0103), area-level education (MD = 0.0073), COVID-19 (MD =
0.0072) and having a university degree (MD = 0.0051). In terms of the
physical environment, the importance was distributed across many
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Fig. 2. Forest plots of correlates of weekend mobility behaviour in the first and third trimesters. All continuous correlates were median-centred and scaled so the IQR
was 1, meaning that coefficients represent the difference between typical low and high values within the sample distribution.

correlates, with the most important one being walkability within 500 m
(MD = 0.0046). Some groups of related correlates achieved importance
on par with the most influential individual correlates (Fig. 3, inset): the
street network and walkability (five correlates; MD = 0.0135), the social
environment (four correlates; MD = 0.0121), and area and height of
buildings (three correlates; MD = 0.0108).

Disaggregation by time of week and trimester revealed that non-
European ethnic origin was consistently important across weekdays
and weekends in both trimesters (Fig. 4a). Commuting distance, how-
ever, was most important during weekdays in T; (MD = 0.0358). The
COVID-19 pandemic was likewise more important in T;, primarily
during weekdays (MD = 0.0159) but also weekends (MD = 0.0077). On
the other hand, having a university degree was more important in Ts,
both during weekdays (MD = 0.0100) and weekends (MD = 0.0073).
Area-level education was important across both trimesters but mostly

during weekends (T;: MD = 0.0123; T3: MD = 0.0120). Overall, personal
characteristics were less important in T3 (MD = 0.0364) compared with
Tp (MD = 0.0511) (Fig. 4b), which comes down almost exclusively to the
waning importance of commuting distance. The residential physical
environment on the contrary increased in importance later in pregnancy
(T1:MD = 0.0311; T3: MD = 0.0348).

3.5. Further analysis

Distance-based mobility variables were strongly correlated with the
time-based ones, with Spearman’s rank correlations ranging roughly
0.75-0.95 (Table S8). Using distance-based mobility variables produced
results that were largely consistent with the main analysis based on time
(Supplementary Materials Section 5). Personal characteristics, the social
environment, and temporal factors showed similar patterns across both
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Fig. 3. Correlates ranked for mean dominance across both trimesters. The inset displays values for groupings of correlates: street network and walkability (five
correlates), social environment (four correlates), buildings (three correlates), green/blue space (eleven correlates), and population density (two correlates).

analyses. Non-European ethnicity remained as the most important
correlate, and commuting distance, area-level education, COVID-19,
and having a university degree were all additionally important ones.
However, associations for physical environment correlates were gener-
ally somewhat attenuated, though still statistically significant. For
example, the combined importance of street network and walkability
correlates were roughly halved, while that of building area and height
was reduced to about one third of the main analysis. On the other hand,
population density correlates roughly doubled in importance.

4. Discussion

In this study, we used smartphone tracking data from a large
population-based birth cohort to identify the correlates of pregnant
women’s mobility behaviour. Our results offer detailed insights into the
travel behaviour of a population that has not been extensively studied in
transport research. The correlates were selected among 48 candidate
variables by a robust data-driven feature selection approach. This
comprehensive evaluation showed that pregnant women’s mobility is a
multifaceted phenomenon that is not reflected in any single correlate or
even any group of correlates. On the contrary, the wide range of cor-
relates spanned from personal characteristics to the physical environ-
ment, the social environment and temporal factors.

In our sample, median weekday travel times were 43 min for active
travel and 19 min for passive travel. For comparison, data from the
Barcelona Metropolitan Transport Authority (Area Metropolitana de

Barcelona, 2021) indicate that in 2020 women in the city tended to
spend roughly equal amounts of time, around 30-35 min per day, in
active and passive travel. This suggests that participants in our study
may have been somewhat more active and spent less time in passive
transport than women in Barcelona overall.

4.1. Personal correlates

The single most important correlate across all of pregnancy was
ethnic origin. Non-European ethnic origin was associated with on
average 10-15 min less daily active travel, a pattern consistent across
weekdays and weekends, and during both early and late pregnancy.
Following this finding, we examined personal characteristics dis-
aggregated by ethnic origin (Table S9) and found that individuals of
non-European origin were more likely to lack a university degree,
experience financial difficulties, and have stay-at-home work status.
However, independent associations for ethnic origin remained despite
adjustment for socioeconomic variables, a wide range of neighbourhood
characteristics, work situation, health status, and perceived safety,
suggesting that ethnic origin contributes additional information beyond
these factors. Ethic origin could covary with some potentially relevant
environmental features that we did not account for, including proximity
to recreational or service destinations and the quality or pleasantness of
active travel infrastructure. Alternatively, the association may reflect
cultural or social norms that shape travel behaviour. Importantly, such
norms could also shape how individuals interpret and respond to survey
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Fig. 4. a) correlates ranked for dominance disaggregated by time of week and trimester. the 10 most important correlates for each time of week-trimester com-
bination are shown. for the full set of correlates, see SI Section 4. b) Dominance of correlate groups in T; and Ts.

items, including questions on perceived health status and neighbour-
hood safety.

Possession of a university degree was on its own an important
correlate, especially in T3 when it was associated with around 5-10 min
more per day spent on active travel. Our results are in agreement with
prior US studies indicating that ethnic minorities and those without
higher education engage in less active travel (Agrawal and Schimek,
2007; Buehler et al., 2020). An Australian study similarly found a pos-
itive association between education and leisure time walking among
women, after accounting for environmental correlates (Ball et al., 2007).
However, in direct contrast to ours, a UK study found a negative

relationship between educational attainment and active travel among
women, and furthermore no indication of ethnicity playing a decisive
role (Fluharty et al., 2020). In addition, Yi et al. (2022) found that
among low-income Hispanic women in the US, university education was
not associated with pedestrian travel but positively with vehicular
travel. It should be noted that no prior study accounted for as many
potential correlates as we did here, which is important due to con-
founding between personal correlates such as education, work status,
and wealth.

With ethnic origin and education emerging as some of the most
important correlates of mobility in pregnancy, mobility support may
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benefit from a community-based healthcare approach. As Riza et al.
note, effective community interventions require attention to communi-
cation, language, and cultural differences (Riza et al., 2020), which are
likely central to addressing these mobility disparities.

Commuting distance to work was the most important of all correlates
in T;, when it was associated with more passive travel. With prior
findings linking passive commuting to stress among pregnant women
(O’Toole and Christie, 2022; Wang and Yang, 2019), reducing passive
commuting in early pregnancy, e.g., by working from home, might be
beneficial for avoiding stressors. Since commuting distance was not
associated with active travel, we found no evidence to suggest that
skipping the commute would reduce opportunities for women to stay
active during pregnancy. In fact, the positive association between
staying-at-home work status and active travel in late pregnancy could be
taken to suggest the opposite.

4.2. Physical environment correlates

While the importance of commuting distance decreased in late
pregnancy, the opposite is the case for the physical residential envi-
ronment. This is likely because the participants increasingly spent more
time at or close to home (Samuelsson et al., 2025). The most important
physical environment correlates were street network and walkability
variables. In T3, a higher closeness centrality at the home location was
linked to less passive and more active travel, in line with research
showing that closeness centrality in locations is closely correlated with
their pedestrian volumes (Hillier et al., 1993; Kang, 2015). We
furthermore found that walkability was positively related to the active
travel ratio in T3, in agreement with a previous US study of pregnant
women’s physical activity (Porter et al., 2019).

The area and height of buildings constituted another important
correlate group. Our results suggested that a higher built density around
the home promotes less passive weekday travel primarily in early
pregnancy. This could be because living in high-density areas entails a
higher likelihood of working within a distance from home suitable for
active travel (Yan et al., 2022). Furthermore, more active travel and/or
less passive travel was in several models predicted by greenspace area
and/or greenness, in line with a meta-analysis of the general population
(Deng et al., 2023) as well as a Colombian study on physical activity in
pregnancy (Lopez-Gil et al., 2022).

Taken together, our results indicate that urban forms characterised
by dense, decentralized street layouts with many intersections, that are
known to promote walking generally (Gascon et al., 2019), can be
beneficial for pregnant women staying active. Furthermore, the results
support the notion that dense and green environments should be mixed
on the neighbourhood scale traversable by active travel (Samuelsson,
2021). This underscores the importance of providing walkable, green,
and well-connected neighbourhoods equitably, so that health-
promoting mobility helps to reduce rather than exacerbate inequities
in maternal health.

4.3. Social environment correlates

Area-level education was one of the most important correlates, pre-
dicting more active travel, in line with a French study of women’s active
commuting (Perchoux et al., 2017). At first glance, it could appear
surprising that area-level variables are selected as correlates over
individual-level ones if they measure the same characteristic, and
especially if physical environment correlates of the area-level variable
are accounted for. These findings could point towards the role of “soft”
contextual effects such as local cultural norms and social influence
(Galster, 2011). While social and cultural norms are emergent bottom-
up phenomena, they matter for planning because the effects of phys-
ical or social interventions could potentially be amplified through social
contagion, as has been suggested in simulations of travel behaviour
(Kaaronen and Strelkovskii, 2020). Perceived neighbourhood safety,
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while an important factor in planning for social sustainability in
neighbourhoods, appeared only of limited importance in our study. This
might be because relatively few of our participants (8.6 %) reported
feeling unsafe in their neighbourhoods.

As a note regarding the need to account for potential confounding
between related correlates, we found generally opposing relationships
for area-level education and area-level income. This indicates that using
overall area deprivation indices could risk masking opposite associa-
tions among the different variables composing such indices.

4.4. The COVID-19 pandemic

Although the pandemic was one of the more important correlates of
mobility, our results indicate that it did not radically alter travel
behaviour. Although, our data did not cover the period from mid-March
to early June 2020 when strict lockdown measures were implemented in
Spain and, as a result, the data collection in the BiSC cohort was sus-
pended. By excluding the strict lockdown period, when mobility was
shaped almost entirely by external restrictions rather than personal
behaviour, our results instead capture the longer-term adaptations to the
evolving pandemic context over the fifteen months following June 2020.
A study on post-lockdown changes of spatiotemporal mobility in the UK
documented a gradual six-month recovery to pre-lockdown levels
(Santana et al., 2023). It is possible that a similar dynamic was at play
among our participants, which could account for the relatively small
overall effect of COVID-19. The pandemic entailed a similar reduction in
total weekday travel time, about 6 min per day, when comparing T; and
Ts. In Ty, the reduction was reflected in reduced passive travel, in line
with a general shift away from public transport and towards active
travel in the wake of the pandemic (Paul et al., 2022), suggesting that
our finding reflects a broader behavioural response and may extend to
pregnant populations elsewhere. However, in T3, the reduction was due
to less active travel. With the women spending more time at or close to
home in late pregnancy (Samuelsson et al., 2025), they might during
COVID-19 have been more reluctant to undertake short local trips due to
fear of infection. This association may be particularly pronounced in a
city like Barcelona, which has comparatively high residential densities,
while similar pandemic-related reductions in active travel may not be
observed among pregnant women in lower-density settings. As for
weekend travel, we found in T; a reduction in passive travel of about 12
min per day during the COVID-19 post-lockdown period, which could
reflect a reduced propensity for taking trips outside the city. Overall, the
effects of the pandemic were greater in T; than in Ts, likely because
mobility shifted in late pregnancy already in pre-pandemic times
(Samuelsson et al., 2025).

4.5. Strengths and limitations

In this study, we addressed some general shortcomings of the liter-
ature on mobility correlates. First, while data on objectively measured
space-time activity patterns is becoming increasingly common, past
mobility studies have most often relied on self-reported data from travel
diaries or surveys. In contrast, we used GPS data from identical smart-
phone models to ensure consistent data quality. Second, with most past
studies focusing on one or a few correlates, we contributed with a
comprehensive and systematic evaluation of the relative importance of
correlates spanning different categories. Our results highlight the
breadth of factors associated with mobility, with correlates arising from
multiple domains. Third, most studies did not explicitly differentiate
between weekday and weekend mobility. The same individual’s week-
day and weekend mobility can be substantially different (Raux et al.,
2016; Shao et al., 2019; Samuelsson et al., 2025; Wei et al., 2023), and,
as we demonstrate herein, have different correlates.

Moreover, our study contributes knowledge about pregnant
women’s mobility by identifying several important correlates that were
to our knowledge not previously reported, including area-level
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education, the COVID-19 pandemic and the area and height of buildings
around the residence. Furthermore, we draw on a rich material of GPS
tracking data from a large birth cohort (860 participants). In a previous
study, we found that the GPS sequences generally captured the majority
of participants’ waking hours (Samuelsson et al., 2025), suggesting that
the data provide a reliable representation of daily mobility patterns.
Data collection campaigns in early and late pregnancy enabled identi-
fying correlates at these respective pregnancy stages.

One week of GPS data is arguably sufficient for characterising daily
mobility (Stanley et al., 2018), although some authors recommend two
weeks (Zenk et al., 2018). Furthermore, it should be noted that two
timepoints of data collection precludes a detailed understanding of how
the correlates change over the course of pregnancy. For variables that
were correlates in one trimester but not the other, we were unable to
determine if their importance changed gradually or if there were win-
dows of more abrupt change. This limits our ability to relate mobility
changes to physiological or social changes across pregnancy and to
distinguish groups of women with different trajectories. While our
findings provide input for interventions to promote health-promoting
mobility, studies with greater temporal resolution would allow further
refinement related to the targeting and timing of such interventions.

We assessed only the environment around the home as a correlate of
mobility, without considering the environments encountered along
travel routes. The en-route environment may function as a correlate of
mobility patterns or alternatively as an outcome of them and disen-
tangling such relationships would require a different study design.

While our set of correlates was broad and covered multiple relevant
domains, we were unable to include all potentially important factors.
For example, elevation and proximity to public transport have been
identified in previous studies as relevant to active mobility (Cole-Hunter
et al., 2015; Gascon et al., 2019).

We aimed to identify not only which correlates matter for pregnant
women’s mobility but also how. For this reason, we limited the DSA
algorithm’s correlate search to at most 10 independent variable vari-
ables and excluded interactions and second order effects, allowing us to
illustrate associations using standard forest plots. A study focused on
prediction over interpretation of the associations themselves could have
included variable interactions and non-linear relationships. We chose to
exclude such relationships to avoid overly complex models and ensure
interpretability.

Our study was designed to evaluate correlates of mobility within
pregnancy without inclusion of a comparison group of non-pregnant
women; therefore, we cannot determine whether the observed associa-
tions are unique to pregnancy or also present among women in general.

5. Conclusions

We comprehensively studied a wide range of correlates of maternal
mobility patterns during early and late pregnancy using objective
tracking data in a population-based cohort in Barcelona, Spain. We
found that throughout pregnancy, non-European ethnic origin was
associated with less active travel. Area-level education and street
network closeness centrality were associated with more active travel,
while both more building area and more greenspace around the resi-
dence were associated with less passive travel. Particularly in early
pregnancy, a longer commuting distance was associated with more
passive travel, while the COVID-19 pandemic was associated with less
passive travel. Particularly in late pregnancy, the COVID-19 pandemic
was instead negatively associated with active travel, while having a
university degree and building height around the residence were posi-
tively associated with active travel, and residential walkability was
negatively associated with passive travel.

Our results suggest important considerations both at the level of
individuals and the urban environment when planning for healthy
pregnancies and pregnancy outcomes from a mobility perspective. At
the individual level, those of ethnic minority origin and/or without
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university education constitute groups that should be targeted in efforts
to have women stay active throughout their pregnancies. Regarding the
urban environment, the results suggest benefits with residential envi-
ronments with decentralized street layouts, and where a dense built
environment and presence of greenspace are combined within neigh-
bourhoods. While achieving this balance poses design challenges, it
could offer important co-benefits, including reduced risks of adverse
birth outcomes from exposure to air pollution (Nyadanu et al., 2022).
Reallocating space away from cars may facilitate a more effective bal-
ance between urban density, greenspace, and infrastructure that sup-
ports active mobility, thereby contributing to healthier pregnancies.
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