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Here we leverage large-scale travel surveys covering over 200,000
residents across Boston, Chicago, Hong Kong, London and Sio Paulo.

Withrichindividual-level data, we reveal patterns in social mixing, which
cannot beidentified from high-resolution mobility data alone. Inferring
socioeconomic status from residential neighborhoods yields social
mixing levels 16% lower than using survey data. Individuals over the age of
66 experience greater social mixing than those in late working life (aged
55-65), lending data-driven support to the ‘second youth’ hypothesis.
Teenagers and women with caregiving responsibilities exhibit lower social
mixing levels. Living near major transit stations reduces the influence of
socioeconomic status on social mixing. Finally, inputs of home-space,
activity-space and demographic attributes are embedded and fed into a
supervised autoencoder, revealing that mobility shapes experienced social
mixing more than sociodemographic characteristics, home environment
and transit proximity. Yet, activity spaces remain stratified by income,
resultingin structurally different social mixing experiences.

Human mobility plays acentral role in many of the twenty-first century’s
urban challenges', including carbon emissions*’, air pollution®, nonre-
newable energy consumption’, traffic congestion®’, noise pollution'",
road fatalities and casualties’, transportinequity’ and disease spread®.
Yet, mobility also shapes other important dimensions of urban
life, such as experienced social mixing—the diversity of people anindi-
vidual encounters as one moves through the city. From commutes to
grocery trips, daily mobility creates opportunities for contact across
socioeconomiclines. Whether and how these paths intersect matter:a
broad body of research links experienced social mixing to creativity™,
health outcomes®, job opportunity and economic mobility'®”. The
United Nations Human Settlements Program’s (UN-Habitat) Sustain-
able Development Goal 11 (ref. 18) specifically promotes the idea of
inclusive human settlements to ensure that cities are equitable for
all residents. Nevertheless, persistent patterns of social segregation
remain in cities'*”°, and the factors that shape our everyday social
exposure continue to be debated in research and in practice®***.

Over the past decade, the rapid growth of urban data has trans-
formed research on segregation and mixing, especially in cities across
the USA*”. However, most studies have relied on high-resolution mobil-
ity traces (such as those from mobile phones and smart cards) while
inferring socioeconomic status (notably income and age) primarily
fromestimated home neighborhoods or frequently visited places (for
example, rental apartments, schools, and senior housing. A detailed
literaturereviewisincluded inSupplementary Table 3 (refs.19,22,23).
Such home-neighborhood- or visit-based strategies of socioeconomic
proxies are approximate and much less applicable in compact cities
such as Hong Kong and Singapore, where people with differentincome
levels and/or ethnicities often live in close proximity®®***. Moreover,
the high density and diversity of land use also makes using mobile
phone traces to identify school visits (often used to infer age and/or
child caring responsibilities) or type of housing (for example, afford-
able housing to inferincome) challenging beyond broad categories of
home, work and other activity locations®.
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Fig.1|Measures of the daytime and nighttime social mixing for five cities.

a, Measure the daytime social mixing. Anindividual visits different places and
encounters others from a differentincome group, thus experiencing different
level of social mixing. b, Compare the daytime social mixing (DM) measured
using census survey median household income and reported income level in
the travel survey. The dashed line indicates y = x. For each city, we fitan ordinary

0% 20% 40% 60% 80% 100%

DM: Census median household income

least square regression line to show the relationship between y and x. The scatter
plotincludes only participants over age 11 and who traveled at least once on

the survey day (Bostonn =7,626, P < 0.001; Chicagon =18,258, P<0.001; Hong
Kong n=33,289, P<0.001; Londonn=30,381, P< 0.001; Sdo Paulon=46,957,
P<0.001). Map dataina © OpenStreetMap.

This study takes a different approach by leveraging large-scale
travel surveys that include detailed individual-level socioeconomic
information. Itis recognized that official territory-wide travel surveys
also suffer from issues such as nonresponse and underreporting”°.
Yet, the rich and detailed socioeconomic and trip dataallow research-
erstoidentify latent patternsin social mixing that can only be revealed
by disaggregated individual-level data. Hence, rather than maximiz-
ing spatial and temporal detail from mobility traces, we draw on the
granular socioeconomic and trip data provided by travel surveys, which
capture rich demographic and behavioral information consistently
across cities. By analyzing more than 200,000 travel diary entries, we
provide a cross-continental study of how daily mobility shapes social
mixing across five contrasting global cities—Boston, Chicago, Hong
Kong, London and Sao Paulo.

Results

Thefive travel survey dataincluded are the Massachusetts Travel Sur-
vey (Boston), My Daily Travel (Chicago), Travel Characteristics Survey
(Hong Kong), London Travel Diary (LTD) and Sao Paulo Travel Diary.
These surveys were published between 2011 and 2018. The coverage,
resolutionand survey time period are shown under Methods. The num-
ber of participants interviewed for each survey ranges from 26,770
t0101,385. When compared with the size of the local population as of
the year of each survey, the coverage ranged from 0.29% to 0.53%. As
they were official surveys conducted by professional survey teams,
expansion factors have been provided to correct sampling bias and
for data expansion.

Measure social mixing using travel survey data

The first goal of the researchis to reveal the impact on levels of social
mixing using the individual self-reported household income in travel
surveys in comparison with home-location-inferred income. Our pri-
mary measure, the daytime mixing (DM,), is adapted from Moro et al.?
and quantifies how evenly an individual encounters people from dif*-
ferent income groups during the day (excluding trips back home)
(Fig. 1a). To calculate DM;, we first rank participants within each city
by their reported household income and then assign them to one of
four groups: low, medium-low, medium-high or high. The fourincome
groups within each city have relatively similar proportions after

applying the expansionfactorsto all participants (see the Supplemen-
tary Information for details). Next, using the recorded stops from travel
surveys, we identify when participants might have encountered others
during the day. Because each city defined travel stops differently (for
example, by street blocks, coordinates or census blocks), we standard-
ize the location unit by using the H3 hexagon index* as our primary
definition of place. With anindividual’sincome group i and aseries of
places that they visited, we can compute DM; using equation (1):

2 1
DM,’ = 52(] Tiq — Z‘ , (1)

where T, is individual /'s relative exposure to income group g. Here,
T is defined as equation (2):

Tig = zar,-araq, )

where 7, isindividual i's proportion of visits at a place a among all
placesthativisited. 7,4is all people from theincome group g’s propor-
tion oftotal visitsat place a. ADM; = 1meansthat anindividual meets
other income groups evenly throughout the day, whereas aDM; = O
indicates that an individual only meets people of the same income
group in places the individual visited in a day. We demonstrate the
robustness of our primary measure of DM against the definitions of
trip stops, income groups and weighting factors in Supplementary
Section 2. Furthermore, we show that the main findings in this study
arenotsensitive to the definition of collocation, including taking into
consideration of the estimated time that people will meet each other,
and the spatial unit of place (see 22 variations of social mixing measure
for robustness test in Supplementary Table 2). It is worth noting that
peopletogether ataplace does not necessarily imply social interaction,
although physical collocationis a prerequisite for any in-personinter-
action to take place. Previous studies suggest that people staying in
the same place, especially for a longer duration, are more likely to
interact (for example, having conversations) and engage in group
activities'*>*, In this Article, we describe the collocation as social
mixingand recognize thatsocial interactionis only a potential outcome.

Next, as a comparison, we extract the median household income
(fromlocal census surveys) based on each participant’s home location.
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Fig. 2| Explain daytime social mixing. a, DM is lower for low-income groups
than for mid-income groups in Boston (n = 5,894), Chicago (n =15,738)

and Sao Paulo (n = 40,896), while gaps are less pronounced in Hong Kong
(n=51,619) and London (n =30,277). Only people with age >17 are included.
b, DM distribution by age and city. ¢, Home accessibility to train stations by
income group in each city. d, Home accessibility to bus stops by household
carownership. e, Average DM across all cities by age group and work status.
DM declines gradually with age (dashed line), but rises again after retirement
(65-74). Working individuals report higher DM than nonworking peers,
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especially at younger ages. f, DM distribution by gender and care-taking
responsibilities at early career age. Only individuals between age 21 and 45 are
included (Boston n =2,064, Chicago n = 8,365, Hong Kong n = 25,594, London
n=15,394, Sdo Paulo n=20,227).Ina-d and f, the solid dot marker shows the
mean value of the sample by each group. The error bar area represents the 95%
confidence interval. Overall income distributions with different definitions are
shownin Supplementary Figs. 3 and 4. Details of work status standardization
across different surveys are included in Supplementary Table 9.

Withthe approximated household income, we re-estimate the associ-
ated DM index by replacing the participant’s income group with the
home-location-inferredincome group (see the Methods for details on
the census data source and city-specific resolution). Figure 1b shows
that when we replaced the survey income with median household
income from respondents’ neighborhoods, DM fell by an average of
16%. In Chicago—a city known for its residential segregation (with
its nighttime social mixing (NM) level around 58%)—the survey-
based DM is 12% higher than the census tract-based estimate. This
result shows that, using the same set of survey data, home neighbor-
hood proxies tend to estimate lower social mixing levels than using
self-reported data.

Patterns of social mixing based on age, gender and caregiving
responsibilities

Besidesincome, travel surveys also provide other rich socioeconomic
attributes. Previous literature has shown that vulnerable population,
such asteenagers and low-income groups, tend to be more socially seg-
regated'” %, As age is generally missing from the mobile-phone based
records, these studies have used proxies such as school visits to esti-
mate people’s age”. Focusing on the vulnerable population, we check
the DM distribution acrossincome groups, age groups and caregiving
responsibilities (by gender) leveraging the self-reported income, age
and gender information in travel surveys. Figure 2a shows that peo-
plein the low-income group are likely to be less socially mixed than
mid-income groups in Boston, Chicago and Sao Paulo, while such gaps

among income groups are less pronounced in Hong Kong and London.
Figure 2b shows that teenagers (aged 12-17) exhibit much lower social
mixing levels than young adults (aged 18-24). In Chicago and Boston,
the highest social mixing occurs among individuals aged 25-34,
whereas it peaks earlier among those aged 18-24 in the other cities.

Moreover, we found data support for the ‘second youth’ or ‘third
age’ effect when combining the working status and age information.
Even though DM tends to decline gradually across all cities with age
(Fig. 2e, dashed red line), separating the actively working or study-
ing population (full-time, part-time, student or home making) from
their counterparts reveals a reversal. Both groups show higher DM
immediately after the retirement age (group 65-74) compared with
thelate working age (55-64) (0.75% and 0.83% increase post-retirement
age, respectively). While working/studying individuals on average
experience more social mixing than their counterparts, such gap is
much larger at younger age. We repeat the analysis by testing each
city separately and using an alternative measure of social mixing. The
results are robust that DM largely remains similarly high or increases
immediately after the retirement age (group 65-74) in all five cities
(Supplementary Fig. 8).

Another advantage of travel survey data is that we can combine
information of age, household composition and gender toidentify peo-
plewho arelikely to be caretakers (often parents) and have caregiving
responsibilities (Methods). While men and women (per reported gen-
der) are equally socially mixed in our selected cities, Fig. 2fimplies that
women with caregiving responsibilities experience a higher reduction
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Fig. 3| Explain DM. a, LMG score of equation (3). Full regression results are
included in Supplementary Table 6 and Supplementary Figs.16 and 17. We
show a variation of this figure by limiting the samples only to people who live
within 30 km of the downtown areain Supplementary Fig. 15. In addition,
Supplementary Fig. 18 shows the results when normalizing the PD vector by
average total POls anindividual visited. b, Average LMG score of the five cities

when grouping people based on their home distance from their closest main
transit stations. Dashed lines indicate the total size of the specific city. Results
by each city are shown in Supplementary Fig. 15. ¢, Distribution of main train
stations and other stations in Hong Kong. The size of the circle shows the
weighted inflow of each station in the morning between 6:00 and 11:00.
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Fig. 4| Conceptual diagram of an encoder-decoder architecture that
predicts individual place exposure. a, Construct a POl place spatial network
using distance and travel-time-based method (Methods). Then, use a GNN model
to encode all POl places in each city into an embedding vector. The embedding
dimensionis 32.b, Create the feature embedding. The home-space embedding
(hy) is the mean embedding of all POI places associated with their home location
15-min walkingisochrone. Similarly, the activity-space embedding (h,) is the

mean embedding of all POl places within the person’s activity space.
Sociodemographic embeddingincludes all personal attributes such as age,
gender and work status (hy). ¢, The autoencoder model takes the three
embeddingsin a permutation fashion and compresses theminto alatent code z,
and then decodes to an output layer, which is the N-dimensional POI place
exposure vector (Nis the total POl types). Map datain b and c© OpenStreetMap.

insocial mixing (ranging from1.0% to 6.5% reduction) than their male
counterparts (ranging from 0.5% to 2.3% reduction) (see a full statis-
tical comparison in Supplementary Table 5). Given that women with
caregiving responsibilities are likely to be at an early career stage, this
patternsuggests that unequal mobility constraints may be a contribut-
ingfactor tobroader gender disparities in career advancements (often
described as the ‘leaky pipeline’), although further researchis needed
to disentangle this relationship from other structural barriers.

Explaining social mixing: demographics versus place

exposure

Moving beyond describing patterns, we look at how individuals’ social
background, mobility pattern and the associated urbanstructure influ-
ence their social mixing levels across the five cities using travel survey
and other location data. We build a series of regression models that
estimate social mixing based on five groups of variables (Methods):

» Sociodemographicbackground (S):income, age, gender,
caregiving responsibilities, employment status, vehicle
ownership,and home public transit accessibility.

» Home-transit hub distance (H): the network distance of an
individual’s home zone to the nearest transit hubs with the
highest inflow during morning peak hours. To avoid biases due
to urban size, we allow for both monocentric and polycentric
city concepts for transit hub identification following methods
developedbyRoth etal.**

 Place exposure at all destinations (PD): the aggregated number
of points of interest (POIs) within a t-minute walk of all destina-
tions of a person’s daily trip, categorized into N place categories
(forexample, restaurants, schools, retail and hospitals).

 Place exposure at the home zone (PH): mirroring PD, it measures
the number of POIs grouped by categories within a t-minute
walking time of anindividual’s home zone.
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Fig. 5| Predicting individual-level place exposure. a, The mean R? of models
thatinclude hy, hy, ||hg, hy, hy || hg. [lindicates that two embeddings are further
concatenated to create alatent code for the decoder to reconstruct the place
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H stands for high. The dashed line indicates the average model performance
using random split stratified onincome (75% data used for training and 25% used
for testing, repeated with ten different seeds). Full results that use other income
groups as the training data and other evaluation metrics are shownin
Supplementary Figs. 23 and 24.

» Mobility pattern (M): percentage of trips taken by different trans-
portation modes (public transit or private cars).

The full regression model is specified as equation (3):

DM = {S} + {H} + {PD} + {PH} + {M}. 3)

The unit of measurement is at individual level. Using the Lindeman,
Merenda and Gold (LMG) method™ (see Supplementary Section 4 for
details), we compute the relativeimportance of each variable groupin
equation (3). Figure 3aillustrates that place exposure at destinations
explains 50-69% of the model predictive power across all five cities.
Sociodemographic factors, place exposure at home locations, and
distance from transit hubs generally have lower explanatory power
for social mixing levels. Overall, individual sociodemographic factors
contribute more in Chicago (12.5%) and Boston (8.9%) than the three
other cities (<5%). Full variable coefficients are included in Supple-
mentary Figs.15 and 16.

Asthefive citiesin our study have different urban forms, we repeat
the analysis by stratifying residents by distance to the nearest transit
hub. Figure 3b unveils an underlying pattern: for those living farther
frommajor transportation hubs, sociodemographic factors are more
important and can explain up to 76% of social mixing. For peopleliving
within 20 km of a major transit hub, their social mixing level is largely
determined by place exposure at destinations (50-79%).

Transportation modes

When summarizing the modal distribution of trips, we recognize that
transitaccessibility varies within the five cities across differentincome
groups. Figure 2c shows that accessibility to train stations is rather
uniform across all income groups in Hong Kong and London. On the
contrary, both the lowest and highest income groups in Chicago and
Boston have higher access to train stations. In Sao Paulo, people with
higher income have better access to train stations. Figure 2d further
describesthe connection between vehicle ownership and access to bus
stations. In Chicago and Boston, people who have at least one car at
homearelesslikely tolive closer to bus stations, while for Hong Kong,
Sao Paulo and London, home accessibility to bus stations is rather
independent from household car ownership.

After controlling for related variables, we see that the percentage
of tripstaken by public transitis positively correlated withDMin all five
cities. Specifically, al%increase of public transit trips is associated with
0.1-0.3% increase of DM (Table 1). By contrast, private car usage shows
smaller or even negative associations with DM, indicating that private
cars contribute less to fostering social mixing. Comparing model1and
model 2 reveals that the positive effect of public transit weakens after
accounting for place exposure variables (PD and PH). This suggests that
the positive relationship between public transit and mixing in most
cities can be partially explained by the types of places that transit users
access—namely, places with higher levels of POl density and diversity. In
London and Hong Kong, the weaker decline in coefficientsimplies that
the link between public transit and DM operates more independently of
home and destination characteristics, reflecting these cities’ relatively
high POl density across the broader urban fabric.

Stratified activity spaces across income groups

Although our earlier results show that place exposure at destinations
(PD) is the strongest predictor of individual-level social mixing, a
remainingissue is that exposure itselfis aresult of the complexinter-
play of acity’s underlying built environment, notably the distribution
of POlIs and transport network, and people’s characteristics and mobil-
ity patterns. To tease out the different effects, we develop a machine
learning framework to predict individual daily place exposure—repre-
sented as an N-dimensional vector of potential visits to urban ameni-
ties—using urban (transport) structure, home and activity spaces, and
socioeconomic attributes.

Specifically, we construct spatiotemporal place networks for
each city (over 100,000 POIs and 12.7 million edges) and embed them
using agraphneural network (GNN) to capture the full spatial context
that a person may experience. Compared with using raw POI catego-
ries within the same space, GNN embeddings capture latent spatial
context (for example, street network and POl relationships into a
dense vector). These embeddings, combined with demographics
and travel features, are then fed into a supervised autoencoder
designed to predict individual exposure vectors (Fig. 4a-c). Using
this model, we evaluate three inputs systematically: home-space
features (hp), activity-space features (hy,) and demographic attrib-
utes (h,). Home-space features represent the POIs accessible within
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Table 1| Estimate daytime social mixing with transit modes

Variable Daytime social mixing (DM) Sao Paulo

Boston Chicago Hong Kong London

Model1 Model 2 Model1 Model 2 Model1 Model 2 Model1 Model 2 Model1 Model 2
% public transit 0.337™" 0.091™ 0.142™ 0.044™ 0140 0127 0167 0128™ 0107 0.060™

(0.016) (0.013) (0.012) (0.01) (0.005) (0.005) (0.004) (0.004) (0.002) (0.002)
% private transit -0.022™ 0.027" 0.031™ 0.064™ 0.076™ 0.075™ -0.066" -0.049™ 0.008™ -0.003™

(0.007) (0.006) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Observations 7623 7623 18,257 18,257 42,736 42,736 30,382 30,382 46,957 46,957
R? 0.3448 0.5677 0.1077 0.3001 0.0724 0.2877 0.1428 0.2208 0Mm22 0.2899
Control S+H Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Control PD+PH No Yes No Yes No Yes No Yes No Yes

This table reports results of two variations of equation (3). Model 1 estimates daytime social mixing with S+H+M. Model 2 estimates daytime mixing with S+H+M+PD+HD. Robust standard

error in parentheses. ***P<0.001.

al5-minwalking distance from anindividual’shome. Activity-space
features represent amenities within the convex hull encompassing
all visited locations in a day. Both features were constructed using
therepresentation of each POl aggregated from the GNN embeddings
(see the Methods for identifying the adjacent POls, definition of
activity space, embedding aggregation and model details). Demo-
graphic features capture socioeconomic information such as age,
gender and employment status. These inputs are processed sepa-
rately through corresponding encoders, producing three embed-
dings that are concatenated into the comprehensive latent vector z
inapermutation fashion, summarizing essential demographic, home
and activity-space details.

To predict place exposure vector Y, we have the decoder as
equation (4):

YO = Wy 20 + by € RV, 4)
where b, is the bias term and W, is the weight matrix. To analyze the
contribution of the three approaches of embedding, we conduct an
ablation study by setting one of the hy, hy, or h, from the equation (4)
to zero and evaluate the change inreconstruction loss. We repeat the
analysis by randomly reconstructing the train/test datasets ten times
andreportthe average results here (each time we use 75% data as train-
ingand 25% data as test). All train and test data have equal distribution
of people from differentincome groups.

Figure 5avisualizes the change of test data mean — R*for the three
models in the five global cities. Here the mean — R? represents the
average R? of each POl category in the place exposure vector (see Sup-
plementary Fig. 22 for model performance results measured by the
mean absolute error and mean squared error). Results show that activ-
ity-space embeddings or mobility patterns are far more predictive than
home-space or demographic features. Across cities, h, predicts about
60-80% (average of 59%) variance of the place exposure, compared
with 25-45% for hy, and <10% for h;,. Adding demographics provides
marginalimprovments. Robustness testsin Supplementary Section 3
using alternative POl datasets and feature construction methods show
consistent results.

Lastly, weretrainthe model using only one income group and then
test the performance on all otherincome groups. If people’s mobility
pattern is independent from their socioeconomic background, we
should see the model trained with one income group transferable
to other income groups. On the contrary, if the structure of people’s
mobility pattern differs by their socioeconomic background, the model
trained with oneincome group will not be as accurate when transferred
to otherincome groups. Figure 5b shows a pattern of model accuracy
loss, indicating stratified visitation patterns across different income
groups within the same city (Fig. 5b). Using single-income-group

activity space embeddings shows 2-7% loss in accuracy, while using
single-income-group home-space models leads to a drop of accuracy
by 12-19%. Performance declines systematically as the income gap
between the training and test groups widens (for example, when the
single-income group for training is at the highest or lowest). Even in
Londonand Hong Kong—where overall mixing levels appear relatively
equal—westill observe performance loss when transferring visitations
across groups. Thisindicates that, while sociodemographic attributes
contribute little directly to predicting mixing at the individual level,
differencesin where income groups travel create distinctive patterns
of urban exposure, and thus unequal opportunities for social mixing
(see Supplementary Fig. 27 for model performance using otherincome
groups as training data). Such results further emphasize the value of
embedding rich socioeconomic data of mobility patterns into urban
mixing or segregation studies.

Discussion

By combiningthe socioeconomic depth of travel surveys witha cross-
continent comparative analysis across five global cities (covering
more than 200,000 travel diaries), our study offers several contri-
butions. First, we validate the use of travel survey data for capturing
experienced social mixing. Comparing our travel-survey-based index
with one derived from home-census median household income, we
find that the survey-based measure is on average 16% higher for the
former. This suggests that previous reliance on combining mobility
traces from mobile phones and home-location proxies could yield
systematic lower estimates of mixing people experience throughout
daily travel.

Second, the rich socioeconomic information of travel surveys
allows us to uncover life-course and gendered dynamics often invis-
ibleinmobility-only studies. We find support for the ‘second youth’ or
‘third age’ hypothesis: individuals in post-working life are as socially
mixed as—or more so than—those in late working life, especially after
employment status is accounted for. Regarding gender, we find that,
while gender alone is not predictive of social mixing, individuals iden-
tified as likely caregivers (based on household composition) exhibit
reduced social mixing compared with noncaregivers. This trend is
particularly pronounced for women, suggesting a potential intersec-
tion of mobility constraints, household responsibilities and career
development, although future work using direct caregiving data is
required to confirm any causal link.

Third, leveraging travel survey data, we identify the central role of
mobility patterns and destination diversity. Place exposure at destina-
tions explains most of the variations in social mixing, overshadowing
sociodemographics, home environment and transit proximity. Public
transit use is consistently associated with higher social mixing, but
this effect weakens once place exposureis controlled for, especially in
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Table 2 | Travel survey summary

Study region

Boston, MA, USA

Chicago, IL, USA

Hong Kong, SAR

London, UK

Sao Paulo, Brazil

Site description

Boston Metropolitan Area
within MA

Chicago Metropolitan
Area within IL

Hong Kong Special
Administrative Region

Greater London area/32
London boroughs and the

Metropolitan Area of Sdo
Paulo

(HKSAR) City of London
Years of survey 2009-20M 2017-2018 2010-20M 2012-2014 2017
Survey duration 17 months 4 months 4.5 months continuous rolling survey 16 months
Travel survey name  Massachusetts Travel My Daily Travel Travel Characteristics London Travel Diary (LTD) S&o Paulo Travel Diary
Survey Survey

Original survey trip
reported resolution

Census block

Census tract

Small street block

Northing, Easting

Coordinates

Travel survey
methods

- Computer-assisted
telephone interviewing
(CATI) for recruitment and
retrieval

- Primarily web-based
recruitment surveys

- Smartphone app
option (Daily Travel

- Self-administered
questionnaire with
option for face-to-
face interview upon

- Face-to-face household
interviews

- Three questionnaires used:
household questionnaire,

- Two-part survey:
Household Survey
(domestic) + Boundary
Line Survey (external

- Mail-back diaries option App) for recording request individual questionnaires trips)
(52.5% mailed back, 47.5% travel - Hotline available for and trip sheets/travel diaries - Tablet-based application
phone retrieval) - Mail invitations with assistance - All completed in-person for interviews
- Advance letter followed by online completion - Multiple interview
telephone contact locations (roadways, bus
terminals, airports and
metro stations)
Survey resolution Trip Stop Trip leg Stage Stop
Population of the 4.24 517 6.88 8.6 21
year (million)
Total households 10,785 12,391 35,401 24,248 31,847
included
Total participants 26,770 30,683 101,385 57,640 86,318
interviewed
Total weighted 4.03 6.67 6.31 8.95 16.7
participants
(million)

This table reports the detail of each travel survey data. London and Séo Paulo’s survey data contain coordinate-level information for each trip; thus, we do not provide the original resolution
size here. An expanded table including details in data administration from each original survey is shown in Supplementary Table 1.

Boston, Chicago and Sao Paulo—implying that transit contributes to
mixing primarily by connecting people to POI-rich areas. By contrast,
this mediating effect is less pronounced in Hong Kong and London,
where diverse amenities are more evenly distributed. Moreover, prox-
imity to major transit stations reduces the influence of individual
socioeconomic status on social mixing. However, we interpret these
findings with caution, as individuals living near transit may differ sys-
tematically from those who do not, leading to a phenomenon called
self-selection®. Nevertheless, these patterns clearly highlight the
importance of urbanaccessibility and destination diversity in shaping
opportunities for social exposure.

Furthermore, our single-income-group transferability tests via
the autoencoder modelreveal a critical nuance. Even thoughsociode-
mographicattributes contribute little directly to predicting individual
mixing, the visitation patterns of different income groups remain
stratified. These structural differences in travel patterns acrossincome
groups remain evident even in cities like London and Hong Kong,
where the overall mixing levels appear rather balanced across social
groups. In short, people from different income groups may share a
similar level of social mixing. Yet, they experience parallel rather than
shared urban experiences as people of different income groups sys-
tematically visit different places. Recent studies show that embedding
activities directly into mobility models can boost both interpretability
and out-of-distribution performance®*. Our study joins this group
of research and attempts to lay the ground for an ‘urban Al approach
where theories of human behavior and mobility inform algorithmic
models, improving their generality and fairness.

Finally, our cross-city comparison underscores the relationship
between transit systems and social segregation. By pulling five dis-
tinctly different cities in this study, we observe that the gap in social

mixing between low and high income is smaller in Hong Kong and
Londonthanintheotherthree cities. Thisis probably due to the rather
tightly connected amenities and more homogeneous public transit
usage and accessibility in these two cities so that people of different
income groups have higher chances to collocate in transit hubs and
public spaces. In the case of Boston and Chicago, public transit sta-
tions are located closer to lower-income groups who also have lower
carownership, whilein Sao Paulo, the highest-income group has both
higheraccess to trainstations and higher car ownership, exacerbating
the unequal distribution of transportation opportunities.
Itisimportant to acknowledge the limitations of this study. First,
while survey weights ensure resident-level representativeness, they
may not strictly capture trip-level exposure precision. We address this
via robustness checks (Supplementary Table 2), confirming that our
core findings hold across time-weighted and unweighted specifica-
tions. Inaddition, we acknowledge that travel survey data, like mobile
phone or other data, are not error-free. In particular, nonresponse and
underreporting, although partially overcome by professional data
weighing and expansion statistically, should be recognized*°. Com-
biningtravel surveys with other big data (notably mobile phone traces)
(forexample, through simulated or synthetic datasets) isa promising
direction?. Second, this study focuses on social mixing only as social
interaction is difficult, if not impossible, to capture without detailed
observations or recordings (for example, that a conversation has taken
place or people were shaking hands)***. Future research that distin-
guishestrip purposes may be a step closer toward estimating potential
interaction. Third, travel surveys, by their nature, are cross-sectional
snapshots collected at intervals (typically every decade) and often
restricted to weekday activities. Thus, the social mixing patterns we
capture may not reflect weekend or seasonal dynamics, not to mention
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dynamic changesinbehavior (for example, shifts due to the COVID-19
pandemic or emerging mobility services such as ride-hailing and bike-
sharing). Given that the survey collection years of this study vary from
2011 to 2018 (encompassing different economic cycles and phases of
transitinfrastructure development), observed disparities may involve
temporal context impacts that are worth further studies to confirm.
Lastly, while our five-city comparison spans a diversity of global con-
texts, it by no means covers the full spectrum of urban environment.
Replicating our analysis in other cities, especially in the developing
world, would further test the generalizability of our conclusions.

Methods

Datasets

Five study area. The definition of city in this study is intended to be
devoid of additional administrative boundaries, including urban cores
or other subdivisions. For Boston, MA, and Chicago, IL, the definition
corresponds to the metropolitan statistical areas within the respective
states (Massachusetts andlllinois, respectively); for London, this refers
to the Greater London area; for Sao Paulo, we use the metropolitan
area of Sao Paulo; for Hong Kong, given its peninsula nature, we use
the entire administrative region. Maps of all cities are shown in Sup-
plementary Figs.1and 2.

Travel surveys from five cities. Travel surveys in the selected cities,
althoughin different formats, contain commoninformation including
person unique identifier, household unique identifier, home location
(atsurvey zone level), household income (inlocal currency), age, sex,
employment status, trip purpose, trip starting time and end time,
distance, trip mode (and trip leg mode), participants home location
(at a street block, zone or census block level) and expanded trip fac-
tors (see Supplementary Section 1 for manual standardization of the
employmentstatus, trip purpose and so on). Each participant reported
multiple origins and destinations on a weekday. Each metropolitan
area has different trip measures. The details of each travel survey are
explainedin Table 2. The finest details of travel diary are reported using
differentterms. Toillustrate, London’s survey uses ‘stage’ to document
each stop within one trip. Hong Kong’s survey is leg-based—each trip
can contain multiple legs. To standardize the calculation, we use trip
legs as the finest unit. Supplementary Tablelincludes detailsin original
survey methods from each city.

Because the participants in these travel surveys were primarily
random samples of the total population, each survey team provides
an expansion factor that allow us to correct sampling bias. Previous
research has demonstrated that the five surveys used in this study is
well-balanced amongincome groups, gender and geography. We repeat
our core analysis by using weighted and unweighted trips to test for the
results’ robustness (Supplementary Table 1).

From all cities, the raw survey data contain a total of 302,796 par-
ticipants, among which 209,817 reported at least one trip. We applied
filters to improve the reliability of the data. We removed the people
who did not have complete data regarding the home zone, income
level, age and gender reported. People who did not report any travel
were also excluded from the main analysis. All travel surveys used in
this study have been used for researchin the transport literature™* 2,
See how we standardize work status, trip purpose and trip mode in
Supplementary Section 1.

To validate the travel-survey samples, we paired each study area
with the smallest readily available census-style geography that reports
population and income: US census tracts, UK Middle Super Output
Areas (MSOAs), Hong Kong Tertiary Planning Units (TPUs) and Sao
Paulo research zones. This processyields 1,471 tracts in Boston, 2,014
in Chicago, 1,141 MSOAs in London, 289 TPUs in Hong Kong and 517
research zones in Sao Paulo, with median unit areas ranging from
2.1km? (Hong Kong) to 7 km? (Boston) (see Supplementary Section 2.1
for details of census survey geometry from each study city).

Train and bus stations from OpenStreetMap. We obtain trainand bus
stations data from OpenStreetMap using the osmnx Python package*’
by specifying the tags including bus stops, stations, and railways. A
total of 82,362 bus stations and atotal of 1,624 train stations are down-
loaded. The data were accessed in March 2024. To make sure that the
station dataare aligned with the travel survey data, we obtain the train
stations’ open date by looking up the train station names through local
transportation department websites, Wikipediaand online newspapers
viaChatGPT API(model40). Amongthe 1,624 train stations, we found
63 trainstations that were built during or after the travel surveys were
conducted. These train stations have been removed from the house-
hold transportation opportunities measure. We cannot further identify
the exact open year of the bus stops, so all bus stops are kept for this
study. We acknowledge that thisis a limitation of the data.

Other POl amenities. We use POl datain each city to analyze people’s
exposure to different places. The primary analysis uses the POl data
downloaded from OpenStreetMap. We need to standardize the raw
POl tags (2,688 unique tags in total) into standard POI categories.
To do so, we first use ChatGPT’s 40 API to read all the POI tags and
prompt to label them as one of the categories we specified: accom-
modation, agriculture, art and museum, café, community, education,
construction, entertainment, finance, food, government, grocery,
health, industry, library, office, outdoor, service, shopping, sports,
tourism, transportation, utilities, worship and other. Then, we manu-
ally review the categories generated from the API call. The category
selection follows the previous literature**. For the analysis, weinclude
only 18 categories that are relevant in our studies. Accommodation,
agriculture, construction, industry, others and utilities categories are
removed. We tested that our results are robust by adding or removing
one or more categories. For the robustness of the study, we also collect
and analyze POl data from Safegraph (Boston and Chicago), Geo Data
Store (Hong Kong), Digimap (London) and Google Place API (Sdo Paulo)
torepeat the major portion of the study. See the details of the POl data
verification in Supplementary Section 3.4.

Data processing

Identify gender, age and caregiving responsibilities from travel
surveys. The overall data processing pipeline are visualized in Extended
Data Fig. 1. With each participant’s household member surveyed, we
can identify participants that are likely to be parents or caretakers by
looking at the age distribution of household members. For participants
olderthan2land withatleast one minor (age below 18) who are at least
18 years younger than the participants, we label them as caretakers
(parents). Among all participants that are between 21 and 65 years
old (195,710), 35.6% of participants are likely to be parents (38.1% after
weighting by the expansion factor). Specifically, after counting the
number of adultsineach household, weidentify 5.9% participants (9.6%
after weighting) as single parents. Sixty-six percent of parents (67.8%
after weighting) reported traveling at least once on the survey day.

Standardize the study unit. Travel survey data provide the origins
and destinations of each trip leg. These locations are coded with local
spatial units (census blocks, street blocks, latitude and longitude). To
standardize the calculation, we use the H3 hexagons to code all origins
and destinations for the analysis. The primary measure uses the level 8
(average edge length of 0.53 km) H3 hexagons for analysis. We use level
8 consideringits sizeis comparable to census tractin the USA. We also
repeat the social mixing measure by change the H3 unitto 4, 5,6,7,9
and 10 for understanding the impact of the unit resolution. We repeat
the social mixing measure estimations using the census geometry from
eachsurvey area. When the hexagonsize increase, overall social mixing
level increases for each person given they are defined to be exposed
to more people within the same hexagon (see Supplementary Figs. 6
and 7 for systematic comparisons of social mixing by changing the

Nature Cities | Volume 3 | August 2026 | 745-755

752


http://www.nature.com/natcities

Article

https://doi.org/10.1038/s44284-026-00477-1

destination resolution). Supplementary Fig. 18 shows that our results
arerobust against the choice of destination definition.

Residential zones. The original travel surveys already provided a
high-resolutionresidential location for each survey respondent. Their
original residential zones are listed as following. Boston: census block;
Chicago: census tract; Hong Kong: smallstreet block; London: Northing
and Easting imputed from the Travel Survey Unit; Sao Paulo: research
zone. Similarto theactivity locations, we transform the residential zone
to H3 hexagons (level 8) and census zones with similar sizes across the
cities. The transformed census zones used are the same as specified in
Supplementary Section 2.1.

Income categories. To calculate the social mixing index, we first need
tolabel the participants with differentincome categories based onthe
rank of their householdincome within the selected study area (see Sup-
plementary Figs. 3 and 4 for the distribution of income groups across
five region). Altogether, 299,955 participants (99.06%) have available
household income provided in the original travel surveys. Then, after
applying expansion factors, we divide the participantsinto fourincome
groups: low, mid-low, mid-high and high income. The distribution of
income groups within each study area is relatively equal. To test the
impact ofincome group definition on the social mixingindex measure,
we also repeat the analysis by putting participants into five income
groups. In addition, to compare with the method of using home zone
censusincome directly, we also extract each participants’ home census
area’s median household income and repeat the analysis.

Household transport opportunities. We calculate the walking distance
of eachhousehold’s homelocation’s zone centroid to their nearest train
station and bus station (see ‘Train and bus stations from OpenStreet-
Map’section for datasources). Households within1 km of train stations
or 800 m of bus stations are considered accessible to public transit.
The walking distance used here is the network distance computed
using Open Source Routing Machine** (OSRM)’s routing API service.
For each household, we also obtain self-reported information about
vehicle ownership from the travel surveys.

Major transit hubs. Our method of transit hubs identification fol-
lows the model by Roth et al.>*. We first compute the total weighted
arrivals and departures of all train stations located hexagons during
morning hours (6:00 to 11:00). Then, we gather these spatial units by
the descending order of morning arrivals. By using the hexagon unit
directly, we aggregate the total arrivals that could be generated from
more than one very close stations. For the monocentric model, we pick
only a single hexagon that has the highest number of arrivals as the
main transit hub. For the polycentric model, we select the top Nstations
that accumulate at least 60% of the total arrivals (see Supplementary
Section 3.1and Supplementary Fig. 13 for more details).

Place exposure

The POl data contain place types, latitude, longitude, place names and
place unique identifier. To analyze people’s exposure to different
places, we create two vector representations P, and Py, to represent
thelist of places’ counts by POl categories (N = 18 categories included
inour study) that are within 7-minute walking distance of anindividual
i's destination and home. To get all places within any location’s T-minute
walking distance, we use the Python omnx package*, which leverages
OpenStreetMap’sroad network to calculate the walking isochrone from
eachtriplegdestination,and then query all places within the isochrone.
For a person i, visiting a list of destination D; ={d,,d,,d;,....d },
the P, reflects the average place counts by POI categories:
Py = %ZZ;POIJ-, POI € RN Here, POI jisavector of integers that count the
number of POl by category in destination j within walking distance T.
The main analysis uses T=15 min to report the results. A visualization

of the POI query can be found in Supplementary Fig. 12. We also test
T=50r10, and the results are included in Supplementary Fig. 20b,c.
In addition, we also repeat the analysis by completely replacing the
POl sources with POl data source from each local POI provider (Sup-
plementary Fig.18).

Predicting place exposure

Model details. The aim of this analysis is to predict individual daily
exposure to different categories of urban places, represented as an
N-dimensional vector where each dimension corresponds to the count
of potential visits to a specific place category (Nbeing the total number
of place categories included in this study). We do not know exactly
which POI (for example, the name of the shop or a facility) the person
visits at destinations. Therefore, we query all POls within 15-min walk-
ing distance of each trip destination to represent the places that they
are exposed to. We also tested 5-min and 10-min walking distance
for robustness.

To predict the daily exposure, we integrate the information about
individuals’socioeconomic factors, home locations, daily travel activ-
ity areas and the spatial and transit characteristics of each city. Our
model leverages three key insights about urban networks and human
mobility: (1) places that are geographically closer influence each other
more strongly*®*’; (2) places can also have important long-distance
connections facilitated by human mobility**; and (3) public transit
accessibility impacts people’s place exposure®. To represent these
relationships, we first construct a spatiotemporal place network for
each city, incorporating both physical proximity based on road net-
works and travel time derived from public transit schedules (the Gen-
eral Transit Feed Specification data). We embed the detailed network
information into each place using a GNN*® (Fig. 4a). A total 0f 107,750
POIs with 12.7 million edges are created. Next, we employ a super-
vised autoencoder*’ neural network designed in an encoder-decoder
structure (Fig.4b,c). Unlike traditional autoencoders, which compress
and reconstruct their input exactly, our autoencoder aims to learn a
concise, meaningful representation of input features to predict the
individual place exposure vector. Specifically, the encoder processes
individuals’ sociodemographic attributes and their associated place
network features (either around home or throughout their daily activity
space), as mapped from their travel trajectories to create a compact
latent embedding. The decoder then uses this embedding to output
the predicted place exposure vector, quantifying the expected number
of urban amenities a personis exposed to (Fig. 4).

Construct POl place embeddings with GNN. To represent each city’s
spatial network information with POl places, we first build a POl graph
G (v,e,w) for each city that uses each POl as the node v; the edge wj
measures the connectivity between two nodes v;and v ;. For robustness
of the study, we build four different graph G using road network attrib-
utes and transit availability (using public GTFS data). The primary meas-
ure uses the transit-time-aware network that finds v ; within 15-min
walking or transit time of v;. We assign w;; = 1ifwithinthe15-mintravel
time, O otherwise. On average, this network contains 8.7 million to
39.7 million edges in all cities. The average edge per node ranges from
33.6 (Boston) to 230.9 (London). The second method creates network
edges that are time-weighted (w; = e~%/*), where ¢; is the travel time
between nodes v; and v ;. In addition, we also construct two more dis-
tance-based measures. Thethird oneuses w; = 1toindicate thatwithin
1.26 km (approximately 15-min walking distance) of node v;, we can find
v ;. The fourth measure constructs the w; = e~%/%to further indicate the
strength of spatial proximity, where dj;is the distance between the two
POl places, and o hereisascale factor. The GNN model performance by
four edge typesis presented in Supplementary Table 7. Our results are
robust against variations on spatial graph construction (see Supple-
mentary Section 5.1for a detailed construction of the model). With the
network established, we train a two-layer graph coevolutionary
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neural network model (one type of GNN model) to predict the category
of each POl place (Supplementary Section 6.1). The contribution of
GNN embeddingis presented in Supplementary Table 11.

Itisimportantto clarify that the target variable of daily exposure
and the input variable of place embedding in the GNN model capture
fundamentally different geometric and statistical dimensions of the
spatial data. Thetarget variableis an aggregate categorical frequency
distributionrepresenting the density and diversity of potential encoun-
ters with people of the same and other income groups specifically at
discrete destination points where anindividual stopped. By contrast,
the activity-space embedding (h,) generated by the GNN encodes the
latent spatial topology of the wider geographical contexts within all
potentially accessible areas of anindividual. Because h,is constructed
from all POIs within the spatial convex hullencompassing people’s full
daily trajectories, it represents the broader geographic boundaries of
their movements, rather than just their chosen stops. Consequently,
the autoencoder does not performamechanical aggregation. Rather,
it offers aninterpretable test on a structural hypothesis: whether the
topological shape and total area of a person’s movement network
intrinsically determine their specific categorical exposure profile. The
nontrivial nature of this distinction is indicated by our transferability
tests, which show that the relationship between place exposure and
spatial territory is highly complex and stratified by income.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The aggregated data for repeating the analysis are available via
GitHub at https://github.com/brookefzy/social-mixing-5-city. The
raw travel survey data cannot be directly shared given the signed
nondisclosure agreement.

Code availability

The full analysis is available via the same repository above.
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