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Abstract

Urbanization and its problems require an in-depth and comprehensive
understanding of urban dynamics, especially the complex and diversi“ed lifestyles in
modern cities. Digitally acquired data can accurately capture complex human activity,
but it lacks the interpretability of demographic data. In this paper, we study a
privacy-enhanced dataset of the mobility visitation patterns of 1.2 million people to
1.1 million places in 11 metro areas in the U.S. to detect the latent mobility behaviors
and lifestyles in the largest American cities. Despite the considerable complexity of
mobility visitations, we found that lifestyles can be automatically decomposed into
only 12 latent interpretable activity behaviors on how people combine shopping,
eating, working, or using their free time. Rather than describing individuals with a
single lifestyle, we “nd that city dwellers• behavior is a mixture of those behaviors.
Those detected latent activity behaviors are equally present across cities and cannot
be fully explained by main demographic features. Finally, we “nd those latent
behaviors are associated with dynamics like experienced income segregation,
transportation, or healthy behaviors in cities, even after controlling for demographic
features. Our results signal the importance of complementing traditional census data
with activity behaviors to understand urban dynamics.

Keywords: Mobility data; Lifestyles; Topic analysis; Non-negative matrix
factorization; Segregation; Health Risk; Transportation; Census

1 Introduction
Cities are the main ground on which our society and culture develop today. Most of our

current understanding of problems like transportation, mobility, inequality, gentri“cation,

or even social participation is based on census or survey information, which is updated in-

frequently, contains only coarse-grain information, and is scattered across di�erent agen-

cies or institutions [1]. On the other hand, we now have the potential to complement o�-

cial data with high-resolution updates on how people purchase, move, get a job, or interact

by leveraging new sources of information from mobile data [2, 3], social media [4, 5], wi“

networks [6, 7], phone apps [8, 9], and credit cards [10, 11]. Companies have been using

this wealth of data in the past. They are currently able to micro-segment clients based
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on their demographics and their behavioral traits [12…14]. However, most cities are still

using primary segments of census groups (residential areas, housing prices, gender, age,

unemployment) or small behavioral surveys to map problems like inequality, gentri“ca-

tion, or transportation. This approach falls short of anticipating, monitoring, or forecast-

ing the rapid and complex evolution of those problems in our cities. For example, the re-

cent pandemic has highlighted the shortcomings of using outdated, non-integrated, and

slow-processed data to manage and anticipate the spreading of COVID-19 and the special

relevance of real-time, more granular, and high-frequency mobility data [15, 16].

In particular, people•s mobility data has become more available thanks to the prevalence

of location acquisition techniques and mobile phones, and it enables a new way to study

and understand human behavior in cities. People•s mobility behavior, e.g., the places they

visit and their visiting frequency, can re”ect people•s lifestyle, understood as •the way in

which a person or group livesŽ [13,17,18]. Given the importance of lifestyles to predict in-

dividual and a group of individual•s behavior, they have been thoroughly explored mainly

in marketing [13] but also in many “elds from transportation, [19], health [20…22] to psy-

chology and sociology [14, 23].

The study of activity patterns and detection of lifestyles of urban residents based on

survey data has a long tradition, [23] but recent developments in data collection and anal-

ysis have allowed the unveiling of the high-dimensional, rapid-changing, and complex

lifestyles in our cities [10, 17…19, 24…28]. Studies that try to detect those lifestyles from

activity data are generally limited by the completeness of the activity/mobility space (only

expenditure patterns [10], mobility patterns only when mobile phone calls and messages

appear [29, 30], only transportation transit patterns [25], or a very small number of de-

mographic variables [19]), the limited geography (only one or two cities [10, 26]), or the

number of people used to detect lifestyles [17, 27]. As a result, a small number of mean-

ingful lifestyles were detected, insu�cient to accommodate the highly heterogeneous and

complex variability of our cities• behaviors.

On the other hand, in those studies, city residents• behaviors are typically classi“ed into

a single lifestyle group [10, 19]. This forces us to divide very similar individual behaviors

into di�erent groups just based on slight di�erences. Consequently, a signi“cant fraction

of individuals end up with unclassi“ed lifestyles groups [10], or across groups with min-

imal di�erent characteristics [19]. These problems severely limit those lifestyle groups•

potential applicability to understanding problems like social-economic integration, mo-

bility, or health, since slight individual behavioral di�erences or even di�erent or incom-

plete datasets can yield a di�erent grouping of users or lifestyles [18, 31…33].

In this work, we uncover people•s lifestyles using a dataset of mobility traces of more

than 1.2 million anonymous, opted-in users in 11 cities in the United States. By formu-

lating people•s behavior using venue and temporal activity vectors, we can extract a set of

interpretable latent activity behavioral patterns [34]. Those latent behaviors are groups of

visitation patterns that frequently co-occur in our sample of users. People•s lifestyle is not a

label for each individual but rather a linear combination of those latent behaviors with dif-

ferent weights. We investigate whether those behaviors can be predicted by simple demo-

graphic traits, e.g., race, income, or transportation. Although we “nd a small correlation,

latent behaviors seem to be primarily independent of those demographic traits. Finally, we

“nd that each component of those latent patterns has a di�erent relationship with social,

mobility, and health problems. Our results indicate that it is possible to construct abe-
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havioral rich census of lifestyles in the U.S. cities that can complement traditional census

to understand the main processes and problems in our cities.

2 Methods
2.1 Mobility data
Our primary data source is from Cuebiq, a location intelligence, and measurement com-

pany that, in 2017 supplied six-month-long records of anonymized, privacy-enhanced,

and high-resolution mobile location pings across 11 U.S. census core-based statistical ar-

eas (CBSAs), see Additional “le1, Supplementary Note 1. Cities are de“ned as the Census

Core Based Statistical Areas [35] that are socioeconomically metropolitan areas related

to an urban center. It consists of approximately 67 billion records fromN = 1.2 million

anonymous opted-in devices, each of which has reported a total of at least 2000 locations

over the six-month observation period. Our second data source is a collection of approx-

imately 1.1 million veri“ed venues across all CBSAs, obtained via the Foursquare API in

2017. Those venues are classi“ed into di�erent categories according to the Foursquare

Category Hierarchy [36]. Only users with more than 50 visits during the period and with

at least 5 categories visited were considered. We only considered the top most visited 248

categories to prevent over-“tting to small, infrequent categories. We infer thehome area
of each individual at the Census Block Group level using their most common location be-

tween 10 pm and 6 am. We further extract any individual visits to a given place that lasts

for more than 5 minutes (see Additional “le1, Supplementary Note 1) and are less than 4

hours long. We have also tested that our results do not depend on this de“nition of visits

to POI, see Additional “le1, Supplementary Note 1. It is important to note that our visi-

tation patterns include not only consumption patterns (restaurants, shops, sports events,

etc.) but also other non-commercial activities (transportation, education, health, outdoor

activities, etc.), which are important to explain urban lifestyles.

2.2 Demographic data
Due to the anonymous nature of our location data, we obtained the demographic charac-

teristics of each user at the area level. Demographic data like median household income,

the fraction of Black population, the fraction of people that use public transportation, or

urban characteristics like population density were obtained from the Census 2013-2017

ACS 5-year Estimates [37]. The fraction of people with more than 45 minutes of commut-

ing was also obtained from the ACS Data.

2.3 Social, transportation and health data
To assess the importance of the latent behaviors, we validate them using di�erent social,

transportation and health data. The source of transportation data is the 2017 Local Area

Transportation Characteristics for Households Data done by the Bureau of Transporta-

tion Statistics (BTS) [38], while obesity prevalence and physical activity are given by the

500 Cities Project Data from the Center for Disease Control (CDC) [39]. Obesity preva-

lence is measured as the percentage of adults, aged 18 or older, who report a body mass

index (BMI) of 30 or higher. Physical activity is measured as the fraction of adults who

report getting leisure-time physical activity in the past month. Cities are de“ned as the

Census Core Based Statistical Areas [35] that are socioeconomically metropolitan areas

related to an urban center. Note that although we could have constructed the mobility
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Figure 1 Detecting latent behaviors (A) Using individuals• trajectories, we identify the visits to the di�erent
places and the categories of those places. (B) Each individual is described by aM-dimensional (normalized)
vector that contains the fraction of visits to each of the 286 categories (visitation pattern) plus the fraction of
visits at di�erent times during the day and the week (temporal pattern). (C) Non-negative matrix factorization
is used to decompose the matrix of theM-dimensional vectors for each of ourN users into a matrix ofk
di�erent latent behaviors and the corresponding behavior•s weights for each user. Icons designed by
bqlqn/”aticon.com and Boston maps produced using Open Street Map data

variables using our data, we used the BTS and Census data because the latter is based on

more reliable estimation statistics. But also because our data do not have complete daily

individual trajectories of people, preventing us from having a precise estimation of the

distance traveled and the commuting time.

To measure experienced social-economic integration, we use the inequality metric in-

troduced in [8] to estimate how unequal is the exposure of an individual to the di�erent

income groups in the city. To this end, we divide the sample of users in each city into four

quartiles according to the median household income of their home Census Block group

[37]. Social-economic integration was measured asIi = 1…2
3

∑
q |τiq …1/4|, whereτiq is the

proportion of time user i is exposed to groupq of income. That proportion is calculated

by looking at the weighted distribution of income of the people thati encounters in the

places she visits. Speci“callyτiq =
∑

α τiατqα , whereτiα is the fraction of time that i spends

at placeα and τqα represents the proportion of time at placeα spent by income groupq.

Our metric for individual economic integration can be thought of as an extension of the

traditional metric of isolation or interaction for groups to the level of individuals based on

daily encounters among them. Finally, social exploration is measured asEi = Si/Ni, where

Si is the total number of di�erent places visited byi andNi is the total number of visits to

places byi. See [8] for more details on these metrics and their distribution.

2.4 Non-negative matrix factorization
Rather than describing a person by a unique pattern, we will assume that there are some la-

tent behavioral patterns that, when combined, de“ne a person•s lifestyle. The weight of the

di�erent latent behavior patterns could re”ect their dominance over the person•s lifestyle.

To detect those latent behavioral patterns, we describe the activity of each useri by aM di-

mensional vector, which includes the (normalized) number of visits to the di�erent types

of places (248 venue categories, see Fig.1 and Additional “le 1, Supplementary Figure S2).

We also include “ve temporal features about the fraction of those visits that happen dur-
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ing the morning (5 am to noon), afternoon (noon to 6 pm), evening/nighttime (6 pm to

midnight), and also during the weekend and weekdays. Thus useri activity is described by

a vectorxi of M = 248 + 5 components. As we will see in the results, adding the temporal

pattern allows to recover di�erent latent behaviors by day of the week.

When put together for allN users, they form a matrixX of N × M dimensions. Di�er-

ent methods exist to learn the latent patterns for the vectors of thoseN users, like spectral

methods [3], Latent Dirichlet Allocation [25, 27, 29], neural networks, [17] or complex

networks [10]. In general, these methods detect latent patterns, i.e. co-occurrence of vari-

ables (visitations in our case) that frequently appear in the dataset. Given that our vectors

are non-negative, we apply non-negative matrix factorization (NMF) toX. NMF is a pow-

erful technique for “nding parts-based, linear representations of non-negative data and

has been applied successfully in several applications like genomics, image recognition, or

text mining [40, 41]. In the context of human behavior, it has also been used to identify

the activity patterns of users or urban areas [26, 30, 42…44].

The key idea is that the activity matrix can be decomposed into two matricesX = W · B,

whereB is a matrix of dimensionk × M that contains each of thek latent behaviors and

W is aN × k matrix that contains the weights of those latent behaviors for each user (see

Fig.1(C)). Thus eachxi can be decomposed as linear combination ofk latent behaviors

xi =
∑k

j=1 wijbj. In each latent behavior patternbj, the higher value the type of venue or

temporal feature holds, the more dominant that category of place or time of the week acts

in the latent behavior pattern. For each useri, the higher thewij, the more important is

latent behaviorbj to explain her activity.

The activity matrix X is factorized using di�erent ranksk. To do that, we used non-

negative matrix factorization (NMF) using fast sequential coordinate-wise descent and

Kullback…Leibler (KL) divergence for the loss function. We run the NMF two hundred

times for each value ofk. Di�erent methods [30, 44] were used to assess the value ofk (see

Additional “le 1, Supplementary Note 4), including bi-cross validation [45]. We found

that k = 12 was the one that optimizes the error, and the stability of the weightsW and the

bi-cross validation error, while making the latent behaviorsB more interpretable across

realizations. For thatk = 12, we choseB and W from the realization with smaller KL loss

(see Additional “le1, Supplementary Note 4). Our NMF factorization also produces very

close representations of the whole mobility data. As we can see in Additional “le1, Supple-

mentary Note 4, the KL average distancedKL(X,W ·B) = 0.0195±0.0001 or the Frobenius

distancedF (X,W · B) = 0.0033± 0.00004 between the original data and the reconstructed

one are very small. This means that on average, the error of our approximation is below

15% relative error.

To prevent an over-representation of the larger cities in the factorization, we did not use

our 1.2 million users in the NMF. Instead, we randomly selected 10k users in each city and

constructed the matrixX0. We factorize it intoW0 ·B0 and useB0 to solve the non-negative

linear regression problemX ∼ W · B0 to getW for the rest of the users. This way, we get a

fair representation of all the latent behaviors commonly present across cities. In any case,

we have also checked that our results are robust against di�erent de“nitions of the sample

of users, see Additional “le1, Supplementary Note 7. To compare with other methods

to detect latent patterns, we have also used LDA to detect latent behavior patterns (see

Additional “le 1, Supplementary Note 5). Although the results are somehow similar, we



Yang et al.EPJ Data Science          (2023) 12:15 Page 6 of 15

Figure 2 Latent behaviors: Visitation and temporal components for each of thek = 12 latent behaviors
detected. For simplicity, only the top 7 venue category components by behavior are shown. Colors
correspond to the di�erent classi“cations of the venues. Temporal patterns correspond to the fraction of
morning, afternoon, and night visits together with the fraction of weekday and weekend visits. The •Out and
aroundŽ main components are residential and bus transportation during weekdays, while •SocializingŽ is
composed of visitations to bars, sports bars, and food places like Italian, American, pizza, or seafood, especially
during the evenings/nights. Finally •Local TripsŽ refers to a latent behavior mainly composed of running
errands (laundry, gas station, convenience store) and visitation to fast food or food truck venues

“nd that the latent behavior patterns detected by NMF have better interpretations than

those from LDA.

3 Results
3.1 Latent behaviors
The moderately large number of latent behaviors shows the richness and heterogeneity

of our dataset. To interpret the latent behavior patterns, we “rst look into the di�erent

categories• dominance values and time slots (see Fig.2). As we can see, most of the latent

behaviors are easily recognizable and, as expected [26], their most relevant components

belong, generally speaking, to combinations of working, food, entertainment, or shopping

activities. Note that they are not strict projections only on one of those dimensions. For ex-

ample, we “nd a latent behavior (•Working lifeŽ) of working-related activities (Conference

Room, Non-Pro“t) and nightlife venues, or a latent behavior •Out and aroundŽ that com-

bines public transportation (bus) with neighborhood visits. Our choice of including the

daily and weekly temporal pattern allows us to detect even di�erent shopping behaviors

between weekends (•Shopping weekendsŽ that also includes grocery shopping) and week-

days (•Shops weekdaysŽ). Other distinct latent behaviors correspond to •CollegeŽ students,

•Co�ee shopŽ frequenters, or •Health & ExerciseŽ visitors. Note that our denomination of

the latent behaviors is based on the most dominant categories, which are also the most

visited categories in cities. This does not mean that other less-visited categories are not

part of those behaviors. For example, most latent behaviors have some components in the

Food category (see Additional “le1, Supplementary Figure S2). However, their relative
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importance is smaller than in the •Local tripsŽ, •Co�ee ShopŽ or •Bar + FoodŽ latent be-

haviors. Nevertheless, even for the places that are visited less frequently in our cities, the

NMF can detect distinct patterns there. For example, the •Co�ee ShopŽ latent behavior

has large components in airport transportation venues than the rest of the behaviors (see

Additional “le 1, Supplementary Figure S2). Finally, it is worth noticing that our detected

latent behaviors are not only related to expenditure: an analysis based only on expenditure

patterns would have probably missed important latent behaviors like •Out and aroundŽ,

•O�ceŽ, •CollegeŽ or •EducationŽ.

By de“nition, our latent behaviors encode those visitation patterns which are more fre-

quently happening together. For example, we “nd in the •Local tripsŽ latent behavior that

fast food consumption is related to local errands, while nightlife is associated with work-

related places like Conference Rooms or Rental Cars. •Shopping weekendŽ tells us that

people tend to bundle visits to pharmacies, retail, groceries or departmental stores to-

gether. At the same time, in •Co�ee Shop,Ž we see that visits to co�ee shops are associated

with the consumption of some types of food like Bakery, Sushi, and Burgers. Thus, our

latent behaviors also tell us how people organize their mobility visitation patterns in their

daily lives.

As we said, each person•s activity lifestyle can be described as a linear combination of the

latent behavior patterns according to their weights obtained by NMF (see Fig.3). Instead of

being described as a simple latent behavior, we “nd that a user•s lifestyle generally depends

on many behavior patterns. This is shown by the large entropy of weights by userSi =

…
∑k

j=1 ŵij log ŵij/ log k (where ŵij is the normalized weight by user), see Fig.3(c). Strict

dominance of single latent behavior would makeSi = 0, while we getSi = 1 if all latent

behaviors are present and equally important. In our data, we obtained that the average

entropy isSi = 0.67± 0.15, and thus many latent behaviors con“gure each user•s activity

pattern.

However, some latent behaviors are, in general, more frequent than others. For example

we “nd that the average weight of •Shopping WeekendŽ (wij = 0.774± 0.001) or •O�ceŽ

(wij = 0.657± 0.001) is larger than others like •Working lifeŽ (wij = 0.197± 0.001) or •Col-

legeŽ (wij = 0.195± 0.001), which signals that, as expected, the former latent behaviors are

more common in urban areas than the latter ones. That is, most individuals have a very

small (or even zero) •CollegeŽ latent behavior, while most people have some weight on

•Shopping WeekendŽ behavior.

Interestingly, we “nd that these results are pretty robust across all the cities studied (see

Fig. 3(B)), which means that each latent behavior•s relative weights are very similar de-

spite the di�erent geography, density, or even cultural nature of the cities. This is an im-

portant result that demonstrates our method•s robustness across di�erent cities and the

homogeneity of activity patterns across the U.S. However, there are small but important

variations. For example, the relative weight of the •CollegeŽ behavior is larger in Boston

wBoston
ij = 0.270± 0.001 because of the large population of university students in the area.

Also, cities with better public transportation systems like Boston, Washington DC, or

N.Y., have larger weights in the •Out and aroundŽ latent behavior than cities like Dallas

or Detroit, where public transportation is scarce. Other signi“cant variations happen in

the •Co�ee ShopŽ latent behavior, more present in cities like San Francisco or Seattle than

in the rest. This is expected given that those cities are the ones with the most co�ee shops

per capita [46]. Taking together these results shows the adaptability and robustness of our
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Figure 3 Users’ latent behaviors and lifestyles (A) Distribution of weights by latent behavior for three di�erent
users in our database. User 1 behavior is dominated by the •Local tripsŽ behavior and has low entropy.
However, user 3 has a larger entropy, and her behavior is a very diverse mixture of latent behaviors, including
•Bar + FoodŽ and •Co�ee ShopŽ. (B) Average weight for the di�erent latent behaviors in all areas (black) and
di�erent cities. (C) Correlation between the weight of latent behaviors and di�erent demographic and urban
characteristic features like population density, median income, percentage of Black population, and
percentage of people using public transportation. (D) Distribution of user•s weight entropy

latent behaviors to describe the similarities and peculiarities of activity patterns in the

di�erent cities in the U.S.

3.2 Latent behaviors are not fully described by demographics or urban
characteristics

One important question is whether the detected latent behaviors can be explained by indi-

viduals• simple demographic or urban characteristics. Group segmentation using census-

type only data is traditional in marketing, [12, 47] and even the U.S. Census Bureau used it

to design its 2020 campaign [48]. Since mobility is highly in”uenced by socioeconomic sta-

tus, access to public transportation, or the density of the urban area, we could expect that

the detected latent behaviors might depend strongly on those features. However, we “nd

that users• weightswij are largely independent of the median income, population density,

the fraction of Black population, or even the fraction of people using public transportation

(see Fig.3(C) and Additional “le 1, Supplementary Table S1). We only “nd moderate cor-

relations with some latent behaviors. For example, low-income people have more •Local

tripsŽ latent behavior, while •Co�ee ShopŽ is a behavior more likely to be found in high-

income areas. Of course, •Out and aroundŽ latent behavior is more prevalent in areas with

higher public transportation use. Apart from those cases, the correlation between our la-

tent behaviors• weights and demographic and urban features is very smallR2 ≤ 0.1 (see

Additional “le 1, Supplementary Note 6 and Additional “le1, Supplementary Table S1).

Thus, latent behaviors detected using mobility data are di�erent from the traditional cen-

sus demographic traits. The detected activity patterns give a di�erent and complementary
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perspective of our cities than traditional census analysis, allowing us to construct a richer

behavioral census that includes those behaviors.

3.3 Association of latent behaviors with social, mobility, and health problems
To demonstrate the complementary power of the latent behaviors to traditional census

approaches, we have analyzed their association with di�erent social, mobility, and health

outcomes in the 11 cities. In the social dimension, we have consideredIi, the income inte-

gration (or diversity) experienced by each individual, introduced in [8]. This quantity re-

”ects how homogeneous is the exposure of each individual to the di�erent income groups

in the city: by using the household median income of the Census Block group where user

i lives, we can quantify the income group (income quartile within each city) she belongs

to. Using that information for each user, we can estimate the amount of time a useri is

exposed to the di�erent income groups in the city while visiting di�erent venues: ifIi = 0,

individual i only goes to places where her particular income group is the majority. IfIi = 1,

the individual is exposed equally to people from all the city•s income groups (Methods

Sect.2.3). Other versions of diversity exposure have been analyzed recently [9] and, in

particular, income exposure diversity is related to social capital and impacts economic

opportunities, and social income mobility of individuals [49]. Also, along the social di-

mension, we have studied the individual•s place explorationEi, which measures the rate

of visitation to di�erent places by i in our time period [50]. That is, if Ni is the number

of visits made by useri and Si is the number of unique places visited, thenEi = Si/Ni. Al-

though people spend most of their time in a very small number of places [2, 24], it is well

known that some tend to visit more places (explorers, Ei � 1), while some others spend

most of their time in a small set of places (returners, Ei � 0). Explorers are people that go

very often to never visited before places, while returners are constantly coming back to

places that they already visited. Those two distinct classes of individuals have been found

in many di�erent mobility studies [2, 8, 51], but also in other people•s activities like social

network connections [52], web browsing [53], or knowledge discovery [54].

Both income exposure diversity and place exploration are crucial to understanding the

social component of mobility in our cities and, speci“cally, how segregated (not inte-

grated) people are. As was found in [8] experienced income integration is moderately and

positively related to place exploration (ρ = 0.456± 0.001). To test the association of the

latent behaviors in these problems, we have used a regression model:

Ii,Ei ∼
k∑

j=1

βjwij +
m∑

l=1

γldl + MSAi + εi, (1)

where dl refers to the four demographic and urban features mentioned before (median

household income, the density of the area, the fraction of Black people, and the fraction of

use of public transportation), and MSAi is a “xed factor by city (Metropolitan Statistical

Area). Including the census variables and city-“xed e�ects allows us to investigate the

fundamental role of latent behaviors once we control for potential e�ects by demographic

and urban characteristics and the city where users live. In our models, census features are

always less important to explain that variability (R2 = 0.059 forIi andR2 = 0.025 forEi only

using census variables) than our latent behaviors (R2 = 0.164 andR2 = 0.26 respectively

using also latent behaviors, see Additional “le1, Supplementary Tables S2 and S3. This
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result shows that our latent behaviors encode most of the social-economic integration and

exploration variability across users, which are largely independent of census variables.

Nevertheless, not all latent behaviors have the same e�ect on experienced income seg-

regation and exploration. Figure4 shows the relationship [measured as the standardized

coe�cient βj in the model (1)] of the di�erent latent behaviors with both social problems.

We “nd that the latent behaviors that impact economic integration are related to shopping

or food/co�ee. In contrast, others like college, o�ce, or health are not heavily associated

with economic integration. Interestingly, behaviors like •Shopping WeekendŽ or •Co�ee

ShopŽ are positively associated with economic integration, while behaviors •EducationŽ,

•FactoryŽ or •Shopping weekdaysŽ are more present in users with more considerable expe-

rienced income segregation. This might be explained by the fact that shops, co�ee shops,

or some restaurants are more economically diverse in the city than factories, education,

or local shops [8]. In general social exploration follows the same pattern, although people

with more •Local tripsŽ behavior tend to be more explorers without being more integrated.

These results show that the latent behaviors carry signi“cant explanatory power of the in-

come diversity and exploration experienced by people in the urban areas analyzed.

We have also studied other problems related to transportation and health. Lifestyles are

crucial to understanding our mobility choices or opportunities and transportation rou-

tines [19], but also physical activity and the prevalence of some health conditions [21].

Since we do not have individual health conditions, we have used data from the Census,

the Bureau of Transportation Statistics (BTS), and the Center for Disease Control to take

variables by census tractα describing the average distance traveled by residentsDα , the

fraction of people that have more than 45 minutes of commutingCα , the fraction of peo-

ple with leisure-time physical activity in the past monthPα and the fraction of people with

no obesityOα (see Methods Sect.2.3). To study the relationship of our latent behaviors

with those problems, we construct the average weight by census tractŵα,j for all the users

living in that tract α and “t them using similar models as Eq. (1), see Additional “le 1,

Supplementary Note 6.

As we can see in Fig.4, local behaviors like •Out and aroundŽ have a strong negative

association with the distance traveled, although the association with commuting duration

is positive. In general, tracts with more shopping behavior travel more, while those with

larger •Co�ee ShopŽ or •Bar + FoodŽ latent behavior have smaller commutes and distance

traveled. Since our data is projected at the level of the census tract, individual variability is

averaged out, and thus, demographic and urban variables are more important to explain

the variability in transportation variables. However, our latent behaviors still explain part

of how people commute or move around the city, even if we condition on income, race

composition, density, or use of public transportation (see Additional “le1, Supplementary

Note 6).

Finally, we see in Fig.4 that, although not all of them are relevant, there are a fraction of

latent behaviors that have a signi“cant association with health outcomes. As expected,

more presence of latent behaviors like •Local tripsŽ (which include visits to Fast Food

venues) is associated with less Physical Activity and more Obesity, while behaviors like

•Out and aroundŽ or •Co�ee ShopŽ are positively associated with the amount of Physi-

cal Activity and the absence of Obesity. However, social and mobility important behaviors

like shopping are not signi“cantly related to health outcomes. This is even after controlling
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Figure 4 Relationship of behavioral patterns with social, mobility, and health problems. (A) Bars show the
coe�cient of each behavior weight (columns) on the di�erent regression models for each social-economic
integration, place exploration, the fraction of people with longer than 45 min commute, amount of distance
traveled by day, the fraction of people doing daily physical activity, and the fraction of people not having
obesity (rows). (B) Bar shows theR2 for each model, including only the demographic variablesD, only the
mobility behavioral weightsM, and both togetherM + D. Panel (A) correspond to the coe�cients for the
M + D case. See Additional “le1, Supplementary Note 6 for the complete regression tables

for demographic variables like income or race, which are the most critical determinants

of those health outcomes [55].

In summary, our results show that our latent behaviors that constitute individual

lifestyles are signi“cantly correlated with social, transportation, and health outcomes. Dif-

ferent behaviors are related to di�erent dimensions, and in some cases, the importance of

latent behaviors is similar to or even surpasses that of demographic variables. For exam-

ple, knowing that a particular user has extensive shopping or food/co�ee behaviors can

better explain her economic integration and exploration than knowing her income (see

Additional “le 1, Supplementary Tables S2 and S3). Or conditioning on income or pop-

ulation density, we see that some behaviors like •Out and aroundŽ or •Co�ee ShopŽ are

associated with transportation and health outcomes.

4 Discussion
Understanding urban problems require a good description of human behavior in cities

[1, 56]. Our research shows that the high-dimensional nature of mobility of millions of

people visiting millions of places in the U.S. can be projected onto a small set of latent

behaviors that capture their routines and habits that result from their choices or oppor-

tunities accessible to them. Demographics or urban characteristics cannot fully explain

those latent behaviors, and people living in the same neighborhood with the same in-

come, race, or educational levels might have di�erent shopping, working, or leisure latent

behaviors, resulting in entirely di�erent lifestyles. Since the composition of the lifestyles

is robust across di�erent geographical areas and cities, our results could be used to build
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characterizations and compare individuals and groups at di�erent geographical and de-
mographic levels. This could enrich the current Census by including the composition of
the di�erent latent behaviors to study urban areas. It could also help in methods of exploit-
ing mobility data by preserving the privacy of individuals. This can be done by computing
projected aggregated variables along those latent behaviors rather than detailed and more
invasive individual visitation patterns.

Our latent behaviors describe how people organize their visitation patterns and mobility
around the city. For example, we “nd that people that make trips to errands also visit fast
food outlets frequently (•Local tripsŽ latent behavior), while heavy users of public trans-
portation (bus) also spend much time in the neighborhood and entertainment (•Out and
aroundŽ). Working life is also related to nightlife. These dependencies show that those la-
tent behaviors represent combined aspects of our life that occur concurrently and which
could be used to devise successful holistic interventions to change people•s lifestyles. For
example, people that run many errands might choose fast food because they are time-poor
or because errands take place around speci“c food environments (food swamps). Our re-
sults can help design public health interventions that incorporate those distinct lifestyles
to identify those routines and habits that are most risky for health [57].

We note that latent behaviors have a di�erent relationship with social, transportation,
and health outcomes. For example, while weekend shopping behaviors are associated with
more exposure to economic diversity of urban dwellers, they carry more commuting time
and travel distance and, thus, more pollution. Similarly, the •Out and aroundŽ latent be-
havior is associated with longer commutes and more physical activity or the absence of
obesity. Since most urban interventions are likely to change the relative weight of those
latent behaviors or ultimately change them completely, it is essential to balance the trade-
o� among social, transportation, and health outcomes encoded in those behaviors. Also,
not all behaviors have the same weight in describing users• lifestyles. Shopping, food, or
working latent behaviors are the most important, suggesting that they are the ones where
interventions to change experienced income segregation, transportation, or health out-
comes could be more considerable [25].

Our results show that activity lifestyles are not monolithic groups of homogeneous be-
havior among people. Our framework of describing lifestyles as a combination of latent
behaviors re”ects that lifestyles are instead a continuum spectrum of the relative balance
between work, shopping, transportation, or leisure time. Given the ubiquitous nature of
mobility and activity data from mobile phones, we hope this framework could be used in
the future to understand better the rapid and extensive scale changes in other urban areas
and cities worldwide.
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