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Abstract 
Accurately modeling of individual movement in cities has significant implications for policy decisions across various sectors. 
Existing research emphasizes the universality of human mobility, positing that simple models can accurately capture 
population-level movements. However, population-level accuracy can mask structured heterogeneity at the individual level 
and does not guarantee consistent performance across all individuals. By overlooking individual differences, universality laws 
may accurately describe certain groups while less precisely representing others, resulting in systematic biases at the 
individual level. Using large-scale mobility data, we assess accuracy at individual level of a universal model, the Exploration 
and Preferential Return (EPR) model, by examining deviations from expected behavior in two scaling laws—one related to 
exploration and the other to return patterns. Our findings reveal that, while the model can accurately describe population- 
wide movement patterns, it displays widespread deviations linked to behavioral traits, socioeconomic and lifestyles of 
individuals, which are not fully captured by the model’s assumptions. In particular, individuals poorly represented by the EPR 
model exhibit bursty exploration and sequential routine behaviors, associated with stronger temporal irregularity and 
habitual repetition. Among socioeconomic factors, income emerges as the strongest predictor of deviations from the model, 
leading to significant spatial disparities in accuracy. Notably, the universal accuracy of the EPR model deteriorates in 
urbanized and densely populated areas, underscoring essential policy implications. Our results show that reliance on 
universal mobility models may lead to uneven predictive performance across socioeconomic groups, particularly for 
vulnerable populations whose mobility patterns diverge most from model assumptions.
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Significance Statement

Human mobility models are vital for understanding urban dynamics and informing transportation, infrastructure, and public 
health policies. While universal models like the Exploration and Preferential Return offer insights into population-wide movement 
patterns, our research shows that aggregate accuracy can mask structured individual-level heterogeneity, with model perform
ance varying significantly across socio-demographic groups. By analyzing large-scale mobility data, we reveal that this model 
poorly represents individuals with lower incomes and more constrained routines. These systematic differences in model perform
ance may lead to uneven predictive accuracy across socioeconomic groups when such models are used in policy-making con
texts. Our findings highlight the importance of incorporating behavioral heterogeneity and urban context when interpreting 
and applying universal mobility models in transportation, infrastructure, and public health.
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Introduction
As the global urban population continues to rise, cities play an in
creasingly pivotal role in societal development and daily life. This 

demographic shift amplifies the need for a deep understanding of 
human mobility within urban environments. Effective modeling 
of city movements is crucial not only for urban planning (1) and 
infrastructure development (2) but also for enhancing public 
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services (3), alleviating traffic congestion (4, 5), fostering social in
tegration (6, 7), and controlling the spread of epidemics (8, 9).

Human mobility models (10) often seek to identify and replicate 
universal laws governing movement patterns. These include the 
distribution of travel distances (11, 12), the scaling of mobility flows 
with distance and population size (13, 14), and the spatiotemporal 
dynamics of aggregate movements (15). While these models have 
made significant strides in replicating observed aggregated behav
ioral patterns, their universal applicability remains uncertain across 
diverse populations. Rather than just mathematical exercises, mo
bility models must account for the reality that universality often 
comes at the cost of overlooking individual and group-level diver
sity. As a result, aggregate universality may mask structured hetero
geneity in mobility behavior. Addressing this issue is essential to 
better understand the limitations and uneven performance of mo
bility models across different population groups and to support 
more inclusive urban planning and policy-making.

Over the years, various universal approaches have been pro
posed to model human mobility at both population and individ
ual levels. At the macro level, mobility models often rely on the 
gravity (13, 16, 17) and radiation (14) laws to predict movements 
between meta-populations. At the individual level, random walk- 
based inspired models (11, 18) have been employed, assuming 
that humans behave like randomly moving particles (19). The 
Exploration and Preferential Return (EPR) model (20) stands 
out among individual mobility models due to its simplicity and 
ability to replicate key scaling laws observed in human mobility. 
By assuming lower stochasticity in human trajectories, this mod
el increases predictability (21, 22) by focusing on two primary 
mechanisms: people explore new places less frequently over 
time and revisit highly visited locations more often. Due to its ro
bustness, the EPR model has inspired extensions incorporating 
factors such as physical constraints (23), recency effects (24), 
ranking mechanisms (25), place relevance (26), routine behaviors 
(27), and social preferences (6).

However, despite allowing for individual variability in parame
ters, the model still relies on common underlying mobility mech
anisms shared across individuals, overlooking variations in 
mobility patterns across different socioeconomic groups and life
styles. For instance, socioeconomic status influences daily travel 
distance (28–30), travel frequency (31), the socioeconomic profile 
of visited locations (6, 32, 33), and the ability to adjust mobility 
during emergencies (34–37). Additionally, people visit places ac
cording to identifiable activity behaviors and lifestyles that span 
across sociodemographic groups (38). These differences are re
flected in well-established heterogeneities in mobility patterns, 
including variations in routine behavior, temporal irregularity, 
and activity diversity (28, 39, 40). The EPR model can incorporate 
some of these factors by making its paramaters dependent on in
dividual descriptors. Yet, the model still relies on common under
lying exploration and return mechanism across individuals, 
potentially overlooking systematic behavioral diversity in the 
way people explore the city and return to their preferred places.

In this article, we aim to evaluate the performance of the EPR 
model mechanisms at the individual level. Our focus is on the scal
ing laws related to exploration dynamics and visitation frequencies. 
Specifically we assess whether the model represents the mobility of 
individuals with different behavioral characteristics equally well. 
Our analysis reveals a broad range of deviations from the model’s 
expectations, associated with behavioral patterns that are not fully 

captured by its microscopic assumptions. We investigate the types 
of places visited when these assumptions are violated and the soci
odemographic and lifestyle characteristics of individuals who devi
ate most from the model. Finally, we discuss the key implications of 
our findings, highlighting how aggregate universality can coexist 
with systematic and socially stratified differences in individual-level 
model performance.

Results
To address our scientific challenge, we analyze the microscale 
movements of 1.5 million anonymized users in 11 core-based 
statistical areas (41) (CBSAs) in the United States, recorded be
tween October 2016 and March 2017. These data are extracted 
from a device-level dataset of high-resolution privacy-preserving 
mobile location pings for 4.5 million devices (for details on the 
raw data and cleaning process, see Materials and methods). 
For each user, we have a list of fine-grained spatially and tempor
ally localized visits, each associated with a Foursquare venue and 
its category classification (42). In the following analysis, we focus 
on a subsample of 51,648 users from the Boston–Cambridge– 
Newton CBSA (referred to as Boston for simplicity). The analysis 
of other CBSAs can be found in the Supplementary material. 
Additional analyses on data representativeness, income- 
balanced resampling, and robustness to sampling biases are 
also reported in the Supplementary material.

Individual level deviations
In the framework of the Exploration and Preferential Return (EPR) 
model, users move between locations. At each step, a user u can ei
ther return to a previously visited place (return step) or explore a 
new place (exploration step). The individual tendency of a user u 
to explore, given that they have already visited S distinct locations 
is embedded in the exploration probability Pu(S) = ρuS−γ. This prob
ability is controlled by the individual parameter ρu, which is derived 
from the total number of distinct places visited by u compared to the 
total number of visits (see Materials and methods for details). With 
probability 1 − Pu(S) the user returns to an already location with 
probability proportional to the fraction of visits the user has made 
to that location. The parameter γ = 0.22 has been computed on 
the same dataset and for the same sample of users in (6), and it is 
fixed for all users. Note that similar values of γ were obtained for oth
er different datasets (20).

The EPR model accurately reproduces two key aspects of hu
man mobility: exploration dynamics and visitation frequency, 
at least on average. For exploration dynamics, the model as
sumes that exploration events happen stochastically in time. 
Thus, we focus on the inter-event time τu,S, which we define as 
the number of steps after which a user u visits a new location, giv
en that they have already visited S distinct places. According to 
the model (see Materials and methods for details), the expected 
inter-event time 〈τu,S〉 is given by 〈τu,S〉 = P−1

u (S) = Sγ/ρu. 
Meanwhile, a consequence of the preferential return mechanism 
is that the visitation frequency to the kth most visited location by 
a user u follows a universal Zipf’s law, where 〈 fu,k〉 ∼ k−γ.

If we average τu,S or fu,k among users in our data, as seen in 
panels Fig. 1A and D, the EPR model accurately reproduces 
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both the exploration inter-event time and the visitation fre
quency. Nevertheless, looking at the individual level, by measur
ing these properties for each user separately, strong deviations 
appear for certain people from their predicted behavior.

For demonstration, Fig. 1B and E (upper panels) show an ex
ample of a user whose τu,S and fu,k adhere well to the scaling 
laws. In contrast, Fig. 1B and E (lower panels) illustrate the 
same metrics for a user whose behavior deviates from the pre
dicted scaling. To quantify this effect, we introduce two individ
ual metrics. To detect deviations from the exploration 
inter-event times, we define ϵu as the symmetric mean absolute 
percentage error (SMAPE) between τu,S and 〈τu,S〉 for a user u:

ϵu =
1

Su

􏽘Su

S=1

|τu,S − 〈τu,S〉|

|τu,S| + |〈τu,S〉|
, 

where Su is the total number of distinct places the user u visits. 
For the visitation frequency, ηu is defined as the Kullback– 
Leibler divergence between distributions fu,k and 〈 fu,k〉:

ηu =
􏽘Ku

k=1
fu,k log

fu,k

〈 fu,k〉
, 

where Ku is the rank of the least visited location (excluding loca
tions visited only once, to remove the tail effect visible in Fig. 1B). 
To assess if deviations are due to the stochasticity, we compute 
both metrics for real and simulated mobility trajectories gener
ated by the EPR model.

The distributions of ϵu and ηu for real and simulated users in the 
Boston area are shown in Fig. 1C and F, respectively. To facilitate 
comparison between the two variables (which is necessary for 
subsequent analysis), we normalize them to a range between 0 

and 1. These distributions reveal that, while the EPR model repro
duces the exploration dynamics and visitation frequency well on 
average, it does not equally represent the behavior of every user. 
Notably, the observed deviations are not solely due to the sto
chastic nature of the model. The orange distributions in Fig. 1C 
and F show the equivalent results from stochastic EPR model sim
ulations for the same set of users (see the Supplementary 
material for details). Although stochasticity partially accounts 
for the observed variance (particularly for ηu), significant differen
ces remain, particularly for the largest deviations, which cannot 
be explained by the model’s stochastic variation alone. This ob
servation holds not only for Boston but for every CBSA consid
ered, as demonstrated in the subpanels of Fig. 1C and F, which 
display the mean and standard deviations of the real and simu
lated distributions of ϵu and ηu across all CBSAs.

Interestingly, despite measuring different mobility properties, 
the two deviation metrics show a strong correlation (Pearson 
correlation of 0.75), suggesting that a similar set of users system
atically deviates from the model expectations in both dimen
sions. Using Monte Carlo significance tests against stochastic 
EPR realizations, we find that between ∼14 and 21% of users 
across CBSAs exhibit statistically significant deviations simultan
eously in both dimensions (see Supplementary material).

Microscopic mechanisms
Given that some individuals show strong deviations from the EPR 
model, we aim to identify the mobility aspects that the model 
overlooks due to its assumptions and how these omissions con
tribute to poor demographic representativity.

A B C

D E F

Figure 1 Individual deviations beyond population-wide accuracy. A) The average exploration inter-event time as a function of the number of distinct places S for 
users with different values of ρu (thin lines) and the corresponding predictions by the EPR model (thick lines). B) Individual-level observations of exploration 
inter-event time as a function of S (thin lines) and the predictions of the EPR model (thick lines) for two example users who visited 20 distinct places and that 
show, respectively, well-fitting (upper panel) and deviating (lower panel) behavior compared to the model. C) Distribution of individual deviations ϵu from the 
data and from stochastic simulations of the EPR model. The inset shows the mean and SD of the same distributions across all CBSAs. D) Average visitation 
frequency of ranked locations according to the EPR model (line) and for users with different values of S. E) Same as B) but for visitation frequency. F) Same as E) 
but for ηu.
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First, one source of the deviations can be related to the individ
ual exploration tendency, encoded in the parameter ρu. It con
trols the stochastic part of both ϵu and ηu, thus it partially 
explains their observed distributions even for simulations shown 
in Fig. 1C and F (for details, see Supplementary material). 
Nevertheless, while the exploration tendency is already inte
grated into the EPR model, we can use it as a control variable 
to rule out its stochastic effects on the deviations, when we focus 
on characteristics or mechanisms that the model fails to capture.

Regarding the inter-event times between consecutive explora
tions, the EPR model assumes that the probability of exploration 
decreases uniformly as the number of distinct visited places 
grows, according to the relation Pu(S) = ρuS−γ. This assumption, 
however, does not explicitly account for burstiness, i.e. the inter
play between long periods of low activity and short periods of 
high activity, a widely observed phenomenon in human dynam
ics (43). We hypothesize that users who exhibit more bursty ex
ploration dynamics, will have a higher ϵu. These users exhibit a 
stronger tendency toward a microscopic feature that is not fully 
captured by the EPR model and is closely related to the inter- 
event time τu,S.

To test this hypothesis, we measure the exploration burstiness 
as the parameter defined in Ref. (44) for each user (see Materials 
and methods for details) and analyze its relation with ϵu, while 
controlling for stochastic uncertainty via ρu. While conceptually 
related to established measures of temporal irregularity and ac
tivity variability (40, 43) (see Supplementary material), explor
ation burstiness specifically quantifies the intermittency of 
exploration events within individual mobility trajectories. The re
sults are shown in Fig. 2A, where we group users into quantiles of 
ρu and exploration burstiness and compute the average ϵu within 
each group. This parameter space reveals that, beyond the ρu de
pendency, ϵu is positively associated with exploration burstiness. 
In fact, when considering a sample of users with the same explor
ation tendency, the more bursty users tend to be less well- 
represented by the EPR model in terms of their exploration dy
namics. This association remains qualitatively stable after strati
fying users by total activity volume (see Supplementary 
material).

The microscopic mechanism leading to the distribution 
〈 fk〉 ∼ k−γ of visitation frequency in the EPR model is the prefer
ential return criterion. This is a widely observed and modeled 
phenomenon in human systems (45), though it may not equally 
describe the behavior of all individuals. According to this criter
ion, the probability Πi of visiting location i is equal to the fraction 
of visits ϕi the user has made to that location up to the point of 
observation. Our hypothesis is that the less a user follows this cri
terion, the less their visitation frequency distribution will align 
with the 〈 fk〉 ∼ k−γ scaling.

To test this hypothesis, we define the biased return as the 
SMAPE between Πi and ϕi for each user (for details, see 
Materials and methods). Unlike burstiness-related measures, 
biased return is only weakly correlated with established mobility 
metrics related to recency and routine, such as immediate-return 
rates, visitation entropy, and activity-space concentration meas
ures (39, 40) (see Supplementary material). This suggests that 
biased return captures a more specific deviation from the 
preferential-return mechanism itself. Similar to the case of ex
ploration burstiness, to measure the biased return, we group 
users into quantiles of ρu and biased return, and compute the 

average ηu deviation within each group. As shown in Fig. 2B, 
the deviation ηu is positively associated with biased return, in 
addition to its expected dependence on ρu, especially for the low
est values of ρu. Specifically, for users with similarly low explor
ation tendencies, the more their mobility patterns deviate from 
the preferential return assumption, the less their visitation fre
quency distribution aligns with the EPR model’s expected out
come of 〈 fk〉 ∼ k−γ. Conversely, for highly explorative users, 
adherence to the preferential return mechanism does not seem 
to strongly influence the accuracy of the visitation frequency pre
dicted by the EPR model.

To determine whether these observations are generalizable to 
other locations, we repeated our analysis for all CBSAs. As it turns 
out (see Supplementary material for details), the roles of explor
ation burstiness and biased return in determining the deviations 
ϵu and ηu are robust and consistent across all CBSAs analyzed.

Behavioral characterization of 
microscopic mechanisms
After assessing the direct and individual-level relationship be
tween deviations from scaling laws and violations of the EPR 
model’s assumptions, we aim to characterize these violations 
from a behavioral perspective. In other words, we want to inves
tigate what types of places people visit when they deviate from 
the predicted exploration dynamics of the EPR model, instead 
engaging in bursty exploration periods. Similarly, where do peo
ple tend to return when they their mobility patterns deviate from 
the preferential return criterion?

As previously mentioned, we can address these questions be
cause every step in our dataset is associated with a Foursquare 
venue with its own category and one of 13 macro taxonomy 
groups (see Materials and methods and Supplementary 
material for details), such as Coffee/Tea, Grocery, and 
Shopping. To characterize exploration burstiness, we analyze 
the taxonomy of bursty exploration trains, i.e. the place categor
ies most likely visited during sequences of consecutive explor
ation steps (see Materials and methods for details). More 
specifically, we compare the frequency of visits to a given macro
category with its overall frequency of visits, as well as its fre
quency of visits during exploration steps only. Both 
comparisons are important: the first tells us how much more 
or less a category is visited during bursty trains compared to 
any other step, while the second restricts the comparison to ex
ploration steps only, as specific categories may generally be vis
ited more frequently during exploration but not necessarily 
during bursty periods. We measure both these relative frequen
cies for all the 13 taxonomy groups to characterize what places 
people visit more likely when they explore in a bursty manner.

As shown in Fig. 2C, bursty trains are indeed characterized by 
specific categories. In particular, amusement places such as mu
seums and art galleries, coffee shops, and shopping locations are 
visited significantly more often during bursty exploration trains. 
Conversely, routine locations such as colleges and workplaces 
are rarely explored during bursty trains. Additionally, the macro 
category City/Outdoor, which comprises parks, neighborhoods, 
and residential places, is typically not explored in a bursty man
ner. The other categories show either small or diverging differen
ces with respect to the comparisons considered.
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Regarding biased return, recency has been identified and ob
served as one of the phenomena that characterize human mobil
ity and is not captured by the original EPR model formulation 
(24). Recency describes a memory effect, indicating that humans 
tend to return not only to highly visited locations but more fre
quently to those visited recently, and is closely related to short- 
term memory and path-dependence effects (see Supplementary 
material). In contrast, the preferential return criterion does not 
account for this effect, assuming that all locations can be revis
ited based solely on their past frequency of visits, without consid
ering the temporal order of those visits. To capture this effect 
while drawing a parallel with bursty trains, we introduce the con
cept of recency trains, i.e. sequences of consecutive return visits 
to the same place. Importantly, recency trains capture short- 
term sequential persistence in mobility behavior rather than gen
eric long-term routine or visitation frequency concentration. We 
characterize these recency trains using the same methodology 

applied to bursty exploration trains. Specifically, we compare 
the frequency of visits to a given category with both its overall 
frequency and, in this case, its frequency during return steps 
only.

The results are shown in Fig. 2D, where we observe a some
what mirrored pattern compared to bursty trains. When people 
repeatedly return to the same place, they tend to do so at routine 
and habitual locations, such as residential areas, workplaces, as 
well as transportation hubs and sports venues. In contrast, 
amusement places like coffee shops, restaurants, and shopping 
malls are not typically revisited continuously. Interestingly, en
tertainment places also appear in recency trains, though not sig
nificantly. It is also surprising that routine categories such as 
College and Groceries are notably absent from recency trains. 
This suggests that recency trains do not simply capture generic 
routine behavior, but rather short-term sequential persistence 
at the level of individual venues. Importantly, the analysis is 

A B

C D

Figure 2 Deviations are related to violations of the EPR model’s microscopic mechanisms. A) Average values of the deviation ϵu (color-coded as in the color bar) 
for users grouped in quantiles of ρu and exploration burstiness. Controlling for stochasticity with ρu, ϵu increases with burstiness. B) Average values of the 
deviation ηu (color-coded as in the color bar) for users grouped in quantiles of ρu and biased return. Controlling for stochasticity with ρu, ηu increases with biased 
return. C) Characterization of exploration bursty trains, i.e. sequences of consecutive exploration steps, in terms of relative visits to defined categories, 
compared to all visits (blue bars, left y-axis) and to exploration steps only (red bars, right y-axis). D) Characterization of recency trains, i.e. sequences of 
consecutive visits to the same place, in terms of relative visits to defined categories, compared to all visits (blue bars, left y-axis) and to return steps only (red 
bars, right y-axis).
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relative in nature: categories are compared against both their 
overall visitation frequency and their visitation frequency during 
return steps more generally. Therefore, the absence of strong 
overrepresentation in recency trains does not imply that categor
ies such as groceries or colleges are not recurrent or routine des
tinations. Rather, recurrent activities such as grocery shopping or 
university-related mobility may still constitute highly regular rou
tines while being distributed across multiple locations or inter
leaved with other daily activities, reducing the prevalence of 
long consecutive return sequences to the same venue.

The results of this section are consistent across all CBSAs, as 
detailed in the Supplementary material.

Socio-demographic disparities
Finally, having identified the microscopic mechanisms whose vi
olations are associated with deviations from the model, and how 
these violations are characterized from a behavioral perspective, 
we aim to characterize who is more prone to these patterns and, 
hence, at risk of not being modeled correctly. To answer this 
question, we test whether the deviations are related to any indi
vidual traits concerning the sociodemographics and life habits of 
people. Our goal is to explore whether deviations are uniformly 
distributed across the population or if there are specific groups 
that show significantly larger deviations, meaning they are less 
well-represented by the EPR model. Based on their inferred 
home census tract, users are related with sociodemographic in
dicators (related to wealth, education, race, and means of trans
portation; see Materials and methods for details) of those areas. 
We also get lifestyle indicators for each user based on the fraction 
of times they visited places of a given category, see Materials and 
methods for more information.

Given a sociodemographic indicator, we compute its distribu
tion for people in the highest and lowest 10% quantiles of the ϵu

and ηu distributions. These are users who are respectively de
scribed as the worst and best by the EPR model. In Fig. 3, we 
show these distributions for the sociodemographic variables of 
income (A), car usage (B), and the fraction of White population 
(C) for the two extreme quantiles of ϵu. The income distribution 
of the worst-described users in the highest 10% of ϵu is shifted 
to lower values compared to the best-described users in the low
est 10%. This implies a possible correlation between income and 
the ϵu deviation, suggesting that the EPR model predicts less ac
curately the mobility of people living in lower-income areas. 
Meanwhile, the same distributions computed for fraction of 
White people and car owners are less concentrated but skew to
ward lower values for those in the highest 10% of ϵ errors. 
Additionally, similar observations appear when investigating 
the ηu deviations (for details, see Supplementary material). 
These findings suggest that users poorly represented by the 
EPR model, in terms of both exploration dynamics and visitation 
frequency, are more likely to live in areas of lower income, less 
car ownership and less White population than those who are 
well-represented by the model.

To establish a more robust observation of these sociodemo
graphic biases, not only for extreme quantiles but for all users, 
we perform a LASSO regression with 10-fold cross-validation. 
We use the deviation metrics (ϵu or ηu) as dependent variables, 
and all sociodemographic and life habit features as predictors 

(see Materials and methods for details). We control for Su and 
Ku (respectively for ϵu and ηu) to avoid measuring an effect due 
to varying sample sizes used to compute the dependent varia
bles. Interestingly, we achieve R2 = 0.20 correlation between 
the observed ϵu and predicted ϵ̂u (R2 = 0.19 for ηu, see 
Supplementary material), indicating that the deviations are not 
randomly distributed. On the contrary, they can be partially pre
dicted by users’ sociodemographic and life habit features, as 
seen in Fig. 3D and the Supplementary material. Similar scores 
are achieved for all 11 CBSAs (see Supplementary material for 
details).

Importantly, these associations remain qualitatively robust 
after conditioning for local built-environment characteristics, in
cluding nearby POI density and diversity around users’ home lo
cations (see Supplementary material). While environmental 
opportunity structure contributes additional explanatory power 
to the regression models, socioeconomic and lifestyle-related as
sociations persist even after accounting for differences in urban 
accessibility and local venue diversity.

The different features ranked by their regression coefficients 
(in Fig. 3E) identify income as the most relevant sociodemo
graphic characteristic in determining the ϵ error (and also η, 
see Supplementary material). Indeed, this significantly negative 
coefficient of income in both regressions verifies our earlier ob
servation that users poorly represented by the model are more 
likely to live in areas of lower income. Moreover, this observation 
is robust across all CBSAs analyzed (for details, see 
Supplementary material), with income consistently showing 
the largest negative coefficient. Exceptions appear for ηu in 
New York and Los Angeles, where income has the second most 
negative coefficient (details in the Supplementary material). On 
the other hand, the coefficient for car use behaves differently 
for the two deviation metrics, being negatively associated with 
ϵu and positively with ηu, not only in Boston but in most CBSAs 
(details in Supplementary material). Interestingly, after 
conditioning for built-environment exposure, car usage becomes 
positively associated with both deviation metrics (see 
Supplementary material), suggesting that part of the original 
mixed association was confounded with differences in urban ac
cessibility and environmental structure. Finally, contrary to our 
earlier conjecture, area’s ethnicity does not strongly influence 
model performance in Boston, but it is significant in some 
CBSAs (details in Supplementary material). In particular, we 
found that areas with more Black population show less deviation 
from the model, indicating that people living in those areas are 
often more likely to be well-represented by the model.

Similar to the census variables, model deviations are also 
strongly biased concerning certain life habits, as shown in 
Fig. 3F, where we present five features with the highest and low
est coefficients. A positive coefficient for a given category indi
cates that users who spend a significant fraction of their time 
visiting that category are likely to exhibit higher deviations 
and, consequently, be poorly represented by the model. 
Conversely, a negative coefficient indicates that users who spend 
much of their time in that category are more likely to adhere to 
the model. Places like offices, factories, and buildings are primar
ily positively associated with larger deviations. In contrast, nega
tively correlated categories include restaurants like Sushi and 
American. In the Supplementary material, we show the results 
for all categories, grouping them by the macro category they 
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are assigned to. Most place belonging to the “Food,” “Shopping”, 
and “Arts/Museum” macro categories are negatively related with 
deviations, while most places belonging to the “Work” and “City/ 
Outdoor” macro categories are positively related with devia
tions. Similar patterns are observed across all CBSAs (see 
Supplementary material for details). Overall, these results indi
cate that mobility constraints and routines have a strong impact 
on the adherence with the EPR scaling laws: users with more 
work-driven daily routines, who spend more time in offices and 
factories, are more likely to be poorly represented by the model, 
while users who spend more time in restaurants, museums, and 
shops are less likely to experience deviations.

Discussion
Our study highlights important limitations in the universal applic
ability of mobility models. Despite their simplicity appeal, modeling 
human mobility solely based on population-wide behavior carries 
the risk of overlooking variations across diverse populations. By 
analyzing large-scale mobility data, we compared individual explor
ation dynamics and visitation frequency with the predictions of the 
EPR model, revealing significant variations in adherence that can
not be fully explained by stochasticity. These findings underscore 
the potential pitfalls of assuming that a single framework applies 
equally to all individuals. In reality, urban mobility is highly hetero
geneous, influenced not only by personal preferences but also by 
external constraints. While unified models can offer valuable in
sights at the population level, it is essential to recognize that their 
accuracy will not be uniform across all individuals, and may be par
ticularly poor for some specific groups.

Our results demonstrate that individuals who deviate from the 
EPR model share distinct behavioral patterns. They tend to visit 
habitual locations in consecutive sequences and rarely engage in 

exploration. When they do explore, it happens in short bursts, 
predominantly at nonroutine and amusement places. These be
haviors are not randomly distributed across the population but 
are strongly linked to socioeconomic factors, with individuals liv
ing in lower-income areas exhibiting systematically larger devia
tions from the model expectations.

These findings should be interpreted while acknowledging the 
well-known representativeness limitations of mobile phone mo
bility data. Smartphone-based datasets provide partial and un
even coverage of the population, with participation and data 
quality varying across socioeconomic groups, demographic char
acteristics, and urban contexts (46–50). Such biases can affect 
both descriptive mobility analyses and modeling applications 
(51, 52). In our case, additional analyses reported in the 
Supplementary material show that the observed associations re
main robust after accounting for income representativeness and 
applying representative resampling procedures. Nevertheless, 
these analyses address only one possible dimension of represen
tativeness, and other sources of bias may still affect the observed 
mobility patterns. While such limitations are difficult to eliminate 
entirely in large-scale digital mobility datasets, the robustness 
analyses suggest that the main findings are not solely driven 
by uneven socioeconomic coverage in the underlying data.

A notable implication of our findings is the unequal spatial ac
curacy of the EPR model. As shown in Fig. 4, users better repre
sented by the model tend to live in less densely populated 
suburban and rural areas. In contrast, those with the highest de
viations are concentrated in densely populated urban environ
ments (see Supplementary material for details). This spatial 
pattern is a combination of resident residential segregation by 
income, with wealthier individuals typically residing outside 
city centers, and our finding that the model perform better in 
those areas. Interestingly, while the EPR model is designed to 
simulate urban mobility, performs better in suburban and 

A

D

B

E

C

F

Figure 3 Deviations are biased toward sociodemographics and lifestyles. A) The income distribution of users in the highest and lowest 10% quantiles of the 
deviation ϵu. B) Same as A) for car usage. C) Same as A) for the probability of being white. D) Results of the LASSO regression: true ϵu vs. predicted ϵ̂u based on 
sociodemographic and lifestyle features. R2 is the coefficient of determination, and α is the regularization parameter. E) Coefficients of the socioeconomic 
features from the LASSO regression. F) Coefficients of the life habit features (showing only the highest and lowest 5) from the LASSO regression.
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exurban/rural settings where movement patterns are more pre
dictable. More broadly, the spatial and behavioral dimensions 
associated with these deviations may also connect to questions 
concerning opportunity exposure and long-term social mobility 
across neighborhoods (53–55), although investigating these con
nections directly lies beyond the scope of the present work.

From a broader modeling perspective, our findings suggest 
that the main limitation of universal mobility frameworks may 
not lie in their aggregate predictive power, but in the implicit as
sumption that model uncertainty is uniformly distributed across 
the population. In reality, deviations are structured, behaviorally 
meaningful, and socially stratified. This does not invalidate the 
importance or practical usefulness of these models. Rather, it 
highlights the importance of explicitly characterizing where 
and for whom model assumptions become less accurate. 
Depending on the application, incorporating additional mecha
nisms related to burstiness, recency or routine may help reduce 
some of the observed deviations.

These considerations are particularly relevant in dense urban 
environments, where mobility models are most commonly ap
plied and where our results reveal the largest deviations from 
the EPR framework. As mobility models become increasingly inte
grated into transportation planning, accessibility analysis, epi
demic modeling, and infrastructure design, uneven predictive 
accuracy across social groups may become increasingly import
ant to understand and communicate (34–36, 56, 57). This perspec
tive parallels the growing attention devoted to biases in digital 
mobility datasets: just as mobile phone data are widely used des
pite known representativeness limitations, mobility models may 
also need to be interpreted with awareness of their structured 
and nonuniform uncertainties. Understanding how model uncer
tainty is distributed across populations and urban contexts may 
become a central challenge for future mobility modeling.

Materials and methods
Data
Our privacy-enhanced geo-location data, provided by Cuebiq, con
sists of anonymized GPS records (“pings”) from users who opted in 
through a GDPR and CCPA-compliant framework. Collected in 2017 

under Cuebiq’s Data for Good program, the data is used for academ
ic research and humanitarian purposes. The dataset includes pings 
from 11 core-based statistical areas (CBSAs) between October 2016 
and March 2017: New York, Los Angeles, Chicago, Dallas, 
Philadelphia, Washington, Miami, Boston, San Francisco, Detroit, 
and Seattle. The original 70.2 billion pings from 14.3 million smart
phones were filtered to 67 billion pings from 4.5 million smart
phones by considering only devices with over 2,000 pings. Using 
the Hariharan and Toyama algorithm (58), we extracted stays 
from location trajectories and identified venues within a 200-m ra
dius. Stays under 5 min or over 1 day were discarded. Home loca
tions were inferred from the most common location (expressed in 
terms of Census Block Group) between 10:00 PM and 6:00 AM, fur
ther refining the data to 976 million stays from 3.6 million individu
als. Excluding users with <10 nights spent in their inferred home 
location or without visits to our set of venues, we are left with 1.9 
million users. Finally, discarding the lowest quintile in terms of 
the number of distinct visited places, the final dataset includes visits 
from 1.5 million users with at least 11 unique visited places. Refer to 
Ref. (6) for full details on privacy protection, visits extraction, and 
post-stratification techniques. Additional analyses on sampling 
bias, representativeness across income groups, and robustness 
under income-balanced resampling are reported in the 
Supplementary material. The use of this anonymized mobility data
set was reviewed and approved by Northeastern University IRB 
committee (protocol IRB 24-03-43).

Exploration tendency
The exploration tendency parameter ρu of a user u is given by:

ρu =
Sγ+1

u

(γ + 1)Nu
, 

where Su is the total number of distinct places, and Nu is the total 
number of places visited by the user.

Expected inter-event time
Since at every step the probability of visiting a new place for a 
user u is given by Pu(S) = ρuS−γ, the probability that the next ex
ploration step will occur after T steps is given by:

A B

G

C

H

D

I

E

J

F

K

Figure 4 Urban–suburban/rural divide. A–K) US census tracts division of the 11 CBSAs under consideration, where each tract is colored according to the 
difference count between the number of users in the highest and lowest 10% of ϵu + ηu with estimated home location in the tract.
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P(τu,S = T) = (1 − Pu(S))T−1Pu(S), 

which is a geometric distribution with expected value 〈τu,S〉 given 
by 〈τu,S〉 = P−1

u (S) = Sγ/ρu.

Sociodemographic indicators
Each user in our data set is assigned a Census Block Group, as 
measured by the 2012–2016 5-year American Community 
Survey (59) (ACS), as an inferred home location, using its most 
common location between 10:00 PM and 6:00 AM. From the 
same ACS data, we assign the user sociodemographic variables 
taken or calculated from its home Census Block Group indicators: 

• Income: median household income
• Car, Public transport: fraction of the population who take a 

given means of transportation (we consider only car and 
public transport) to commute

• Education: fraction of the population with a higher education 
degree

• White, Black, Asian, Hawaiian, Other races: fraction of the 
population who identifies with a given ethnicity or race.

Life habit indicators
Visits in the clean data set are associated with a Foursquare venue 
and its category. Venue categories are taken from the Foursquare 
classification (42). Moreover, categories have been manually 
grouped into 13 macro groups (6): Art/Museum, City/Outdoors, 
Coffee/Tea, College, Entertainment, Food, Grocery, Health, 
Service, Shopping, Sports, Transportation, Work. We assign 
each user a category score for each of the 592 Foursquare cat
egories, based on the fraction of visits spent in places classified 
in each category.

Regression model
To test the bias of the EPR model toward sociodemographic and 
life habit indicators, we run a regression model using either ϵu or 
ηu as the dependent variable and the full list of sociodemo
graphic and life habit variables as independent variables. 
Moreover, we also include Su and Ku, respectively for ϵu and ηu, 
as control variables, as they indicate the number of elements 
in the sum of either ϵu or ηu, respectively. Given the high number 
of features (one control, 10 sociodemographic, 592 for life hab
its), we consider a Least Absolute Shrinkage and Selection 
Operator (LASSO) regression, whose objective function is:

min
β

􏽘n

i=1
(yi − β0 −

􏽘p

j=1
βjxij)2 + α

􏽘p

j=1
|βj|

􏼠 􏼡

, 

where yi is the dependent variable, βi’s are the coefficients, xij are 
the independent variables and α is the regularization parameter. 
There are numerous reasons to use this type of model in our case. 
Indeed, through the regularization parameter α, it performs auto
matic feature selection by shrinking the least important coeffi
cients to zero, thus handling multicollinearity and preventing 
overfitting at the same time. We estimate the parameter α 

through 10-fold cross-validation with 3 repeated randomizations. 
All variables, including the dependent ones, have being standar
dized by substructing the mean and scaling to unit variance.

Exploration burstiness
Having the sequence of exploration inter-event times {τu,S} of a 
user u with Nu total visits, we can compute the burstiness coeffi
cient Bu for finite sequences as defined in (44):

Bu =
��������
Nu + 1
√

r −
��������
Nu − 1
√

��������
Nu + 1
√

− 2
( 􏼁

r +
��������
Nu − 1
√ , 

where r = σ(τu,S)/μ(τu,S) is the coefficient of variation (σ and μ are, 
respectively, the empirical SD and mean of the {τu,S} sequence.

Biased return
To measure the extent to which a user respects the preferential 
return principle, we measure individually the empirical deviation 
from the equation Πi = ϕi, where Πi is the probability of returning 
to a location i and ϕi is the fraction of previous visits to that lo
cation. To do so, we bin ϕ (which is a continuous variable defined 
in (0, 1]) in 20 discrete and equally spaced ϕb intervals ((0., 0.05], 
(0.05, 0.1],…, (0.95, 1]), and for every user we build a list of empir
ical realizations Πϕb

for every bin ϕb, in the following way: at 
every return step, we recompute ϕi for each previously visited lo
cation i and map it to the respective bin ϕb; then, we add a 1 to 
the Πϕb

list of the location to which the user actually returns, and 
0 to the lists of all the others (if any). After repeating the proced
ure for all return steps, we compute the empirical probability Π̃ϕb

as the empirical average of the binary values in Πϕb
, for every bin 

ϕb. Π̃ϕb
indicates the observed fraction of times the user returned 

to places previously visited with frequency ϕb. Finally, we can 
compute how different Π̃ϕb

is from ϕb, defining the biased return 
Ru as the symmetrical mean absolute percentage error (SMAPE) 
of Π̃ϕb

from the expected value ϕb:

Ru =
1

20

􏽘20

b=1

|Π̃ϕb
− ϕb|

|Π̃ϕb
| + |ϕb|

.

Taxonomy of bursty trains
A bursty train is a sequence of consecutive exploration steps of 
length >1. Considering only the steps belonging to a bursty train 
of any user and a taxonomy category χ, we define fB(χ) as the por
tion of those steps that are visits to the category χ. Similarly, con
sidering all the exploration steps of any user, we define fe(χ) as the 
portion of those steps that are visits to the category χ. Finally, con
sidering all the steps of any user, we define f (χ) as the portion of 
those steps that are visits to the category χ. The blue and red bars 
in Fig. 2C refer, respectively, to the relative frequencies 
f̃B(χ) = (fB(χ) − f (χ))/f (χ) and ˜fB,e(χ) = (fB(χ) − fe(χ))/fe(χ).

Taxonomy of recency trains
A recency train is a sequence of consecutive return steps to the 
same exact venue, of length greater than one. Considering only 
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the steps belonging to a recency train of any user and a tax
onomy category χ, we define fR(χ) as the portion of those steps 
that are visits to the category χ. Similarly, considering all the re
turn steps of any user, we define fr(χ) as the portion of those 
steps that are return visit to the category χ. Finally, f (χ) has al
ready been defined as the portion of all steps that are visits to 
the category χ. The blue and red bars in Fig. 2D refer, respective
ly, to the relative frequencies f̃R(χ) = (fR(χ) − f (χ))/f (χ) and 

˜fR,r(χ) = (fR(χ) − fr(χ))/fr(χ).
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