Machine Learning (2026) 115:19
https://doi.org/10.1007/s10994-025-06904-z

®

Check for
updates

The urban impact of Al: modelling feedback loops in
location-based recommender systems

Giovanni Mauro' - Marco Minici® - Luca Pappalardo'?

Received: 10 April 2025 / Revised: 13 August 2025 / Accepted: 23 September 2025
©The Author(s) 2026

Abstract

Location-based recommender systems are increasingly embedded in location-based ser-
vices, shaping individual mobility decisions in urban environments. While their predictive
accuracy has been extensively studied, less attention has been paid to their systemic im-
pact on urban dynamics. In this work, we introduce a simulation framework to model the
human-Al feedback loop underpinning next-venue recommendation, capturing how ago-
rithmic suggestions influence individual behaviour, which in turn reshapes the data used to
retrain the models. Our simulations, grounded in real-world mobility data, systematically
explore the effects of algorithmic adoption across a range of recommendation strategies.
We find that while recommender systems consistently increase individual-level diversity
in visited venues, they may simultaneously amplify collective inequality by concentrat-
ing visits on a limited subset of popular places. This divergence extends to the struc-
ture of social co-location networks, revealing broader implications for urban accessibility
and spatial segregation. Our framework operationalizes the feedback loop in next-venue
recommendation and offers a novel lens through which to assess the societal impact of
Al-assisted mobility, providing a computational tool to anticipate future risks, evaluate
regulatory interventions, and inform the design of ethic algorithmic systems.
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1 Introduction

Recommender systems have become increasingly pervasive in urban life, seamlessly inte-
grated into the online platforms that millions of individuals rely on to make daily decisions
such as navigating cities and searching for accommaodation (Pedreschi et al., 2025; Quijano-
Sénchez et d., 2020). Among the most influential are location-based recommenders (a.k.a.
points-of-interest recommenders), which suggest places to visit—such as restaurants, cafés,
parks, shops, or cultural landmarks—through widely used location-based services like
Google Maps, Yelp, and Dianping. These platforms act as decision-making assistants, offer-
ing personalised suggestionsin real time based on an individual’s current location, mobility
history, preferences, and contextual factors such as time of day or weather (Pappalardo et
al., 2023).

The growing importance of |ocation-based recommenders stems from both their ubiquity
and impact. As mobile devices and GPS-enabled apps become increasingly pervasive tools
inour daily lives, weincreasingly del egate micro-decisions (whereto eat, shop, or spend lei-
sure time) to algorithmic systems. These recommendations are powered by machine learn-
ing techniques and deep learning architectures, which can model complex spatio-temporal
patterns and predict human whereabouts with high accuracy (Lucaet al., 2021). By shaping
when and where people move in the city, location-based recommenders exert a subtle yet
powerful influence on human movements, urban flows, and the popularity of venues. For
example, arecent study shows that the recommender system implemented by Uber Eats led
to significant improvements in consumer engagement and gross bookings, influencing the
popularity of certain restaurants (Wang et al., 2025).

Although much research has focused on developing accurate next-location prediction
agorithms (Lucaet al., 2021), and recent work has begun to question their ability to gener-
aise to unknown situations (Lucaet a., 2023), their broader implications for urban dynam-
ics remain largely unexplored (Pedreschi et al., 2025; Pappalardo et al., 2023, 2024). This
gap in understanding is particularly pressing in light of recent regulatory developments. The
European Union's Digital Services Act introduces mandatory risk assessment requirements
for very large online platforms and search engines, with a focus on assessing their impact
on users and society.> Among these platforms is Google Maps, one of the most influential
systems that recommend physical venues, which is now officially subject to this regulatory
scrutiny.

Understanding the urban impact of |ocation-based recommendersis challenging because
their interaction with individuals creates an intricate feedback 1oop (Pedreschi et a., 2025):
each individual decision contributes to the formation of the big data that is used to train
the recommender system, which in turn influences future decisions about where to go.
This recursive process generates a continuously evolving cycle that can reshape the urban
landscape. Capturing this feedback loop in its entirety—encompassing algorithmic recom-
mendations, user responses, the parameters of machine learning models, and the retraining
frequency—is difficult, as it would require direct access to the online platforms delivering
the recommender systems. At present, only the companies operating these platforms have
the technical and legal means to observe and analyse the full feedback 1oop. The Delegated

1See also https://www.gsh.stanford.edu/insights/better-way-make-recommendations-power-popul ar-pl atfor
ms.

2https://eur-lex.europa.ew/l egal -content/EN/TX T/2uri=CEL EX %3A 32022R2065
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Act detailing how vetted researchers can gain access to platform data under Article 40 of the
digital services act was only published in July 2025, and to date no scientific studies con-
ducted by researchers outside the platforms have been able to experimentally analyse their
impact. Therefore, it is not surprising that most research so far has focused on mathemati-
cal formalisation of the feedback loop, rather than its empirical measurement (Pappalardo
et a., 2024; Chen et al., 2023). While some progress has been made in this direction for
other human-Al ecosystems—such as social media, onlineretail, and generative Al (Lesota
et a., 2024; Zhou et a., 2024, Shumailov et a., 2024; Mansoury et a., 2020; Jiang et .,
2019; Sun et al., 2019; Nguyen et al., 2014; Piao et a., 2023; Coppolillo et a., 2025)—no
equivalent effort has yet been undertaken for feedback loops that involve location-based
recommender systems despite their growing influence on urban dynamics.

In this article, we propose a computational framework that models the feedback loop
between individuals and location-based recommender systems, with the goa of simulat-
ing itsimpact on individual and collective patterns of visits to public venuesin acity. Our
simulation framework integrates multiple types of recommender systems—from neighbour-
hood-based to deep |learning methods—trained on real-world data describing venue visitsin
New York City and Tokyo. At the core of the framework is the venue selection mechanism,
which governs how individuals decide where to go next: with a given probability, they
follow a recommendation; otherwise, they make an autonomous choice, simulated using a
mechanistic model of human mobility. We run the simulation over several weeks, allowing
the feedback loop between individuals and the recommender system to unfold over time.
Asindividualsinteract with the system—receiving recommendations, making choices, and
visiting venues—these interactions continually update the data used to retrain the recom-
mender system, which in turn influences future recommendations. This dynamic process
enables us to observe how different levels of algorithmic influence shape urban mobility
patterns. Specifically, we study: (i) the diversity of visits at the individual level, i.e. how
varied each individual’s venue choices are; (ii) the variation in venue popularity at the col-
lective level, i.e., how visits are distributed across all venues; and (iii) the structure of the
individuals' co-location network, i.e., how often individuals visit the same venues within a
given time window.

Our results revea that the impact of recommender systems varies across the various
recommendation methods investigated, yet a consistent pattern emerges: at the individual
level, we find an increased diversification in venue visits, while at the collective level, diver-
sity decreases reflecting a rise in inequality in venue popularity. We further examine the
tension between personalization and concentration, and find that the increase in individual
diversity islargely driven by visits to already popular venues, ultimately making individu-
as' visitation patterns more similar to one another. This mirrors patterns observed in other
human-Al ecosystems, where recommender systems improve individual choice but simul-
taneously amplify system-wide popularity bias. Our study thus adds another piece to the
broader mosaic of how recommender systems shape complex social systems, highlighting
the structural consequences of agorithmic mediation across diverse domains.

Theremainder of the paper isorganised asfollows. Section 2 reviewsthe literature on the
impact of recommender systems on urban dynamics. Section 3 presents our modelling of the
feedback loop and the simulation framework. Section 4 outlines the experimental setup and
Sect. 5 reports the results of our simulations. Section 6 interprets our findings in the broader
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context of human—AI coevolution and human mobility. Finally, Sect. 7 concludes the paper
by discussing the limitations of our study and proposing directions for future research.

2 Related work

This section reviews key experimental studies that examine how recommendation systems
impact urban dynamics.

A growing body of research investigates the impact of GPS-based navigation systems
on the urban environment. Arora et al. (2021) simulate the effects of Google Maps naviga-
tionin Salt Lake City, reporting average reductions of 6.5% in travel timeand 1.7% in CO,
emissions. These benefits are even more pronounced for individuals whose routes were
altered by the route recommendations. Cornacchia et a. (2022) use TomTom APIsto simu-
late navigation services in Milan, showing that adoption rates critically shape system-wide
outcomes. emissions increase at very low or very high adoption levels but decrease when
adoption stabilises around 50%. Perez-Prada et al. (2017) show that the widespread adop-
tion of eco-routing during congestion can reduce CO, and NO,, emissions by 10% and 13%,
respectively. However, these gains come with trade-offs: NO,, exposure increases by 20%,
travel timesrise by 28%, and vehicle concentration in downtown areas grows by 16%. Two
studies simulate routing systems in Florence, Rome, and Milan to show that prioritising
diversity in routing can lead to more balanced traffic distribution, improved road network
coverage, and reductionsin CO, emissions (Cornacchiaet al., 2024, 2023).

Several studies examine how recommendation systems on house-renting platforms influ-
ence socio-economic dynamics, often reinforcing systemic inequalities. Edelman and Luca
(2014) uncover racia disparitiesin New York City’s Airbnb market, reporting a 12% rev-
enue gap between Black and non-Black hosts, even after controlling for property character-
isticsand guest ratings. Zhang et al. (2021) expand on this finding, showing that the AirBnB
smart pricing algorithm can reduce these price disparities and improve revenues for black
hosts, although it does not completely eliminate systemic bias.

Additional research investigates how ride-hailing and ride-sharing platforms influence
urban mobility through agorithmic matching and incentive design. Bokényi and Hannék
(2020) find that a ride recommender system prioritising lower-earning drivers in New York
City would reduce disparities and increase driver earnings compared to prioritizing the clos-
est available vehicle. Afeche et al. (2023) analyse passenger-driver matching and central-
ised dispatch algorithms, showing that while centralized control improves efficiency, it can
restrict service access in less densely populated areas, exacerbating spatial inequities.

2.1 Position of our work

A review of the literature reveals two major gaps (Pappalardo et a., 2024). First, there
are no existing studies that have examined the actual or potential impact of |ocation-based
recommendation systems on urban dynamics. Second, although agrowing body of research
outside the urban domain has begun to formalise and model human-AI feedback loops (Sun
et a., 2019; Mansoury et al., 2020; Jiang et a., 2019; Nguyen et al., 2014; Shumailov et
al., 2024; Lesota et al., 2024; Zhou et a., 2024; Coppolillo et a., 2025), little attention has
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been paid to how these feedback loops manifest in urban environments or how they can be
formally modelled.

A notable exception is the work by Ensign et al. (2018), which shows how a feedback
loop can distort the allocation of police resources, reinforce existing biases, and generate
unrealistic crime distributions in a city. By introducing corrective mechanisms to prevent
repeated deploymentsin the same areas, the authors demonstrate that even minor changesin
algorithmic design can significantly influence urban outcomes. While this study represents
a pioneering effort, the modelling of human—AI feedback loops and their effects on urban
mobility and spatial behaviour remain largely unexplored.

Our work takes a first step toward addressing these gaps by explicitly modelling the
human-Al feedback loop in the context of location-based recommendation systems. We
introduce an open-source simulation framework that enables the systematic evaluation of
how different recommendation algorithms influence key aspects of urban dynamics, such as
venue popularity and individual visitation patterns.

3 Methodology

We design a simulation framework to model the human-Al feedback loop in the context
of next-venue recommendation. In Sect. 3.1, we introduce the notation and definitions
necessary to understand the simulation framework. Section 3.2 presents our modelling of
the feedback loop and the simulation methodology. Section 3.3 describes the metrics used
to evauate the impact of the feedback loop on individual and collective venue visitation
patterns.

3.1 Preliminaries

Let U beaset of individualsand V a set of public venues. We defineadataset D C U x V x T
asaninteraction matrix, whereeachtuple (u, v, t) € D representsavisitby individual v € U
tovenuewv € V atimet € T. The dataset describes al visits up to atime Thax, and tuples
in it are sorted chronologically. For each individual u € U, we define D,, = {v1,...,v,} &S
the time-ordered sequence of venues visited by u in D, sorted chronologically. The dataset
D is partitioned into two digjoint subsets: a training set Dy,ain, Which contains all tuples
(u,v,t) € D such that t < Tirain, and a post-training set Dp,ost, Which contains dl tuples
such that Tiyain < t < Thax-

Eachvenuev € V isassociated with acategorical |1abel provided by afunction? : V' — C,
where C = {c1,...,c,} is a predefined set of venue categories (e.g., restaurant, museum,
school). Venues are geolocated via a function = : V' — [—90, 90] x [—180, 180], which
maps a venue v € V to its latitude and longitude coordinates. The geographical distance
between two venues v;, v; € V' is computed as the great-circle distance between their coor-
dinates on the Earth’s surface.

We define a scoring function Ry : U x V' x T — [0, 1] with parameters 6 and trained
0N Dyyain. For any individual v € U, venuev € V, and time ¢t € T, the score Ry (u, v,t)
represents the estimated probability that u will visit v as next location at afuturetimet’ > ¢.
The recommender system, .4, is an operator that, for a given user u and time t, ranks all
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candidate venues according to their scores Ry (u,v,t) and returns the top-k venues from
this ranking.

Definition 3.1 (Next-venue recommendation problem) Given a set of individuals U, a set of
venues V, and atime t, the next-venue recommendation problem consists in predicting the
venuev € V that anindividual u € U ismost likely to visit next. The goal of a next-venue
recommender system A is to learn a function Ry(u, v, t) that estimates the likelihood of
future interactions and to return the top-k venues with highest scores.

3.2 Modeling and simulating the feedback loop

Given the sets U, V, the datasets D, Dyyain @nd Dpost, the scoring function R and the
recommender system A, we model the feedback |oop to simulate the generation of visits to
venuesinV by individualsin U.

We assume a scenario where individuals have a general intent or agenda (e.g., visiting a
restaurant or bar) and then choose a specific venue based on either personal knowledge or
the algorithmic suggestions provided by recommender system .A. As the simulation of the
feedback loop goes by, a dataset S is generated, which contains the simulated visits of the
individuals to the venues. Figure 1 provides an overview of the framework that models the
feedback loop, illustrating the key components and the flow of interactions between indi-
viduals and the recommender system.

The simulation for each individual v € U isoutlined in Algorithm 1. The process begins
with training the recommender system A on the dataset Dy,i, (line 1). The simulation then

° D P, |P, P,
o u,|6 9
D O'Qf ***************** u 1|0 4
o\ ! j
P, | P; P. °'®‘o ! i—‘ | ool To
: 1
HErz i ° | !
: Pick Venue ||
) o |
(RROR -0 o | SHE Train A | —> | activities at | —> || g iacrion e Update
! ! epoch 1
! l
Uuis5|0].. 0 T ‘

epoch 0

Fig. 1 Overview of the simulation framework modelling the feedback loop. At each step of the smula-
tion, an individual chooses between relying on recommendations (with probability n) or an autonomous
choice (AC) (with probability 1 — n). AC is split between exploration (with probability p) and preferen-
tia return (with probability 1 — p), where p is a fixed parameter equals to p - S~ where Sisthe number
of distinct previously visited locations. Initialy, a recommender system A is trained on the history of
venue visits. At each timestep ¢ + 1, individuals next venues are selected, and the dataset is updated
accordingly. After A timesteps, the recommender is retrained, allowing the feedback |oop between indi-
vidual decisions and algorithmic suggestions to evolve over time
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iterates over each visit tuple (u, v,t) € Dpost (line 5), simulating user mobility in three
sequential steps: category selection (line 6), where the category of the next venue is taken
from Dpost; venue selection (line 7), where the specific venue is selected based on the
chosen category and the individual’s decision to use or not the recommender system; and
algorithm retraining (line 10), which updates A every A time units to incorporate newly
simulated datain S.

Input Data: Dataset of visits D, Training dataset Diyain, Observation dataset Dpost.
All datasets are sorted by time.

Hyperparameters: Adoption rate 1, Retraining frequency A

Output Data: Dataset S of simulated visits

1: A + AlgorithmTraining(Dyyain ) > Train the recommender system
2: (u,v,t) < last(Dirain) > Last tuple of the training dataset
3: Hast_training <t > Timestamp of the last training
4: S —

5: for (4, Veurrent; t) N Dpogst do > Iterate over the visits
6: ¢ < CategorySelection(veyrrent ) > Select the category of the next venue
7 Unext < VenueSelection(u, Veurrent, ¢, A, 1) > Select the next venue
8: S+ SU{(u, vnext, t)} > Add the simulated visit to the dataset
9 if ¢ — tiast_training > A then > Check if it’s time to retrain the model
10: A + AlgorithmTraining(Dipain US) > Retrain the recommender system
11: Hast_training <t > Update last training time
12: end if

13: end for

Algorithm 1 Simulation framework that models the feedback loop

3.2.1 Category selection

For each visit by an individual uin D , ., we observe the actual venuev € V' visited by u
and determine the corresponding category ¢ = ¢(v). Using the actual category of the visited
venue, as observed in the data, serves as a proxy for the underlying intention or agenda of
theindividual u.

3.2.2 Venue selection

Given the target category c representing the type of venue to be visited, the individua
u € U must select a specific venue of that category. The venue selection process is detailed
in Algorithm 2.

The first step involves deciding whether to rely on the recommender system A or on
personal knowledge (line 4 of Algorithm 2). This decision reflects the user’s choice between
following agorithmic suggestions or acting autonomously. It ismodelled asaBernoulli trial
with success probability n € [0, 1], referred to as the adoption rate, which quantifies the like-
lihood that u accepts the recommendation. The parameter n plays a central role in the simu-
lation, controlling the degree to which the user behaviour is shaped by the recommender. I
the Bernoulli trial succeeds, u follows the recommendation (recommendation-based choice,
line 5); otherwise, u selects a venue independently (autonomous choice, lines 7-10).

@ Springer
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Input Data: Venue set V, Current venue veyrent € V, Target category ¢, User his-
tory D, Training dataset Dyyain, Simulated dataset S, Jump length distribution
Pjump

Hyperparameters: Adoption rate 7, Exploration probability p

Output Data: Selected venue vpext

1: 7 < Sample(Pjump) > Sample a jump length from the empirical distribution
2: 7% ¢ Median(Pjump) > Median of jump distribution
3: VCQZC“”""“” — {v eV ] Lw) = cAdist(veurrent, v) < 7} > Candidate venues
4: if Bernoulli(n) then

5 Unext — A(u, Vc(f,)-c“”e“‘)) > Select venue using recommender system
6: else

7 if Bernoulli(1 — p) then > Return to a previously visited venue
8 Unext < PreferentialReturn(D,, )

9 else > Explore a new venue
10: Unext Explore(%{%“”“”t), Dy, %)

11: end if

12: end if

Algorithm 2 Venue selection for individua u

3.2.3 Recommendation-based choice

If an individual u follows the suggestion of the recommender system A (line 5 of Algo-

rithm 2), a set of candidate venues VC(}’F“”"“") C Visretrieved (line 3, Algorithm 2). This
set includes all venues belonging to the target category ¢ and located within aradiusr of the
current location of the individual veurrent-

The radius r is sampled from the empirical distribution of jump lengths observed in
D, reflecting the tendency of individuals to prefer short-range displacements (Gonzalez
et al., 2008). This distribution is obtained by enumerating all pairs of consecutive venues
(vi—1,v;) in the visit sequences D,, for each user v € U, and computing the great-circle
distance between v;_; and v; using their geographic coordinates.

Each venue v € %E?C“““e“‘) is assigned a score Ry (u, v, t). The resulting score set Sis
normalized using min-max scaling, yielding the set of normalized scores S. The recom-
mender system A then returns the top-k venuesin L € V, ;. based on S. Finally, u selects a
venue vpexs € L with probability proportional to its normalised score S(v).

3.2.4 Autonomous choice

If the individual u moves independently of the recommender system A (line 7 of Algo-
rithm 2), we model their choice of venue using a modified version of the exploration and
preferential return (EPR) model, a well-established framework for human mobility intro-
duced by Song et a. (2010). The EPR model captures the fundamental mechanism of human
mobility as a trade-off between returning to previously visited locations and exploring new
ones. It is a foundational model in the study of human mobility (Barbosa et a., 2018)and
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its flexibility makes it a suitable basis for modelling autonomous mobility decisions in our
framework.
Based on the EPR model, at each decision point, welet the individual u choose between:

o Preferential return (line 8, Algorithm 2): with probability 1 — p, theindividual selectsa
venue from their set of previoudly visited locations, with probability proportional to the
number of times each venue has been visited by u.

e Exploration (line 10, Algorithm 2): with probability p, theindividual selects anew (un-
visited) venue located within aradiusr, wherer is sampled from the empirical distribu-
tion of jJump lengths observed in D. This radius-based sampling reflects the heavy-tailed
nature of human travel patterns, where individuals occasionally make long jumps but
typically explore within a constrained geographic range (Gonzalez et al., 2008). Among
the venues within this radius, the probability of selecting a specific venue Vv is propor-
tional to its relevance. The radius-based sampling in the exploration phase reflects the
heavy-tailed nature of human mobility (Gonzalez et al., 2008) and aigns with exten-
sions of the EPR model (Barbosa et a., 2018; Pappalardo et a., 2015, 2016). We as-
sume that individual s favour dense or attractive aress, rather than choosing uniformly at
random within the radius, as suggested by Pappalardo et al. (2015, 2016). The relevance
of avenuev € V is defined as the number of other venues located within a fixed radius
r* from v, where r* is set to the median of the jump length distribution computed on D.
Intuitively, a venue is more relevant if it lies in a dense area where many other venues
fall within thistypical range, making it morelikely to be part of users’ mobility patterns.
Formally, the relevance is given by rel(v) = [{v' € V' \ {v}|d(v,v") < r*}.

If auser lacks enough venues of the target category c within the sampled radiusr, afallback
mechanism ensures a valid venue is selected. First, the mechanism searches for a venue in a
broader category within the same radius. For example, if the target category is Sushi Restau-
rant, the system will attempt to find any venue under the broader Food category. If no venue
is found within this broader category, the individual is assigned the geographically nearest
venue of the original target category, regardless of distance. Similarly, in the return phase, if
the individual has not previously visited any venue in the target category, we look for onein
the broader category. If that also fails, the individuals explores, visiting a new venue.

3.2.5 Algorithm retraining

The recommender system A is periodically retrained during the simulation at fixed intervals
of A time units (line 10, Algorithm 1). At each retraining step, the model is updated using
an enriched dataset Dy.4in U S, consisting of the original training set Dyain cOMbined with
the set S of simulated visits generated up to that point. In practice, this step corresponds to
updating the parameters 6 of the scoring function Ry based on this enriched dataset.

This retraining procedure allows A to iteratively refine its understanding of individual
preferences by incorporating both historical and simulated behavioural data. In doing so,
it captures the dynamic nature of the human-Al feedback loop, where agorithmic outputs
influence human behaviour, which in turn shapes future recommendations.
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3.3 Metrics

We assess the impact of the human—-Al feedback loop on urban dynamics from two comple-
mentary perspectives: one focused on venues and the other on individuals.

3.3.1 Venue perspective

We evaluate the inequality in the distribution of visits across venues using the Gini coef-
ficient. This measure captures the extent to which visits are concentrated on a subset of ven-
ues: a Gini coefficient of 0 indicates perfect equality (all venues receive the same number
of visits), while higher values indicate increasing concentration of visits on fewer venues.
Our use of the Gini coefficient is motivated by studies showing that recommender systems
can amplify the inequality in the distribution of consumed items (Pedreschi et al., 2025;
Pappalardo et al., 2024; Boratto et al., 2021; Elahi et al., 2021; Lee & Hosanagar, 2019).
In our context, the Gini coefficient quantifies to what extent algorithmic recommendations
direct individuals towards a limited number of venues, increasing their popularity while
marginalising others.
Given adataset of visits D, we compute the collective Gini coefficient as:

V] .

1 (VI +1 =)y

G=—||V|+1—-2. &=L ; (€
|V| ( Z’UEV L

wherez; = |(u,v,t) € D : v = v;] isthetotal number of visitsto thevenuewv; € V, and the
values x; are sorted in ascending order.

To complement this collective view, we also measure inequality from the perspective of
individual behaviour. For each individual v € U, we calculate an individual Gini coefficient
G, applying Eg. 1 to D,, (the visits made by u). That is, we compute the inequality in how
frequently each venue is visited by the individual. The average individual Gini coefficient
isthen given by:

— 1
=g 2, O @

uelU

which captures the typical inequality in venue usage acrossindividuals.
3.3.2 Individual perspective

From the individual perspective, we construct a co-location network in which nodes repre-
sent individuals and edges indicate co-presence at the same venue within a specified time
window. Intuitively, this network captures how individuals encounter one another through
shared spatial activity in the city.

Formally, let D = (u;, v;,t;) be the dataset of individual-venue visits. Given a time
window [t1, 2], the co-location network is defined as an undirected graph G = (U', E),
where U’ C U isthe set of individuals active in that time window (i.e., who move at least
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once), and (um, un) € E if and only if individuals u,, and u,, visited the same venue v;
within the time window. That is 3 (um, v, tr), (un,vj,t;) € D suchthat ty,t; € [t1,12].

To investigate the presence of hierarchical structurein the social interactions encoded by
the co-location network, we analyse the tendency of high-degree nodes to form a densely
interconnected core (rich club). There is substantial evidence showing that rich-club struc-
tures can influence the dynamics of complex systems (Pedreschi et al., 2022; Bertagnolli &
De Domenico, 2022; Berahmand et al., 2018; Colizzaet ., 2006), such as fostering socio-
economic development (Kang et al., 2022) and shaping the spatial organisation of cities (Jia
etal., 2022).

Following the method proposed by Zhou and Mondragon (2004), we identify the set
Usich @sthe h nodes with the highest degree in G, and compute the rich-club density as the
ratio of the number of actual links among U, .1, to the maximum possible number of linksin
a complete subgraph of ~ nodes, i.e. w

We also examine how the degree distribution of social interactions may be affected by the
influence of the recommender system. Given that the degree distribution P(k) in real-world
networks often exhibits heavy-tailed behaviour, we fit a linear regression to the log-log
plot of P(k) derived from the co-location network G, and report the absolute value of the
slope of the fitted line, denoted by «. Larger values of « correspond to a steeper decline,
reflecting a distribution closer to exponential decay, whereas smaller values reflect a more
uniform structure. We estimate P(k) using the empirical degree distribution, defined as

P(k) = W , Where deg(-) denotes the degree of anodein G.

4 Experimental settings

In this section, we describe the experimental settings of our study. Section 4.1 presents the
recommendation systems evaluated in our simulations. Section 4.2 details the dataset on
which our experiments are based, and Sect. 4.3 outlines the values and configurations of the
parameters used in the simulation framework.

4.1 Benchmark recommenders

Various recommender systems have been designed to assist users in discovering the most
relevant and valuable content (Ricci et al., 2021a, b). Among the various approaches, col-
laborative filtering represents one of the most widely adopted families of algorithms, as it
relies solely on binary feedback indicating whether a user has interacted with a particular
item (Koren et al., 2021). These techniques have aso been successfully applied to the rec-
ommendation of venues in urban settings (Rahmani et a., 20223a), consistently achieving
high accuracy across benchmark datasets for next-venue recommendation.

We benchmark several recommendation models spanning classical neighbours-based
methods, matrix factorization techniques, deep generative models, geographical recom-
menders, and approaches based on graph neural networks. The list of models included in
our study is detailed below:

e User-KNN (Aialli, 2013): Neighbourhood-based method that recommends items based
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on the preferences of users with similar interaction histories;

o ItemKNN (Aiolli, 2013): Similar to User-KNN, but recommends items that are similar
to those the user has previously interacted with;

e Matrix factorization (MF) (Sarwar et a., 2000): Model-based approach that decom-
poses the user—item interaction matrix into latent user and item feature vectors, enabling
prediction of missing interactions;

e Bayesian personalized ranking (BPRMF) (Rendleet al., 2009): Extension of matrix fac-
torization that optimizes for pairwise ranking by assuming users prefer observed items
over unobserved ones, and learning to rank accordingly;

e Multinomial variational autoencoder (MultiVAE) (Liang et a., 2018): Generative mod-
€l based on deep learning that captures user preferences by learning aprobabilistic latent
space using variational inference;

e Light graph convolutional network (LightGCN) (Heet al., 2020): Recommendation sys-
tem based on graph neural networks that propagates user and item embeddings over a
user—item bipartite graph;

e PGN (Sanchez & Dietz, 2022): Hybrid approach that averages the scores of User-KNN,
a popularity-based recommender, and a geographical model that suggests venues near
the centroid of the user’s previously visited locations.

As different models exhibit varying levels of bias in location-based recommender systems
(Rahmani et al., 2022b), and algorithmic bias is directly linked to the long-term effects of
feedback loops (Mansoury et al., 2020; Chaney et a., 2018), our comprehensive evalua-
tion is designed to capture the different behavioural shifts and inequality patterns that may
emerge from each recommendation strategy over time. Details about the hyperparameters
and the training procedure of the recommender systems are in Appendix A. As a sanity
check, we report the performance of al the recommenders trained on Dy,.in, and tested on
Dyost in terms of HitRate@20 and mRR@20, see Table 2 in Appendix A.

4.2 Dataset

We use a Foursquare dataset containing mobility data from New York City, collected over
a period of 304 days—from April 3, 2012, to February 16, 2013 (Yang et al., 2014). The
dataset includes 227,428 check-ins, each annotated with a timestamp, GPS coordinates, and
detailed venue categories. We also replicate our analysis using a Foursquare dataset from
Tokyo. Since the results closely align with those from New York City, we present the NYC
results in the main text and report the Tokyo findings in Appendix B.

For consistency, we assign a single category to each venue, selecting the second category
level as it provides a balanced granularity between the broader first category and the highly
specific third category. For example, a venue with the third category Italian Restaurant is
classified under the second category Restaurant and the first category Dining and Drinking.

We apply several preprocessing steps on the raw data. Specifically, we remove check-
ins to categories representing familiar locations (e.g. Office, Home, Meeting Room), modes
of transportation (e.g. Train, Ferry, Road), and venues labelled with Unknown categories.
Appendix C providesthe list of excluded categories.

3 https://observabl ehq.com/d/94b009d907d7c023
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After preprocessing, the New York City dataset contains 166, 306 check-insfrom 1, 083
unique users to 23, 459 unique venues that span 159 distinct categories. On average, each
category includes approximately 172 venues. In our simulations, we set Ti;ain, = 210 days
and Tynax = 304 days.

4.3 Parameter settings

Our simulation framework relies on a set of parameters that govern the behavioura rules
of the agents involved. Table 1 summarises the symbols used, their corresponding mean-
ings, and the values adopted throughout the simulations. The framework requires only three
parameters, aligning with our goal of assessing the effect of recommendation systems on
urban dynamics with minimal changesto all other factors, thus isolating the impact of algo-
rithmic intervention.

The adoption rate 7 is a key parameter in our framework, representing the probability
that an individual follows the suggestion provided by the recommender system. To system-
atically investigate the effects of recommendation systems, we vary 7 across a predefined
grid of values ranging from 0 to 1, with a step size of 0.2.

The parameter A reflects how frequently the recommendation system is updated
(retrained) to account for the evolving nature of user preferences. We set A = 7 days, mean-
ing the recommender is retrained weekly to follow the dynamics introduced by the human-
Al feedback loop. Resultsfor A = 1 day are similar; we provide them in Appendix D.

When a human agent does not rely on the recommender system, it follows the EPR
model (Song et al., 2010). Empirical analyses in Song et a. (2010) confirm the model’s
ability to reproduce the scaling properties of human mobility, capturing the bal ance between
returning to familiar locations and exploring new ones. This dual behavioura perspective
has been validated on real-world data, where the probability of exploring a new venue is
given by p = p x |[V|77, with |V| denoting the number of unique venues. Following the
empirical estimates of p and  reported by Song et a. (2010), we set their valuesto 0.6 and
0.21, respectively.

5 Results

Figure 2 compares the effects of the feedback loop as a function of the adoption rate 7.
All values are averaged over five independent simulation runs. Figure 2a and b report the
average individual Gini coefficient G’ and the collective Gini coefficient G of venue visits,
respectively. We remind that the former captures how evenly each individual distributes
their visits across venues, while the latter reflects overall disparities in venue popularity.

For the sake of brevity, we do not report results for PGN in the main text, as they closely
mirror the patterns observed for MF and MultiVAE. A detailed comparison that includes
PGN is provided in Appendix E.

Table 1 Simulation parameters

Adoption rate 0.0,0.2,0.4,0.6,0.8,1.0
adopted in our framework g P { ¥

A Retraining frequency 7 days
p  Exploration probability 0.6 x |V/|~9-2! (Song et al., 2010)
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Fig. 2 Effects of recommender system adoption 7. a Average individual Gini coefficient G; b Gini co-
efficient of the distribution of visits across venues G; ¢ Absolute value of the slope of the co-location
network’s degree distribution «; d Internal density of the rich club (top 15 nodes by degree) in the co-
location network. Each curve represents a recommender system; each point represents the average over
five simulation runs; the error bars represent the standard deviations

The feedback loop consistently reduces G across all simulations, regardless of the specific
recommender system embedded within it. Compared to the baseline with no algorithmic
influence (n = 0, dashed line at G = 0.2 in Fig. 2a), the activation of the feedback loop
leads to lower values of G, with the effect intensifying as the adoption rate 7 increases.
While the feedback 1oop involving ItemKNN and UserKNN results in modest reductions,
those involving deep learning-based models—BPRMF, LightGCN, and MultiVAE—pro-
duce significantly stronger decreases. Notably, for n = 1 (full reliance on the recommender
system), the MultiVAE-based feedback loop reduces G to approximately 0.09, a relative
decrease of about 60% compared to the baseline. This result suggests that, when algorithmic
influence is strong, individuals tend to diversify their mobility patterns, visiting a broader
and more varied set of venues rather than repeatedly returning to the same few.

Key Result 1

The feedback loop involving recommender systems boosts individual diversity, as reflected by a consis-
tent drop in the average individual Gini coefficient.

However, this increase in individua diversity does not necessarily trandate into more
diverse collective behaviour. The feedback loop leads to an increase in the collective Gini
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coefficient G with rising n for some recommender systems (see Fig. 2b). UserKNN, MF,
and MultiVAE all result in asharp increase in G as adoption grows. In particular, for n = 1,
the feedback loop with MultiVAE reaches G = 0.7, anincrease of approximately 47% com-
pared to n = 0, indicating a more uneven distribution of visits across venues. Deep learn-
ing-based models such as Light GCN and BPRMF contribute to slightly reducing inequality,
except in full-adoption scenarios. ItemKNN is the only model that slightly but consistently
reduces global inequality compared to the baseline, reaching G ~ 0.44, arelative reduction
of about 7% compared to n = 0. These results suggest that a systematic increase in indi-
vidua diversity may be accompanied by asimultaneous concentration of visits on asmaller
subset of venues.

Key Result 2

Moreindividual diversity does not imply more collective diversity: for some recommender systems, the
feedback loop concentrates visits on asmall set of popular venues.

Analysis of the co-location network reveals that the feedback loop increases the abso-
lute value of the slope of the power-law degree distribution, a, for al recommender sys-
tems except [temKNN, with the effect particularly pronounced for MultiVAE and MF (see
Fig. 2c). A lower slope a corresponds to a flatter distribution, indicating that co-location
ties are more evenly distributed across individuals rather than concentrated among a few
highly connected ones. Thus, in most cases, the feedback loop reduces the skewness of the
co-location structure, promoting broader interpersonal mixing. In contrast, for I1temKNN,
the slope o remains close to the baseline as the adoption rate n increases, indicating little
change in user co-presence patterns (squares in Fig. 2c).

A similar pattern is observed in the rich-club structure Uiy, defined as the top 15
individuals with the highest degree in the co-location network. For all recommender sys-
tems except ItemKNN, the internal density of connections within this group—the ratio of
observed to possible links—increases sharply with higher values of 7, approaching nearly
1 for MultiVAE (see Fig. 2d). This suggests that highly connected individuals increasingly
tend to co-locate with one another. In contrast, for ItemKNN, the rich-club density remains
closeto the baseline level of approximately 0.2, indicating little change in elite clustering.
Results for Tokyo closely mirror those for New York City, with minor differences in
rich-club density likely due to Tokyo's higher initial network density and more compact
geography (see Appendix B). In addition, a robustness analysis using MultiVAE—the rec-
ommender system showing the strongest effects—confirms that our main findings are stable
under alternative retraining configurations. Specifically, we tested both daily retraining and
a sliding-window update scheme, observing no substantial differences in the results (see
Appendix D).

Key Result 3

The feedback loop promotes broader mixing of co-locations, while rich-club individuals become nearly
fully connected within the co-location network.

5.1 Venue perspective
Since the feedback loops involving MultiVAE and 1temKNN represent the two extreme

cases across al the metrics discussed, we provide a more detailed analysis of the patterns
that emerge from their integration within our framework. The contrasting spatial effects of
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MultiVAE and ItemKNN are illustrated in Figs. 3 and 4, which show both individual and
collective patterns under the extreme cases of null and full adoption (n = 0 and n = 1).

5.1.1 MultiVAE

For MultiVAE, Fig. 3a-b shows the spatial distribution of visits for a representative indi-
vidua (User 900). Under the scenario of no recommendation (n = 0), visitsare mostly con-
centrated on just two venues in western Midtown Manhattan (Fig. 3a). Under full adoption
(n = 1), the activity of User 900 becomes more spatially dispersed, with visits more evenly
distributed throughout the city (Fig. 3b). This shift is captured by the individual Gini coef-
ficient, which drops from G,, = 0.41 to G,, = 0.19—areduction of approximately 54%—
with a consistent decline observed as the adoption rate 7 increases (Fig. 3c).

At the collective level, MultiVAE shows the opposite effect. Figure 3d-e shows the
aggregated spatia distribution of visits for arandom sample of 250 users. Whenn = 0, vis-
its are relatively uniformly spread across the city, including periphera neighbourhoods and
outer boroughs, with G = 0.32 (see Fig. 3d). When n = 1, visits become concentrated in a
small number of venues, especially in Midtown and Lower Manhattan. The Gini coefficient
increasesto G = 0.50, marking a 56% rise in venue popularity inequality (see Fig. 3f).

MultiVAE
a) b)

User 900 (n=0.0) User 900 (n=1.0) c)
Gini: 0.41 Gini: 0.19 0.40 b ~@®- User 900
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d)
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Gini: 0.32 Gini: 0.50 0.50 ~®- Sample of 250 users /.
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Fig. 3 Venue visitation patterns under MultiVAE for null (n = 0) and full (n = 1) adoption. a, b Geo-
graphical distribution of visits by a representative user (User 900). Visit intensity is proportional to point
size and color. When n = 1, visits become more evenly distributed across venues, with the individual
Gini coefficient decreasing from G, = 0.41 to G, = 0.19. ¢ Individual Gini coefficient for User 900
as afunction of n, showing a consistent decline. d, e Aggregated venue visits for a sample of 250 users.
When n = 1, visits are more concentrated in a few high-traffic venues, particularly in central Manhattan.
f Gini coefficient of venue visit distribution across the sample, rising from G = 0.32 to G = 0.50 with
increasing n
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Fig. 4 Venue visitation patterns under I1temKNN for null (n = 0) and full (n = 1) adoption. a, b Geo-
graphical distribution of visits by arepresentative user (User 900). A modest shift toward a more balanced
visitation pattern is observed, with theindividual Gini decreasing fromG,, = 0.41toG,, = 0.37.cIndi-
vidual Gini coefficient for User 900 as a function of 77, showing minor fluctuations. d, e Aggregated venue
visits for a sample of 250 users. Visit distributions remain fairly dispersed under both conditions. f Gini
coefficient of venue visit distribution across the sample, decreasing slightly from G = 0.32to G = 0.27

These results confirm the results shown in the previous section: while the feedback loop
with MultiVAE promotes more balanced behaviour at theindividual level, it drives conver-
gence toward a narrow set of highly frequented locations at the collective level, reinforcing
popularity inequality. This pattern is typical of the feedback loops involving most other
recommender systems we examined.

5.1.2 ItemKNN

ItemKNN produces more stable spatial dynamics than MultiVAE (see Fig. 4). For User
900, the shift from n =0 to n = 1 results in a slightly more balanced, yet still unequal,
visitation pattern (see Figs. 4a-b). The individual Gini coefficient decreases from G,, = 0.41
to G, = 0.37, a reduction of approximately 9.8%, with only minor fluctuations across
71 (Fig. 4c). At the collective level, [temKNN contributes to a small improvement in spatial
balance. Figure 4d-e shows that the city-wide distribution of visits remains fairly dispersed
across both conditions. The Gini coefficient decreases from G = 0.32 to G = 0.27 under
full adoption (Fig. 4f confirms this downward trend). Unlike MultiVAE, the feedback loop
involving ItemKNN does not lead to spatial convergence around a narrow set of venues.
Instead, it preserves heterogeneity in mobility patterns while slightly enhancing the overall
equity in how urban spaceis visited.
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5.2 Individual perspective

5.2.1 MultiVAE

The feedback loop involving MultiVAE substantially reshapes the structure of urban co-
presence (see Fig. 5). We remind that, in the co-location network, two individuals are linked
if they visit the same venue within the same epoch of the simulation. Figure 5a,c show the
degree distributions of the co-location network under the two extreme cases of null and full
adoption (n = 0 and n = 1). Under the autonomous choice scenario (n = 0), the degree
distribution follows a steeper power-law decay, with a median degree of 4 and the absolute
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Fig. 5 Effects of the feedback loop under null (n = 0) and full (n = 1) adoption. a—c Degree distribu-
tion of the co-location network, for null adoption, full adoption with ItemKNN and full adoption with
MultiVAE. MultiVAE significantly flattens the distribution and increases median degree, while ItemKNN
maintains the original network structure. d—f Visualization of the co-location network (sampled), high-
lighting the rich-club structure (red nodes) and peripheral nodes (circular layout) for null adoption, full
adoption with ItemKNN and full adoption with MultiVAE. Rich-club density increases dramatically for
MultiVAE, while remaining constant for I1temKNN. g, h Rank-size distribution and Lorenz curves of
venue visits: under n=1 for MultiVAE, top-ranked venues receive disproportionately more visits
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value of the lope o =~ 2.0 (Fig. 58). When users fully adopt MultiVAE ( = 1), the degree
distribution flattens significantly, with a heavier tail and a substantial increase in median
degree (Fig. 5¢). Notably, the number of nodesin the network also increases, which implies
broader participation in the social layer under algorithmic influence.

Figure 5d,f offers a visual snapshot of the co-location network structure under the null
and full adoption scenarios for MultiVAE. The inner red nodes denote the rich club and the
peripheral nodeslie along the outer circle. When n = 0, the peripheral subnetwork is sparse
(Peripheral Density, PD isamost 0) and the rich club is weakly connected (Rich-club Den-
sity, RD =~ 0.11). When n = 1 with MultiVAE, the structure shifts dramatically: periphera
nodes become more interconnected (P D = 0.13) and the rich club much more densely con-
nected (RD ~ 0.90), forming adense social core.

These structural shifts in co-location patterns are tightly connected to changes in venue
popularity. Figure 5g reports the rank-size distribution of venue visits. With full adoption
of MultiVAE, the head of the distribution grows significantly: a few venues receive dispro-
portionately high attention, reflecting an increase in spatial centralisation. This dynamic
reinforces not only high-degree users but also high-frequency venues, suggesting that popu-
lar places become even more dominant. This pattern is further confirmed in Fig. 5h, which
reports the Lorenz curves of visit distributions under different scenarios. The curve for Mul-
tiVAE with n = 1 deviates more strongly from the equality line, indicating higher overall
inequality in venue visitation, despite the increased uniformity in individual user behaviour
and co-location degree.

5.2.2 ItemKNN

In contrast to MultiVAE, the feedback loop involving [temKNN has a minimal effect on the
structure of the co-location network and the distribution of visits across venues. Figure 5a,b
show the degree distributions of the co-location network under n = 0 and n = 1 with Item-
KNN, respectively. Both distributions follow similar power-law trends, with nearly iden-
tical slopes (« ~ 2.0 and « ~ 2.1) and a stable median degree of 4. This indicates that
the feedback loop involving ItemKNN does not substantially alter the topology of social
co-presence: individuals maintain similar numbers of co-located interactions regardless of
whether they follow the algorithm’s suggestions.

A structural view of the co-location network confirms this stability. Figure 5d,e visualises
the rich-club structure under null adoption and full adoption with IltemKNN. In both cases,
the peripheral density remains at zero (PD =~ 0.00), and the rich-club density remains
amost constant (RD = 0.11 and RD = 0.11 respectively). This suggests that the feedback
loop with ItemKNN neither strengthens the elite core of highly connected individuals nor
promotes wider cohesion among peripheral ones.

The implications from a venue perspective are shown in Fig. 5g-h. The rank-size distri-
bution of venue visits (Fig. 5g) shows that [temKNN largely preserves the pattern of venue
visits across adoption levels, with only minor variation in the long tail. The Lorenz curves
(Fig. 5h) reveal asdlight shift towards greater equality under full adoption of ItemKNN, asits
curve moves marginally closer to the diagonal compared to the null adoption scenario. This
indicates a modest reduction in the inequality of venue visits, although the general pattern
remains similar.
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Overall, the feedback loop involving ItemKNN preserves the existing structure of user
interactions and venue usage. Unlike more sophisticated recommender systems, it avoids
concentrating visits or reinforcing strong social cores, instead maintaining arelatively stable
distribution of co-location and visits across the system.

5.3 Understanding the individual-collective diversity trade-off

Within the feedback loop, the recommender systems analysed reduce inequality in how
individuals distribute their visits across venues, yet most recommenders simultaneously
increase the inequality in how visits are distributed across venues at the collective level.
How can these two seemingly contradictory mechanisms coexist?

To addressthis question, we compare the exploratory visits of individuals during the sim-
ulation with those recorded in the historical training data (Dyyain). We model the interaction
between individuals and venues as a bipartite network, where one set of nodes represents
individuals, the other represents venues, and edges correspond to visits. We construct two
bipartite networks: one based on the historical training data, and another based on explor-
atory visits simulated under full algorithmic adoption (n = 1). In the training network, an
edge connects an individual to a venue if it was visited during the training period. In the
simulation network, an edge is added only if the individual visited a venue for the first time,
i.e, avenuenot in Diyain.

We focus on MultiVAE, which exhibits the strongest impact on inequality patterns. We
group venues into deciles based on their number of unique visitorsin the training set. Each
decile represents 10% of venues, ranked from least (decile 1) to most popular (decile 10).

The degree of a venue in the bipartite network reflects how many users visited it. Since
we model binary interactions, the degree is equivalent to the weighted degree. To normalise
across the network, we compute the normalised weighted degree for each venue v:

dy= B
v EU’EV d“’ (3)

We then aggregate these val ues within each decile to compute the share of attention directed
to that group:

Dy =3 dv 4

veg

This measure, ﬁg, captures the fraction of all user—venue interactions involving venuesin
the group g.

Figure 6a shows that while the most popular venues (decile 10) aready attract the larg-
est share of attention (33%) in the training data, the other deciles also receive a significant
portion of visits. After the simulation, under the influence of MultiVAE, attention becomes
far more concentrated (see Fig. 6b): decile 10 captures 56.91% of al interactions in the
exploration phase, an increase of nearly 24% compared to the training data. This comes at
the expense of nearly every other decile, whose shares decline.
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Training MultiVAE

33.0% of visited venues 55 91% of explored venues
n 13.91% of visited venues n 13.9% of explored venues
E 10.52% of visited venues E 8.71% of explored venues
8.56% of visited venues 5.32% of explored venues
E 7.22% of visited venues. I3  3.43% of explored venues
6.53% of visited venues 3.7% of explored venues

5.57% of visited venues A 2.49% of explored venues
4.89% of visited venues 1.65% of explored venues
4.89% of visited venues 2.35% of explored venues
4.9% of visited venues 1.53% of explored venues

(a) Training set network (b) Exploration network (MultiVAE)

Fig. 6 User-venue hipartite networks. In the bipartite network, individuals are on the left and venue de-
ciles are on the right. Each decile contains 10% of venues, ranked by their popularity in the training
data. Percentages indicate each decile’s share of total user—venue interactions. In the bipartite network
corresponding to the training data (a), an edge indicates avisit during the training period. In the bipartite
network of the simulation data (b), an edge represents asimulated visit to avenue not seen during training
(i.e., anovel exploration). Venues with fewer than 3 unique visitors are excluded

To characterise this shift better, we compute the change in attention share for each decile

between the training data and simulation datar 5, = D™ aten) _ Hltrain) A ghown
in Fig. 7, the shift is stark: decile 10 gains over 20 percentage points in attention, while all
other deciles, especially the least popular ones, |oose ground.

The analysis shows that the new venues visited by individuas, those driving the increase
inindividual diversity, are often the same across the population, typically the most popular
ones. This reflects a rich-get-richer dynamic: while individual-level diversity improves, it
does so by directing many individuals toward a narrow set of highly recommended venues.
As aresult, the system becomes more centralised, amplifying popularity bias and reveal-
ing afundamental tension: recommendation systems can enhance fairness at the individual
level while undermining it collectively. Appendix F offers a complementary perspective on
this dichotomy, showing that user similarity increases with the adoption rate n for complex,
representation-based models such as MultiVAE, while remaining stable for ltemKNN.

Key Result 4

Individual diversity rises mostly through visits to the same popular venues.

6 Discussion

Our findings contribute to the growing body of research on human—AlI interaction by extend-
ing the analysis of feedback |oops to the domain of human maobility.

Our main result is that the feedback loop leads to a divergence between individua and
collective diversity for most recommendation systems. On the one hand, individuals distrib-
utetheir visits more evenly across venues, resulting inincreased individual diversity. Onthe
other hand, the distribution of collective venue popul arity becomes more concentrated, with
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Fig. 7 Change in normalized weighted degree across venue popularity deciles (1-10). Bars show the dif-
ference in share of interactions between exploration and training under MultiVAE

a small set of venues attracting a disproportionate share of total visits—a decreased col-
lected diversity. These two apparently contrasting mechanisms coexist because individual
diversity rises mostly through visits to the same popular venues, which makes individual
visitation patterns increasingly similar.

This individual-collective trade-off mirrors the patterns observed in other human-Al eco-
systems (Pappalardo et al., 2024). In online retail, for example, the use of recommender
systems often increases individual exposure to nicheitems while amplifying popularity bias
at the aggregate level, leading to market concentration around top-ranked products (Lee
& Hosanagar, 2019; Fleder & Hosanagar, 2009). A similar dynamic has been observed
in the context of generative Al. Online experiments show that while generative models
can boost individual creativity, they often reduce diversity at the collective level (Doshi &
Hauser, 2024). Additionally, when data produced by an Al model isfed back into the model
for fine-tuning, the resulting feedback loop can lead to mode collapse, producing increas-
ingly homogenized outputs at scale (Shumailov et al., 2024). Our results suggest that the
human-AlI feedback loop produces this trade-off not only in digital content consumption
but also in physical movement patterns within cities. This raises important concerns about
the long-term effects of algorithmic mediation on urban accessibility, spatial inequality, and
the viability of less popular or peripheral venues. In thisregard, our study contributes to the
emerging field of human-Al coevolution (Pedreschi et al., 2025), which focuses on measur-
ing and modelling feedback |oops between humans and algorithms, and understanding how
these interactions shape the dynamics of complex systems.
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Another key finding of this study is that the extent of the individual-collective trade-
off depend on the algorithmic architecture used to train the recommender systems within
the feedback loop. Empirical research shows that different types of recommender systems
introduce distinct forms of bias, with no universally accepted solution: for example, neigh-
bourhood-based models tend to exhibit less popularity and exposure bias than deep learn-
ing approaches, while graph neural networks are prone to degree bias, disproportionately
favouring highly connected nodes (Chen et a., 2023; Klimashevskaia et al., 2024; Man-
soury et al., 2019; Lesota et ., 2021; Elahi et a., 2021; Subramonian et a., 2024). Our
findings are consistent with these observations: feedback loops with neighbourhood-based
recommenders such as UserKNN and ItemKNN produce |ess pronounced biases than those
with deep learning models such as MultiVAE. While our study does not offer a definitive
explanation for the origins of these disparities, it adds evidence to the growing literature
on how agorithmic design shapes fairness, diversity, and systemic outcomes in human-Al
feedback loops.

Our work also contributes to the field of human mobility (Pappalardo et al., 2023; Barbosa
et al., 2018), which seeks to analyse, predict, and model the fundamental patterns underly-
ing human movement. In particular, our study challenges the core assumptions of mechanis-
tic mobility models such as the Exploration and Preferential Return (EPR) model (Song et
al., 2010) and its extensions (Barbosa et a., 2018), which typically assume that individuals
make movement decisions autonomously, driven by internal rules balancing exploration
and return. However, in today’s algorithmically mediated urban environments, these deci-
sions are often shaped by external influences (most notably, recommender systems) which
embed individuals within a human-Al feedback |oop that alters the dynamics of mobility
itself. As our results show, such feedback loop has the potential to reshape venue visitation
patterns, with cascading effects on venue popularity and social co-location. These findings
suggest that classical mobility models must be revised to explicitly incorporate a gorithmic
influence as a primary behavioural driver, enabling more realistic representations of human
mobility in algorithmically guided cities.

7 Conclusion

In this article, we modelled the human-Al feedback loop in the context of next-venue rec-
ommendation to simulate itsimpact on the diversity of visitsat theindividual and collective
level, and on the structure of individuals' co-location networks.

Our study has some limitations. First, our analysis of the feedback loop is based on
simulation rather than empirical observation, due to the lack of access to real-time platform
data such as recommendation outputs and user interactions. As aresult, our analysis should
be intended as a what-if analysis to explore hypothetical scenarios rather than providing
empirical evidence. Regulatory initiatives such as the Digital Services Act will empower
researchersto run empirical experimentsdirectly on onlinedigital platforms, enabling rigor-
ous assessments of how recommender systems influence real-world urban dynamics. In the
meantime, our work offers a set of testable conjetures—the key results in the grey boxes—
that can guide future empirical investigations on these platforms.

Second, we model individual decision-making using simplified probabilistic rules, which
do not fully capture the complexity of human behaviour. For example, we assume the same
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probability of adopting the recommender system across all individuals, without explicitly
accounting for individual differences in receptiveness to recommendations. Our assumption
of the same adoption probability across all individuals is supported by the findings of Cinus
et a. (2022), which suggest that the qualitative effects of recommender systems remain
robust even when individual susceptibility to recommendations is heterogeneous. Nonethe-
less, incorporating user-level heterogeneity more explicitly, or designing simulations with
persistent exposure conditions, would provide a valuable extension to better understand the
nuanced interplay between algorithmic influence and venue visitation patterns. We plan to
address the limitations discussed above in future works.

Our study opens several directionsfor future research. One promising avenueisto enrich
the autonomous decision-making mechanism by integrating more sophisticated mechanistic
models of human mobility, capturing factors such as temporal routines (Jiang et al., 2016;
Pappalardo & Simini, 2018), socia interactions (Toole et al., 2015; Cornacchia & Pap-
paardo, 2021), and spatial scales (Alessandretti et a., 2020). In this regard, an interesting
direction is to model the decision-making process as a two-step sequence: first selecting
an activity category (e.g., dining, shopping, entertainment), and then choosing a specific
venue within that category. This would allow us to capture how recommender systems influ-
ence not just where individuals go, but also what types of activities they choose to engage
in. Another possible improvement would be to account for commercial mechanisms typi-
cally implemented in online platforms, such as venue sponsorship or monetized rankings.
These mechanisms can alter the visibility of certain venues and may therefore influence the
dynamics observed in this study.

Another interesting direction is the mitigation of the observed biases in |ocation-based
recommender systems. Model ensembling offers a promising approach in this regard. While
our study does not explicitly evaluate ensemble methods, it includes PGN (Sanchez &
Dietz, 2022), an ensemble model that integrates collaborative, geographical-proximity, and
popularity signals. PGN displays behavioura patterns similar to deep learning models like
MultiVAE, suggesting that even architecturesintegrating diverse signals may still reproduce
certain biases. This underscores the need for future research to systematically assess how
ensembling and signal integration impact fairness and diversity in human travel patterns.

Concerning the field of human mobility, a direction for future work is to investigate
how the human-AlI feedback loop may influence the well-established statistical laws that
characterise human movement by guiding individuals towards certain venues over others.
It would be also important to explore whether the feedback |oop reinforces or mitigates the
socio-economic and demographic segregation that often emerges in urban visitation pat-
terns(Moro et a., 2021; Barbosa et al ., 2021; Gambetta et a., 2023), potentially amplifying
inequalities or, conversely, acting as tools for urban inclusion. By shaping venue popular-
ity, location-based recommender systems can also affect property values and the perceived
attractiveness of neighbourhoods, potentially driving complex urban processes such as gen-
trification and overtourism (Mauro et al., 2025).

In conclusion, our study represents the first attempt to study how the human-AlI feedback
loop reshapes human mobility patterns. Our novel computational framework opens new
avenues for studying the coevolution between agorithmic decision support and individual
choice in the city, contributing to a deeper understanding of how digital platforms shape,
and are shaped by, human mobility patterns.
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Table 2 Performance metricsfor  p\oge HitRate@20 mMRR@20
New Yo ;Ecgﬂ‘ymg:retm‘)dds O UserkNN 01726 0.0576
ItemKNN 0.1703 0.0377
MF 0.1870 0.0474
BPRMF 0.2261 0.0611
MultiVAE 0.1898 0.0656
LightGCN 0.2774 0.0838
PGN 0.2156 0.0704
Table3 Complete set of_simula n Adoption rate {0.0,0.2,0.4,0.6,0.8, 1.0}
tion parameters adopted in our -
framework A Retraining frequency {1 days, 7 days}
p Exploration probability 0.6 x |V|79-21 (Song et al.,
2010)
Training approach {incremental, sliding window}
Optimizer Adam
Learning rate 0.001
Epochs 500
Early-stopping patience 5
Batch size {16, 32}
nr of nearest neighbors 10
KL divergence coeff 0.2
(MultiVAE)

Appendix A: Training process and hyperparameters

UserKNN, ItemKNN, and PGN are trained using & = 10 nearest neighbors. MF is imple-
mented with 32 latent factors. BPRMF and LightGCN are optimized using the pairwise
BPR loss with a batch size of 16 and an L2 regularization term of 0.0001. MultiVAE is
trained with cross-entropy loss combined with a KL divergence term (weighted by a coef-
ficient of 0.2) in a full-batch setting.

During the training process, we track the training loss at the end of each epoch and apply
early stopping if the loss remains stable for five consecutive epochs. The total number of
epochs is capped at 500. We use the Adam optimiser with a learning rate of 0.001. The
hyperparameter values we use in our experiments are reported in Table 3.

As a sanity check, we evaluate each trained model on Dyrain @nd Dpost. For each user
u € U, wegenerateatop-K list of recommended venues and measure the HitRate and mean
Reciprocal Rank (mRR) in predicting u's interactions in Dp,os. We set K = 20 and report
average HitRate and mRR across all usersin Table 2.

The performance of the recommender systems aligns with findings reported in the litera-
ture (Sanchez & Dietz, 2022): PGN outperforms BPRMF, which in turn exceeds UserKNN,
followed by 1temKNN.
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Appendix B: Tokyo dataset

The Foursquare Tokyo dataset contains 573,703 check-ins from 2293 users across 61,858
venues. Thisis approximately twice the size of the New York City dataset, while the geo-
graphic area covered by Tokyo —measured as the bounding box of all venues—is roughly
half that of New York City.

To ensure a fair comparison between the two datasets, we randomly sample 1,083
users—the same number asin the raw New York City dataset—and apply the same prepro-
cessing pipeline to both datasets. The resulting Tokyo dataset contains 141,968 check-insto
34,314 venues by 1,083 users.

Figure 8 shows the impact of the feedback loop in Tokyo as a function of the adoption
raten, averaged over five simulation runs. The results closely mirror those observed for New
York City, supporting the robustness of the main findings across different urban contexts.

Figure 8a shows that all models reduce the average individual Gini coefficient G with
increasing 7, indicating that recommenders consistently promote more diverse individual
behavior. MultiVAE again achieves the largest reduction, reaching values below G = 0.1
at full adoption, while the impact of KNN-based models is limited. Figure 8b reports the
collective Gini coefficient G, which increases for most models as adoption rises. MultiVAE

a)0.25

0.23
'€ 0.20
(O]

+ 0.18
(]
0
5 0.15
2
= 0.12

0.10

c)

1.60
[S]
2 1.40

()
S1.20
2. H
© 1.00 :

9] \
20.80
(o)}

3 0.60

0.40

0.0 0.2 04 06 08 1.0 00 0.2 04 06 08 1.0
Adoption rate n Adoption rate n

—o— [temKNN MultiVAE
—e— LightGCN BPRMF
—4— MF —8— UserkKNN

Fig. 8 Effects of different recommender systems on mobility and network-level indicators in Tokyo, as
afunction of the adoption rate n. Each point represents an average over five simulation runs. a average
individual Gini coefficient G; b collective Gini coefficient G; ¢ degree exponent « of the co-location
network; d rich-club density Uyjcn
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and MF lead to the strongest increases, similarly to what was observed in New York City,
reaching values close to G = 0.7. ItemKNN remains the only recommender system that
consistently reduces collective inequality, similarly to what observed for New York City.

The degree exponent o of the co-location network is shown in Fig. 8c. As observed in
New York City, most recommender systems flatten the degree distribution by lowering «,
promoting broader co-location across users. The effect is the strongest for MF, MultiVAE,
and LightGCN, while ltemKNN and UserK NN exhibit more stable values near the baseline.
Figure 8d presents the rich-club density Uiy, defined as the internal density among the 15
most connected individuals. At first glance, results differ slightly from those in New York
City. In Tokyo, theinitia rich-club density is already high (around 0.9) at = 0, compared
to about 0.2 in New York City. As aresult, for most recommender systems, the feedback
loop either maintains or dlightly reduces Uy, with the exception of MF, MultiVAE, and
UserKNN, which preserve or further increase rich-club connectivity. These differences may
be explained by the higher population density, more compact spatial distribution of venues,
or contextual behavioral patterns specific to Tokyo. Taken together, these results demon-
strate that while some quantitative differences emerge—particularly in the rich-club struc-
ture—the main trends observed in New York City hold aso in Tokyo. This reinforces the
generalizability of our findings across different urban environments.

Appendix C: Dataset cleaning procedure

We excluded all ckeck-ins to venues with following categories: Train, Transport Hub,
Transportation Service, Travel and Transportation, Boat or Ferry, Platform, Road, Island,
River, Housing Development, Meeting Room, Conference Room, Office, Home (private),
Apartment or Condo and Unknown.

Appendix D: Impact of retraining frequency

To assess the impact of the retraining frequency of recommender systems, we shorten the
retraining interval of the simulationto A = 1 day, i.e., we update the recommender system
daily. As shown in Fig. 9, the results for A = 1 day are consistent with those for A =7
days, although the effects are more pronounced in the latter case. Our interpretation is that,
because the simulation follows the real, longitudina evolution of user—venue interactions,
longer gaps between updates give the algorithm more time to amplify historical biases.

We also replicate our experiments using a siding-window training scheme instead of
an incremental one. In this setting, each new batch of simulated user—venue interactions
replaces an equal number of the oldest interactions, keeping the training set size constant
over time.

As Fig. 10 shows, the two schemas yield nearly identical outcomes: the curves mostly
overlap and their error bars largely coincide, indicating no statistically significant differ-
ences. These findings suggest that our results are robust to the choice of training strategy,
holding regardless of whether the recommender system is trained incrementally or using a
sliding-window approach.
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Fig.9 Results obtained by comparing two different retraining frequencies: A = 1 day and A = 7 days.
No substantial differences are observed. The simulation uses MultiVAE as the recommender algorithm
and the New York City dataset
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Fig. 10 Results obtained by comparing two training strategies: incremental training (used in the main
text) and sliding-window training. No substantial differences are observed. The simulation uses Multi-
VAE as the recommender algorithm, the New York dataset, and aretraining interval of A = 1 day

Appendix E: Results for PGN

Similarly to MF and MultiVAE, PGN leads to a notable reduction in the individual Gini
coefficient, accompanied by a significant increase in the collective Gini coefficient (see
Fig. 11). We also observe a substantial decrease in the degree exponent « of the co-location
network, suggesting a shift toward more homogenous connectivity, alongside the emer-
gence of adenser rich-club structure.
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Fig. 11 Effects of recommender system adoption 7 considering also PGN

Appendix F: User similarity across adoption rates

We study how user similarity evolves as a function of the adoption rate 7, offering further
insight into the collective impact of different recommendation systems. We define Jensen-

Shannon similarity (JS similarity) as:

IS(P.Q) =1~ IS(P|Q)

where JS(P||Q) is the Jensen-Shannon divergence between two discrete probability distri-
butions P and Q. The JS divergence (Fuglede & Topsoe, 2004) is defined as:

IS(PIQ) = SKL(PIM) + SKL(QIM) where M = L (P+ Q)

where KL denotes the Kullback—Leibler divergence (Kullback, 1997; Van Erven & Har-
remos, 2014) defined as:

P(x)
KL(P|Q) =Y P(x)lo
;«( ¢ <Q<w)>
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Fig. 12 Distribution of pairwise JS similarity among the top 50 users, computed over the 50 most visited
venues, as afunction of the adoption rate n. Under ItemKNN, similarity remainsrelatively stable. In con-
trast, under MultiVAE, JS similarity increases with adoption, indicating that visitation patterns become
more aligned as the recommender is more widely adopted

JS(P,Q) € [0, 1], it is symmetric and always well-defined. The higher JS, the more similar
the two distributions are.

We select the top 50 most active users and the 50 most visited venuesin New York City.
For each user, we build a probability distribution over visits to these venues. We then com-
pute the JS similarity between all user pairs at each value of the adoption rate 7.

Figure 12 shows the Jensen-Shannon (JS) similarity as the adoption rate n increases for
ItemKNN and MultiVAE. For MultiVAE, we observe a clear increase in JS similarity with
rising n, indicating that higher reliance on the recommender system leads to more homoge-
neous visitation patterns. In contrast, temKNN does not exhibit this trend. These findings
suggest that as usersincreasingly depend on MultiVAE for venue exploration, they become
more similar to one another; they visit the same set of top venues.
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