
Human mobility in the metaverse 
mirrors patterns in the physical 
world
Kishore Vasan1, Márton Karsai2,3 & Albert-László Barabási1,2,4

The metaverse is a virtual space enabling interactions beyond geographical boundaries, promising 
to transform how people engage with each other both in the digital and the physical worlds. The lack 
of geographical boundaries and travel costs in the metaverse prompts us to ask if the fundamental 
laws that govern human mobility in the physical world apply. We collected data on avatar movements 
from Decentraland, along with their network mobility extracted from NFT purchases on Ethereum 
and Polygon. We find that despite the absence of mobility costs, an individual’s inclination to visit new 
locations diminishes over time, limiting movement to a small fraction of the metaverse. We also find a 
lack of correlation between land prices and visitation, a deviation from the patterns characterizing the 
physical world. Finally, we identify the scaling laws that characterize meta mobility and show that we 
need to add preferential selection to the existing models to explain quantitative patterns of metaverse 
mobility. Our ability to predict the characteristics of the emerging meta mobility network implies that 
the laws governing human mobility are rooted in fundamental patterns of human dynamics, rather 
than the nature of space and cost of movement.

The metaverse is an interoperable virtual ecosystem that merges augmented and virtual reality, artificial 
intelligence, and blockchain technologies to create immersive, interactive, and persistent digital experiences1. 
Unlike traditional online gaming platforms, it is built on decentralized principles that enable new forms of 
participation in virtual economies and foster novel modes of humans interactions on the internet2–4. For 
example, asset ownership and verification on the popular metaverse Decentraland are managed through Non-
Fungible Tokens (NFT)5,6, setting it apart from closed, centrally controlled gaming ecosystems like Minecraft7. 
Driven by the potential of the technology and its far-reaching impact on society, in 2022, metaverse companies 
attracted over $120 billion in investments8.

Historically, human movements are confined to the tangible realm of the physical world, limited by structural 
and natural boundaries, and the time and cost associated with mobility. Facilitated by detailed data on individual 
human movements, studies have revealed the existence of multiple universal laws and patterns governing human 
mobility9–11, and have inspired the development of a family of quantitative models capable of explaining these 
patterns12,13. The resulting modeling framework quantifies the balance of physical proximity and economic 
prospects in shaping human mobility14,15, and its impact on socio-economic segregation16–19. This rich body of 
literature probes human behavior patterns, and have pledged a leading role during the COVID-19 pandemic, 
when mobility-based approaches were indispensable in predicting the spread of the pathogen, and have fueled 
contact tracing algorithms20–23.

A distinguishing feature of the metaverse is that individuals are no longer limited by geographic constraints 
or by the expenses and time investment associated with travel, allowing them to seamlessly transition between 
different locations24. In this new multi-dimensional landscape, traditional modeling frameworks inspired by 
transportation modes and residential choices25, opportunities and geographical restrictions deeply rooted in 
the physical space of human existence26,27, may no longer apply. Therefore, we need to ask whether the well-
established laws and patterns governing human mobility continue to apply, and if not, how do we develop a new 
modeling framework for the virtual space, where choices are driven by individual preferences, popularity, and 
network effects, rather than physical distance.

Prior research on virtual ecosystems has identified regularities in human behavior, such as the influence of 
social network structures in determining user exploration trajectories28,29, and its implications on economic 
activities such as location prices in the virtual world30,31. In the context of web exploration, studies have shown 
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that individual preferences closely mirror real-world exploration behavior32–34. In contrast to previous studies 
that investigated mobility on the internet35,36, we develop foundational principles within the context of the 
metaverse, and relate these findings to physical mobility models. Importantly, we track individual movements 
at ten-second intervals within a large-scale virtual world and directly linking these trajectories to blockchain-
based NFT transactions, offering fine-grained data on individual patterns. This data-driven approach provides 
a fresh perspective on the interplay between spatial mobility, social interactions, and economic activities within 
a unified analytical framework.

We focus on public data collected from two separate metaverse systems: (a) The first captures individual 
movements within a two-dimensional (2D) virtual environment. As the movements are confined to a pre-defined 
grid, it offers an environment whose metrics are comparable to the physical world. (b) The second data focuses 
on contract mobility, capturing the movement of the individuals observed in (a) across different blockchain-
based NFT contracts. This data describes mobility in an infinite dimensional space, where movements are not 
limited by an explicit physical boundary. Importantly, the data collection effort enables us to track the mobility 
of the same individuals across both blockchain-driven systems, ultimately offering a comprehensive and novel 
perspective on human behavior within the metaverse ecosystem (Fig. 1 A).

Our results indicate that despite the absence of mobility costs, an individual’s inclination to explore new 
locations diminishes over time. As a result, movement is heavily concentrated in a few locations in the metaverse, 
resulting in a pronounced disparity in visitor distribution across various locations. Importantly, we find a lack 
of correlation between land prices and visitation, underscoring the distinctive feature of the metaverse, where 
economic and spatial mobility dynamics deviate from the persistent patterns identified in the physical world. 
Finally, we show that to explain the observed metaverse mobility patterns and the emerging scaling laws, we 
need to modify the prevailing mobility models, incorporating a preferential selection mechanism for location 
selection. The proposed modification, a meta-mobility model called m-EPR, predicts mobility network and 
heterogeneous mobility flows in line with the empirically observed features in the metaverse. The ability of the 
m-EPR model to accurately describe the mobility network implies that individual movement in the metaverse is 
driven by popularity-based dynamics, a feature absent from human mobility in the physical world.

Data collection and curation
Virtual world mobility. To examine mobility in the metaverse we focused on Decentraland, one of the first 
decentralized virtual worlds launched in 2019 (Fig. 1 B), featuring 90,601 distinct lands (locations), each of size 
16 by 16 meters in the virtual space and organized in a symmetrical layout. Decentraland offers the opportunity 
to explore mobility in the three-dimensional space and relate the movement to ownership structures. As the 
locations are mapped using NFTs on the Ethereum blockchain, we track individual ownership and analyze the 
trends in the price changes (Supplementary Section 1.2). We collected temporal mobility data of users on the 
platform in two separate sessions: from March 15, 2022 to August 7, 2022 (D1) and from August 8, 2022 to 
September 19, 2022 (D2), together capturing information on 163,770 users and their 251,643,262 movements. 
The two data sources (D1 and D2) only differ on the servers used to collect the data and capture identical 
mobility data structures, hence we present the results on the combined data (Supplementary Section 1). Using 
this data, we build a virtual world mobility network, where nodes are locations and a link signifies movement 
across the two locations.

Network mobility. Every NFT purchase is publicly documented on the blockchain, establishing a fail-
proof system of verifiable ownership. On the blockchain, this is primarily done using ERC-721 contracts, an 
Ethereum protocol used to represent and transfer digital assets. Focusing on the set of 163,770 individuals whose 
mobility we tracked on Decentraland, we extracted their network mobility by collecting data regarding their 
NFT purchases from two blockchains: (a) Ethereum, finding 1,165,310 NFTs from 23,827 contracts collected 
by 14,732 (9%) users, and (b) Polygon, finding 3,112,300 NFTs from 54,918 contracts engaging 41,870 (25%) 
users. Using this data, we construct a dynamic network in which nodes represent NFT contracts (locations) and 
links capture time-resolved purchase patterns between those contracts (Fig. 1 C). In particular, we track each 
user’s exploration trajectory and define links between contracts based on sequential movements. For example, a 
link between contracts C1 and C2 is formed when a user purchases a NFT from contract C1 at time t and then 
proceeds to purchase a NFT from contract C2 at time t + 1. This procedure reveals meaningful connections and 
emergent structure of the contract network for analysis and modeling.

The decentralized software architecture of the Decentraland metaverse and the transparent nature of 
blockchain technology allows us to collect data about individual behavior, making it a viable and suitable source 
for scientific studies. While it does not contain privately identifiable information, the psuedo-anonymous nature 
of blockchain transactions could contain the risk of de-anonymization since it can be linked to a natural person 
identity, as noted by the European Union General Data Protection Regulation37. Given this, we secured the 
necessary approval from the Institutional Review Board (IRB) for our study (Reference number 23-03-29).

Results
Characterizing individual movements
The movement of individuals in the physical world are guided by established patterns of regularity, shaped by the 
location of home and workplace, and the physical distances between them38,39. The design of these factors have 
lead to the development of statistical models that predict individual mobility9. In the metaverse, the absence of 
traditional points of interest and mobility costs prompts us to ask: do individuals typically explore a significant 
portion of the available locations? Importantly, do the principles that govern individual mobility in the physical 
world hold true within the metaverse?

To answer this, we first measure the number of unique locations visited by an individual. We find that a typical 
individual explored 18 locations (lands) within the virtual world, or less than 1% of all lands (Supplementary 
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Figure S10 A). The most active participant visited 2,973 locations, corresponding to 3.2% of the exploration 
space. Further, individuals who owned virtual land or digital currency in the metaverse explored an average 39 
locations, whereas those without any financial involvement explored only 14 locations on average. In a similar 
fashion, an average user bought NFTs from 20 different contracts on Ethereum, representing less than 0.1% of all 
contracts, and an average user on Polygon purchased from 8 contracts, representing less than 0.1% of all contracts 
(Supplementary Fig. S10 B). These patterns suggest that despite the lack of physical and time restrictions to 
discover and explore new locations, individuals tend to focus their mobility to a small fraction of the metaverse.

To study the role of displacements in the metaverse, we next quantify the jump distance, δr . In the virtual 
world, we can rely on the Manhattan distance, where a distance of five indicates displacement to a land located 
five units away in any direction (Fig. 1 B, Supplementary Fig. S12, Supplementary Section 3). We find that 
individuals continue to prefer to move in smaller distances and rarely display large displacements (Fig. 2 C). 
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Fig. 1.  Measuring meta-mobility. (A) To quantify mobility in the metaverse, we explore two separate 
datasets: Mobility in a 2-dimensional virtual world (left) and in the network space (right). In the virtual 
world, an individual, posing as an avatar, can move through a 2D virtual environment via local movements 
or teleportation. Using the trajectories of all individuals in the virtual world, we created a mobility network, 
whose nodes are lands and a link captures the movement between two locations. We track the mobility of the 
same individuals in the network space, capturing virtual marketplaces through their NFT purchases, allowing 
us to build a time-resolved contract network. For example, a user with screen name pikelpyramid, purchased 
an NFT from the Decentraland contract and the subsequently purchased a new NFT from Sandbox, creating a 
link between Decentraland and Sandbox. (B) Visualization of the Decentraland virtual world. Each land in the 
virtual world is identified by its (x, y) coordinates, organized in a 2D symmetrical layout. The lands are colored 
based on the number of visitors. We mark the parcels that were sold during our observation period, with points 
sized based on the selling price of land. (C) The Ethereum contract network traveled by our users. The nodes 
(contracts) are sized based on the number of users that visit the contract, and the top 10 network communities 
are colored for clarity.
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Specifically, jumps greater than a distance of ten accounts for only 18% of all displacements (Supplementary Fig. 
S13). In contrast to the physical world where the distance between two locations can be used to predict visitation 
frequency (25,34,40), in the virtual world spatial separation between locations does not affect an individuals 
likelihood to visit a location (Supplementary Fig. S14).

In the contract mobility space, distance is measured using the shortest path length between the two contracts 
(locations) on the contract network (Fig. 1 C). Similar to the mobility patterns in the virtual world, we find 
that individuals prefer to purchase from contracts within one to three steps in the contract network (Fig. 2 D). 
Furthermore, individuals tend to repeatedly return to the same contract: we observe a 63% retention rate on 
Ethereum, and a 82% retention rate on Polygon, suggesting a “lock-in” effect in the metaverse, similar to the 
patterns found in web browsing41.

To characterize the variability in time allocation across locations, we employ two metrics: the mean visitation 
frequency of each individual, fi = ni/Si, where ni is the total time spent and Si is the number of unique 
locations visited by individual i, and the total dispersion in visitation across all locations, σfi , allowing us to 
assess the degree of heterogeneity in how individuals allocate their time across different locations. We find that 
the visitation flux in the metaverse follows the scaling law σf ∝ ⟨f⟩β , where the exponent in the virtual world 
is βvw = 1.01 (Fig. 2 E), and in the network space it follows βethereum = 1.01 and βpolygon = 0.98 (Fig. 2 F). 
The observed β ∼ 1, indicates that as individuals explore more locations, the variability of their interests also 
grows linearly.

We examined the location discovery rate of individuals, quantified as the number of unique locations 
visited, S(n), after n movements. We find that the exploration patterns of individuals follows S(n) ∝ nµ, well-
approximated by µvw = 0.52 in the virtual world (Fig. 2 G), and by µethereum = 0.61 and µpolygon = 0.52 
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Fig. 2.  Individual mobility patterns. (A) Distribution of number of visitors in the virtual world. We find 
that the proportion of visitors to different locations (lands) can be well-approximated by P (S) ∝ S−α, 
where αD1 = 1.98 and αD2 = 1.92. (B) Distribution of number of users per node of the network. We find 
a fat-tailed distribution in number of visitors by contract, well-approximated by the power law exponent 
αEthereum = 2.02 and αP olygon = 2.07. (C) Distance travelled in each displacement. We measure the 
jump distance, δr , as the Manhattan distance between two parcels. We find that individuals rarely move past a 
distance of 10. (D) Contract jump distance. We calculate jump distance, δr , as the shortest path length between 
two contracts in the network. A distance of δr = 0 indicates purchase of a new NFT from the same contract. 
We find that the majority of the jumps occur in short distances, irrespective of the blockchain. Time allocation 
at different (E) lands and (F) contracts. We compare the mean visitation frequency fi = n/S, where n is the 
total time spent and S is the number of locations, to the dispersion in visitation counts across all locations, σf . 
We find that σf ∝ fβ , following βvw = 1.01 in the virtual world, and βethereum = 1.01; βpolygon = 0.98 
in the network space. As β ∼ 1 it suggests that as individuals explore more, they tend to unevenly distribute 
their time across all locations. Number of unique locations visited over time. We measure the number of 
unique locations visited (S(n)) as a function of number of steps taken (n). We find that S(n) ∝ nµ scales as 
(G)µvw = 0.52 in the virtual world and (H)µethereum = 0.61, µpolygon = 0.52 in the network space. These 
insights reveal a sub-linear scaling in the exploration new locations, suggesting that an individuals’ inclination 
to visit more land decreases over time. (I) Location preference and time spent. We rank the locations visited 
based on the total number of visits to those locations, and display the proportion of time spent at each 
ranked location in the virtual world. This relationship is well-approximated using a power law with exponent 
αvw = 1.35. Inset shows the same plot in the linear scale. (J) Proportion of NFTs purchased from different 
contracts. Main panel shows the ranked frequency of locations based on the Ethereum blockchain, and the 
inset shows the results based on the Polygon blockchain. In both systems, the distribution of preference is well-
approximated using a power law (αethereum = 1.05, αpolygon = 1.39).
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in the contract space (Fig. 2 H). This sub linear scaling suggests that as individuals move in the virtual space or 
purchase from more contracts, the tendency to visit new locations decreases.

Finally, we ranked each location (land and contract) based on the number of times an individuals visited the 
location, so that S∗ = 3 represents the third-most-visited location for the selected individual. We find that the 
probability of an individual returning to a specific location follows a power law, P (S∗) ∝ S−α, characterized 
as αvw = 1.1 in the virtual world (Fig. 2 I) and αethereum = 1.01 and αpolygon = 1.8 (Fig. 2 J). That is, 
irrespective of the number of visited locations, individuals spend more than 50% of their time in three to five 
locations and tend to return to previously visited locations 90% of the time (Supplementary Figs. S15, S16), a 
pattern also characterizing mobility in the physical world9.

Emergence of collective attention
The globalization of transportation has increased interest in selected spots around the world. For example, the 
Central Park in New York City, once a local park, now attracts an influx of visitors from all over the world42. To 
test whether patterns of high visitation emerge in the metaverse, which lacks traditional transportation systems 
and travel restrictions, we examine the total number of users that visit a specific location. We find that 76% 
(69,433) of the lands received at least one visitor, and there was substantial variation in visitation numbers across 
these visited locations: 21% (15,193) received a single visitor, 14% (9,391) were visited by two visitors, and the 
remaining 65% (44,849) received visits by three or more individuals (Supplementary Fig. S2).

Similarly, on the Ethereum blockchain, 31% (7,524) contracts received only one visitor, 14% (3,379) received 
two visitors, and the remaining 54% (12,924) received three of more visitors. Overall, in the virtual world, the 
top 1% of the lands attracted 94% of all visitors, while on the Ethereum blockchain, the top 1% of the contracts 
attracted 77% of the users, and on the Polygon blockchain, the top 1% of the contracts attract 96% of all users, 
a rather remarkable concentration of visits. We note that similarly pronounced differences in visitation patterns 
may also emerge in the physical space, such as within towns and cities.

To further quantify these patterns, we measured the distribution of the number of visitors to a land or contract 
(S), finding that it is well-approximated by the power law, P (S) ∝ S−α, where the visitation exponent α in the 
virtual world is αD1 = 1.98, and αD2 = 1.92 (Fig. 2 A), and in the contract mobility space αethereum = 2.02 
and αpolygon = 2.07 (Fig. 2 B). We find the distributions to be stable over time (Supplementary Fig. S3), 
indicating that in the metaverse a few lands and contracts consistently attract most of the users while most 
locations struggle to find visitors.

The ability of a location to attract traffic could potentially elevate the prices of the lands or property43. 
Somewhat surprisingly, we find that the selling price of a land in metaverse is not correlated with the number 
of visitors it receives (β = 0.002, CI:[−0.02, 0.02], Supplementary Fig. S6). For example, the land at location 
(118,−10) attracted 196 visitors and fetched a selling price of $4,029, while a nearby land (120,−12) attracted 
2,053 visitors but was sold only $3,566 (Supplementary Fig. S7). In other words, despite receiving an order 
of magnitude more visitors compared to (118,−10), land (120,−12) was unable to demand a higher valuation, 
indicating that the virtual world does not create inflationary prices depending on the number of visitors.

Further, urban centers, representing geographical clusters that attract high number of visitors, illustrate 
the significance of geographical proximity in land visitation patterns44. In the virtual world, we discover the 
emergence of local neighborhoods characterized by high visitation, mirroring patterns observed in the physical 
world (Supplementary Fig. S8 A). However, in the metaverse land prices are not geographically clustered 
(β = 0.294, CI:[0.27, 0.31], R2 = 0.1, Supplementary Fig. S9). That is, proximity to popular locations is not 
a strong determinant of land prices (Supplementary Section 2), indicating that distance and amenities do not 
determine the sale price of locations. This lack of a correlation between land prices and visitation underscores 
the distinctive feature of the metaverse, where economic and spatial mobility dynamics offer room for new urban 
development theories45,46.

In summary, our empirical observations reveal a pronounced disparity in visitor distribution across various 
locations within the metaverse. The spatial layout of locations in the virtual world leads to the emergence of 
clusters of high visitation, revealing high similarities to the emergence of hotspots in the real-world. Some of 
these features may be influenced by the design choices of Decentraland, like the grid-like map that limits any 
location from having more than 8 spatial neighbors. Hence, further work is needed to generalize our findings to 
other virtual worlds, such as Second Life, that employ different design and game mechanics.

Macroscopic patterns of mobility networks
As illustrated in Fig. 2, although these two systems within the metaverse - a virtual world with an imposed 2D 
structure and blockchain-based NFT contracts forming an infinite dimensional network– are fundamentally 
distinct, they nertheless display a striking quantitative similarity in individual mobility patterns. This prompts 
us to ask, do the individual decisions driving these patterns are also driven by similar mechanisms, resulting in 
similar large-scale mobility patterns? To address this question, we develop a common network framework that 
captures mobility in both systems (Supplementary Section 4): (a) the virtual world network (VWN), where a 
node indicates a land (locations) and a link signifies temporal movement between the two lands. (b) the contract 
network (CN), where a node indicates a contract (location) and a link captures temporal movement between 
the two contracts.

We find that the degree distribution of nodes in both mobility networks have a heavy tail, where the 
probability of finding a location with degree k scales as P (k) ∝ k−α. In the virtual world network we find 
αvw = 1.98 (Fig. 4 A), while in contract networks we find αethereum = 2.9 and αpolygon = 2.4 (Fig. 4 B). The 
fact that 2 ≲ α < 3 in Ethereum and Polygon contract networks, resulting in the divergence of ⟨k2⟩, indicates 
that a few hub locations receive a disproportionate number of connections47–49.
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To assess movement between locations, we examine the number of individuals traveling between two 
locations, quantified via the link weight, wij . We find that in both mobility networks the link weight distributions 
follows a power law, P (wij) ∝ w−α

ij , well-approximated by αvw = 2.07 in the virtual world network (Fig. 4 D) 
and αethereum = 2.85 and αpolygon = 2.5 in the contract network (Fig. 4 E). That is, if individuals moved 
randomly between locations, we would fail to observe such concentrated movement within a few specific 
locations (Supplementary Section 4.1).

Finally, we find that a location’s degree centrality within the network influences the number of individuals 
visiting that location: the number of visitors to a location follows NS ∝ kβ , where in the virtual world network 
we have βvw = 1.05 (Fig. 4 G), and in the contract network βethereum = 1.05 and βpolygon = 1.13 (Fig. 4 
H). This pattern remains consistent when examining the connection between centrality of the contract and the 
number of NFTs sold (Supplementary Fig. S17). The fact that β ∼ 1 suggests that locations central within the 
meta-mobility network experience a linearly higher increase in the number of visitors compared to locations 
with fewer connections.

Modeling the origins of metaverse mobility
Our empirical results underscore four aspects of human mobility, each captured by a distinct scaling law: (1) 
individuals exhibit sub linear exploration patterns (S(n) ∝ nµ as µ < 1), (2) The frequency of visits to all 
locations follows a power law distribution (P (S∗) ∝ S−α as 1 < α < 2), and (3) the movement between 
the various locations defines a mobility network that exhibits a power law degree distribution (P (k) ∝ k−α 
with 2 < α < 3), and (4) the flow between locations (link weights) follows another power law distribution 
(P (wij) ∝ w−α

ij  with 2 < α < 3).
To understand how well the existing models can account for mobility in the metaverse, we start from the 

Exploration and Preferential Return (EPR) model50, which has emerged as a foundational framework for 
understanding human mobility in the physical world26,40,51,52. In the model, at each time step an individual 
decides to move to a randomly chosen new location based on the probability pnew = ρS−γ , where S is the 
number of previously visited locations, or returns to a previously visited location based on their past visitation 
history with probability 1 − pnew  (Supplementary Section 5). Previous studies have estimated γEP R = 0.21 
in the physical world50, different from γvw = 0.41 ± 0.03 we observe in the virtual world, and the values 
γethereum = 0.07 ± 0.01 and γpolygon = 0.18 ± 0.01 we observe in the contract space (Supplementary Fig. 
S19 A-C). This implies that contract mobility, defined by γethereum and γpolygon, experiences a slower decay 
rate in exploration compared to the physical world, showing a higher propensity to keep exploring new locations. 
On the other hand, the virtual world exhibits a faster decay rate (high γvw) compared to the physical world or the 
contract space, suggesting that individuals are less likely to explore new virtual locations53.

The EPR model predicts the individual visitation frequency of locations, P (S∗) ∝ S−αEP R , with exponent 
αEP R = 1.42 ± 0.03, together with a sub-linear exploration patterns in new visitation, S ∝ nµEP R , as 
µEP R = 0.7 ± 0.01 (Table S1, Supplementary Section 5.4). This shows that the EPR model is able to account for 
the observed sub-linear visitation patterns and the power law distribution in visited locations (αvw = 1.35 ± 0.03, 
µvw = 0.52 ± 0.01), as highlighted in key observations (1) and (2).

Yet, as the agents select locations randomly, the EPR model is unable to uncover the emergence of visitation 
hubs and the network-based relationship between the locations as documented in Fig. 4, i.e., the patterns (3) 
and (4). In particular, the network structure predicted by the EPR model is not scale-free (Fig. 4 C), violating 
observation (3). It also fails to predict heterogeneous visitation patterns, i.e. observation (4), finding link weights 
that are several magnitudes lower than empirical data, and fails to capture the linear correlation between hubs 
and their visitation numbers (Fig. 4 F, I). In fact, the mobility networks generated by the EPR model closely 
resembles random movements without preferential return (Supplementary Fig. S18), suggesting that the model 
offers inadequate explanations about collective mobility, as highlighted in observations (3) and (4).

To resolve this discrepancy, we extend the EPR model by incorporating the relative popularity of each location, 
biasing the individual movements towards more popular locations, and removing the limitation of movements 
based on distance (Supplementary Section 5.3). In this new metaverse-adopted EPR model, that we call the 
m-EPR model (Fig. 3), an individual decides to move to a new location with probability pnew = ρS−γ , or return 
to a previously visited location with probability 1 − pnew , mirroring the EPR model. Yet, in both scenarios 
we add a new element: before making a move, an individual evaluates the popularity of all available locations, 
and moves according to the transition probability, πj = mj/

∑
i
mi, where mj  is the number of visits to 

location j by all agents. Unlike the EPR model and its several proposed variants18,26,40,51,52,54, the m-EPR model 
informs the individual movement based on the location’s visitation numbers, normalized across all locations 
irrespective of distance. Since the mobility costs are diminished in the metaverse, the m-EPR model does not 
adjust transition probability based on the distance between locations, making it a more flexible framework for 
capturing metaverse mobility patterns compared to previous models. Indeed, the empirical data indicates that 
an individual is significantly more inclined to visit a location with higher visitation numbers compared to those 
with fewer visitation numbers (β = 0.95, R2 = 0.88), offering the empirical rationale for the added component 
(Supplementary Fig. S19 D-F).

To explore the predictive power of the proposed m-EPR model, we performed simulations using parameters 
derived from the virtual world (γvw = 0.41), and explored the model-based predictions by determining 
the scaling exponents related to individual mobility and the mobility network (Table S1). We also examined 
simulations with different temporal and spatial parameters (Supplementary Figs. S20, S21). In each case, we find 
a remarkable alignment with the empirical observations.

To be specific, we find that the m-EPR model recreates the individual mobility patterns (key observations 
(1) and (2)), by predicting a sub linear behavior in exploration, S ∝ nµM  with µM = 0.6 ± 0.004, closely 
related to the empirically observed values of µvw = 0.52 ± 0.01 (Supplementary Fig. S22 A). The model also 
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identifies a power law visitation frequency distribution, P (S∗) ∝ S−αM , where αM = 1.41 ± 0.02, consistent 
with empirical observations of αvw = 1.35 ± 0.03 (Supplementary Fig. S22 B).

Importantly, the m-EPR model can successfully capture the emergent characteristics of the observed mobility 
network (key observations (3) and (4)). Specifically, we observe that the m-EPR model predicts a scale-free 
network with degree distribution, P (k) ∝ k−αM , with αM = 2.1 ± 0.06 (Fig. 4 C), closely aligned with 
empirical observations (αvw = 1.98 ± 0.01). Further, the m-EPR model accurately captures the link weight 
distribution, P (wij) ∝ wαM

ij , with exponent αM = 2.19 ± 0.03 (Fig. 4 F), suggesting that the model explains 
the visitation heterogeneity that emerges in the mobility network (αvw = 2.18 ± 0.08). Finally, the m-EPR 
model, by encouraging individual movements to popular locations, successfully captures the positive relationship 
between a location’s degree and the number of visitors, N(S) ∝ kβM , where βM = 0.96 ± 0.03 (Fig. 4 I), 
consistent with βvw = 1.05 ± 0.002) found in the empirical data.

Indeed, the EPR model, which assumes that individuals select their new locations independently of each 
other, overlooks the interconnected dynamics of exploration. Since EPR and related models are designed to 
account for spatial and temporal constraints imposed by residence, workplace, travel time and cost, they neglect 
the influence of popularity. As a result, they are unable to capture the heterogeneous flows observed between 
locations in the metaverse. In contrast, the m-EPR predicts mobility network and heterogeneous mobility flows, 
and captures the essential features of virtual mobility. The ability of the m-EPR model to accurately describe the 
aggregate level patterns of the mobility network implies that popularity is a strong determinant of individual 
movement in the metaverse.

Discussion
The metaverse represents experiences, identities, and digital assets that help create a novel creator economy, 
resulting in networks that capture the underlying individual interactions, facilitated using blockchain technology. 
Importantly, the metaverse offers a freedom of mobility, releasing individuals from the traditional constraints 
imposed by mobility costs36. In theory, this newfound freedom of movement offers the potential for a more 
equitable distribution of access and human activity patterns55. Yet, by analyzing large scale data on human 
movements in the virtual world and purchasing of new NFTs, we find that the exploration patterns of individuals 
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Fig. 3.  Foundation of the mobility model. We first organize the possible visiting locations a to g, into whether 
the location has been previously visited (green) or unvisited (gray). At each movement, an individual decides 
to explore a new location (gray) with probability pnew ∝ S−γ , where S represents the number of previously 
visited locations. With its complementary probability, 1 − pnew , an individual decides to revisit a previously 
visited location (green). In the EPR formulation, when visiting a new location, the individual randomly selects 
a new location drawn at some distance δr . In the proposed m-EPR model, the individual is biased towards the 
more popular locations, sampled according to the probability π = ma/

∑
j

mj , where ma is the popularity 
of the location a. When deciding to revisit a previously visited location, in the EPR model the individual 
selects based on their individual past visitation history, πi = mi

g/
∑

j
mi

j , where mi
g  represents the number 

of visits to the location g by individual i. In contrast, in the m-EPR model, an individual revisits a location 
according to the probability π = mg/

∑
j

mj , where mg  represents the total number of visits to the location 
i by all individuals. In contrast to the EPR model, where an individual randomly selects a new location and 
preferentially re-visits location based on only their individual visitation history (πi), the m-EPR model allows 
individuals to select new locations and revisit old locations based on their global popularity (π).
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results in highly uneven number of visitations across different locations. These empirical findings prompted 
us to modify the existing human mobility models so that we can adapt them to the metaverse environment. 
The resulting m-EPR model leverages a popularity-driven mechanism to successfully replicate individual level 
characteristics and the aggregate mobility patterns in both the virtual world and the contract space. The model’s 
ability to explain the observed quantitative patterns is rooted in a simple prospective mechanism: an individual’s 
inclination to visit a specific location is influenced by the number of previous visitors to that location, irrespective 
of his/her own visitation history or distances between locations. This mechanism, absent from mobility in the 
physical world, fundamentally alters the quantitative patterns of metaverse mobility.
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Fig. 4.  Capturing models of meta-mobility. (A) Degree distribution of lands in the mobility network. We 
observe a fat tailed distribution in degrees, well-approximated by a power law, P (k) ∝ k−α as αvw = 1.98. 
(B) Degree distribution of contracts in the contract network. We observe a heavy tailed distribution where 
few contracts receive most of the connections, well-approximated by a power law, P (k) ∝ k−α, where 
αethereum = 2.9 and αpolygon = 2.4. (C) Degree distribution from the model simulations. We show the 
results from the EPR model and the m-EPR model, finding that the m-EPR model recreates the heterogeneous 
degree distribution as αM = 2.1 ± 0.06. We show the link weight, wij , distribution of the network for (D) 
virtual world mobility and (E) contract mobility. The link weight distribution follows a power law decay 
as P (wj) ∝ w−α

ij , where αvw = 2.18 in the virtual world and αethereum = 2.85; αpolygon = 2.5 in the 
contract network. We display link weight distributions between nodes at different physical distances (δr). 
(F) Link weight distribution from model simulations. We find that the m-EPR model is able to uncover the 
concentrated flows between locations with αM = 2.19 ± 0.03 in the network. (G) Relationship between 
degree of land in the virtual world mobility network and its number of visitors. We find that the two variables 
scales as NS ∝ kβ , where βvw = 1.05. (H) Relationship between degree of contract in the contract mobility 
network and its number of visitors. We find that N ∝ kβ , where βethereum = 1.05 and βpolygon = 1.13. (I) 
Relationship between degree and visitors from model simulations. We find that them-EPR model obtains a 
positive scaling between the two variables (βM = 0.96 ± 0.03).
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At the same time, individual movements in the metaverse preserves multiple properties observed in the 
physical world. For example, an individual’s inclination to explore new locations diminishes over time, and 
individuals display substantial heterogeneity in visitation preference across all visited locations. These consistent 
patterns underscore the persistent elements of human movements, holding relevance in both physical and 
metaverse environments. Further, the quantitative insights gained by studying human behavior patterns through 
public blockchain data could help formulate new theories of human attention in the virtual spaces56.

Note that virtual worlds also contain a three-dimensional component57. For example, individuals could hike 
a mountain or hang out at the top of a building, dimensions captured by the data we collected and available for 
future work. The current modeling framework overlooks these extra dimensions, along with other features that 
influence human decisions in mobility, such as the impact of social networks on location choices, the different 
utility or aesthetic appeal of the available locations, and the potential activities within specific points of interest– 
such as playing poker at a virtual casino58, or viewing digital art at Sotheby’s virtual gallery59. Future work 
should address their role in predicting sale prices of locations, and may also design controlled experiments to 
understand the value of autonomous generative agents in enabling social interactions and location discovery60.

Methods
Constructing meta-mobility systems
Virtual world mobility. The data regarding the movements of individuals is derived from Decentraland, one 
of the first decentralized virtual worlds. We conduct two data collection processes (Supplementary Section 1). 
First data collection process lasted from March 15, 2022 to Aug 6, 2022, extracting data from a single data server, 
resulting in 81,563 users and 110,416,682 displacements (D1), and the second data collection lasted from Aug 
7,2022 to September 19, 2022, capturing 141,226,580 movements by 94,149 users and (D2). Finally, we collect 
15,209 sales of 6,773 lands, and 1,562 sales of 1,075 estates (collection of land) comprising of 7,159 lands. In 
the mobility network, a node is a land and a link signifies movement between the two locations. We create the 
mobility network by aggregating the movements of all individuals (Fig. 1 A, Supplementary Section 1.1).

Contract network mobility. Each NFT is associated with a specific contract, either of type ERC-721 or 
ERC-1155, representing transaction rules and royalty rates for each NFT transfer. An individual follows the 
rules set by the contract to purchase an NFT, similar to how collectors purchase an art item (NFT) from an art 
gallery (contract). For the same set of individuals, whose wallets we followed on Decentraland, we extract data 
regarding NFT purchases from two different blockchains: (a) Ethereum, finding 1,165,310 NFTs from 23,827 
contracts collected by 14,732 (9%) users, and (b) Polygon, find 3,112,300 NFTs from 54,918 contracts by 41,870 
(25%) users. Using the NFT purchase history of each individual, we build a contract network, where a NFT 
contract for Foundation will be connected to another NFT contract for Artblocks, if an individual purchased 
a NFT from Foundation and then subsequently purchased an NFT from Artblocks (Fig. 1 A). The resulting 
contract network captures similarities between contracts and also characterises mobility in the NFT space (Fig. 
1 C, Supplementary Section 1.3).

Modelling metaverse mobility
EPR model. The simulations are conducted on a 300x300 location grid, and the choice of the location is sampled 
from the jump distribution derived from empirical data. The probability that an individual chooses to explore a 
new location is given by pnew ∝ S−γ , where S is the number of locations visited by the individual so far. With 
probability, 1 − pnew , the individual decides to revisit a previously visited location, proportional to the number 
of past visits.

m-EPR model. The individual decides to explore a new location with probability pnew ∝ S−γ , and with 
probability 1 − pnew , the revisit a previously visited location. In contrast to the EPR model, the individual 
movements are influenced by the popularity of each location, characterized by the number of visits to that 
location, π = mg/

∑
j

mj , where mg  represents the total number of visits to the location i by all individuals. To 
do this, we keep track of the number of visitors, mt(i) to a location i. At the end of each time step, the number 
of visitors to the location, mt+1i is updated.

Simulation strategy. The simulations were conducted for n = 5, 000 agents and S = 20, 000 locations in 
a infinite dimensional space, meaning the distance between locations does not affect the transition probability. 
At time t = 0, the n agents are randomly distributed to S locations. At each time step, an agent becomes active 
proportional to their activity level drawn from the empirical distribution, and make m = 4 movements (the 
number of steps is arbitrary and does not influence the macroscopic patterns). The agent visits a new location 
with probability pnew  and with probability 1 − pnew  they revisit a previously visited location. The choice of the 
location is decided based on the number of visits by all agents, and the transition probabilities between locations 
are updated following each individual’s trajectory. The trajectories were simulated until the visitation patterns 
achieved a stationary condition (n Section 5). The simulations followed discrete time movement, and it does not 
incur any waiting time prior to each movement.

Data availability
The code required to get the latest mobility data in both web3 systems, along with tools to recreate the analysis, 
is provided at https://github.com/Barabasi-Lab/metaverse-mobility. An overview of the virtual world data can 
be found at https://www.dcl-metrics.com/. The entire data set used in this study can be on Zenodo at ​h​t​t​p​s​:​/​/​z​e​
n​o​d​o​.​o​r​g​/​r​e​c​o​r​d​s​/​1​4​8​5​2​2​0​3​​​​​.​​
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