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Recent empirical studies have found different thermodynamic phases for collective motion in animals.
However, such a thermodynamic description of human movement remains unclear. Existing studies of traffic
and pedestrian flows have primarily focused on relatively high-speed mobility data, revealing only a fluidlike
phase. This focus is partly because the parameter space of low-speed movement, which is governed predomi-
nantly by pairwise social interaction, remains largely uncharted. Here, we used ultrawideband radio frequency
identification (UWB-RFID) technology to collect high-resolution spatiotemporal data on movements in four
different classroom and playground settings. We observed two unique social phases in children’s movements: a
gaslike phase of free movement and a liquid-vapor coexistence phase characterized by the formation of small
social groups. We also developed a simple statistical physics model that can reproduce different empirically
observed phases. The proposed UWB-RFID technology can also be used to study the dynamics of active matter
systems, including animal behavior, coordinating robotic swarms, and monitoring human interactions within
complex systems, potentially benefiting future research in social physics.
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I. INTRODUCTION

Understanding collective movement dynamics represents
a crucial focus within social physics, given its implications
across fields in the biological sciences [1-8], social sciences
[9-12], and epidemiology [13]. A myriad of studies in re-
cent years have examined human crowds at varying scales.
These studies span microscopic scales, including pedestrian
flows examined via video [14,15], head tracking devices
[16], Bluetooth scanning [17], and depth sensors [18-21] to
macroscopic scales using methodologies such as banknote
circulation [22], mobile-phone records [23-25], and GPS
tracking [26,27].

Recent years have witnessed a substantial growth in
quantitative analyses of pedestrian flows [28-30]. Existing
studies primarily leverage crowds of voluntary participants
asked to perform specific tasks and derive results from lab-
oratory recordings. Seminal research suggests that mobile
crowd flows exhibit fluidlike behavior [9,11,12,31-33], with
velocities roughly aligning to the Maxwell-Boltzmann distri-
bution. Indeed, pedestrian flow is mainly driven by relatively
weak physical interactions among nearby individuals [34].
However, more recent research suggests that human crowds
display more nuanced social behavior than existing studies
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where the crowd’s primary focus is on movement [18,19,34—
46]. In social contexts such as parties, conferences, and re-
unions, individuals may exhibit limited movement and social
interaction may affect physical parameters in a detectable
fashion [47,48]. From a physics perspective, these two con-
trasting scenarios may correspond to different phases with
distinct intrinsic properties.

We explore the possibility that social interaction affects
the physics of movement, a concept originally suggested
through numerical simulation of the social force model, which
proposes that human movement may undergo a liquid-vapor
phase transition driven by social interaction [49-53]. Several
animal studies support this hypothesis [3—-5]. A recent study
on coordinated movement in robotic swarms also suggest that
interaction rules can significantly influence movement dy-
namics [54]. Nonetheless, the phase of human groups exhibit-
ing low-speed movement, whose behavior may reflect social
interactions, remains experimentally underexplored. Figure 1
summarizes the state-of-the-art phase diagram detailing av-
erage speed (v) and crowd density (p). As the figure shows,
most current experiments primarily focus on the high-speed
regime (speed >1m/s). Unexplored is the possibility that
a different phase could potentially emerge within low-speed
regimes that may be affected by strong social interactions.

Here, we investigate the states characteristic of low-speed
movement by conducting experiments with preschool children
across four different data sets classified into three groups:
low free-play classrooms, high free-play classrooms, and very
high free-play playgrounds (colored symbols in Fig. 1). In

©2024 American Physical Society
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FIG. 1. Trajectories and speed-density diagram. (a) An illustra-
tion of 300 seconds of the trajectories of nine individuals from
LC1. Colors and arrows identify the specific individuals and their
orientations, respectively. (b) Colored scatter represents LC1 (red
circle), LC2 (yellow square), HC (blue diamond), and PG (cyan
hexagon), respectively. Gray triangles represent data measured in the
existing literature [18,19,31,34-45]. The light gray triangles indicate
studies with unrecorded densities of individual participants; these
are set to p = 1 for the plot. Descriptions of the low free-play and
high free-play classrooms, and very high free-play playgrounds, are
contained in the text.

low free-play classrooms, children’s movement is suppressed,
and social communication dynamics may be more evident.
In high free-play classrooms, movement is less constrained.
Finally, in very high free-play playgrounds, children move rel-
atively freely, aligning more closely with the pedestrian flow
dynamics. Individuals in non-free-play activities are more di-
rected and supervised than in free-play activities. Importantly,
all groups exhibit omnidirectional motion, distinguishing this
research from most existing studies. These experiments re-
veal differing behaviors in the three groups, quantified via
measures such as radial distribution function (RDF) and local
density distributions (LDDs). Our observations identify two
distinct social phases at different speeds: (i) a gaslike phase
where individuals move freely without forming small social
groups and (ii) a liquid-vapor coexistencelike phase where
individuals form small social groups, with free-moving indi-
viduals entering and exiting these groups [see Fig. 1(a)]. We
find that the average speed in the gaslike social phase is sig-
nificantly higher than that in the liquid-vapor coexistencelike
phase. Lastly, we propose a social force model inspired by em-
pirical data. Our model’s numerical simulations successfully
reproduce the empirically observed social phases. We further
demonstrate that physical quantities measured in our model
align qualitatively with experimental observations.

II. DATA COLLECTION

We collected human movement data sets in three schools
(see Supplemental Material (SM) [55], Sec. A.2, Table S.1).

Receivers in the corners of each classroom received ultraw-
ideband radio frequency identification (UWB-RFID) signals
at 2 ~ 4 Hz, allowing continuous measurement of individual
locations [56-58].

Low free-play classrooms 1 (LC1) comprises three aca-
demic years (2016-17, 2017-18, and 2018-19) of classroom
movements in U.S. preschool A, involving 31 children aged
2.5 to 4 years. It includes 36 observations, each spanning two
to four hours and tracking both spatial location (via vest tags)
and orientation. Tracking of orientation was made possible by
means of a dual tag setup, one on each side of vests worn by
the children. Free-play activities occurred during 18% of the
total observation time.

Low free-play classrooms 2 (LC2) is comparable to LCl1,
focusing on U.S. preschool B over two academic years (2018-
19 and 2019-20). It includes 27 children and 25 independent
observations. Free-play activities occurred during 20% of the
total observation time.

High free-play classrooms (HCs) differ slightly from LCs,
focusing on U.S. preschool C during the academic years 2021-
22 and 2022-23. It involves a total of 80 children divided into
three different age groups: 2, 3, and 4 years old. It comprises
a total of 50 independent observations, each spanning two to
four hours. In HCs, individuals were equipped with a single
UBW-RFID tag allowing tracking of spatial movements only.
Free-play activities in these classrooms ranged from 39% to
45% of the total observation duration.

The very high free-play playground (PG) documents un-
restricted activities in the playground, featuring 71 children
from HCs (excluding the three-year-olds from 2022-23),
across three different age groups in 42 independent observa-
tions. These playground sessions were comparatively shorter,
each lasting approximately 45 minutes. Similar to HCs, no
orientation data was recorded in PGs, as both used a single-tag
setup. Individuals in PG settings are free to move across a
more expansive area, while those in classroom environments
are involved in a lower proportion of free-play activities.
Free-play activities in these PG settings are 100% of the total
observation duration.

Missing data occurred at two levels. First, absences on
observation days, which were minimal, were addressed by ex-
cluding all tracking information for absent children. Second,
during data recording, short-term (< 60 s) data gaps caused by
children removing their RFID tags, leaving the classroom, or
signal loss were addressed using the Kalman filter algorithm
to interpolate the data [59,60]. This ensured the data sets
remained robust and continuous, maintaining the quality of
our analysis and results.

A preliminary visualization [Fig. 1(a)] of nine individuals
from LC1 during a continuous class time period shows that the
participants are not uniformly located in the classroom space,
suggesting they may form small social groups. The emergence
of such groups is consistent over different observations with
individuals joining and leaving the groups. It appears that the
density of children varies both by physical location and over
time. Furthermore, individuals’ orientations, represented by
their arrows, appear correlated within groups.

In our initial analysis, we measure the average speeds
and densities across all data sets and juxtapose these find-
ings with experiments previously reported in the literature, as
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FIG. 2. Dynamic measures. (a) Mean square displacement (Ar?), (b) velocity autocorrelation function C,(¢), where dots represent
experimental measures (see SM [55], Sec. B.1 for more details), and (c) radial distribution function g(r) for all data sets.

illustrated in Fig. 1(b). Remarkably, our data sets predom-
inantly occupy an unexplored domain characterized by low
speeds (v < 0.5 m/s). This unique feature sets our study apart
from earlier research. Within this low-speed regime, as de-
picted in Fig. 1(b), our data sets cluster into three distinct
groups: LC1 and LC2, HC, and PG, each corresponding to
different levels of free-play activity (see SM [55], Table S.1).
The variations in free-play activity across these data sets cor-
respond with different average speeds that may impact their
dynamical and structural characteristics. For instance, dynam-
ics within low free-play classrooms (LC1 and LC2) may be
marked by higher levels of engagement and interaction. In
the sections that follow, we examine a series of quantitative
measures to further explore and characterize these trends.

All protocols were approved by the University of
Miami IRB and Emory University IRB. Informed consent for
participating students was obtained from their parents or le-
gal guardians. Participant confidentiality and data anonymity
were maintained throughout the study.

III. RESULTS

A. Dynamical measures
1. Mean square displacement

To explore the dynamics of individual movement, we first
measure the mean square displacement (MSD), (Ar?), that
quantifies the diffusion in individual movement over time .
In the context of two-dimensional Brownian motion, the MSD
adheres to a linear relationship, (Ar?) ~ ¢ [61]. Figure 2(a)
presents the averaged MSD across all data sets. Our analysis
reveals that the MSD values are markedly different between
classroom (LC1, LC2, and HC) and PG data sets.

In classroom contexts, Fig. 2(a) illustrates distinct MSD
scaling behaviors at various timescales. Specifically, at
timescales on the order of seconds, all data sets reveal either
superlinear or linear diffusion, with individuals exhibiting
behavior akin to random walkers. Among them, the HC data
set manifests the most rapid rate of diffusion. As we move
to longer timescales, timescales that are orders of magnitude
greater than 10 s, a transition to a sublinear diffusion regime
occurs, characterized by (Ar?) ~ t%. Here, the exponent o,
which ranges from approximately 0.3 to 0.6 (see SM [55],

Sec. B.1), indicates a deceleration in motion. For extended du-
rations, however, the pace of individual movement diminishes,
a phenomenon likely induced by social interactions. More-
over, the displacements Ar(z;) at interaction times, measuring
approximately 1.5m for LC1 and LC2 and 3m for HC, serve
as rough estimates of the spatial dimensions of social groups.

In PG data sets, we observe markedly different MSD
patterns compared to classroom settings, with (Ar?) val-
ues that are an order of magnitude higher (see SM [55],
Sec. B.2 for related statistical tests). On short timescales,
the MSD exhibits a quadratic relationship approximately,
(Ar?) o t?, indicative of ballistic motion rather than dif-
fusive behavior. This quadratic trend primarily stems from
consistent, unidirectional movement at a constant speed as
opposed to the random-walk diffusion typically observed in
classrooms. Interestingly, a crossover phenomenon occurs at
longer timescales, where the MSD in playgrounds reaches
a saturation point at a physical boundary of about (10 m)>.
This is in contrast to the classrooms, where diffusion has been
slowed at a spatial scale of 2-3 meters before reaching the
physical boundary. These observations highlight the differ-
ences between classroom and playground dynamics.

2. Velocity autocorrelation function

Concurrently, we measure the velocity autocorrelation
function (VACF), C,, () = (v(?) - v(0)), to quantify the tempo-
ral correlation in velocity over a time interval ¢. For Brownian
particles, the VACF typically exhibits an exponential decay
pattern C,(t) = e~'/7, where 7 serves as the time constant for
viscous motion [62—-64]. Our findings, illustrated in Fig. 2(b)
reveal VACF patterns across multiple data sets. At short
timescales, VACFs display decays that are roughly exponen-
tial and analogous to those of Brownian particles across all
data sets. However, diverging from the behavior of Brownian
particles, VACF descends into negative territory before ulti-
mately approaching zero.

To systematically quantify these behavioral timescales,
we fit our empirical VACF data with the function f(z) =
Ae /" — Be™'/” where the first and second terms represent
the impacts of Brownian particles in a viscous fluid and in-
terparticle interactions, respectively. Table I reveals that HC
classrooms exhibit the lowest T values, ranging between 0.5
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TABLE 1. Fitting parameters for empirical VACF with the function f(z) = Ae™"/" — Be™"/". A and B, respectively, denote the impacts of
Brownian particles in a viscous fluid and the interparticle interactions. Similarly, T and t’ are the time constants corresponding to viscous
motion and interparticle interactions, respectively. S.E. refers to the corresponding standard error shown in parentheses.

Parameters (Std. Error) A (S.E.) B (S.E.) T [s](S.E.) ' [s1(S.E.)
LC1 1.06 (0.01) 0.07 (0.02) 1.10 (0.01) 12.60 (0.01)
LC2 1.05 (0.02) 0.07 (0.02) 1.50 (0.01) 17.90 (0.01)
HC 1.05 (0.01) 0.05 (0.06) 0.60 (0.01) 8.30(0.03)
PG 1.50 (0.06) 0.50(0.01) 3.10(0.06) 8.40 (0.01)

to 0.7s, when compared to LC1 and LC2, where 7 varies
between 0.8 to 1.6s. In contrast, individuals in PG settings
manifest markedly slower and more extended VACFs with
typical time constants of 2.5 — 2.6s—nearly double the time
constants observed in classroom settings (as seen in Fig. 2(b)
and SM [55], Sec. B.2 for related statistical tests). This dis-
crepancy occurs primarily in the PG data sets due to rapid or
high-velocity movements that make it relatively challenging
for individuals to alter their velocities on shorter timescales.
This observation aligns with our hypothesis that playground
environments are characterized by ballistic motions at a short
timescale, with individuals generally maintaining their direc-
tions of movement.

Moreover, the occurrence of negative VACF values sug-
gests that individuals tend to move in reverse at longer
timescales, t’. This behavior implies constraints imposed by
social interactions among peers. Consistently, Table I reports
7’ values on the order of magnitude of 10s across all data
sets, corroborating the MSD measurements. Furthermore, the
VACEF profiles for PGs show deeper negative values compared
to those in classrooms, indicating a higher degree of anticor-
relation [see Fig. 2(b)].

B. Structure measures
1. Radial distribution function

We measure the RDF, g(r), the probability of finding a pair
of individuals at distance r, relative to a random model of their
position. g(r) = 1 indicates no pair correlations, where g(r) >
1 and g(r) < 1 correspond to attractive and repulsive pair
interactions, respectively. Figure 2(c) illustrates the RDF for
all data sets, revealing consistent patterns over settings. First,
g(r) is consistently peaked around ry &~ 0.8 m, suggesting a
typical social contact distance regardless of settings. Second,
social interaction is persistent over a broad range of distances,
extending up to 2 — 3 m, aligning with the observations from
MSD.

In contrast, the values at which g(r) peaks vary among
different data sets, indicating variation in social interaction
strength. The LCs have variable levels of social interaction
strength but show greater interaction strengths than the HCs.
Moreover, at greater distances, the classrooms and play-
grounds manifest distinct behaviors: In PG, RDFs converge
to unity at long distances, suggesting that individuals move
freely and stay far from each other, as in a random walk
model, a typical pattern for gas. On the other hand, the LCs
g(r) asymptotically descends below unity, which is evident
in weaker form for HC. Radial distribution values below one
suggest clustering tendencies because individuals are unlikely

to be at a great distance from one another [4,5]. This implies
that classroom data sets potentially entail small-sized social
groups exhibiting strong correlations at short distances but
anticorrelations at greater distances—a phenomenon often ob-
served in the liquid-vapor coexistence phase [3,65,66].

2. Local density distribution

The observed anticorrelation in RDF at relatively large
social distances, particularly in LC data sets, implies the for-
mation of clusters at smaller length scales. No such clustering
was observed for PG. To explore this distinction further, we
measured the local population density that quantifies spatial
variability (see SM [55], Sec. B.3). Figure 3 plots the LDD
[67], p(p), normalized by its mean, for all data sets. The LDD
reveals a bimodality [53] in LC, where the peaks of high
density in these regions imply an aggregation that may re-
flect attraction amongst individuals and the low-density peaks
represent a more vaporlike activity. We find that p(p) in LC1
and LC2 is well approximated by a bigamma distribution.
Especially, the low-density peaks around p, = 0.1p ~ 0.4p,
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FIG. 3. Local density distribution. (a)—(d) represent local density
distribution for data sets LC1, LC2, HC, and PG, respectively. Scatter
plots in (a)—(d) represent the empirical measures. The colored curves
in (a) and (b) represent the fitting curves of bigamma distribution,
and the colored dashed curves represent two gamma distributions.
The colored curves in (c) and (d) represent the fitting of a normal
distribution.
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high-density peaks around p; = 1.2p ~ 1.40p for LC1, and
oy =03p ~0.5pand p; = 1.3p ~ 1.5p for LC2.

By contrast, in the HC and PG groups, we observe robust
unimodal distributions, with peaks centrally located around its
mean p. These unimodal patterns suggest a relatively uniform
distribution of individuals throughout the space. Based on our
observations, we note that the distribution pattern in all four
settings may be influenced by the average speed of individuals
within each system, and shows a gradual fading of bimodality
as average speeds increase.

For molecular systems, when the system is in the gas phase,
molecules move relatively freely and uniformly across space.
However, in the liquid-vapor coexistence phase, the system
comprises liquid droplets and vapors, the former having a
notably higher density. Thus, a bimodal LLD emerges in
this case, where the high-density peak corresponds to the
liquid phase and the low-density peak corresponds to the gas
phase [53].

Our empirical measurements suggest an analogy between
molecular systems and the social systems in Figs. 3(a) and
3(b), suggesting the possible existence of multiple phases
in human movements. Specifically, data sets exhibiting high
moving speeds, such as HC and PG, indicate children moving
rapidly, behaving like gas, and the absence of small social
groups. By contrast, in LC1 and LC2, the bimodality of
p(p) may represent a liquid-vapor coexistence social phase,
where the liquid phase signifies small social groups and the
low-density peak depicts the background movement of indi-
viduals. The consistent presence of a social liquid phase might
correspond to situations where individuals join and leave a
social group relatively freely yet the group maintains dynamic
stability.

IV. THEORETICAL MODEL
AND NUMERICAL SIMULATIONS

Classical social force models propose that individuals’
orientations significantly influence their social movement,
conceptualizing individuals as moving magnets [68]. For ex-
ample, the Vicsek model (VM) posits that the forces between
two individuals i and j are governed by their relative orien-
tations, provided their social distance r is less than a typical
contact radius [49]. Specifically, it employs an orientational
interaction similar to the one used in the classical XY model
[63],

U(r,0) =Y J(rij)cos (6; — 6)), (1)

i<j

where r;; = |r; —r;|, and 6; and 0; represent their respec-
tive orientations. The coupling function J(r) is the Heaviside
step function, introducing a distinct spatial truncation at a
boundary of a social contact radius. However, the RDF in the
current data sets [Fig. 2(c)] suggests that real data exhibits
more complexity than this idealized model. Rather than a
distinct spatial truncation, the data implies variations in social
behavior across different distances.

To quantify orientational interaction among participant
pairs, we compute the angular correlation function [69]
Co(r) = (cos(6;(0) — 0;(r))) that measures the alignment of
pair angles as a function of separation distance r, averaged

over all pairs. For instance, Cy(r) = 1 indicates a parallel
alignment (side by side), i.e., §; = 6;; whereas Cy(r) = —1
represents an opposite (face-to-face) alignment as 6; = —0;.
Figure 4(a) plots Cy(r) for data sets LC1 and LC2, showing
that Cy(r) is positive when r is small and becomes negative at
r &~ 2 ~ 4m. When r becomes large, Cy(r) approaches zero,
indicating diminishing correlation or magnetic influence. This
observation suggests that at short distances, individuals are
more likely to be oriented parallel to each other, like ferro-
magnets, due to the contribution of side-by-side interactions.
At longer distances, they tend to be oppositely oriented
like antiferromagnets due to the domination of face-to-face
interaction. The diminishing angular correlation at longer dis-
tances is a common feature of short-ranged interactions and
is well-documented in existing studies. For instance, the cel-
ebrated Vicsek model assumes that the social force between
particles is only applied to neighbors within a certain prox-
imity (rp), aligning them in the same direction [49]. However,
the antiferromagnetic behavior at intermediate distance when
the Cyp(r) becomes negative was not predicted by the VM or
observed widely.

Inspired by these empirical observations, instead of the
step function, we use the Morse potential [70] for the coupling
function J(r), which captures the empirical observation of
ferromagnetic interaction at shorter distances and an anti-
ferromagnetic interaction at longer distances [Fig. 4(a)]. In
addition, we also used a soft sphere potential for each individ-
ual to take their physical size into consideration (see SM [55],
Sec. C). Equation (1) applies to both passive and active parti-
cles [67]. Here we use a passive model for simplicity, which
allows us to apply Monte Carlo simulations. We tested our
model at different speeds and density values. We found that
the proposed model reproduces radial distribution and angular
correlation functions in qualitative agreement with empirical
measurements (see SM [55], Sec. D.1). Moreover, for densi-
ties comparable to the observed empirical densities, we found
monopeaked local density distributions for high-speed values
corresponding to a gas phase [Fig. 4(b)], whereas bipeaked
distributions for lower speed corresponding to a liquid-vapor
coexistence phase [Fig. 4(c)]. The insets of Figs. 4(b) and 4(c)
demonstrate snapshots of movement patterns for these two
phases [71,72].

While existing models suggest a similar liquid-vapor
phase transition [27], these transitions are often cou-
pled with a change of orientational ord&r). We mea-

. . l _
sured the magnetization order parameter -G+ = y|{(s)| =

,%,H(Zf/:l cos 6;, vazl sin 6;))| for LC data sets, which quan-
tifies the collective polarization of the individual’s orientation.
We find my & 0.001 and 0.002 for LC1 and LC2, respectively,
suggesting that the orientations of children are disordered over
all directions. Therefore, unlike the existing models [24,27],
the observed liquid-vapor phase transition is not accompa-
nied by orientational order changes, partly due to the mixture
of ferro- and antiferromagnetic orders at different distances.
Likewise, there are no orientational order changes during the
liquid-vapor phase transition in our model, in line with empir-
ical observations.

Figure 5 presents the social phase diagram as estimated by
our model, based on numerical simulations. The diagram is
highlighted by a gradient gray area, which roughly estimates
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corresponding systems.

the liquid-vapor coexistence phase. The intention here is
not to pinpoint an exact boundary but to visually depict
the different phases. Notably, LC1 is positioned within the
liquid-vapor coexistence regime, indicative of a bipeaked
LDD. Conversely, LC2 is located near the coexistence
region’s boundary. Although LC2’s speeds are similar to those
in the simulations, its lower densities result in less pronounced
bimodalities in the LDD measure. Regarding HC and PG,
their average speeds exceed the phase coexistence threshold,
thereby not exhibiting any bipeaked distribution. However, it
is important to note that a few empirical data points for HC
do not strictly conform to the simulated boundary, indicating
that while the simulation provides a useful guideline, it may
not capture all nuances of the empirical data. We believe
that there are multiple modes of interactions involving
orientations in our system that go beyond the typical XY-like
attractive interactions. The interplay of these complex
orientational interactions can be better captured quantitatively
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FIG. 5. Phase diagram. The dots represent empirical data, and
the phase boundary, indicated by the gray curve, is estimated through
numerical simulation of the simple model.

by incorporating additional terms in the potential function,
which we will leave for future investigations.

V. DISCUSSION

In physical systems, microscopic properties undergo
continuous changes and, as a result, macroscopic systems
exhibit emergent changes in their phases. Theoretically,
similar phenomena might arise in social systems characterized
by human interactions and movements, a hypothesis posited
two decades ago [53]. Earlier studies of traffic and pedestrian
flows primarily focused on relatively high-speed mobility
data where pairwise interactions were weak. While different
hydrodynamic phases in traffic flows based on moving
speed have been observed [31-33,73], the social phase of
collective condensation arising from interactions among
individuals has not been previously observed. By contrast,
the present paper delves into a largely unexplored parameter
space. Specifically, we analyze empirical data sets detailing
children’s mobility patterns in preschools, covering both
classroom and playground movements. These data sets
encompass lower speed regimes, roughly an order of
magnitude below those of previous studies.

Quantitative parameters including the mean square dis-
placement, the velocity autocorrelation function, the radial
distribution function, and the local density distribution suggest
that children’s movements may be divided into two distinct
social phases, i.e., a liquid-vapor coexistencelike phase and a
gaslike phase, which reflects differences in quantified school
activities. The key variable appears to be the proportion of
the observation period dedicated to free play in which chil-
dren were able to move where they pleased. This appeared
to reduce the children’s mobility, allowing the formation
of small, dynamically stable social groups similar to liquid
droplets. Free-moving individuals may join and leave these
social groups with relatively high mobility, similar to vapor
in the coexistence phase. By contrast, in the high free-play
classrooms and very high free-play playgrounds, the state of
the system to be more vapor- or gaslike.

The current research is an example of social physics,
an attempt to rigorously model human behavior based on
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recent sensing technologies and innovative theoretical per-
spectives [9,12]. Our paper provides experimental evidence
from real-time continuous observation of the existence of mul-
tiple social phases in human movements [53]. Future research
is required to experimentally manipulate control parameters
such as average speed of social movement or to effectively
implement a temperature-type measure in molecular systems
that are hypothesized to control these phase transitions. As
noted by Ref. [3], such an effective temperature measure
described here could also enrich our understanding of phase
coexistence in insects and other social animals. The results
shed light on the physics of social interactions in human
movement, with potential implementations for fields includ-
ing behavioral science [74], biological science [3-7], and
epidemiology [13].
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