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Understanding the dynamics of human movements is key to issues of significant current interest such as
behavioral prediction, recommendation, and control of epidemic spreading. We collect and analyze big data sets
of human movements in both cyberspace (through browsing of websites) and physical space (through mobile
towers) and find a superlinear scaling relation between the mean frequency of visit f  and its fluctuation σ :
σ ∼ f β with β ≈ 1.2. The probability distribution of the visiting frequency is found to be a stretched exponential
function. We develop a model incorporating two essential ingredients, preferential return and exploration, and
show that these are necessary for generating the scaling relation extracted from real data. A striking finding is that
human movements in cyberspace and physical space are strongly correlated, indicating a distinctive behavioral
identifying characteristic and implying that the behaviors in one space can be used to predict those in the other.
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Traditionally, human movements are restricted to the real
physical space (or geospace). Pioneering works demonstrated
that there are intrinsic patterns underlying human mobility
in physical space [1–3], which are key to deciphering the
dynamics of human behaviors with wide applications ranging from traffic forecasting [4] to epidemic prevention [5].
Triggered by the tremendous advances in modern information
and communication technologies, at present as well as in the
future, human movements occur not only in physical space but
also in virtual or cyberspace. Here movements in cyberspace
are defined broadly as changes in online activities, typically
corresponding to switchings in the websites of exploration.
Examples of cyberspace movements include World Wide
Web surfing along hyperlinks and continuous shopping from
commercial websites in a single online session. Do human
movements in cyberspace and physical space share common
features? Are there general scaling relations underlying human
movements in both spaces?
Studies of human behaviors have been greatly facilitated by
the ubiquity of massive empirical data sets (big data sets) that
typically record individuals’ movements on various temporal
and spatial scales [6,7]. For example, great insights into the
dynamics of human movements in physical space were gained
by tracking and analyzing the dispersal of dollar bills [1] and
through mobile phone [2] and GPS [8] data. There were also
efforts to uncover human movements in cyberspace during
web surfing [9–11] and to probe into human interests dynamics
unfolded during cyberspace shopping and browsing [12].
In this paper we analyze data sets that record mobile
phone users’ visits to websites in cyberspace and to mobile
towers in the physical space simultaneously and search for
a correlation between the movements and general scaling
relations. Distinguished from existing approaches to humanmobility analysis [1–3], we focus on the relationship between
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flux and fluctuations [13–19]. In particular, from time to time
an individual would visit various sites in both spaces. For any
given site, the number of visits to it, or the frequency of visits,
denoted by f , can be counted. Suppose the individual visits
a large number of distinct sites. The frequency f can then
be regarded as a random variable with a certain probability
distribution, from which the mean frequency of visits and its
variance, denoted by f  and σ 2 , respectively, can be defined.
For a large number of individuals, each with a definite pair of
coordinates in the f -σ plane, we examine the dependence
of σ on f . In biological physics, the scaling relationship
between the two quantities, also called Taylor’s law, was
originally discovered in the densities of different species of
organisms [20], where the scaling exponent is a crucial quantity in characterizing or classifying the underlying dynamics
of the system. In complex transportation systems such as
rivers, highways, the Internet, and microchips, the scaling
relationship between the nodal flux fluctuation σ and the mean
flux f  has also attracted much attention [13–19], with values
of the scaling exponent typically in the range [0.5,1.0]. For
human movements in cyberspace and physical space, we find
the scaling relation between the two quantities as σ ∼ f β
and that the scaling exponent β assumes a value greater than
unity, hence the term superlinear scaling. Surprisingly, we find
that the scaling exponents in cyberspace and physical space
cannot be distinguished, indicating a remarkable similarity
between the dynamics of human movements in virtual and
real spaces. Indeed, we find a strong correlation between the
movements in the two spaces, indicating the existence of
a distinctive behavioral identifying characteristic associated
with each user. The intriguing implication is that human
behaviors in physical space may be predicted in terms of
those in cyberspace and vice versa. To place these findings
on a firm ground, we develop an analyzable model with two
essential dynamical ingredients derived from real data analysis
to understand the flux-fluctuation relations governing human
movements in both cyberspace and physical space.
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Typical data sets used in previous research of human
mobility are real-time tracking of mobile phone users solely in
physical space through various towers [2,3]. The big data sets
that we analyze, however, record simultaneous movements of
a large number of individuals in both cyberspace and physical
space. In particular, our data sets are randomly sampled from
millions of mobile phone users for approximately one month
in a major city in China. For each individual, the data set
recorded the mobile tower location each time some websites
had been visited by mobile phone. The data thus recorded
the individual’s activities with respect to two types of sites—
websites in cyberspace and mobile towers in physical space—
from which the individual’s trajectories in both spaces can
be constructed. More specifically, the cyberspace activities are
characterized through web surfing. The relevant events are thus
those that involve simultaneous web surfing (in cyberspace)
and phone or SMS communications (in physical space). Web
surfing through the mobile devices provides a convenient
platform to collect the required data, with the advantage that
the physical locations of the users (corresponding to mobile
towers) can be recorded at the same time. The raw data set
used in our work recorded information of 20 000 users, who
were randomly sampled from millions of mobile phone users
with at least 100 actions. To ensure statistical significance, we
impose the additional criterion that the numbers of both mobile
towers and distinct websites visited during the one month
observational period exceed 50. This results in a database of
3174 users with pronounced activities in both cyberspace and
physical space.
We measure the mean visiting frequency f  per site for a
given individual and the corresponding standard deviation σ
of the frequency distribution for the visited sites. Specifically,
for each individual, the mean frequency of visits is defined
as f  = n/S, where n is the user’s total number of visits
(actions) and S is the number of distinct sites visited by the
user. The standard deviation σ characterizes the degree of
heterogeneity for the user to distribute the n actions among the
S sites. Figure 1(a) shows, in both cyberspace and physical
space for a large number of users, σ versus f , with σ
averaged over the users with approximately equal values of
f . We observe a power-law scaling relation between the two
quantities with the exponent β ≈ 1.2 > 1. This superlinear
behavior implies that, on average, the users with higher mean
visiting frequency f  per site are likely to distribute their
visits more heterogeneously among the sites. The remarkable
phenomenon is that the scaling relations in the two spaces are
essentially indistinguishable.
An issue of interest is whether there is correlation between
the user activities in cyberspace and physical space, i.e.,
do people possess distinct behavioral characters in different
spaces or are there common features? As shown in Fig. 1(b),
where the x and y coordinates of each circle represent the
average visiting frequencies of an individual user in the
respective spaces, we find a high concentration of circles near
the diagonal line, indicating a strong correlation between the
activities in cyberspace and physical space. This implies the
existence of a distinctive behavioral identifying characteristic
of a user, which is shared in both spaces. The phenomenon may
have potential applications. For example, it may be possible

(a)

(b)

FIG. 1. (Color online) (a) Flux-fluctuation scaling of human
movements, where the blue circles and red diamonds correspond
to cyberspace (websites) and physical space (towers), respectively.
The black dashed line has the slope 1.2. The red dotted and
black dash-dotted lines correspond to random selection (RS) and
preferential selection (PS) of sites with slope 0.5 and 1.0, respectively
(see model construction). The scaling relations in the two spaces
cannot be distinguished. (b) Average flux of each individual in the
cyberspace space versus that in the physical space and the means over
individuals with common values of the average cyberspace visiting
frequency f . There is a strong correlation between the user activities
in both spaces.

to predict the behaviors of individuals in physical space based
on their activities in cyberspace and vice versa.
To gain insights into the mechanisms that lead to the
superlinear scaling relationship as exemplified in Fig. 1, we
consider two scenarios: (i) homogeneous random selection
(RS) and (ii) heterogeneous preferential selection (PS) of sites.
For the first scenario, a given user randomly visits S distinct
sites with identical probability 1/S. The process continues
until all S sites have been visited at least once. In this stochastic
scenario, the frequency of visits to the S sites obeys a binomial
distribution, so we have σ ∼ f 1/2 (see note 1 in [21]). Either
an increase in the total number n of visits or a decrease in the
number of sites S can cause f  to increase, while the plots of
all these cases collapse into a single curve in the σ -f  plane
with the scaling exponent β = 1/2. For the second scenario,
the user visits sites with heterogeneous probabilities {pi },
which are time independent over the S sites [14]. Under this
mechanism, we obtain σ ∼ f  in note 2 in [21]. Simulation
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FIG. 3. (Color online) Schematic illustration of our model, where
an individual can perform one of the two complementary processes at
each step: exploring a new site with the probability ρn−λ (exploration)
or returning preferentially to one of the previously explored sites with
the probability 1 − ρn−λ (preferential return).

FIG. 2. (Color online) Distributions of the frequency of visit to
(a) websites in the cyberspace and (b) mobile towers in physical
space. The distributions shown are from three groups of users (out
of ten groups). The insets show the plots on a logarithmic scale, in
which the linear behaviors imply a stretched exponential distribution.

results from the RS and PS scenarios are shown in Fig. 1, where
the scaling exponents are 0.5 and 1, respectively. Neither of
the two mechanisms, however, is capable of explaining the superlinear behavior with β ≈ 1.2 extracted from real data sets.
To develop a model that gives rise to the superlinear
flux-fluctuation scaling behavior, we calculate the probability
distribution P (f ) of the visiting frequency from real data
sets, as shown in Fig. 2. In particular, for both cyberspace
and physical space, we divide the users into ten groups in
terms of their values of f . The distributions associated
with all the groups exhibit a stretched exponential form [22]
α
P (f ) ∼ f α−1 eκf , where the exponents α < 0 and κ < 0
can be calculated using the standard maximum-likelihood
estimation method [23]. We observe that the distributions
are nearly identical for both cyberspace and physical space,
in accordance with Fig. 1(b). The stretched exponential
distribution is consistent across different user groups (see
note 3 in [21]). The long-tail and exponential cutoff features
in P (f ), common to both cyberspace and physical space,
indicate the existence of some particular sites that receive more
frequent visits. The strong correlation between the activities
in the two spaces [Fig. 1(b)] and the common frequency
distributions suggest that a single mechanism is responsible
for the dynamical behaviors in both spaces.
Based on results from real data (Figs. 1 and 2) and
previous works on human mobility [3] and human interest

[12] dynamics, we hypothesize two fundamental ingredients
underlying human activities in cyberspace and physical space:
exploration and preferential return, as shown schematically in
Fig. 3. To initiate a trajectory either in cyberspace or in physical
space, an individual has two options [3,24]: to explore a new
site with probability pnew or to return to a previously visited
site with probability 1 − pnew . Based on a combination of
numerical calculation and physical reasoning, we show below
that the model successfully predicts the superlinear scaling
relation between σ and f .
Extensive analysis of real data sets revealed that the
probability for a user to explore a new site is algebraically
related to the total number of visits n (see Fig. S1 in note
4 in [21]). In particular, the number of sites already visited,
denoted by S, increases by one at the nth visit of the user
with probability pnew = ρn−λ . The form of pnew implies that
the growth rate of S decreases as the number of actions
n is increased. Approximating the dynamical process as
continuous in n, we have
dS
= pnew = ρn−λ ,
dn

(1)

which gives the dependence of S on the number of visits n as
S ∼ n −λ+1 .

(2)

The preferential return process occurring with probability
1 − pnew is the complementary event to exploration. Data
analysis indicates that users revisit sites preferentially based
on the corresponding frequencies of previous visits. A further
indication of preferential return is the long tail in the distribution of the visiting frequency [2,3,12], as exemplified in Fig. 2.
The probability for a user to select a particular already visited
site i is pi = fi /n, where fi is the accumulated times visiting

site i and n = Sj=1 fj is the total times visiting all sites.
Let ni be the time of visit in the trajectory when site i is
visited for the first time. The initial frequency of visiting site i
is thus fi = 1. When site i is selected again in the preferential
return process, the frequency fi will increase by one. The time
evolution of fi is then governed by dfi /dn = (1 − pnew )pi ,
where pi is the probability for site i to be selected from all the
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respectively, are the superlinear scaling relation between f 
and σ and the stretched exponential distribution P (f ). There is
good agreement with results from real data sets (Figs. 1 and 2).
In addition, the mean frequency of visits is fi  = n/S. From
Eq. (2) we get the approximate relation between the mean
frequency and the parameter λ as

(a)

f  ∼
(c)

(b)

FIG. 4. (Color online) Simulation results from our model. (a)
Model predicted relation between σ and f  (closed symbols). The
model can generate the value of the scaling exponent β (about 1.2)
from data for a wide range of the parameter λ, e.g., λ ∈ [0,0.6]. For
comparison, results from a variant of the model with exploration
and random return are included (open symbols), which predicts the
exponent β = 1 (linear relation between σ and f ). The solid black
curve is the result from Eq. (3) and the red dashed and black dotted
lines are to guide the eye. (b) Model predicted frequency distribution
P (f ) for λ = 0.2 (yellow triangles), 0.4 (cyan hexagons), and 0.6
(purple pentagons). The inset shows the corresponding P (f ) from
the model variant with random return. (c) Mean visiting frequency
f  versus λ obtained from simulation (closed circles) and from
Eq. (4) (solid curve).

visited sites. We see from Eq. (1) that, for λ > 0, as n increases,
we have pnew → 0. Asymptotically, we have dfi /dn = pi ,
with the initial condition fi (ni ) = 1. We obtain fi = n/ni ,
which indicates that, the earlier one site was explored (smaller
ni ), the higher the frequency fi of visits to it. From Eq. (2) we
have
fi =

n
S 1/(1−λ)
S 1/(1−λ)
∼
∼ 1/(1−λ) ,
ni
ni
i

(3)

which can be solved numerically to yield the frequency of
visit to the ith site. For any given value of λ, the variance in
the frequency of visit to all sites can also be calculated. The
relation between σ and f  can then be obtained.
Figure 4 shows the simulation results from our model. The
visiting behaviors for different values of λ (varied from 0 to
0.6) are realized 103 times and the values of σ and f  are
plotted (closed symbols). We (somewhat arbitrarily) set the
model parameters to be S = 100 and ρ = 0.6, as in previous
works [3,12,24]. The maximum number of visit is nmax = 1 ×
105 , at which time the exploration probability pnew approaches
zero. The simulation results shown in Figs. 4(a) and 4(b),
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as shown in Fig. 4(c) (solid curve).
To further validate our model, we consider two model variants. First, we consider the situation where the return process
is random. This model generates β = 1, thereby predicting a
linear relation between f  and σ [open symbols in Fig. 4(a)],
which deviates markedly from the value of 1.2 obtained from
real data sets. In addition, the predicted distribution P (f ) can
no longer be approximated by a stretched exponential function,
as shown in the inset in Fig. 4(b). These indicate strongly
the necessity of preferential return in the model. Second, we
consider a model variant in which the exploration process has
a constant growth rate [instead of the decay rate defined in
Eq. (1)]. The predictions from this model deviate significantly
from the results from real data as well (Fig. S3 in note 5 in
[21]). We also verify that different values of the site number S
have little effect on the scaling relation (note 6 in [21]).
To summarize, through analysis of big data sets of mobile
phone users in both cyberspace and physical space, we
uncovered a superlinear scaling relation between the average
visiting frequency and its fluctuation (a kind of flux-fluctuation
relation). The underling mechanisms are (i) exploration of
new sites with a probability that decays with the user’s
total number of actions and (ii) preferential return to highly
visited sites. These two factors reveal the essential features
in human movements. We developed a model incorporating
these two factors, which generates robust superlinear behavior
with the observed scaling exponent. The necessity of the two
mechanisms was established by considering model variants,
which lead to results that do not agree with those from real
data. A striking finding is that there is a strong correlation
between human movements in cyberspace and physical space.
Although there are individuals that can be far more active
in cyberspace than in physical space and vice versa, their
behaviors in both spaces follow certain patterns and possess
unique identifying characteristics. This suggests the possibility
of predicting behaviors in one space based on those in the other.
Our work provides insights into questions of significant current
interest ranging from human-behavior prediction and design
of searching algorithms [3,25,26] to controlling epidemic
spreading processes [5].
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