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Dear editor,

During the past two decades, we have witnessed
the explosive growth of the World Wide Web. To
understand the common patterns of how this com-
plex artificial software system evolves has been a
more and more important and active research area
for scientists [1]. If we see the Web as a virtual tis-
sue, according to the metabolic theory, the website
must absorb “energy” to grow, reproduce, and de-
velop. We are interested in the following questions:
(1) Where does the “energy” come from? (2) What
are the common patterns of this energy flow?

Inspired by metabolic theory, we view the Web
as virtual living tissues that grow at the cost of
online collective users’ attention flow as the “en-
ergy”. We quantify the metabolic rate of websites,
and obtain the Web version of Kleiber’s law [2] (see
Figure S1), which describes how the collective at-
tention as energy is fed into sites and dissipated
out of sites.

We obtain data from China Internet Network
Information Center (CNNIC) and establish a site-
level attention flow network which is a weighted
directed graph (see Appendix B in the supporting
information and Figure S2 for detail). As shown
in Table 1, we define six basic variables related
to weight of each site to infer the common pat-
terns of co-evolution of the Web and online collec-

tive attention flow. Based on the similarity of the
discrete version of a generalized beta distribution
(DGBD) [3] curves (see Figure S3), we make an
educated guess that there may exist a connection
between the basic variables. The analysis reveals
several surprising findings, such as allometric scal-
ing laws, dissipation laws, gravity laws, and Heaps’
law.

Allometric scaling laws. A general expression
describing the relation between attention flow in-
tensity Ai and node degree Di may be found if the
logarithm of Ai is plotted against the logarithm of
Di. As shown in Figure S4, the fitting result is
a straight line and the explained variance of the
OLS (ordinary least square) regression is 0.90, in-
dicating that the logarithm of Ai is proportional to
the logarithm of Di, which means that the relation
between Ai and Di satisfies a power law:

Ai ∼ kDα
i , (1)

where k is a normalization constant and the ex-
ponent α is a parameter to be estimated. We of-
ten ignore the normalization constant k and write
Ai ∼ Dα

i . In our case, α=1.33.
As another Kleiber’s law [2], Eq. (1) can be

viewed as the allometric scaling law at the Web
level. From the exponent α, we can determine the
relationship between the attention flow intensity

*Corresponding author (email: xfmeng@ruc.edu.cn)

The authors declare that they have no conflict of interest.

http://crossmark.crossref.org/dialog/?doi=10.1007/s11432-015-0567-9&domain=pdf&domain=pdf&date_stamp=2017-4-19
https://doi.org/10.1007/s11432-015-0567-9
info.scichina.com
link.springer.com
https://doi.org/10.1007/s11432-015-0567-9


LI Y, et al. Sci China Inf Sci May 2017 Vol. 60 059102:2

Table 1 Symbols and definitions of the basic variables

Symbol Definition

Ai Total inflow and outflow intensity of a given site i

Ti Total dwelling time of collective users on a site i

Pi Total page views of a site i on an observing duration

Di Degree of node i, total inward edges and outward edges

Ii Total attention flow from “source” node (node 0), (W0,i)

Hi Attention flow dissipated to “sink” node (node n+ 1), (Wi,n+1)

and the node degree. Our finding of α greater than
one shows that Ai scales supper-linearly against
Di; this phenomenon is called the accelerating
growth in ecology [4]. This allometric scaling re-
lationship indicates that the core nodes (sites) of
attention flow network have the greatest nodes de-
gree and attention flow intensity. For example,
Baidu1), being not only a searching engine but
also an information and contents provider site in
China, has the greatest node degree and attention
flow intensity. Figure S5 shows the allometric scal-
ing relationship Ti ∼ P 1.36

i , which also indicates
accelerating growth pattern. We can infer from
this pattern that the core sites have more page
views which can attract more online user dwelling
time.

In addition, we also find sub-linear scaling re-
lationship in attention flow network. For exam-
ple, we analyse the relationship between the at-
tention flow intensity Ai and the collective page
views Pi. As shown in Figure S6, Ai ∼ P 0.73

i and
R2 is greater than 0.8. Note that α being 0.73
smaller than one, which is called the “decelerating
growth” in ecology. This result is not consistent
with the common sense that “the more page views
being taken up, the greater attention flow of a site
is”. From the supper-linearly scaling relationship
of Ti ∼ P 1.36

i and sub-linear scaling relationship of
Ai ∼ P 0.73

i , we can conclude that the more page
views can attract more online user dwelling time
but cannot attract more online attention flow in-
tensity. Therefore, the core factor of a site is its
contents to attract more online collective attention
flow rather than the click rate. These results are
consistent with what we found in [5].

Dissipation laws. As pointed by the earlier eco-
logical studies [4], in the whole ecosystem, a large
fraction of energy flow dissipates to the environ-
ment. The dissipative processes have different
forms, such as respiration and excretion. In com-
plex systems, all the open systems need to dissi-
pate energy flow to the environment to maintain
the process of existence, reproduction, and evo-
lution. For maintaining moving toward an equi-
librium state, the systems must not only increase

their negative entropy by consuming energy, but
also eliminate the positive entropy that naturally
accumulates over time as systems are trying to sus-
tain their existence and evolution [6].

As noted by famous physicist Schrodinger:
“what an organism feeds upon is negative en-
tropy” [7]. We view the online collective attention
flow as “energy” for the Web evolution. The devel-
opment of the Web system, as well as the process
by which they come into existence, growth, repro-
duction, and expire, is governed by the transfer of
energy from online collective attention flow. The
information (or contents) on the Web will gradu-
ally become obsolete and no longer concerned by
online collective users, which can be said to be
the positive entropy generated by the evolution of
time. The Web system has a potential to offset the
increasing entropic trend by consuming online col-
lective attention flow and absorbing information
from the outside world, thus creating negative en-
tropy, which prevents the Web system from mov-
ing toward an equilibrium state.

In this perspective, as shown in Figure S2, the
“energy” infuses into network from the “source”
or other sites and dissipates to the “sink” node.
The dissipated attention flow can be captured by
the variable Hi, which indicates the attention flow
intensity of a site i infusing into the “sink” node.
Empirically, if a site has a stronger stickiness for
collective attention flow dwelling time(Ti), it has
a smaller dissipated attention flow. This phe-
nomenon can be formulated mathematically as

Hi ∼ kT β
i , (2)

where k and β are parameters to be estimated and
Eq. (2) is called the dissipation law in this paper.

As shown in Figure S7, the estimated exponent
β is 0.81 which is less than one and R2 is 0.85; thus
the empirical data supports our conjecture. Note
that β less than one shows a sub-linear pattern:
the dissipation rate (dissipation per stickiness) in-
creases with a lower rate compared to the dwelling
time Ti, which means that the stronger of the site
stickiness, the smaller dissipated attention flow.

In Figure S3, we find that Ii satisfies a similar
distribution to one ofHi. We again make a conjec-

1) http://www.baidu.com/.



LI Y, et al. Sci China Inf Sci May 2017 Vol. 60 059102:3

ture that there is a connection between Ii and Hi.
As shown in Figure S8, the empirical data con-
firms our conjecture. Hi ∼ kIβi and β = 0.96 ≃ 1,
which means that if a site has more inward at-
tention flow from “source”, it has more dissipated
attention flow. This pattern implies that the dissi-
pation rate decreases as the inward attention flow
from other sites (non-“source” vertex) increases.

Gravity laws. In classical physics, the Newton’s
Law of universal Gravitation states that any two
bodies attract each other with a force gij , where
gij = Gmimj/r

2, G is the gravity constant, mi

and mj are their masses, and r is the distance
between them. In recent years, researchers found
that the gravity law has long been one of the most
successful empirical models in economics and other
complex systems [8]. In attention flow network, we
still do not know how the attention flow distributes
among different pairs of sites. It turns out that the
attention flow Wij between sites i and j is as fol-
lows:

Wij ∼
k(AiAj)

γ

DiDj

, (3)

where k is a constant, Ai and Aj are total flow
intensity of the sites, Di and Dj are degree of the
sites, and γ is fitting exponent.

Figure S10 shows the gravity law phenomenon
and the parameter in attention flow network. The
R2 has value of 0.89 indicates that this pattern is
significant. In addition, we fit other basic variables
with the gravity law, where γ is 0.58, R2 is 0.75
for dwelling time Ti; γ is 0.74 and R2 is 0.83 for
overall page views Pi. But these two patterns are
not as significant as the total flow intensity Ai be-
cause the R2s are smaller than 0.85. From gravity
law of Eq. (3), we could predict the attention flow
between two sites by flow intensity and degree of
each site.

Heaps’ law. Heaps’ law is commonly observed in
characterizing natural language processing [9, 10].
Similar results were found in online resources and
programming languages, such as Java, C and
C++. However, as far as we know, there is no
report about the Heaps’ law in online collective
behaviors. We found that the growth of distinct
sites in online collective page views satisfies the
Heaps law in attention flow network. As shown in
Figure S11, the Heaps’ law is formulated as

Ns ∼ pvθ,

where Ns is the number of distinct sites when the
collective page views length is pv, and θ = 0.78 is

the Heaps’ exponent. The explained variance of
the regression for fitted line is R2 = 1.00, which
means that this pattern is quite significant.

Conclusion. We found four interesting com-
mon patterns in online collective attention flow.
These patterns have some potential applications,
such as advertisement targeting, websites ranking,
etc. However, we still do not know the underly-
ing mechanisms of these patterns. The theoreti-
cal model and underlying mechanisms of the on-
line collective attention flow are left for the future
work.
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