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1. An Zeng, Chi Ho Yeung, Matus Medo, Yi-Cheng Zhang, Modeling mutual
feedback between users and recommender systems. [Journal of Statistical
Mechanics, P07020 (2015) ]
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Recommender systems daily influence our decisions on the Internet. While
considerable attention has been given to issues such as recommendation accuracy and
user privacy, the long-term mutual feedback between a recommender system and the
decisions of its users has been neglected so far. We propose here a model of network
evolution which allows us to study the complex dynamics induced by this feedback,
including the hysteresis effect which is typical for systems with non-linear dynamics.
Despite the popular belief that recommendation helps users to discover new things, we
find that the long-term use of recommendation can contribute to the rise of extremely
popular items and thus ultimately narrow the user choice. These results are supported

by measurements of the time evolution of item popularity inequality in real systems.



We show that this adverse effect of recommendation can be tamed by sacrificing part

of short-term recommendation accuracy.
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Figure 1. (a) A simple illustration of the long tail phenomenon. and (b)~(d) its
presence in real data produced by various e-commerce systems. The normalized
item popularity is used to remove the size effect’. The same plots in log-log
scale are shown in the respective insets. Results from different time periods show
that popular items become more popular compared to the niche items at the
tail, contrary to the belief of a thicker tail obtained through recommendation

algorithms.
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Figure 5. The dependence of the stationary Gini values and recommendation 19 De"siww 19 Density "

precision on @ in (a) Movielens and (b) Netflix data. Panel (c) and (d) show
the relation between the desired stationary Gini coefficient and the short-term Figure 3. (a). (b) The effect of the ICF’s parameter 0 on the stationary Gini
recommendation precision. coefficient; links which are not drawn based on recommendation are drawn based

on preferential attachment. (c). (d) The effect of data density on the stationary
Gini coefficient for different recommendation methods (here all links are drawn
based on recommendation). The curve labeled original is the Gini coefficient of the
network after density modification and before rewiring.

2. Qinghua Chen, Zi-Gang Huang, Yougui Wang and Ying-Cheng Lai (2015) Multi-
agent model and mean field theory of complex auction dynamics. New Journal of
Physics, 17: 093003. doi:10.1088/1367-2630/17/9/093003
(http://iopscience.iop.org/article/10.1088/1367-2630/17/9/093003)
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a. Yinan Zhao, Qinghua Chen, Yougui Wang (2013) Bid distribution derived from
consistent mixed strategy in lowest unique bid auction. International Journal of
Modern Physics C 25: 1440002.

b. C Zhou, H Dong, R Hu, Q Chen (2015) Smarter than Others? Conjectures in
Lowest Unique Bid Auctions. PLoS ONE 10(4): e0122923.
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doi:10.1371/journal.pone.0122923
(http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0122923)
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3. Qikai Niu, An Zeng, Ying Fan and Zengru Di, Robustness of centrality measures
against network manipulation, Physica A 438, 124 (2015).

fil/: Node centrality is an important quantity to consider in studying complex
networks as it is related to many applications ranging from the prediction of network
structure to the control of dynamics on networks. In the literature, much effort has
been devoted to design new centrality measurements. However, the reliability of these
centrality measurements has not been fully assessed, particularly with respect to the
fact that many real networks are facing different kinds of manipulations such as
addition, removal or rewiring of links. In this paper, we focus on the robustness of
classic centrality measures against network manipulation. Our analysis is based on
both artificial and real networks. We find that the centrality measurements are
generally more robust in heterogeneous networks. Biased link manipulation could
more seriously distort the centrality measures than random link manipulation.

Moreover, the top part of the centrality ranking is more resistant to manipulation.
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Fig. 1 (Color online) The influence of adding and removing links on the Spearman

correlation p between the true measure C; and manipulated measure C\. We denote the number of
links in the original network as Eand the fraction of manipulated links as f. When f is

positive, F E links are added to the original network. When f is negative, T E links are removed from
the original network. For SW networks, N=500, (k) =12.p=0.2.ForBA

networks, N=500, (k) =12,M=12 (M is the number initial nodes in the BA model). The
results are obtained from 50 independent realizations.

1 |-\\1 ' e ¥
\ — S e o SR 0.9
08/ | ap
[ \f . o 08— degree
Y| | betweeness
06 I | L‘[\ {_ 0.7 closeness
. 4 | ."‘I G eigenvector
0.4 X 2 k-shell
0 0.1 0.2 03 04 0 0.1 0.2 03 04
fraction of manipulated links fraction of manipulated links
o 1
. ‘!——‘——5—.;__.:_ +“‘§_’! \ N 3
08\ 095} ° g p _
B 2 e e S S : \f J -\“-]'_f'"w]
o 06 IRk o 09 : '»"'."‘L--"r_,_
g5 i W e, O o
0.4 0.85 ;
0.2 08
0 0.1 0.2 03 0.4 0 0.1 0.2 0.3 0.4
fraction of manipulated links fraction of manipulated links



Fig. 2 (Color online) The influence of rewiring links on the Spearman correlation p between the true
measure Crand manipulated measure Cy. For SW networks, N=500, (k) =12.p=0.2. For
BA networks,N=500, (k) =12, M=12. The results are obtained from 50 independent
realizations.

4. An Zeng, Chi Ho Yeung, Matus Medo, Yi-Cheng Zhang, Modeling mutual feedback
between users and recommender systems. [Journal of Statistical Mechanics,
P07020 (2015) ]

fil4): Recommender systems daily influence our decisions on the Internet. While
considerable attention has been given to issues such as recommendation accuracy and
user privacy, the long-term mutual feedback between a recommender system and the
decisions of its users has been neglected so far. We propose here a model of network
evolution which allows us to study the complex dynamics induced by this feedback,
including the hysteresis effect which is typical for systems with non-linear dynamics.
Despite the popular belief that recommendation helps users to discover new things, we
find that the long-term use of recommendation can contribute to the rise of extremely
popular items and thus ultimately narrow the user choice. These results are supported
by measurements of the time evolution of item popularity inequality in real systems.
We show that this adverse effect of recommendation can be tamed by sacrificing part

of short-term recommendation accuracy.
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Figure 5. The dependence of the stationary Gini values and recommendation
precision on # in (a) Movielens and (b) Netflix data. Panel (c) and (d) show
the relation between the desired stationary Gini coefficient and the short-term
recommendation precision.

5. Liangzhu Guo,Xiaodan Lou,Peiteng Shi, Jun Wang, Xiaohan Huang, Jiang Zhang:
Open Flow Distances on Open Flow Networks; Physica A, Vol 437, 1, 235 - 248.

fij/r: Open flow network is a special weighted directed graph in which weighted

links are flows, and the flows are in balance. We define a new set of distance metrics,

7o 13



which measure the average length of particles flow from i to j. Based on the distances,
we discuss the calculation of trophic levels of specied on energetic food webs, the
centrality of nodes, and the industrial clustering problem on input-ouput networks, etc.

We also compare the new distances with old distances on graph.
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FIG. 2. Trophie levels of species in Baydry community (a) and industrial sectors of U5, input-output network in 2000 (b). The
polar radii, i.e.. the distances between every node and the center are proportional to nodes” trophic levels, the polar angles are

randomly assigned, and the sizes of nodes are proportional to the logarithmic volumes of the total throughflow for each node
{fi). The colors are assigned randomly.
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6. Hongmei Lei,Ying Chen,Ruiqi Li, Deli He, Jiang Zhang: Maximum Entropy for the
International Division of Labor; PLoS ONE 2015, 10(7): e0129955.

faifi: As a result of the international division of labor, the trade value distribution on

different products substantiated by international trade flows can be regarded as one

country’ s strategy for competition. Each country wants to diversify their investments

on different products as well as make profits as possible as they can. We build a model

based on maximum entropy principle to reproduce the distribution curves of countries.

The results show that almost all countries' export share distributions can be explained

by the maximum entropy model if the constraints are properly selected.
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Fig 1. Country-product bipartite network. Country /s diversification D, is defined as the degree of country i.
The product s ubiquity U, is the degree of /. The weight wy of the link from country / to product denoted the
trade flow between them. The ratio p, between wj and F, the total trade values of country i, is defined as the
strategy of /.

doi:10.1371/joumal.pone.0129955.9001
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Xintong Li,Xinran Wang,Jiang Zhang, Lingfei Wu: Allometric scaling, size

distribution and pattern formation of natural cities; Palgrave Communications, 1,

15017 (2015)

results measured by the Kullback-Leibler Distance for all countries. Eiue dots
for g8 ermors



faj /. In this paper, we treated connected clusters of nighttime light as natural cities.
We then study the allometric scaling laws, Zipf laws, and fractals on these natural
cities. A concise model based on geometric matching mechanism is built to reproduce

all the observed patterns.
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8. Jiang Zhang, Xintong Li,Xinran Wang, Wen-

Figure 1] The nighttime light in natural cities of Contiguous United States (CONUS). The visualization is based on satellite image data (2009) with
different thresholds (DN,,). The nighttime light cut off by DN,, =0 (a), 30 (b). The spatial distribution of natural cities with DN,, =0 (c), 30 (d).

Cluster area (km”) Cluster

Figure 2 | Examples of rank-size distribution and allometry relationship of natural cities. (a) Rank-size ution of natural cities in China (2009)
with different low light thresholds. (b) Allometric scaling between total lightness and area of natural cities in US (CONUS region, 2009) with

different thresholds.
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Figure 5 | The comparison between MSAs and natural cities. The nighttime

usm ls “md imm ‘he b dari a' mA’ includi Cluster area (km”)
(a) Boise City-Mountain Home-Ontario (ID-OR); (b) Omaha-Council .
s ) Beatri 5 L Figure 7 | The comparison between the model results and empirical data with DNy =4 in 2009. (a) Satellite image of nighttime light clusters (or
: o ‘_" ot o 1A) and l.h«:ln- = ?S':E)' and (c) Columbus natural cities as defined above) in our RO from CONUS. (b) The clusters (or natural cities) grown by the modeL. (<) The size distributions of natural
(OH), Day y (OH), and cities for nighttime light image and model simulation. (d) The allometric scaling between total lightness and size of natural cities for nighttime light
Cincinnati (OH-KY-IN). Only the nighttime light image and model simulation.

in (c) is cut off by the low light threshold with DN, = 4.
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growth of networked systems and their geometric origins; SCIENTIFIC REPORTS
2015, 5: 9767

f&j/:  In many networked systems (cities, online communities), links (or interactions)
grow faster than nodes, as well, the diversity of nodes grow slower than nodes. We
build a simple random network model based on geometric matching mechanism to

reproduce both phenomena. The extensive model is further applied to model the

distribution of natural cities.
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Figure 1| An illustration of the basic model in d = 2-dimensional space.
(a) The filled disks represent existing nodes, the red disk represents a newly
added node that will survive. The dark lines represent existing links, and
the dashed lines represent the newly added links. The shaded arcas
represent the interaction regions of existing nodes. (b) A simulation of the
basic model after t =3625 steps and N(t) =100 nodes. The shaded arca
represents V(f) in two-dimensional space. In all simulations r=1.
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Figure 3 | Comparison of modified SCA model with nighttime light data.
(a) Satellite image of a nighttime light distribution. We suppose that each
connected cluster in the image is a natural city. (b) The clusters grown by
the model using the modified rules (6=0.03.2=1.5). (c) The scaling
between the total area and the total light intensity of these clusters both for
the nighttime light image (bluc circles) and for the image generated by the
model (purple squares). In the model, we take the total number of edges of
cach cluster to represent its total light intensity. (d) Area distributions of
nighttime light clusters (blue circles) and the model’s clusters (purple
squares). In (c) and (d), only clusters with sizes larger than 33 in simulation
are shown for comparison. In all simulations, r=1.
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