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Abstract—This paper is to explore the properties of complete 

networks from partial information about agents and their ties to 
others. In the real network surveys, respondents are often unable 
or unwilling to give specific identifying information about the 
people with whom they have come in contact. This problem is 
particularly prevalent for epidemiological research, in which 
statistical properties of the complete network, such as 
betweenness centrality, affect the transmission rate of a disease 
through the network. Most epidemiologists therefore use general 
demographic information about alters to approximate network 
structure, assuming that pairs of individuals intermingle at rates 
that vary according to their attributes. To this end, we use a 
random graph model to approximate the structure of a known 
complete network based on partial information. We demonstrate 
that some specific information is important to construct a close 
approximation to reality, and the findings have implications for 
epidemiological survey design. 
 

Index Terms—Ego-network, Social Network, Graph Model, 
Partial Information 
 

I. INTRODUCTION 
NE big problem facing social network theorist is that the 
real-world social network data is usually incomplete. By 

incomplete we mean that under some occasions, social network 
theorists maybe cannot gather a lot of specific information 
about some actors (nodes, vertices) and/or links (edges) that 
exist in real-world social networks, thus these information are 
"missing" from the dataset. Currently, there are three principle 

 
This work was partially supported by the US National Science Foundation, 

via award OISE 0623953. This work was done in 2007 SFI Complex Systems 
Summer School, Beijing, P.R.China 

Richard Callahan is with University of Washington, WA, USA (Email: 
rjcal@u.washington.edu) 

Liquan Pei is with University of Massachusetts Amherst, MA, USA (Email: 
lpei@physics.umass.edu) 

Jing Yuan is with Tsinghua University, Beijing, P.R.China (Email: 
yuan-j05@mails.tsinghua.edu.cn) 

Chenwei Wang is with Beijing University of Posts and Telecommunications, 
Beijing, P.R.China (Email: chen.516@gmail.com) 

Hantian Zhang is with Stanford University, CA, USA (Email: 
hantian@stanford.edu)  

Jialin Zhang is with Tsinghua University, Beijing, P.R.China (Email: 
zhangjl2002@gmail.com) 

mechanisms that generate social networks missing data: 
network boundary specification problem, i.e., non-inclusion of 
agents or affiliations [1], survey respondent non-response [2], 
[3] and/or inaccuracy [4], [5], and censoring by vertex degree 
(pre-fixed choice design) [6]. Any compound mechanism 
might be encountered as well. Since missing data problem is in 
general, missing data in social networks dataset can also cause 
problems. It is actually fairly intuitive because the two social 
networks built upon the full dataset and the dataset that has 
missing data respectively are actually using different amount of 
information. If the missing information is important to the 
analysis, the information loss caused by missing data could 
totally change our understanding of the topology of the social 
network, and this will bring to our research problems. 
Kossinets has provided a sensitive analysis to assess the impact 
of missing data on social network global structural properties, 
and found out that all three forms of missing data would 
"dramatically alter estimations of network-level statistics" [7]. 
Surprisingly, although missing data problem is abundant in 
empirical studies, little research has been done in this and 
related fields, such as the exact impact of missing data on 
statistics estimation, and how to reduce such impacts. 

At present, although relatively little research is done in this 
field, there do exist some approaches that reconcile missing 
data problem. One is to develop analytic techniques that 
capture global statistical tendencies and do not depend on 
individual interactions [8]. Another is to develop remedial 
techniques that minimize the effect of missing data [3], [9]. 
Clearly, since the problems are caused by the information 
discrepancy between the full dataset and the dataset that has 
missing data, if we can somehow collect the information that is 
left out, missing data should not be a problem. In this paper, we 
aim at one specific minor form of social networks missing data: 
partial information. We coin the term "partial information" to 
describe one particular situation in social network information 
collection. This particular situation in our mind is actually one 
form of survey respondent non-response and/or inaccuracy 
problem, and can be illustrated by the following imaginative 
but highly realistic example. For instance, a social networks 
theorist is gathering information of the clients of a commercial 
sex worker (CSW thereafter). He wants to construct the 
network of the CSW in order to investigate STDs transmission. 
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But unfortunately, under many occasions, the CSW does not 
want to or cannot provide the concrete identity of her/his clients. 
Then the CSW may only provide the social networks theorists 
with some vague information about her/his clients, such as the 
clients' approximate age, profession, and ethnicity. We call this 
sort of information "partial information" (and the information 
of concrete identity "complete" information because once we 
know the exact identity, we then know the age, sex, profession, 
ethnicity, etc. of this identity immediately). Here the social 
networks theorists do have some ideas of the nodes and edges 
of the CSW's social network, but this information is only 
"partial": we may know that a medium-level management 
professional in the mid-fourties who speaks Spanish has visited 
the target CSW recently, but have no idea on information such 
as the exact identity of the client and his visit frequency. Based 
upon such vague and partial information, whether we can 
construct a social network is our concern. We need to 
investigate the differences between the network constructed on 
partial information and the one that is constructed on complete 
and clear information. And if there are some differences, we 
still need to study on how to reduce such a discrepancy. We will 
try to address these questions in this paper using a real-world 
social network, and some preliminary and intuitive answers 
would be provided. 

The remainder of this paper is organized as follows. In 
Section II, we will describe the real-world social network that 
we use, and how the data was gathered. Then we introduce the 
graph models we use in Section III. In Section IV, we analyze 
the parameters of the network and show that discrepancy 
between networks constructed from partial and complete data 
do exist. Providing more information is one way of reducing 
such difference. At last, we conclude this paper by a brief 
general discussion in section V. 

 

II. GATHERING DATA 
Our analysis is based upon the real-world social networks 

data that we gathered from all the participants of 2007 
Complexity Systems Summer School (CSSS thereafter), which 
was held from July 9 till Aug 3 at Beijing, P.R.China. Of all the 
49 participants of this school, 27 were Chinese, and the rest 22 
were from other diverse countries including the US, the UK, 
Nigeria, Peru, Argentina, Hungary, Iran, and the Philippines. 
The participants attended lectures together for around 8 hours 
per day for one month, and did a project together. Some 
after-school social activities went on in their spare time as well. 
For one whole month, school participants lived together: every 
two participants shared one standard hotel room. So clearly, 
school participants established personal relationships with each 
other, thus (relational) social network methods is applicable 
here. Given the school participants lived together in a relatively 
isolated hotel, and in our impression no one from outside had 
ever joined the lecture or social activities, it seems valid to 

confine our analyses of CSSS social network to these 49 school 
participants. Since the boundary of the school is clear and 
well-defined, the boundary specification then might not be a 
problem here. 

In order to investigate into the research questions we ask, we 
did four same surveys on the relationship between school 
participants in the period of two weeks. In each survey, we 
asked the respondent to list 5 persons that they feel mostly 
closed to. The point here is that the respondent should fill two 
tables to answer this same question. In the first table, the 
respondent provides only the sexes and nationalities (Chinese 
or non-Chinese) of the 5 close friends; in the second table, the 
respondent provides the names (thus exact identities) of the 5 
persons. We then use the information in the second table to 
construct the directed graph which we think is the complete 
CSSS social network. And we consider the information in the 
first table to be the partial information about the CSSS social 
network. Here of course pre-fixed choice would cause a 
problem if we aim to understand the structure of CSSS social 
network, but given our aim is to investigate the effect of partial 
information on network structure, and that pre-fixed choice 
affects networks constructed by partial and complete 
information equally, pre-fixed choice problem is negligible 
here. 

The partial survey form that we used is provided at the end of 
this paper as an appendix part. 

 

III. RANDOM GRAPH MODEL 
There are a lot of previous papers about random graph model. 

The foundation of this theory can be traced back to the work of 
Erdos and Renyi [10], [11]. In their pioneer work, they 
consider two standard models of random graph. The random 
graph G(n,p) is a probability space over the set of graphs on the 
vertex set {1,…,n} determined by Pr[{ , } ]i j G p∈ = , with 
these events mutually independent [12]. Another model G(n,e) 
is the random graph with n vertices(or agents) and precisely e 
edges(or ties). A lot of other models such as power law random 
graph model are the active research topics recently [13]. 

Most of the models researchers study, including all of the 
three models mentioned above can be viewed as uniform 
random graph models. But in this paper, we consider a slightly 
different random graph model. Let V be the set of agents, and 
we assign the probability of each tie by the function f: 

[0,1]× →V V such that Pr[{ , } ] ( , )i j G f i j∈ = , with these 
events mutually independent. Such function f is determined by 
the information we collected in the survey. The way to 
construct f is explicitly discussed in section IV.  

When we get function f, we can discuss some statistics of 
such random graph. Let A(G) be a quantitative statistic of a 
given graph G, for example, the number of triangles in a graph. 
We define E(A) be the expectation of quantitative statistic A 
when the graph G is generated according to function f. In this 
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paper, instead of calculating E(A) by the probabilistic method, 
we simply generate a large number of graphs based on function 
f, calculate A(G) of each graph and use the average values to be 
a good approximate of E(A). All of the results in Section IV are 
obtained by this way. 

 

IV. PROCEDURES AND RESULTS 
Since we have both partial and complete data, in order to 

investigate the effect of missing data caused by partial 
information, naturally we construct two social networks and 
compare them. Firstly, based upon complete information of the 
first and third surveys, we constructed the social network of 
CSSS in Fig.1 and Fig.2 immediately by PAJAK software. 

 
 

 
Fig.1 CSSS 2007 Familiarity Network 

 (Upper one and lower one are generated by the data of Questionnaire 1 and 
Questionnaire 3 respectively. The bigger the node size, the more popular the 
node is.) 
 

For the partial information social network, since we know 
the sex and nationality of every school participants, we adopt 
the following strategy to construct the social network: Because 
we asked about both the sex and nationality of respondent's 
friend, and for every question there're two answers, we could 
divide all the 49 school participants into four groups: Chinese 
Female, Chinese Male, non-Chinese Female, and non-Chinese 
Male. We assume uniform distribution within each group: once 
we see one "non-Chinese Male" from the respondent's answer 
sheet, we randomly pick  one  from "non-Chinese Male" cate- 

 
 

 
 

Fig.2 CSSS 2007 Advice Network 
 (Upper one and lower one are generated by the data of Questionnaire 1 and 
Questionnaire 3 respectively. The bigger the node size, the more people want to 
ask for advice from this node. ) 
 
-gory as a vertex of the social network with probability 1/N, 
where N denotes the number of non-Chinese Males. By this 
procedure we generate a social network based upon only sex 
and nationality -- thus partial information. 

In order to analyze the properties of the network, we usually 
adopt some parameters below in which we need to demonstrate 
two parameters “Number of Triangles” and “Betweenness” in 
details.  

(1) Number of triangles: for any three nodes, if there is one 
edge between any two nodes, then these three nodes make one 
triangle. Note that in our work, albeit the network is directed 
graph, yet we neglect the directions. So for instance, for two 
nodes A and B, if there is one edge from A to B, and one edge 
from B to A, then we record there are two edges between these 
two nodes. 

(2) Betweenness: Betweenness centrality reflects the 
intermediary location of an agent along relationships linking 
other nodes. It is firstly introduced by Freeman [14]. An agent 
with high betweenness has a capacity to facilitate or limit 
interaction between other agents it links. In Freeman's 
definition, the betweenness centrality of agent pi is 

1

1 1
( ) ( )
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B i jk i
j k

C p b p
−

= =
= ∑∑  



2007 SFI COMPLEX SYSTEMS SUMMER SCHOOL- BEIJING 
 

4

where bjk(pi) (defined as gjk(pi)/gjk, where gjk is the total number 
of geodesic paths linking pj and pk, and gjk(pi) is the number of 
those geodesic paths that include pi ) reflects the extent to 
which node pi lies between nodes pi and pk. 

The main parameters statistics of these two social networks 
is as following. 
 

TABLE I  
STATISTICAS OF COMPLETE INFORMATION SOCIAL NETWORK 

Parameters FA Q1 FA Q3 AD Q1 AD Q3 
Number of 
triangles 416 338 159 91 

Diameter 
mean value 5 6 6 7 

Average 
shortest path 2.28 2.45 2.69 2.76 

Max 
in-degree 12 10 10 8 

Average 
betweenness 68.06 46.96 57.43 37.94 

 
FA and AD denote the Familiarity network and Advice network generated from 
the data of the Questionnaire respectively, and Q1 and Q3 denote the first and 
the third Questionnaires respectively 
 

Compare Fig. 1 and Fig. 2, and also clearly from Table I, the 
two social networks computed from different information sets 
differ a lot: missing data generated by partial information do 
cause problems. In order to reconcile this problem, given that 
the difference here between these two social networks is caused 
by the information discrepancy, the most intuitive way is 
collecting more information. This is actually the strategy we 
adopt. 

From the CSSS organizers, we gained the complete 
participants name lists of different summer school projects, and 
the list of room sharing as well. The intuition here is that project 
colleagues and roommates spent more time together, thus they 
establish more intimate relationship with each other. As a 
consequence, although we still don't have the complete 
information, these two pieces of additional information may 
reduce the information discrepancy. Here after adding these 
two pieces new information, even though what we have is still 
partial, yet the discrepancy is hopefully reduced. Therefore, the 
statistics of the two social networks constructed from complete 
information set and the new partial information set respectively 
should be more similar than in Table I. 

Due to the random property of each graph we generate, we 
compute the statistical values of all the parameters after running 
500 times using Microsoft Visual C++ 6.0. Taking five persons 
into consideration, we present our simulation results in Table II. 
We can see when we add Gender/Nationality information, 
some parameters statistics of the network such as “Diameter”, 
“Average shortest path”, and “Average max in-degree” are 
better than the pure random network, but “Number of triangles”, 
“Average betweenness” of the network is still not good. 
However, when we add the Group information, all the five 

parameters statistics of the generated network are much better 
than the former two random networks, and compared with the 
parameters statistics of the real network, they are improved 
clearly and approach the real network nearly, which verify our 
prevenient intuition. This result shows that collecting more 
information about the social network is one way of reducing the 
"negative" effects of missing data problem caused by partial 
information. 
 

TABLE II  
STATISTICAS OF PARTIAL INFORMATION SOCIAL NETWORK 

Parameters Real 
Network 

Pure 
Random 

Gender/ 
Nationality Group 

Number of 
triangles 109 81.76 79.91 106.11 

Standard 
value -- 9.52 9.28 12.19 

Diameter 
mean value 7 5.64 5.88 6.08 

Standard 
value -- 0.65 0.66 0.63 

Average 
shortest path 2.87 2.68 2.71 2.79 

Standard 
value -- 0.05 0.05 0.06 

Average 
max 

in-degree 
9 8.64 8.92 9.05 

Standard 
value -- 1.09 1.22 1.20 

Average 
betweenness 74.29 66.3 59.45 69.94 

Standard 
value -- 2.60 2.69 3.18 

 
From Fig.3 to Fig.6, we show the simulation results under 

different persons, in which we can easily compare and see 
directly the performance improvement of each parameter. As 
before, the results are computed after running 500 times using 
Microsoft Visual C++ 6.0. 

 

Fig.3 Number of triangle 
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Fig.4 Diameter & average shortest path length 

     
Fig.5 Betweenness centrality 

      
Fig.6 Maximum betweenness centrality 

V. SUMMARY AND DISCUSSION 
Missing data means information loss, and the analysis based 

upon the full dataset and the analysis on dataset that contains 
missing data are actually utilizing different amount of 
information. If this information that is missing is important for 
the analysis, such a loss of information would change our 

understanding of the structure of the social network, thence 
cause problems. One most obvious way of addressing missing 
data problem is providing more data. Although in contexts of 
boundary specification, survey non-response, and pre-fixed 
choice design, gathering more information may sometimes be a 
hard task, in the context of partial information, it is sometimes a 
practical solution. Although probably, after mining additional 
information, what we get is still a partial information set, but 
probably we could get better result. 

This result should be fairly intuitive. However, rather than 
give a rigorous proof of this claim, what we present here is only 
one case-analysis. Although this claim seems valid for the case 
we studied, its universality is still an open question. Proving the 
claim of course is a much harder task, and future research in 
this line might case more lights on this issue. 

APPENDIX 
We provide partial survey form that we used in page 6. 
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CSSS SOCIAL NETWORK PROJECT QUESTIONNAIRE 
 
 
Part A. Basic Demographic Information 
 
1. Please write your private code here. Do not write your name. _____________ 
2. What is your gender? 

(  ) Male     (  ) Female 
3. What is your age? _______ 
4. Do you carry a Chinese identity card or a passport from a different country? 

(  ) Chinese identity card         (  ) Foreign passport 
5. What field(s) most clearly describes your current research? _____________ 
6. Thinking about the students the CSSS summer school, who do you know well? Please list these people in order of how 

well you know them, with the person you know best listed on Line 1. Please list his or her gender and whether the person 
is Chinese or from a different country, but do not state their name. 

 
Index Gender Chinese or Foreigner 

1   
2   
3   
4   
5   

 
7. This time, please state the names of up to eight students in CSSS summer school who you know well. Please list these 

people in order of how you know them well, with the person you know best on Line 1. 
 

Index Name (Please print or write in kai shu) Code (for office use only) 
1   
2   
3   
4   
5   
6   
7   
8   

 
8. Thinking about the students at the CSSS summer school, to whom would you go for advice? Please write down each 

person’s name in order of how likely you would be to go to them for personal advice, with the most likely person on Line 
1. For your convenience we have replicated the photos in the face book at the end of this questionnaire. 

 
Index Name (Please print or write in kai shu) Code (for office use only) 

1   
2   
3   
4   
5   
6   
7   
8   
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