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With the advent of Web 
2.0 and social comput-
ing, social network-
ing has become foun-

dational in shaping communication, 
collaboration, innovation, and col-
lective behavior,1,2 and social media 
platforms have facilitated a number 
of novel, dynamic social communi-
ties and collaboration mechanisms. 
Among these, crowdsourcing—the 
practice of outsourcing tasks to ran-
dom large groups3—has grown 
increasingly popular in solving real-
world problems, from simple infor-
mation gathering through  Amazon’s 
Mechanical Turk or Wikipedia to 
life-saving data that assists in post- disaster rescue mis-
sions. The extent of information exchange through 
crowds of unrelated individuals is understandably tak-
ing society in new directions. 

Each crowdsourcing system represents a collabora-
tion network, and the nature of that network and contri-
butions associated with particular interactions provide 
insights into how information and communications 
technology (ICT) can facilitate collective intelligence. 
As task-oriented groups form, participants’ positions 
in the self-organized social group influence task per-
formance, and it is important to understand how that 

influence occurs. This is only one of many research top-
ics on crowdsourcing. Others include the quality and 
application of crowdsourced data, user behavior, and 
system design.

Structural hole theory is well known for its ability to 
relate social network positions to societal influence in 
many sociological contexts. According to this theory, 
individuals within a social network collaborate to form 
clusters. Cluster members have strong ties through 
internal social connections and thus have access to sim-
ilar information. However, the clusters are unrelated 
and noncollaborative, which creates gaps or holes in the 
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social network. Brokers can close these 
holes by adding novel insights to the 
crowdsourcing experience or by act-
ing as information bridges in a more 
passive role. This theory has import-
ant implications for crowdsourcing 
because participants can become bro-
kers with various roles that influence 
the success of the incident’s resolution. 

The sidebar “How Structural Hole The-
ory Relates to Web Use” describes this 
idea in more detail.

To better understand how structural 
hole theory relates to crowdsourcing, 
we developed a method to measure 
participants’ contributions and how 
they relate to a participant’s position. 
Our focus is on brokers and bridges, 

both of which are critical to crowd-
sourcing but in different ways. To test 
our method, we collected comprehen-
sive raw data from online forums on 
the South China tiger incident, a crowd-
sourced investigation into the veracity 
of a 2007 South China tiger sighting 
conducted on the Human Flesh Search 
(HFS) system. HFS is a large-scale 

HOW STRUCTURAL HOLE THEORY RELATES TO WEB USE

Crowdsourcing in any domain, Web or other, begins when individuals form collaborative groups, or clusters. 
Structural holes are created because unrelated clusters do not connect. Both the established weak-ties 

hypothesis and structural hole theory address the roles of brokers—people connecting across clusters through 
weak ties. The assumption is that brokers have an advantage in the breadth, timing, and arbitrage of informa-
tion and are thus likely to have more innovative ideas and significant contributions than individuals who are 
strongly interconnected within a group and have access to similar information.1,2 These theories have been 
thoroughly validated with case studies in various social contexts.3

It is less clear how these theories apply in online communities. Exploring these theories in crowdsourcing 
online can help define the organizational structure and roles of Web users. Two major questions are central to 
relating structural hole theory to Web use: How do crowdsourcing participants’ positions relate to both the type 
and extent of their contributions, and do those positions share similar characteristics and principles with offline 
business mechanisms, such as collaborative work in a large software-development project? 

Existing research is addressing similar questions for online communities. In the past five years, researchers 
have validated structural hole theory in this context through various efforts. One group examined the relation 
between Slashdot users’ rank levels and their social capital measured by structural holes.4 Others examined 
strong and weak ties in information propagation on Facebook, showing that weak ties dominate the propagation 
of novel information.5

Because crowdsourcing systems are task-, product-, and innovation-oriented social systems based on mas-
sive collaboration among participants, they are more common with traditional business practice than other social 
media groups. More importantly, the broker role is more significant in crowdsourcing systems than it is in general 
online communities like Facebook, where information propagation is the broker’s main function.

The vital role of structural holes in virtual worlds has also been verified by the founder of structural hole 
theory, Ronald S. Burt, in his upcoming book tentatively titled Structural Holes in Virtual Worlds (http://faculty 
.chicagobooth.edu/ronald.burt/research/files/NAVW.pdf).The study of structural holes raises questions such as, 
do brokers contribute more than ordinary participants because of their access to information across multiple 
subgroups? Unfortunately, many efforts to study the role of structural holes in crowdsourcing systems lack suf-
ficiently well-defined data on participants’ collaboration. Our measurement method can help solve that problem 
by providing a way to reliably characterize collaboration data.
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crowdsourcing system popular in 
China and other East Asian countries, 
which is used primarily to investigate 
postings, such as unusual facts or star-
tling pictures. Its curious name arises 
from an unfortunate translation from 
its Chinese name, which is closer in 
meaning to “human- empowered” or 
“crowd-powered” search. In its singu-
lar purpose, it differs somewhat from 
crowdsourcing in the West, which is 
not necessarily fixed on ferreting out 
the truth of a claim but can include 
awareness raising for a charitable 
cause or social event.

INCIDENT AND  
DATA COLLECTION
The South China tiger incident began 
as a response to a hunter’s claims of 
encountering a wild South China tiger, 
a species that had not been seen in its 
natural environment since the 1970s. 
The hunter’s publicized tiger photos 
prompted online forums and raised 
questions about the photos’ authen-
ticity. A few Web users initiated dis-
cussion threads about the photos and 
others contributed comments and evi-
dence that could prove or disprove 
the poster’s claim. Eventually users 
found proof that the photos and claims 
were fraudulent, and the incident was 
resolved. Discussion threads appeared 
on three platforms: tianya.cn and mop 
.com, which are nationwide forums on 
general topics, and xitek.com, a plat-
form for postings by professional and 
amateur photographers.

We collected six discussion threads: 
one thread of 1,368 postings from 
Tianya, three threads with 771 total 
postings from Mop, and two discus-
sion threads of 3,174 total postings 
from Xitek. 

PARTICIPANT 
CONTRIBUTION TYPES
To arrive at contribution types, we cre-
ated an HFS participant network in 
which each node represents a unique 
user ID and each edge represents a 
citation, or reply-to, relation between 
two user IDs. This network is con-
sistent with network topology that 
has been thoroughly documented in 
research literature.4,5

We found that participants could 
contribute in four ways: 

 › Communication activity—the 
number of postings a participant 
made—is an index of the amount 
of information that the partici-
pant disseminated to others. 
Previous work showed that most 
participants contributed one or 
two postings, leaving less than 5 
percent who contributed hun-
dreds of postings.4,5

 › Initiation—the participant starts 
a discussion thread. 

 › Investigation and finding—the par-
ticipant’s effort to conduct inves-
tigations and the key clues that 
participant found. 

 › Coordination—the coordinating 
work performed by a participant.

Among the four contribution types, 
investigation and finding is the most 
important, yet the least explored. It 
is closely related to communication 
activity because participants rely on 
postings to distribute information 
about their investigations and relevant 
findings. Our method measures the 
integration of contributions in these 
two categories, which we refer to col-
lectively as “contribution” in the rest of 
the article. 

MEASUREMENT METHOD
An HFS episode usually involves thou-
sands of users and postings, mak-
ing it difficult to manually evalu-
ate an HFS participant’s contribution 
or performance. On the other hand, 
HFS episodes have traditionally cov-
ered a much broader range of topics 
than other crowdsourcing systems, so 
only minor natural language process-
ing (NLP) is needed. To evaluate a par-
ticipant’s contribution, we combine 
NLP with our measurement method, 
which is based on the popular term  
frequency–inverse document frequency 
(TF−IDF) weight. 

Assigning an importance weight
TF−IDF is a standard statistical mea-
sure used in information retrieval and 
text mining to evaluate the importance 
of a word in a document or corpus.6 TF−
IDF is the product of two quantities: 
TF, which measures the frequency of 
a word in a document, and IDF, which 
measures whether the term is common 
or rare in the whole document: 

TF(t i ) =
No. of times term t i  appears in a posting

Total no. of terms in the posting

 (1)

 

IDF(t i ) =

ln Total no. of terms in the posting
No. of postings with term t i

⎛

⎝
⎜

⎞

⎠
⎟ ,(2)

 

where ti is a word or term. 
A term’s weight is represented by 

TF–IDF(ti) = TF(ti) × IDF(ti) . (3)
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As Equations 1 through 3 show, the 
importance of a word increases propor-
tionally to its occurrence in the docu-
ment. On the other hand, importance 
is offset by the term’s frequency in the 
corpus, which helps reduce the impor-
tance of more common words.

In equation 4, K(ti) represents the 
importance of the word or term i. If i 
is not a keyword, then K(i)=0. C_Post, 
which represents the contribution of a 
posting, is the integrated value of TF−
IDF and the keywords. A posting p by a 
user u is represented as 

C_Post(p) = ∑iTF(ti) × IDF(ti) × K(ti) (4)

and the contribution of all postings for 
that user is represented as 

C_User(u) = ∑pC_Post(p) . (5)

We chose summation instead of the 
mean for C_Post for two reasons. First, 
empirical studies show that most 
participants contribute only a small 

number of postings.4,5 Second, the 
summation of C_Post incorporates the 
frequency of the corresponding user 
in communicating with other partic-
ipants, which indicates communica-
tion activity.

An example
Applying our measurement method to 
two postings illustrates how it works. 
Suppose user A posted, “I have started 
an offline investigation here,” and then 
posted, “Oh! I found clue_x!” In the first 
posting, offline investigation refers to 
the investigation that user A conducted, 
and in the second posting, clue_x refers 
to one of the key clues. 

Suppose also that TF−IDF(offline_
investigation) = 0.1 and TF−IDF(clue_x) 
= 0.2. The importance weight of the 
two terms is K(offline_investigation) 
= 0.002 and K (clue_x) = 0.09. Then, C_
Post(1) = 0.1 × 0.002 = 0.0002, and C_
Post(2) = 0.2 × 0.09 = 0.018. Thus, the 
contribution of user A is C_User(A) = 
0.0002 + 0.018 = 0.0182.

KEYWORD SELECTION
To select keywords from the HFS post-
ings about the South China tiger inci-
dent, we first segmented words from 
the Chinese characters and then cal-
culated the TF−IDF weight of a word or 
term across all postings. Then, on the 
basis of the word’s or term’s frequency, 
its TF−IDF rankings, and the judgment 
of experts, we selected 175 keywords 
and assigned each one an importance 
weight. Table 1 shows the 10 most prev-
alent keywords related to the contri-
bution types of interest (communi-
cation activity and investigation and 
finding).

BROKER ROLES
As Figure 1 illustrates, a broker can be 
internal, connecting clusters within a 
platform, or external, connecting clus-
ters across platforms. 

Figure 1a shows connections for an 
internal broker (blue lines), which are 
relatively weak compared to the tight 
interconnection of cluster members 

TABLE 1. Top 10 keywords for the South China tiger incident.

ID Keyword Type of keyword Part of speech Importance weight

1 年画 (calendar paint) Results Noun 0.029481

2 攀枝 (Pan-zhi) Location and key participant Noun 0.029481

3 鑫 (Xin) Results Noun 0.029481

4 平面 (surface) Clues Noun 0.026533

5 2002 Clues Noun 0.023585

6 纸老虎 (tiger made of paper) Results Noun 0.023585

7 纸板 (paper plates) Results/clues Noun 0.023585

8 彩印 (color-print) Results Noun 0.023585

9 德国 (Germany) Results Noun 0.023585

10 实地考察 (investigate offline) Investigation method Verb 0.023585
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because many other structural holes 
exist among the three clusters. Because 
the internal broker governs informa-
tion flow across the connection, that 
person is uniquely positioned to use 
that information in innovative ways.

In terms of discussion threads, inter-
nal brokers participated in multiple dis-
cussion threads on the same platform, 
external brokers participated in multi-
ple discussion threads on multiple plat-
forms, and nonbrokers participated in 
one discussion thread on one platform. 
The initiator of each discussion thread 
is the user who posted first. Because all 
following posts then generate an edge 
to the initiator, initiators become the 
hubs of starlike clusters in the network, 
in which each star-like cluster rep-
resents one discussion thread. 

Figure 1b shows two platforms 
(orange and green) and three discussion 
threads, each of which has an initiator. 
Initiators can be either nonbrokers or 
external or internal brokers, depending 
on whether their edges connect directly 
to other threads or platforms. An exter-
nal broker is generally an initiator, 
although that is not a requirement. 

Figure 2 shows the internal and 
external brokers for the HFS partici-
pant network during the South China 
tiger incident.

The HFS participant network has 8 
external brokers, 112 internal brokers 
in Xitek and 41 internal brokers in Mop, 
and 2,703 nonbrokers (1147 in Xitek, 925 
in Tianya, and 631 in Mop). All exter-
nal brokers participated in posts on two 
platforms (3 brokers in Mop and Tianya, 
1 in Mop and Xitek, and 4 in Xitek and 
Tianya). Of the 42 internal brokers, 7 in 
Mop participated in all three discussion 
threads, and the other 34 participated 
in two threads. 

Structural hole

Weak tie

Strong tie

Broker

Initiator 1

Initiator 2

Initiator 3

Internal broker

External broker

Nonbroker

Nonbroker

(a) (b)

FIGURE 1. Internal and external brokers in a social network. (a) An internal broker con-
nects clusters of individuals (nodes) within the same platform (green) who are likely to have 
similar information. Each cluster represents a discussion thread. The broker’s connections 
(blue lines) are relatively weak because many structural holes remain among clusters. (b) An 
external broker (large black dot) connects initiators (those who start a discussion thread on 
a particular platform) and their clusters across multiple platforms—two in this case (yellow 
and green). Nonbrokers participated in only one discussion on one platform.

Internal brokers

External brokers

FIGURE 2. Human Flesh System (HFS) network of participants in the South China tiger inci-
dent. The color of a node represents the platform to which the node belongs: green, Tianya; 
pink, Xitek; and red, Mop. Black denotes multiple platforms. A node’s size is proportional to 
its in-degree, except for external brokers (black nodes).
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RESULTS AND IMPLICATIONS
According to structural hole theory, 
an external broker is likely to have 
a bigger contribution than an inter-
nal broker or a nonbroker, because 
the external broker has access to the 
information from different discussion 
threads involving multiple platforms. 
The theory also supports the idea that 
an internal broker is likely to contrib-
ute more than a nonbroker, because of 
access to information from different 
discussion threads. 

To test these theoretical assump-
tions, we calculated the average con-
tribution of HFS participants in each 
discussion thread on each platform, 
compared differences among the three 
platforms, and then compared the con-
tribution of external and internal bro-
kers and nonbrokers against the roles 
associated with structural hole theory. 

Average contribution 
of participants
In the distribution of contribution val-
ues for all discussion threads on all 
three platforms, shown in Figure 3, the 
value for most HFS participants is very 
small. Values larger than 0.001 (10−3) 
follow a power-law distribution. Thus, 
most participants did not contribute 
much to the South China tiger incident, 
while a few made significant contribu-
tions. This finding matches the findings 
in previous studies on the distribution 
of humans’ activities and innovation, 
and in turn partially validates the pro-
posed measure’s effectiveness. 

Figure 4 shows the average con-
tribution score for HFS participants 
according to the discussion thread 
on a particular platform. The average 
weight for Xitek participants is sig-
nificantly higher than for Tianya and 

Mop participants. The large contribu-
tion from Xitek users is understandable 
given that it is a platform specifically 
for photographers, while Tianya and 
Mop are forums for general topics. 

Contributions of brokers 
and nonbrokers
Figure 5 shows the contributions 
among internal and external brokers 
and nonbrokers. Average contribution 
scores for both internal and external 
brokers, in Figure 5a, are significantly 
higher than those for nonbrokers—a 
finding that partially validates struc-
tural hole theory. However, the aver-
age contribution score for internal bro-
kers is almost twice that for external 

brokers—a surprising finding that con-
tradicts structural hole theory, which 
maintains that external brokers should 
contribute more because of their unique 
access to information across platforms. 
The results in Figure 5b show that inter-
nal brokers in Xitek made by far the 
largest contributions, with an average 
contribution score twice that of the 
average weight for all external brokers. 
Indeed, nonbrokers on Xitek contrib-
uted more than the internal brokers 
and nonbrokers on the other platforms 
combined. This finding is additional 
evidence that HFS participants with 
backgrounds related to the nature of 
the crowdsourcing experience (in this 
case photography) contribute more 
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FIGURE 3. Distribution of participants’ contributions during the South China tiger incident 
on HFS. Most participants did not contribute or contributed very little (left of the red line), but 
a few made significant contributions (had a high score, as represented by the outlying blue 
squares to the right of the red line). 
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than those without such backgrounds. 
We also found some interesting 

relationships among internal brokers. 
One of the most important clues was 
found by an internal broker who posted 
only a few times without receiving 
much attention from others, but this 
broker sent findings to another inter-
nal broker who posted many times and 
was regarded as a leader in the inves-
tigation. This result is an example of 
how the weight for internal brokers 
can increase in unexpected ways, and 
it supports the supposition that inter-
nal brokers are important to the suc-
cess of the crowdsourcing experience. 

These results led us to explore why 
internal brokers performed better 
than external brokers. After reading 
all the brokers’ posts, we found that 
the internal brokers (those only on 
Xitek) were discussing various issues 
related to the South China tiger inci-
dent and sharing their expertise and 
information on their latest discov-
ery. In contrast, external brokers did 
not involve themselves in the discus-
sions and investigations, but rather 
acted as bridges. In other words, they 
did not take advantage of their unique 
cross-platform position to be more 
innovative and productive, but rather 
restricted their activities to informa-
tion dissemination. 

One explanation for this limited role 
is that HFS is an open source crowd-
sourcing system. With all informa-
tion publicly available, participants 
can easily access other platforms with-
out building an explicit social rela-
tionship with a participant in another 
platform. In addition, the South China 
tiger incident evoked many traditional 
media reports, which helped to dis-
seminate information, albeit later than 
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FIGURE 5. Average contribution score of  brokers and nonbrokers in the HFS network for 
the South China tiger incident. (a) Average weight across three platforms and (b) average 
contribution score by platform. Internal broker weights are generally higher than external 
broker weights, which contradicts structural hole theory, but the weights are skewed by the 
Xitek platform, where posters had a background strongly related to analyzing photos—a skill 
that was highly relevant to the crowdsourcing investigation. (Averages are with a 95 percent 
confidence interval.)
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FIGURE 4. Average contribution score for posts about the South China tiger incident on 
the Xitek, Tianya, and Mop platforms. Numbers designate discussion threads. Because the 
incident centered on determining the authenticity of the South China tiger photo, contri-
butions are higher for Xitek, a forum dedicated to photographers. This finding proves that 
participants with a background related to the incident contribute more than those without 
that background. (Averages are with a 95 percent confidence interval.)
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crowdsourcing. In the Web 2.0 era of 
open information, the external broker 
apparently has a lesser part in shaping 
the crowdsourcing experience than 
the major contributor role described in 
structural hole theory.

Contribution score  
and network topology
To characterize the importance of HFS 
participants relative to other crite-
ria that might define the participant’s 
importance, such as perspectives, we 
examined how popular topological 
properties of a social network and by 
extension the HFS network2,7 relate 
to a participant’s contribution score. 
Specifically, we calculated the Pearson 
correlation coefficient between these 
properties, which include brokerage 
measures such as efficiency, constraint, 
and hierarchy,8 and contribution score. 

As Figure 6 shows, the brokerage 
measures correlated more negatively 
with contribution score than did most 
other properties (row 10, columns 6 
through 8), and out-degree had a signifi-
cantly stronger correlation for contribu-
tion score and brokerage  measures—a 
strong positive correlation for contribu-
tion score (row 10, column 5) and nega-
tive correlations for brokerage measures 
(rows 6 through 8, column 5). 

To explain this interesting finding, 
we plan to explore causality through a 
more in-depth study of temporality—
how the passage of time affects correla-
tion patterns.

Our research provided con-
siderable evidence that posi-
tions in social networks 

influence the contribution of crowd-
sourcing participants. The results of 

applying our method to data from the 
South China tiger incident challenge 
accepted notions in structural hole 
theory. We found that participants 
with a shared background contribute 
more than those without one and that 
the average contribution of internal 
brokers within a platform is signifi-
cantly larger than the average con-
tribution of external brokers across 
platforms, who tend to be mostly 
information disseminators. Our anal-
ysis of data from the Hangzhou drag 
racing  incident—13,490 postings on 
two platforms—support these find-
ings and conclusions (see supplemen-
tal material: http://personal.cityu.edu 
.hk/~qingzhang4/hfs-computer2016 
/Supplement.pdf).

This inconsistency, which stems 
from differences in real- and virtual- 
world collaboration, suggests the 
need for new theories to explain and 
model features unique to the collabo-
rative mechanisms in crowdsourcing 

systems. To that end we plan to develop 
advanced NLP algorithms to automat-
ically discover participants’ activi-
ties (investigating offline, disseminat-
ing information, organizing working 
groups, and so on) and to measure mul-
tiple contribution types. We also plan 
to create a conceptual model of partic-
ipants’ contributions and statistical 
models of the relationship between con-
tributions and a social network’s topo-
logical properties. Future efforts might 
also build on work to connect social sci-
ence theories other than structural hole 
theory to big data on the Web.8 Devel-
oping new theories will be essential to 
understand Web 2.0 more deeply and to 
fully realize its potential. 
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