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Abstract

Email logs people’s communication history which pro-
vides valuable information regarding the infrastructure of
an organization. In this paper, a two-phase framework is
introduced to attack the problem of leadership discovery
in an organization based on email communication history
among the employees. Two heuristic metrics are proposed
for evaluating pair-wise leadership factors among a group
of employees. We also address several issues in discover-
ing the organization’s structure through mining leadership
graph constructed from the leadership factors. Experimen-
tal studies are carried out by applying the framework to En-
ron email corpus.

1. Introduction

Social Network (SN) has been recognized as one of the
most convenient, direct ways to represent the relationships
among a group of individuals. In a typical SN, each node
represents a person, and two nodes share an edge if they are
related, based on certain metric.

Research on Social Network Analysis (SNA) spans the
fields of sociology, psychology, management science, and
computer science. Issues covered by SNA in computer sci-
ence include but not limited to cluster analysis [7, 16, 3],
node centrality measurements [6], network topology [1, 2].
The cluster analysis explores community structure of an
SN based on different metrics such as betweenness central-
ity [16]. Node centrality measures the importance or promi-
nence of a node in the network according to its “location”.
The network topology studies structures of network such
as structural equivalence and structural holes. Some recent
research proposed to extract the personal information from
both the email and personal web site, from which cluster of
individuals are formed[4].

While the existence of leadership in an SN is widely rec-
ognized, there have been very few literatures on the discov-
ery of it. The concept of leadership in SN has been stud-

ies for decades and is still of interests [9] [17]. Leadership
defines the opinion leaders as the brokers who carry infor-
mation across the social boundaries between groups. This
heuristic identification of leaders, however, suffers from
lack of pair-wise leadership evaluation. As a result, the
leadership between two individuals is hard to quantify.

Another problem with existing SNA research is the use
of un-directed network, with which certain relationships be-
tween individual might be lost. Consider the SN of employ-
ees in a corporation, where hierarchical structure embeds.
At least three types relationships exist among individuals:
colleague of, supervisee of, and supervisor of. The latter
two relationships, which are not reversible, calls for repre-
sentations more than just an un-directed edge. A directed
weighted graph, where the direction indicates the type of
relationships and the weight indicates the strength of the re-
lationship, may release the problem and better reflect such
SN with organizational information.

In this paper, we propose to discover the organization
structure as a directed weighted graph. The organizational
structure is generated in two steps. We first evaluate the
leadership factors between pair of individuals and construct
the directed SN. Then the organizational structure is discov-
ered from the SN we obtain. We propose two metrics to
facilitate the SN construction from email corpora.

We study the SN extracted from emails because emails
embodies valuable information regarding knowledge ex-
change and the infrastructure within a social network [15,
16]. Various formats of resources, such as message
boards [13], emails [16] or web sites [4], have been uti-
lized for the discovery of social relationships. Recently, the
availability of Enron email corpus has been considered as a
touchstone for exploring emails as the resource in studying
social network.

2. Discovering Organizational Community
Structure from Email Corpus

We describe a two-phase framework for the discovery of
organizational community structure within an email corpus.



In the first phase, we evaluate the pair-wise leadership in-
formation between every two email users. In the second
phase, the organizational structure embedded in the society
of email users is discovered.

2.1. Pair-wise leadership Evaluation

In an information society, the problem of pair-wise lead-
ership evaluation is formalized as: given an organization
of people, say U , let ui and uj be two individuals, de-
termine the leadership factor (LF ) between them. Define
LFij = ξ(ui, uj , ΩU ),where ξ is a function that represents
the degree of ui’s leadership over uj . ΩU is any reliable re-
source used as indicator for such leadership information in
U . In this paper, we have narrowed to only using the email
communications among users as the indicator resource. The
key issue is to design a function that properly evaluates the
leadership matrix {LFi,j}.

In this paper, we concern ourselves with two heuristic
methods (LF 1 and LF 2) founded at the use of email com-
munication history. One method use the sender-receiver im-
balance and the other builds on the group information in-
ferred in email group lists.

2.1.1 LF 1 : imbalance between sender and receiver
One interesting characteristic of a social network is the de-
gree disparity [10]. This condition arises when the objects
in the network have widely different distributions of degree,
which is defined as the number of edges to/from other ob-
jects. Such characteristic can be utilized for evaluation of
the pair-wise relationship.

In an email social network graph constructed based on
communication frequencies on pairs of users, the vertices
represent email users and edges present between two users
who corresponded through email frequently enough [16].

For our first scenario LF 1, we extend the graph by
weighting the directed edge Eij . The weight on Eij is de-
termined by the number of messages that user ui sends to
uj . We propose a metric of LF based on the imbalance be-
tween sender and receiver. In our first metric LF 1, the LFij

between two users is evaluated as follows:

LF 1

ij =
Pj,i

Pi,j + Pj,i

, (1)

where Pi,j and Pj,i are the percentages of emails that ui

sends to and receives from uj
1.

The idea behind LF 1 is tentative: given two email users
in an organization, the one at leading position is more likely
to get filled with send-in messages while is less willing to

1There can be cases when Pi,j + Pj,i = 0. However, it is trivial to
filter these ”non-active” users before processing.

respond to his/her subordinates. Such notion parallels with
one web page ranking principle recognized in search en-
gine application. When ranking the retrieved web pages for
a user query on a Web search engine, the web pages with
more other pages linking to is considered more authorita-
tive and thus is ranked higher [11, 5]. Similarly in an email
social network, the more messages ui receives from uj as
such as a link in the social network, the higher likely it is
that ui is at an authoritative position that leads uj .

Consider a pair of users ui and uj , the leadership rela-
tion between them may be in either of the two cases: (1) ui

leads(or is leaded by) uj by the factor of LF 1

ij(LF 1

ji); (2)
there is no direct leadership relation between ui and uj .

2.1.2 LF 2 : inference from email group list

Another method to measure the LFij is based on the infer-
ence from the group lists in an email corpus. We define the
group list of an email message as the list of users that are
accessible to this email. Typically, a group list contains the
users in fields of From :, To :, CC :, BCC :, etc.

Obviously, an email group list infers the set of users that
are associated by this email message. Given a set of email
messages, each of which indicates a small group and corre-
sponding members, the support of a group list is counted
as the frequency that such list presents in the message set.
Conceptual groups, or clustering of users, can easily be dis-
covered by simply retrieving the most frequently presented
group lists. The higher support a group list has, the more
likely it is that the set of users are closely related.

In our second metric LF 2, we propose to score LF 2

ij

using the conditional probability that ui co-occurs given uj

is present in a list:

LF 2

ij = P (ui|uj), (2)

which re-formulates as:

P (ui|uj) =
support(ui ∩ uj)

support(uj)
(3)

Consider a simple organization of four persons A, B, C
and D. A leads B, C, D which are on the same level. We
assume that they interact primarily based on emails. Table 1
summarizes the group lists and corresponding supports.

From Table 1, we have the the following LF 2: LF 2

A,B =

(10+6)/(10+6+2) = 0.889 and LF 2

A,C = (10+7)/(10+

7 + 2) = 0.895. Similarly, LF 2

B,C = 0.105, LF 2

B,A =

0.571 , LF 2

C,A = 0.607, LF 2

C,B = 0.111. Compared with
the original organization, we can see that when there is a
leadership of X over Y ,LF 2

X,Y is high while LF 2

Y,X is low.
The computation of equation 3, however, is not as

straightforward as it looks like. In a practical email corpus,



group list support
A, B, C, D 10

A, B 6
B, C 2
A, C 7
A, D 5

Table 1. Group lists in a simple organization

where there are a large number of emails, the brute-force
statistical computation results in much overhead. For ef-
ficient approximate measure of the our proposed LF 2, we
introduce an approximate algorithm LF 2measure in Fig-
ure 1.

Input: GL, U , support
Output: {LF 2

ij}
(1) MFGL← fpMine(GL, support)
(2) /* MFGL is set of maximal frequent group lists */
(3) for each ui ∈ U
(4) for each uj ∈ U
(5) cui,uj

=
∑

{L,p}∈MFGL,ui∈L,uj∈L p

(6) cuj
=

∑
{L,q}∈MFGL,uj∈L q

(7) LF 2

ij =
cui,uj

cuj

Figure 1. Algorithm LF 2measure

The algorithm LF 2measure takes GL, the set of group
lists, U , the user set and the parameter support. It invokes
any frequent pattern mining algorithm, say fpGrowth [8],
using the support. At line (1) in Figure 1, the maximal fre-
quent group lists and corresponding frequencies are com-
puted and kept in MFGL. A list L is maximal frequent if
it shows up more than support times in GL and there is no
other frequent group list in MFGL that contains L.

2.2. Discovering Organizational Structure from
Pair-wise Leadership

In the former section, we have introduced the first step
towards discovering the organization structure from an
email corpus. In this section, we describe the second step
which discovers the organizational structure of an informa-
tion society. The second step is based on the pair-wise LF
obtained from the first step.

Let us start with a simple example: suppose the pair-
wise LF evaluated from the fact Table 1 is as shown in Ta-
ble 2 (only LF 2 is presented for simplicity). The ij entry
of the matrix {LFij} denotes ui’s leadership over uj . On
discovering the organizational structure within this informa-
tion society, our first question is: given a person ui, who is

most likely to be the leader of ui, i.e. the identification of
leader?

A B C D
A / 0.889 0.895 1.000
B 0.571 / 0.105 0.667
C 0.607 0.111 / 1.000
D 0.574 0.556 0.526 /

Table 2. Pair-wise LF 2 Matrix

2.2.1 Identification of Leader

Look at the {LFij} matrix in Table 2. Suppose we want
to determine B’s leader. Intuitively, we compare LFAB ,
LFCB and LFDB to find out that A has the largest LF over
B. However, we can not conclude A is B’s leader simply
by the fact that LFAB = max{LFiB |LFiB ∈ {LFij}}.
Consider the case when the {LFij} among users are as il-
lustrated in Figure 2. Both LFPQ and LFQP are very high
but close. LFRP is much larger than LFPR while LFRP

is smaller than LFQP
2. In such case, selecting the leader

of uj by maximizing LFij is no longer reliable, when we
select Q as P ’s singular leader3.

P

Q

R

0.6

0.55

0.7
0.1

Figure 2. Identification of Leader for P

We propose to classify ui as leader for uj based on such
criteria that: (1) ui is most likely to be uj’s leader and (2)
uj is least likely to lead ui, i.e. we search for such an i that
maximizes LFij and minimizes LFji at meantime.

2.2.2 Discovery of Organizational Structure

Once the identification of leader is feasible, the discovery of
organizational structure becomes straightforward. We pro-
pose a greedy algorithm: from all the pair-wise leadership
factors, we choose the pair of users ui and uj with maximal
(LFij − LFji), add the directed edge −→Eij to the social net-
work without embedding cycles into the graph. We avoid a

2Obviously such case does not exist for LF 1 measure where LFij +

LFji = 1, but there are LF measurements that violates this.
3Note that there are some organizations that allows multiple leadership,

i.e. ui can be leaded by both uj and uk. This can be feasibly discovered,
however, by extending our framework, which we do not cover in this paper
due to the limited space.



cyclic organizational graph based on the notion that in most
organizations the leadership relation is acylic. Iteratively,
we follow the procedure until there are no users left.

Let {LFij} be the matrix of leadership factor, U be the
user group and T be the organizational tree as output. For-
mally, our proposed algorithm for Discovering Organiza-
tional Structure(DOS) can be defined as in Figure 3.

Input: {LFij}, U
Output: T
(1) T ← Ø
(2) let δi,j = LFij − LFji

(3) −→E ← {(i, j, k)|δi,j ≥ δi′,j′ if k < k′}

(4) /* (i, j, k) denotes a directed edge −→Eij

(5) is located kth in the sorted list of edges −→E */
(6) for each edge (i, j, k) ∈

−→
E

(7) m = max{j|uj ∈ U, T ∪ (i, j) is acylic tree}
(8) T = T ∪ (i, m)
(9) R = {uk|uk ∈ U, uk has no leader}
(10) /* R contains the roots of T */

Figure 3. Algorithm DOS

3 Experiments

We present experimental results of our framework with
the Enron email corpus. The Enron email was made pub-
lic by the Federal Energy Regulatory Commission during
the investigation. William Cohen from CMU prepared the
dataset and has it published on the web for researchers [12]
This version contains 517,431 emails from 151 users dis-
tributed in 3500 folders.

We created a MySql database to support efficient min-
ing on the large scale of emails. Our database schema ex-
tended [14] by adding another table of email flows among
Enron employees. Non-Enron employees were filtered be-
cause they were not helpful in identifying the social organi-
zational structure within the corporation.

3.1. Leadership Factor Evaluation

3.1.1 LF 1 v.s. LF 2

We present experiments with our two metrics in LF eval-
uations. In Figure 4, the {LF 1

ij} measure using sender-
receiver imbalance is presented. We illustrate the LF 1 us-
ing gray intensity of a cell in the picture. There are four
kinds of cells in terms of gray intensities in Figure 4. We
label the high LF cell with high intensity. While for cells
where no leadership exists, we mark it white.

50 100
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Figure 4. Visualization of the LF 1

ij Matrix
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Figure 5. LF 2

ij Matrix, support=1

We can see from the Figure 4 that only a small number
of the user-pairs indicate strong LF 1 while most others ei-
ther have low LF or remain unrelated. This implies that the
utilization of sender/receiver imbalance for leadership mea-
suring might suffer from the loss of pair-wise relationship.

Compared with {LF 1

ij}, the {LF 2

ij} matrix seems much
packed. The {LF 2

ij} discovered with support = 1 is pre-
sented in Figure 5. Meanwhile, in Figure 6, the {LF 2

ij}
matrixes under different supports are illustrated. We can
see from these figures that the pair-wise leadership relation
become looser as the support sets higher. It is because that
when the support gets high, some less frequent group lists
are filtered, which results in the loss of grouping informa-
tion while deliberating leadership. We also found from our
experiments that the acquirement of {LF 2

ij} requires higher
computational cost. For efficiency concern, we present our
experimental results using the approximation method intro-
duced in Section 2.1.2.

3.1.2 Efficiencies

In this subsection, we examine the efficiency issue for LF
measurement considering the large number of emails in a
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Figure 6. LF 2

ij Matrix with support = 5, 10
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Figure 7. Runtime for LF 2 w.r.t. different
supports

normal email corpus. As aforementioned, the LF 1 requires
low computational cost while this criterion might suffer
from the loss of pair-wise relationship. By contrast, the
LF 2 yields stronger leadership information but the compu-
tation costs much.

Figure 7(a) shows the runtime for both LF 1 and LF 2

with small support. The efficiency advantage of LF 1 is
obvious. In Figure 7(a) through Figure 7(b), the scalabil-
ity of LF 2 to the setting of support is presented. We can
see that except for the loosened pair-wise leadership matrix,
the use of low support may benefits, in terms of efficiency.
Obviously, when the support is set to 1, the LF 2measure
degrades to a brute-force method but is yet most precise.

3.2. Organizational Structure Discovery

In this subsection, we show the organizational structure
discovered from the pair-wise LF matrix obtained from
the first step of our framework. There can be various ap-
proaches for representation of the organizational structure
in an information society. One widely accepted way is the
tree-like organization chart(OC), the other way is the di-
rected acylic graph(DAG).

Comparing OC and DAG representations, one differ-
ence is in their definition of leadership singularity. In a

OC representation, there can be no more than one leader
for an entity while it is not the case in DAG. Another dif-
ference comes from their maintenance of information com-
pleteness. A DAG keeps more leadership information by
allowing one entity leaded by multiple entities. In addition,
we will see they also differs in scalability. Due to the limit
in space, we choose to present the OC representation of the
organizational structure in consistence with leadership sin-
gularity.

We ran our DOS algorithm on both {LF 1

ij} and {LF 2

ij}
measurements. The discovered OCs are presented in Fig-
ure 8(a) and Figure 8(b). For visualization and privacy
concerns, we tag the 151 Enron employee in the with
their employeeID, which ranges from 1 to 151. We also
highlight the Enron employee at certain positions such as
president or director with different colors. The president
employee is colored blue and director red.

The OC based on LF 1, in Figure 8(a), consists of three
trees. It is not surprising to see that all the three trees are
rooted at individuals whose positions are not high-level.
Note that the OC we discovered is not equivalent to the
hierarchy by positions. It is often the someone, who is not
at the top position, that coordinates the entire Corp. In Fig-
ure 8(b), the OC seems more organized and the levels of hi-
erarchy is more reasonable. Also the OC tree in Figure 8(b)
is better balanced. For OC based on LF 1, we discovered
twelve levels and for LF 2 we found five levels.

For OC based on LF 2, we present the lev-
els and corresponding numbers of entities per
level, in Table 3. We have also posted the En-
ron employeeID and corresponding positions at
”http://www.cse.psu.edu/cmla/download/positionList.xls”.
We obtained such former Enron employee status report
from [14]. Due to privacy concerns, however, some persons
or their positions are missing in the list.

levels: 1st 2nd 3rd 4th 5th
entity #: 3 25 47 56 19

Table 3. Entities per level in OC from LF 2

4 Conclusions

In this paper, we introduced a two-phase framework for
discovering organizational structure from an information
society. We proposed to use email as the resource for the
discovery of such social leadership relations. Two heuris-
tic metrics were proposed to evaluate pair-wise leadership
factors among a group of individuals. Experimental results
showed that our framework works properly on Enron Email
Dataset. Meanwhile, we addressed several issues in recon-



(a) LF 1-based OC (b) LF 2-based OC, support=5

Figure 8. Runtime for LF 2 w.r.t. different supports

structing the organizational structure of an information so-
ciety that brews plentiful extensions of our work.
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