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Abstract—Email communication patterns have been long used
to derive the underlying social network structure. By looking
at who is talking to who and how often, the researchers
have disclosed interesting patterns, hinting on social roles and
importance of actors in such networks. Email communication
analysis has been previously applied to discovering cliques and
fraudulent activities (e.g. the Enron email network), to observe
information dissemination patterns, and to identify key players
in email communication networks. In this paper we are using
a large dataset of email communication within a constrained
community (i.e. the employees of a single institution) to discover
the importance of employees in the underlying network. Contrary
to previous attempts, though, we are scrutinizing the delays in
answering emails. We base our method on a simple notion of
implicit importance: people are more likely to quickly respond
to emails sent by people who are being perceived as important.
In the paper we propose several methods for building the social
network from the email communication data and we introduce
various weighting schemes. We aggregate the resulting rankings
and compute differences between rankings to observe the stability
of our method. We also compare the resulting rankings with an a
priori assessment of employees’ importance to verify our method.
The results of the conducted experiments clearly show the validity
and robustness of the proposed method.

I. INTRODUCTION

Contemporary communication within institutions and orga-
nizations in being performed mostly using emails. In many
cases this is the preferred method of communication, strongly
favoured over other communication modes. Emails allow
people to communicate quickly without having to physically
contact the other side. Due to the overwhelming usage of
emails and the sheer volume of communication, both pro-
fessional and private, email may be perceived not as a pure
communication tool, but rather as a tool for prioritizing goals
and tasks, where one’s inbox serves as the to-do list of tasks.
This approach allows us to use email communication to study
human dynamics, behavior and social interactions.

One of the researchers to take this approach to email
communication is Albert László-Barabási. In his latest book,
”Bursts” [6], he has postulated a fascinating proposition. Ac-
cording to his theory, human behavior is mostly controlled by
the priority queues that humans create and manage internally
(and often unconsciously). For instance, a person P has a
priority queue Q for handling email communication. The
length of the queue may vary from person to person and

may depend on personal traits, but psychological experiments
suggest that the average queue length should not exceed 10
items. The arrival of emails is dictated by the specifics of
person’s profession, so without a loss of generality we may
assume that the arrival times of emails follow the Poisson
distribution. Given a set of current emails in the queue (where
each email is related to a task to be done), Barabási theorizes
that the position of each email in the queue corresponds to
the perceived importance of the task. If a new email arrives
at a given moment t, the person P evaluates the importance
of the email (in the context of the current email queue) and
places the email in the queue at the appropriate position,
pushing less important emails down the queue. Of course, this
process is unconscious and we may only observe its outcome.
Interestingly, if applied to the domain of email communi-
cation, this scenario produces a power law distribution of
email response times that is very similar to email response
distributions observed in real datasets. According to Barabási,
the phenomenon of priority lists management can be applied
to many different aspects of human activity and can account
for various power law distributions observed in practice.

We have decided to test this model and apply it to the large
body of email communication data obtained from our institute.
We have assumed that every person within our institute is
familiar with other people to the extent that allows to assess
the relative professional importance of each person. If the
model of Barabási is correct, we should be able to derive
the ranking of employees that corresponds to the perceived
importance of employees by using the data and constructing
the network of communication, where each edge represents
an email conversation of a particular weight. The weight
may represent the delay in answering, the number of other
email messages in the queue that were pushed down by
the current conversation, or simply the number of emails in
the queue at the moment of conversation. Based on these
weighting schemes we develop several local rankings ordering
the employees. Next, we aggregate these rankings and compute
distances between rankings to test their stability.

In particular, we have decided to answer the following
questions:
• Can we compute efficiently the ranking of employees?
• Is there a significant difference in rankings produced by



various edge weighting schemes?
• To which extend our ranking resembles the ranking

computed solely from employees’ university positions
(research assistants, associate professors, PhDs, etc.)?

• Do our rankings reveal interesting patterns of perceived
importance between employees?

• Do local priority queues derived from individual employ-
ees aggregate to meaningful global rankings?

The results of our experiments show that there is a strong
correlation between the perceived importance of people and
the time one takes to answer emails. Indeed, we have the
tendency to put emails from important people on top of the
priority queue. Extending individual perception of importance
by the information from other employees allows us to construct
the social network which closely models the relationships
of importance between the employees. The resulting global
ranking correctly identifies tenure professors and functional
employees (vice-director of the institute, finance director of
the institute) at the top of the ranking. At the same time,
very interesting patterns emerge (such as a very high position
of a person who was the local coordinating officer for a
large European project). We firmly believe that the presented
method can be employed in other institutions to unearth hidden
patterns and implicit importance of employees.

Our method is computationally inexpensive and requires
no prior knowledge before computing the social network. It
can be easily applied in real time and can be used both on
the server side (e.g., as a part of an anti-spam filter) and on
the client side (e.g., by enhancing the functionality of email
software). The ranking of employees computed by our method
can be used to provide additional ordering criterion to boost
productivity, to mark urgent emails that are procrastinating in
the inbox, or to provide additional insights into correspon-
dent’s importance. At the global level, the analysis of the
resulting rankings reveals the ”true” importance of employees
as perceived by the community, which, in turn, allows to
identify unrecognized influential employees as well as high
profile employees who are deemed unimportant by others.

The presented method is not without limitations. It operates
under the assumption that email communication is the primary
communication means within the organization. Though it
is often the case, individuals may exist (in particular, on
the highest levels of organizational hierarchy) who do not
employ email as communication means. Such individuals often
relegate email communication to other staff (e.g., secretaries)
and do not communicate directly with their subordinates. We
have observed this phenomenon in our dataset, where the
importance of the head of the institute was clearly transfered to
the secretary. In such cases, additional background knowledge
is required to capture such cases in the data.

The paper is organized as follows. In Section II we present
previous work relevant to our problem. Formal definitions
are introduced in Section III. We describe the characteristics
of our data set and we report on the results of conducted
experiments in Section IV. The paper concludes in Section V
with a summary and a future work agenda.

II. RELATED WORK

The literature on email communication analysis is abundant.
Probably, the most famous analysis has been conducted on
email communications within the Enron group shortly before
the outbreak of the scandal [1]. An overview of mining email
social networks can be found in [2]. An interesting system
for extracting user social network by analyzing the contents
of user’s inbox is presented in [3]. Also, previous works exist
that aim at analyzing email communication networks and using
reputation of users to fight spam [4].

Our current work is mostly influenced by the works of
Barabási, in particular, by [6], [5] and [7]. We employ the idea
presented in [6] and verify it on a real dataset, adding novel
weighting schemes and comparing various rankings, but the
main premise of the research presented in this paper is derived
from these works.

In this paper we also use rank aggregation and comparison
methods. Ranking of elements and the aggregation of partially
ranked lists has long been the subject of scientific inquiry.
A thorough introduction to rank aggregation methods can be
found in [8]. Most of the research has been conducted on
ranking search engine query results, for instance [10], [11],
[12]. Also, a significant effort has been put into developing
effective aggregation methods for full and partial ranking
lists [9]. Our work also touches upon reputation management.
This area of research has always attracted lot of scientific
attention. For a quick introduction we refer the reader to [13],
[15] and [14].

III. BASIC DEFINITIONS

In this section we introduce basic definitions used through-
out the paper and we present various weighting schemes em-
ployed for the construction of the underlying social network.
In order not to limit our approach unnecessarily we provide
definitions for a general context of users exchanging messages.

Let U = {u1, . . . , um} be the set of users. Let mt
ij denote

the fact of sending a message from user ui to user uj at time t.
Let M be the set of all sent messages. If mt0

ij ∈M∨m
t1
ji ∈M ,

we say that there was a communication between users ui
and uj . If t0 < t1 then the user uj replied to the message
sent by the user ui, which is denoted as ct1ji . In practice,
users ui and uj might have communicated several times over
different issues. Due to privacy concerns we did not have
the access to subject lines of emails, so we could not have
identified multiple instances of communication between users
ui and uj as concerning different topics. Therefore, we make
a simplifying assumption that users ui and uj communicate
sequentially using the first-in-first-out method, i.e., the first
email from ui to uj is answered by the first email from uj
to ui, the second email from ui to uj is answered by the
second email from uj to ui, and so on. In case if there are
multiple emails from ui to uj before the first response, i.e.
if mt0

ij , . . . ,m
tn
ij ∈ M then the first message from uj to ui

m
tn+1

ji ∈M ∨ t1 < ... < tn < tn+1 replies to the entire set of
mt0
ij , . . . ,m

tn
ij and this fact is denoted as ctn+1

ji .



Every reply has a delay τ(ct1ji) = |t1 − t0|. With each user
we associate a message queue which represents all messages
received by the user until time t. This message queue is
denoted as Qt (ui).

Qt (ui) = {mt′

ki ∈M : t′ < t, uk, ui ∈ U}

After being replied the message is discarded. Thus, if there
is a message mt′′

ik ∈ M : t′′ > t′ then the message mt′

ki is
removed from the message queue.

The number of messages received during the communica-
tion delay τ(ct1ji) is called the delay queue and it is denoted
as q(ct1ji) = abs

(∣∣Qt0ui

∣∣− ∣∣Qt1ui

∣∣).
Let R(ui) represent the rank of the user ui. The weight

of the communication between users ui and uj is denoted as
wij . We may perceive the weight wij as the importance of
the user uj as perceived by the user ui. In other words, it
is a vote of ui to uj . In general, wij 6= wji. Independent of
a particular weighting function, we compute the rank of the
user ui recursively by computing the ranks of all users who
communicate with ui and considering the weights of these
communications:

R(ui) =
∑
uk∈U

wkiR(uk)

Because there may be several instances of communication
between a given pair of users, each with a different weight,
we have taken an additional simplifying assumption that the
weight wij is averaged over all communications between the
given pair of users:

wij =
∑
cij∈C

w(ctij)

|{cij ∈ C}|

In our experiments we have considered the following three
weighting schemes for communication

A. Delay Factor

The weight of the response is 1/τ and if the delay τ < 8
the weight w(ctij) = 1:

wDFij =

{
1 if τ(ctij) < 8

1
τ(ctij)−8

otherwise (1)

We have arbitrarily chosen the delay of less than 8 hours
to be acceptable, i.e., if an email has been answered within
8 hours from the moment of arrival, we assume that it has
been answered instantly. The rationale behind such choice is
that people usually work in day batches and it is expected
that email messages will be answered without an unnecessary
delay, which usually amounts to the current working day.

B. Queue Number

The second scheme weights the response by the number of
messages in the queue that were answered after the response,
i.e., the weight of the response is 15 if this has been the first
message the user has answered, 14 if this has been the second
message the user answered, and so on. In this scheme we fix
the size of the message queue at 15 messages.

wQNij =

{
15− q(ctij) if q(ctij) <= 15
0 if q(ctij) > 15

(2)

C. Queue Factor

In the third weighting scheme we compute, for each mes-
sage answered, the number of preceding unanswered messages
in the queue divided by the size of the queue. This scheme
aims at identifying the conversations which interrupted the
priority queue of the user and marking them as important.

wQFij =

∣∣Qtui

∣∣− q(ctij)∣∣Qtui

∣∣ (3)

For each of the above weighting schemes we have run
the ranking algorithm in two versions: with and without user
weighting. In other words, the two rank definitions were as
follows:

R(ui) =
∑
uk∈U

wki (4)

R(ui) =
∑
uk∈U

wki
R(uk)

R(uk)2
(5)

In the next section we report on the results of the experi-
mental evaluation of our method.

IV. EXPERIMENTS

The data that we have experimented on consisted of one
year worth of email communication data within the Institute
of Computing Science at Poznan University of Technology.
The dataset describes the communication between 126 224 em-
ployees sending 637 284 email messages. The dataset has been
sanitized by removing spam messages, messages generated by
software (e.g., SVN reports), aggregating messages to/from the
same actor using different university aliases, and removing
emails with an empty sender header. In our experiments we
have assumed the basic unit of time to be 1 hour.

Figures 1a, 1b and 1c present histograms of key variables of
the dataset. As one can easily see, the distributions of sent and
received messages, as well as the distribution of the message
queue follow power law distributions with exponential cut-
offs, defined by

P (x) ∼ 1

xα
e−

x
x0

These cut-offs roughly correspond to physical limits of
email communication. For instance, there are very few em-
ployees who have a queue of unanswered emails longer than
100 messages.
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Fig. 1: Data distributions

Next, we have run our ranking algorithms on the networks
induced by the weighting schemes described in Section III. As
the result, we have received several different rankings. Firstly,
we have decided to verify the quality of rankings by perform-
ing a simple comparison. We have manually created a list of all
employees and we have mapped each employee to a particular
position within the institute (these positions basically represent
different jobs and titles, such as PhD, research assistant,
associate professor, tenure professor, etc.). Each position was
then assigned a certain amount of points proportionally to its
”importance”. For instance, tenure professors were assigned
80 points, while PhD students were assigned 10 points. People
from outside of the institute were assigned 1 point. As of the
time of the experiment the institute counted 188 employees.
In addition, employees who were occupying administrative
positions in the institute were awarded additional 20 points
for their position (e.g., vice-deans, financial director, etc.).

Given a ranking of employees, we have divided the employ-
ees into 10-element bins and we have aggregated the points
in each bin. Below we present the moving partial sums for
Delay Factor algorithm without user weighting (Figure 2) and
with user weighting (Figure 3). Results for the remaining two
algorithms were very similar. One may see that there are
no apparent differences between rankings and each ranking
produces almost strictly monotonically decreasing moving
sums. The variation in sums of points across bins may be easily
explained by the fact that some employees, who are formally
”important” (e.g., employees being tenure professors), may not
be that important in the eyes of other employees. Indeed, when
scrutinizing ranking lists of employees we have discovered that
each ranking correctly identified the most important people
in the institute (for instance, each ranking had two of our
members of the Academy of Sciences ranked within the first
5 positions). In addition, each algorithm ranked very highly
the secretary of the head of the institute (while the head of the
institute was ranked rather low, because this person uses the
proxy to communicate with the subordinates). Each algorithm
correctly identified all automatically generated communication
and assigned the weight of such communication to 0.

Because we were not sure whether any of the weighting
schemes has proven to be more advantageous than others, we

have computed simple distance measures between rankings to
see the variability of ranking results. To compare rankings we
have used two well known measures of Spearman’s footrule
distance and Kendall’s τ distance.

Given a universe U , an ordered list is a ranking r = [x1 ≥
x2 ≥ . . . ≥ xn] with each xi ∈ U and ≥ being some ordering
relation on U . The Spearman’s footrule distance is the sum
of the absolute differences between the ranks of xi over all
rankings, for all items xi ∈ U . Formally, given rankings r1 and
r2 the Spearman’s footrule distance between these rankings
is defined as DFD(r1, r2) =

∑|U |
i=1 |r1(i)− r2(i)|. After

dividing this value by the maximum value of |U |2 /2 we obtain
the normalized Spearman’s footrule distance. Analogously, the
Kendall’s τ distance is defined as the number of pairwise
disagreements between two lists. Formally, KTD(r1, r2) =
|{(i, j) : i < j, r1(i) < r2(i) ∧ r1(j) > r2(j)}|. Table I sum-
marizes the correlation similarities between different rank-
ings (where similarity has been computed directly from the
distance). We report a single value because the differences
between the two measures would not appear for less than three
digits of precision. This outcome is very promising because it
clearly shows that all weighting functions are valid and that
they capture a very similar set of data features.

V. CONCLUSIONS

In this paper we have presented a new method for assessing
the importance of users in the communication social network.
The method is based on the analysis of communication pat-
terns. In particular, we are interested in measuring the delay in
answering each message. We make the assumption that users
have an implicit ranking of the importance of other users and
that this implicit ranking can be discovered by measuring the
procrastination in answering messages (people tend to quickly
respond to messages received from other people perceived
as important). The experiments conducted on a large body
of data representing a one year of email communication
proves the validity of the proposed solution. Our methods
can successfully identify spam, mark automatically generated
messages, and cope with the fact that implicit importance
rankings may not be consistent among users.

The results presented in this paper are preliminary. As our
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Fig. 2: Delay Factor without user weighting
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Fig. 3: Delay Factor with user weighting

DelayFactor DelayFactor QueueNo QueueNo QueueFactor QueueFactor
UserWeight UserWeight UserWeight

DelayFactor 1,00 0,85 1,00 0,87 0,85 0,85
DelayFactorUserWeight 0,85 1,00 0,85 0,88 0,90 0,90
QueueNo 1,00 0,85 1,00 0,87 0,85 0,85
QueueNoUserWeight 0,87 0,88 0,87 1,00 0,88 0,88
QueueFactor 0,85 0,90 0,85 0,88 1,00 0,90
QueueFactorUserWeight 0,85 0,90 0,85 0,88 0,90 1,00

TABLE I: Similarity between rankings shown by Spearman’s ρ and Kendall’s τ .

future work we intend to verify other weighting schemes, run
surveys for users to verify their perception of the resulting
rankings, and allow the users to judge the rankings. We also
want to gather data from external organizations and to verify
if our model is universal enough to be employed in other
environments. We also plan to experiment with more complex
ranking solutions.
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