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Abstract

We consider activity-centered tasks in email, including the
novel tasks of predicting future involvement of persons from
the enterprise in an ongoing activity represented by a folder,
and a novel task where we identify email messages that are
related to a to-do item. We also evaluate the task of email
tagging to folders, where multiple choice is allowed, and an
inverse task, of finding messages relevant to a folder asso-
ciated with an ongoing project. Empirical evaluation using
real world email data, applying a graph based link analysis
method and a vector-space model, shows potential utility to
facilitate activity management in email.

Introduction

Email plays a major role as a communication tool nowa-
days, both at the the enterprise and personal levels. Email
also serves as an archive of historical information, which
can be searched ad-hoc or mined in order to support the
user’s (or enterprise) ongoing needs. A variety of email-

related tasks have been studied in the recent years that areg

aimed at facilitating email management and automatic anal-
ysis of email corpora. Example tasks include automatic find-
ing of experts at the enterpise (e.g., (Balog & Rijke 2006;
Petkova & Croft 2006)), automaic recommendation of re-
cipients for a given message (e.g., (Carvalho & Cohen
2008)), alias finding (e.g.,(Minkov & Cohen 2006)), intel-
ligent thread recovery (e.g., (Minkov, Cohen, & Ng 2006))
and more.

Naturally, email, as well as other entities at the work sta-
tion including meetings, files and directories, correspond to
different facets of underlying usectivities, which evolve
over time. Research has been conducted for automatically
classifying emails into activities (Dredze, Lau, & Kushm-
erick 2006), for activity-centred collaboration (Geytral.
2003) and for identifying threads of task activity based on
the contents of emails and documents that people are work-
ing on (Kushmerick & Lau 2005; Carvalho & Cohen 2005).
Mitchell et-al (Mitchellet al. 2006) suggest a framewaork for
automatic extraction of user activities, based on analyzing
the user’'s email, calendar, and the entire workstation con-
tent accessible via Google Desktop Search. In the work of
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Belloti et-al (Bellotti & Thornton 2006; Bellottit al. 2007),

a user interface is suggested that is adapted to activity man-
agement. Their goal is to support common activities such as
organizing a meeting, planning a trip, conducting a perfor-
mance review etc., as well as other user-defined activities.
The suggested interface, named Activity-Centered Task As-
sistant (ACTA), is designed to create an efficient personal
information management environment and provide context
metadata for machine learning and automation techniques.
For example, it is desired that relevant emails, people, and
email addresses be suggested to a user when viewing a meet-
ing related to a particular activity on their calendar.

In this paper we describe a framework for activity-
centered contextual search which can naturally complement
frameworks such as ACTA. In general, we represent email’s
content, social network and time information as well as ac-
tivities, as a structured dataset (a graph). Given this rep-
resentation, we derive a measure of inter-entity similarity
(relatedness). We apply finite graph walks to infer such a
similarity metric, where related entities that are not directly
imilar to a query are reached via multi-step graph walk. In
a previous work (Minkov, Cohen, & Ng 2006), this frame-
work has been shown to be very effective for a couple of
email processing tasks: namely, email threading and person
name disambiguation. In this paper we extend this frame-
work to represent alsactivity information?

We formalize three different activity-centered tasks in
email as search queries, and evaluate their performance us-
ing authentic data drawn from the Enron corpus. The first
task considered is predicting which persons from the enter-
prise will become involved in an ongoing activity in the fu-
ture. While this task is somewhat related to the task of expert
finding, predicting person-activity linkage is more challeng-
ing, as it involves the dynamics and variance of an activity.
Second, we consider the task of foldering email messages to
folders which denote an activity or a project, and vice versa.
While foldering has been studied in the past, linking a folder
to untagged messages is novel. Finally, we present prelimi-
nary results for another novel task, where givea-do task,
we retrieve additional messages that are also related to the
same to-do item.

!In this paper, we sometimes use the word task with the same
meaning intended.
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folders often relate to distinct projects, or to recurrent activ-
ities (e.g., travel). Folders are linked to messages directly in
practice, which motivates the link structure in Figure 1.

The second form of an activity considered in this paper is
to-do items. We define these to be instances of short-term
tasks, such as setting up a meeting, writing a report etc. In
this case, we assume that the to-do items are linked directly
to to one to more relateshessage node. (an interface such
as ACTA encourages the user to establish such direct links
(Bellotti et al. 2007).) Links between messages that were
not explicitly tagged and the relevant tasks can be inferred
via similarity to other messages, for which the relevant todo
item is known.

Given a graph that represents an email corpus as well
as activities, and a measure of inter-entity similarity in the
graph, various tasks can be phrased in terms of queries,

Figure 1. The suggested graph schema for representing within a retrieval framework.

email entities and activities.

Activity-centred Search

As an alternative to the graph walk paradigm, we compare |, s section, we first give a short description of the simi-
against a vector-space model, whe_r(_e an entity is described bylarity measure based on graph walks (Minkov, Cohen, & Ng
a summary of the messages that it is related to, as has beerygpg). we then describe an alternative similarity measure

suggested in similar settings (Mitchetlal. 2006). Given a

in the vector-space, similarly to the approach suggested by

similarity measure, we apply a mechanism of search, where \itchell et-al (Mitchellet al. 2006).

related items are ranked by their similarity to a query.

Following are relevant definitions and notations. A graph

The paper proceeds as follows. We first describe the  consists of a set of nodes, and a set of labeled directed
schema used for representing email data and activities. We edges. We denote graph nodes by letters such gsor z,

then provide a short overview of the similarity measures ap-

plied, including the graph walk based measure. The next
sections present the tasks evaluated, the experiments con
ducted and their results. The paper concludes with a discus-

sion of the results and future directions.

Email and Activity Representation

and an edge from to y with label ¢ asx N y. Every
nodex has a type, denoted(x), where the graph scheme
includes a fixed set of possible node types. For example, the
graph scheme described in Figure 1 refers to six different
node types, denotingessage, term, person, email-address,
date andactivity entities.

Similarity between two nodes in the graph is defined by

We model email as a heterogenous graph, where nodesa weighted graph walk process, where an edge of tyige

denote typed entities, incudingiessage, person, email-
address, date andterms. The suggested schema is described
in Figure 12 In the graph, nodes are interconnected with di-
rected edges, which are typed. For exampleessage can

be linked to aperson node with a relation ofent-to, sent-
from etc. (Minkov, Cohen, & Ng 2006). For every edge,

assigned an edge weight determined by its type, The
probability of reaching nodg from nodex over a single
time step,Pr(z — y), is defined as the weight of their
connecting edgé);, normalized by the total outgoing weight
from z. Given these transition probabilities, and starting
from an initial distributionV; of interest (aguery), we per-

there exists an inverse edge, in the opposite direction (the form a graph walk for a finite number of steps Further,
inverse edges are omitted in Figure 1). That is, the graph at each step of the walk, a proportignof the probability

is highly connected and cyclic. In this representation, it is
straight-forward to include related entities from the desktop,
such asmeetings (Minkov & Cohen 2006). In this paper,
we addactivity entities to the graph schema, as described in
Figure 1. Namely, we draw a direct link between an activity
to the emailmessagesthat it is related to.

In this paper, we refer to two representations of an ac-
tivity. First, we consider user-created emialiders. While
not all folders pertain to a coherent activity (for example,
a “sent-items” folder holds an eclectic collection of emalil

mass at every node is emitted. Thus, this model applies ex-
ponential decay on path length. The final probability distri-
bution of this walk over the graph nod€s, is computed as
follows: R = -F | ~/V,M', whereM is the transition ma-
trix.* The answer to a queryy, is a list of nodes, ranked by
the scores in the final distributiaR. Given the resultank,
it is straight-forward to filter the ranked list, to include only
nodes of a specified node typge

Various tasks can be phrased in terms of the described
similarity measure. For example, the taskfoldering is

messages), folders are often used to tag a collection of mes-phrased a query, where the initial distributidr, consists

sages related by an underlying activity. For example, email

2Entities of type email-address are modelled similarly to enti-
ties of type person. They were omitted from the figure for clarity.
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%In this paper, we consider uniform edge weights.
“We tunek empirically, and sety = 0.5, as in (Minkov &
Cohen 2007).



of the entity denoting theessage of interest, and the results User Snapshop date # Messages
are filtered to include the related nodes of type=folder. Kaminsd.V Feb 1st, 2001 1,193

A different approach previously suggested in the personal E?tCkHS . gCt 118tf 22%%% 11’3())36‘:3
information management domain (Mitchetlal. 2006) is F;ﬁrzrnb JueI)F/) 1;’2000 741
to model the various entities using word distributions. In . :
this approach, the word distribution assigned to an email- Table 1: Corpora details
address, for example, is the sum of the word distributions for
each message sent by, and received by that email-address. . ]
Note that according to the schema described in Figure 1, all Carvalho & Cohen 2008). In this work, we consider a novel
of the entity types have a direct link to related messages. We and more ambitious task, where we seek to predict persons
will therefore represerdctivity entities in the same fashion, ~ that are likely to getinvolved in an ongoing project activity,
that is, as a summation of the word distributions correspond- represented by a folder in an email corpus. While finding
ing to the messages that they are known to be related to. The experts and recommending recipients relies on evidence ob-
similarity of two arbitrary entities can be estimated by the Served in the past, the prediction of future ivolvement of per-
dot product or cosine similarity between their word distribu- sons from the enterprise in an ongoing project may depend
tion vectors. In this paper, a TF-IDF weighting scheme is 0n the dynamics of the project and other factors that are un-

applied to all word distributions. known within the email corpus alone, and possibly hard to
predict in general. Nevertheless, it is reasonable that some
Corpora of the people that will get involved in a project can be pre-

dicted based on observed email correspondence. The task of
person prediction, or recommendation, for an activity may
be valuable to an organization, as it may promote early in-
volvement of relevant individuals in a project. In the exper-
iments conducted we are interested in evaluating the utility
of person prediction for an ongoing activity, using authentic
data drawn from the Enron corpus.

More formally, in the person-activity prediction task we
are given a folder that is associated with a project activity as
a query. The entities retrieved are of tygeail-address. We
assume that the email messages in the folder provide textual
and social network evidence, which allows the prediction of
persons likely to get involved in the project in the future. As
~described earlier, we consider a snapshot of an email corpus

at a particular point in time. Predictions are evaluated based
on the email traffic that took place later in time.

Two corpora are used in the experiments.

The Cspacecorpus contains email messages collected
from a management course conducted at Carnegie Mellon
University in 1997 (Minkov, Wang, & Cohen 2005). In
this course, MBA students, organized in teams of four to
six members, ran simulated companies in different market
scenarios.

TheEnron corpus is a collection of mail from the Enron
corpus that has been made available to the research com-
munity (Klimt & Yang 2004). This corpus can be easily
segmented by usérTo eliminate spam and news postings
we removed email files sent from email addresses with suf-
fix “.com” that are not Enron’s; widely distributed emalil
files sent from addresses such as “enron.announcement
or “enron.chairman” at “enron.com”; and emails sent to
“all.employees@enron.com” etc. Text from forwarded mes-
sages, or replied-to messages were also removed from theExperimentaI Setup
corpus. In deriving terms for the graph, terms were Porter-
stemmed and stop words were removed.

In this paper, we consider the saved email of four differ-
ent users. Each of the individual user's mailbox are trun-
cated up to a particular point in time (individual to each

We evaluate this task for a total of seven folders, drawn from
the Enron corpus, that are associated with project activity.
Table 2 details the folder names and the relevent user name,
the number of messages maintained under the subject folder
in the corpus,the number of persons that are already associ-

user, to adapt to their individual periods of activity). The d with th i the fold dth f b
mailboxes include foldering information, as created by the ated with the messages in the folcer, and the overall number
of persons that known in the whole corpus of the user.

users. For each folder, up to 80 most recent messages are in th . is defined h d
maintained. That is, for each user we consider a snapshot " the exhperlmben&s,l(? queré/ 'S" ? 'Ee as the nfo € rep-
of his or her mailbox, where history is limited. The relevant resglrltlgg the subje E der, an ﬁ oft ﬁ enﬂ;uesdo htype
corpora statistics for the four users are presented in Table 1. SMall-addressare ranked using the graph walk and the vec-
tor space models. Only addresses which are have not ap-
Person-Activity Prediction peared in the subje_ct folder prior to the snapshot time stamp
i ) are considered valid answers. We apply a graph walk of
There has been much interest recently in the task of ex- ;. — 4 steps, using uniform edge weights. We apply the
pert finding using an enterprise email corpora (Balog & yector space model using both dot-product and cosine sim-
Rijke 2006; Petkova & Croft 2006). A somewhat simi- jiarity, where we compare the TF-IDF weighted word dis-
lar task studied is finding relevant recipients for a given ipytion representing the folder with the distributions that
message or a meeting invitation (Minkov & Cohen 2006; {escribe each of the relevant email-address entities.

*Specifially, we used the “altlocuments” folder, including both ’In general, in every folder we consider the latest 80 messages
incoming and outgoing files. (where applicable). This allows both efficiency in maintaing email

5The Enron processed corpora as used in this paper are availablehistory, can possibly avoid bias towards larger folders, and also
from the first author upon request. keeps the corpus up-to-date.
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Folder User #Known  # Targets | Folder # Answers | Cosine  DP  GW]]
London Kamniski.V 111 611 London 19 0 0 1
Europe Beck.S 144 635 Europe 33 0 0 1
Portland Kitchen.L 106 552 Portland 25 6 5 2
East-power 156 East-power 14 1 0 3
Mexico 49 Mexico 9 0 0 0
CES Farmer.D 55 336 CES 13 0 0 0
Wellhead 38 W&llhead 9 2 0 1

Table 2: Person-activity prediction: Datasets’ details Table 3: Person-activity prediction results: Recall at 10

| Folder # Answers | Cosine  DP  GW]|
Results Condon 19 0 0 1
It is reasonable that a user be presented by the recommend- Europe 33 0 0 1
ing system with a relatively short ranked set of email ad- Portland 25 7 7 3
dresses (or names). We therefore evaluate performance in East-power 14 1 0 4
terms of recall at the top ranks. Recall is measured by Mexico 9 0 0 2
the number of email-addresses that indeed appeared in the CES 13 0 0 0
folder later in time. The number of correct answers is also Wellhead 9 2 0 1

specified (referred to as “Answers” in the tables). Table 3  Table 4: Person-activity prediction results: Recall at 20
and Table 4 give the recall at the top 10 ranks and the top
20 ranks, respectively. Results are given for the TF-IDF

weighted vector-space model using cosine similarity (Co- In this work we consider a related task. We are interested
sine) and dot-product similarity (DP), and for the graphwalk in a scenario where a user may be interested in associating a
method (GW). message tonultiple folders relevant. (Multi-tagging is sup-

It is shown that the graph walk method gives the best per- ported, for example, of the populgmail application.) For
formance in three out of the seven examples and cosine sim- example, a user may be interested in tagging a message both
ilarity is perferable in two of the cases, considering the top with the relevant project folder and with a general “recruit-
10 results. Within the top 20 ranked results, the graph walk ing” folder. Unlike previous works, which classified emalil
is preferable for four of the folders, where cosine similar- messages to the relevant folder, we approach this task as a
ity gives better results for two of the folders. Dot-product ranking problem. Suggesting a ranked list of folders to the
is inferior to cosine similarity in all cases. Interestingly, the user supports multiple choice, where it is desired to have the
graph walk predicts at least one person per folder within the most relevant folders placed at the top of the list. We eval-
top 20 predictions, whereas the cosine similarity is success- uate the performance of the graph-walk framework for this
ful at prediting correct persons in only three out of the seven task, and compare it to TF-IDF.
examples. For th€ESfolder, no correct prediction is found In addition to the foldering task, we also consider in this
within the top 20 ranked results. paper thenverse problem, where the goal is to retrieve mes-

Overall, the results indicate that it is possible to predict sages that are most relevant to a given folder. Consider a
future involvement of persons from the enterprise in an on- scenario where a user tags most messages with the relevant
going activity to some extent. Consider that our form of folder, but happens to skip some messages. Once this user is
evaluation is strict, and it is possible that email-addresses interested in retrieving a specific mistakenly untagged mes-
(persons) predicted, who have not in fact appeared in the sage, he will not be able to find it in the relevant folder. The
folder later in time, are also relevant and may be useful to a task of folder-message ranking can be useful in such set-
user. Interms of the methods applied, we consider the cosine tings, as well as in the general case, where messages related
similarity and the graph walk to give roughly comparablere- to a particular activity are sought, while they may have been
sults. A potential advantage of the graph walk is that it can associated to other folders. To our knowledge, this task has
readily provide an explanation about the project-person re- not been studied previously.
lationship in the corpus. Namely, the primary paths leading
from a folder to a person, including the traversed relation Experimental Setup
types, can be presented to the user. An explanation mecha-|, yhe experiments, we use the Enron corpora described in
nism should be useful in motivating recommendations to & Tapje 1. In order to evaluate the foldering task, we consider
user who is reasonably familiar with the corpus. the consequent “future” messages in each folder (past the

. . corpus snapshot date). A query is defined as the message of

Email Foldering interest, and entities of tygdelder are retrieved. In the graph

The foldering task (Henderson 2005) has been considered in representation, the test messages are linked to all of the enti-
the past. Previous works have shown good performance us-ties in the graph (persons, email-addresses, terms etc.) that it
ing algorithms such as TF-IDF (Segal & Kephart 2000) as relates to. The test messages, however, are not linked to their
well as Naive Bayes, MaxEnt and SVM (Bekkerman, Mc- corresponding folder. The folder nodes are reached by the
Callum, & Huang 2004). In all of these works, the goal was multi-step graph walk. In the vector space, we compute the
to classify an email message to a single relevant folder. cosine as well as dot-product similarity of the TF-IDF vec-
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Folder User # Test msgs | Folder #Targets | Cosine  DP  GW/|
Conferences Kaminski.V. 10 Conferences 33 0.79 041 056
Resumes 10 Resumes 33 085 0.72 0.60

London 10 London 33 0.95 0.90 0.90

Sanford _ 8 Sanford 33 1.00 094 0.81
Congratulations  Beck.S 5 Congratulations 89 0.47 027 053
Recruiting 10 Recruiting 89 0.88 073 0.83

Europe . 10 Eurape 89 1.00 055 0.53

HR Kitchen.L 10 HR 32 0.58 0.17 0.90
East-power 10 East-power 32 095 050 0.95
Wellhead Farmer.D 10 WEllhead 16 0.76 0.69 0.79

Table 5: Foldering: Datasets’s details Table 6: Foldering: Results (MAP)
| Folder # Targets | Cosine  DP  GW |
tors which represent the test message and each of the fold- Conferences 779 0.34 015 0.04
ers. Since in the Enron email corpora a message is attached Resumes 779 0.34 0.08 0.01
to a single folder, the actual folder assigned to a message is London 779 0.35 0.08 0.29
considered as a single correct answer for each query. Sanford 832 099 012 0.13
The inverse foldering problem is addressed in a similar Congratulations 1070 037 002 013
fashion. In this case the folder forms the query, and all of Recruiting 1070 0.50  0.09 0.80
the test messages pertaining to the folder are the correct an- Ellgope 18% 8'% %%56 85023’
swers. Table 5 details the folder names and the relevant user East- ' ' '

. ; . power 555 097 043 0.63

name included in the experiments, as well as the number of W&l lhead 1005 060 009 0.10

test messages per each folder.

Results

Table 7: Folder-message ranking: Results (MAP)

The results are presented in terms of mean average precisionthat need to be merged together. He clicks on that to-do item

(MAP). In the case of foldering (Table 6), performance is
very good. The TF-IDF cosine similarity measure gives the

to get a ranked list of email messages that might be relevant.
We assume that a user creates a to-do entry, once he or she

best results in six of the ten examples. The graph walk is receives (or sends) a related email message. In particular, the
superior in other three instances. Also in this case, the cosine user interface and data structure of ACTA supports such an
similarity measure performs better than dot-product. This operation. Recall that the to-do entities are represented as an
suggests that document length normalization contributes to activity, according to the representation schema described in

performance.

The results of the inverse folder-message ranking task are
presented in Table 7. The table also details the number of
targets; i.e., the number of messages that are valid candi-

Figure 1. Given a particular to-do activity, we are interested
in the retrieval of additional email messages pertaining to it.
We will next present preliminary results for this task.

dates (excluding the messages that are already attahced tdExperimental Setup

the folder). For this task, the cosine similarity measure gives
good performance. The performance of the dot-product sim-
ilarity is far behind its cosine counterpart. The performance
of the graph walk in this case is inconsistent, yielding the
best performance for two of the examples, and failing for
others. Random sampling of the results show some bias to-
wards long messages. This fact, together with the gap be-
tween the cosine and dot-product suggest that length nor-
malization is a key factor in these settings.

Linking “to-do” Items to Messages

In this task, we are interested in the retrieval of messages rel-
evant to a givemo-do item. As defined earlier, we consider a
to-do item to be as a short-term task, similarly to the concept
of activity in ACTA (Bellotti & Thornton 2006). Examples

of to-do items are given in Table 8. As further illustration of
the task, consider the following scenario: Joe has an entry
on his to-do list labeled 'financial information preparation’,
but has forgotten where he filed the emails containing the
directions for preparing his budget and the budget requests
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In the experiments, we use the CMU Cspace corpus. We
annotated the email messages of one of the users, including
a total of 156 messages, sent and received over a period of
three months, with the implied to-do tasks. Overall, 127
action items have been identified, where an email message
can be assigned multiple to-do items (or none). Example
to-do items are given in Table 8.

Given anactivity node representing a task, our goal is to
retrieve the email messages that are related to the sane task.
Inthe graph, a task is linked directly to a single related email
message. Links have been also added between chronolog-
ically ordered date nodes in the graph, in order to model
temporal proximity. A graph walk ok = 5 was applied
in the experiments. We compare against a cosine similar-
ity model, where similarity is computed between a TF-IDF

8Note that a to-do task is considered here as a specific instance
of a possibly general task. For example, organizing a group meet-
ing on a particular date, as illustrated in Table 8. Per this example,
only messages which refer to this specific meeting are considered
as correct answers.



meeting Sunday 2pm ] bly for some of the tasks, suggesting that their combination
Enangml mfprmatlgn prepargtlo may lead to further gains in performance. A TF-IDF co-
rgv?éwmfféﬁlgt atricgniqn?ci?rgatio sine similarity measure performed preferably in retrieval of
P . P messages related to a folder from a large corpus, due to doc-
enter data to file o L '
ument length normalization. A similar mechanism can be
Table 8: Sample to-do tasks embedded.m the g_rgph walk framework. .The graph. walk
framework is beneficial in tasks where social network infor-
mation plays a primary role, as is the case for the last task

gvv\\//,\lj g'gs studied. In the future, we would like to implement the tasks
TF-IDE-1  0.49 described here in a task-centred interface such as ACTA.
TF-IDF-2  0.33 A user is encouraged to link tasks directly to relevant per-

sons, dates and so on in the ACTA activity-centred interface,
Table 9: Linking to-do items to messages: Precisionat5 Which should lead to improved contextual retrieval.
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