Email Task Management: An lterative Relational Learning Approach

1

A large proportion of every-day information comes to us
in the form of natural language text, with email being one
Many people spend significan
amounts of time handling their email, and email overload i
becoming a critical problem [Whittaker and Sidner, 1996].

of the biggest sources.
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Abstract

Today's email clients were designed for yes-
terday’'s email. Originally, email was merely
a communication medium. Today, people en-
gage in a variety of complex behaviours using
email, such as project management, collabora-
tion, meeting scheduling, to-do tracking, etc.
Our goal is to develop automated techniques to
help people manage complex activities or tasks in
email. The central challenge is that most activi-
ties are distributed over multiple messages, yet
email clients allow users to manipulate just iso-
lated messages. We describe machine learning
approaches to identifying tasks and relations be-
tween individual messages in a task (i.e., find-
ing cause-response links between emails) and for
semantic message analysis (i.e., extracting meta-
data about how messages within a task relate
to the task progress). Our key innovation com-
pared to related work is that we exploit the rela-
tional structure of these two problems. Instead
of attacking them separately, in our synergis-
tic iterative approach, relations identification is

used to assist semantic analysis, and vice versa.

Our experiments with real-world email corpora
demonstrate an improvement compared to non-
relational benchmarks.

Introduction and Background

S
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where users engage in a variety of compéetivities or
tasks Examples include meeting scheduling, using email
for reminders and to-do lists, e-commerce transactions,
project management and collaborative work. In many
cases, email serves as the primary interface to one’s work-
place. However, email clients offer little support for this
activity oriented use of email. Email programs are still
designed mainly to manipulate individual messages. As
a result, their advanced features in automated email man-
agement are confined to filtering individual messages, and
simple message threading.

Our goal is provide task support in email that would help
users to manage their email-based activities more effec-
tively. In many cases, such activities manifest the user’s
participation in various structured processes or workflows.
Such processes are represented in emairoyps of re-
lated messagesvhere each message can indicate some
change of the process status. We are interested in being
able to recognise such tasks in email, organise messages
within a task, and track the task progress.

For example, a consumer purchasing from an e-commerce
vendor may receive emails that describe the current status
of the transaction, such as order confirmation, notification
of shipment, information about shipment delays or cancel-
lations. A manager may receive a series of messages about
hiring a new candidate, such as application documents, re-
minders about upcoming interviews, references, and deci-
sion notifications. A single user may be involved in many
such activities simultaneously.

A task-oriented email client would allow the user to man-
age activities rather than separate messages. For instance,
one can envisage the user being able to quickly inquire
about the current status of unfinished e-commerce transac-
ﬁons or check the outcome of recent job interviews. Some
process steps could be automated, such as automatically
sending reminders for earlier requests. Similarly, the email

One of the reasons for this problem is that emailclient could remind the user when her/his input is required
has transformed over the years from a communicain some activity or prominently notify him when an ex-
tion media for simple message exchange, to a “habipected document arrives in a high-priority task.

tat” [Ducheneaut and Bellotti, 2001] — an environment



Previous work in this area has mainly focused on two distology of “email speech acts” Examples of such speech
tinct problems: finding related messages and semantic meacts are “Propose meeting”, “Deliver information”, etc.
sage analysis. The goal ihding related messagésto  Similar problem has also been tackled in [Horvitz, 1999],
group email messages into tasks — i.e., sets of messagashere a calendar management system is described based on
reflecting the user’s participation in some process or work<classifying and extracting information from emails having
flow and, possibly, to establish conversational links be-to do with meeting requests.

tween messages W'th'_n a task. Note that tgsks need n%e make the following contributions: (1) We investigate
correspond to threads: a task can have multiple conversa-

tion threads, and a thread can be related to several taskzsﬁ\éera;IOrSeit:odesn:gzllsd?:tt(l)fygsgkrseIaw;suzithﬁ?wzis?gss
Specifically, ‘In-Reply-To’ headers may not reflect the cor- grouping ' P

rect relations between messages in a task, since users oftBpo°c similarity to find potentially related messages, and hi-

use the ‘Reply’ button to start a new conversation, o ne_erarch|cal agglomerative clustering [Willet, 1988] is used

. o S . ~to group messages into to tasks. We extend the message
glect to use it when continuing an existing conversation.

Likewise, organising emails into folders can be orthogonals!mllarlty function to take into account not only the textual

to tasks. For instance, users may have a single folder fOsrlmllanty between messages, but also the available struc-

i tured information in email, such as send dates, and mes-
urgent messages (often the Inbox), while these messages . : .
; sage subjects.(2) We propose a relational learning ap-

can be from different tasks. . X

proach [Neville and Jensen, 2000] to email task manage-
Semantic message analy$isolves generating metadata ment that uses relations identification for semantic message
for individual messages in a task that provides a link be-analysis and vice versa. In particular, we investigate how
tween the messages and the changes in the status of the a) features of related messages in the same task can assist
derlying process, or the actions of the user in the underlywith classification of email speech acts, and how (b) infor-
ing workflow. For example, a message can be described anation about message speech acts can assist with finding
an e-commerce order confirmation, a meeting proposal, arelated messages and grouping them into tasks. Combin-
a delivery of information. Of course, such semantic analing these two methods yields an iterative relational algo-
ysis requires making assumptions regarding what actiongthm for speech act classification and relations identifica-
are available to the user in an activity, what state transition. (3) We evaluate our methods on real-life email.

tions are possible in a process, etc. Notice, however, thalthe rest of the paper is organised as follows: Sec. 2 de-
such assumptions would not actually limit the user — they : '

) . . . scribes the email corpora used in this study and introduces

would exist only in the email client program to provide the p : » ;
. ; the “email speech acts’ the semantic metadata that we
advanced task-oriented functions. .
use; Sec. 3 presents the overall approach and formulates the

Our work is based on the idea that related messages in specific problems that we address; Sec. 4, 5, and 6 describe
task provide a valuable context that can be used for semarur three main contributions; finally, Sec. 7 concludes the
tic message analysis. Similarly, the activity related metapaper with a discussion and outlook at the future work.
data in separate messages can provide relational clues that
can be used to establish links between messages and sup- Email Corpora
sequently group them into tasks. (See section 3 for more

detailed motivational examples). Instead of treating these i, ,gh email is ubiquitous, large and realistic email cor-
two problems separately, we propossyaergetic iterative o5 are rarely available for research purposes due to pri-
approachwhere identifying related messages is used to as\'/acy concerns. We used two different real-world email cor-

sist semantic meszage ar|1aly§|s anlf _wcre] versa. Ol:r _ke?/] 'Bora for our study. Unfortunately, the need to manually an-
hovation compared to related work is that we exploit the,a1e emails has limited both the number of email corpora
relational structureof these two tasks. used in our study and the size of each corpus.

There _ha§ been substantial research recently on automgiye grg corpus contains messages that resulted from in-
ically finding related messages [Rhodes and Maes, 2000}, 5 tion between users and online e-commerce vendors
sorting messages into folders [Crawford et al., 2002], an({Kushmerick and Lau, 2005]. It contains messages from

extracting a set of related messages (a task) from emall, \endors: half.com, eddiebauer.com, ebay.com, freshdi-
given a seed message [Dredze etal., 2004]. Also, sever ct.com, amazon.com and petfooddirect.com. These mes-

email tools have been proposed that try to utilise this 'nfor'sages reflect the user’s participation in online auctions and

matloq to help users manage their email [Windograd, 1987|0urchasing of goods in online shops. The corpus contains
Bellotti et al., 2003]. 111 messages from 39 business transactions. Examples of
For semantic message analysis, [Cohen et al., 2004] préhe messages include confirmations for online orders, ship-
posed machine learning methods to classify emails accordnent notifications, and auction bid status. Obviously, most
ing to the intent of the sender, expressed in a verb-noun orpf these messages were automatically generated by the ven-
dor’s software. The messages in this corpus were manually



grouped into email tasks corresponding to different trans-|  1: |dentify initial relations (Problem 1)
actions and annotated with the task labels. I2: Generate initial speech acts (Problem 2)
00
The second corpus used in our study, the PWCALO cor- SF:) Use related emails in the same task to clarify speech
pus [Cohen et al., 2004], was generated during a four-day| acts (Problem 3)
exercise conducted at SRI specifically to generate an email ~ 4: Use speech acts to clarify relations between messages
corpus. During this time a group of six people assumed en(dplrgg:)em 4
different work roles (e.g. project leader, finance manager,

r rcher) an rform number of activities. . . . .
esearcher) and performed a number of activities Figure 1: Iterative relational learning approach to task man-

Each email has been manually annotated with two typeagement.

of labels. The first type of labelling groups messages

into tasks corresponding to separate conversations and es-

tablishes the links between messages similarly to the ‘In-

Reply-To’ header, except that in our case the links are sein a non-relational approach, we would use the content of
mantic. That is, even if two messages do not have the ‘Ina message to assign speech act labels to this message. Sim-
Reply-To’ header that links them (in fact, none of the mes-larly, we would use some content similarity between mes-
sages in our corpus had such headers) or they have diffegages to decide whether these messages are related (and,
ent ‘Subject’ headers, but are semantically related, they argence, belong to the same task).

Ilan:ed toge;helr. One message becomes the ﬁaufse of e 4 relational approach to speech act classification, we can
other, and the latter message Is a response to the former. .o o the message content and features of the related

The second type of annotation for this corpus represents th@essages from the same task. More specifically, we pro-
messages semantics. In particular, each message has b@@se to use the message content and the speech acts of re-
annotated according to the intent of the sender, expresséated messages for deciding on speech acts of the given
in a verb-noun ontology dfemail speech acts” The on- message. For example, if a message is a response to a
tology consists of verbs, such as “Propose”, “Request’meeting proposal, then it is more likely to be a meeting
“Deliver”, and nouns, such as “Information”, “Meeting”, confirmation or refusal, and this additional evidence can
“Data”, “Opinion”. The details of the annotation ontology be combined with information obtained from the message
for this email corpus are presented in [Cohen et al., 2004]content. Similarly, we can use messages’ speech acts to im-
Each speech act is composed of a verb and a noun. Exarfrove relations identification. For example, if the suspected
ples of such speech acts are “Propose meeting”, “Deliveeause message is classified as meeting proposal and the sus-
information”, etc. A message may contain multiple acts.pected response message is classified as meeting confirma-
For the purposes of this study, we use only the 5 most fretion, they are more likely to be related, than a pair where a
quent verbs, giving us 5 different speech acts: “Propose”fequest follows a confirmation. Therefore, we can identify

“Request”, “Deliver”, “Commit”, and “Amend”. the following four problems:

To perform experiments in relational learning, we needProblem 1. Identify relations between emails using con-
to ensure that our training and testing sets are unrelatedent similarity only (i.e. without using messages’ speech
So, we generated two independent email sets from thé&cts);

P\.NCAII‘lO cor.lpus. The first cpr%ust,), called “Us.e.r 1", con- proplem 2 Classify messages into speech acts (seman-
tains all emalls sent or received by one participant (16Otic message analysis) using the messages’ content features

emails in total). The second corpus, called “User 2, con-oy (i e without using information about related messages
tains all emails sent or received by another participant ban the same task);

not received by the first one (33 emails in total).
Problem 3: Use the identified related messages to improve

. the quality of speech acts classification for a given mes-
3 Problem Decomposition sage;

. . . . Problem 4; Use the messages’ speech acts to improve
The idea behind our approach is that related messages in & ntificati : ; )
. identification of relations (links) between emails.
task provide a valuable context that can be used for seman-
tic message analysis. Similarly, the activity related metaThe outputs from these four problems can then be com-
data in separate messages can provide relational clues thazihed into a synergetic approach to task management based
can be used to establish links between emails and groupn an iterative relational classification algorithm illustrated
them into tasks. Instead of treating these two problems sepn Figure 1. The presented algorithm can be viewed as the
arately, we propose an iterative synergetic approach basgatocess of iterative re-assignment of speech act and relation
onrelational learning where task identification is used to labels and is similar to theollective classificatiomproce-

assist semantic message analysis and vice versa. dure described in [Neville and Jensen, 2000].



In this paper, we investigate possible approaches to soltering algorithm to produce a small number of large clus-
ing Problems 1, 3, and 4. For solving Problem 2, weters with several tasks per cluster resulting in a higher task
use the standard text classification methods with bag-ofidentification recall but lower precision (see below for def-
words document representations which have been evalinitions of precision and recall in this case). To address
ated already in [Cohen et al., 2004]. Finally, we combinethis problem, we run the HAC algorithm recursively on
the proposed methods into the iterative classification algothe clusters obtained after the top-level clustering, i.e. we
rithm and evaluate its performance. sub-cluster them. Note, that the stopping criteria for each
such sub-clustering is calculated within the given cluster,

4 Finding Related Messages (Problems 1, 4) not corpus-wide.

SC, TRW: Because different tasks may use different termi-
Grouping messages into tasksOur approach to grouping nology, it may be possible to improve sub-clustering, if we
email messages into tasks is based on a hierarchical agdjust the term weights to reflect their importance within
glomerative clustering (HAC) algorithm [Willet, 1988]. A the given sub-cluster. To do this, we calculate IDFs within
HAC algorithm requires a similarity function between mes-the given top-level cluster and then multiply the corpus-
sages. The algorithm starts with each message assignedfide IDFs by the cluster-specific IDFs. We call this modi-
a separate cluster and then keeps merging pairs of clustefigationterm re-weighting
until some threshold condition is met. The two clusters
merged at each step are selected as the two most simil
clusters. We use the complete link method, where the simi

larity of two clusters is given by the smallest pair-wise sim- = > o
identification recall (see below for definitions of precision

ilarity of messages from each cluster. To derive the stop-

ping condition for clustering, we calculate the average pair2nd recall in this case). We propose to use a sub-clustering

wise similarity for all messages in the email corpus. ThethreShOId to preve_nt this. For each top-_leve_l clu_stgr, we
“density” as the average pair-wise similarity

clustering stops when the similarity between the two mos,PaICUIate Its

similar clusters becomes less than the corpus-wide averadi$Ween messages in that cluster. We then calculate the
similarity. average density and only sub-cluster the top-level clusters

with a smaller than average density.

The clustering performance depends crucially on the simi- 4 th . hod both th
larity function. For text clustering, it is usually defined us- We compared these various methods on both the e-

ing the TF/IDF-based cosine similarity measure. In case of °MMerce corpus and the free-text PWCALO email. To

email, however, we have additional structured information €valuate our algorithm, we must compare the exiracted

such as the message subject and send date. We prop&géks with a set of human-annotated tasks. Because there

here the following modifications to the similarity function may .be different "“,JT“bef of ta§!<s In each case, we can-
and the clustering method itself. not simply use traditional classification performance mea-

sures evaluating the agreement between two task labellings
Cos, S:The similarity is defined as the TF/IDF cosine sim- for a given data set. Instead, we must compare two clus-
ilarity between message texts. However, the terms appeaferings: one is generated by our clustering algorithm; the
ing in the subject are given a higher weight. The idea is thabther one (the correct clustering) is defined by a human
people usually try to summarise the content in the subjecinnotator who partitioned emails into tasks. To compare
line and, hence, subject terms are more important. two clusterings, we use precision and recall measures as
defined in [Kushmerick and Hel3, 2003]. Consider all pos-

larity with time decay The idea is that messages from the sible pair-wise combinatio_ns of messages in a given corpus.
same task tend to be sent around the same time. Therk€ta be the number of pairs of messages that are correctly

fore, two messages with a large send time difference argssigped to the same task (where the cor_rect assignments
less likely to be in the same task. We use the following for-8r€ given by the human.—generated glusterlng)b loe _the
mula; Sim (mi, ms) = Cosine_Sim(ma, ms) * exp(—a * number of message pairs that are incorrectly assigned to
. bl - - ) .
Norm_time_diff (m1, ms), where Cosine_Sim is the co- the same task; and letbe the number of message pairs
sine message similarityVorm_time_diff (m:, ms) is the that are incorrectly assigned to different tasks. The cluster-

time difference between messages divided by the maxind Precision is defined as/(a + b), recall asa/(a + ),
mum time difference, and is a decay parameter. and F1 is their harmonic mean. Tables 1 and 2 present the

corresponding results for different modifications to the al-
Cos, S+T:This method combines the subject-based mesgorithm as described above.
sage similarity with time decay (hopefully, combining the
benefits of the two previous methods).

+Thr, TRW: Sub-clustering all top-level clusters in-
discriminately may result in some single tasks being split
across multiple clusters. This would result in a drop in task

Cos, T: The similarity is defined as the cosine text simi-

The results show the importance of the additional features
used in the message similarity function. In particular, we

SC: The average similarity between messages in largean see that taking into account the time difference between
email corpora is usually very small. This causes the clus-



Method Precision| Recall | F1 Method | Precision| Recall| F1

Cos 0.08 0.72 | 0.15 Cos 0.83 0.80 | 0.81

Cos, S 0.09 0.88 | 0.16 Cos, T 0.84 0.80 | 0.82

Cos, T 0.26 0.89 | 0.40 Cos, S 0.82 0.83 | 0.82

Cos, S+T 0.27 0.89 | 0.42 Cos, S+T| 0.83 0.81 | 0.82

SC 0.85 0.62 | 0.72

SC, TRW 0.94 0.62 | 0.75 Table 3: Finding relations without using speech acts (“User
SC+Thr, TRW| 0.94 | 0.72 | 0.82 1" free-text subset)

Table 1: Task identification: E-commerce corpus

test for a pruning condition for these two messages (as de-

'\C/Ig;h()d Prgi'ssl'on Roe.ggll 0'.:715 scribed below) and, if the pruning test fails, we establish a
Cos, S 0.62 094 | 0.75 link between the messages.

ggz: £+T ggg 8:32 gsg T_he_re may be multiple pairs of messages having non-zero
sc 0.91 051 | 0.66 similarity in a corpus. Clearly, not all of these messages
SC, TRW 0.92 0.30 | 0.45 are actually related. Therefore, we would like to be able to

SC+Thr, TRW| 0.92 0.73 | 0.81 prune the links suggested by the similarity function. One

i o way is to use some threshold value: if the similarity be-
Table 2: Task identification: Free-text corpus (“User 1"\ aan messages is below the threshold, then we would as-
subset) sume that the messages are not related. Table 3 presents
the quality of the relations identification for different mod-
- . .. .. ifications of the similarity function tested on the “User 1”
messages has a significant effect on the task identification
. . subset of the PWCALO corpus.
quality on the e-commerce. As we expected, using sub-
clustering improves precision on both corpora, since it reFinding links between messages using speech acts
sults in smaller more “precise” clusters. However, it also(Problem 4). We treat the problem of finding links between
hurts recall, because some single tasks become split acrosessages using speech acts as a supervised learning task.
multiple clusters. Using the sub-clustering threshold helpaVe assume that we have access to a training set, which pro-
to fix this problem on both corpora, resulting in a much bet-vides the correct labels for both speech acts and message
ter recall with only a slight loss in precision. Finally, terms relations. The goal is to use this information to improve our
re-weighting proves very effective for the e-commerce cor-performance on an unseen email corpus. There are multiple
pus, but does not work so well for the free-text email. ways for how the speech acts information can be taken into
The reason for this is that e-commerce emails contain account when establishing links between messages. For
lot of standard automatically generated text, which is notexample, we could calculate the empirical probabilities of
very helpful in distinguishing between different transac-one speech act following another in the training set, and use
tions. Terms re-weighting helps to make the unique transthis information to modify the similarity function used on
action data (such as transaction ID or details of purchased test set. Since there can be numerous such modifications,
goods) more prominent and, thus, more useful. we decided to rely instead on a classification algorithm to

Overall, our approach achieves a better performance on th|gent|fy useful speech act pattems.

e-commerce corpus than on the free-text email. While thig=rom the given labelled email corpus, we produce a set of
is an indication of the fact that free text is more difficult training instances as follows. For each message in the cor-
to work with, we believe it also shows the inherent differ- pus (child), we identify the most similar preceding message
ence between the two corpora. The tasks in e-commercd@arent) using the previously defined similarity function.
email are well-structured: there is a clear understanding ofFor each such pair of messages, we create one training in-
how to group messages into tasks by mapping them ontstance with one numeric feature for the similarity between
the underlying business transactions. In free-text email, thenessages, and two subsets of binary features for each pos-
definition of a task is more fuzzy, and even human annotasible speech act (10 features in total). The first binary sub-
tors may disagree on the correct task partitioning. set is filled with speech acts of the parent message: 1 if the
message has this speech act, 0 otherwise. The second bi-

Finding links between messages without using speech nary subset if filled with speech acts of the child message.
acts (Problem 1).In our PWCALO corpus, each message . : o
The class label for the instance is positive if the correspond-

is aresponse to at most one other message (i.e. all conversa- . .
) ; Nng messages are related and negative otherwise. The re-
tions have a tree structure rather than a more generic DAG),

. - ulting classifier can then be used to identify links between
Therefore, our algorithm for finding related messages pro- . .
- : messages in an unseen email corpus.
ceeds as follows. For each email in the corpus, we find the
most similar preceding (in time) email using the pair-wiseTo evaluate the potential for improvement from using

message similarity function proposed in Sec. 4. We therspeech acts, we tried to train and test a classifier on the



same “User 1” subset of PWCALO. Obviously, if we can- In addition to looking at the immediate ancestors and de-
not get any improvement even on the training set, it isscendants of a message, we can also include features from
unlikely we will do well on an unseen test set. We useseveral “generations” of ancestors and descendants (e.qg.
the SMO implementation of support vector machines agarents, grandparents, children, grandchildren). For each
our classification algorithm [Platt, 1999]. We obtain pre- “generation” of related ancestor and descendant messages,
cision0.91 and recall0.80, so that F1 i€.85. Compared we use a separate set of extrinsic features with one feature
to Table 3, using speech acts were a more effective prurper each possible speech act. The value of 1 is distributed
ing method, resulting in the increase in precision with onlyevenly between all features corresponding to the speech
marginal loss in recall. acts that occur in the related messages from a given gener-
ation of ancestors or descendants. For example, if children
messages have “Deliver” and “Commit” speech acts, then
5 Classifying Speech Acts (Problems 2, 3) the features of immediate descendants for these two acts
are equal ta@).5 and the other features are equal to 0. An-

Classifying speech acts without using related messages other way would be to use binary features fo_r each speech
(Problem 2). We treat the problem of email speech act: 1 if the speech act is present, O otherwise. However,
act classification as a supervised learning task. We us&® found that the former method works better.

the standard text classification methods with bag-of-wordsThe number of generations included into extrinsic features
document representations similar to [Cohen et al., 2004]Jis regulated by thelepth of lookugparameters. There are
Each message is represented by a set of features, one fg¥o lookup depth parameters, one for ancestor messages
each term appearing in the emails. The feature value iand one for descendant messages. For the depth of lookup
equal to the number of occurrences of the corresponding, we use only intrinsic features. For the depth of lookup
term in the message text. 1, we use extrinsic features for the immediate ancestor and

An important detail in speech acts classification is thatdescendants (parent and children). For the depth of lookup

emails may contain quoted text from previous messageg’ we use extrinsic features for the immediate ancestors and
While such text fragments are usually helpful in establish-descendants as well as for the ancestors of the |mme_d|ate
ing links between messages (since they make messagggcestors (grandparents) aqd the descendants of the imme-
more similar), they can confuse a speech acts classifiefliate descendants (grandchildren), etc.

Thus, we used a simple heuristic approach to identify theResults. The experiments here are based on the “User 1”
quoted text so that it can be removed before speech act clagorpus. We evaluate the performance of speech act clas-
sification. sification using the human-annotated (correct) relations be-

Classifying speech acts using related messages (Prob- tween messages andthe correct speec.h acts for rel_ated mes-
lem 3). We adopt here the relational learning terminol- sages. Essentially, we are interested in the question “Can

ogy used in [Neville and Jensen, 2000]. Again, each emaile improve speech act classification, if we know the cor-

message is converted to a data instance represented by a &t links between emails and the correct speech acts for

of features. However, unlike in the previous case (i.e. Probth€ related messages?”

lem 2), these features can be derived now from the contemotice that using the correct speech acts for related mes-
of the given messagenfrinsic feature} as well as from  sages does not mean that we use the class label of an in-
the properties of related messages in the same é&xsir-  stance among its features. Each message uses only the
sic featurey The goal is to learn how to assign speech actspeech acts of the related messages, but not its own speech
to emails from a training set data instances labelled withacts. Of course, in a practical iterative classification method
both the correct speech acts and relations. The question Wth the relations and the speech acts will have to be ini-
are studying here is whether the extrinsic features, obtaineglalised using automatic methods (Problems 1, 2). The ex-
using identification of related emails, can help in classify-periments here are used simply to confirm that improve-
ing messages into speech acts. That is, we want to knowents are possible in principle.

whether speech acts of “surrounding” messages can help in h h q bi |
classifying speech acts of a given message. F_o_r each speec act, we produce a separatg inary clas-
sification problem where the goal is to identify whether

To represent the intrinsic features of a message, we use thge message has this act or not. The resulting data sets
raw term frequencies as in Problem 2. To represent the eXor classification can be highly imbalanced with a signif-
trinsic features of a message, we use the speech acts of figant proportion of messages belonging to the same class
lated messages. As we explained earlier, in our PWCALQespecially for rare or very frequent speech acts). Clas-
corpus each message can have at most one parent and possfication accuracy is not a good measure of performance
bly multiple children. Consequently, each message can ben such data sets, so (following [Cohen et al., 2004]) we
viewed as a response to its parent message and as a cayge the Kappa statistics instead. We use the SMO imple-
for its children messages.



Ancest./Descend| 0/0 | 0/1 | 1/0 | 1/1 for all speech acts do

lookup depth Train classifierC', on the training set to classify speech
Amend 0.401 0.36 | 0.451 0.40 acta using only email content (intrinsic features)
Commit 0.1710.20) 0.28| 0.37v Train classifier R, on the training set to classify
Deliver 0.221 029 021 0.29 speech act using content and related emails (intrjn-
Propose 0.08 011013} 0.15 sic+extrinsic features)

Request 0.09| 0.17 | 0.14 | 0.31v end for

L . . Train classifier, on the training set to classify email link
Table 4: Classifying speech acts using related email§ /+ proplem 1 *

(“User 1" free-text subset) Set relations in the test set using similarity function

[* Problem 2 */

Use classifierg’, to set speech acts in the test set

I* Iterative classification */

for Iteration = 1...1do

7]

mentation of support vector machines as our classification

algorithm [Platt, 1999] and the results are obtained in 5- /* Problem 3 */

fold cross-validations repeated 10 times for statistical sig- Theshold = 1

nificance testing (paired T-test). Table 4 shows the result- for Subiteration = 1... K do

ing Kappa values for different combinations of the lookup for all messages: in the test setio

for all speech acts do
Obtain confidence for hasa” using R,
Obtain confidence forrh has noa” using R,

depth for ancestor/descendant messages. The statistically
significant improvements over th®ase line(both lookup

depths are zero) are marked with “v” (at the 0.05 confi- end for

dence level). Lookup depths above 1 are not shown due t¢ end for

the lack of space. For all cases where confidence for*has/has na”
is greater thanThreshold update speech acts of

The results show statistically significant improvements for accordingly

some speech acts (“Request”, “Commit”) and overall in- Threshold = Threshold /2

creases in the Kappa values. Of course, in a practical itera| Evaluate performance for speech acts

tive classification method both the relations and the speech ﬁngrgobrlem 4%
acts will have to be initialised using automatic methods UseL to find links between emails in the test set, update
(Problems 1, 2) and this is likely to affect the performance. the links accordingly
Evaluate performance for relations
end for

6 Iterative Algorithm for Task Management
Figure 2: Iterative algorithm for task management.

The results in the previous sections demonstrated that the

proposed methods for solving Problems 1, 2, 3 and 4 as . e
identified in Sec. 3 show some promise for improving per_|terat|ons for speech acts classification!). The performance

formance of both relations identification and speech act%or almost all speech acts improved considerably (except

classification. However. the numbers were obtained as©' Amend’). The initial links identification resulted in
suming the knowledge of the correct (annotated) re|ati0ngreC|S|0n:recaII:Fl&.95. It improved after the first itera-

and/or speech acts in the test corpus. In this section, we pﬁ?n 0 prec]ltsmr:s.o; recag:0.9d5; F;:0.98, atn_(t:J reTamed hich
these separate methods together into an iterative relation & same after the second and subsequent iterations (whic

algorithm and evaluate its performance in realistic settingsIS understandable, since speech acts mainly improve the

when the test corpus is unlabelled. The resulting algorithn*’inks precision, and the precision after the first iteration was
is shown in Figure 2 already 1). The performance of the speech acts classifica-

tion in the second and subsequent iterations remained un-
The SMO algorithm was used for all classifiers. To obtainchanged as well. That is, the iterative classification process
confidence scores for SMO, we used the distance from theonverged very rapidly in this case.
hyper-plane normalised over all test instances. We use the
similarity function with time decay (metho@os, S+Tin . .
Sec. 4) and threshold-based pruning to identify the initial/ ~ DIScussion
links between messages (Problem 1).
. : . . In addition to “mere” communication, email has become a
Results. In our experiments with this algorithm, we used = =~ C T .

ubiquitous channel for distributing information among col-

the “User 1” subset of PWCALO for the training set and o )
u R ) ; laborators, workflow participants, or even for sending to-do
the “User 2" subset for the test set. On each iteration, we \ -
: e . items to oneself. Unfortunately, today’s email clients offer
repeated the inner speech act classification loop 10 t|me\7°,er little hiah-level support for such complex behaviours
(K = 10). Figure 3 shows how the speech acts clas- y 9 PP P '

sification performance was changing in the first iterationDeveloping such technologies is both a useful end in itself,
(note the difference between the main iterations and suband a major challenge for artificial intelligence. We have



— of the classifiers between email corpora and the degree to

08 r pPo',V, ] which speech act and link patterns are corpus and person-
o | s B independent. However, this work requires more annotated
' Amd ---e-- email data, and this is one of the key challenges for the
5 o4l | email research community at present.
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021 i e ence Foundation Ireland and the US Office of Naval Re-
e search.
ool References
0 1 2 3 4 5 6 7 8 9
Sub-iterations [Bellotti et al., 2003] Bellotti, V., Ducheneaut, N., Howard, M.,
and Smith, I. (2003). Taking email to task: the design and
Figure 3: Speech acts classification, Iteration 1 evaluation of a task management centered email todProe.

Conf. Human Factors in Computing Systems

[Cohen et al., 2004] Cohen, W., Carvalho, V., and Mitchell, T.
(2004). Learning to classify email into “speech acts”.Eim-
described a variety of machine learning methods for identi- pirical Methods in Natural Language Processing
fying rel_atlons betweep emaﬂs and for anaIyS|_s of messag rawford et al., 2002] Crawford, E., Kay, J., , and McCreath, E.
semantics. The key idea is that we synergetically exploit (2002). An intelligent interface for sorting electronic mail. In
the relational structure of these two tasks. Proc. Intelligent User Interfaces

We proposed an iterative relational classification algorithmiPredze et al., 2004] Dredze, M., Stylos, J., Lau, T., Kellogg, W.,
for email task management that uses relations identification 2anis, C., and Kushmerick, N. (2004). Taxie: Automatically
for semantic message analysis and vice versa. The pro- identifying tasks in email. iunpublished manuscript

posed approach depends crucially on whether we can infDucheneaut and Bellotti, 2001] Ducheneaut, N. and Bellotti, V.
prove semantic message analysis by using the knowledge (2001). Email as habitat: An exploration of embedded per-
of the email links structure; and whether we improve links sonal information managemerACM Interactions8(1).
identification by using semantic metadata in messages. Wlorvitz, 1999] Horvitz, E. (1999). Principles of mixed-initiative
proposed methods for solving each of these problems and user interfaces. IProc. Conf. Human Factors in Computing
evaluated their potential effectiveness. Finally, we com- Systems

bined these methods into a single iterative algorithm andKushmerick and HeR, 2003] Kushmerick, N. and HeB, A.
tested it on a real-world email corpus. (2003). Learning to attach semantic metadata to web services.
In Proc. Int. Semantic Web Conf.

Qur experiments demonstrate thel) Structured features LDKushmerick and Lau, 2005] Kushmerick, N. and Lau, T.
in email, such as message subject and send dates, can bg2q0s). Automated email activity management: An unsuper-
very useful for identification of related messagé?) The vised learning approach. IRroc. Int. Conf. Intelligent User
properties of related messages in the same task can be usednterfaces

to improve the message semantic analysis. In particulafeyille and Jensen, 2000] Neville, J. and Jensen, D. (2000). It-
the features of related messages in a task can improve the erative classification in relational data. AMAl Workshop on
performance of the email speech acts classifica{@the Learning Statistical Models from Relational Data

semantic metadata in messages can be used to improve g, 1999] Platt, J. C. (1999Fast Training of Support Vector
quality of relations identification. In particular, taking into = Machines using Sequential Minimal Optimizatichapter 12.
account speech acts of messages helps to improve identifi- MIT Press.

cation of links between emails. [Rhodes and Maes, 2000] Rhodes, B. and Maes, P. (2000). Just-

Finally, our combined iterative classification algorithm i:?ég)le information retrieval agentsIBM Systems Joumal
was able to simultaneously improve performance on both ~* _ _ _
speech acts and message relations. These results provilf¥hittaker and Sidner, 1996] Whittaker, S. and Sidner, C.

an empirical evidence in favour of the proposed synergetic (1996). Email overloading: Exploring personal information
. management of email. IRroc. Conf. Human Factors in Com-
approach to email task management.

puting Systems

There are numerous directions for future work. The preqwillet, 1988] Willet, P. (1988). Recent trends in hierarchical
sented experiments are obviously quite limited and small- document clustering.Information Processing and Manage-
scale. Therefore, experiments with different and larger ment24.

email corpora can be used to better evaluate quantitativelyyindograd, 1987] Windograd, T. (1987). A language/action
the achievable improvements in performance. Such ex- perspective on the design of cooperative workduman-
periments could also allow us to study the transferability ~Computer Interactions3(1).



