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1 Introduction

Imagine that while commuting home you receive an email message on your pager from your spouse asking you to
pick up some milk on your way home. Compare this with commuting home and receiving an email message on your
pager from a coworker with amonthly reminder to use the recycle bins at work. One of these messages would likely
be relevant to you at that particular point in time, while the other would not be. It would be nice if it was possible to
automatically decide which messages to send to the pager in such a way that the first message would be forwarded
and the second one would not. Furthermore, it would be nice if such forwarding could take place in a transparent
fashion for the people sending and receiving the email. For example, it would be desirable to have asingle, centralized
email addressto which email would be sent, and some software agent residing at that location could then forward each
message to wherethe receiver would liketo read it, eliminating the need for both receiver or sender to figure out where
to read amessage from or send amessageto. Ideally, thisagent would work in away much akin to asecretary, knowing
wherethe user isand knowing which messagesto forward to where. Thus, for example, if the user had apalmtop device
with awirelessdataservice, apager, acomputer at home, and adesktop at work, the agent would need to decidewherea
message should be delivered, based on anumber of factors, such aswhat the message is about, and when and wherethe
user would want to read this message. Obviously different people would have different preferences even in identical
circumstances, so the agent must tail or itself the user’semail-reading preferences. We call such an agent an EmailValet,
inthat it provides“valet”-like functionality to help users manage email.

2 Current Work

This section describes our ongoing work on an EmailValet for two-way pagers on the Bell South Wireless Data In-
teractive Paging Service that can receive as well as send al pha-numeric messages composed on a “ gwerty” keyboard.
Using these pagers, and afront-end agent residing at the Rutgers mail server, we have been able to record three months
of usage with atotal of over 8900 messages. This front-end agent, is a script that forwards all mail sent to the rutgers
account to the pager, rewrapping the email message in such away that the user of the pager seesit as coming from the
origina sender, while any reply will go back to Rutgers. The agent initially sends only the headers and the user can
decide what action to take. When the user replies to the message, the agent receives it and take the action specified
by the user. The actions supported include getting the complete text of the message and replying or forwarding the
message. When the user specifiesthe “reply” command, the agent rewraps the message and forwards it on to the real
recipient in such away that the recipient seesit as coming from Rutgers. Inthisway, it istotally transparent to the out-
side world whether the user is replying through the pager or through some other mechanism (e.g., reading and replying
from adesktop at work). All interaction goes through the agent, which logs all interactions and messages. By setting
up this agent, the user gets the standard mail-reader functionality of getting all headers and choosing which message
to read and in which order. This setup also allows usto log all user actions with respect to his or her email behavior,
providing data for experiments on suitable methods for learning users' email management preferences. At present we



are focusing on the task of learning which messages the user asked to be sent to the pager, so that the system would be
able to take over and only forward messages that the user wants to read on the pager.

2.1 Initial Experiments

We have done someinitial experiments with the three months worth of data gathered thus far. From the user logs we
are able to divide a user’s email data into two sets of messages: those for which the user requested the full text, and
those not. Thelearning task isthen to learn to predict to which set a new message belongs. The experimentswe report
here are performed “off-line”, evaluating five different learners on this binary classification task.

2.2 Learners

The experiments made use of five different learners on this task: Naive Bayes [10], TFIDF, Probabilistic TFIDF [7],
Ripper [4, 5] and Winnow [8, 2]. Thefirst three were made available through a public system called Rainbow [9], and
the version of Ripper is available from www.research.att.com/” wcohen. We used our own implemention of Winnow.

TheNaiveBayesclassifier usesBayes' ruleto estimate the probability of each category for agiven document, based
on the prior probability of a category occurring, and the conditional probabilities of particular words occurring in a
document given that it belongsto a category, assuming that these probabilitiesare conditionally independent. Joachims
[7] and Mitchell [10] give further details on the use this algorithm for text categorization.

The TFIDF (“ Term Fregquency times |nverse Document Frequency”) classifier [7] is based on the relevance feed-
back algorithm by Rocchio[11] using vector spaceretrieval model [12]. Thisalgorithmrepresentsdocumentsasvectors
so that documentswith similar content have similar vectors.

The Probabilistic TFIDF classifier [7] is a probabilistic version of the TFIDF classifier, based on estimation of
the probability of acategory C; given document d, Pr(C};|d), using the retrieval with probabilistic indexing method
proposedin [6].

Ripper [4, 5] isalearning method that forms sets of simplerulesfor datadescribed by sets of attribute-value pairs.
Each rule tests a conjunction of conditions on attribute values. Rules are returned as an ordered list, and the first suc-
cessful rule providesthe prediction for the classlabel of anew example. Importantly, Ripper allows attributesthat take
on sets as values, in addition to numeric and nominal features, and a condition can test whether aparticular itemis part
of the value that the attribute takes on for a given example.

Winnow! [8, 2] learns linear threshold functions using a multiplicative weight-updating scheme. It works with a
set of experts, each of which can either make some prediction about the class of an example or abstain from predicting.
Each prediction is given some weight, or vote, and the class that gets the highest overall vote is returned as the final
class. The goal of learning isto find a suitable weighting scheme for each expert. Finally, Winnow is an incremental
learning method, updating the weightsafter each example, and given afixed collection of examples, our implementation
makes only one pass through the data, running through the examplesin order and updating weights after each incorrect
prediction.

2.3 Data

We used the data gathered from the three people involved in the project, giving us three distinct data sets of varying
sizes. Table 1 shows the amount of data obtained for each user, and the proportion of email that each user requested
forwarded.

Sincethe datais chronological in nature, it isnot appropriateto divideit into random test and training sets. Instead,
the data was split into two contiguous segments; the first two-thirds were used as a training set and the last one-third
was used for testing. The splits were done after removing thefirst 5% of the data, since thisinitial data might be more
noisy dueto the user learning how to use the system.

Each learner had different requirements on the data-format, however in general we were able to split the datainto
two main parts. headers and the body. The body wasjust alist of all thewords (after some pruning and transformation)
that occurred in the body, and the headersincluded the date of the message (formatted differently for each learner), the
length of the message, a tokenization of the fields: from, to, aunion of to and cc, and the subject.

1strictly speaking, weare making use of the basic“Winnow |1” strategy [8]. Since, over time, the number of specialists can increase unboundedly,
we are using the infinite attribute model by Blum [1, 3].



Table 1: Dataset properties

% of messagesforwarded in
User | Size | full set | first2 last 3
AD | 1730 | 13.70% | 11.43% | 18.22%
HH | 5651 | 17.02% | 16.67% | 17.72%
SM | 1526 | 10.41% | 10.69% | 9.86%

2.4 Evaluation

The evaluation used in this paper is the break-even point of a method. This method attempts to find a point where
precision and recall are roughly equal. The precision of a classification method is the proportion of datathat is|abeled
positive that really is positive, and the recall of a classification method is the proportion of al truly positive data that
islabeled as positive. By varying the parametersto some classifiers, it is possible to get different pairs of these values,
giving a curve of trade-offs between the two. The break-even point attempts to find the point on this curve where the
two values are roughly equal .

25 Results

The results we have obtained show promise. With the exception of one method on one subject, all methods are ableto
get abreak-event point above 30%, over half of them exceed 40% and one method was as high as 53% for one subject.
Table 2 shows the break-even points for each method, with the best score for each user being highlighted.

Table 2: Break-even pointsfor all methods

Naive
User | Bayes | TFIDF | Pr-TFIDF | Ripper | Winnow
AD | 41.71 | 36.02 39.81 36.5 43.36
HH | 46.94 | 30.02 46.34 5342 | 47.15
SM | 4555 | 39.61 47.53 3756 | 27.28

On the other hand, no one method clearly outperformed its competitors, leaving us without a clearly best learning
method for thistask asyet. However, we were pleased to note that most methods do better than the baseline that 1abels
all email to beforwarded to the user (which would give 100% recall with low precision), getting 100% recall with better
precision than this naive basdline. Also, for all subjects, at least one method was able to reach 100% precision, with
low recall (in other words, it labels as forward a small number of membersall of which the user wanted forwarded).

3 Prospectsfor the Future

This paper has described the use of machine learning and information retrieval methods to predict whether to forward
email to a user’'s wireless email device. Our initial results, based on actual use of our EmailValet system, show sub-
stantial improvementsover the default of sending all messagesto a user.

In the short term, we would like to understand whether other features already discernible by the EmailValet system,
can further improve performance. In particular, there are many features about the context of an email message, such as
when you last read amessage from its sender, whether it is part of an ongoing email discussion, or whether you recently
sent email to this person, that may be helpful in deciding how to handle a message. We would aso like to be able to
order pending email messages effectively, so that if the person has not read email for a while, when the messages do
appear they are presented in a prioritized fashion.

On alonger time frame, we would like to explore the use of EmailValet across a range of wired and wireless plat-
forms and with a wider range of information sources. For example, forwarding a message should depend on what
devices are available to a user at a point in time — if the user is in front of a workstation email probably need not be



sent to apager. Ideally, wewould like an EmailValet to have accessto information such as auser’s calendar or physical
location (as should become possiblein the futurevia GPS systems on wirel ess devices). Thiscould makeit possiblefor
the EmailValet to know to forward a message from the person to whom you are walking across campusfor a scheduled
meeting if the message might be canceling the meeting. We would also like to expand the range of interaction modal-
ities that a user can have with the EmailValet — eye tracking (which is becoming possible for desktop workstations)
would makeit possibleto identify the portions of amessagethat auser had read, and voiceinteraction also providesthe
opportunity for finer-grained interaction between the user and EmailValet. Similarly, permitting awider range of inter-
action between the user and Email VValet — such as via natural-language dialog — could provide a valuable resource to
an EmailValet, such as making it possible to ask the user questions about his or her decisions.

Finally, although the EmailValet concerns email, the very same architecture would allow a user to interact with
an agent that can access the Web or other sources of information from arange of platforms. In thislight, the Email-
Valet representsavery first step in our overall vision of software “valets’ that more generally serve our heterogeneous
information needs across arange of interaction devices.
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