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Abstract 

An important issue in the application of machine learning 
techniques to information management tasks is the nature 
of features extracted from textual information. We have cre- 
ated an intelligent email agent that can learn actions such 
as filtering, prioritizing, downloading to palmtops, and for- 
warding cmail to voicemail using automatic feature extrac- 
tion, Our agent’s new feature extraction approach is based 
on first learning concepts present within the mail, then using 
these concepts as features for learning actions to perform on 
the messages, What features should be chosen? This pa- 
per describes the concept features approach and considers 
two sources for learning conceptual features: groups defined 
by the user and groups defined by the agent’s task. Addi- 
tionally, features may be defined by vectorized examples or 
keywords, Experimental results are provided for two email 
sorting tasks, 

I<aywords 
Electronic mail, intelligent agents, machine Iearning, infor- 
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1 Introduction 

The Internet, World Wide Web, communications networks, 
and widespread computation and storage are rapidly creat- 
ing a world in which information is ubiquitous and inexpen- 
sive, The disadvantage of access, however, is inundation. 
Popular media describe an alarming situation in which indi- 
viduals are spending more and more time filtering informa- 
tion [lo, l], The fIood of irrelevant, often unwanted, data 
ha8 created a need for intelligent information management 
systems that automate the selection, sorting, presentation, 
storage, and retrieval of emails, faxes, voicemail, phone- 
pngcr text, web pages and other forms of information we 
encounter daily, With the emergence of mobile and palm- 
Lop computing, another significant need is the routing and 
downloading of information to pagers, cellular phones and 
pnlmtop computers. 
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The intelligent agent has emerged as a paradigm in which 
programs are created as proxies for humans in interactions 
with computers. Agent-based approaches have been used in 
web browsing [18, 211, web shopping [7], newsgroup read- 
ing [13, 251, interface assistance [29, 241, information re- 
trieval [15], and email management [19,17,20]. 

We have developed an intelligent information manage- 
ment agent based on numerical machine learning techniques. 
To validate our approach in a real-world setting, we chose 
email management as the test domain. Re:Agent is designed 
to allow email to be routed to arbitrary handlers that per- 
form actions such as sorting, storing, deleting, or download- 
ing to a voicepager or palmtop computer. This paper consid- 
ers the problem of choosing appropriate features within the 
email to facilitate classification. Re:Agent learns not only 
the actions to perform on email, but also the features to be 
used in the classification task. The learning agent approach 
encourages users to aid the system in understanding their 
individual information but avoids the difficulty of end-user 
programming. 

1.1 Intelligent Information Management 

The automated management of electronic documents, web 
pages, newsgroup articles, email, and other electronic in- 
formation is an active area of research for several fields in- 
cluding Artificial Intelligence, Machine Learning, and In- 
formation Retrieval. Text-based information is challenging 
for several reasons, including its lack of structure and con- 
straints, its large state space, its varied content, and the im- 
portance and difficulty of representing the context in which 
the information occurs. 

These challenges have led researchers to carefully struc- 
ture and limit the information in many AI systems. For ex- 
isting information types such as web pages and email, it is 
less likely that the structured approach is applicable. How- 
ever, in some cases, there is structure; an intelligent system 
should use it when available. For example, although the 
body of email is unstructured, the sender, routing, and re- 
cipient information is explicitly labeled. 

One solution is to design an agent capable of extract- 
ing useful statistical features from documents [la, 21. Once 
transformed into a feature vector, learning algorithms can 
be trained to apply the appropriate actions. The use of a 
machine learning approach allows the email agent to learn 
from the user. By watching the user interact with docu- 
ments, an agent can learn the information tasks, the user 
preferences and interests, and example solution techniques. 
Indeed, many researchers have recognized the utility of this 
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approach. Tervccn, for example, provides an agent/user col- 
laboration interface for creating email-handling rules [28]. 
Krulwich’s document handling agent queries the user to so- 
licit categories for documents in which the user indicates 
interest [IG], 

In some systems, the features are fixed by the program- 
mer; for example a particular set of words or fields may be 
prespecilIcd. In our system, the agent learns the features au- 
tomatically based on the task or on user suggestions about 
the training cmail’s content. Because the features represent 
the conceptual contents in the email, we call these features 
“concept” features. The agent looks for these concepts in 
the data and then learns to perform the desired actions. 

1.2 Email Filtering 

Email provides an example of a rich information manage- 
ment domain. Email is typically short, less than a hundred 
lines, and contains a limited amount of structure. The body 
of an email is usually unstructured text, while the headers 
provide some tagged information. For example, an agent 
knows a priori the meaning of a From header: it defines the 
sender, Similarly, the Dote header provides a known type 
of information. The Su&ect header is problematic. It says 
something about the contents of the email, but not in a fixed 
or prcspccificd way, Even for the headers with known con- 
tent, the utility of their information is limited. Knowing the 
sender of an cmail is useful, but often the same sender dis- 
cusses different topics, Some form of content understanding 
is required, 

The current generation of email filtering packages, in- 
cluding Elm Filter 1271, Ishmail [ll], and Procmail [26], re- 
quires user-written rules to interpret and sort email. For ex- 
ample, when Procmail, which uses regular expressions, finds 
a match in a specified line of text, the email is-forwarded, 
appended to a mailbox file, or piped to another program. 
Rule-based systems can be challenging for users due to the 
difllculty of not only determining the rule that achieves the 
desired result, hut also writing it with the correct syntax. 

There have been several attempts to automate the man- 
agement of cmail. Maes and Kozierok [19] created an email 
agent that observed the user interacting with email. The 
system inferred rules by storing situation-action pairs; when 
it observed a situation similar to one it had seen before, it 
suggested the associated action. The features used to encode 
the context of an action were hard coded, including the mes- 
sage sender and receiver, subject keywords, and the message 
status, such as read or unread, replied to or not. The system 
used a confidence threshold to determine whether to make a 
suggestion to the user. A second threshold allowed the user 
to tell the agent to automatically execute the action without 
confirmation. 

Payne and Edwards [20] considered two methods to learn 
to automatically classify email. They used features consist- 
ing of the words in the From and Su&ect fields and the top 
10 most frequent words in the body. Stop-listing was used 
to remove common words such as and and the. Their clas- 
slfcation learning algorithms consisted of a rule-induction 
method and a k-nearest neighbor method. Like Maes and 
Kozicrok, they used trust thresholds to allow the agent act 
autonomously for high-confidence predictions. 

Cohen [6] used a weighted vector approach similar to 
the one WC used. He created an algorithm that learned rules 
based on keywords in particular fields. The emails were 
Rrat structured into four attributes based on message fields: 
From, To, S&j&, and Body, followed by the words in the 
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Figure 1: Nearest Neighbor Approach. In one common 
Information Retrieval approach, feature words are chosen 
and counted to produce a feature vector. The feature vec- 
tors of similar documents may be clustered to produce a 
prototype or category vector. Given query or a new docu- 
ment to classify, the system chooses the category nearest to 
the query vector. The dimension of the vector space is equal 
to the number of feature words, often in the thousands. 

corresponding part of the message, up to 100. He found 
that both approaches resulted in accurate email classifica- 
tion with only a relatively few examples. His algorithm, 
RIPPER, performed more accurately than the weighted vec- 
tor approach, but required more time, 

2 Concept Features Approach 

Information Retrieval techniques commonly consider a set 
of words, usually predefined, to be features. Looking for 
these words in a document is called feature extraction, as 
shown in Figure 1. If a vector is created that counts the 
presence of the feature words, we can say that the docu- 
ment has been transformed into the feature space. Similar 
documents may be clustered to create prototype vectors for 
a given email category. New documents are then vectorized 
into the feature space and classified by choosing the nearest 
prototype. 
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Ha\vcver, instead of individual words, we can use the 
ctnnils themselves to define high-level features that repre- 
sent concepts present in the email. To do this, we group 
similnr cmails and combine their common information into 
a feature8 The process of feature extraction becomes a pro- 
cess of determining the presence of these high-level concepts. 
This is the concept fcoture approach that we’ll describe fur- 
ther in this section. As shown in Figure 2, all of the angles 
from the query vector to the features are used to create the 
fcnturc vector, 

There are several distinctions from the previously de- 
scribed approach. First, the features are not fixed, but 
defined automatically from the data or task. Second, the 
fcnturc clcmcnts are statistical summaries of the training 
data, They may include distances to feature vectors or per- 
ccntngcs of keywords present in the document. Third, the 
clusters used to create the features may be defined inde- 
pendently of the task. We’ll consider two possible sources 
below, Fourth, after learnhrg the features, a separate func- 
tion npproximator-based learning process learns the desired 
actions, Lastly, the action learner operates on a lower di- 
mcnflionnl feature vector. 

If words arc used as features, the vector space has a di- 
mcnsionnlity equivalent to the number of feature words used. 
This appronch requires the feature words to be chosen care- 
fully or severely limited via stop-listing, the reduction of 
words to a limited set of words deemed useful to catego- 
rizing [9J, Without such limits, the dimensionality will be 
too Inrgc to utilize machine learning algorithms, which often 
require low or moderate dimensions. The concept features 
nppronch reduces the dimensionality for the action learner 
IJY fhSL k%uning only a relatively few high-level concept fea- 
tures, The word vectors, such as the tfidf vectors described 
J)CIOW, can have a dimensionality equal to the number of 
words of the native language of the email, which is typi- 
cally in the thousands, Because they are not restricted by 
dimcnsionnlity constraints, they may represent the email in 
a stntisticnlly accurate way. The action learner operates 
only on the distances from these vectors to the query email. 
Thcrcfore, the fcaturc space dimensionality can be small, al- 
lowing sophisticated function approximation techniques that 
rcquirc low dimensionality to be used. 

2.1 Agent Architecture 

The overall operation of our agent is based on extracting 
useful features from documents to create a feature vector 
on which machine learning algorithms operate. As shown in 
Figure 3, the output of the learning algorithm is an action 
vector which directs handlers to manipulate the document. 
Example hnndlers include delete, store, forward, autoreply, 
or download to pagers or hand-heId devices. For the sort- 
ing experiments described below, the output of the learner 
specifics a folder classification for a set of test emails. 

The features are defined in a simple and flexible manner, 
allowing the user to specify them automatically or manu- 
ally as they prefer. To automatically define features, the 
user directs the agent to use the task training examples as 
the f’enture examples. For example, to sort all new mail 
from gboone into a fromgary folder, the system looks in 
the current from-gary folder to find feature examples. After 
learning the from,gory feature, it learns to sort emails with 
this feature into the from,gary folder. We calf this approach 
&asMascd concept features. 

Alternatively, the user can aid the agent by providing 
keywords and example messages that define conceptspresent 
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Figure 2: Concept Features Approach. The concept 
features approach uses tjdf weightings to create vector rep- 
resentations of the training emails. SimiIar email vectors 
are combined to create set of concept features. Then new 
emails can be cast into this concept space by creating a vec- 
tor of distances to each concept vector. In this approach, 
a feature vector is not a list of word counts, but a list of 
measurements of the similarity a new email to the concept 
features. The size of the vector space is equal to the number 
of feature vectors. 

in the email. The user specifies not only the task, but also 
instructs the agent what the email is about in a general way. 
For example, the task may be to learn which emails to delete 
and which emails to send to a voice pager. But the user has 
also organized the email into several categories, including 
high priority, low priority, social, and announcements. The 
agent uses these four categories to learn features, then ex- 
tracts those four features from new email to decide whether 
to delete or forward it. We call this approach source-based 
concept features. 

2.2 Feature Extraction 

The purpose of feature extraction is to reduce the dimen- 
sionality of the information management problem and to im- 
prove cIassification performance by representing the problem 
in a space in which the categories are more easily separable. 
Unstructured text is difficult because the space of potential 
text strings is infinite and the meaning of words changes de- 
pending on context and word order. This section explains 
how keywords and example emails are used to create feature 
vectors. 

To classify an email, Re:Agent first creates a feature vec- 
tor that measures the presence of each concept feature in the 
new email. As shown in Figure 4, each feature contributes 
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Figure 3: Agent Architecture. Our system extracts features from the email that can be used by a learner to determine 
output actions. Note that learning occurs in two places. The agent first learns what features to extract from email. It then 
uses the cxtractcd features to learn what to do with the mail. 

one or two elements to the feature vector. If the feature is 
based on example emails, the element is given by the dis- 
tance from the example cluster vector to the vector of the 
new cmail. If the feature is defined by keywords, the element 
is given by the percentage of keywords that are present in 
the new cmail. The resulting feature vector is used by the 
action learning algorithm to classify the email. 

If the feature uses examples, the example emails are lirst 
converted to vector space representations. Our email al- 
gorithms operate on a representation based on tjidf vectors 
commonly used in Information Retrieval [23]. An email mes- 
sage is llrst transformed into a vector of word counts where 
each count is divided by the number of other documents in 
which the word occurs. This term frequency/inverse doc- 
umcnt jrequency approach weights each word according to 
how unique it is within the body of emails. This weighting 
captures the idea that topic words will occur frequently in 
a document on the given topic, but infrequently in docu- 
ments about other topics. Further, because it removes any 
word present in every email, the technique also provides a 
kind of automatic stop-listing. However, note that the tjidf 
vectors can be large, often almost 15,000 words long. Our 
l/id! vector only stores words that are present in a message, 
cvcn though the dimensionality of the vector is equal to the 
number of words in all of the email; it is thus a sparse rep- 
resentation. 

In Information Retrieval, a tjidf vector is often consid- 
cred a fcaturc vector; individual words are features and the 
LfidJ vector is a weighted measure of the presence of these 
words. In Rc:Agent, tfidf vectors are used as a representa- 
tion of cmail. Features are defined by clusters of emails or 
lists of keywords. Feature vectors, then, are lists of mea- 
surements of the presence of these clusters or keyword lists. 

The tfidf values are calculated by first normalizing the 
term frequency for each term in a document, 

tf=0.53-0.5 + , 
( > max 

where tfm,v is the number of times the term occurs in the 
document and tfmsx is the number of times the term occurs 
in the collection of documents, Now the terms are inversely 
weighted by their document frequencies, 

wt = tfxlog, 4!. . 
( > Dt 

Feature 1 

Keywords 

f i f i+l 

Figure 4: Feature Extraction. Features may contain key- 
words and/or example emails. To determine the feature 
vector on which the learner will operate, the mail is vec- 
torized. If the feature uses keywords, the percentage of key- 
words present in the email is calculated and output. If there 
are example emails, they are vectorized and clustered; the 
distance between the email and the cluster center is then cal- 
culated and output. These two outputs are used as elements 
of the feature vector. 

N is the total number of documents and Dt is number of 
documents in which the current term occurs. Note that Dt 
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Tnblc 1: Example Task. For testing, we chose a filtering task using these email folders. The agent learned to correctly 
classify messages from these folders into the categories “work” and “‘other.” The folders and messages are from the actual 
cmail. Two thirds of the messages were used for training and one third for testing. 

is not the total number of occurrences of the term. This 
expression accounts for the uniqueness of words in terms 
of other documents, not total usage. After all of the term 
weights are calculated, the weighted vector is normalized by 
dividing each weight by the square root of the sum of the 
squorcd weights, 

wt = 
wt 

a- El wtf 
whcrc 2’ is the total number of terms in the vector. This 
step is the same as normalizing on all of the terms in ah 
documents because terms that don’t occur in a document 
arc weighted to zero. Thus, we normalize all vectors into 
the same space. 

If a feature uses examples, the example messages are 
vcctorized, then clustered by calculating their centroid. The 
cluster center is stored in the feature for future use. In addi- 
tion to saving calculation time during feature extraction by 
eliminating the need to calculate distances to every example, 
using the cluster center aids classification in some circum- 
stances [22]. The similarity between vectorized messages is 
given by the dot product of the tjdf vectors. Because these 
vectors are normalized, this calculation gives their cosine 
nnglc; similar messages are separated by small angles. 

Given an email message, the feature extraction process 
creates a feature representation of the message. Specifically, 
the angle between the vectorized message and each feature’s 
ccntroid is calculated and copied into the message’s feature 
vector, Then the percentage of each feature’s keywords that 

IGzature Description I Number of I Number of 1 
Name Iieyword~ Examples 

work work-related email 36 256 

Table 2: Task Features. For the tests in which the task 
category was used to define the features, we grouped the 
email according to its task category. Keywords were also 
chosen to describe the two groups, 

are present in the message provides the remaining elements 
of the email’s feature vector. Because the features are rep 
resentations of topics, the feature vector is thus a list of 
beliefs, each element corresponding to a measure of the be- 
lief that a concept is present in the email. For example, if 
many of the keywords for a feature called agents are present 
in a message and the angle between the message’s tfidf vec- 
tor and the agents tfidf centroid is small, the feature vector 
will show that the agent believes the message contains some 
discussion about agents. 

2.3 Action Learning with Function Approximators 

After the features have been Iearned, the agent learns what 
actions to perform using the training data. To create a map- 
ping from feature vectors to action vectors, we used a nu- 
merical function approximator. To check the sensitivity of 
our results to the type of‘function approximator, we com- 
pared the performance of two general non-linear function ap- 
proximators that represent different ends of the data storage 
verses query speed tradeoff. 

Memory-based techniques store alI of the training data 
rather than using them to train a function appro.ximator 
such as a radial basis function or neural net. When queried, 
memory-based systems retrieve one or more of the cases in 
memory and use them to construct an approximation of the 
output for the query point. Nearest-neighbor is the sim- 
plest memory-based technique; given a query, it returns the 
training output of the nearest training point. Thus, it ap- 
proximates functions with piecewise constant segments. 

Memory-based techniques represent one extreme of the 
tradeoff between rapid training and rapid querying. Their 
training is fast, consisting of simply storing the point. How- 
ever, retrieval can be slow because upon query, a distance 
metric must be applied to many, possibly all, of the points 
in the training database. 

The nearest neighbor technique was also described in the 
standard Information Retrieval algorithm shown in Figure 1. 
Note, however, that in the concept features approach, the 
nearest neighbor technique is applied to the feature vectors, 
not the tfidf vectors. 

Neural networks are function approximators based on 
sums of nonlinear, typically sigmoidal, basis functions. We 
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used a three-layer, fully-connected, feedforward network trained 
with backpropagation and employed crossvalidation to pre- 
vent overtraining, Neural networks create a compact rep- 
rcscntation that responds to queries quickly. However, be- 
cause backpropagation is a gradient descent algorithm, they 
can bc slow to train. 

3 Expcrimcnts and Results 

WC considered the task of dividing several folders of email 
into Iwo categories: “work” and “other.” The folders con- 
tained 1,210 actual emails, listed by folder name in Table 1. 
WC considered four experimental variations: 

l How does the concept features performance compare 
to a standard IR algorithm? 

l Should the features be defined by the task or by the 
source folder? 

l Does the performance differ for neural network or near- 
est neighbor function approximators? 

l Should keywords or vectors or both be used? 

We used 2/3 of the 1,210 emails for training. The values 
presented below are the percentage of correct classifications 
for sorting the 404 remaining emails. Each result provides 
the mean and confidence interval for 17 runs. For each run, 
we randomly divided the emails into training and test sets. 
To train the neural network, the training messages were fur- 
ther divided in half: one half for training and the other for 
crossvalidation. 

3.1 Information Retrieval Approach 

AR a comparison, we used a standard Information Retrieval 
technique based on tfidf vectors. We caliulated tfidf vec- 
tors for each training email, then grouped them into “work” 
and i’other” categories. Calculating the centroid for each 
group created A prototype vector for the each category. For 
testing, A t,/?df vector was calculated for each test email and 
categorized according to the closest prototype vector. 

3.2 Task-based Features 

As described above, training can be fully automatic if the 
user instructs the agent to use the task actions to determine 
features, That is, the training examples in the classification 
folders are vectorized and clustered to create one feature 
for each output folder, We call features created with this 
approach task-based features because the clusters are cakm- 
inted according to task actions. 

To test this case, the test messages were vectorized and 
clustered to create features. Because there were two out- 
put categories, “work” and “other”,, there were thus two 
features, Then each training message was transformed into 
A feature vector defined by the presence of these features. 
These feature vectors, along with their correct categories, 
were used to train the neural network and nearest neighbor 
approximators that predicted the desired action. 

3.3 Source-based Features 

Our approach attempts to capture the many kinds of content 
that may occur in email as separate concepts. Extracting 
source-based features from a message transforms it into a 
concept space that measures the presence of the concepts. 

I Alaorithm I 5% correct I 
-I 

Standard IR algorithm 90.8 f 0.5 
Concept Features (source) 97.7 f 0.3 

Concept 97.6 f 0.4 

Table 3: Algorithm Comparison I. The values are the 
percent correctly classified, followed by their 95% confidence 
intervals. For the source-based concept features, the best 
performer used no keywords and a neural net. For the 
source-based concept features, the best performer used no 
keywords and a nearest-neighbor learning algorithm. 

Because the dimensionahty of the concept space is at most 
twice the number of features used (if every feature has both 
keyword and example message components), a large dimen- 
sional&y reduction is achieved. For our experiments, we 
considered the source-based features listed in Table 2. The 
folder information was first used to define 13 features. Then 
all of the training data was transformed into feature vectors 
which measured the presence of these features. This new 
data, along with the desired “work” or “other” categories, 
became the training data for the neural network and nearest 
neighbor classifiers. 

3.4 Results 

The overall algorithm comparison results are shown in Ta- 
ble 3. The concept features approach performed signifi- 
cantly better than the standard Information Retrieval al- 
gorithm. Both task-based and source-based features per- 
formed equally well, providing close to 98% percent accuracy 
in the best case. 

The results of sorting with task-based features are shown 
in Table 4. The use of keywords alone leads to poorer per- 
formance compared to using both keywords and example 
emails. Further, note that the keywords and example ac- 
curacy is less than the examples-only approach, suggesting 
that the use of keywords degrades performance. This is 
likely due to the difficulty of choosing keywords that are 
both complete and statistically significant. Neither the neu- 
ral network nor the nearest neighbor algorithm can be said 
to perform better than the other overall. 

When source-based features are used, as shown in Ta- 
ble 5, similar observations can be made. Again the example- 
based approach performs significantly more accurately than 
the versions that use only keywords. However, the use of 
keywords does not significantly decrease performance when 
both keywords and examples are used. Both the neural net- 
work and nearest neighbor algorithms are equally effective. 

Function Keywords Keywords Ezamples 
Approzimator & Ezamples Only Only 

Neural Network 82.3 f 12.7 78.7 f 0.0 83.4 f 4.5 
Nearest Nghbr. 96.1 f 2.0 63.8 & 7.7 97.7 f 0.3 

Table 4: Learning with Task-based Features. For task- 
based features, the features are defined based on the cate- 
gories for the email sorting task. The values are the percent 
correctly classified, followed by their 95% confidence inter- 
VdS. 
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ti filnclion Examples 
Approximator & Examptes Only Only 

__.__-_- 
Neural Network 94.8 f 4.2 72.7 f 9.4 97.6 f 0.4 
Nearest Nghbr. 96.9 & 2.3 62.2 f 6.0 96.7 f 0.4 

Table 5: Learning with Source-based l?eatures. In 
the source-based features approach, the features are defined 
by using the examples and keywords given for each source 
folder, The values are the percent correctly classified, fol- 
lowed by their 9G% confidence intervals. 

Comparing the task-based and source-based features per- 
formance suggests that both work equally well when key- 
words or keywords and examples are used. When examples 
nlonc nrc used, similar performance occurs for the nearest 
neighbor case, However, the neural network was able to 
perform significantly better in the source-based case. This 
suggcsta that the neural network was better able to take 
advnntngc of the larger number of features provided by the 
source-based approach. 

To clarify the performance between source-based and 
task-based features, we ran an additional experiment us- 
ing nnothcr 3,337 actual cmails from an independent source. 
These emails were organized into 31 topical folders and the 
lenrning task was to sort them into 4 new categories, re- 
nrarch, intcrcd, c~cl~oo1, and fun. The results of this ex- 
pcrimcnt arc shown in Figure 6. For both types of con- 
cept fcnturcs, the nearest neighbor function approximator 
pcrformcd bcttcr than the neural net. For each function 
approximator, significantly improved performance resulted 
from using the topical concepts provided by the folder in- 
formation. 

The performance of Re:Agent suggests that accurate learn- 
ing can result from well-chosen high-level features. Re:Agent 
allows well-chosen features to be created easily. Users need 
only create folders providing training data for the desired 
h~lc, Additionally, they may create folders that group the 
training dnta by concepts present within the email. 

4 Discussion 

The concept feature approach allows Re:Agent to under- 
stand tbc contents of email on a conceptual level rather 
thnn n statistical word-frequency level. This approach al- 
lows the agent to more accurately spot the presence of a 
concept rather than the arbitrary set of words that statisti- 
cnlly differentiates one group of messages from another. It 

r Alnorithm I Feature I Function I % correct 1 

Tnble 6: Algorithm Comparison II. In a second exper- 
iment with 3,337 emails, we compared the performance for 
features based on examples only. The means and 95%confi- 
dencc intervals were calculated after 26 trials. 

also allows the user to instruct the agent on the contents 
of email in an intuitive way. Our results suggest that accu- 
rate classification can be achieved with both task-based and 
source-based features and without using keywords. Further, 
the concept features approach is robust with respect to the 
choice of learning algorithm. 

It may seem that there is an immense number of possi- 
ble topics required to describe the contents of a user’s email. 
However, it is not necessary to create a feature for every pos- 
sible topic or even every topic present in the user’s email. 
The agent requires only enough features to allow the accu- 
rate classification of the email. Nor does it need to parse 
or interpret the concepts; it only needs to recognize their 
presence. Although we wish to provide the agent with some 
ability to extract the concepts in email, we do not need 
complete natural language understanding of the text. The 
conceptual features approach represents a balance between 
statistical classification and complete understanding. 

It may be suggested that the agent should be able to 
infer conceptual features automatically by choosing features 
which best predict the training data. Several researchers 
have considered this approach [3, 4, 8, 141. For example, 
Latent Semantic Analysis uses singular value decomposition 
to find a set of orthogonal factors which best represents the 
semantic structure of the documents [6]. However, because 
any database of text examples will contain a small num- 
ber of examples for each of a large number of topics, auto- 
matic feature extraction will generate many incorrect feature 
words [14]. The concept features approach allows the user 
to guide the learning process by suggesting actual concep- 
tual features present in the text. The construction of these 
features is natural to users with sorted email. Future work 
will consider direct comparisons of these techniques. 

It is unlikely that programmers can anticipate all of the 
information needs of the user, nor code a general-enough 
solution to work effectively for all users. Therefore, to man- 
age a user’s information, end-user programming and agent 
learning is required. We believe that allowing the user to 
guide the learning agent is the appropriate level of interac- 
tion for programming agents. We find that it is easier to list 
keywords or identify examples than to write rules. 

5 Conclusion 

Recognizing that similar types of information occur often 
in an individual’s email, we have created an agent that can 
recognize the topics present in email. Re:Agent operates by 
using examples and keywords provided by the user to define 
concept-level features. It then uses these features to learn 
appropriate actions for the email. We believe that the con- 
cept features approach provides a convenient mechanism for 
users to explain the topics present in their email that are 
useful for performing the desired task. In contrast to rule- 
based systems which require users to write rules, Re:Agent 
users are required only to place example messages in fold- 
ers corresponding to the desired actions. Re:Agent learns 
the concepts and decision policies from these folders or can 
utilize additional keyword and concept suggestions. 

If agents are to help us manage the deluge of informa- 
tion that bombards us electronically, they must be given 
sufficient intelligence to learn from us and to collaborate 
with us in a way that is natural to our methods of com- 
munication. Re:Agent represents a step in that direction by 
learning classification features based on the topics in a user’s 
documents. 
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