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Abstract

While the technique of active learning has been ap-
plied successfully in improving text classification,
its use in email classification has still not been ex-
plored. This paper examines several of the state-
of-the-art algorithms for active learning with sup-
port vector machines as they are applied to email
folder classification. We also introduce several ex-
tensions to these methods specifically designed to
improve the quality of active learning when used
for email folders. We evaluated the relative ac-
curacy of these algorithms using a large publicly
available email corpus. Our results show that cur-
rent methods for active learning used in text clas-
sification work poorly for email foldering, but by
taking chronological information, such as receipt
time, into account, we can improve upon them sig-
nificantly.

Introduction

email folder classification. The performance of these algo-
rithms is then compared with each other, and with that of a
common baseline.

2 Algorithms

We chose Support Vector Machines as the basis for this work
based on their previous success in email folder classificati
SVM was found to outperform other learning algorithms for
email folder classification ifBrutlag and Meek, 2000espe-
cially for folders with a lot of messages. IKlimt and Yang,
2004, it was found that there is a correlation between the
volume of email a person receives and how much email they
have in each of their folders. This indicates that SVM should
perform best for users with a large amount of email. These
are exactly the users that active learning can help the most.

Many approaches to active learning have been proposed,
and it has been well proved that the number of required train-
ing examples can be drastically reduced, while maintaining
a high level of accuracylyengaret al., 2004d. However,
using active learning with SVM is a relatively recent phe-
nomenon. In 2000, a simple approach was proposed for doing
this[Schohn and Cohn, 2000; Tong and Koller, 2D01

To understand this method, one must first understand how

a daily basis, helping them to sort that mail is becoming in-SVM works. In a binary SVM classifier, training examples
creasingly important. One approach to alleviating thidopro are mapped into a vector space. A hyperplane is then found
lem is the design of algorithms that can automatically learrwhich divides the vector space such that positive trainig e
from a few examples the way in which a person organizesamples fall on one side of the hyperplane and negative train-
his or her mail. These algorithms can then use this learneithg examples fall on the other side of it. Since many such
model to sort the rest of that person’s mail. Several algodecision boundaries could exist, the one is chosen that will
rithms have been devised for automatic email classificationmaximize the minimum distance from the boundary to the
but support vector machines (SVM) have been shown to workearest positive and negative training examples. Twice the
particularly well for this task. However, the quality of SVM distance from the separating hyperplane to the nearest trai
in classifying email depends greatly on which documents aréng example is known as the margin.

used as the training examples. Automatically choosingwvhic  In hard-margin SVM, new training examples given to the
documents to train on, known astive learning, has been classifier will have no effect on the location of this hype
extensively studied in other domains, but not in email ¢lass if they fall outside of this margin, and would not provide new
fication. Using active learning, we could greatly reduce theinformation for classification. However, if a new training-e
number of emails a user would have to label in order to maxample is within the margin, the hyperplane will move, and
imize the automatic classification of his email. In this pape information will be gained. For the most part, soft-margin
we explore the application of active learning techniques taSVM will behave similarly. As shown in figure 2, the closer
SVM for email folder classification. We examine the state-to the hyperplane an unlabeled document is, the more likely
of-the-art algorithm for active learning for text classifion,  its label will improve. If the document chosen is labeledwit
and its performance on email. We also propose an extensidhe class that the SVM would have assigned it, then the doc-
to the algorithm to make it more suitable for the domain ofument closer to the decision boundary would decrease the
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Figure 1: SVM with Potential New Training Example Labels

margin more, thus refining the precision of the SVM. If the

document chosen is labeled differently that SVM would have
predicted, then the accuracy of the SVM is improved regard-
less of which training example was labeled. However, this is
more likely to happen with the document closest to the deci-
sion boundary, since this is the document for which SVM is
least sure of its prediction.

Thus, the approach proposed[8chohn and Cohn, 2000
chooses examples to be labeled by picking those closest to th
hyperplane first. This approach has a solid theoretical-back
ground as explained iTong and Koller, 200}, and performs
very well in empirical testingSchohn and Cohn, 2000In
fact, it was shown to have higher accuracy with only a por-
tion of the available training examples than a classifien&a
with all of them. It was also shown that near-optimal perfor-classifiers. A method for this extension is given[¥an et
mance can be reached when there are no longer any trainirg., 2003, which provides a generalized framework for solv-
examples that fall within the marg[ffong and Koller, 200l ing the problem. One approach they describe is to use the

In some domains, however, active-learning performancene-versus-rest method to reduce the problem to binary clas
with SVM can be improved even further, by taking training sifiers. Then, they choose the training example which is the
diversity into account. For example, consider the case in figclosest to any of the classifiers’ margins. In other wordsy th
ure 2, where you have two new unlabeled documents, andhoose the example with the minimum distance to the hyper-
you are only allowed to ask the user to label one of themplane from all combinations of classifiers and training exam
One of the documents is slightly closer to the decision beundples. This method must be similarly extended to deal with
ary, but it is also very near several other training examplesthe multiple classifiers used for different sections of amigm
which have all been identically labeled. The other documenmessage, as iiKlimt and Yang, 2004
is slightly farther away from the decision plane, but thexe a
no labeled documents anywhere near it in the hyperspace. ég Dataset
this case, you would likely do better by choosing the secon
document, as its label is less predictable, by virtue ofés b When evaluating automatic email folder classificationsit i
ing in a sparse area of the hyperspace. Taking advantage @hportant to test on a dataset that accurately models the use
this, it has been found that the heuristic above for SVM activ whom the system would benefit. For that reason, we must
learning can be improved by linearly combining the distancechoose data that is both realistic and has many users with a
of the new document to the hyperplane with the distance tdarge amount of email, such that active learning could be use
other training examples. This technique improves the diverful for them. Furthermore, the users in the dataset must have
sity of the labeled examples, and improves the performancemanually sorted their email into folders (using their own or
of the active learnin§Brinker, 2003. ganizational strategies). Then, we can compare our classi-

Email classification differs from text classification in nyan fications with their folder labels. We have therefore chosen
ways, though, and this is true for active learning as well. Tato use the freely available Enron Corpligimt and Yang,
be useful for email classification, some additional issuastm 2004 for these experiments, as it is the only email corpus
be addressed with these approaches. First, it must be adaptee are aware of which meets these requirements. The En-
for use with multi-class classification, rather than justdsy  ron corpus, which became available during court proceeding

Figure 2: “Diversity” of Training Examples’
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Figure 3: Accuracy with Active Learning Methods

against the Enron corporation, contains 200,399 messdges tion that was learned from the training examples using least
158 users. Almost all of these users use folders for sortsquares regression. Multi-class classification was handie
ing their email, and they exhibit a wide variety of organiza-ing the standard one-vs-rest approach. The parameters used
tional strategies. This dataset is currently availablénenét  in these experiments are approximately the same Helimt
http://www-2.cmu.edu/"enron/ . and Yang, 2004 However, the algorithms had to be mod-
Because of time constraints and the long runtime of SVMiified to be trained incrementally, to accommodate the active
we were limited in the amount of data we could use for the exdearning. Words were canonicalized using the Porter stamme
periments in our project. For our data, we chose the 100 of théor English[Porter, 1980 We then applied the “itc” term-
158 users in the Enron corpus with the least email. Althouglweighting scheme as defined [Buckleyet al., 1994, such
we would like active learning to be useful for users with thethat the valuewv;;, for termk in the feature vector for email
most messages, the techniques described in this paper weasggiven by

found to be intractable for some of the users in this dataset (log(fix) + 1.0) * log(N/ny,)
with hundreds of thousands of messages. Improving the effi- Wi = -
ciency of these techniques will therefore be an importa st \/Zj:1 [(log(fij) + 1.0) * log(N/n;)]?

in future work. Furthermore, the emails in the Enron datase\t/vhere s the frequency of terr in emaili. N is the num-
range from 1997 to 2002, so in practical applications, the al fi 4 Y b

gorithm may have a considerable amount of time to run fo'gl?;r?:aﬁlrsn\?vlfrggeghszveenbs%e% fsvir:cr?l?:gitt;ﬁ ttﬁtéiltgrlrji?;]ti):r
users with a lot of email. The largest user in our dataset stil

has about 2000 messages, which is enough for active Iearnir{ nction also results in feature vectors that are normdiline

it length.
to be useful. Basically, three algorithms are investigated, in additmn

. the baseline. For our baseline, the classifier picked which
4 Experiments emails to have labeled completely randomly. This is a com-
For our experiments, we devised a scenario in which an emarhon baseline in active learning research. In our first ex-
classifier is allowed to choose a small portion of a user'siemaperimental algorithm, which we will call “Standard”, new
to have them label. The classifier is then trained on these exraining examples were chosen that were, on average, clos-
amples, and is tested by the accuracy of its classification adst to the decision boundaries of the classifiers. This is
the remaining messages. With the classifier, we tried skveréhe method proposed {i5chohn and Cohn, 2000; Tong and
active learning algorithms for choosing which emails skoul Koller, 2001, which has been shown to be the state-of-the-
be used for training. The emalil classifiers used were baseakt in SVM active learning for text classification, extended

on those irfKlimt and Yang, 200} A separate SVM classi- one-vs-restas described above. The results for this #goyi

fier was trained on each of the different parts of the emails described in the next section, motivated our second algo-
message, such as “from”, “subject”, etc.. The scores forithm, called “Chrono-Diverse”. This algorithm simply g
each of these SVMs were then combined using a linear funceach training example such that it is maximally distant from
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Figure 4: Tuning of parameter

all of the other training examples with respect to the tinee th art SVM active learning method for text classification, per-
email was received. This means that the least recent emdibrmed horribly, even much worse than random selection.

is chosen first, followed by the most recent. Then, the email Fyrther investigation showed that the reason for this was
closest to the middle of the time span is chosen, and so forthhat, when the classifier did not have much training data, it
similar to a binary search. Finally, we tried a “Combined- ap found that all of the training documents would probably be
proach, which ranked potential training examples by takingabout equally informative. Thus, choosing which email to
a linear combination of the score from the other two activehaye labeled was decided by a very small difference in scores
learning algorithms. This introduces a tunable paramater, This is not the right approach, however, as it is known that
used in the linear combination: users tend to change the way they organize their mail over
time, and this information is not utilized in the “Standard”
method. Thus, we introduced the other extreme, the “Chrono-
Thus, “Chrono-Diverse” is equivalent to “Combined” with Diverse” method. Since this algorithm looks at emails sgrea
X = 0.0. evenly across time, it captures the diversity of the folaigri
We evaluated each algorithm by training it on 10% of aStrategies the user has used, and performs much betteliovera
user's data and measuring its accuracy in classifying therot This is consistent with the concept of diversity as a defgrab

90% of the messages. To train with larger portions of dat@! in active leaming, as introduced]Brinker, 2003,

would have been interesting, but was not tractable withehes The obvious weakness of the “Chrono-Diverse” method,
methods. We trained each classifier as detaild&limt and ~ though, is that when a large amount of training data has been
Yang, 2004, with a separate SVM for each of the sectionssS€en, the relative informativeness of the individual esail
of the email. A linear regression was then used to find th&ould be more useful than continuing to sample smaller time
weights to combine their classification score. We evaluate§egments. This is the motivation for the “Combined” model,
the scores for the classifier for each section. To make har@hich initially relies on chronological diversity, but eve-
decisionS, rank-based threshokjing was used, on|y tahmg t a”y uses the tr.adltlonal method for selection. The pqremet
most highly ranked folder as the prediction. We measured théor the “Combined” model), must be chosen empirically.

classification accuracy for each user, and averaged them f&Ur tuning ofA is shown in Figure 4. We found that 0.2 was
the final score. optimal for our dataset, but that the results were stablerss |

as\ was relatively small. We would have liked to further re-
5 Resultsand Analvs fine this parameter, but time did not permit it.

ySIS One final aspect of the results to notice is the relativelyrpoo
The results of our experimental runs are given in Figure 3performance of the “COMBO” classifier, while it has been
Each classifier was tried using random selection, as wekhown to be the best classifier in previous experimiimt
as our three other algorithms, with = 0.1, 0.2, and0.5  and Yang, 2004 Our hypothesis for its low score is that it
for “Combined”. Shockingly, “Standard”, the state-of-the suffers from the change to being incrementally trained. Whe

Score = \ - SCOTeStandard + (1 - )\) . ScoreChronoDiverse



choosing the weights for linearly combining its component[Porter, 198D M. Porter. An algorithm for suffix stripping.
classifiers, the “COMBO” classifier will give low weights to Program, 14(3):130-137, 1980.

a classifier that has performed poorly at classifying presio [gcnohn and Cohn, 2006. Schohn and D. Cohn. Less is
examples. Thus, it punishes some of its component classl- qre: Active learning with support vector machines. In
fiers for failing on old training examples, when they would Proceedings of the Seventeenth International Conference
correctly classify those examples if they were given to iwno on Machine Learning, pages 839—846, 2000

In the future, we will test this hypothesis by changing the ' ' )
“COMBO” classifier to retrain on all of the data every time [Tong and Koller, 200]15- Tong and D. Koller. Support vec-
one of its component classifiers is updated. tor machine active learning with applications to text alass

fication. Journal of Machine Learning Research, 2:45—66,
6 Conclusionsand Future Work 2001. 5

; - Yanetal.,, 2003 R. Yan, J. Yang, and A. Hauptmann. Au-
From these experiments, it is clear that the current state[ tomatically labeling data using multi-class active leagni

of-the-art techniques for active learning with SVM for text In Proceedings of the International Conference on Com-
classification are inappropriate for email folder clasatiizn, puter Vision, pages 516-523, 2003,

when applied alone. However, combining them with chrono-
logical information greatly improves their performancer+
thermore, itis clear that, initially, time information istaally
more important than the heuristics employed by the previous
methods.

Active learning for email folder classification with SVM
remains an open challenge. For future research, we will need
to improve the efficiency of incremental SVM training to al-
low these methods to be applied to larger datasets. In addi-
tion, more analysis needs to be done to see under which cir-
cumstances these methods do relatively well or poorly. For
one, we would like to see how their performance improves
when different amounts of mail are used, when the perfor-
mance improvement would become saturated, and how to ad-
just the sampling strategy accordingly to minimize usegrint
action and maximize effective learning by the system.
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