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Chapter 1

Introduction

In a world where information becomes available in ever increasing quantities, document
classification plays an important role by preselecting what we get to see and in what
order. Obvious applications range from search engines to spam filtering, but also more
specialist tasks can be approached with the same techniques. A particular problem, that
we focus on in this thesis, is document review done by legal experts in large corporate
litigation cases.

In common law judiciary systems, during the pre-trial process of discovery, litigants
are commanded by means of a subpoena to bring any relevant documents to the court.
In cases involving large corporations, this means that lawyers have to go through the
records that those are obliged to keep and produce any responsive (i.e. potentially of
importance to the case) documents. The number of documents under review could easily
run in the millions.

The review of documents has to be done by expensive legal experts and is very time-
consuming. Besides, even for human annotators the accuracy is not very high: a large
mismatch usually exists between the annotations of different people. It turns out that
both speed and accuracy of reviewers can be improved dramatically by grouping and
ordering documents.

Technology has been developed to support human annotators by discovering structure
in the corpus in order to present documents in a natural order. Usually this kind of
software takes into account the textual contents of documents only (see e.g. [32]). It is
our intuition that other levels of description, for example the group of people that worked
on the document or the visual layout, could be of importance in distinguishing relevant
items. Of course this idea, if proven fruitful, could be applied in a multitude of different
tasks, but the intuition that not just textual content, but many different properties play
a part in the annotation with responsiveness makes it an ideal testbed.

Conveniently, a large corpus has been around for some time now, that might provide

the possibility to put our ideas to the test. The Enron Corpus consists of about 250.000
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e-mails from the accounts of 150 top managers of Enron Corporation around the time of
the collapse of this U.S. energy giant. E-mail also allows us to construct an alternative
representation of documents, because it can bee considered as documents that live in
a community. The social network that is implicit in the group of people communicat-
ing offers a second level of representation, that is complementary to the textual level.
Combining different levels of description is what we will call multi-modality.

The development of document review systems has traditionally been severely impeded
by a lack of real-world annotated data. As we will see later on, corpora resembling the
data that is typically encountered in corporate ligitation is scarce and its annotation is
virtually impossible to obtain. We circumvent this problem by obtaining a small set
of labels from the context of a specific litigation trial. This leaves us with a number of
responsive documents, while examples of non-responsive documents are still not available,
a sub-optimal situation with respect to the development of a machine learning algorithm.
For this reason we test our hypothesis with respect to multi-modality in a framework for

one-class classification.

1.1 Research question

The Enron Corpus enables us to investigate the following central research question: can
we improve classification performance in a one-class setting by combining
classifiers of different modalities? Being specifically applied to the problem of dis-
tinguishing responsive documents in a corpus of e-mails, we hope that it will become clear
that the same principles might be succesfully applied to other classification problems.

To find an answer to our main research question, we have to define a data set that
allows us to implement and evaluate our approach. While we are lacking any large set of
corporate litigation data with sufficient annotation, we have to consider how to annotate
a real-world data set to represent a classification towards responsiveness?

Given the fact that we hypothesize that a multi-modal approach will improve overall
performance on classifcation, the second subquestion is how to construct multiple views
of different modality on the documents. In the case of e-mails, more specifically we are
looking at how to construct a powerful description of documents from the social network
that is implicit in a network of exchanged communication?

We adopt a semi-supervised approach from [51] to one-class classification. A first
problem we have to solve is that it assumes a clear separation between positive and
negative data and performance degrades dramatically when the positive data is under-
sampled. The third subquestion is therefore: how to implement and evaluate the Mapping
Convergence framework when very little positive training data is available?

Finally we then turn to the question how to extend the one-class framework to enable
multiple levels of description to support the classification? With this problem solved, we

will be able to answer the main research question.
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1.2 Contribution

This thesis’ contribution can be divided in three facets. Firstly, with respect to one-class

classification problems:

e We propose an alternative evaluation method for the Mapping Convergence frame-
work [51], that allows for broader applicability by dismissing the prerequisite that

positive and negative items must be naturally separable.

e We propose an extension that allows for it to be used and evaluated even when
very little positive training examples are available by introducing a cross-validation

step. We evaluate this extension on different corpora.

e We propose an extension based on co-training principles [6] that enables us to take
advantage of the availability of multiple redundant views on the data. We evaluate

this extension on the Enron Corpus, classifying towards responsiveness.
Secondly, with respect to representation of documents for classification purposes:

e We propose a way to turn the social network that is implicit in a large body
of electronic communication into valuable features for classifying the exchanged

documents.

e We then show that a combination of text-based features and features based on this

second extra-textual modality improves classification results.

Finally, with respect to the Enron Corpus and research aimed at developing tools for

supporting document review:

e We present a new, cleaned version of the Enron Corpus in relational database
format. Using the e-mails on the exhibit lists published by the U.S. Department
of Justice [48] we construct a dataset that can be used for training and evaluating
tools for classifying towards responsiveness. We are unaware of any other attempt

to bring this data into the realm of research.

1.3 Relevance to CAIl and SCA

This thesis is written as a final exercise for my studies in Cognitive Artificial Intelligence
at Utrecht University and Sciences Cognitives et Applications at Université Nancy 2.
Cognition science is inherently multi-disciplinary, incorporating fields ranging from lin-
guistics to computer science and from philosophy to psychology. While for students this
can be both a blessing and a curse, I feel that in this project I have greatly benefited
from this versatile background.

Central to both programs, I have been enrolled in for the last few years, is the

relationship between human and artificial intelligence. Machine Learning, which is at the
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core of this thesis, offers promising insights in exactly this field of research by allowing
a cross-fertilization of ideas. The other two main pillars this thesis is constructed upon,
Natural Language Processing and Social Network Analysis, also are strongly linked to
the questions approached by cognition scientists.

For me, personally, the combination of insights from different fields of research is one
of the most interesting of challenges. This is where progress can be made in this diverse

and fascinating field.

1.4 OQutline

This thesis is divided in three parts. The first, starting in the next page, aims to give
an overview of the theoretical background of the Machine Learning in general and more
specifically Support Vector Machines. Machine Learning (ML) is a vast and diverse field
with extensive foundations in mathematics. These will be touched upon and followed by
a more in-depth discussion of Support Vector Machines, one of the most prominent ML
technologies available and at the basis of our approach.

Secondly we turn to our experiments. After describing the data we work with and
defining the classification problem, we come to talk about the different ways we propose to
represent the documents in chapter @ Chapter Blis devoted to describing the algorithms.
We adopt a semi-supervised approach to one-class classification and develop a way to
implement and evaluate it with only very little positives available. We test this method
on two reference corpora. We also develop an extension to the algorithm that combines
different modalities.

Finally in the third part, we present results, opportunities for further research and

conclusions.



Part 1

Theoretical Background






Chapter 2

Statistical Machine Learning

This chapter aims to give a short and concise introduction to the central notions of Sta-
tistical Machine Learning and the general design choices to be made when building a
learning system. Hopefully this will enable the reader to continue into the next chapter
without too much trouble, where we will introduce the specific Machine Learning algo-
rithm used in the remaining part of the thesis: Support Vector Machines (SVM). Since
we do not intend to be complete, but only to convey the intuitions to pave the way for
chapters to come, the reader is asked to consult [29], [2I] or one of the many other good

text books on Machine Learning for more thorough accounts.

2.1 Learning

There are a lot of things that computers do better than us, humans. They are very good
at processing huge amounts of data, they do it extremely fast and don’t object to doing
boring work, just to name a few.

Getting a machine to perform a task generally comes down to exactly specifying that
task beforehand, although this is where trouble might come in. Sometimes the environ-
ment in which the machine will have to work is simply too dynamic or unpredictable
to anticipate all peculiarities, in the extreme case it might even be completely unknown
what it might look like. On another note, essential knowledge might be buried in an
enormous amount of data or available only implicitly by means of domain experts. If
a system that has to operate in an environment that fits to any of the aforementioned
characteristics, we would prefer it to be adaptive. In other words: we would like to have
a machine that learns from experience.

From Mitchell [29] we obtain a rather broad definition of Machine Learning:

A computer program is said to learn from experience E with respect to

some class of tasks T and performance measure P, if its performance at tasks

9
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in T as measured by P, improves with experience F.

In a way designing a learning machine is about putting this definition into practice. The
first question the definition raises is what it is exactly that we are trying to learn. While
there are no a priori limits as to what kind of structure this could be, in the case of
classification we are trying to find a function f : X — Y taking objects = and producing
labels y such that y = f(x).

Another important aspect is the kind of information our learning machine is supposed
to learn from. We can distinguish supervised and unsupervised learning. In the first case,
an algorithm fits its hypothesis to a training set, that specifies pairs of input and output,
trying to come up with a function that will generalize to unseen examples. We will see
an example of this in the next section. On the other extreme, unsupervised learning
amounts to finding structure in unlabeled data. The middle road is semi-supervised
learning, where part of the training data is labeled, but the model is also supported by
unlabeled examples. In any case the goal is inducing some kind of knowledge from raw
data.

Learning a solution to a Machine Learning problem thus can be viewed as searching
a hypothesis space for a function mapping inputs x to outputs y, as to optimize a per-
formance measure on that mapping. Note that, unless specified otherwise, in this thesis
we will maintain this notational convention. The key to stepping from this somewhat
abstract definition to a practically implementable paradigm, is to explicitly define how

to represent inputs, outputs and hypotheses, and specifying the performance measure.

2.2 Minimizing errors

Typically, inputs are vectors x of numerical or binary represented properties of objects.
Let’s take an example of a supervised learning problem to get some clear intuitions about
Machine Learning (example adapted from [31]).

Suppose we are trying to predict whether houses are likely to be sold within a number
of months based on the asking price and the living area: a classification problem. The
input space can be represented as a vector x of features (e.g. number of rooms, living
area, etc.).

The next step is to define the hypothesis space h. To keep things simple, we pick A

to be a linear combination of the feature values in x, parametrized by 6:
hg(X) =0y + 0121 + 029 + ... (21)

We can now clearly distinguish the role of the parameters . Note that the hypothesis
space limits the level of agreement between the prediction of h and the actual values.
If we are, as in the example, classifying from a linear function of number of bedrooms
and living area only, we build quite a crude model that might leave some crucial effects

unmodeled. On the other hand, deploying a high order polynomial, that matches the
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training data closely, might result in a hypothesis that generalizes badly too. We will
come back to this trade-off later in this chapter.

For classification we could take the following approach: when h returns a positive
value, we classify the item as positive and similarly for negative values. The decision
plane is then represented by:

ho(x) =0 (2.2)

We now have to find parameters 6 that optimize some evaluation metric over our
predictions. To represent how close the predicted values are to the actual ones, we define
a cost function C' over our £ training examples. For example we could implement the
ordinary least squares model, summing over the difference between realized and expected

values:
¢

C(0) = 5 3 (ho(x?) —y9)? (23)

i=1
The goal is to find the parameters that minimize the cost function. Several algorithms
exist to perform this minimization. A well-known algorithm that guarantees convergence
to a minimum is gradient descent. Apply the following update rule for all components of
0 until convergence, where xq is defined as 1 (i.e. 6y is the intercept) and « determines

the size of the convergence steps:

=0+« Z(he (x®) - y(i))xy) (2.4)
i=1

What we have seen so far illustrates what a typical supervised machine learning
problem might look like. Obviously many other representations, evaluation functions
and search algorithms are possible, but for a complete overview we again point to the
references mentioned in the introduction of this chapter. The goal of this section is to
use these simple examples to bring across some intuitions that will prove useful in later
chapters, but first we will take a look at some other considerations concerning Machine

Learning in general.

2.3 Maximum Likelihood Principle

The algorithm described in the previous section has the particularly pleasant property
that it’s fairly intuitive: it explicitly minimizes the difference between realized and ex-
pected values. A different perspective as to what hypothesis to pick is defined by the
Maximum Likelihood Principle, stating that we should search for the hypothesis that
maximizes the posterior probability density of the training examples.

An important point to take is that our model might not be perfect. Random noise

might pollute our data, and there might be some unmodeled phenomena in our input
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space. Let’s assume that the input and output variables are related as y(? = 0Tx() 4-¢(®),
where €(?)’s are normally distributed error terms with y = 0 and unknown 2.

We consider a set of £ observations D = (y(®,... ) Since the data points are
independent given the hypothesis, we are maximizing over the product of the probability

densities of the separate training examples.

14

hyr = argm}flcmxp(D|h) = argmgx]_lp(yﬂh) (2.5)

We now rewrite hjsz, as normally distributed with mean y and the same o2 as e:

Y
1 1 (1)) gy (1))2
hyr = argmax | | e 2.2 (M) =y 2.6
ML g A 11 Gy ( )

Maximizing the logarithm of this function yields:

‘
1 1 . .
_ _ (D)) _ ()2
hyr = argmax ;:1 In 55 27 (h(x*") —y') (2.7)

‘
- i (D)) _ ()2
argiiin ;(h(x ) —y'") (2.8)

The resulting objective function is exactly the same as we picked earlier based on the
principles of Least Mean Squares model. When assuming a random noise component
in the training examples, normally distributed with p = 0 and independent for every
example, this Bayesian approach supports the Empirical Risk Minimization formulation

presented previously.

2.4 Model selection

In Machine Learning, the goal is to learn the characteristics of the underlying distribution
from a limited number of training examples. Despite the fact that our hypothesis is based
on a partial view of the data, how can we make sure that it will generalize well to unseen
examples? As in the example earlier in this chapter, to find an optimal hypothesis we
have to fix the hypothesis space. In the example we chose to search for a linear function.
We could also have selected a high-order polynomial to fit the data as exactly as possible,
thus obtaining a much lower training error. The three images in figure 2] illustrate the
behavior of different hypothesis classes in a one-dimensional setting.

In the first case, we see a linear regression to the data points. The hypothesis is
extremely simple, but might miss some of the characteristics clearly present in the data
(i.e. the slightly quadratic distribution). The rightmost image illustrates the case of a
high-order polynomial, where all data points are modeled exactly. When asking ourselves
which of those models is the best for the data to be modeled, we have to ask which one

would generalize best to new examples.
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Figure 2.1: Bias-variance trade-off

Where the linear model might miss some characteristics of the distribution, it is said
to have a high bias, the polynomial model might be overfitting, it has a high variance.
The quadratic hypothesis (i.e. the center figure) seems to capture all relevant aspects of
the data, while abstracting over the peculiarities of the specific training examples. Of
course, the question is how to select the hypothesis class that yields the best generalizing
models.

Under some assumptions, Learning Theory [21] [49] offers us a way of formalizing a
bound on the real error based on the error realized on the training examples and the
capacity of the learned hypothesis. This bound will also enable us to understand more
formally the relative performance of different classes of hypotheses and thus the dynamics
of bias and variance.

For a learning machine, defined as a function h,(z),a € A, where A is the set of
possible parameter settings, we want to minimize the test error. Define the risk R (test
error) of a hypothesis over examples of an unknown distribution P as the integral over

some loss function L:
R(@) = [ Ly ha(0)dPGa.y) (2.0

Since we do not know the distribution P, we can’t calculate this value. We do have
a set of ¢ training examples, that we will assume to be selected i.i.d. (indepent and
identically distributed) from the same distribution as the test set. The empirical risk

(training error) is defined as follows:

0
> L(Yis ha(wi) (2.10)

i=0

|

Remp(@) =

As mentioned above, minimizing the empirical risk is equivalent to selecting the
hypothesis with maximum likelihood. We can also use the empirical risk to estimate the
risk, since the following bound has been shown to hold with probability 1 — » [49] [T1]:

log(2¢/h) + 1) — log(n/4)
14

R() < Repmp(a) + \/ dve( (2.11)

The second term in the right-hand side is called the confidence term. As can be

seen, the confidence term will converge to 0 as ¢ goes to infinity. The second element
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— - — - confidence interval
— — —empirical risk
= bound on the risk

increasing capacity——— >

Figure 2.2: Structural Risk Minimization

that determines the size of the bound is dy ¢, the Vapnik-Chervonenkis dimension (VC-
dim), that represents the capacity of the hypothesis (i.e. its position in the bias-variance
trade-off).

[21] defines the VC-dim of a function hq () to be the largest number of points that can
(in some configuration) be shattered by members of h,(z). This means that any binary
assignment of the points in the configuration can be perfectly assigned by the function.
For a straight line in R?, the VC-dim is 3, because three points can be shattered, while
4 cannot. In general, a linear plane in R™ has VC-dim n + 1 [49].

When performing Empirical Risk Minimization, we can get a real positive outlook by
getting the training error down to zero. However if this requires a hypothesis with a large
VC-dim (i.e. with high variance) this might still result in a large test error, overfitting
the data.

In figure[Z2] [49] the trade-off is illustrated. To obtain the hypothesis h* that optimizes
the prediction for the test error, we construct classes of hypotheses ordered by VC-dim.
By minimizing the training error and selecting the hypothesis with the lowest VC-dim,
we can select the optimal A*. This strategy is called Structural Risk Minimization and,

as we will see in the next chapter, is at the basis of Support Vector Machines.



Chapter 3

Support Vector Machines

Support Vector Machines are considered to be among the most powerful off-the-shelve
learning techniques available. They have a solid foundation in Learning Theory [49],
perform well on a range of learning problems [28] and are easily implemented using
freely available software (e.g. [10]).

In a comparative investigation by [28], SVMs show to perform consistently well on
a wide range of classification and regression problems. Even though on different prob-
lems some other algorithms are reported to achieve better performance, SVMs perform
very well across-the-board. An additional advantage they offer is the little tuning of
parameters that is necessary to get good performance.

Support Vector Machines have yielded good results in a large number of studies on
classification [24] [35, 53]. Special attention has been given to text classification. As
we will discuss more in detail in section [£3] the specific properties of text make SVMs
especially suited for the task [24].

In this chapter we will introduce the basics of Support Vector Machines, basing our

account mainly on [9] [TT) 2T, [49].

3.1 Maximum margin classifiers

In Support Vector Machines, Structural Risk Minimization is realized as margin maxi-
mization. Still having vectors x to describe objects and scalars y denoting their target
classification, assume we have a linearly separable set of points in R™ that we would like
to classify. We define the a hyperplane in this space with the formula w-x+b = 0. The
weights vector w is orthogonal to the hyperplane and |b|/||w|| is its orthogonal distance
from the origin. We now define the distance d; (d_) to be the shortest from a positive
(negative) point to the hyperplane. The margin between positive and negative classes is
then dy +d_.

15
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Figure 3.1: Maximizing the margin. The data can be linearly separated in many ways,
but the solid line uniquely maximizes the margin.

We would now like to find the values for w and b that satisfy the following conditions:

w-x; +b>+1 for y; = +1 (3.1)
w-x; +b< —1 for y; = —1 (3.2)

Scaling w and b, such that there are data points for which the equality holds, these
are on hyperplanes parallel to the separating hyperplane with a distance:
11-b —1-b 1
2wl el T

%(d+ bd) = (3.3)

The larger the margin of a hyperplane, the smaller its capacity. It can be proven that
the VC-dim of a maximally separating hyperplane in R” with d = dy =d_ = 1/||w|| is
bounded as B2

h < min(d—Q, n)+ 1 (3.4)
where all data points x are in a sphere with radius R [49]. This means that finding the
unique hyperplane that maximizes the margin is equivalent to following the Structural

Risk Minimization principles.

3.2 Formal description

As becomes clear from the intuitions in the previous paragraph, learning an optimal sep-
arating hyperplane is maximizing the margin. This is equivalent to solving the following

optimization problem:

1

s 2
min 5wl (3.5)
st yi((w-x;) +0)>1 Vi (3.6)

To transform this into a convex quadratic programming problem, we convert it to the

equivalent Langrangian formulation that we also minimize with respect to w and b and
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the positive Langrange multipliers «:

14 4
1
Lp = §HWH2*Zaiyi(W'Xier)Jrzai (3.7)
=1 =1

Setting the derivatives for w and b to zero, we obtain:

14

Vwlp =w — Z o;yix; =0 (3.8)
i=1
P ¢
—Lp=— iYi = .
b P ; gy (3 9)

Substituting these back into the primal, we obtain the dual formulation, that we

maximize in the positive orthant:

14 14
1
maaxz =3 Z QGOGY YK - X (3.10)
i=1 i

Qv
st Y oy =0 (3.11)
a; >0 Vi (3.12)

It has been proven that the Karush-Kuhn-Tucker conditions ([3.6), (3.8)), (3:9), (3:12)
and
a;i(yi(w-x; +b) —1) =0 (3.13)

guarantee that the values for w, b and « that optimize the primal and the dual problem
are the same [9].

We can now retrieve b from one of the formulas (313) for which o; # 0. From the
same formula also follows that for points that are not at the margin, at 1/||w]|| of the
separating hyperplane, the « is necessarily zero. This way the calculation of w depends
solely on the points that are on the margin, the support vectors. Resulting in a decision
function

y* = sgn( Z ;X - X" +b) (3.14)
iesv

3.3 The kernel trick

The biggest advantage of the reformulation of the original optimization problem as the
dual Langrangian, is that it at the same time allows us to formulate the interaction of data
points and the weight vector as dot-products. For this reason, the kernel trick enables
us to transfer our search problem from the n-dimensional input space to a potentially
infinite dimensional feature space. We define a transformation ® that performs the map
into some feature space H.

d:R"—H (3.15)
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Instead of explicitly mapping all vectors in our equations to this high-dimensional feature

space, we substitute the dot-products with a kernel function K such that:
K(Xi,Xj) == CI)(X,L') . CI)(XJ‘) (316)

An example kernel, mapping from R? to R3, could be K(x;,x;) = (x; - xj)2. This
results in the same polynomial expansion as the inner product of the resulting vectors of

the transformation function ®:

2
Ty

O(x) = | V229 (3.17)
a3
The big advantage of having the kernel function working on the dot-product of vectors,
is that the intermediate mapping by @ is done only implicitly. A mapping is possible,
without actually calculating all mappings of vectors into the feature space H. We keep
the convenient properties of a linear maximum margin classifier in the feature space, but
realize a non-linear decision plane in the input space.

Some often used kernel functions are the following [21]:

Linear : K(xi,%x;) = X; - X (3.18)
Polynomial : K(xi,%;) = ((x; - x;j) + 1)* (3.19)
Gaussian (RBF) : K(x;,%;) = e VIxi=ll (3.20)

We will see some of the properties of these three kernels in the following chapters. It is
however in principle possible to freely design kernels, as long as it is positive semi-definite
(Mercer’s theorem). For details see e.g. [40].

3.4 Soft-margin classifiers

C-SVM To this point, we have only considered linearly separable data. However in
practice this might be too strong an assumption. In the literature some extensions have
been proposed that allow for data to be not linearly separable. A first, intuitive possibility
is to introduce slack variables. The cost factor C' constrains the amount in which a data
point can contribute as a support vector [I3]. The optimization problem for this kind of

soft-margin classifiers is:

L
1 2
min = wl? +C ¢ 21
in Slwl*+C )& (3:21)

1=1
s.t. yz((W : Xi) + b) >1-¢ Vi (3.22)
& =0 Vi (3.23)
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For the dual Langrange formulation only the second constraints changes, limiting the

value of each « and influence of each support vector:

14 14
mo:taxz o — Z QGG Y YK - X (3.24)
i=1 ij
14
s.t. Zaiyi =0 (3.25)
i=1
0<a; <C Vi (3.26)

The parameter C' controls the trade-off between the two goals of keeping both the number

of training errors and the capacity of the classifier low.

v-SVM  An alternative formulation is described in [I1]:

L
i SIwl2—vo+ >& (3.27)
st yi((w-x;)+0) >p—¢ Vi (3.28)
& >0 Vi (3.29)
p>0 (3.30)

By formulating the primal Langrangian, setting the partial derivatives for w, b, &, p
and the dual variables to zero and substituting them back, we obtain the following dual

optimization problem (cf. [II] for the full deduction):

14

min Z QG Y YK - X (3.31)
i,j
¢
st Y iy =0 (3.32)
i=1

Y aizw (3.33)
1 ‘
0<0; < Vi (3.34)

In »-SVM, an additional variable p represents the margin around the separating hy-
perplane. In the literature it has been noted that r-SVM has an especially intuitive
interpretation: v is an upper bound for the fraction of margin errors and at the same

time a lower bound on the fraction of support vectors.

Relation The important difference between the two formulations is the interpretation
of the parameters C' and v. It has been shown that when v-SVM leads to a positive p,
it is equivalent to C-SVM with C' = 1/¢p [11].
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Chapter 4

The Enron Corpus

As presented in the introduction, the main research question we would like to answer
in this thesis is whether a multi-modal analysis of documents can aid in classification.
A particular example of a classification task that seems to require different levels of
description to be taken into account is the one towards responsiveness.

Large bodies of documents, resembling the ones that are encountered when reviewing
documents for corporate litigation, are very rare to appear in the public domain. For
both privacy-related and legal reasons such collections are, in the rare case that they are
assembled at all, usually not released. Consequently, the Enron Corpus (EC) is, with
respect to its sheer size and completeness, unique in its kind. Containing all e-mails
sent and received by some 150 accounts of the top management of Enron and spanning
a period of several years, the total number of messages reaches about 250.000. Almost
no censorship has been applied to the contents, resulting in a vast variety of subjects
ranging from business related topics to strictly personal messages. It is no wonder that
the EC has proved to be very attractive to the research communities concerned with
fields like Machine Learning, Information Retrieval and Social Network Analysis.

In this chapter we will take a close look at the available data (i.e. the Enron Corpus)
and available annotations. In section we discuss the pre-processing done on the
raw data and in section 4] the resulting data set is discussed. Finally we present the
representations for documents in the collection. The complementary nature of a text-
based representation and one based on the implicit social network in the corpus is crucial

to our investigation into combining multiple modalities to aid classification.

4.1 The Enron Corpus

On 25 May, 2006 Kenneth Lay and Jeffrey Skilling, the former CEO’s of Enron were
convicted on a number of charges including securities fraud, insider trading and other

financial crimes [33]. It was the result of a five month trial, that followed investigations
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into the 2001 bankruptcy of the company. The investigation, initiated by the Federal
Energy Regulatory Commission on February 13 2002, led to the publication of 2.2 ter-
abytes of information, including a huge amount of e-mails from the top-ranked employees

of the company [I7], now known as the Enron Corpus.

A short history In the mid-eighties Enron started out as one of many energy companies
in the United States, mainly specializing in natural gas. During the nineties Enron
slowly reoriented to other commodities and during what would be known as the dot-com
bubble it developed a completely new core business in energy trading. Turning electricity,
water, gas and even weather into securities, Enron was elected to be U.S. most innovative
company several times in a row by Forbes Magazine. Stock prices soared and the company
was considered to be one of the biggest and most powerful of the United States.

It was in the summer of 2001 when one of the CEO’s and mastermind behind the
successes, Jeff Skilling, decided to leave the company, that the first cracks became visible
in Enron’s facade. In the months that followed one after the other rumor came up,
causing the stocks to plummet and leading to the company’s bankruptcy in December
2001. The scandal that followed revealed the shady constructions that had been invented
to be able to cope with the need to keep the stock prices going through the roof. Enron’s
accountancy firm and several banks were involved and had to take heavy losses. Enron
had shamelessly manipulated the recently deregulated California energy market, leading
to the west coast energy crisis in 2001. In the meanwhile the top managers cashed out
millions while reassuring the market that everything would be all right.

Enron turned into one of the biggest corporate scandals the world has ever seen.

Dozens of executives have been convicted to sentences of up to 24 years in prison [I].

The corpus In the course of the trials, a great deal of the data that has been gathered
by the investigating agencies has been made public. A mildly preprocessed version of the
e-mail data became available in 2004, thanks to the work of William Cohen of Carnegie
Mellon University [12]. He transformed the raw data into a more usable format, that has
since been used by many around the world for research in a range of fields.

The original data set consists of about 600.000 text files, ordered in 150 folders, each
representing an e-mail account. In these folders any original structure the users created
has been preserved. Even though the files are raw text, each contains separately the body
and several of the e-mail headers. Some preprocessing has been done on the headers (e.g.
on some places e-mail addresses have been reconstructed). Attachments are not included.

The Enron corpus is unique in combining real-world social data with a huge scale.
It has opened up a completely new realm of possibilities to the research community. A
selection: subject classification [27] and folder detection [5], social network analysis [41]
and hierarchy detection [38], identity modeling [I5], reconstruction of threading [50] and

large (e-mail) network visualization [22].
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Our approach is complementary to previous work in that we explicitly use the multi-
modality of e-mail for classification. E-mail does not only consist of text, but it also
implicitly instantiates a social network of people communicating. We will construct doc-
ument representations modeling these distinct levels and combine them for classification.
We chose to classify towards responsiveness, whether or not the message is of interest
with respect to a particular litigation trial. Intuitively such a decision requires an in-
tegration of different aspects: not only the topic of an e-mail, but also the sender and
receivers are relevant.

Several versions of the corpus are available online. Besides the raw text corpus by
William Cohen [12], also a relational database version is available [4I]. In this existing
database, however, some important information regarding the social network has been
discarded. Since this is information is crucial to our efforts, we have decided to construct
a database from scratch. In paragraph we will describe the steps taken to clean all
data.

4.2 Responsive documents

When large corporations get involved in litigation and receive a subpoena to produce ev-
idence regarding the case, this usually means they have to go through enormous amounts
of data to be able to obey the court order. Since companies are required by law to keep
records of all documents that are created internally, the number of documents that has
to be taken into account can run in the millions. Review has to be done by legal experts
working at a rate of 400-1000 documents per day, leading to enormous costs. The eco-
nomic interest of speeding up and improving the process of finding documents that are
responsive (i.e. relevant) to the subpoena is huge.

Studies have shown that tools that group and order documents yield good results. In
order to develop and test a strategy to support human document review we would ideally
dispose a large set of pre-annotated data. Several attempts have been made to manually
annotate parts of the Enron Corpus (e.g. [5]). All of these are relatively small (several
thousands of messages) and typically annotated with subject, emotional tone or other
primary properties. Annotation with responsiveness is tedious and expensive, requires
legal expertise and is for those and other reasons usually not publicly available.

The solution we came up with is to use the lists of government exhibits published on
the website of the United States Department of Justice (DOJ). More specifically we use
the set of e-mails that has been used in the trials against the two CEQO’s of Enron, Ken
Lay and Jeff Skilling. The assumption is that this set of documents is constructed by
legal experts to represent all aspects of the entire data set with respect to the case. Of
course, a drawback could be the fact that it is just a subset of potentially relevant items.

From the DOJ we obtain a list of 186 e-mails. The fact that this is just a very small

set compared to the size of the entire corpus could be a major drawback. Also, while
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we expect that the set that made it to the court somehow covers all types of e-mails
found to be relevant, we also expect that a lot of tokens did not make it there. The
corpus potentially contains many practically identical messages that do not appear on
the exhibit list.

The fact that responsiveness is an ideal target for multi-modal classification, as argued
in the introduciton, and this set does indeed reflect this property are strong enough
reasons to use the DOJ set. We added the messages to the corpus, some of them were
already in there others were completely new. Any duplicates will be resolved by the
pre-processing discussed in the next paragraph.

Remark that the decision to work with the DOJ set means that we have to work
in a one-class setting, because we have only obtained labels for the positive set. The
algorithm we will develop in the next chapter will be specifically aimed at classifying
items based on a very small set of positive training examples and a large amount of

unlabeled data explicitly using multiple views of the objects.

4.3 Pre-processing

Due to its relational nature and enormous size, we convert the raw data to a relational
database. In the database we store all data that is directly related to the original corpus.
We have tables for messages, correspondents, files, actors, words and word frequencies.
For the database schema see appendix [Al

The Enron Corpus contains a large number of duplicate messages, ambiguous refer-
ences to actors and other inconsistencies. The first problem is partly due to the the fact
that some of the e-mail folders are automatically generated (e.g. all documents, sent
items). Also e-mails may appear both in the sender’s sent items and in the receiver’s
inbox. The first step of preprocessing after putting all 500.000 files in the database, is
unifying identical messages based on title and a digest of the body, immediately reducing
the number of messages by a little over 52%.

The second problem is the existence of ambiguities and inconstistencies among the
references in sender and receiver fields. These references are often just names, coming
from the personal address book of the user. To be able to extract the implicit social
network, we will have to identify these references. As a result we have to find out which
ones are in fact pointing to the same person. Consider that things like ‘Richard Buy’,
‘Rick Buy’, ‘Richard B. Buy’, ‘richard.buy@enron.com’, ‘rbuy@ect.enron.com, ‘Buy-R’,
etcetera probably all refer to one and the same person.

Using regular expressions we extracted firstname, lastname and, when available, e-
mail address from all references. Then, as a first step, we reassemble references that
occur in the headers of the same message. The idea is that often both a name and a e-
mail address occur in the header and the knowledge that we have an agent ‘Mark Fisher’

that has the e-mail address ‘mf@enron.com’ could be valuable information. Within the
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limited scope of a message header field we can be quite liberal in these unifications.

Having recombined these different references, the next step is to relate them to the
references in other messages. An actor is a collection of references that have been iden-
tified as pointing to one and the same person. We use the email address as a primary
cue: if we assume that if two references share an e-mail address, they surely refer to the
same actor. Secondly, for each yet unidentified reference we search for possible matches
in the set of actors with the same last name based on first name, prefix, middle name
and/or nicknames (from a list of common US English nicknames). Provided a group of
similar references refer to at most one actor in the network, we assume all yet unidenti-
fied references refer to that actor. As a result of these two steps, all different shapes of
Richard Buy’s name are in fact discovered to refer to the same person. In total we find
that 167.274 different references can be grouped as 114.986 actors. This includes a large
number of references that occur only once and a small number of more central actors
that is referred to in many different ways.

To be able to easily construct bag-of-words representations later on, we finally gen-
erate the lexicon making up the total collection of messages. we constructed a word list
and word frequency table from the bodies of the messages. We filter strings of length

smaller than 3, apply a Porter stemmer and bring all words to lower case.

4.4 Resulting data set

Cleaning the Enron Corpus reduces noise considerably. Messages have been deduplicated
and references to actors have been resolved. In the resulting dataset, based on the 517.617
original files, we have 248.155 messages and a network of 114.986 different actors (but
setting even a low threshold on activity will dramatically decrease this number). Even
though we can conclude that ambiguity and inconsistency have been reduced, some may
still exist. For example, a considerable number of messages are found to have more than
one sender. For our purposes this kind of errors is rare enough to be treated as noise.
Some characteristic plots are displayed in figure LIl Starting with the first plot, we
see that, as predicted by Zipf’s law, the frequency of words is inversely proportional
to their rank based on frequency. The second plot shows the distribution of message
sizes. The main peak is around 11 words, with most mass for lengths between 10 and
300 words. Important to see is that the average e-mail is a relatively short text, one
more reason to try to use other properties in classification. The third plot tells us that
even though there are some very active actors in the network, most are sending very few
e-mails. Just as well the number of receivers per message shows a Zipf-like distribution:
there are some e-mails with an enormous amount of receivers (up to 1000), but most
communication is aimed a small group of recipients. Finally the fifth plot displays the
number of e-mails per week that are sent over the timeframe of interest to the Enron

Corpus. Vertical lines indicate that a message in the DOJ subset is in that week. We
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Figure 4.1: Characteristic plots of the resulting data set

can see that the timestamps of e-mails on the exhibit list are clustering around crucial
dates like the California energy crisis (mid-2000 until mid-2001), the period leading up
to the departure of CEO Jeff Skilling (mid-2001) and the bankruptcy (end 2001).

4.5 Document representation

With the data cleaned and processed to a more usable format, we now turn to the
representation we use for e-mails. We will show that combining multiple complementary
representations, that both are discriminative enough to successfully classify the collection,
is beneficial to the overall performance.

The most obvious level of representation, and surely relevant to the distintinction
responsive/non-responsive, is the textual content of the documents. We include the

contents of body and subject fields in a bag-of-words representation, that has proved

6
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to be suitable for classification purposes. The idea is to construct a vector where each
feature represents a word of the lexicon and the feature values express some weight.

Secondly we propose a representation based on the role of senders and receivers of
the message in the network of people exchanging information. Intuitively this second
level of description also plays a role for human annotators in deciding whether or not a
document is responsive to a subpoena.

Other views of the documents are imaginable, but we leave those to future research.
This section will describe the feature sets we constructed in detail. First we turn to the
more traditional text-based representation, than we discuss the representation we build

based on the social network that is implicit in the network of communication.

Text Recall the generation of the lexicon described in section 3l We impose a number
of criteria on the terms: a minimum occurrence of 4 in the entire corpus and a minimum
length of 3. Also, all keywords are stemmed with a Porter stemmer and lowercased.
From this initial lexicon we construct vectors with each feature representing one
word. For the values we experiment with tf-idf, frequency and binary values, because
mixed results have been reported in the literature. The feature values for a word w in
a document d are calculated as follows. The document frequency df of a word w is the
number of documents in occurs in, the term frequence ¢ f is the number of times it occurs

in a document d, N is the number of documents.

binary(w,d) = 1 if w occurs in d
0 otherwise
frequency(w,d) = tf

t-idf(w,d) tf - log(N/df)

The feature set based on a bag-of-words representation has some properties that make
it particularly suitable for SVM classification with a linear kernel 23] 24]. First of all,
the feature is very high-dimensional (around 105.000 in this case). Also the vectors are
very sparse, because only a small number of the words actually occur in each respective
document. Thirdly, the terms that do occur in documents may have a huge overlap, even
if the documents belong to different categories. And finally there is a lot of redundancy
in the feature vector: a document typically has a large number of cues that signal a
particular classification. For these reasons we believe that also with one-class based
SVM algorithms, the linear kernel will perform best.

A problem that has been noted with extremely high-dimensional feature spaces for
one-class classifier is the so-called curse of dimensionality [16]. The observation is that
noise hurts performance significantly, especially in the case of learning from unbalanced
data. Intuitively the distance across a multi-dimensional space grows exponentially with
the number of dimensions, obscuring details. In practice this means that the behaviour

of one-class SVM algorithms becomes more and more unpredictable.
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To investigate this effect with respect to our algorithm we constructed two alternative
sets of text-based document representations. First we select a subset of words that have
the highest document frequency. The intuition is that the ones that occur in almost no
documents are unlikely to carry much information. This allows us to select any number
of features from the entire set.

The other way of reducing the dimensionality is by clustering features semantically.
We use a soft clustering approach proposed in [3]. Maximal cliques in the co-occurrence
graph are clustered to obtain a score indicating the probability a word belongs to each
cluster. Using this approach we obtain feature vectors of 6522 features, each representing

a deduced semantic field. Ambiguous words contribute to multiple features.

Implicit social network Network structures have received a lot of attention in scientific
literature and have proven to be useful in diverse fields like sociology, biology, engineering,
computer science and epidemiology [43, [30]. With the advent of the power to handle
huge graphs and the emergence of huge, real-life and easily accessible linked structures
on the internet, structure in social networks has become to be a much researched and
well-understood phenomenon [19].

Classifying objects based on the relations that exist among them, is known as Link
Mining [I§]. The idea is to base a description of data on the structure it lives in. Typical
tasks include for example subgraph discovery (i.e. graph related), link prediction (i.e.
link related) or classification (i.e. object-related). Obviously this last application has our
specific attention. For a survey of previous work on Link Mining, see [I§].

The structure of a large corpus of e-mail, like the Enron corpus, clearly is not homoge-
neous. The lines of communication implicitly instantiate a network of actors. By setting
thresholds on the number of e-mails on a connection, it is possible to generate versions of
the graph with different levels of connectedness. We set this threshold to 2, making sure
to take the majority of the traffic into account while discarding any accidental links with
no or little meaning. Thanks to the Zipf-like distribution of the connection strenghts
this reduces the number of actors to take into consideration considerably, without los-
ing much relevant information. We take the largest connected subgraph (95% of the
remaining actors) of this correspondence graph, resulting in a network of 30.094 actors.

Intuitively we would like our social network feature set to represent the position of
correspondents in the corporate network. It has been shown that certain properties of
nodes in a communication graph can serve very well to automatically detect the social
role of actors in the network [38], [47].

We adopt a set of commonly used features to represent key properties of actors [38,[7].
The communication network is a directed weighted graph G = (V, E), with n vertices V
and edges E. The first of twelve feature representing an actor is the activity of the actor

in the network:

1. the number of e-mails sent.
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In hypertext classification two features, that represent the authority that is assigned
to nodes by its peers, have proven to be very valuable. Nodes with a high number of
incoming edges from hubs are considered to be authorities, nodes that link to a large

number of authorities are hubs [25].
2. hub score;
3. authority score.

A range of different centrality measures have been proposed to model the position of
the node in the network. These depend on a undirected unweighted version of the
communication graph. We calculate the shortest paths in the graph with a Matlab
library for working with large graphs [20]. We obtain the distance from node s to t dg
and the number of paths from s to t o5;. The number of paths from s to ¢t via v is

denoted as o (v).

4. mean centrality: Cps(v) = ﬁ-

sEV vs !
5. degree centrality: deg(v) = |s|: (v,s) € E}

o'st(U) .
ost

6. betweenness centrality: Cp(v) =32 ,, 4

1

7. closeness centrality: Co(v) = e D)

8. stress centrality: Cg(v) = 3" 4 0st(V).
One feature characterizes the connectedness in the direct neighborhood of the node:
9. clustering coefficient: CC(v) = m :(v,9), (v,t),(s,t) € E.

For the final group we calculate all cliques in the graph with a Matlab implementation

of [§]. As features we adopt:
10. the number of cliques an actor is in;
11. a raw clique score: a clique of size n is assigned a weight 2"~ 1;

12. a weighted clique score: a clique of size m, with w the sum of activities of its

members, is assigned a weight w - 2771,

All twelve scores are scaled to a value in [0, 1], where 1 indicates a higher importance.
Each node can be assigned a social score [38]: a linear combination of these features. We
take all features to have equal weight.

Crucially, we are not classifying the nodes in the social network, the actors, but
messages that have been sent and received by these actors. To translate the properties
of actors to properties of e-mails, we construct a set of 37 features to represent each

message. A message is represented by three sets of 12 features, the first is the properties
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of the sender, the second the average of the properties of all receivers and the third is
the properties of the most prominent receiver (i.e. with the highest social score). The
last feature is the number of receivers. This set of features based on the social network
implicit in the corpus represents a quantification of the sender and receiver characteristics

of the message.



Chapter 5

One-class classification

We are now in the position to clearly state the classification problem and identify po-
tential bottlenecks. Recall that our main research question is whether a combination of
classifiers that cover different aspects of the documents under review will aid their classi-
fication. We use a large e-mail corpus, aiming for a classification towards responsiveness
to a subpoena. This finds its justification in the fact that it intuitively is defined by
multi-modal characteristics (e.g. the textual content and the role of the correspondents
in the organizational structure of the company). A big disadvantage that this results in
is the fact that a gold standard classification for litigation responsiveness is, due to legal,
economical and personal interests of the parties involved, is very hard to get hold of.

The Machine Learning problem that follows from this description and the available
data is discussed in the previous chapter is very typical for a particular class of Informa-
tion Retrieval problems. A small set of positive training examples is usually relatively
straightforward to obtain (e.g. the medical records of patients that are diagnosed with
a particular disease or the e-mails that occur on the exhibit list published by the DOJ).
However it is often very difficult (if not impossible) to develop a set of objects that com-
pletely reflects the complement of the positive class. Illustrative is our case, where we
have a clear intuition about what documents would be responsive, but the negative items
are, more than anything, everything else.

To sum up, these are the key characteristics and assumptions of the problem we are

approaching:

e In a very large set of documents, we have a small set of truly positive examples,

leaving the rest to be unlabeled;

e The ratio between positive and negative items in the corpus is unknown, but as-

sumed to be unbalanced where the positives are the minority class;

e The positive items are assumed to be drawn from a certain distribution, whereas

the negatives are everything else.

33
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Traditional Support Vector Machines depend on multi-class training data (i.e. labels
are available for more than one of the target classes). The first section of this chapter is
devoted to an attempt to define and SVM-based algorithm that is capable of constructing
hypotheses based on positive trainings examples only. It turns out that in practice those
are quite sensitive to choice of features and parameter settings and for that reason hard
to implement. Underfitting and overfitting are always close [16, 26, [37].

We then turn to a semi-supervised framework, Mapping Convergence by [51], that not
only looks at the positive examples, but is also supported by the huge amount of unlabeled
data that is available. This will be the basis for our own approach that is described in
sectionsB.3l B 4land 55l The core idea is to confidently obtain artificial negative examples
from the set of unlabeled objects that will support a process of convergence towards an
optimal hypothesis. We adapt the interpretation to make it possible to start with a very
sparse set of positives and still obtain a good estimate of the performance of the generated
hypotheses. As a second step, in section .5l we extend the algorithm implementing ideas

from co-training [6] to combine different and complementary classifiers.

5.1 Related work

A few extensions of the SVM algorithm have been proposed that enable learning in a
one-class setting. Both the Support Vector Data Description algorithm (SVDD) [45] and
One-class Support Vector Machines (OC-SVM) [39] are shown to be equivalent when
data vectors are scaled to unit length [44]. We will take the path of OC-SVMs, enabling
us to formulate the optimalization problem as in »-SVM and keeping the intuitivity of

that parameter.

OC-SVM The main idea behind One-class SVMs is to create a hyperplane in the kernel
space that separates the projections of the data from the origin with a large margin. The
data is in fact separable from the origin, if there exists a w such that K(w,x;) > 0, Vi.
For the special case of a Gaussian (Radial Basis Function, or RBF) kernel the following

two properties guarantee this:

For K(x;,x;) = e Ixi=il.
K(Xi,X]’) >0 Vi, j (51)
K(xi,%x;) =1 i (5.2)

Property[E.dlensures that the dot-product of any to projections in kernel space is positive,
so the value of the components of any projection vector is positive and we are looking at
the positive orthant. From (2] it follows that the length of any projection is equal to 1,
we are on the unit sphere. Therefore the data is separable from the origin.

Also in [45] the Gaussian kernel is shown to give a tight fit to the data, much tighter

than for example a polynomial kernel. For these two reasons it seems to be very well
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suited for use in a one-class setting. However there is no principal reason why other
kernels would not work.

As is pointed out in [39], the connection between One-class Support Vector machine
and binary classification is fairly strong. Supposing we have a parametrization (w, p)
for the supporting hyperplane of a data set {x1,...,x/}, we also have that (w,0) is
the parametrization of the maximally separating hyperplane for the labeled data set
{(x1,4+1),...,(x¢,+1), (—x1,—=1) ..., (=%¢, —1)}.

Also, supposing that we have a maximally separating hyperplane parametrized by
(w,0) for a data set {(x1,91),...,(Xe,y¢)} and with a margin p/|w||, we know that
the supporting hyperplane for {y1x1,...,yeX¢} is parametrized by (w, p). For the non-
separable case, margin errors in the binary setting correspond to outliers in the one-class
case.

To find the supporting hyperplane for a distribution, we solve the optimization prob-
lem of v-SVM. Slightly extending the interpretation in the previous chapter, in a one-class
setting v represents an upper bound on the fraction of outliers (margin errors) and a lower

bound on the number of support vectors.

Applications One-class classifiers can be used to estimate the distribution for a class
of training examples. There are two types of Machine Learning problems for which
one-class learning is very attractive [53]. In the first case we have a majority set that
is well-sampled, but we are unable to get any reasonable sample for the minority class.
This is the case in [35] and [34] where an ensemble of one-class classifiers is used to detect
malicious traffic on a computer network. The basic assumption is that most traffic is
normal and attacks are a-typical. This problem is known as outlier detection.

With the second type of problems the target class can be accurately sampled, but
the data is extremely unbalanced. In regular multi-class classification, this would result
in a bias towards the majority class, by rebalancing (of which one-class classification is
the extreme) this problem can be circumvented [37]. A particular example of a situation
like this is document classification [37, [52] 26].

In a comparative study by Manevitz [26] the performance of OC-SVM is compared
to other algorithms that are applicable in a one-class setting, such as Rocchio, Nearest
Neighbour and Neural Nets. It turns out that OC-SVM and Neural Networks are the
two most powerful algorithms. Their main conclusion with respect to OC-SVM is that
its performance is very sensitive to choice of parameters and features. A big advantage

however is that it is computationally much less intensive than Neural Networks.

5.2 Mapping Convergence

The small number of positive training examples and the sensitivity of OC-SVM seem

to suggest that applying it to our classification problem will lead to poor performance.
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a. OC-SVM b.1 MC: mapping b.2 MC: convergence

Figure 5.1: Artificial data in R?. Pluses are positive data, dots unlabeled.

Fortunately, besides a small number of positives, we also have a very large set of unlabeled
data. If we can use some sort of semi-supervised framework that can benefit from the
additional knowledge we have about the distribution of the unlabeled data, we might be
able to bootstrap the classification. This is where the Mapping Convergence framework
[51] comes in.

The basic idea behind Mapping Convergence (MC) is to exploit the gap between
negative and positive data [52]. What is meant by this, is best illustrated by figures (1]
reproduced from [51], that show how the distribution of unlabeled data is used to obtain
a boundary with good generalization performance.

Figure[5.Ila shows the OC-SVM tightly fitting the positive data (circles), ignoring the
underlying distribution of unlabeled data (dots). Since we have no further information,
the safest assumption is that the true distribution of positive data is that of the subset
we know.

A crucial intuition for Mapping Convergence is that, given a hypothesis h, items that
are further from the decision boundary are classified with a higher probability. In other
words: if we have a description of the volume where the positive trainings examples live,
we can take items that are furthest away from it to be most unsimilar to the positive
items. Figure[5.dlb.1 shows the mapping stage, where artificial negative items are created
by labelling the ones most unsimilar to the positive training examples.

This first approximation of the negative distribution serves as input for the converging
stage to move the boundary towards the positive training examples. We train an SVM
on the positive training set and the constructed negatives. The resulting hypothesis is
used to classify the remaining unlabeled items. Any unlabeled items that are classified as
negative are added to the negative set. The converging stage is iterated until convergence,
reached when no new negative items are discovered and the boundary comes to a hold.
In figure 5.I1b.2 we see the result of the convergence, that places the boundary between
clusters in the unlabeled data. In algorithm 1 is a formal representation of the Mapping
Convergence framework as it is proposed in [51].

Especially instructive is figure B2 reproduced from [51], showing seven clusters in one
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Algorithm 1 Mapping Convergence

Require:
positive data set P
unlabeled data set U
negative data set N =)
OC-SVM: 4
SVM: Cs.
Ensure: boundary function h;
1: hg < train C; on P
2: Ny < strong negatives (< 10%) from U by h
= remaining part of U
1< 0
while N; # () do
N < NUN;
hit1 < train Cy on P and N
]\714_1 < negatives from 15z by hit1
R-H < positives from ]5Z by hit1
t<=1+1
9: end while

o

dimensional space. In reality the fourth cluster from the left is positive, but all data is
unlabeled except for the dark subset of the positive cluster. The optimal boundary is
represented by the dashed lines, but a generic one-class algorithm would end up tightly
fitting the positive training data on (b, b;,).

Mapping Convergence is able to take advantage of the underlying structure of the
unlabeled data and give a good approximation of the optimal boundary. The initial
hypothesis places the boundary on (hg, hy), generating the first approximation of N with
data that is far away from the one-class boundary. The convergence step that follows
moves the boundary to (h1, h}), adding the unlabeled data that is recognized as negative
by hy to N. This process is iterated until no new data is added and the boundary remains
fixed.

Each new hypothesis h;y; maximizes the margin between h; and b,. Remark that
when the new boundary is not surrounded by any data, it retracts to the nearest point
where the data does live (cf. where the boundary moves from hs to hs). For the algorithm
to converge, there must live no data in the volume covered by the final step. For this

reason, to be sure that it does not over-iterate, MC depends on a gap between positive and

ho h, h, hs thye hy by h, h

AA

b b;: i

p

Figure 5.2: An illustration of MC in 1-dimensional space.
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negative data of at least half the distance between h;_; and b,. Because this condition
gets easier to meet as the boundary gets closer to b,, the algorithm automatically is
unlikely to select a boundary that is very far from the training data. On the right-hand
side of image we see that there is no gap that stops the convergence, resulting in the
boundary being placed on by,.

There is a trade-off in deciding how much data to label in the mapping stage. On
the one hand, a bigger initial set of artificial negatives will better cover the distribution
of the negatives. On the other, putting items in Ny that do not belong there results in
poor performance because the effect will accumulate in convergence. Our experiments
show that a proportion of 5 — 10% is enough to support the convergence and does not

hurt the performance on known positives very much.

5.3 A sequence of hypotheses

Now that we have discussed the framework Yu [52 51I] proposes, it is time to turn to
our own contribution. In the original papers, it is already noticed that the performance
of MC dramatically decreases when the positive training set is severely undersampled.
The explanation is that the algorithm is not able to detect the gap between positive and
negative data in an environment where too much unlabeled items act as noise obscuring
the border in the data. Iteration will not stop, causing the algorithm to overfit.

Given the nature of our problem, we are facing exactly such a situation where we
have only a small amount of positive data and we are not able to enlarge this set in any
way. To handle this, we will have to find a way to stop the iteration, before over-iteration
occurs. We will consider the convergence to be a sequence of hypotheses, where each step
is represented as a decision boundary in the feature space. The solution to the problem
of over-iteration is finding the hypothesis that maximizes some performance measure.

We propose the following way of qualifying performance. Note that we don’t know
the size of the subset of the data that is to be labeled as positive. Notwithstanding, the
key idea is to return a small part of the data that contains a large part of the positive
items. In that way we will find a hypothesis that strikes a good bias-variance balance.

In this paper we use curves like the one in figure B3l to reflect the distinguishing
power of a classifier. On each convergence step of MC a classifier is produced. On the
horizontal axis we plot the percentage of the entire data set returned, on the vertical
axis the approximate percentage of the positives that is found within that space. The
one-class classifier that is used in the mapping phase produces the first (unconnected)
point in the plot. After this we construct the curve, starting from the right-top with the
mapping hypothesis (i.e. selecting the objects furthest from the one-class hypothesis)
and moving left and down with each step.

The resulting curve can be interpreted in a ROC-like fashion. The upper left corner

represents a perfect classifier, points on the diagonal are random assignments. On each
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iteration step of MC, a classifier is generated that gives a point on a curve like figure
[3lf. The first point in the convergence will be close to the upper right corner: the
mapping stage is about selecting a small part of the data set containing only near-certain
negatives. From there each iteration will lead to a smaller selection (i.e. it moves left),
but potentially also a lower performance on the true positives (i.e. it moves down). A
large step leftwards corresponds to a large step in the convergence: a lot of unlabeled
data is identified as negative. A large step downwards signals a big loss in performance.

The key is to identify the point in the curve that rids us of most of the data, while
keeping a large part of the positive data to be classified correctly. The point on the curve
that is closest to (0,100) is the best classifier. In practice we have to decide on this in
retrospect. The distance measure can be weighted to assign more importance to recall
or precision, in this paper we will use the euclidean distance.

Note that, contrary to a genuine ROC curve, the performance curve is not continuous.
As a result it is not possible to calculate the area under the curve (AUC), nor can we
take any point on the connecting line pieces to be a candidate. Assuming that we can
identify where to stop the convergence, a curve is as good as its best (with respect to

some criterion) point.

Example 1: random data in R> To better understand the dynamics of the convergence,
we create random data in R? that also does not offer the large gap between positive and
negative data that will stop it. We create the following dataset: 75 positives and 1225
unlabeled data points, of which 1000 are negatives and 225 are noise. We randomly
generate clusters of positive data, surrounded by negative data. Some noise is added by
switching the classification of 1% of the data. We use 80% of the data selected randomly
for training and the remaining 20% for testing. Different ratios between the numbers of
positives and negatives give similar results.

The classification of this data is shown in figure The first image displays the
distribution of negatives (dots), unlabeled positives (diamonds) and labeled positives
(circles). Remark that the input for the algorithm only includes information about the
labeled positives, as can be seen in the second image where all unlabeled data is repre-
sented as dots. The resulting ROC-like curve shows how the hypotheses are performing
on separating out a small proportion of the entire data set, while maintaining perfor-
mance on the positive subset.

In the upper right corner of figure (31, the mapping stage (iteration 0) creates
a conservative hypothesis excluding only a small proportion of the unlabeled set. This
corresponds to the decision boundary in figure[5.3lb. From that the convergence proceeds,
with each iteration decreasing the number of unlabeled items that are selected. The
performance on the positive set starts out to be good, until the point where overfitting
takes place. This corresponds to the situation depicted in the B.3le. If we stop the

convergence on the fifth iteration, giving us the classifier closest to the upper left corner
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a. the data b. 0: mapping c. 2: converging. . .

d. 5: optimal e. 15: overfitting f. performance curve
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Figure 5.3: Random data in R?: spacial representation of convergence and resulting per-
formance curve.

of the plot, we obtain a fairly accurate description of the data.

Example 2: reference corpora In this section we will reproduce some experiments from
51 B2] to better understand the algorithm and to see how this behaviour is expressed
using the performance curves we defined above. We look at what happens when positive
data is undersampled by removing positive data and adding noise. Furthermore, for the
linear kernel we examine the influence of reducing the number of features and for the
Gaussian kernel we experiment with setting the v parameter.

We use two reference corpora: the INEX 2008 XML mining corpus [2], containing
text files with subject class labels, and the Letter recognition data set [42] from the UCI
Machine Learning Repository [M], containing samples of handwriting classified with the
correct symbol. The INEXO0S8 corpus contains 11.437 objects described by 78412 features
representing a bag-of-words representation with tf-idf values. The vectors are very sparse
(at an average of 103 non-zero values per document), so we will use the linear kernel.
We use classes 8 and 6 as positive, while all others are negative. The Letter recognition
data set contains 20.000 instances, described by 16 features. Since these vectors are not
sparse, the Gaussian kernel will be the best option. We use classes 0, 1, 2, 3 and 4 as
positives. In both cases about 20% of the data is now labeled as positive.

For our experiments we use 20% of the data for testing. The remaining 80% of

negatives is always included as unlabeled data. Of the positives we include specific
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part as training data and another part as noise. Potentially this leaves some positive
instances unused. To keep this discussion concise we will put the performance curves of
our experiments in Appendix

In [52] it is noted that the algorithm tends to over-iterate when positive data is
undersampled. To test this claim, our first experiments classify the data with different
amounts of the positives as training data and without any noise. With both corpora the
effect is clear (cf. figures[B.Iland [B.4)): removing training data, even with no noise in the
unlabeled data, severely hurts the performance. With less data steps are bigger and the
curve in extreme cases even reaches (0,0). A potential explanation can be found in the
performance of the OC-SVM that is used in the mapping phase: removing data moves
the first unconnected point significantly towards (0,0).

Yu also claims that the addition of noise barely has any effect on the performance
of the framework. As can be seen in figures and [B.E] this is correct. Continuing
with only 12,5% of the positive data for training, adding equal parts of noise does not
make a big difference. We added up to 7 times more noise than trainings data (i.e. the
remaining 87,5% of all positives) without clearly hurting the performance.

In both cases we now continue with 12,5% of the positives as training data and 50%
as noise (ratio 1/4). For the INEX08 corpus, with the linear kernel, we test if removing
features has a positive effect on the performance (cf. figure [B:3). Actually we see that
a reduction can be helpful (10.000 features) but if to much is removed performance
deteriorates, ending with the overfitting and erratic results with 100 features. In the
next chapter we will see the influence the number of features has for our attempts to
classify the Enron corpus.

The other corpus is used with the Gaussian kernel, so we have an additional parameter
7 (cf. figure[B.6G). It turns out that the best value for this data set is around 0.01. Larger
values give larger steps, and ultimately an immediate jump from the mapping phase to
the endpoint in (0,0). To small values for v result in overfitting and erratic behaviour.
Both observations comply with our intuitions about - controlling the smoothness of the
hypothesis. Apart from the two mentioned phenomena, the result for different values for

this parameter don’t change much for the overall result.

5.4 Generating hypotheses from unlabeled data

When applying the framework described above to the case of Enron, we encounter a
serious problem: how to estimate the percentage of positive returned by each hypothesis
when no labels are available for the largest part of the data set. To calculate the per-
centage of data that is returned, we can simply leave out part of the unlabeled data in
the training phase and use a prediction on that to estimate the performance. Because
we have only 186 positive training examples (whereas the entire data set contains over

250.000 items) and all of them represent a distinct part of the search space (legal experts
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Figure 5.4: Approximation of performance with cross-validation. Left for the INEX08
corpus (linear kernel), right for the Letter recognition data set (RBF kernel).

have selected exactly this set to present the evidence) leaving out a part here would
almost certainly hurt performance.

As a solution, we introduce a cross-validation step in the algorithm. Each step in
Mapping Convergence process will now be carried out with a 5-fold split over the positive
data. We train a hypothesis on 4 parts, and predict on the remaining fifth part and the
entire unlabeled set. This results in exactly one prediction per item in the positive set,
and after aggregating the five predictions for the items in the unlabeled set we get a
single prediction there too. This allows us to obtain a solid estimate of the performance
of the hypothesis.

For the two corpora introduced in the previous section we tested this approach by
comparing the curves generated by the cross-validation approach with the curves that
are generated in the same run of the experiment by testing on a part of the data that has
been held out for that purpose. As can be seen in figures [5.4] the approximation is quite
satisfactory: the approximation closely follows the results measured with a held-out test
set.

Note that the introduction of a random five-way split in all stages of the convergence
introduces some irregularities in the outcome of the algorithm. Using a higher cross-

validation will solve this, but comes with a (computational) cost.

5.5 Combining classifiers

Now that we have a reliable way to estimate the performance of a classifier, even when
very little labeled data is available, we can start looking at an extension that will allow for

multiple views of the data to be combined. In chapter @ we defined two complementary
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views of documents in the Enron Corpus, one based on the text and the other on the
implicit social network. The intuition is that a judgement based on the two should be
more reliable than each one separately. In this section we propose to combine the MC
algorithm with the idea of co-training, but first let’s take a look at a more naive way of
combining predictions.

Combining different classifiers to improve overall performance is known as Ensemble
Learning [14]. Essentially, the combination of multiple imperfect classifiers results in a
superior performance. In our interpretation of the MC algorithm as producing a sequence
of classifiers, we can generate predictions on a test set on each of the steps. In fact this
is exactly what we wil do to determine the position in the performance plane, using
cross-validation for the positive examples.

Now suppose that we take classifiers based on different views. Both have classified
all items in the test sets, but potentially have made errors. The idea is that when one
of the two has made an error, it can be corrected by the second. Since we obtain for
each prediction a number in [-1,1] that represents the classification and confidence, we
can average these predictions over multiple classifiers. The classifier that is most certain
will ‘win’ and, in case of an error, correct the other.

An improvement of the performance will be easily recognized as a movement up or
left (or both). When we move left in the performance plane this means that we select a
smaller part of the data set, while a movement up can be interpreted as a increment in
the percentage of positives that is retrieved. As we will see when we discuss the results
of our experiments in chapter [6, combining classifiers in this way results in exactly these
effects.

If we can establish that combining the predictions of multiple classifiers representing
different modalities does indeed aid classification, it would be interesting to see if we can
adapt the MC algorithm to take the different views into account on each of the steps.
We will have different classifiers cooperating in a way that closely resembles the concept
of co-training [6]. On each step of the iteration the more confident classifier will be able
to overrule the other. Predictions are aggregated and a fixed percentage of the items
is labeled as negative. The algorithm we propose to implement this idea is depicted as
algorithm 2. Note that we are not necessarily labeling all data until convergence, only
part of the data is needed: the ones that both classifiers agree on to be negative.

There are three differences with the original algorithm discussed in setion First
of all we start not with one representation for the data items, but with n different views
of them. An intuitive way to view the relation with the previous version is that we are
processing n different convergences simultaneously. The interaction takes place only by
means of the aggregation function, the second addition, that combines the predictions
and thus creates a filter that can be used to select the items to label. A final difference
is that in the convergence phase, not all items that are recognized as negative are added

to the N. Only the ones that are agreed upon with the highest certainty are labeled,
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Algorithm 2 Mapping Co-Convergence

Require:
n views of the positive data set P(1) ... P
n views of the unlabeled data set UM, ... U™
n views of the negative data set N(V) =@,..., N™ ={
OC-SVM: ¢4
SVM: Cs
Aggregation function: Agg.

Ensure: boundary functions hl(-l), . ,hl(-n)

1: hék) < train C; on P Vkell,...,n]
2: predék) < predict with h(()k) on U Vke[l,...,n]
3: No(k) < strong negatives (< 10%) in U®) by Agg(predgo)7 . ,predén))

Pék) < remaining part of U*) Vke[l,...,n]
4:1<=0
5: while Ni(k) #0 Vkell,...,n] do
6 N® <« N® yN» Vkel,...,n]
7: hg_’f_)l « train Cy on P*) and N(® VEell,...,n]
8: predz(-i)1 <« predict with hz(-i)l on Pi(k) Vkell,...,n]
9: Nl(f)l < strong negatives (< 5%) in ]%(k) by Agg(predg_ogl, . ,predgz)l)

Pz(ff)l < remaining part of Pi(k) Vkell,...,n]

10 1<1+1
11: end while

limited to 5% of the entire data set.
In the next chapter we will see the results of classifying Enron with the MC algorithm
proposed in this chapter. Also we will see the results of combining multiple classifier using

both methods described in this section.
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Chapter 6

Results and Analysis

6.1 Implementation

We implement our framework in Python, and use the LIBSVM library [I0]. As briefly
discussed in section we use the linear kernel for the text-based feature sets and the
Gaussian kernel with the social network-based sets. An important parameter for both
is v, that bounds the number of margin errors or outliers. By picking a small value, we
ensure that the algorithm is forced to come up with algorithms that stay true as much
as possible to the training data we gave it. We pick v = 0.1 for all experiments. For the
Gaussian kernel we also have the v parameter, controlling the smoothness of the decision
boundary, that we will discuss later.

Although Support Vector Machines are computationally not very expensive, for prac-
tical reasons we have decided to run our experiments on a subset of the corpus. In all
experiments we use the same sets of 186 positive examples obtained from the DO.J exhibit
list and 10.000 randomly selected unlabeled documents. For testing on the positives we
implement 5-fold cross-validation, for testing on unlabeled items we hold out 500 items.
This way we can construct the performance curves as discussed in the previous chapter.

LIBSVM can be set to produce probability estimates for each of the classes. These
are based on a method by Platt [30] [46] that fits a logistic function to the output of an
SVM to generate posterior probabilities. This algorithm assumes that the distribution
of positive and negative data points in training and test sets are equal. Crucially this is
not the case in a one-class setting, nor in the convergence steps where the distribution
in the training set actually changes on each step.

Alternatively we slightly alter the code of LIBSVM to directly output the distance to
the decision plane. This indeed is a measure of the confidence of the prediction. After
scaling to [-1,1] we can aggregate the predictions of multiple classifiers, in this case by
taking averages. A more advanced way of capturing the confidence of predictions might

be subject of future research.
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6.2 Classifying Enron

In this section we present our results classifying the Enron corpus using the two document
representations discussed in chapter .5l We try to get the optimal setting of parameters
to obtain good classifiers for use in the next section, where we will try to combine their
predictions.

We present the performance curves of the best classifiers for each type of features.

The accompanying results that are discussed in the text are in appendix

Text-based representations For the text-based representations, we first of all have to
decide what type of feature values to use. It turns out that both binary and tf-idf values
give similar results, the latter being slightly better and more stable (cf. [CT)).

Because we use a one-class classifier, the dimension of the feature space might be
important (for reasons discussed in chapter [L3]). Even though with our reference corpus
we had a slight increase in performance by reducing the number of features, no such
thing happens in this case (cf. [C2). We even observe that the OC-SVM performs
considerably worse with less features, but the convergence itself is not hurt. Also the
reduction of features using semantic clustering does not seem to improve anything (cf.
[C3).

Overall best and most stable performance is obtained using all features with tf-idf
feature values. The performance curve is shown in figure We can see that during the
convergence performance degrades slowly, with a drop at the end. The key is to select
a classifier that is just before the drop. Note also that the algorithm is clearly beating
OC-SVM. The algorithm takes a huge first step in the convergence, yielding a hypotheses
that separates out 75.8% of the positives in 16.8% of the data.

201 ‘ 1 201
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Figure 6.1: Enron: text-based. Figure 6.2: Enron: social network-based.
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Social network-based representations Because of the different nature of the features
used in the document representation based on the implicit social network, we have a lot
less tuning to do. The feature values are fixed and reducing the number of features is also
not an option. However, with the RBF kernel we have an additional v parameter. Our
observations largely correspond with what we noticed varying the value of this parameter
for the Letter recognition data set in the previous chapter. The optimal value that we
have found is 0.1. Bigger values lead to underfitting: large steps in the convergence.
Smaller values lead to underfitting: good performance until a certain point, and erratic
behaviour thereafter.

The best and most stable performance is obtained with v = 0.1. The performance
curve is shown in figure Optimally we select 71.5% of the positives in 9.4% of the
data.

6.3 Combining classifiers

In this section we present the results of combining the classifiers from the previous section.
The two methods are described in detail in section It turns out that in both cases
best results are obtained using the bag-of-words representation with all features and tf-idf

values with the social network feature set.

Naive method The simplest way of combining two classifiers is to take their predictions,
aggregate those (in some way) and measure the performance. This is exactly what we

are doing in this approach. For an aggregation function we simply take the average of

100

o //B_E/E—wa@_g\a
80 a

70

60

50

40

30

20

20

10

10 B— social network | —8— text + social network
— © —text 0 R . . . n " " " n

ok 10 20 30 40 50 60 70 80 90 100
10 20 30 40 50 60 70 80 90 100

Figure 6.4: Enron: combination of classifiers
using the Mapping Co-Convergence frame-
work.

Figure 6.3: Enron: naive combination of clas-
sifiers (examples).
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classifier % data % pos  distance
fext (bow tEidf) 758 168 295
social network 71.5 9.4 30.0
text + social (naive) 81.6 9.2 20.6
text + social (MCC) 90.3 6.4 11.6

Table 6.1: Comparison of the different classifiers.

the predictions. This, of course, could be a point for improvement but we leave that to
future research.

See figure By means of example we combined the classifiers we get at the 120
and 13 steps on the social network curve with the 2"? and 3'¥ steps on the text curve
respectively. The fact that we observe a movement towards the left-top means that we
get a classification that takes less data while retrieving more of the positives. There is
something to be gained by combining the predictions based on different representations

of documents.

Mapping Co-Convergence The idea of this approach is to combine the different views
on the data on each step of the conversion. Every time a limited number of objects
that is classified as negative with the highest certainty by the two classifiers combined is
labeled. The hypotheses appearing on the curve are based on a small part of the data.
The performance is excellent, staying above 90% recall of the positives while discarding
over 90% of the data.

As explained before, we can compare the curves by comparing their “best” classifier.
We take the Euclidian distance to (0,100), the perfect classifier, to be the measure of
comparison. Of course we can define other performance measure that take into account
that we find recall more important than precision or vice versa. In table are listed the
best classifiers of the curves discussed in this chapter. We can see that the combination

of social network-based and text-based feature sets does indeed yield very good results.



Chapter 7

Conclusion

7.1 Discussion

From the results presented in the previous chapter we can conclude that our approach to
document classification by using multiple levels of description does yield excellent results.
Implementing ideas from co-training within the Mapping Convergence framework has
enabled us to dramatically improve classification results. First we discuss some crucial

observations with respect to our framework.

Initialization of Mapping Convergence It appears that the mapping phase of the frame-
work is crucial for a good result. Any bad classifications made will have a snowball effect
and impede performance severely. It is however necessary to include enough data in hte
first approximation of the negative set to support convergence. From our experiments
it seems that labeling 5-10% with a one-class classifier is usually enough to keep the

convergence going.

Dependency on parameter selection Even though the number of parameters is not
huge, the algorithms are somewhat sensitive to the selection of parameters. Some of
them we have been able to select by looking at its properties, for others however this is
not so easy to do. As can be seen from the test results on the reference corpora their

influence is sometimes quite substantial.

Instability as a result of random cross-validation We introduced a cross-validation
step to be able to work with a corpus which does not contain labels for much of the data.
This is however another source of instability. The split is randomly made on every step in
the convergence. After several runs we have picked average results, but there sometimes
was a discrepancy of about 10% between runs. This could be reduced by using 10-fold

crossvalidation or higher, at a computational cost.
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Lack of training data From our tests on INEX08 and the Letter recognition data set
it appears that the size of the initial positive set is of capital importance. Reducing the
number of positive training examples has a striking effect on the overall results. In Enron
we have a very small set of positively labeled items, that we used with a random subset
of the rest of the corpus. Using it with the entire corpus might cause the unlabeled data
to flood the positives after all. It might be that the combination of different views in

Mapping Co-Convergence partly handles this problem, but that has to be verified.

Confidence measure for SVM Research on ways to assign a confidence measure to the
predictions of Support Vector Machines is an active field. A well-known approach by
Platt [36] is actually implemented in the LIBSVM toolkit [I0] we used. Unfortunately,
because of an assumption made by this approach it is not applicable in our case. We
decided to use a scaled version of the distance to the decision plane as an indicator of

confidence. This is definately a point that can be improved.

Aggregation function Also the way we combine the prediction of different classifiers
is quite naive. In fact we take the average of the predictions. It is clear that this is an
approximation and lacks solid theoretical support, but future research is necessary to

come up with a better solution.

Verification on an annotated corpus In spite of the fact that cross-validation offers a
fairly good approximation of results, we would still like to replicate the success of our
Mapping Co-Convergence framework on a fully annotated corpus. However we depend
on a classification target that justifies the use of multiple views. Also we would need a

corpus that does have more than one complementary annotations available.

7.2 Future research

Our approach has displayed good results, but can be improved in may ways. We would

like to list some of the opportunities here.

Additional views We use the textual contents and the implicit social network in the
corpus as bases for our document representations. It would be interesting to see if other
descriptions would be good candidates. One could think of things like the visual layout,
attachments, etcetera. Theoretically adding more views would ever increase the power

of the framework we defined.

DOJ data set Given the economical interest of research related to document review
and the lack of any publicly available data sets that represent a classification towards
responsiveness, we believe that the DOJ data set that we have introduced might prove

useful for further research.



7.3. MAIN CONCLUSIONS 53

Applications to document review In document review technology the general strategy
is to present documents in a natural order to the user to improve human performance. For
example, usually potentially responsive documents are grouped together. Our approach
has showed to be capable of accurately identifying a small part of a large data set
containing almost all positives.

In that respect it would also be interesting to see if it is possible to use the additional
input and corrections from users during the review process. For that we would have to

look at ideas from active learning.

7.3 Main conclusions

Returning to the subquestions that we formulated in the introduction we reach the

following conclusions:

e From the exhibit lists that are published by the U.S. Department of Justice, we
obtain the e-mails that have been used in a particular trial. This proves to be a

good basis for a classification towards responsiveness.

e We have constructed a representation of e-mail documents based on the social
network that is implicit in the exchange of communication. Social network features
of senders and receivers, that encode the role of the actor in the organization, can be
used to classify e-mail. The principle has already been applied to detect the position
of these actors in the hierarchy, but its application to document classification is,

for as far as we are aware, a novelty.

e Our alternative evaluation method of the result of Mapping Convergence allows
us to apply it to the more general case where no natural gap between positive
and negative data exists. Using cross-validation we developed an approach to
approximate performance when only a very small set of labeled (positive) data is

available.

e We have extended the original MC framework using the concept of co-training.
Combining different views and using them to generate predictions as to what is to

be labeled as negative turns out to yield excellent results.

With respect to our main research question, whether we can improve classification per-
formance in a one-class setting by combining classifiers of different modalities, we can
answer affirmatively. A combination of social network-based features with a more tra-
ditional text-based representation improves overall performance in classification towards
responsiveness. Especially the incorporation of co-training in the Mapping Convergence

framework seems promising.
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Appendix A

Database schema

A.1 Tables

We construct a database from the data from the Enron data set published by William
Cohen [I2]. All data is in the six tables displayed in white (file2email, message, corre-
spondent, id_evidence, words, freq). Only the first four are concerned with representing

the corpus. The latter two contain the lexicon.

+lD +lD
conpusfile first

#miD i type last
*-0rigin reference email

agent

Figure A.1: Database schema of Enron DB.

file2email contains and ID, the original datafile (corpusfile), a reference to the corre-
sponding message (mID), a header field added by Cohen containing a reference to the

account it comes from (x-origin).
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message contains the actual messages. An ID, the date (normalized for timezones),
subject, body and an MD5 digest of the body (bdigest).

correspondent contains the information from To/From/etc fields. An ID, a reference
to the message (mID), type (TO/FROM/CC/BCC), the reference string (i.e. the email

address/name), a reference to the reconstructed evidence (evID).

id_evidence contains reconstructed identity evidence: an ID, first name (and/or ini-
tial(s)), last name, email address and the agent ID. Each row represents a reference in
one message (potentially by multiple strings, e.g. Mark Fisher and mf@enron.com in one
message). The agent field links several rows of this table together, so all Mark Fishers

in different messages refer to the same agent.

A.2 Views

We also define four views to simplify access to the data.

L1 E] % EEd L1 EX] L1 EX]
= = e =
corespondent_view agent_wview receivers_view senders_view

miD agent miD miD
type reference agent agent
agent

Figure A.2: Database schema of Enron DB: views.

correspondent_view shows all correspondents (agents) per message.
agent_view shows the references that are linked together as an agent.
senders_view shows only senders.

receivers_view shows only receivers.



Appendix B

Reference corpora: classification results

B.1
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Figure B.1: We consider an artificial division of classes
8 and 6 as positive (21%), and the rest as negative. In
all cases we use 80% of the data to train a hypothesis
and the remaining 20% to test it. This first exper-
iment aims to show the influence of removing posi-
tive training data. We start with all positive data as
known positives and all of the negatives as unlabeled
items. We then remove part of the positives (50%,
25%, 12.5% and 6.25%) and observe that performance
degrades: larger steps and conversion to (0,0) in the
extreme cases.

Figure B.2: Here we continue the experiment by look-
ing at the influence of adding noise to the unlabeled
set. We start out with 12,5% of the positives and
all of the negatives as unlabeled (1/0). We then add
more and more noise by putting unused positives in
the unlabeled set as noise, up until 7 times the size of
the positive training set as noise. Performance stays
quite stable.
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INEX08: Number of features

—a— 78412
< - © - 10000
—O— 1000
< 100

s’ -
.
& -
8; -
-
'3
S
5‘/
/
/
—8— 100%
- © —50%
—Q—25%
S 12.5%
— P —6.25%

10 20 30 40 50 60 70 80 90 100

Figure B.3: This image aims to show the influence of
reducing the number of features. We remove words
with low document frequencies. We perform the ex-
periment with 12.5% of the positives and 50% as
noise (ratio 1/4). Some reduction seems to be use-
ful (10.000 features), but too much reduction leads
to overfitting (100 features).

Letter recognition data set

LETTER RECOGNITION: Removing data
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Figure B.4: We consider an artificial division of classes
0, 1, 2, 3 and 4 as positive (20%), and the rest as neg-
ative. In all cases we use 80% of the data to train a
hypothesis and the remaining 20% to test it. Again,
this first experiment aims to show the influence of
removing positive training data. We start with all
positive data as known positives and all of the nega-
tives as unlabeled items. We then remove part of the
positives (50%, 25%, 12.5% and 6.25%) and observe
that performance degrades: larger steps and conver-
sion to (0,0) in the extreme cases.

Figure B.5: Here we continue the experiment by look-
ing at the influence of adding noise to the unlabeled
set. We start out with 12,5% of the positives and
all of the negatives as unlabeled (1/0). We then add
more and more noise by putting unused positives in
the unlabeled set as noise, up until 7 times the size of
the positive training set as noise. Performance stays
quite stable.
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Figure B.6: This final experiment aims to show the in-
fluence of the v parameter on the framework in case
of a Gaussian kernel. We perform the experiment
with 12.5% of the positives and 50% as noise (ratio
1/4). Large values for v give larger steps, eventually
jumping to (0,0) immediately. Small values give over-
fitting, evidenced by erratic behaviour. The optimal
value has to be determined experimentally.






Appendix C

Enron Corpus: classification results

C.1 Text-based features

ENRON - TEXT: Feature values
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Figure C.1: The performance on the Enron corpus with
different feature values. For all three performance is
similar. A huge step is taken in the first iteration.
From our experiments it seems that tf-idf is a little
more stable.

Figure C.2: Classification of the Enron corpus with
varying numbers of features. Contrary to our experi-
ment on the INEXO08 corpus, here we see no improve-
ment with reducing the number of features.
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ENRON - TEXT: Semantic cluster features

Figure C.3: Comparing performance with feature vec-
tors constructed using the semantic clustering with
the bag-of-words representation. The only obvious

“or improvement is the fact that smaller conversion steps
or are taken.
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C.2 Social network-based features

ENRON - SOCIAL NETWORK: Gamma

Figure C.4: Using the RBF kernel, the v parameter
plays an important role. We find that 0.1 gives the
best performance in this case. Larger values lead to
underfitting (i.e. large steps), smaller values lead to
overfitting (i.e. erratic behaviour).
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