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ABSTRACT

Information diffusion kernels - similarity metrics in non-
Euclidean information spaces - have been found to produce
state of the art results for document classification. In this
paper, we present a novel approach to global sentiment clas-
sification using these kernels. We carry out a large array of
experiments addressing the well-known movie review data
set of Pang and Lee, a de facto benchmark, comparing in-
formation diffusion kernels with a standard RBF kernel ma-
chine. Our results show that interpolation of unigram and
bigralm information is beneficiary for sentiment classifica-
tion.

1. INTRODUCTION

Given the huge growth of the blogosphere, and the in-
creasing awareness by the industry of the merits of mining
social media, sentiment mining —the automated analysis of
sentiments and opinions— has firmly established itself on the
map. Applications are diverse, ranging from mining cus-
tomer feedback in blogs, web forums and e-mails, security
investigations, and personalized advertising. This implies
there are many approaches to mining sentiment. One can
focus on generating alerts for negative opinions given a cer-
tain product or person, on exploring the process of opinion-
formation around a certain topic (identifying opinion lead-
ers), or on modeling the flow of sentiment in a certain textual
domain, for instance. In this paper, we focus on binary sen-
timent classification: the labeling of entire texts as being
positive or negative.

Global sentiment classification, the classification of entire
documents as being (e.g.) positive, negative or neutral on
average, can be seen to a large extent as a document classifi-
cation problem. While sentiment seems to be a too intricate
notion to capture in terms of crude categories such as posi-
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tive, neutral or negative, this is not really different from any
classification task, where class labels usually only partially
cover the semantics of objects to be classified. The global
sentiment of an entire document is built up from several
opinions, usually expressed on (or even below) the sentence-
level, and it is not a priori clear how to exactly compute the
aggregate sum of sentiments for the entire document. Sim-
ilarly, in document classification, the global topic of a text
may be split up into several subtopics as well. Sentiment
classification can be seen as a rough yet useful approxima-
tion of the sentiment in a document, ignoring the exact dy-
namics of sentiment flow, and its structural decomposition
into linguistic units like sentences.

Our research question is the following. A substantial body
of research has addressed the question which types of lin-
guistic information are useful for sentiment classification,
especially investigating the role of unigrams and bigrams.
We will take up this issue, and investigate the division of
labor between unigrams and bigrams for binary sentiment
classification: classifying a document as either positive or
negative. In doing so, we will also address the question how
to represent texts containing sentiment: as binary vectors,
or as term frequency vectors. We start off by presenting the
ingredients for our experiments: data, kernel machines, and
a hyperparameter estimation algorithm. We then describe
our experiments, and draw conclusions.

2. DATA

We will focus on predicting the global sentiment for the
annotated movie review dataset of [11], commonly referred
to as the polarity dataset. This dataset, consisting of 1000
positive and 1000 negative movie reviews, has become a de
facto benchmark dataset for global binary sentiment classifi-
cation. In Table 1, two sample snippets from a positive and
negative review are listed.

3. KERNELS

Our classification framework consists of support vector
machines (SVM; [3]), classifiers that linearly separate data
by (implicitly) projecting it into a high-dimensional space
using kernels: similarity functions that compare data rep-
resented by feature vectors. We evaluate the use of infor-
mation diffusion kernels, which measure similarity in non-
Euclidean information spaces, and compare it to more stan-
dard RBF kernels.

Information diffusion kernels ([7]) are similarity functions
that explicitly take into account geometric properties of data
like curvature and angle. They have been found to produce
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Positive
kidman knows a star-making role when she sees it
and she plays the conscience-deprived suzanne as
the ultimate career driven , post-feminist uber-temptress
from hell . she is ably abetted by wonderfully
demented comic dialogue , which kidman delivers
in a unselfconsciously funny way.
Negative
tons of illogical moments about ; more than i really have
the inclination to list . and i don’t mean illogical in
the summer popcorn movie sense . that type of illogical
can be fun . this film insults your intelligence more
times than i care to remember .
the last 20 minutes especially degenerates into
such lunacy that you’ll be laughing more than you’ll
be screaming .

Table 1: Sample snippets of positive and negative
movie reviews.

state-of-the-art results for document classification, which is
the reason why we evaluate them for the present problem.

Specifically, information diffusion kernels operate in curved
L1- normalized information spaces with only a local Eu-
clidian structure, and measure distance between datapoints
along arcs connecting points. This contrasts with the stan-
dard vector space model of [17], where distance between
points is Euclidean distance in high-dimensional spaces, ir-
respective of the geometry of these spaces. Ll-normalized
information spaces for textual objects emerge by simply nor-
malizing word frequences in documents represented by word
sequences wi, . . ., Wn:

| w | | wn |
S w7 S e
It is well-known that applying L1-normalization corresponds
to embedding data into the multinomial manifold: an in-
finitely differentiable manifold that corresponds to the pa-
rameter space of IP" of the multinomial distribution. An in-
finitely differentiable manifold is called a Riemannian man-
ifold when equipped with a distance metric measuring the
distance between two arbitrary points. Riemannian mani-
folds are generalizations of Euclidean 2D-geometry to arbi-
trary dimensions.

In [7] and [8] it is shown that applying multinomial kernels
to document classification tasks produces state-of-the-art re-
sults. In this work, the following kernel is proposed (z, y two
feature vectors):

KtID(:c,y) = (47rt)7% exp < —% arccos> < Z\/xiyi > >
- @)

This is a one-parameter kernel, n being the dimension of
the data. In the context of support vector machines, for
sufficiently small ¢ € [0,¢), this kernel is positive definite,
guaranteeing a unique solution to the convex problem the
kernel machine has to solve [7]. Interestingly, the so-called
Bhattacharyya distance occurs as a subterm in (2):

B(p,q) = > v/p(x)q(x)

reX

L1(w17... (1)

7wn):

3)

with p, ¢ two probability distributions over the same event
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space X. The Bhattacharyya distance is basically Euclidean
distance restricted to probability distributions. In kernel
(2), the inverse cosine (arccos) is used to measure distance
across curves, and the Bhattacharyya kernel introduces a
local notion of Euclidean distance.
In [15] we proposed a two-parameter variant of (2):
(4)

Here, n is a free parameter, part of a positive exponent, and
no longer bound to the dimension of the data; the constant
m is the original dimension of the data vectors. Kernel K77
arises as a special case of K,i’Dta by setting n to —m. In
the experiments reported in [15] we observed clear positive
effects on accuracy by adding n as a separate parameter and
applied this kernel to a number of language learning tasks:
classification problems on data not necessarily containing a
document-like structure. For feature representations of such
tasks, like part-of-speech tagging, or morphological analysis,
we proposed a Ll-embedding into the multinomial mani-
fold based on class-feature value cooccurrence statistics, and
demonstrated the usefulness of information diffusion kernels
for this type of data. In the work reported here, we will use
a variant of kernel (4), to be described below, which we will
compare to a standard RBF kernel ([18]).

> VI

i=1

K (x,y) = (47t) % exp < — 1 arccos’ <

4. COMBINING LINGUISTIC INFORMAT-
ION FOR SENTIMENT MINING

Many types of information have been identified as relevant
for sentiment classification during the last years: sentiment-
bearing unigrams ([19]), word n-grams ([13],[6]), valency in-
formation of adjectives ([10]), valency-shifting properties of
adverbs ([1],[6]), dependency relations ([10],[20]); [12] found
that filtering out objective sentences is also helpful.

In this paper, we concentrate on using unigram and bi-
gram information only, represented by frequency counts.
These information sources are the natural ingredients for
information diffusion kernels, once properly represented as
normalized frequencies. RBF kernels, on the other hand,
are frequently applied to either index vectors (where every
feature flags the presence (yes/no) of a certain unigram of
bigram), raw frequencies, or term weighting representations
such as tf.idf.

Normalization of unigram and bigram frequencies will pro-
duce two separate multinomial probability distributions that
need to be reconciled during the classification process. There
are two options here. The first would be to view all unigram
and bigrams strings as coming from the same distribution,
ignoring intrinsic differences between the two distributions
such as variance. Notice that during normalization the bi-
gram sparseness may affect the unigram statistics.

The second option would be to interpolate the two infor-
mation sources by assigning weights (Lagrange multipliers)
to both unigram and bigram contributions, estimating these
weights with an estimation procedure. Our hypothesis is
that a good balance between these information sources will
lead to accuracy gains. In the next section, we describe
a general hyperparameter estimation procedure, needed in-
dependently to optimize our sentiment classifiers. Subse-
quently, we demonstrate how to use this algorithm to in-
terpolate unigram and bigram information as part of this



optimization process.

4.1 Hyperparameter estimation

Classifiers are complex, parameterized decision functions.
The parameters that influence the learning process are called
hyperparameters. For SVM’s, hyperparameters are the choice
of kernel function, the regularization parameter C', and ker-
nel parameters such as the degree of a polynomial kernel.
Hyperparameters need to be accurately estimated; wrong
settings can greatly influence results.

In [14], an elitist version of the well-known cross-entropy
(CE) method for optimization was proposed (see the excel-
lent tutorial of [5]). The CE algorithm is an iterative op-
timization procedure that performs parametrized sampling
of a search space. It is particularly useful for sampling rare
events: events that occur with low frequency, but which are
useful from an objective point of view. Once the parame-
ter vector along which the CE algorithm performs sampling
is isomorphic to the type of solution to the optimization
problem, the CE algorithm effectively becomes a search al-
gorithm in a rare event space.

In [14] it was demonstrated that, using the notion of elitism
from the field of genetic algorithms, it is possible to define a
cross-entropy-style search algorithm for hyperparameter op-
timization of classifiers. This algorithm adapts, at a certain
time tick ¢, a hyperparameter j in a hyperparameter vector
v with the following update formula.

S Iisxty=aty WI(XG5 B X5
> Iis(xty>yty W(XG; EY)

Here, the I{S(X{)z«/t} term is a performance indicator func-
tion. Every X; is a random solution drawn from the hyper-
parameter space, conditioned on the current hyperparame-
ter vector and a width parameter p. Every X;; corresponds
to a particular hyperparameter value, restriced to lie in the
interval determined by the width parameter and the current
solution derived by the algorithm:

Xij € {[0t,5 % (1 — p), 0,5 % (14 )]} (6)

That is, every hyperparameter value Xj;; in the candidate
vector X; is at most p away from 0; ;. The performance
function I() in 5 measures whether a certain X; performs
at least as good as the best score v obtained sofar, as mea-
sured by an independent objective function (like classifier
accuracy). The W () term embodies a change of measure: a
steering mechanism to steer the search process into a cer-
tain ’good’ direction. In our case, we steer search into the
direction of the best (elitist’) result encountered during the
whole optimization process, Ef = argmax; _, tfyi. We

Ut,j =

()

measure (normalized) Euclidean distance between this best
result and the candidate solution, and use this information
(which lies in the interval [0, 1]) to steer search:

W(Xf’Et) =1- mj m

(e S
J

In [14], the effectiveness of this hyperparameter estimation

algorithm was demonstrated for a number of datasets from
different domains.
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4.2 Kerndl interpolation

The elitist hyperparameter estimation algorithm can be
used to determine the optimal weights for unigram and bi-
gram contributions to sentiment classification, once we make
these weights hyperparameters of a kernel-based classifier,
combining unigram and bigram information in a parame-
terizable way. While there are many ways to combine this
information in one kernel, the following composed kernel
combines them simply through a weighted sum. We factor
out the contributions of both unigrams and bigrams by two
separate Bhattacharyya subkernels. The weights A\; and A2
are interpolation weights that express the relative impor-
tance of the two information sources.

Ki??}\l’)\z (.’1), Y, 7‘7]) = (47Tt) % exp

> vEw }ﬂ
’ (8)

k=1

Every movie review is indexed for unigrams and bigrams.
The result is a sparse feature vector, consisting of separately
normalized frequencies of unigrams and bigrams. The two
subscript parameters ¢ and j indicate the highest index po-
sitions of the unigrams and bigrams in the vocabulary. This
information is used by the kernel to factorize the unigram
and bigram parts: any feature with an index higher than
the maximum unigram index will be considered a bigram
feature. By treating the interpolation weights as hyperpa-
rameters, we can use the elitist hyperparameter estimation
algorithm to estimate these weights jointly with the 'normal’
kernel hyperparameters n and ¢, which seems only natural
to do. The hyperkernel (8) was implemented as an extension
to the LIBSVM support vector machine toolkit ([4]).

> VT

i+1

—% arccos? A {

5. RELATED WORK

[19] takes an unsupervised approach to polarity classifica-
tion of documents, by inferring the semantic orientation of
documents from the semantic orientation of phrases, which
are gathered from the web by neighborhood queries contain-
ing positive or negative seed words. [13], using a predecessor
of [11] consisting of 1400 documents, report negative effects
on accuracy for polarity classification of documents when
using bigrams as the sole features. They note a drop in ac-
curacy of 5.8% for SVM’s applied to the polarity dataset
using only bigrams as features. Even the combination of
unigrams and bigrams was outperformed by using unigrams
alone. In [12], an accuracy of over 87% on the polarity data
was achieved by focusing on subjective sentences only. [16]
find that using both unigrams and bigrams, in combination
with selected complex (syntactic) features taken from an
information gain-based subsumption lattice of complex fea-
tures produces the best results. They achieve 82.7% on the
polarity dataset, but they report for 3-fold cross-validation
only.

[6] obtain an accuracy of 85.9% on the polarity data (10CV),
using SVM’s and valency shifting bigrams, together with
unigrams. [10] report 90.5% on the polarity data using ad-
ditional information sources, such as valency information
for adjectives, and filter out objective sentences first. To
our knowledge, this is the best result reported ever on the
polarity data. They report 89.2% using unigram, bigram
and trigram features together, and also notice significant



drops in accuracy when using bigrams only. The latter is
attributed by the authors to data sparseness: test docu-
ments frequently did not contain any of the bigrams in the
training documents.

[9] also analyze the movie review data and investigate the
combination of various information sources such as semantic
orientation and emotive aspects of adjectives, the proximity
of emotive phrases to the topic, and lemmatized unigrams.
Using SVM’s, they find interestingly that the best results
(86% for 10-fold cross-validation for the movie data) are ob-
tained by allocating information sources to separate SVM’s,
as opposed to merging them in one feature space and us-
ing a single classifier. In their approach, a hyperclassifier
combines the model information of the subordinate classi-
fiers, extracting features directly from the lower-level SVM
models.

Work on local sentiment prediction, e.g. on the sentence
level, is relevant to the work reported in this paper when
identifying certain combinations of words that are important
indicators for the sentiment of a document. [2] investigate
the use of adverb-adjective combinations for local sentiment
analysis. They propose an axiomatic system by which ad-
verbs of degree modify the strength of sentiment of an ad-
jective they combine with. This approach is related to [1]
and [6], who investigate the use of valency shifting adverbs
(like 'not’), that reverse the sentiment of adjectives in their
scope. and the work of [20]), where polarity expressions are
used for computing the polarity of their context. In sum,
these lexical approaches, though addressing sentiment on a
local level (like sentences), shed light on informative data
sources beyond unigrams for sentiment analysis.

6. EXPERIMENTS

We set out to investigate the following questions. First,
should we use all unigrams and bigrams in the training
data, or a dedicated selection only? Secondly, should we
interpolate unigram and bigram information, or just com-
bine these two information sources, pretending they arise
from the same distribution? Thirdly, should we use normal-
ized frequency information, or just mere ’binary’ presence
(yes/no) of a certain vocabulary term? We arrive at the
set of experimental conditions as listed in table 2, evaluated
with the RBF kernel machine, the interpolated information
diffusion kernel (8) and the non-interpolated information dif-
fusion kernel (4). In order to apply the information diffu-
sion kernels to the binary representations, we set all term
frequencies to 1. We normalized these binary vectors by
assigning every feature a value 1/n, with n the number of
terms from the vocabulary that were actually found in the
review. For the interpolation experiments, we also investi-
gated the effects of setting one of the weights A1 and A2 in
kernel (8) to zero; setting A1 = 0 eliminates the unigram
contribution, and A2 = 0 eliminates the bigram contribu-
tion.

6.1 Term sdlection

Following [10], we ranked all unigrams and bigrams ¢ in
the movie review data based on their weighted log-likelihood
ratio (WLLR) scores, for the two classes ¢ € {+1, —1}:

P(t]c)
WLLR(t,c) = P(t log ————~ 9
(t.c) = P(t | ¢) log 7% (9)

For both classes, we selected the 5000 highest ranked uni-
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Interpolation
E1l all terms, binary features
E2 all terms, normalized frequencies
E3 selected terms, binary features
E4 | selected terms, normalized frequencies
No interpolation
E5 all terms, binary features
E6 all terms, normalized frequencies
E7 | selected terms, binary features
ES8 selected terms, normalized frequencies
RBF
E9 all terms, binary features
E10 | all terms, normalized frequencies
E11 | selected terms, binary features
E12 | selected terms, normalized frequencies
Table 2: Experimental conditions.
Class unigram
-1 bad, worst, stupid, boring, ridiculous, awful
+1 great, best, well, perfect, wonderful
Class bigram
-1 this mess, the worst, worst movie
a stupid, is terrible, waste of
+1 the best, is excellent, most powerful
very effective, a great

Table 3: Highly WLLR-ranked unigrams and bi-
grams across the two classes.

grams and 5000 highest ranked bigrams from the training
data as index vocabulary. Some illustrative unigrams and
bigrams from the top 50 WLLR scores are listed in Table 3.

6.2 Experimental setup

For every experimental condition, we performed 10-fold
cross-validation. We permuted the data, and split it into
10 training and test partitions. Every training partition T
(90% of the data) was subsequently split into a secondary
90% training partition (90%x 90%=81% of the data), and
a 10% development data partition. Finally, every develop-
ment data partition was subsequently split into a 60% devel-
opment training partition and a 40% development test par-
tition. The two development data partitionings were used
by the hyperparameter estimation algorithm to derive the
hyperparameters for the kernel machine, for every separate
fold. After the hyperparameter estimation algorithm found
these hyperparameters, we trained on the 81% training data
partitionings, and tested on the corresponding 10% test par-
titioning. Figure 1 illustrates the partitioning of a particular
fold. Notice that we prudently kept the development data
separate from the training data; this makes our results not
exactly comparable to 10CV results reported for this data
that do not employ development data.?

We measured significance of results using a paired t-test,

2In fact, comparison of cross-validation results produced by
different classifiers on the same dataset should actually be
done on exactly the same splits.



Data:2000

te|st traing:1800

200 tra|in2 devset:180
1620  devset-train  devset-test

108 72

Figure 1: Sample data partitioning for 10CV. Ac-
tual training of the classifier took place on the
’trainy’ partitions containing 1620 cases. Hyperpa-
rameter estimation took place on the ’devset-train’
and ’devset-test’ partitionings. The trained classi-
fier was tested on the ’test’ partitions containing 200
cases each.

Experimental condition Interpolation

MA0AF#0 | A1 =0|XA=0
E1l 87.5 81.9 86.7
E2 87.3 86.65 86.2
E3 88 81.85 86.7
E4 86.4 80.5 84

No interpolation
E5 82.65
E6 80.5
E7 86
E8 86.8
RBF

E9 86.8
E10 84.25
E11 85.8
E12 81.1

Table 4: Generalization accuracy (10CV), for the
various experimental conditions (see table 2 for ex-
planation of the labels).

at p < 0.05 and p < .1.

7. RESULTS

Table 4 list the results for the various experiments. Re-
sults for the interpolated kernel first of all underline the im-
portance of the unigram contribution. The hyperparameter
estimation algorithm predominantly assigned higher weights
to the unigram subkernel across the various folds. The im-
portance of unigrams becomes clear when manually deac-
tivating the unigram subkernel, i.e. setting A1 = 0. The
drops in accuracy are more dramatic than when eliminating
the bigram contribution, sometimes even amounting to over
6%. This is in line with the findings of [13].

The combined result of using both unigram and bigram
kernels, for the WLLR selected terms, with normalized bi-
nary vectors, produces the best results, showing that there
is indeed useful, supplementary information in the bigrams.
This classifier (E3) significantly outperformed the RBF base-
line classifier (see table 5). Normalized binary vectors with
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E1l E3
E8 |+ (p<.l) |+ (p<.1)
E9 [+(p<d) [+ (<1
EIl |+ (p<.05) | + (p<.05)

Table 5: Pairwise significance results, measured
with a paired t-test.

WLLR-selected terms perform better? than normalized fre-
quency vectors.

[10] observed beneficiary effects of using the WLLR-ranked
subset of unigrams and bigrams for a linear kernel with bi-
nary features. We observed that using all terms is benefi-
ciary for the RBF kernel (classifier E9) only. For the inter-
polated kernel, the difference between WLLR selected terms
and all terms vanishes: the difference between E1 and E3 is
statistically significant only at p < .35, and the difference
between E2 and E4 is significant only at p < .42.

Most importantly, our results specifically indicate that the
combination of unigrams and bigrams yields better perfor-
mance than using only one of these resources. Interpola-
tion of unigrams and bigrams performs better than plain,
unweighted combination. Further, RBF kernels are outper-
formed by information diffusion kernels, underlining the us-
ability of these kernels.

8. CONCLUSIONS

In this paper, we investigated the use of unigram and bi-
gram information for sentiment classification of movie re-
views. We found that a composite kernel consisting of a
separate unigram and bigram kernel, which were interpo-
lated automatically with a cross-entropy-style hyperparam-
eter estimation procedure, produced the best results. These
results rank among the best reported using unigrams and
bigrams on the movie review data set of [11], and are still
open to improvement, by incorporating other sources of use-
ful information reported in the literature, such as valency in-
formation of adjectives. We intend to expand this work into
the direction of incorporating these sources of information
by properly embedding them into L1-space, and weighting
them with our hyperparameter estimation algorithm.

Being a general classification approach, kernel interpola-
tion is amenable to multiclass classification of sentiment, and
should be useful for predicting local sentiment on the sen-
tence level as well. In subsequent work we will address sub-
jectivity and objectivity prediction of sentences using this
method.
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