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Abstract

We present a novel approach to predict-
ing the sentiment of documents in multiple
languages, without translation. The only
prerequisites are an (unannotated) multi-
lingual parallel corpus and a list of words,
each characterized by normative emotional
ratings, in just one language. An example
of such a list is the Affective Norms for
English Words (ANEW) dataset (Bradley
and Lang, 1999). Latent Semantic Index-
ing (LSI) converts the multilingual cor-
pus into a multilingual ’concept space’.
New documents are then projected into
that space, allowing cross-lingual seman-
tic comparisons between the documents
without the need for translation. Mean-
while, the single language affective-norms
wordlist is used to determine sentiment po-
larity for a set of documents in its lan-
guage. Those documents, with known sen-
timent, then train a machine learning al-
gorithm which can, because of the mul-
tilingual nature of the document projec-
tions, be used to predict sentiment in all
the other languages. We evaluate the ac-
curacy of this approach, and also quantify
the extent to which topic and sentiment
separately contribute to classification ac-
curacy in a way which we believe sheds
some light on whether topic and sentiment
can be sensibly teased apart.

1 Introduction

In this paper, we explore whether sentiment
analysis and a multilingual vector-space ap-
proach to information retrieval can be integrated
(in what, to the best of our knowledge, is a novel
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way) to address the problem of multilingual sen-
timent analysis.

Perhaps because sentiment analysis deals with
what is inherently subjective, and perhaps be-
cause it is still a relatively new (decade-old)
field, it remains hard to formulate sentiment-
analysis problems in a computationally well-
defined manner (Liu, 2010). Yet the growth of
the World Wide Web has driven a great deal
of practical interest in this area, as grassroots
opinions and reviews on everything from con-
sumer products to government foreign policy ac-
tions are posted online. For anyone involved in
marketing or public relations, there is a wealth
of free information available just waiting to be
mined. Early forays into this field were made
by Turney (2002) and Pang et al. (2002), who
investigated the application of machine-learning
techniques to product and movie reviews, treat-
ing the reviews as bags-of-words.

In the last couple of years, interest has grown
in application of sentiment analysis to multilin-
gual text; companies and governments are in-
creasingly interested in how their products or
actions are perceived worldwide. Research in
this area is still fairly sparse, but approaches
include first translating documents from source
languages into English (for which sentiment-
tagged data is more readily available), then ap-
plying sentiment analysis (Denecke, 2008), or
the reverse: translating sentiment-tagged lists
from English and then using these with to clas-
sify documents in the other language (Mihalcea
et al., 2007).

Here, we take a novel approach that avoids the
need for translation altogether, building upon



the framework of multilingual Latent Semantic
Indexing (LSI) (Berry et al., 1994; Young, 1994).
LSI is a particular instantiation of the vector-
space view of language. Under this view, the
terms in documents are counted and each docu-
ment is then represented as a vector. If n is the
number of items in the vocabulary, the vector
is n-dimensional. In fact, this is precisely the
approach taken by Pang et al. (2002), though
they describe the terms as ‘features’, not ‘dimen-
sions’. But this is essentially a terminological
difference between the fields of machine learn-
ing and vector-space information retrieval.

In addition to enabling one to characterize
documents and terms using a very limited num-
ber of features (which can greatly reduce the
overhead for machine learning problems), LSI
also has the proven ability to bring documents
into a single ‘language-blind’ concept space, en-
abling documents in one language to be com-
pared directly to those in another with high pre-
cision (Chew et al., 2010).

To motivate the integration of multilingual
LSI and machine learning, consider that by us-
ing terms as features in a nonreduced space,
documents can be classified by sentiment with
accuracy well above the baseline (Pang et al.,
2002). We also know that the multilingual LSI
approach achieves precision of up to 95% in a
non-trivial multilingual clustering task (Chew et
al., 2010) — and therefore that multilingual LSI
can capture the overall semantics of documents,
even abstracting away from the particular lan-
guages they are in and even though the reduced
space of LSI only approximates the non-reduced
space pre-LSI. While sentiment may be hard
to define computationally, our specific hypoth-
esis here is simply that sentiment forms a part
of a document’s overall semantics, and that like
topic, sentiment is at least somewhat indepen-
dent of the language a document is in. If this
is the case, it should be possible to detect (pre-
dict) sentiment in the LSI vectors for documents
using machine learning techniques.

Related to the question of whether sentiment
is detectable in the document vectors, and just
as important, is that of whether sentiment and
topic are separable in the document vectors. It

could be that sentiment is hard to define simply
because it is fully bound up with topic; in sim-
ple terms, sentiment might be a type of topic. If
true, this could have major implications for the
field of sentiment analysis. LSI, however, pro-
vides a way we can investigate this part of the
problem too. One of the by-products of LSI is
a ranked list of the most important topics in a
corpus. By ensuring that the documents we use
for machine learning come from a miz of topics,
we can test our hypothesis that sentiment is not
just a type of topic: evidence for this hypothe-
sis is the predictability of sentiment even when
topics are mixed.

To explore these ideas, our first step, in Sec-
tion 2, will be to introduce the different datasets
(Europarl, the Bible, and ANEW) that sup-
port our analysis. We propose a method for
attaching sentiment features (based on ANEW)
to untagged English-language documents from
the Bible; these are then subjectively evaluated
to confirm their reasonableness. The sentiment
features are extended to the translations of the
English documents on the weak assumption that
whatever sentiment is present in an English doc-
ument will also be present in translations of
that document in other languages. This pro-
vides the ‘ground truth’ for our evaluation of
cross-language sentiment analysis. In Section 3,
we briefly review the mechanics of LSI, explain-
ing why it works for cross-language information
retrieval, how we apply it to the Europarl paral-
lel corpus to construct a cross-language seman-
tic space, and outlining the specific LSI settings
which have been found to work best for this kind
of application. In Section 4, we show specif-
ically how the output of LSI can be used to
characterize terms and documents (both those
from Europarl and new documents) in feature
space in a way which allows a natural formula-
tion of our multilingual sentiment analysis task
as a machine learning problem. In Section 5,
we test whether sentiment is indeed predictable
by mixing the vectors for documents in different
languages, both with and without an enforced
mix of topics. We conclude and suggest further
research in Section 6.



2 Datasets

To set up and enable empirical evaluation of
our approach to cross-language sentiment anal-
ysis, only two elements are absolutely neces-
sary: (a) a parallel (multilingual) corpus, and
(b) documents in different languages which are
tagged according to sentiment (however that is
defined). The tagged documents in (b) could
be from the multilingual corpus in (a), or they
could be a collection of non-parallel documents
which happen to be in multiple languages. We
use the documents in (b) as our ‘ground truth’,
and attempt to predict their sentiment, using
some portion of (b) to train a machine learning
algorithm and holding the other portion out for
testing.

For our research, we have chosen to use
Europarl (Koehn, 2005) as our base multi-
parallel corpus. Europarl is a parallel corpus
extracted from the proceedings of the European
Parliament; our copy of the dataset contains
speeches in 11 languages, aligned at roughly sen-
tence level, in several hundred thousand parallel
chunks.

We choose to set up the source data in a
slightly more elaborate way than outlined previ-
ously by using a separate multi-parallel corpus
for (b). The second multi-parallel corpus is the
Bible, which we have in 54 languages.! We use
two separate parallel corpora for the following
reasons:

e Use of a parallel corpus in (b) is a control
to ensure that exactly the same sentiment
which is present in documents of one lan-
guage, is present in documents of all lan-
guages.

e Use of separate corpora in (a) and (b) en-
sures that the data used to train LSI are
kept separate from data used for machine
learning. Fundamentally, we do this be-
cause we recognize that in most real-life ap-
plications, we will not want to predict sen-
timent in documents from a parallel corpus.
Whether or not (b) is a parallel corpus, its

1Use of the Bible as a parallel corpus was first pro-
posed by Resnik et al. (1999).

documents can be ‘projected’ into the se-
mantic space of (a) through a matrix multi-
plication operation which will be described
in section 4. Effectively, we will therefore
test whether the sentiment of the parallel
Bible documents is still present after those
documents are projected into the Europarl
semantic space.

Since the Bible is, as far as we know, untagged
for sentiment, we had to prepare those sentiment
tags ourselves, at least to the extent needed for
training a machine learning tool. To accelerate
that process, we drew upon the Affective Norms
for English Words (ANEW) dataset (Bradley
and Lang, 1999), which provides normative emo-
tional ratings for just over 1,000 English words,
based on aggregating responses from subjects in
psychophysiological experiments.

There are 1,189 chapters in the Bible, and we
chose to chunk the Bible at the chapter level and
obtain sentiment labels for roughly 200 of them.
To compute a rough score for the chapter va-
lence, we use a simple weighted average of the
ANEW valence?. For each chapter, we look up
the ANEW valence value for each token in that
chunk and sum the valence scores weighted by
the token frequency in each chapter, and finally
divide by the total number of ANEW words in
the chapter. The resultant score will be in the
same range as the ANEW valence (between 1
and 9). For example, if a particular document
has 9 mentions of “happy” (8.20) and 1 of “un-
happy” (1.57), then the overall score would be
7.5. Using this method, the chapter valence
scores range from 4.25 for Ezekiel 5 to 7.8 for
Psalm 117.

Admittedly, this is a crude approach that may
miss simple semantics (e.g., negation), but to
a first approximation, it serves our need for a
way to sort the chapters to ease manual inspec-
tion for label assignment. Moreover, use of the
ANEW dataset in this way allows us to initially

2High valence in ANEW corresponds to ‘pleasant’; low
valence corresponds to ‘unpleasant’. The three words
with the highest valence in ANEW are ‘triumphant’,
‘paradise’, and ‘love’; those with the lowest valence are
‘rape’, ‘suicide’, and ‘funeral’.



base our hand tagging on independent psycho-
logical research.

Once we had the initial per-chapter valence
scores, we sorted them to find the chapters with
the top 100 and bottom 100 values for valence,
and then manually inspected those, to weed out
the small handful of chapters whose sentiment
was mis-estimated by this process. An exam-
ple of a ‘positive’ Bible chapter produced by
this process is Psalm 126 (the theme of which is
thanksgiving), and examples of ‘negative’ chap-
ters are 1 Samuel 31 (about the defeat and slay-
ing of Saul and his sons) and Revelation 9 (de-
scribing a demonic plague of locusts).

3 Using LSI and Europarl to
construct a semantic space

In the standard LSI framework (Deerwester et
al., 1990) a term-by-document matrix X is
factorized by the singular value decomposition
(SVD),

X =UsvT, (1)

Each column vector in U maps the terms in the
corpus to a single arbitrary concept, such that
semantically related terms will tend to group to-
gether with similar values in columns of U.

Typically, however, a truncated SVD is com-
puted: if R indicates the reduced number of
concept dimensions in LSI, only the R largest
singular values in S are kept, and the rest dis-
carded. Similarly, only the first R vectors of U
and V are retained. This means that equality
in (1) no longer holds; USVT (after truncation)
represents the best rank-R least-squares approx-
imation to matrix X. Here, based on prior work
with multilingual clustering, we choose to set
R = 300.

It should be noted that the best results are ob-
tained in LSI when care is taken over the prepa-
ration of the X matrix before SVD. Each entry
Xi; in X represents the weight of a particular
term ¢ in a particular document j. Typically, the
‘weight’ is not the raw frequency of ¢ in j, but
rather a weighted frequency. A popular weight-
ing scheme is log-entropy (Dumais, 1991), but it
has been shown that pointwise mutual informa-
tion (PMI) weighting is simpler and sometimes

yields considerably better results(Chew et al.,
2010). According to PMI (which we use in this
paper), entry Xj; is

s (ieam) =5 (o) @

If the input is a multilingual parallel cor-
pus (for example, Europarl), LSI can still be
used, and with interesting results. Assume now
that X is a five-language multi-parallel corpus
(meaning X contains translations of each docu-
ment into all five languages). X will then have
a structure as shown in Figure 1. Here, the
rows still represent terms; the horizontal bands
in X show that the terms are grouped in lan-
guages, and the fact that the bands are of dif-
ferent heights corresponds to the fact that dif-
ferent languages have different vocabulary sizes.
The columns also still represent documents, but
the documents here are ‘cross-language’ (paral-
lel text chunks), so the intersection of column
j with the band for language k contains the
weighting of terms in the translation of j into
language k. The SVD of X is then as shown
in Figure 1. Here, U now maps the terms (in
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Figure 1: SVD of multi-parallel corpus

specific languages) to multilingual concepts.

Again, in practice we take care to prepare X
appropriately. We adapt (2) for the multilingual
case by simply making each probability condi-
tional upon language, as follows:

p(i, j|k) )
log ( 3
PGIR)  pUTH) )
The result, when we take the Europarl matrix,
form a weighted term-by-document matrix, and



apply SVD, is that we have all the terms used
in Europarl mapped to a cross-language concept
space based on Europarl.

4 Characterizing terms and
documents in Europarl semantic
space

For applications in information retrieval — and
for the present case — we are usually more in-
terested in document vectors than in term vec-
tors. Specifically in most applications of multi-
lingual sentiment analysis that we envisage, the
sentiment of a document is more important than
that of a term. As explained above, the U ma-
trix projects terms into the LSI semantic space.
Likewise, V projects documents into the same
space; however, it does so only for the docu-
ments in the input. If the latter is a parallel cor-
pus, V will contain vectors only for documents
in the parallel corpus, but as stated above, the
documents we are ultimately interested in ana-
lyzing are very unlikely to be parallel.

Fortunately, LSI allows new documents (in
our case, those not in Europarl) to be pro-
jected into the Europarl semantic space. This
is achieved by multiplying term vectors for the
new documents by the product US™!, to yield
concept vectors for these documents. These vec-
tors encode the semantics of the non-Europarl
documents just as the vectors in V' encode the
semantics of the Europarl documents.

In our case, then, we form a term-by-chapter
matrix for the Bible and apply weighting using
the expression in (3). If we call the resulting
matrix B, then we can obtain Europarl con-
cept vectors for each chapter in the Bible from
the product US~!B. As described earlier, our
hypothesis is that these ‘chapter vectors’ suf-
ficiently encode the semantics of each chapter
such that, if treated as input variables in a ma-
chine learning task, they will enable the predic-
tion of the known output variable ‘sentiment’
(obtained from the tagging procedure described
in section 2).

5 Results and Discussion

5.1 The Sentiment Training Data

Since the ANEW lexicon pertains to English, we
assigned sentiment to a subset of the Bible chap-
ters in English using the process described in
Section 2. After manual inspection and then re-
seeding with additional chapters to replace those
weeded out, the result was 115 chapters labeled
positive and 78 chapters labeled negative; again,
all in English.

Projecting each of the 193 English Bible chap-
ters with known sentiment labels into the mul-
tilingual concept space results in 300 features
for each chapter. To build some sense of the
interplay of sentiment and topic in this data,
consider Figure 2, which shows a visualization
of the 1154+78=193 chapters embedded in two-
dimensional space using multidimensional scal-
ing (MDS) (Borg and Groenen, 2005) of a pair-
wise distance matrix (computed as one minus
the cosine similarity of concept feature vectors
for chapters i and j).® This layout has three
branches, and several books of the Bible clus-
ter in different regions. For example, Psalm is
in the upper left; Proverbs and Ecclesiastes are
in the lower left; and Numbers, Chronicles, and
Joshua are on the right. The chapters from the
New Testament tend to be in the center left.

Because the positive and negative chapters are
intermixed in this layout, we have reason to be-
lieve that the chapters have topics mixed with
sentiment. That is, it appears that sentiment
is not highly correlated with topic. Still, this is
something that we try to mitigate in our exper-
iments.

Our nominal training set is 193 chapters with
300 features each. To expand the size of our
training set, we found five English translations
that appeared to have enough variation with re-
spect to one other in terms of MDS visualiza-
tions. Table 1 shows the five English versions
that we used along with their term counts and
overlap with Europarl and ANEW. We created

3MDS finds an embedding of the chapters in n di-
mensions such that the distances between chapters in the
higher dimensional term space are preserved as best as
possible.
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Figure 2: Two-dimensional MDS embedding of En-
glish chapters described by concept vectors. Red
dots are negative chapters; blue dots are positive
chapters.

individual training sets from each version and
also collected them all together into one large
training set for five times the amount of data.

5.2 Sentiment Prediction Accuracy

The concept feature vectors trained a non-
parametric statistical prediction model (specif-
ically, an ensemble of decision trees generated
by the Avatar software package (Banfield et al.,
2007)), and that model was used to predict the
sentiment labels for the exact same chapters in
three test languages: Spanish, French, and Ger-
man.

We performed an experiment whereby we
trained on actual chapters from the five English
versions collected together in one single train-
ing set and then tested on actual chapters from
Spanish, French, and German. The average ac-
curacy over ten runs was 77.1%, which is better
than the 59.6% baseline accuracy one could ob-

Table 1: English translations used as training data

Unique FEuroparl ANEW

terms overlap overlap
King James 12,335 6,188 522
Young’s Literal 12,192 6,149 504
Webster’s Bible 12,312 6,150 505
World English 12,210 7,250 578
Basic English 5,985 2,639 276

tain by guessing that all chapters were positive.

5.3 Separating Sentiment and Topic

The accuracy results of the previous section are
encouraging, but they also raise a concern: we
have interpreted them as accuracy in predicting
sentiment, but perhaps sentiment is so entwined
with topic that all we have actually done is show,
again, that one can predict topic properties.

To address this, we conducted a series of ex-
periments on a randomized dataset that we be-
lieve minimizes this possibility. Specifically, we
shuffled the verses (which are about a sentence
or two in length) to make new chapters. To
be precise, we separately enumerated all of the
verses in each class (positive or negative) and
then did a random permutation of those verses
so that the original chapter length (in terms of
verses) was held constant but the content was
scrambled within a chapter.

The idea here is that shuffling should decou-
ple concepts from sentiment, or at least generate
largely new concepts on each run. For instance,
there might be 8 chapters with 30 sentences
mentioning taxes, corruption, evasion, and such,
which might be enough to give rise to a “taxes
protest” concept. But when those 30 sentences
are doled out at random to 100 documents, that
concept will likely be broken up. So, if perfor-
mance trained on actual chapters is close to av-
erage performance trained on the shuffled chap-
ters, this suggests that the performance really is
due to finding sentiment.

Figure 3 shows an MDS layout of the shuffled
chapters. The positive and negative chapters
now cleanly separate into two groups. This is
an important result for our purposes; the fact
that sentiment can be a dominant characteris-
tic in the data once topic has been “averaged
away” suggest that sentiment is not necessarily
inextricably intertwined with topic.

We looked at the average chapter valence for
the actual chapters versus the shuffled chapters.
The shuffling tends to tighten the distribution
around the mean. So instead of seeing positivity
/ negativity piling up in a select few chapters,
we tend to see a tighter cluster about the mean.

Figures 4 and 5 show histograms of the chap-
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Figure 3: Two-dimensional MDS embedding of shuf-
fled English chapters described by concept vectors.
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Figure 4: Valence histogram for actual chapters.

ter valence scores.* One can see that the shuf-
fling tends to tighten the distribution, especially
in the case of the negative chapters, which orig-
inally had a bimodal distribution.

We determined that shuffling only once (in-
stead of every time before training a predictive
model) was sufficient. We tested this by train-
ing on the King James version and testing on
the three foreign languages. The results favored
shuffling every time by 0.6%, but they were not
statistically significant.

To test the shuffling idea, we trained on shuf-
fled chapters from five English versions and then
tested on the actual chapters from Spanish,
French, and German. The average accuracy was
72.0%, which is lower than the 77.2% achieved

4Because the term ‘God’ appears frequently in the
Bible and has a high valence at 8.15, we removed this
term from the chapter valence computation. Otherwise,
the chapter valence scores would be skewed more positive.

Random chapters: Positive chapter valence

Mean Chapter Valence

Figure 5: Valence histogram for shuffled chapters.

Figure 6: Two-dimensional MDS embedding of the
multilingual test set. The solid dots indicate a cor-
rect prediction, and the unfilled circles indicate a
missed prediction.

by training on the unshuffled chapters. This sug-
gests that there was indeed some sentiment pre-
dictive value in the original topics.

Figure 6 shows a plot of the two-dimensional
MDS embedding of the test set labeled by sen-
timent and accuracy of prediction for one of the
runs on shuffled training data (accuracy 71.2%).
One can see that the missed predictions are not
isolated to a single region, which indicates that
topic has not been a factor.

To test whether individual English transla-
tions are a factor, we created a combined version
that merges all terms from 5 English versions on
a chapter by chapter basis (instead of keeping
the 5 English versions separate for 5 times as
much training data). We trained on this single
version by itself and also added it to the other
five for a total of six times as much training data.



Table 2 shows that the separate versions help
when training on actual chapters, but not when
training on shuffled chapters. This seems to sug-
gest that with more data from the actual chap-
ters, a predictive model is also learning topics,
but the shuffling is breaking that association.

Finally, we trained on all English versions sep-
arately to see if there were particular transla-
tions that were affecting the results or if the bet-
ter results were due to having additional training
data. Table 3 shows that, while the results are
mixed, some versions are better than others, but
not to the extent that would explain the results
in Table 2.

5.4 Does Shuffling Preserve Sentiment?

We assumed in the previous section that shuf-
fling sentences across documents of like valence
would preserve the valence of those documents.
That seems reasonable, but by no means cer-
tain, and worthy of investigation. So to dou-
ble check that shuffling does indeed preserve va-
lence, we performed another experiment. We
trained a predictive model on the original posi-
tive and negative English chapters from one of
the translations, and tested it on the shuffled
English chapters from the same translation. So
here we are using the shuffled data as the test,
not the training. If testing on the shuffled En-
glish data gives a result materially worse than
the average accuracy derived just from the orig-
inal English chapters, then that would indicate
that shuffling does not necessarily preserve va-
lence. According to our results in Table 4, all of
these are higher than the opposite experiment,
which suggests that shuffling preserves valence.

Table 2: Training with varying amounts of data
(original/shuffled chapters).
Actual Shuffled
Combined version 70.9%  72.0%
5 separate versions 74.9%  72.0%
5 separate & combined 77.1% = 72.7%

6 Conclusion

We have described a machine learning ap-
proach for detecting positive/negative sentiment
in multilingual documents. We used only a par-
allel corpus and a single-language sentiment lex-
icon. Our experiments showed an average ac-
curacy of about 72% for detecting sentiment.
To prevent the predictive model from learning
topic, a key step was to shuffle the sentences
in each class, which we found helps break any
topic/sentiment association.

While our investigation here centered on va-
lence/sentiment, we see no reason why this ap-
proach could not be extended to other emotional
dimensions contained in ANEW (or elsewhere),
or to other meta-properties of the language only
peripherally related to topic. As an example,
we will soon be applying these methods to find
“framing language” (Lakoff, 2004) in text, as a
means of intuiting the perspective of the author.
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