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Abstract: In this paper, we provide a Word Emotion
Topic (WET) model to predict the complex word e-
motion information from text, and discover the dis-
tribution of emotions among different topics. A
complex emotion is defined as the combination of
one or more singular emotions from following 8
basic emotion categories: joy, love, expectation, sur-
prise, anxiety, sorrow, anger and hate. We use a hi-
erarchical Bayesian network to model the emotions
and topics in the text. Both the complex emotions
and topics are drawn from raw texts, without con-
sidering any complicated language features. Our ex-
periment show promising results of word emotion
prediction, which outperforms the traditional parsing
methods such as the Hidden Markov Model and the
Conditional Random Fields(CRFs) on raw text. We
also explore the topic distribution by examining the
emotion topic variation in an emotion topic diagram.
Key words: word emotion classification; complex e-
motion; emotion intensity prediction; emotion-topic
variation; hierarchical Bayesian network

I. INTRODUCTION

Text emotion analysis focuses on finding human e-
motions from different levels of text [1-5]. Most
studies on sentence and document emotion classifi-
cation relies on the word emotions [6-8]. Some pre-
vious work has proved that accurate word emotions
do help increase the performance of sentence emo-
tion classification (14.36% of precision increment
and 8.05% of recall increment). However, currently

the word emotions are only available for emotion lex-
icons, which are static and do not consider the con-
textual information. In this paper, we provide a
Gibbs sampling method, which carefully introduce
topic features and context information into the pro-
cedure of predicting the word emotions from raw
text.

We define the text emotion classification as pre-
dicting the complex emotions, especially the word
emotions and the emotion intensities from raw text.
A complex emotion is defined as the combination of
one or more singular emotions from the eight basic
emotion categories: joy, love, expectation, surprise,
anxiety, sorrow, anger and hate. The phenomenon
of expressing multiple emotions in a word (or a
sentence) is quite common in the real text. The fol-
lowing is an example sentence from Ren-CECps
[9] which is a well annotated Chinese Emotion Cor-
pus:

ht0.2]500.9 I really want to: ex0.6 give up:ht0.3 |
500.6 .

The sentence is annotated with 2 emotions: hate
and sorrow, and each with a decimal figure (0.2 and
0.9) as the intensity of the corresponding emotion.
The word “want to” indicates expectation of 0.6
intensity and “give up” indicates the combination of
hate 0.3 and sorrow 0.6. The emotion intensity eval-
uates the strength which is an important feature of
an emotion. In our example, the sorrow emotion is
supposed to be stronger than hate in the sentence.
We predict the emotion intensity for each singular e-
motion within the complex emotion.
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Finally, we cluster the words into topics accord-
ing to the distribution of the words among the cor-
pus, as well as the emotion distribution. A topic, as
defined in traditional topic models such as LDA, is a
sorted list of words from the vocabulary, according
to the probability that the word belongs to the topic.
Specifically in this study of emotion topic variation,
the order of words in the list is determined not only
by the probability of the word but also by the prob-
ability that the word’s emotion belongs to a certain
topic. We model such distributions by employing
the latent proportional variables and the latent struc-
tures in a hierarchical Bayesian network.

The performance of the Word Emotion Topic
(WET) model is examined in following aspects.
First, we evaluate the precision of complex emotion
classification, in which both the singular emotions
and the combined emotions of words in the predic-
tion are examined. We also compare our result of
singular emotion classification with the traditional
text labeling methods including Hidden Markov
Model and Conditional Random Fields (CRFs) on
the same data set. Second, we examine the predic-
ted emotion intensities for each predicted singular e-
motion. Third, we estimate the topic prediction by
examining the emotion topic variation through an e-
motion topic diagram. All these emotional and topi-
cal results are drawn from raw text by the WET
model, which means we do not need any complicat-
ed language features such as syntactic trees or se-
mantic labels.

The rest of this paper is organized as follows.
Section II introduces some related work. Section 111
describes the hierarchical Bayesian network for
word emotion topic prediction. Section IV depicts
the details of our inference method. Section V eval-
uates our method for the complex word emotion
classification, the emotion intensity analysis and the
emotion topic variation. Finally Section VI gives the
conclusion and lists some future work.

. RELATED WORK

To our knowledge, no study has investigated the
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field of predicting complex word emotions and e-
motion intensities, nor examined the variation of
word emotions with automatically generated topics.

The first study of word emotions is the develop-
ment of a fuzzy affect lexicon [6] to describe hu-
man emotions from English words. The fuzzy lexi-
con was built through collecting affect words from
different sources including the newspaper articles
by Mark Kantrowitz and the WordNet. Later, Ref.
[7] also studied the word emotions based on Word-
Net, and built the Wordnet-Affect lexicon. The later
work [8] employed the word emotion information
from the Internet, especially the blog articles, by an-
alyzing the co-occurrence of words and some spe-
cial emotion tags and built the Weblog emotion lexi-
con. Recently, a moderated-sized high-quality emo-
tion lexicon [10] was built by manually annotating e-
motions on the Amazon online service texts.

Emotional features are playing vital roles in text e-
motion analysis [11]. Emotions extracted from the
emotion lexicons are statistic without considering
the context mformation, while in the real text, word
emotions can be affected by the context. The emo-
tion lexicon-based text emotion classification could
be seriously affected by the quality of emotion lexi-
cons [12], which enlightened study of word emo-
tion parsing in Refs. [13-14]. Ref. [13] learned a
CRF model through an automatically generated e-
motion corpus of 1 000 sentences, while in Ref.
[14] a word emotion parser was built by consider-
ing the sentence level context information such as
the degree words and the negative modifications.
However, these word emotion parsing applications
relying on traditional CRF models only got around
60% to 70% precision scores, which are still far
from the real world applications.

Most sentence and document emotion analysis
studies were found taking information from emotion
of words [15-16]. And later studies proved that the
complex word emotions [17] which combine differ-
ent singular emotions together effectively helped im-
prove the performance of sentence emotion classifi-
cation.
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. WORD EMOTION TOPIC MODEL

3.1 The hierarchical Bayesian network

The method we use to predict the emotions (intensi-
ties) and topics from raw text is called the hierar-
chical Bayesian network, which is a directed graph-
ical model [18] with nodes (shaded or not) repre-
senting the (visible or latent) random variables and
the directed edges which indicate the conditional
probabilities of child nodes given the values of the
parent nodes. Figure 1 shows the WET model in a

plate notation.
O ®

.

olere .

Fig.1 The word emotion topic model in a plate notation

D

The whole figure represents a joint probability of
all the random variables in a corpus. The squares
are called plates, which encapsulate random varia-
bles that appear multiple times in the model. For ex-
ample, we have totally D documents in the corpus,
so we draw the capital D at the corner to represent
that all random variables within this square will re-
peatedly appear for D times. Fach document may
have W words, so word level variables will further
repeat for W times. We use K to represent the num-
ber of emotion categories and k£ to index each sin-
gular emotion. Capital letter L counts the emotion
intensity levels and / indexes a particular intensity
level. N counts the total number of words in the vo-
cabulary and ¢ indexes each word in the vocabulary.

We have totally K(8) binary valued emotion varia-
bles e for each word. And each emotion variable e has
a corresponding emotion intensity v. Although the cor-
pus uses decimal figures to represent emotion intensi-

ties, they are in fact discrete random variables. We can
use integer values from 1 to 10 to indicate the levels of
emotion intensities. Random variable z is also discrete
valued, representing the topic identity.

We do not know the exact distributions of the dis-
crete random variables e, v, z, w, but we can use la-
tent random variables 6° , 6" , & and 7 to represent the
probability of each possible assignment to these varia-
bles. And to represent our confidence of such proba-
bility measures (6°, 6", & and 1), we use the
Dirichlet (Beta) distribution, which are distributions on
distributions. And the observations 8,y , T and 4 are
the parameters of each Dirichlet (Beta) distribution.

All indexing variables and random variables in this
hierarchical Bayesian network are listed in Table I.

Table I The random variables and indexing variables

in the word emotion topic model

K #Emotion k Emotion index

IL #Emotionintensity ! Emotion intensity index

J #Topic j Topic index

N #Word in vocabulary t Word index in vocabulary

D #Document d Document index

W, #Dords in d i Word index in d

E Word emotion v Word emotion intensity

VA Topic w Word

B Observed word emotion 7y ObserV(?d wo.rfl emotion
intensities

A Observed topics 7  Observed quadruple (k, /, j, 1)

e g . . Proportion of word
6° Proportion of word emotion 6 L. X
emotion mtensity

o Proportion of topic n  Proportion of quadruple (%, /, j, )

3.2 The distribution assumptions

The advantage of such a method compared to tradi-
tional machine learning methods such as HMM and
CRF is that we can incorporate domain knowledge
into the learning procedure. In this study, we em-
ploy the knowledge of emotions and topics in the
form of probabilistic distributions.

As we have mentioned: the binary valued emotion
variable e follows the Bernoulli distribution; the e-
motion intensity v of a particular emotion e follows
the Categorical distribution, if the emotion is actually
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assigned; otherwise, the intensity is set to 0 with
probability 1; the topic variable z follows the Cate-
gorical distribution; and word w follows the Cate-
gorical distribution parametrized by 7., given the e-
motion e, emotion intensity v and topic z; 6° follows
the Beta distribution, which is the conjugate prior of
Bernoulli; 8" , & and 1 follow the Dirichlet distribu-
tion, parametrized by the observed variables.

We explicitly list the distribution formulas as fol-
lows.

eq ~ Ber(6)

Vi | €qi ~ Cate(0); if e =1

Vi | €ac ~P(Vay =0) =15 1 ey =0

z, ~ Cate(6))

Wi | Cais Vais Zai ~ Cate(md,v‘,,;,,)

O ~ Beta(B,)

O ~ Dir(y,)

0> ~Dir(A4)

Ny ~ Dir(Tklj)
3.3 The generation procedure
Our emotion topic model is a generative model,
which means we can generate the value of a child
node given the values of the parent nodes and the
particular conditional probability. And by repeating
this procedure to each variable in the WET model,
we can finally generate an entire emotion corpus.

The algorithm of generation is shown in Algo-
rithm 1 below.

Algorithm 1: Generating variables in the word emotion topic model
For emotion document d <D do
Draw topic proportion 8; ~ Dir(4)
For each emotion k <K do
Draw emotion proportion 65, ~ Beta(B;)
Draw emotion intensity proportion 6, ~ Dir(y,)
End for
For each word i<W, do
For each emotion £ <K do
Draw word emotion ey, ~ Ber(6,)
Draw emotion intensity vy | eg ~ Cate(6),)
End for
Draw topic z, ~ Cate(6’)
Draw word w | ey, v, z4 ~ Cate(n,, . )
End for
End for

2012.3

The generation procedure follows the direction of
arrows in this graph: for each document d, we draw
a topic proportion. Then for each emotion %k, we
draw the emotion proportion, and the emotion inten-
sity proportion. For each word #, and for each sin-
gular emotion k£ of this word, we draw the binary
valued emotion indicator ey, and the corresponding
emotion intensity v, if the value of ey, is not false.
After generating the complex emotion, we can gen-
erate the topic z, and word w, from Categorical
distributions.

IV. INFERENCE

4.1 Gibbs sampling method

So far we have defined the hierarchical Bayesian
network to model the emotion and topic knowledge
of the words. The generation procedure shows the
steps to generate the values of visible variables
(words) from latent variables (emotions, emotion in-
tensities, topics) and latent structure (proportional
variables). And the inference procedure is the re-
verse of generation, in which the latent variables can
be generated from visible variables, suppose we can
calculate the conditional probability of the latent var-
iable given values of other variables. Actually, we
are using a collapsed Gibbs sampling method [19-
20] by integrating out the proportion variables ( 6,
0,0 ,m).

Before sampling, we assign some random val-
ues to the latent variables. Then we draw the val-
ue of each latent variable given the values of all
other visible and latent variables. The Gibbs sam-
pling procedure is an iterative procedure, which
means we have to repeat the step drawing the val-
ue of each latent random variable for a relatively
large number of times until convergence. It is also
proved that through large amount of repetitions,
we can get the true distribution of the latent ran-
dom variables.

The algorithm of Gibbs sampling is shown in Al-
gorithm 2.
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Algorithm 2: Gibbs sampling for word emotion topic model
For m =1 to M Gibbs sampling iterations do
For d<D do
For i<W, do
For k£ <K do
Cale p(vyy | W, z, e, v_g, 4, B, ¥, T)
Sample v g
Cale peg |w, z, e_g,v, 4, B, ¥, T)
Sample ey
End for
Cale p(zy|W, z_y, €, v, 4, B, ¥, T)
Sample z,
End for
End for
End for

4.2 Probability derivations

Until now, we have provided the procedure of pre-
dicting emotions and topics of words, leaving only
one problem: how to calculate the conditional proba-
bilities of a single latent variable given values of all
other variables?

Because we select the conjugate priors, the cal-
culations are straight forward. Eq. (1) is the condi-
tional probabilities of emotion variable e, given all
other variables:

Pleg | W, 2, € g v A, B, v, 7)

(W s € | W_ir Z, € _gi» V> A, B, Y, T) =

pw,z, e, v, 4,B,y,7)  _ M)

PW_ys 2, €_gi» V> A, B, ¥, T)

pw,e|z,v, 4,8, y, T)

PW_ys €_wlz, v, 4, B, v, 7)

Variable e, is the parent of word variable w , in
the WET model. And since the value of word is vis-
ible, the conditional probability turns to be propor-
tional to the joint probability of w , and ey, condition
on the values of all other variables. Finally, we apply
the Bayesian and product rules to the conditional

probability, and get the division formula as Eq. (1).
The conditional probabilities of emotion intensity
variable v, and topic variable z, are listed as fol-
lows:
POvalw, z, e, v_qu, 4, B, ¥, T)
o PW,v|z, e, 4,8, 7y, T) @)
PW_4 vV |z, €, 4, 8,7, 7)

p(zdi|wa Z_gi» €V, A5 B: Y, T)
p(W’Z|e’V’A’ﬁ’7’T) (3)
p(w—a’i: Z,d,-|€, v, Aa Ba ) T)
We briefly look through the calculation of the
probability of emotion variable ey, . The joint proba-
bility in Eq. (1) is split into a word fraction and an

oC

emotion fraction:
p(w’ e|Z’ V, A’ B’ Y’ T) :p(w |Z’ e’ V, T)p(e|B)
“4)
The emotion part is calculated through integrating
out the proportion variable ( 6°). We take the ad-
vantage of the conjugate priors, and get the expres-
sion as follows:

ple| B) = fp(e\ 6)p(6° | B)de* =

IH | gp(edﬂJ Gj’,k)ld_[ HP(QZk
TT @0 (1 - 65" - 5

d=1 i=1 1 =1 =1

Al
dk i=1
1 0
W (B (1 = 0, dog, =
BIB)
H F(Bi +BY) I'(ny +B/L)F(Wd P +.32)
& TBIB) T, +B +B)

We can see that the conditional probability finally
falls into some fundamental operations on the statis-
tics variables: n,, is the number of emotion £ in doc-
ument d; W, is the total number of words in docu-

= By -

i

ment d, 8, and B} count the occurrence and un-oc-
currence of the emotion £ in the training set.
We derive the word probability in the same way.
pw | z,e v,1) =

fp(w |z, e, v, mMp(n | m)dn =

N N
1 1 1
I'( Z Tkljt) H r(nkyz + Tkljt)
t=1 t=1

! flmzw) F(ﬁ (M + 7)) ©

I'( Z{ Tor) H r(ny, +7,,)

N N
v 11 ) I ; (n), +70,))

By taking the emotion and word probabilities into
Eq. (1), we have the conditional probability as
follows:
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p(edik | W, Z, €_4ik> V> Aa Ba’yﬂ-) o

N N
1 1 0 0
H H r (nk[ft + Tk[ft) H r (nkjt +Tkjt)

N N
kij 1 1 ki 0 0
I( (nkljt + Tkljt)) I (2 (”ka + Tka))
t=1 t=1

N N
1 1 0 0
H r (nk[ft + Tk/ft) H r (nkjt + Tkjt)

I1

N N
BRIONCTE R IO NCARL AN
H I'(ny +B11)F(Wd P +BY)

dk Tw, +B +B)
[ H I'(n, +:311)F(Wd ~ M +@)] g
i rw, +,3;¢ "",32) ~dik

Eq. (7) is not simple enough: we have too much
product operations and Gamma functions. Also, the
numerator and denominator are quite similar except
some particular variables. These lead to the simplifi-
cation of calculation.

We expand the denominator and numerator of
word probability with emotion ¢,,=1 into two parts:
the single word w , part which is different in Eq. (8)
and Eq. (9), and the all-other-words part which is
exactly the same in Eq. (8) and Eq. (9), and there-
fore it can be removed out as follows.

N
1 1
H F(nk/;r + Tk//:)
t=1

N
ki 1 1
I'( z (nkljt + Tkyt)) i
t=1

[1 700 7= D L] T+ )]
kekl, kit —Z W4
N N
[17 6t DT Gl ri)]
kekK} t=1 I 1=1 di
®)
N
H F(nllc/jr + Tllc/jt)
= —
y N -
i F( Z (n]]c]j[ + T;cb'l)) —di
=
H F(nll(vd‘kzmm,, +T/1cvdlkz(,,w(,,) [ H F(nlldﬂ + Tllcgt)]
kek, kljt “ZWai
N N
[[7X o o) LTI G+ )]
kek), t=1 I =1 di
)

Also we have the denominator of the word w
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with emotion e,,=0 separated into two parts:

o e o

N -
ki 0 0
I'( (nkjt + Tkjt)) i
t=1

H r (n(lizl,,w " + T(I:zd,w‘,, - 1)

[T 76, +73))

ke KY/, kit —Z Wy
N N
[[ 1 e, +7i) - [T e+l
kek, t= kj t= a
(10)
N

H H F(ngjt + ngt) ~

N
ki 0 (U
F( 2 (nk/'t + Tk/r)) —di
t=1

[Hre.,., +m..) [[I1re, +o)]

kek, it T
N N
[17CX oy + e D LTI Gy + 7]
kek), 1= 9 1= di
(11)

And again, only the singular word parts are dif-
ferent in Eq. (10) and Eq. (11).
We also expand the denominator and numerator
of emotion e in Eq. (12) and Eq. (13):
[ H I'(ng +BJIC)F(WI(1 - nodk +,32)]
dk Irw,+pB.+B ~dik

F(nd‘,edlk +:8l»d,k - I)F(de T Nye, +BSM) y
rw, +g., +B, -1)
D K
[ !1 L[r(ndk +BIL)F(Wd — Ny +:82)] e
[TITIrov, +B: +8D]
d=1 k=1 dfa
if e =1
r (ndue(m +,8i>‘,,k)r (Wd‘, ~ Nye, +,82M -1
rw, +p., +B., -1)
LTI 2 +BOr0r, = na +BD1,
D K 5
[TITITw, + 8. +8D]
d=1 k=1 d e
if eﬁik =0
(12)
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1 L(ng +BICWy = ny +B) _

g T(W,+B; +By)

r (ndﬁd,k +ﬁid‘k)r ( Wi = ng.,
rw, +B., +8.)

D K

[H Hr(ndk +B}()F(Wd — Ny +ﬁ2)]

0
+B.,)
X

—d g

>

LITITrov, +8:+8D],

L
if ey = el
1 0
Iﬂ’(ndﬁ‘,vk +ﬁeM - I)F(de - nd‘,emk +Bemk + 1) x

(W, +B.. +B.)

D K
[ L[l Hr(ndk +,311()F(Wd — Ny +B2)] e
[TTTTrov, +B0 +8)]
d=1 k=1 i
ifeld =1andel =0
I'(n, +B, +DIW, -n, +B, -1
X
rw, +B., +B.)
D K
[n 1 F(ndk +BIL)F(Wd — Ny +ﬁ?)] e
il
D K 9
[TTTTA07, +B: +BD]
d=1 k=1 i
if e =0 and el =1
(13)

Finally, by taking Eq. (8) to Eq. (13) into Eq. (7), we
have the conditional probability of emotion e, as:

p(edik ‘ W, Z, €_gix,> Vs A’ Be % T) o

1 1 1
Mewizivs T Tewvgeary, =1 Map, ¥B,, =1
N 1 0 >
Sl vy W BB
t=1
. 1d
if ey, =1and ey =1
0 0 0
Ro + Topop, =1 Wi —ng., +B.,

N

0 0
z (nedkzmt + TeMz,,t) - 1

t=1
. 1d
ifey =1and ey =0

1 0 5
Wd‘, +,B£>dik +Bedk -1

1 1 1
Povzova T Tewruzr, = 1 Mae, T Be, .
N 1 0 >

1 + 4! -1 Wi +B.. tB., —1
(nedkvdkz‘,,t Tedkvdkzi,,t)
=
.~ old
if e, =0 and ey =1
0 0 0
Moo, TTey =1 Wa, = Hae, T B, =1
N 1 0 >
o0 420 -1 Wi +B., B, —1
(oo + Tepey)
=1
.~ old
ifey =0and ey =0
(14)

which is the final equation we use to draw samples
of word emotions in Gibbs sampling.

Following the same procedure, we have the con-
ditional probability of the emotion intensity v, given
the other variables:

p(vdik | w,z,e, v—dik> A, ﬁ: Y, T) o

1 1
neu.k"mkzd.wm + T"’mk‘/a.nzmwm 1 ndd‘-’mkva.k .
N L ’
1 1
zlt (ned,kvd,kzd/ + Ted.kvd,kz,,,t) -1 ; (ndfd,kl + ’)/edlkl) -1
1= =
. Id
if ey =1

1; ifefy =0
(15)
and the conditional probability of the topic z, given
all other variables:

p(Zdi | W, Z_ 4> €, V, A’ Ba Y T) =

1
Pyzava T -1
Il =

kek' 1 1
Z (nkvd,kz‘,,l + Tkvmkzmt) - 1
t=1

T k Vv mkzzhvv di

n(/zz(,,w,,, + T(IZZH,\V‘,, - 1 nddzrh +AZW - 1
Il - =
kek’ 0 0

Z (nkzd,r + Tkzd,t) -1 Z (”dJ +Aj) -1

=1 i=1
(16)

V. EVALUATION

We apply the WET model to emotion and topic pre-
diction from raw text. In this experiment, we ex-
tract 1 147 blog articles from Ren-CECps, and use
918 articles for training, and 229 articles for testing.
We use the precision scores to assess the perform-
ance of our model basically on 3 aspects: emotion
prediction, emotion intensity analysis, and emotion
topic variation.

We also compare the precisions of our emotion
prediction with traditional parsing models such as
Hidden Markov Models (HMM) and CRF.

5.1 Emotion prediction

Figure 2 shows the precisions of singular word e-
motion classification when choosing varied number
of topics in the WET model. There are totally 9
classes in this classification task, including the eight
basic singular emotions joy, love, expectation, sur-
prise, anxiety, sorrow, anger and hate, and a NoE-
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motion label with respect to the words on which we
do not predict any emotion.

1.0

O.QL
=
2 m— : ’ — s & NoEmotion
-5 0.8%=2p ~ Joy
2 I/ Hate
£0.7% LR R——F Wi + Love
e / + Sorrow
20 6.\ . énxiety
g + Surprise
Mo V Anger

0.5 = Expection

0.4 — T T T T T T T

1 10 20 30 40 50 60 70 80 90 100

Fig.2 Precisions of singular word emotions with
varied topic numbers

As the number of topic increases, the results tend
to be stable. For the emotion of expectation, we
have all the precision scores over 95%, and for e-
motions of joy, love, anxiety, sorrow, hate and No-
Emotion we have the precision scores over 80% .
Prediction of emotion surprise and anger seems har-
der, with precision scores of around 70% .

IR ——

/

o
%
N

o
o0
I

o
0
A

o
o0
S}

=
)
—_

00 20 30 40 50 60 70 80 90 100
Topic number

Precision of comples word emotion
(=} (=}
o0 o]
] [8)

Fig.3 Precisions of complex word emotions with
varied topic numbers

Figure 3 shows the result of complex word emo-
tion prediction, with varied number of topics in the
model setting. Prediction of complex emotion is
thought to be correct only if every predicted singu-
lar emotion is matched with the standard label. This
is a very strict condition since within the complex e-
motions singular emotions may have different emo-
tion intensities, and some weak emotions are very
difficult even for humans to predict.

The precision score increases as we set larger
number of topics, and achieves the peak of 83.46 at
90 topics, which is a quite promising result com-
pared to the HMM and CRF results. Figure 4 com-

2012.3

pares the results of HMM and CRF and our word e-
motion topic model on the same training and testing
set.

0-6'%?%
0.4

NoEmotion Joy Hate Love Sorrow Anxiety Surprise Anger Expection
Emotion

«+HMM
+CRF
WET

Precision

Fig.4 Comparing precisions of singular word emotions
under HMM, CRF and WET

The HMM model gets an averaged precision on
totally 9 emotion categories of 62.20% . The CRF
gets a little higher mean precision of 63.46% . Both
are much lower than the WET model of 82.24% .

The comparison indicates that: first, the word e-
motion prediction is a difficult task since traditional
labeling methods achieves around 60% precision
scores; second, the hierarchical Bayesian network
do help improving the emotion classification with
more than 20% of increment.

5.2 Emotion intensity prediction
We evaluate the emotion intensity predictions with
varied topic numbers. Figure 5 shows the result.

1.0
| |

0.9
.wﬁ: s T
2 0.7 = . = oEmotion

o s = Jo

2.0.6% Hg;e

2 05!%@%& + Love

& oo + Sorrow

= avd Anxiety
0.3 + Surprise
02 . éngeff
a1 xpection

0 T T T

T T T T T T
1 10 20 30 40 50 60 70 80 90 100
Topic number

Fig.5 Precisions of word emotion intensities with

varied number of topics

Most singular emotions get precision scores over
60, and 5 emotions including joy, love, expectation,
sorrow and NoEmotion achieve over 70 precisions.
The averaged emotion intensity precision gets the
highest score of 72.27 with topic number of 40.

The prediction of the emotion intensity is thought
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to be correct only if both the emotion identity and e-
motion intensity value are matched with the stand-
ard label, which means the errors in emotion predic-
tion will be accumulated to the errors in emotion in-
tensity prediction. Therefore, to evaluate the true
performance of the WET model on emotion intensi-
ty, we calculate the precision scores of emotion in-
tensity prediction by considering only the intensity
values of the already correctly predicted singular e-
motions.
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Fig.6 Precision of emotion intensity for correctly classified

emotions with varied number of topics

Figure 6 shows the precisions of the emotion in-
tensity for correctly classified emotions. The pre-
dicted emotion intensities on most correctly predic-
ted emotions get over 80% precision scores. The
“surprise” intensity prediction varies a lot, without
sufficient training examples.

5.3 Emotion-topic variation

Topics in traditional topic models such as LDA are
in fact the sorted lists of words from the vocabula-
ry. Each word can appear in a topic, and the only
difference among topics is the order of words. Top-
ics can also be viewed as clusters. In LDA, the or-
der of words in each topic is determined by the
probability that the words belong to the correspond-
ing cluster.

In our word emotion topic model, topics are the
sorted word lists from the vocabulary. However, the
order of words in each topic is determined by the
probability that the words together with the corre-
sponding word emotion belong to the topic cluster.
We can examine this by the emotion-topic variation.
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Fig.7 Emotion-topic diagram

Figure 7 shows part of the emotion topic diagram
generated by the WET model when choosing 40
topics. Each ellipse is a topic and topics get linked
to each other according to their lexical similarities.
The topics are colored to represent their chief emo-
tions, e.g. green for joy, grey for hate, blue for sor-
row. We list the top four words in each topic, top
three emotions, and the percentage of each emotion
occurring in the corpus.

The words “pop music | culture | do | next” are
clustered into a topic in the emotion topic diagram.
In traditional topic models, this topic can be ex-
plained as representing some culture of popular mu-
sic. And in this emotion topic model, we can get
further emotion interpretation: it is probable that
words in this topic express emotions of joy and ex-
pectation than others. The topic “like | time | eat |
next” represents the emotion of expectation, love
and joy, while the topic “auction | do | fabrication |
like” represents the emotion of sorrow, anxiety and
hate. Both topics contain the same word “like”, but
in different contexts the word indicates different e-
motions.

Finally, it has to be noticed that the emotion-topic
variation in Figure 6 represents the particular distri-
butions of emotions and topics on the specific set of
text (the 229 blog articles in the testing set), rather
than an universal emotion - topic distribution.
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VI. CONCLUSIONS

In this paper, we employ a hierarchical Bayesian
network to incorporate the domain knowledge of e-
motion and topic information, in the form of condi-
tional probabilities, into the machine learning proce-
dure. We use the Gibbs sampling method to predict
the combination of singular word emotions and the
emotion intensities. To our knowledge, other study
has investigated the task of predicting the complex
word emotions together with the emotion intensities.

To evaluate the performance of the word emotion
topic model, we examine the precisions of singular
word emotion prediction, complex word emotion
prediction, word emotion intensity prediction and
the emotion topic variation. As we increase the
number of topics in the model, the averaged singular
emotion precision and complex emotion precision a-
chieve the peak of 82.24% and 83.46% at the set-
ting of 90 topics. The precision of emotion intensity
gets the best of 72.27% when choosing 40 topics.
We compare the traditional parsing methods HMM
and CRF on emotion prediction with our word emo-
tion topic model. On average, our method outper-
forms HMM and CRF on singular emotion predic-
tion by around 20% precision scores, which proves
that the emotion prediction is not an easy task and
that our model could effectively improve the result.
Finally, we study the emotion-topic variation through
the emotion topic diagram: topics can be further ex-
plained by the word emotions within the topics, and
the word emotions vary under different topics (con-
texts).

When predicting the complex emotions of words,
our WET model considers the context information
such as the proportions of each emotion and topic
for each word in a document. However, such pro-
portions cannot reflect the structure information
such as negative modifications, which could actually
affect the word emotions. In the future study of e-
motion prediction, we will apply some results of the
proposed method to the project of Robotics Cloud
[21-22], and hope to introduce sequence structures
as well as corresponding domain knowledge into the

2012.3
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