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Abstract. Multiple emotions are often evoked in readers in response to
text stimuli like news article. In this paper, we present a novel method for
classifying news sentences into multiple emotion categories using Multi-
Label K Nearest Neighbor classification technique. The emotion data
consists of 1305 news sentences and the emotion classes considered are
disgust, fear, happiness and sadness. Words and polarity of subject, verb
and object of the sentences and semantic frames have been used as fea-
tures. Experiments have been performed on feature comparison and fea-
ture selection.

1 Introduction

The Internet has been one of the primary media for information dissemination
shortly after the advent of Word Wide Web. Consequently, the amount of text
data available online is enormous. The advent of new technologies makes way of
new interaction possibilities and provides people with an array of social media
like blog, chat, social network, news etc. As compared to traditional keyword
based or topical access to the information, new social interactions require the
information to be analyzed in social dimensions like emotion, sentiment, atti-
tude, belief etc. Emotion analysis of text is one of such tasks that are gaining
importance in text mining community in recent times.

Two types of emotion evaluation may be possible: writer perspective and
reader perspective evaluation. In previous works [1], a few attempts towards
writer perspective analysis of emotion in text data have been made. In all these
studies, it has generally been assumed that the writer expresses only one emotion
for a text segment. However, evocation of a blend of emotions is common in
reader in response to a stimulus. For example, the following sentence may evoke
fear and sad emotion in readers mind.

Militant attack kills over 30 persons in Nigeria.

Classifying emotion from reader’s perspective is a challenging task and research
on this topic is relatively sparse as compared to writer perspective analysis.

Affective text analysis was the task set in SemEval-2007 Task 14 [2]. A corpus
of news headlines extracted from Google news and CNN was provided. Some
systems with different approaches have participated in solving the said task [2].

The work [3] provides the method for ranking reader’s emotions in Chinese
news articles from Yahoo! Kimo News. Eight emotional classes are considered
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in this work. Support Vector Machine (SVM) has been used as the classifier.
Chinese character bigram, Chinese words, news metadata, affix similarity and
word emotion have been used as features. The best reported system accuracy is
76.88%.

In this work, we perform reader perspective emotion analysis in text data
where one text segment may evoke more than one emotion in reader. News is a
media where certain facts in the articles are presented to the readers with the
expectation that the articles evoke some emotional responses in the readers. So,
this media is one potential data source for the computational study of reader
perspective emotion.

2 Emotion Classification Problem and MLKNN

The problem of multi-label emotion classification is defined as follows: Let S =
{s1, s2, . . . , sn} be the set of emotional sentences and E = {ei|i = 1, 2, . . . , |E|}
be the set of emotion classes (e.g., happy, sad etc.). The task is to find a function
h : S �→ 2E , where 2E is the powerset of E .

This problem can be mapped to a multi-label text classification problem. In
this work, we use Multi-Label K Nearest Neighbor classifier (MLKNN) [4] for clas-
sifying sentences into emotion classes. MLKNN, a multi-label adaptation of single
label K Nearest Neighbor algorithm, is one of the state of the art high perfor-
mance algorithm adaptation technique. In this technique, for each test instance
t, its K nearest neighbors in the training set are identified. Then according to
statistical information gained from the label sets of these neighboring instances
maximum a posteriori (MAP) principle is utilized to determine the label set for
the test instance. The entities that central to this classification technique are
the prior probabilities P (H l

b)(l ∈ E), b ∈ {0, 1}) and the posterior probabilities
P (N l

j |H l
b) (j ∈ {0, 1, . . . , K}). Here, H l

1 is the event that the test instance has
label l, while H l

0 denotes the event that t has not label and N l
j (j = 1, 2, . . . , K )

is denotes that among the K nearest neighbors of t, there are exactly j instances
which have label l. The probability values are estimated from training data set.
Laplace smoothing is used for handling data sparsity problem.

3 Emotion Data

The emotion text corpus consists of 1305 sentences extracted from Times of
India news paper archive1. The emotion label set consists of four emotions:
disgust, fear, happiness and sadness. A sentence may trigger multiple emotions
simultaneously. So, one annotator may classify a sentence into more than one
emotion categories.

The distribution of sentences across emotion categories is as follows: Disgust
= 307, Fear = 371, Happiness = 282 and Sadness = 735. The label density
(LD = 1

|S|
∑|S|

i=1
|Ei|
|E| , where Ei is the label set for Si) and label cardinality

1 http://timesofindia.indiatimes.com/archive.cms

http://timesofindia.indiatimes.com/archive.cms
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(LC = 1
|S|

∑|S|
i=1 |Ei|) are the measures of how multi-label the data is. The LC

and LD for this data set are computed to be 1.3 and 0.26 respectively.

4 Features for Emotion Classification

Three types of features have been considered in our work as given below:

– Word Feature (W): Words sometimes are indicative of the emotion class of
a text segment. For example, the word ‘bomb’ may be highly co-associated
with fear emotion. Thus words present in the sentences are considered as
features. Before creating the word feature vectors, stop words and named
entities are removed and the words are stemmed using Porter’s stemmer.

– Polarity Feature (P): Polarity of the subject, object and verb of a sentence
may be good indicators of the emotions evoked. The subject, object and
verb of a sentence is extracted from its parse tree and the polarity for each
phrase is extracted from manual word level polarity tagging with a set of
simple rules.

– Semantic Frame Feature (SF): The Berkeley FrameNet project2 is a well-
known resource of frame-semantic lexicon for English. Apart from storing
the predicate-argument structure, the frames group the lexical units. For
example, the terms ‘kill’, ‘assassin’ and ‘murder’ are grouped into a single
semantic frame ‘Killing’. In this work, we shall be exploring the effectiveness
of the semantic frames feature in emotion classification. The semantic frame
assignment was performed by SHALMANESER3.

5 Evaluation Measures

We evaluate our emotion classification task with respect to different sets of multi-
label evaluation measures:

– Example based measures: Hamming Loss (HL), Partial match accuracy (P-
Acc), Subset accuracy (S-Acc) and F1. These measures are explained in the
work [5].

– Ranking based measures: One Error (OE), Coverage (COV), Average Pre-
cision (AVP). The work [4] describes these measures in detail.

6 Experimental Results

In this section, we present results of experiments of emotion classification with
MLKNN. 5-fold cross-validation has been performed in all the experiments and
the number of neighbors considered is 10.

2 http://framenet.icsi.berkeley.edu/
3 http://www.coli.uni-saarland.de/projects/salsa/shal/

http://framenet.icsi.berkeley.edu/
http://www.coli.uni-saarland.de/projects/salsa/shal/
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6.1 Comparison of Features

The comparison of the features is performed with respect to a baseline which
considers only words as features. Table 1 summarizes the results of emotion
classification with different features and their combinations with best results
presented in bold face.

Table 1. Comparison of features (W = word feature, P = polarity feature, SF =
Semantic frame feature)

Measure Type Measure W P SF W+P P+SF W+SF W+P+SF

Example based measures

HL 0.175 0.223 0.117 0.156 0.118 0.131 0.126
P-Acc 0.598 0.532 0.756 0.664 0.764 0.703 0.722
F1 0.647 0.582 0.806 0.714 0.817 0.756 0.774
S-Acc 0.499 0.428 0.653 0.563 0.655 0.594 0.618

Ranking based measures

OE 0.231 0.325 0.143 0.210 0.129 0.145 0.133
COV 0.774 0.918 0.576 0.704 0.538 0.606 0.576
RL 0.157 0.207 0.091 0.138 0.079 0.101 0.090
AVP 0.853 0.801 0.911 0.871 0.921 0.906 0.915

General observations over the feature comparison experiment are as follows.

– The use of semantic frames (SF) as features improves the performance of
emotion classification significantly (�P-Acc = 15.8%, �S-Acc = 15.4% and
�F1 = 15.9%) over the baseline. This significant improvement may be at-
tributed to two different transformations over the word feature set.
• Dimensionality Reduction: There is a significant reduction in dimension

when (SF) feature is considered instead of (W) feature (SF feature di-
mension = 279 and W feature dimension = 2345).

• Feature Generalization: Semantic frame assignment to the terms in the
sentences is one of generalization technique where conceptually similar
terms are grouped into a semantic frame. In semantic frame feature set,
unification of these features are performed resulting in less skewedness
in feature distribution.

– The P+SF feature combination performs best.
– The polarity feature (P) is inefficient as compared to other combinations

but whenever coupled with other feature combinations (i.e., W vs. W+P,
SF vs. SF+P and W+SF vs. W+SF+P), the performance improves.

– Whenever W feature combines with SF, degradation in performance have
been observed (i.e., SF vs. W+SF, P+SF vs. W+P+SF).

6.2 Feature Selection

The plot word feature χ2 value vs. rank follows the Zipfian distribution (power
law fit with equation y = αx−β where α = 236.43, β = 0.8204;R2 = 0.89)
having a long tail which is strong indication of feature sparseness problem. To



Multi-label Text Classification Approach 265

(a) Example based measures Vs.
Percentage of total word features

(b) Ranking based measures Vs.
Percentage of total word features

Fig. 1. Variation of multi-label measures with Percentage of total word features

alleviate this problem, we have performed χ2 feature selection [6] on the W and
SF feature sets.

We performed experiment on selecting optimal W feature set size based on
their χ2 values. We present the variations of the performance measures with W
feature set size in Fig. 1.

Top 10% of the total W feature set is found to be optimal feature set. The
relative performance after feature selection for W is shown in Fig. 2(a). In case
of SF feature, top 80% out of the total set was selected as optimal feature set
for SF feature. The relative performance with the selected SF feature set is
presented in Fig 2(b).

It is evident from Fig. 2 that the there is a slight improvement in performance
after adopting feature selection strategy for both the feature sets.

With P+SF feature combination being the close competitor, best perfor-
mance is achieved with P+80%SF(HL = 0.115, P-Acc = 0.773, F1 = 0.827
and S-Acc = 0.666). As the emotion analysis task is modeled in a multi-label
framework, comparison with other systems can only be made with micro-average

(a) Relative performance after χ2

word feature selection
(b) Relative performance after χ2

semantic frame feature selection

Fig. 2. Performance after χ2 feature selection
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Table 2. Comparison of the proposed system with others

Measure Accuracy Precision Recall F1

UPAR7 89.43 27.56 5.69 9.43
UA-ZBSA 85.72 17.83 11.27 13.81
SWAT 88.58 19.46 8.62 11.95
Li and Chen 76.88 – – –
Our System 88.2 84.42 79.93 82.1

measures like accuracy, precision, recall and F1. The comparison with other sys-
tems is presented in Table 2.

7 Conclusions

We have presented an extensive comparison of different features for multi-label
reader perspective emotion classification with MLKNN. Feature selection on
word and semantic frame features is found to be fruitful for better performance.
The classifier performs better with semantic frame (SF) features compared to
word features (W) as SF helps in dealing with feature sparseness problem. Im-
provements have been noticed when the polarity feature is combined with other
features.
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S., Mladenič, D., Skowron, A. (eds.) ECML 2007. LNCS (LNAI), vol. 4701, pp.
406–417. Springer, Heidelberg (2007)

6. Zheng, Z., Wu, X., Srihari, R.: Feature selection for text categorization on imbal-
anced data. Explorations Newsletter 6(1), 80–89 (2004)


	Multi-label Text Classification Approach for Sentence Level News Emotion Analysis
	Introduction
	Emotion Classification Problem and MLKNN
	Emotion Data
	Features for Emotion Classification
	Evaluation Measures
	Experimental Results
	Comparison of Features
	Feature Selection

	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




