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Abstract 

 
Inthispaper,weaddresstheissueofautomaticpredictionofreaders’moodfromnewspaperar- 

ticlesandcomments. Asonlinenewspapersarebecomingmoreandmoresimilartosocialmedia 

platforms,userscanprovideaffectivefeedback,suchasmoodandemotion.Wehaveexploited theself-

reportedannotationofmoodcategoriesobtainedfromthemetadataoftheItalianonline newspaper 

corriere.it to design and evaluate a system for predicting five different mood cate- gories from 

news articles and comments: indignation, disappointment, worry, satisfaction, and 

amusement.Theoutcomeofourexperimentsshowsthatoverall, bag-of-word-ngramsperform better 

compared to all other feature sets; however, stylometric features perform better for the 

moodscorepredictionofarticles. Ourstudyshowsthatself-reportedannotationscanbeusedto design 

automatic mood prediction systems. 

 

1 IntroductionandBackground 

Participating in social media has become a 

mainstream part of our daily lives – we read 

articles, com- 

ments,otherpeople’sstatusesandprovidefeedba

ckintermsofemotionsthroughwrittencontent.C

ur- rently, newspapers are also being designed 

as social media platforms to facilitate users to 

provide their 

opinionalongwithemotionalfeedback.Sincecur

rentlyoursocialparticipationismostlydonethrou

gh 

socialmediaplatforms,theonlinecontent,includi

ngsocialmediaandnewspapers’content,isgrowi

ng very rapidly.In (Turner et al., 2014) the 

authors estimate that by 2020 online content 

might reach 44 trillion gigabytes, including 

news articles and user generated content such 

as likes, dislikes, emotions, tastes, identities, 

and data collected by sensors (Liu, 2007). 

Suchincreasingamountofdigitaldatacreatesa

nunprecedentedopportunitiesforbusinessesand

in- dividuals, as well as it poses new 

challenges to process and generate concrete 

summaries out of it.For 

example,everydayjournalistsneedtodealwithth

elargequantityofinformationwhenevertheynee

dto prepare a historical/follow-up report or a 

summary from a large collection of 

documents.They might 

wanttoknowhowparticulartopicsofanewsareass

ociatedwithusers’mood.Theimportanceofsuch 

studies and their use cases have also been 

reported in (Riccardi et al., 2015).The 

challenges include automatic processing of 

semi-structured or unstructured data in 

different dimensions such as linguistic style, 

interaction, sentiment, mood and other social 

signals.Finding the collective information of 

such signals requires automatic processing, 

which will be useful for various professionals, 

specifically psy- 

chologistsandsocialandbehavioralscientists. 

Amongotheraffectivedimensions,moodandsen

timent 

areparticularlyimportantfortheanalysisthecons

umerbehaviortowardsbrandsandproducts(Pang

and Lee, 2008; Stieglitz and Dang-Xuan, 

2013). 

In the past few decades, the affective 

dimension of text has been mainly analyzed in 

terms of posi- tive and negative polarity (Pak 



  

 

 

                                                                                  ISSN: 2456-1134 www.isjcresm.com 

                                                                                            Vol-10 Issue-01 Mar 2025  
 

 

Page | 283   

and Paroubek, 2010a; Kouloumpis et al., 

2011; Cambria et al., 2016a), although more 

detailed dimensions are proven to be very 

useful.In particular, moods such as tension, 

depression,anger,vigor,fatigue,andconfusionin

tweetshavebeenfoundtobegoodpredictorsof 

stock market exchanges (Bollen et al., 

2011).It has also been demonstrated that it is 

possible to pre- dict anger, sadness, and joy 

from LiveJournal blogs with performances up 

to 78% accuracy (Nguyenet al., 

2010).Moreover, it is also possible to 

distinguish Twitter users who are likely to 

share content 

generatingjoyoramusementfromtheoneswhoar

elikelytosharecontentgeneratingsadness,anger

or disappointment with an accuracy of around 

61% (Celli et al., 2016).An increasing number 

of studies 

focusesonanalyzingsentimentintermsofpositiv

eandnegativepolarityfromashorttext(microblo

g) (Akkaya et al., 2009; Paltoglou and 

Thelwall, 2010).From the automatic 

classification perspective, a 

researchapplicationSentiStrengthutilizesadiffer

entsourceofinformationtoassignasentimentscor

eto 

ashorttext(Thelwalletal.,2011;StieglitzandDan

g-Xuan,2013). Suchinformationincludesword-

list of sentiment, idioms, emoticons, negating 

words, linguistic rules and sentiment polarity 

classification algorithms. 

To design automatic detection and 

classification systems a typical approach to 

generating reference 

annotationistouseeithersentimentlexiconorauto

maticsystem(suchasSentiStrength)(Bollenetal.

, 2011;StieglitzandDang-

Xuan,2013;FerraraandYang,2015;KimandSale

han,2015),manualexpert annotationorself-

reporteduserannotation(Nguyenetal.,2014;Mis

hneandothers,2005).In(Cambria, 2016), the 

authors present a hybrid framework for 

sentiment analysis that includes a knowledge-

based 

systemandamachinelearningmodule.Recentadv

ancesinknowledge-

basedNLPforsentimentanalysis can be found in 

(Cambria et al., 2016b). 

Self-

reportedmoodannotationbytheusersoftheblogp

ostshasbeenpreviouslyaddressedin(Goet al., 

2009; Pak and Paroubek, 2010b; Pak and 

Paroubek, 2010b).In (Davidov et al., 2010), 

the authors 

usetwitterhashtagsaslabelsfordesigninganauto

maticclassificationsystem.Asimilarstudyhasals

o been reported in (Kunneman et al., 

2014).There are still many challenges in 

designing an automatic systemusingself-

reportedannotationbecausetheannotationsaren

otdoneinaconsistentmanner.Users 

annotatethembasedontheirself-

perception,andsocialmediaplatformsarenotdes

ignedfollowingany 

psychologicalinstrumentsorinstructions.Theob

viousadvantagesofsuchannotationsarethat(1)th

ey are cost-effective, and (2) they provide 

users’ natural affective expressions. 

Inthiswork, 

ourgoalistoinvestigatewhethersuchannotations

canbeusefulfordesigninganauto- 

maticsystem.Weinvestigatetwodifferentapproac

hestopredictmoodfromarticlesandusercomment

s: 

(1)regressiontoassignascoreforeachmoodcateg

ory,and(2)binaryclassificationintoapositiveand 

negative mood.We comparatively evaluate the 

predictive power of different feature sets such 

as char- acter,word,andpart-of-

speechngrams,stylometric,andpsycholinguistic

features.Ourstudyisin-line 

withthestudypresentedin(Nguyenetal.,2014),w

heretheauthorsinvestigateadifferentsetoffeatur

es 

alongwithdifferentmachinelearningalgorithms

forfeatureselectionandclassification.However,

our focus in on the prediction of mood on a 

continuous [0..1] scale and the utilization of 

different sets of features.Moreover, 

weextractthefeaturefrombotharticlesandcomm

ents.Becausetextmaycontain a blend of 

emotional manifestations in separate parts, our 

goal is to obtain a fine-grained view on of a 

comment or an article in the form of 

‘emotional sphere’.Since mood can be 

expressed through certain idiosyncratic 

vocabulary and writing style, we make use of 

stylometric and psycholinguistic features. 

Thestructureofthepaperisasfollows. 

InSection2wepresentthedetailsofthedataweuse

through- out experiments.Then, in Section 3 
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we report the experimental methodology, and 

in Section 3.2 the 

resultsoftheexperiments.Finally,discussionsan

dconclusionsappearinSections4and5,respectiv

ely. 

2 Corpus 

The data was collected from the most popular 

Italian daily newspapers – Corriere della 

Sera.The newspaper’s web site is structured 

as a social media platform (Boyd et al., 

2010).In particular, the 

platformoftheCorriere(1)providesasemi-

publicprofile1 

foreachregistereduser,(2)articulatesalist 

ofusersconnectedbyan‘interest’relationship,(3)

allowstoviewuser’sconnectionstootherregister

ed users, and (4) includes mood meta data 

reported by the readers as their ‘self-

perception’. 

Theannotationsformoodsareavailableattheartic

leandauthorlevels.Therefore,themoodscoresfor 
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Figure 2: Spider plot of the reference mood scores from the selected comments.Amusement (Amu), 

Disappointment (Dis), Indignation (Indig), Satisfaction (Sat), Worry (Wor). 

 

eacharticlearedirectlyobtainedfromthemetadat

aasanaverageofthereportedusers’moodscorefor 

that article.Whereas the mood scores for 

comments are obtained from the mood scores 

of the posting user.Mood scores for users are 

part of users’ personal profiles and describe 

all the moods they have 

declaredafterreadingthearticles. 

Aportionofthecorpushasalsobeenusedin(Cellie

tal.,2014;Celli et al., 2016) to study mood and 

the relation between mood, personality traits 

and interaction styles. 

For this study,we have 

collected2200articles and300Kcomments to 

them.The data was pre-processed to remove 

outliers for each mood category in both 

articles and comments.Outliers are defined as 

the mood scores that appear independently in 

each category.In Figure 1, for instance, for 

somearticleswecanobserveoutlierscoresforamu

sed,disappointedandworried. 

Forcomments,onthe 

otherhand,theoutliersareforthesatisfiedcategor

y.Outliersforcommentsintheamusedcategoryh

ave a score above 0.4, which are the scores 

above the upper outer fence in the boxplot. 

In Figure 1, we present box-plots of the 

mood score distribution for the articles and 

comments, re- spectively. 

Fromthefigures,weobservethatthedistributiono

fthemoodcategoriesforbotharticlesand 

comments are similar.For example, for 

indignation and satisfaction, the scores of the 

data points vary between 0.1 to 0.6.From the 

data, we also observe that in many cases users 

tend to annotate articles when the content of 

an article represents the emotions of 

indignation or satisfaction. 

A lexical analysis has been performed on 

articles and comments to understand the 

complexity ofthetask.We observe that for 

articles the average number of tokens is 550, 

with maximum 3,188 and 

minimum44tokens.Whereasforcomments,thea

verageis44withamaximumof285andaminimu

m 

 

Figure3:Anexampleofself-reportedannotationofacommentwithmoodscoresandcategory(negative for 

this example). English translation is provided in italics. 

 

Classlabel 
Score Neg 

(-0.31) 

Dis 

(0.20) 

Amu 

(0.11) 

Lei scrivePutin comunista ahahahaha. 
sefosseinformatosparebbecheVladimiriPutine' 

stato 1) membro del partito 

comunistasovietico 2) spia del KGB 3) spia 
del KGBnella DDR 4) ha collaborato con la 

STASIcomespianellaDDR.ioseguendolapoliti

cadal 1983 queste cose le sapevo gia' ma 
bastaandare su wikipedia per saperle guardi 

lefornisco anche l'indirizzo si informi 

[You write that Putin is a communist, ha 

haha. if you were well informed perhaps 
you'llknow that Vladimir Putin was: 1) a 

memberof the communist party in URSS, 2) a 
KGBspy, 3) a KGB spy in the DDR, 

4)collaborating with STASI as a spy in 

theDDR. I knew all these things because 
I'mFollowing politics since 1983, but you 

cancheckWikipedia,IalsoprovidetheURL,willt

ell!] 

Indig 

(0.31) 

Wor 

(0.14) 

Sat 

(0.23) 
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of1token.Acloserlookatthecommentswithahig

hernumberoftokensrevealsthatpeopleusuallytal

k 

aboutnationalissuessuchaseconomy,taxes,ande

nvironmentalcauses.Thereisadifferencebetwee

n article and comments in terms of language 

style.Naturally, the written style of the articles 

is more formal, whereas the text in comments 

is more noisy and informal as it contains 

repetitions, emoticons, jargon, abbreviations, 

non-standard grammar, and URLs.The noisy 

structure is very common in any social media 

conversation as also reported in (Nguyen et 

al., 2014; Alam et al., 2013). 

InFigure2,wepresentaspider-

plotwithreferencemoodscoresfromtheselectedc

omments,which range from 0 to 1.As can be 

seen in the figure, the mood scores for 

indignation and satisfaction are higher than 

for other categories. 

For a better understanding of labels such as 

mood scores and category for comments and 

articles, in Figure 3 we provide an example of 

an annotated user comment.In the figure, the 

comment is labeled with five mood scores for 

five mood categories as reported by the 

user.These mood scores are then turned into a 

class label (see Section 3.2.2) as positive or 

negative. 

Thedataissplitintotraining,development,andt

estsetsas60%,20%,and20%respectively.Theda

ta partitioning will be made available together 

with the URL links to the articles on GitHub2. 

3 Methodology 

Forpredictionofmoodscoreanddesigningthecla

ssificationsystemusingbotharticlesandcommen

ts, we experiment with different sets of 

features.The feature sets include bag-of-word-

ngrams and bag- of-character-ngrams, part-of-

speech ngrams, psycholinguistic, and 

stylometric features.In addition to 

studyingpredictivepowerofindividualfeaturese

ts,wehavealsoexperimentedwiththeirfeaturelev

el fusion. However, due to low performances, 

they are not reported. 

ForthemoodscorepredictiontaskweusetheRa

ndomForests,whereasfortheclassificationtask

we useSupportVectorMachines(SVMs). 

Thechoiceofalgorithmsforeachtaskismotivated

byourprior 

researchonthetopic,e.g.in(Cellietal.,2016)Ran

domForestsoutperformSVMsfortheprediction 

task. 

 

 Features 

Bag-of-word-ngramWe investigated the bag-

of-word-ngrams, with 3 >=n >=1, and their 

loga- rithmic term frequencies (tf) multiplied 

with inverse document frequencies (idf) – tf-

idf.Although the bag-of-words model has 

many drawbacks such as data sparsity and 

high dimensionality, it is the sim- 

plestandisknowntoworkwellformosttext-

basedclassificationtasks.Asbag-of-

ngramsrepresentation yieldsa largedictionary 

whichincreasescomputational 

cost,wehaveselected 5Kmost frequentngrams. 

Bag-of-character-ngramSimilartothebag-of-

word-

ngrams,wealsoextractedandevaluatedbag-of- 

character-ngrams,with 6 >= n >= 2 and tf-idf 

transformation. The motivationfor 

experimentingwith this feature set is its 

success in sentiment classification task 

(Abbasi et al., 2008). 

Part-of-Speech features (POS):To extract 

POS features we used TextPro (Pianta et al., 

2008) and designed the feature vector using 

bag-of-ngram representation, with 3 >=n >=1 

and tf-idf transfor- mation. 

StylometricFeaturesTheuseofstylometricfeat

ureshasitsrootinthedomainofauthorshipidentifi

- 

cation(Yule,1939;AbbasiandChen,2008;Bergs

maetal.,2012;Cristanietal.,2012). Itsusehasalso 

been reported for text categorization and 

discourse classification problems (Koppel et 

al., 2002; Celliet al., ).In authorship 

identification task, stylometric features are 

defined ias different groups such as lexical, 

syntactic, structural, content specific, 

idiosyncratic and complexity-based (Koppel 

et al., 2002; Abbasi and Chen, 2008; Cristani 

et al., 2012).In this work, we use the term 

stylometric to refer to the complexity-based3 

featuresreportedin(Tanaka-

IshiiandAihara,2015;TweedieandBaayen,1998)

.The used stylometric feature groups are listed 

in Table 1. 

InadditiontothefeatureslistedinTable1,wealso
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extractwordandcharacterbasedlow-

levelfeatures 

andprojectedthemontostatisticalfunctionals. 

Theseincludecountsofword-ngrams(2to3-

grams)and characterngram(2to4-

grams).Thestatisticalfunctionsincludemean,me

dianandstandarddeviation. The total number 

of the features in the set is 97. 

PsycholinguisticFeaturesToextractthepsycho

linguisticfeaturesfromthearticlesandcomments

we utilized the Linguistic Inquiry Word Count 

(LIWC) (Pennebaker et al., 2001), which is a 

knowledge- based system developed over the 

past few decades.The utility of these features 

has been studied in 

differentresearchfieldssuchaspsychologyandsoc

iology,andtheyarefrequentlyusedtostudyrelatio

ns between usage of wordand attributessuch 

as gender, age, personality, honesty, 

dominance, deception, 

andhealth(Mairesseetal.,2007;TausczikandPen

nebaker,2010). 

Theutilityofthesefeatureshasalso been reported 

in (Nguyen et al., 2014; Alam and Riccardi, 

2014; Danieli et al., 2015). 

ThetypesofLIWCfeaturesincludethefollowing

: 

• General:word count, average number of 

words per sentence, a percentage of 

words found in the dictionary and 

percentage of words longer than six 

letters and numerals. 

• Linguistic:pronounsandarticles. 

• Psychological:affect,cognition,andbiologic

alphenomena. 

• Paralinguistic:accents,fillers,anddisfluencie

s. 

• Personal concerns:work (e.g., job and 

majors), achievement (e.g., earn, hero, 

and win) and home (e.g., family). 

• Punctuationmarksandspokencategoriessuch
asassent(e.g.,agree,OKandyes)nonfluencies
(e.g., 

Er,hmandumm). 

Since LIWC is a knowledge based system, it is packaged with dictionaries for different languages 

includingItalian.Inthispaper,weusetheItalianversionofthedictionary(Alparoneetal.,2004),which    

Table1:Stylometricfeatures 

General 
 

• wordcount=N 

• dictionarysize=V 

Length-basedfeatures: 
 

• Averagewordlength 

• Shortwordratio(length=1-3)toN 

Frequency-basedRatios 
 

• RatioofHapaxLegomenatoN 

• RatioofHapacDislegomenatoN 

LexicalRichnessusingtransformationsofNandV: 
 

• MeanWordFrequency=N/V 

• Type-TokenRatio=V/N 

• Guiraud’sR=V/sqrt(N) 

• Herdan’sC=log(V)/log(N) 

• Rubet’sK=log(V)/log(log(N)) 

• MaasA=(log(N)−log(V))/log2(N)=a2 

• Dugast’sU=log2(N)/(log(N)−log(V)) 

• LukjanenkovandNeistoj’sLN=(1−V2)/(V2∗log(N)) 

• Brunet’sW=N(V(−a)),a= 0.172 

LexicalRichnessusingFrequencySpectrum: 
 

• Honore’sH=b(log(N)/a (V(1,N)/V)),b=100,a=1 
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— 
• Sichel’sS=V(2,N)/V 

• Michea’sM=V/V(2,N) 

• Herdan’sV=sqrt(sum(V(i,N)∗(V(i,N)/N)2)−1/V) 

• Yule’sK=a(−1/N+sum(V(i,N)∗(V(i,N)/N)2)),a=1 

• Simpson’sD=sum(V(i,N)(V(i,N)/N)(V(i,N)−1)/(N−2)) 

• Entropy=V(i,N)(−log((V(i,N)/N))s∗(V(i,N)/N)t,s=t=1 

• Lengthratios30features 
 

 

contains85wordcategories.Inaddition,wehavealsoextracted5generaldescriptorsand12punctuation 

categoriestoyieldatotalof102features. TheLIWCfeatureprocessingdifferswithrespecttothetype, which 

includes counts and relative frequencies (see (Tausczik and Pennebaker, 2010)). 

 Experiments 

Inthissection, 

wereportexperimentsonmoodscorepredictiona

ndmoodclassification.Thedevelop- ment set is 

used for the preliminary experiments and final 

models are trained by joining training and 

development sets. 

 MoodScorePredictionExperimentsandRe

sults 

For the mood score prediction experiments, 

we utilized Random Forests as a learning 

algorithm (Breiman, 2001).It is a decision tree 

based algorithm where instances and features 

are randomly sam- 

pledtogenerateseveraltrees(forest).Thenthesco

reoftheforestiscomputedbyaveragingthescores 

fromthetrees. 

Forthisexperiment,thenumberoftreesissetto10

0. Wedidnotoptimizethenumberof trees for the 

task and plan to address this in the future. 

We measure the performance of the mood 

score prediction system as Root Mean Square 

Error (RMSE). The performances of models 

are compared to the baseline that is produced 

by randomly gen- erating the scores using 

Gaussian distribution with respect to the prior 

mean and standard deviation, as presented in 

Table 2. 

InTable2,wepresenttheperformancesofdiffere

ntfeaturesets.Thebestresultsforthemoodof 

Table 2:Performance of the different feature 

sets on the test set as RMSE (lower is 

better).Baseline performances are produced 

by randomly selecting from the Gaussian 

distribution with respect to prior 

meanandstandarddeviation. Base: Baseline,W-

ng: wordngram,C-ng: characterngram. 

Amusement (Amu), Disappointment (Dis), 

Indignation (Indig), Satisfaction (Sat), Worry 

(Wor). 

Article Comments 

Class Base W-ng C-ng POS Style LIWC Base W-ng C-ng POS Style LIWC 

Amu 0.130 0.100 0.100 0.102 0.120 0.102 0.170 0.118 0.118 0.119 0.119 0.120 

Dis 0.150 0.108 0.112 0.116 0.128 0.120 0.180 0.126 0.127 0.127 0.128 0.128 

Indig 0.380 0.266 0.274 0.280 0.247 0.278 0.350 0.245 0.244 0.246 0.246 0.247 

Sat 0.370 0.267 0.276 0.271 0.166 0.275 0.230 0.165 0.164 0.165 0.165 0.166 

Wor 0.130 0.095 0.096 0.099 0.118 0.099 0.170 0.118 0.117 0.118 0.118 0.118 

Avg 0.230 0.167 0.172 0.174 0.156 0.175 0.220 0.154 0.154 0.155 0.155 0.156 
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neg ifscore<0 

 

 

 

 

 

 

thearticlesareobtainedusingstylometricfeatures,andthesecondbestresultsareobtainedusingword- ngrams. 

Forthecomments,ontheotherhand,thebestresultsareobtainedwiththeword-andcharacter- ngrams. 

Moreover,forcomments,allthefeaturesetsproducecloseresults. Thereasonforthismightbe 

thenoisynatureofcommentcontent,andpart-of-speechtags,stylometricandLIWCfeaturesmightnot 

beabletocapturesignificantinformation.Yetanotherreasonmightbehighvariationincommentlength, 

thushighfeaturesparseness. Intermsoftheperformanceandthenumberoffeatures,wespeculatethat 

stylometric features might be useful for cross-language/domain experiments. 

Nevertheless, comparedtotherandombaselineperformancesarestatisticallysignificantwithpaired t-test 

p <0.05 for both articles and comments. 

 MoodClassificationExperimentsandResults 

Fortheclassificationtask,wefirsttransformedthemoodscoresintobinaryclassessuchaspositiveand 

negative.This is done by first computing an overall mood class label score by subtracting the sum of 

“Disappointment”,“Worry”and“Indignation”scoresfromthesumof“Amusement”and“Satisfaction” 

scores(seeEquation1). Then,thescoreismappedintoeitherofthetwoclasses–positiveandnegative –

withrespecttoEquation2. Theinstanceswiththeoverallscoreofzeroareignored. Asaresult,63% of articles 

are assigned to a negative category and 37% to positive.The distribution of comments into 

negativeandpositivecategories,ontheotherhand,ismorebalanced:53%(negative)vs47%(positive). 

 

classlabelscore=(amusement+satisfaction)−(disappointment+worry+indignation)(1) 

class_label_instance(i)=

{
pos ifscore>0  

(2) 
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Forthetaskofclassification, wetrainaSupportVectorMachines(SVM)(Platt, 1998)modelwitha linear 

kernel.The performance is measured in terms of macro-averaged precision, recall, F1-measure, 

andaccuracy. Baselineresultsarecomputedbyrandomlygeneratingtheclasslabels,suchaspositiveor 

negative,basedonthepriorclassdistributionofthetrainingset(i.e. chancebaseline)asshowninTable 3. 

In Table 3, we present the classification results for the articles and comments.For the articles, we 

obtain the best results using word-ngrams and the second best result using character-ngrams.For the 

comments,ontheotherhand,weobservesimilarresultswithbothwordandcharacterngrams,however, 

character-ngrammodelisslightlybetter. TheperformancesofPOS,LIWC,andstylometricfeaturesets 

arelower. Comparedtothechancebaseline,theresultsarestatisticallysignificantwithMcNemar’stest and p 

<0.05. 

4 Discussion 

For the score prediction task, the overall results for comments are better than for articles; whereas, for 

theclassificationtask,theresultsarebetterforarticlesthanforcomments.Weobservethatbag-of-word- 

ngrams perform well on both tasks. 

Table 3: Classification results on the test set using different feature sets as precision (P), recall (R), F1 

measure (F1), and accuracy (Acc). 

Exp Articles Comments 

 P R F1 Acc P R F1 Acc 

Baseline 47.89 47.93 47.90 53.51 49.93 49.92 49.93 50.04 

Word-ngram 62.20 61.70 61.89 58.73 54.44 54.27 54.06 54.71 

Char-ngram 55.95 56.22 55.76 56.69 55.33 55.16 55.03 55.71 

POS 53.97 53.96 53.96 56.24 52.29 52.12 51.59 52.96 

Style 54.43 52.76 50.56 59.64 52.37 52.26 51.96 52.93 

LIWC 54.30 54.05 54.02 57.37 52.43 52.31 51.98 53.01 

 

From the article score prediction experiment, we obtain the best results using stylometric features, 

which are language independent.Thus, we plan to exploit them for cross-domain and cross-language 

study. 

Regardingtheuseofself-reportedmoodannotation, ourexperimentssuggestthatforabetterunder- 

standing of their reliability, it is necessary to evaluate them through observer/expert annotation.One 

importantissueisthatinthisself-reportedannotations,usershavenotfollowedanyinstructionsorhave had any 

psychological instruments while expressing their affective opinions. 

5 Conclusion 

Inthispaper,wehavepresentedtheworkonthepre

dictionandclassificationofmoodfromnewsarticl

es andcomments. Theself-

reportedmoodannotationswereusedasareferenc

esignal,andwehaveexper- imented with 

different features sets.For the mood score 

prediction task, the best results were obtained 

using bag-of-word-ngrams and stylometric 

features for both articles and comments.For 

the classifica- 

tiontask,ontheotherhand,thebestresultswereobt

ainedwithbag-of-word-ngrams. 

Thepredictionand 

classificationtasksoncommentsaredifficultduet

othenoisynatureofthedata. Sincetheself-

reported 

dataisincreasingovertime,furtherexpertannotat

ionoftheuser-

reportedscoresisrequiredfordesign- ing better 

automatic systems.Another interesting 

question that we plan to address in the future 

is how well the mood models generalize 

across different domains. 
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