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*RRG�TXDOLW\ FRUSRUD UHO\ RQ�
● 5HSUHVHQWDWLYH GDWD
● *RRG DQQRWDWLRQ JXLGHOLQHV
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● 3DUW RI WKH SUHVHQWDWLRQ� KRZHYHU� PLJKW EH DQ LQWHUDFWLYH
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● 3ODFH� 3:5�E� ������ RU 9������ 'HSHQGLQJ RQ QXPEHUV RI
SHRSOH UHJLVWHUHG� ZH ZLOO PRYH WR DQRWKHU OHFWXUH KDOO
�ZKLFK \RX FDQ FXUUHQWO\ DOUHDG\ VHH RQ &DPSXV� EXW ZH
PLJKW VWD\ LQ ������� :H ZLOO NQRZ RQH RU WZR ZHHNV EHIRUH
WKH H[DP��

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� � � ��



� 0RWLYDWLRQ

� $SSOLFDWLRQV

� $ĳHFWLYH /H[LFDO 5HVRXUFHV

� ([LVWLQJ 'LFWLRQDULHV

2XWOLQH



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

0RWLYDWLRQ

● /HW XV DVVXPH ZH KDYH DQ DXWRPDWLF PHWKRG�
WH[W LQ� HPRWLRQ ODEHO RXW
● :KDW FDQ ZH GR ZLWK WKLV PHWKRG"
:KDW ZRXOG EH DSSOLFDWLRQV"

● :KDW FRXOG EH FKDOOHQJHV WR GHYHORS WKLV PHWKRG"

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� � � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

0RWLYDWLRQ

● /HW XV DVVXPH ZH KDYH DQ DXWRPDWLF PHWKRG�
WH[W LQ� HPRWLRQ ODEHO RXW
● :KDW FDQ ZH GR ZLWK WKLV PHWKRG"
:KDW ZRXOG EH DSSOLFDWLRQV"
● :KDW FRXOG EH FKDOOHQJHV WR GHYHORS WKLV PHWKRG"

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� � � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

$SSOLFDWLRQV RI
DXWRPDWLF HPRWLRQ UHFRJQLWLRQ PHWKRGV

● ,QIRUPDWLRQ 5HWULHYDO● VHDUFKLQJ IRU HPRWLRQDO VFHQHV LQ WKHDWUH SOD\V�QRYHOV● JURXSLQJ GRFXPHQWV EDVHG RQ HPRWLRQ● ıQGLQJ QDPHG HQWLWLHV FORVH WR HPRWLRQ H[SUHVVLRQV● &ODVVLıFDWLRQ● HPRWLRQ WRZDUGV SROLWLFLDQV� SURGXFWV� FRXQWULHV� LGHDV● HPRWLRQV UHODWHG WR PHGLFDO FRQGLWLRQV● HPRWLRQV LQ OLWHUDWXUH �HPRWLRQ DUFV�● 8QGHUVWDQGLQJ HPRWLRQV● :KLFK HYHQWV FDXVH ZKLFK HPRWLRQV"● ,QWHUFXOWXUDO GLĳHUHQFHV"● ő

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� � � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

&KDOOHQJHV IRU DQ
DXWRPDWLF HPRWLRQ DQDO\VLV PHWKRG

:LOO WKH PHWKRG ő
● őFDSWXUH HYHU\ NLQG RI HPRWLRQ H[SUHVVLRQ"
�GHVFULSWLRQ RI MR\IXO HYHQW YV� H[SOLFLW UHSRUW RI IHHOLQJ�"
● őZRUN FRPSDUDEO\ DFURVV GLĳHUHQW JURXSV"
�DJH JURXSV RU FXOWXUHV�
● őZRUN FRPSDUDEO\ RQ HYHU\ GRPDLQ"
�VRFLDO PHGLD YV� OLWHUDWXUH IURP ��WK FHQWXU\�

$JHQGD�
● 'LFWLRQDULHV �WRGD\�
● 5XOHV �ODWHU�
● 0DFKLQH OHDUQLQJ�EDVHG FODVVLıFDWLRQ �ODWHU�

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� 0RWLYDWLRQ

� $SSOLFDWLRQV

� $ĳHFWLYH /H[LFDO 5HVRXUFHV

� ([LVWLQJ 'LFWLRQDULHV

2XWOLQH



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

/LWHUDU\ 6WXGLHV� 5HDJDQ HW DO�� ����

5HDJDQ HW DO�� �����
7KH HPRWLRQDO DUFV RI VWRULHV DUH GRPLQDWHG E\ VL[ EDVLF VKDSHV�
?iiTb,ff/QBXQ`;fRyXRR9yf2TD/bfbRje33@yRe@yyNj@R

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

/LWHUDU\ 6WXGLHV� 5HDJDQ HW DO�� ����

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

/LWHUDU\ 6WXGLHV� 5HDJDQ HW DO�� ����

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

/LWHUDU\ 6WXGLHV� .LP HW DO�� ����

.LP HW DO�� �����
,QYHVWLJDWLQJ WKH 5HODWLRQVKLS EHWZHHQ /LWHUDU\ *HQUHV DQG (PRWLRQDO 3ORW
'HYHORSPHQW� ?iiTb,ffrrrX�+Hr2#XQ`;f�Mi?QHQ;vfqRd@kkyjf

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

/LWHUDU\ 6WXGLHV� .LP HW DO�� ����

BOW EMOLEX

Adv. Humor Mystery Romance SciFi Adv. Humor Mystery Romance SciFi

tarzan ses coroner gerard planet hermit wot murderer sally projectile
damon iv kennedy molly solar hut wan jury mamma rocket
canoes sponge detective willoughby planets fort comrade attorney marry beam
blacks ay inspector fanny projectile lion rat robbery tenderness scientist
indians says detectives clara mars tribe bye police loving blast

ned wot trent maggie rocket spear beer crime charity bomb
savages wan scotland eleanor rip jungle idiot criminal love emergency
spain mole murderer cynthia jason swim jest murder marriage system
whale ha rick yo phone rifle school suicide passionate center
eric ma scotty jill globe don mule clue holiday pilot

Table 7: Top ten EMOLEX and BOW features by pointwise mutual information values with each genre.

Figure 3: Top EMOARC features for each genre ranked according to their PMI values.

The EMOLEX features consist of words related to
emotions (e.g., mamma, marry, loving). In mys-
tery, the most important BOW features express
typical protagonists of crime stories (e.g., coroner,
detective, inspector, Scotland). For EMOLEX, we
see similar results with a stronger focus on affect-
related roles (e.g., murderer, jury, attorney, robbery,
police, crime). In sum, we observe that the feature
sets pick up similar information, but from different
perspectives: the BOW set focusing more on the
objective (“what”) and the EMOLEX set more on
the subjective (“how”) level.

As a combination of the analysis in Section 4.2
with the PMI approach, Figure 3 visualizes the
EMOARC features as “peak” features that fire when
an emotion is maximal in one specific segment
(cf. Section 3). The results correspond well to
the prominent maxima of emotion arcs shown in

Figure 2. For the genre of adventure, e.g., trust and
anticipation peak at the beginning. Sadness, anger,
and fear peak towards the end, however, the very
end sees a kind of “resolution” with trust becoming
the dominating emotion again. At the same time,
anger and sadness seem to be dominating all genres
towards the end, and joy plays an important role in
the first half of the books for most genres.

5 Discussion and Conclusion

In this paper, we analyzed the relationship between
emotion information and genre categorization. We
considered three feature sets corresponding to three
levels of abstraction (lexical, lexical limited to
emotion-bearing words, emotion arc) and found
interesting results: classification based on emotion-
words performs on par with traditional genre fea-
ture sets that are based on rich, open-vocabulary
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emotions was .85). For WhatsApp, only one component was extracted. However, when 
the extraction of two factors was enforced, a similar pattern emerged. The correlation 
between the two components for WhatsApp was relatively high (r = .69). Cronbach’s 
alpha was .95 for the perceived norms of negative emotions, and the correlation for the 
perceived norms of pride and joy was .87. Taking all perceived norms of negative emo-
tion expression for all social media platforms together revealed a Cronbach’s alpha of 
.94, which for positive emotion expression was .88.

To establish statistical differences between the means of perceived norms of emotion 
expression for each platform, repeated measures analyses with a linear mixed models 
approach were used. This approach accounts for the non-independence of residuals that 
are a result of the multiple observations for each participant. The data were transformed 
into long format in SPSS to allow for mixed modeling. The perceived norms were then, 
separately, included as dependent variables with platform (four levels) as the repeated 
factor. This approach is beneficial for analyzing data that includes missing data, since 
subjects with missing data points will not be removed from the analyses (e.g. Bagiella 
et al., 2000). In addition, the mixed models approach allows for fitting specific covari-
ance structures to the data. For the purpose of this study, compound symmetry was 
selected, which treats all variances as approximately equal and all covariances as approx-
imately equal (Bagiella et al., 2000). This structure is commonly used if there is no logi-
cal ordering to the observations, which applies to the current data. We further applied the 
Bonferroni adjustment within SPSS in comparing main effects to account for multiple 
testing (Westfall et al., 1997), with alpha levels adjusted to .008 (= .05/6) per test. All 
presented p-values are Bonferroni corrected.

Results

Descriptive statistics
The majority of the sample (N = 1201) indicated using WhatsApp (90.2%), followed by 
Facebook (88.3%), Instagram (54.5%), and Twitter (34.6%). As shown in Table 1, the dis-
tribution of gender and age was approximately equal across all four platforms. In total, 
participants indicated to use on average five platforms from the list of 21 social media 
platforms (M = 4.88, standard deviation [SD] = 2.23). This average was significantly higher 

Table 1. Main properties of covariates, sex, and age.

 N Perceived 
privacy,  
M (SD)

Privacy settings Sex Age category 
(years)

Custom Public Male Female 15–18 19–25

Facebook 1060 3.56 (1.78) 81.9% 18.1% 47.1% 52.9% 47.3% 52.7%
Twitter 416 3.38 (1.82) 53.1% 46.9% 53.8% 46.2% 47.8% 52.2%
Instagram 655 3.28 (1.66) 60.0% 40.0% 42.3% 57.7% 55.7% 44.3%
WhatsApp 1083 6.15 (1.40) 55.4% 44.6% 47.5% 52.5% 50% 50%

SD: standard deviation.
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for females (M = 5.04, SD = 2.25) compared to males (M = 4.70, SD = 2.19), t(1199) = −2.66, 
p < .01. For age, this difference was not significant, t(1199) = 1.01, p = .272.

The significant correlations (see Table 2) with some of the perceived norms of emo-
tion expression across the four platforms show that privacy settings and perceived behav-
ioral privacy of platform context may be confounding factors. As individual privacy 
settings may influence the extent to which one perceives a platform context to be public 
or private, independent t-tests were conducted. These revealed that, except for WhatsApp 
(t(1000) = 1.89, p = .059), privacy settings lead to differences in the perceived behavioral 
privacy of the platform context. That is, users with custom settings rated Facebook as 
significantly more private (M = 3.67, SD = 1.79) than users with public settings (M = 3.19, 
SD = 1.64, t(1058) = 3.39, p = .001). This pattern also applied to Twitter (Mcustom = 3.98, 
SDcustom = 1.87, Mpublic = 2.96, SDpublic = 1.70, t(414) = 5.76, p < .001), and Instagram 
(Mcustom = 3.85, SDcustom = 1.64, Mpublic = 2.64, SDpublic = 1.40, t(615) = 10.14, p < .001). The 
perceived behavioral privacy of platform context thus appears to differ for each privacy 
setting, and is therefore included as a nested variable (i.e. within privacy setting) in the 
mixed modeling analyses as a covariate.

Emotion expression norms and platform differences
Hypothesis 1 stated that, overall, expressions of positive emotions would be perceived as 
more appropriate than expressions of negative emotions. The perceived appropriateness 
of positive emotion expression was overall rated as higher (M = 3.91, SD = .87) than the 
perceived appropriateness of negative emotion expression (M = 3.33, SD = .97). A paired 
samples t-test revealed that this difference was statistically significant, t(3213) = 35.13, 
p < .001, thereby supporting Hypothesis 1.

Hypotheses 2, 3, and 4 focused on the differences in the perceived appropriateness of 
expressing emotions among Facebook, Twitter, Instagram, and WhatsApp. The analyses 
were performed for each individual emotion to gain a more thorough insight into the 

Table 2. Correlations between perceived norms of emotion expression, covariates, age, and 
sex for all platforms combined.

1 2 3 4 5 6 7 8 9 10

1. Sadness –  
2. Anger .80*** –  
3. Disappointment .82*** .82*** –  
4. Worry .79*** .78*** .81*** –  
5. Joy .44*** .39*** .43*** .46*** –  
6. Pride .45*** .42*** .44*** .47*** .84*** –  
7. Privacy settings .07*** .12*** .11*** .10*** .05** .07*** –  
8.  Perceived 

privacy
.20*** .20*** .21*** .20*** −.01 −.01 −.05** –  

9. Age category −.01 .01 .01 .00 −.05* −.05** .02 −.01 –  
10. Sex .06** .05** .04* .06** .16*** .14*** −.08*** −.04** −.01 –

*p < .05; **p < .01; ***p < .001.
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patterns that possibly emerge. An overview of all the means and standard errors (SE) are 
provided in Table 3. For the expression of sadness, the test of fixed effects showed a 
significant influence of platform, F(3, 2420) = 48.26, p < .001, as well as of perceived 
behavioral privacy, F(2, 3090) = 21.09, p < .001. Pairwise comparisons showed that the 
expression of sadness was perceived as significantly more appropriate on WhatsApp 
(M = 3.66, SE = .04) than on all other platforms. The perceived appropriateness of 
expressing sadness was lowest for Instagram (M = 3.09, SE = .04) and Twitter (M = 3.14, 
SE = .05), which was significantly lower than for WhatsApp and Facebook (M = 3.23, 
SE = .03). For the expression of anger, the test of fixed effects also showed a significant 
influence of platform, F(3, 2417) = 47.26, p < .001, and perceived behavioral privacy, 
F(2, 3098) = 28.64, p < .001. Here, WhatsApp (M = 3.64, SE = .04) again showed the 
highest average rating of perceived appropriateness, and differed significantly from 
Facebook (M = 3.20, SE = .03), Twitter (M = 3.26, SE = .05) and Instagram (M = 3.07, 
SE = .04) which showed the lowest average rating. The difference between Facebook and 
Twitter, however, failed to reach significance.

The perceived appropriateness of expressing disappointment was similarly affected 
by platform, F(3, 2447) = 54.17, p < .001, as well as perceived behavioral privacy, 
F(2, 3123) = 26.21, p < .001. The pairwise comparisons showed again that for 
WhatsApp (M = 3.69, SE = .04) the expression of disappointment is perceived as most 
appropriate, and significantly different from perceived appropriateness ratings for 
Facebook (M = 3.24, SE = .03), Twitter (M = 3.25, SE = .05), and Instagram (M = 3.08, 
SE = .04), again showing the lowest rating of perceived appropriateness. The differ-
ence in means between Facebook and Twitter was not significant. For the perceived 
norm of expressing worry, the effect of platform was again significant, F(3, 
2451) = 53.05, p < .001, as was the perceived behavioral privacy covariate, F(2, 
3125) = 21.90, p < .001. Much like the expression of disappointment, the perceived 
appropriateness of expressing worry was highest for WhatsApp (M = 3.74, SE = .04), 
and significantly differed from Facebook (M = 3.27, SE = .03), Twitter (M = 3.29, 
SE = .05), and Instagram (M = 3.15, SE = .04). The difference between Facebook and 
Twitter did not reach significance.

Table 3. Estimated means and standard errors for the perceived norms of emotion 
expression.

Perceived 
norms

M (SE)

Facebook Twitter Instagram WhatsApp

Sadness 3.23 (.03)b 3.14 (.05)a 3.09 (.04)a 3.66 (.04)c

Anger 3.20 (.03)a 3.26 (.05)a 3.07 (.04)b 3.64 (.04)c

Disappointment 3.24 (.03)a 3.25 (.05)a 3.08 (.04)b 3.69 (.04)c

Worry 3.27 (.03)a 3.29 (.05)a 3.15 (.04)b 3.74 (.04)c

Joy 3.90 (.03)a 3.78 (.04)b 3.93 (.03)a 4.05 (.03)c

Pride 3.83 (.03)a, b 3.74 (.04)a 3.89 (.04)b 4.02 (.03)c

SE: standard error.
Means with different superscripts differ significantly from each other within rows, with p at least <.01.
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� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

$VVXPSWLRQV

'R DOO ZRUGV FRPPXQLFDWH DQ HPRWLRQ" 2U MXVW VRPH RI WKHP"
$UH WKHUH QHXWUDO ZRUGV"
$ĳHFWLYH PHDQLQJ LV FRQYH\HG E\ �SRWHQWLDOO\� DOO ZRUGV● 'LUHFW DĳHFWLYH ZRUGV GLUHFWO\ UHIHU WR HPRWLRQV

IHDU� DQJHU� MR\� KDSS\� DIUDLGő● ,QGLUHFW DĳHFWLYH ZRUGV● ,GLRV\QFUDWLF DVVRFLDWLRQV� GRJ� FDW� SODQH● &ROOHFWLYH H[SHULHQFHV� JKRVW� PRQVWHU� ODXJK● 1R OLPLWDWLRQ WR SDUWLFXODU ZRUG FODVVHV
$ĳHFWLYH PHDQLQJ RI ZRUGV FDQ EH PHDVXUHG DV DVVRFLDWLRQ
EHWZHHQ ZRUG DQG HPRWLRQ FRQFHSW● 'LVFUHWH FDWHJRULHV� ZRUG → DQJHU� IHDU� MR\● 9$'� ZRUG → 9�VFRUH� $�VFRUH� '�VFRUH● $SSUDLVDO WKHRULHV� ZRUG →

ERGLO\ V\PSWRP� YHUEDO UHDFWLRQ� FRJQLWLYH HYDOXDWLRQ GLP�● ő
8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

+RZ WR FUHDWH DQ HPRWLRQ OH[LFRQ"

3OHDVH GLVFXVV ZLWK \RXU QHLJKERU�
● :KDW FRXOG EH D VWUDWHJ\ WR VHOHFW ZRUGV WR EH SXW LQWR DQ
HPRWLRQ GLFWLRQDU\"

● +RZ WR GHFLGH ZKLFK HPRWLRQV DUH DVVRFLDWHG ZLWK HDFK
ZRUG"

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

([DPSOH /H[LFRQ $SSOLFDWLRQ

/HWŖV DVVXPH WKLV �WLQ\� HPRWLRQ OH[LFRQ�
EHDXWLIXO VRQJ KHDUW QLFH EHDW VWRS VWRQH

MR\ MR\ QHXWUDO MR\ DQJHU VDGQHVV QHXWUDO

:KDW JRHV ZURQJ DQG ZK\"
● ŗ7KH VRQJ KDV QLFH EHDW�Ř

● ŗ<RXU KHDUW LV FROG DV VWRQH�Ř

● ŗ+HU KHDUW VWRSSHG EHDWLQJ�Ř

● ŗ6KH ZDV KLW E\ D VWRQH�Ř

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

&KDOOHQJHV

● 3RO\VHPRXV ZRUGV" ŗFROG SHUVRQŘ YV� ŗFROG EHHUŘ
● 1HJDWLRQV" ŗ7KH\ DUH QRW KDSS\�Ř
● 0HWDSKRUV" ŗ+LV MRNH NLOOHG PH�Ř
● 6DUFDVP" ŗ$ZHVRPH SHUIXPH� 'LG \RX PDULQDWH LQ LW"Ř
● 4XHVWLRQV" ŗ$UH \RX KDSS\"Ř
● &RQWUDGLFWLRQV" ŗ1RW KDSS\ ş VDG�Ř
● 6HPDQWLF VFDOHV" XQKDSS\ < FKHHUIXO < DZHVRPH

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

2EVHUYDWLRQV

● 7KH ULFKHU WKH LQIRUPDWLRQ LV �H�J� ZRUG VHQVHV� WKH EHWWHU
● 7KH HPRWLRQ RI D ZKROH LV QRW �DOZD\V� WKH VXP RI WKH
HPRWLRQ RI LWV SDUWV�
● $VVRFLDWLRQ FDQ EH GRPDLQ GHSHQGHQW
● $JUHHPHQW PD\ YDU\ GHSHQGLQJ RQ WKH W\SH RI ZRUGV
�DEVWUDFW YV� FRQFUHWH QRXQV� H[SOLFLW HPRWLRQ QDPHV YV�
YHUEV UHIHUULQJ WR HYHQWV� FXOWXUDO�VSHFLıF YV� LGLRV\QFUDWLF
FRQFHSWV��

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

&UHDWLRQ 3URFHGXUHV DQG (YDOXDWLRQ

&UHDWLRQ�
● (QWLUHO\ 0DQXDOO\
● 6HPL�DXWRPDWLFDOO\
● $XWRPDWLFDOO\

(YDOXDWLRQ�
● ,QWULQVLF� (YDOXDWH ZRUG DVVRFLDWLRQV
● ([WULQVLF� (YDOXDWH XVH RI GLFWLRQDU\ RQ GRZQVWUHDP WDVN

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

0DQXDO &UHDWLRQ

● 6HOHFW HQWULHV
● :ULWH DQQRWDWLRQ JXLGHOLQHV
● 'HVLJQ DQQRWDWLRQ SURFHGXUH
● &RPSXWH LQWHU�DQQRWDWRU DJUHHPHQW
�DQG UHSHDW� LI XQKDSS\�
● (YDOXDWH LQWULQVLFDOO\ RU H[WULQVLFDOO\

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

$XWRPDWLF &UHDWLRQ

:LWK DQQRWDWHG FRUSXV�
● 8VH H[LVWLQJ FRUSXV ZLWK HPRWLRQ ODEHOV
● &DOFXODWH LQIRUPDWLRQ WKHRUHWLF PHDVXUHV RI ZRUG RFFXUUHQFHV
● 2XWSXW HPRWLRQ ODEHOV

:LWKRXW DQQRWDWHG FRUSXV�
● 8VH GLVWULEXWLRQDO VHPDQWLFV DQG VLPLOLDULW\ PHDVXUHV
● &DOFXODWH VLPLODULWLHV WR HPRWLRQ FRQFHSWV
● &RPPRQ IRU HDUO\ ZRUN LQ VHQWLPHQW
�7XUQH\ ����� 7KXPEV 8S RU 7KXPEV 'RZQ" 6HPDQWLF 2ULHQWDWLRQ
$SSOLHG WR 8QVXSHUYLVHG &ODVVLıFDWLRQ RI 5HYLHZV�

● 3UREDEO\ RQO\ ZRUNV IRU HPRWLRQV ZKHQ GLVWULEXWLRQDO VSDFH LV
HQVXUHG WR UHSUHVHQW HPRWLRQV ZHOO �H�J� YLD UHWURıWWLQJ� )DURXTL HW
DO�� �����

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

6HPL�$XWRPDWLF &UHDWLRQ

● $VVXPSWLRQ� ([LVWLQJ HPRWLRQ GLFWLRQDU\● *RDO� ([SDQG RU DGDSW● ([SDQVLRQ� /DEHO�SURSDJDWLRQ� GHıQH JUDSK LQ ZKLFK ZRUGV
DUH QRGHV DQG HGJHV GHıQH VLPLODULW\� SURSDJDWH ODEHOV YLD
UDQGRP ZDON�● =KX� *DUDPDQL ������� /HDUQLQJ IURP ODEHOHG DQG XQODEHOHG
GDWD ZLWK ODEHO SURSDJDWLRQ�● $SSOLFDWLRQ WR HPRWLRQV� *LXOLDQHOOL� GH .RN �������
6HPL�6XSHUYLVHG (PRWLRQ /H[LFRQ ([SDQVLRQ ZLWK /DEHO
3URSDJDWLRQ● 0RUH ZRUN RQ DGDSWLQJ GLFWLRQDULHV�● %XHFKHO�+DKQ ����� :RUG (PRWLRQ ,QGXFWLRQ IRU 0XOWLSOH /DQJXDJHV

DV D 'HHS 0XOWL�7DVN /HDUQLQJ 3UREOHP● %XHFKHO�+HOOULFK�+DKQ ����� )HHOLQJV IURP WKH 3DVWŠ$GDSWLQJ
$ĳHFWLYH /H[LFRQV IRU +LVWRULFDO (PRWLRQ $QDO\VLV● %XHFKHO�+DKQ ����� 5HSUHVHQWDWLRQ 0DSSLQJ� $ 1RYHO $SSURDFK WR
*HQHUDWH +LJK�4XDOLW\ 0XOWL�/LQJXDO (PRWLRQ /H[LFRQV

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

&ODVVLıFDWLRQ ZLWK 'LFWLRQDULHV

,GHD �� 8VH D GLFWLRQDU\ 'H RI HQWULHV W ZLWK
HPRWLRQ VFRUHV VH(W) IRU HPRWLRQ H�

VFRUH(WH[W,H) = �
∣WH[W∣ ∑Z∈WH[WVH(Z)

● ,VVXHV" 1XPEHU RI ZRUGV LQ GLFWLRQDU\ DVVRFLDWHG ZLWK
HPRWLRQ PLJKW GLĳHU� 1RUPDOL]H�

VFRUH(WH[W,H) = �
∣'H∣

�
∣WH[W∣ ∑Z∈WH[WVH(Z)

● 'HFLVLRQ IRU DQ HPRWLRQ�

HPRWLRQ(WH[W) = DUJPD[
H∈(PRWLRQV

VFRUH(WH[W,H)
8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

&ODVVLıFDWLRQ ZLWK 'LFWLRQDULHV

● $GYDQWDJHV�● 9HU\ HDV\ WR XVH● 7UDQVSDUHQW UHVXOWV● 'LVDGYDQWDJHV�● &RQWH[W� QHJDWLRQV� LQWHQVLıHUV● 2XW�RI�YRFDEXODU\ ZRUGV
● :KDW DERXW

VFRUH(WH[W,H) = �
∣'H∣ ⋅ ∣WH[W∣ ∑Z∈WH[W ∑W∈'H

VLP(Z, W) ⋅ VH(W) ?

● &KDOOHQJH�
)LQG D VLPLODULW\ IXQFWLRQ ZKLFK UHSUHVHQWV HPRWLRQV�
● 3UHWUDLQHG HPEHGGLQJV�YHFWRU VSDFHV RIWHQ GR QRW UHSUHVHQW
GLĳHUHQFHV LQ HPRWLRQ DVVRFLDWLRQ �RXW RI WKH ER[�

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� 0RWLYDWLRQ

� $SSOLFDWLRQV

� $ĳHFWLYH /H[LFDO 5HVRXUFHV

� ([LVWLQJ 'LFWLRQDULHV

2XWOLQH



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

'LVFODLPHU

● 7KLV OHFWXUH GRHV QRW SURYLGH D FRPSUHKHQVLYH OLVW RI DOO
HPRWLRQ GLFWLRQDULHV WKDW DUH DYDLODEOH�
● :H FROOHFWHG WKRVH� EHFDXVH WKH\ SURYLGH D JRRG RYHUYLHZ
DQG FRPELQH GLĳHUHQW PHWKRGRORJLHV WR FUHDWH WKHP� EXW
WKHUH DUH PDQ\ RWKHUV ZKLFK DUH DV JRRG�
● :H GR QRW DLP DW MXGJLQJ WKHP� WKH\ DOO KDYH GLĳHUHQW
DGYDQWDJHV RU GLVDGYDQWDJHV� GHSHQGLQJ RQ WKH DSSOLFDWLRQ�
● , DP QRW DZDUH RI D FRPSUHKHQVLYH OLVW RI HPRWLRQ�DĳHFW
GLFWLRQDULHV� LI \RX NQRZ RQH� SOHDVH OHW PH NQRZ�

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

/,:&� /LQJXLVWLF ,QTXLUH\ DQG :RUG &RXQW

● 0RWLYDWLRQ 	 %DFNJURXQG�● 2QH RI WKH ıUVW DSSURDFKHV WR PHDVXUH SV\FKRORJLFDO
FRQFHSWV LQ WH[W● %XLOW RQ WRS RI UHVHDUFK VKRZLQJ WKDW ZRUGV DOORZ WR LQIHU
SK\VLFDO�PHQWDO KHDOWK IURP ZRUGV WKH\ XVH

● &UHDWLRQ 3URFHGXUH�● &ROOHFWHG ZRUGV IURP RWKHU WKHVDXUL� ZRUG OLVWV● 0DQXDO DQQRWDWLRQ E\ PXOWLSOH MXGJHV
● /DEHO 6HW� 0DQ\ FODVVHV� H�J� DWWHQWLRQDO IRFXV� HPRWLRQV� VRFLDO
UHODWLRQVKLSV� JURXS SURFHVVHV

● 6WDWLVWLFV� ���� ZRUGV� �� FODVVHV
● $SSOLFDWLRQV�● &RPHV ZLWK FRPPHUFLDO SURJUDP ZKLFK XVHV GLFWLRQDU\�● (YDOXDWHG LQ PDQ\ GRZQVWUHDP DSSOLFDWLRQV� LQFUHGLEO\

SRSXODU LQ SV\FKRORJ\ DQG VRFLDO VFLHQFHV● :HEVLWH ZLWK GHPR� ?iiTb,ffrrrXHBr+X�TTf/2KQ
8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

/,:& ([DPSOHV

● 3RVLWLYH (PRWLRQV�
KDSS\� SUHWW\� JRRG
● 1HJDWLYH (PRWLRQV�
KDWH� ZRUWKOHVV� HQHP\
● 6DGQHVV RU GHSUHVVLRQ�
JULHI� FU\� VDG
● $Q[LHW\ RU IHDU�
QHUYRXV� DIUDLG� WHQVH

● &DXVDWLRQ
EHFDXVH� HĳHFW� KHQFH
● 7HQWDWLYH
PD\EH� SHUKDSV� JXHVV
● 6RFLDO SURFHVVHV
WDON� XV� IULHQG
● )DPLO\
PRP� EURWKHU� FRXVLQ

3HQQHEDNHU� -�:�� %RRWK� 5�-�� 	 )UDQFLV� 0�(� ������� /LQJXLVWLF ,QTXLU\ DQG :RUG &RXQW� /,:& �����
7DXVF]LN�3HQQHEDNHU ����� 7KH 3V\FKRORJLFDO 0HDQLQJ RI :RUGV� /,:& DQG &RPSXWHUL]HG 7H[W $QDO\VLV 0HWKRGV
?iiTb,ffDQm`M�HbXb�;2Tm#X+QKf/QBfRyXRRddfykeRNkdsyNj8Rede

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��
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0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��
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���� WHUPV� ��� QRXQV� ��� DGMHFWLYHV� ��� YHUEV� �� DGYHUEV● :RUG1HW�$ĳHFW� ����� V\QVHWV DQG ����� ZRUGV● $SSOLFDWLRQV� 0DQ\� DĳHFW�VHQVLQJ� FRPSXWDWLRQDO KXPRU�
WXWRULQJ V\VWHPV
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A-Labels Examples
EMOTION noun anger#1, verb fear#1
MOOD noun animosisy#1, adjective amiable#1
TRAIT noun aggressiveness#1, adjective competitive#1
COGNITIVE STATE noun confusion#2, adjective dazed#2
PHYSICAL STATE noun illness#1, adjective all in#1
EDONIC SIGNAL noun hurt#3, noun suffering#4
EMOTION-ELICITING SITUATION noun awkwardness#3, adjective out of danger#1
EMOTIONAL RESPONSE noun cold sweat#1, verb tremble#2
BEHAVIOUR noun offense#1, adjective inhibited#1
ATTITUDE noun intolerance#1, noun defensive#1
SENSATION noun coldness#1, verb feel#3

Table 4: A-Labels and corresponding example synsets

The availability of an affective lexical resource can im-
prove this strategy by allowing the system to focalize the
incongruity at the affective level. For re-analyzing, a posi-
tive or a negative valence value is attributed to the acronym,
and then the expansion generation must include affective
words (e.g. appreciative and depreciative words) with op-
posite valence. For acronym generation, the valence oppo-
sition should be applied to both the input concept and the
acronym.

5. Future Work
The work described above is only a first step towards

the development of this resource. One goal is that of ex-
tending the number of affective synsets, making use of the
predefined WORDNET relations (in particular, cause and
entailment relations) and finding correlations between af-
fective labels and domain labels. It is also useful inter-
facing WORDNET-AFFECT with other linguistic resources
containing common sense knowledge, in order to extract
contextual lexicon (e.g. emotional responses and events that
cause emotions). A good source of stereotypical knowl-
edge is OpenMind Commonsense, a wide common sense
knowledge base containing sentences, linguistic patterns
and parse trees. WORDNET-AFFECT allows us to identify
the sentences in OpenMind containing affective words cor-
responding to affective synsets.
Finally, for the organization of the a-labels we want to

stress the importance of the affective lexicon in communi-
cation and persuasion. We pay attention mainly on slanting
lexicon (e.g. appreciative and depreciative words; intensi-
fier and detensifier adverbs). Slanted writing is that type
of writing that springs from our conscious or subconscious
choice of words and images. We may load our description
of a specific situation with vivid, connotative words and fig-
ures of speech. These words have the capability to provide
an affective connotation to the text and reveal the affective
disposition of the speaker or induce an similar disposition
on the recipient. They have an important role in persuasion
and for this reason they are very used in advertisement.
We believe that enhancing the resource in this direction,

we can make it more useful in affective computing and par-
ticularly in applications based on affective natural language
processing.

WORDNET-AFFECT (like WORDNET DOMAINS) is
freely available for research purposes.
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b+�T2 i`mbi y
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b+�T2;Q�i /Bb;mbi y
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b+�T2;Q�i M2;�iBp2 R
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b+�` /Bb;mbi R
b+�` 72�` R
b+�` DQv y
b+�` M2;�iBp2 R
b+�` TQbBiBp2 y
b+�` b�/M2bb R
b+�` bm`T`Bb2 y
b+�` i`mbi y
b+�`�# �M;2` y
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:RUG�HPRWLRQ PDWUL[ 
AFRAID AMUSED ANGRY ANNOYED DONT CARE HAPPY INSPIRED SAD

doc 10002 0.75 0.00 0.00 0.00 0.00 0.00 0.25 0.00
doc 10003 0.00 0.50 0.00 0.16 0.17 0.17 0.00 0.00
doc 10004 0.52 0.02 0.03 0.02 0.02 0.06 0.02 0.31
doc 10011 0.40 0.00 0.00 0.20 0.00 0.20 0.20 0.00
doc 10028 0.00 0.30 0.08 0.00 0.00 0.23 0.31 0.08

Table 1: An excerpt of the Document-by-Emotion Matrix - MDE

lemma#PoS#sense, corresponding to roughly
1 thousand lemma#PoS.

AffectNet, part of the SenticNet project (Cam-
bria and Hussain, 2012), contains 10k words (out
of 23k entries) taken from ConceptNet and aligned
with WordNetAffect. This resource extends Word-
NetAffect labels to concepts like ‘have breakfast’.
Fuzzy Affect Lexicon (Subasic and Huettner, 2001)
contains roughly 4k lemma#PoS manually an-
notated by one linguist using 80 emotion labels.
EmoLex (Mohammad and Turney, 2013) contains
almost 10k lemmas annotated with an intensity la-
bel for each emotion using Mechanical Turk. Fi-
nally Affect database is an extension of SentiFul
(Neviarouskaya et al., 2007) and contains 2.5K
words in the form lemma#PoS. The latter is the
only lexicon providing words annotated also with
emotion scores rather than only with labels.

3 Dataset Collection

To build our emotion lexicon we harvested all the
news articles from rappler.com, as of June
3rd 2013: the final dataset consists of 13.5 M
words over 25.3 K documents, with an average
of 530 words per document. For each document,
along with the text we also harvested the informa-
tion displayed by Rappler’s Mood Meter, a small
interface offering the readers the opportunity to
click on the emotion that a given Rappler story
made them feel. The idea behind the Mood Me-
ter is actually “getting people to crowdsource the
mood for the day”1, and returning the percentage
of votes for each emotion label for a given story.
This way, hundreds of thousands votes have been
collected since the launch of the service. In our
novel approach to ‘crowdsourcing’, as compared
to other NLP tasks that rely on tools like Ama-
zon’s Mechanical Turk (Snow et al., 2008), the
subjects are aware of the ‘implicit annotation task’
but they are not paid. From this data, we built a
document-by-emotion matrix MDE , providing the
voting percentages for each document in the eight

1http://nie.mn/QuD17Z

affective dimensions available in Rappler. An ex-
cerpt is provided in Table 1.

The idea of using documents annotated with
emotions is not new (Strapparava and Mihalcea,
2008; Mishne, 2005; Bellegarda, 2010), but these
works had the limitation of providing a single
emotion label per document, rather than a score for
each emotion, and, moreover, the annotation was
performed by the author of the document alone.

Table 2 reports the average percentage of votes
for each emotion on the whole corpus: HAPPI-
NESS has a far higher percentage of votes (at least
three times). There are several possible explana-
tions, out of the scope of the present paper, for this
bias: (i) it is due to cultural characteristics of the
audience (ii) the bias is in the dataset itself, being
formed mainly by ‘positive’ news; (iii) it is a psy-
chological phenomenon due to the fact that peo-
ple tend to express more positive moods on social
networks (Quercia et al., 2011; Vittengl and Holt,
1998; De Choudhury et al., 2012). In any case, the
predominance of happy mood has been found in
other datasets, for instance LiveJournal.com
posts (Strapparava and Mihalcea, 2008). In the
following section we will discuss how we handled
this problem.

EMOTION Votesµ EMOTION Votesµ

AFRAID 0.04 DONT CARE 0.05
AMUSED 0.10 HAPPY 0.32
ANGRY 0.10 INSPIRED 0.10
ANNOYED 0.06 SAD 0.11

Table 2: Average percentages of votes.

4 Emotion Lexicon Creation
As a next step we built a word-by-emotion matrix
starting from MDE using an approach based on
compositional semantics. To do so, we first lem-
matized and PoS tagged all the documents (where
PoS can be adj., nouns, verbs, adv.) and kept
only those lemma#PoS present also in Word-
Net, similar to SWN-prior and WordNetAffect re-
sources, to which we want to align. We then com-
puted the term-by-document matrices using raw
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×
Word AFRAID AMUSED ANGRY ANNOYED DONT CARE HAPPY INSPIRED SAD
awe#n 0.08 0.12 0.04 0.11 0.07 0.15 0.38 0.05
comical#a 0.02 0.51 0.04 0.05 0.12 0.17 0.03 0.06
crime#n 0.11 0.10 0.23 0.15 0.07 0.09 0.09 0.15
criminal#a 0.12 0.10 0.25 0.14 0.10 0.11 0.07 0.11
dead#a 0.17 0.07 0.17 0.07 0.07 0.05 0.05 0.35
funny#a 0.04 0.29 0.04 0.11 0.16 0.13 0.15 0.08
future#n 0.09 0.12 0.09 0.12 0.13 0.13 0.21 0.10
game#n 0.06 0.15 0.06 0.08 0.15 0.23 0.15 0.12
kill#v 0.23 0.06 0.21 0.07 0.05 0.06 0.05 0.27
rapist#n 0.02 0.07 0.46 0.07 0.08 0.16 0.03 0.12
sad#a 0.06 0.12 0.09 0.14 0.13 0.07 0.15 0.24
warning#n 0.44 0.06 0.09 0.09 0.06 0.06 0.04 0.16

Table 3: An excerpt of the Word-by-Emotion Matrix (MWE) using normalized frequencies (nf ). Emo-
tions weighting more than 20% in a word are highlighted for readability purposes.

frequencies, normalized frequencies, and tf-idf
(MWD,f , MWD,nf and MWD,tfidf respectively),
so to test which of the three weights is better. Af-
ter that, we applied matrix multiplication between
the document-by-emotion and word-by-document
matrices (MDE · MWD) to obtain a (raw) word-
by-emotion matrix MWE . This method allows us
to ‘merge’ words with emotions by summing the
products of the weight of a word with the weight
of the emotions in each document.

Finally, we transformed MWE by first apply-
ing normalization column-wise (so to eliminate
the over representation for happiness as discussed
in Section 3) and then scaling the data row-wise so
to sum up to one. An excerpt of the final Matrix
MWE is presented in Table 3, and it can be in-
terpreted as a list of words with scores that repre-
sent how much weight a given word has in the af-
fective dimensions we consider. So, for example,
awe#n has a predominant weight in INSPIRED
(0.38), comical#a has a predominant weight in
AMUSED (0.51), while kill#v has a predomi-
nant weight in AFRAID, ANGRY and SAD (0.23,
0.21 and 0.27 respectively). This matrix, that we
call DepecheMood2, represents our emotion lex-
icon, it contains 37k entries and is freely available
for research purposes at http://git.io/MqyoIg.

5 Experiments

To evaluate the performance we can obtain with
our lexicon, we use the public dataset provided for
the SemEval 2007 task on ‘Affective Text’ (Strap-
parava and Mihalcea, 2007). The task was focused
on emotion recognition in one thousand news
headlines, both in regression and classification
settings. Headlines typically consist of a few

2In French, ‘depeche’ means dispatch/news.

words and are often written with the intention to
‘provoke’ emotions so to attract the readers’ atten-
tion. An example of headline from the dataset is
the following: “Iraq car bombings kill 22 People,
wound more than 60”. For the regression task
the values provided are: <anger (0.32),
disgust (0.27), fear (0.84), joy
(0.0), sadness (0.95), surprise
(0.20)> while for the classification task the
labels provided are {FEAR, SADNESS}.

This dataset is of interest to us since the ‘com-
positional’ problem is less prominent given the
simplified syntax of news headlines, containing,
for example, fewer adverbs (like negations or in-
tensifiers) than normal sentences (Turchi et al.,
2012). Furthermore, this is to our knowledge the
only dataset available providing numerical scores
for emotions. Finally, this dataset was meant for
unsupervised approaches (just a small trial sample
was provided), so to avoid simple text categoriza-
tion approaches.

As the affective dimensions present in the test
set – based on the six basic emotions model (Ek-
man and Friesen, 1971) – do not exactly match
with the ones provided by Rappler’s Mood Meter,
we first define a mapping between the two when
possible, see Table 4. Then, we proceed to trans-
form the test headlines to the lemma#PoS format.

SemEval Rappler SemEval Rappler
FEAR AFRAID SURPRISE INSPIRED
ANGER ANGRY - ANNOYED
JOY HAPPY - AMUSED
SADNESS SAD - DON’T CARE

Table 4: Mapping of Rappler labels on Se-
meval2007. In bold, cases of suboptimal mapping.

Only one test headline contained exclusively
words not present in DepecheMood, further indi-

430

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

'HSHFKH0RRG ([DPSOH

'HPR� ?iiT,ffrrrX/2T2+?2KQQ/X2mf
ŗ, WKLQN WKDW , VKRXOG EH KDSS\� JLYHQ WKDW P\ ZKROH OLIH VLWXDWLRQ
LV JUHDW�Ř

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

$1(:

● 0RWLYDWLRQ 	 %DFNJURXQG� ŗ3URYLGH D VHW RI QRUPDWLYH
HPRWLRQDO UDWLQJV IRU D ODUJH QXPEHU RI ZRUGV LQ WKH (QJOLVK
ODQJXDJH� 7KH JRDO LV WR GHYHORS D VHW RI YHUEDO PDWHULDOV
WKDW KDYH EHHQ UDWHG LQ WHUPV RI SOHDVXUH� DURXVDO� DQG
GRPLQDQFHŘ
● &UHDWLRQ 3URFHGXUH� 3V\FKRORJ\ 6WXGHQWV PDUNHG ZRUGV
ZLWK WKH VHOI�DVVHVVPHQW 0DQLNLQ VFKHPH �QH[W VOLGH�
● /DEHO 6HW� 9DOHQFH� $URXVDO� 'RPLQDQFH
● 6WDWLVWLFV� ≈ ���� ZRUGV

%UDGOH\�/DQJ ����� $ĳHFWLYH 1RUPV IRU (QJOLVK :RUGV �$1(:�� ,QVWUXFWLRQ 0DQXDO DQG $ĳHFWLYH 5DWLQJV

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

6HOW�$VVHVVPHQW 0DQLNLQ

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

$1(:

Affective Norms for English Words.  All Subjects Table 1
Bradley, M.M., & Lang, P.J. (1999)

Description Word Valence Arousal Dominance      Word Description Word Valence Arousal Dominance     Word
No. Mean(SD) Mean(SD) Mean (SD) Frequency No. Mean(SD) Mean(SD) Mean (SD) Frequency

4

abduction 621 2.76  (2.06) 5.53  (2.43) 3.49  (2.38) 1
abortion 622 3.50  (2.30) 5.39  (2.80) 4.59  (2.54) 6
absurd 623 4.26  (1.82) 4.36  (2.20) 4.73  (1.72) 17
abundance 624 6.59  (2.01) 5.51  (2.63) 5.80  (2.16) 13
abuse 1 1.80  (1.23) 6.83  (2.70) 3.69  (2.94) 18
acceptance 625 7.98  (1.42) 5.40  (2.70) 6.64  (1.91) 49
accident 2 2.05  (1.19) 6.26  (2.87) 3.76  (2.22) 33
ace 626 6.88  (1.93) 5.50  (2.66) 6.39  (2.31) 15
ache 627 2.46  (1.52) 5.00  (2.45) 3.54  (1.73) 4
achievement 3 7.89  (1.38) 5.53  (2.81) 6.56  (2.35) 65
activate 4 5.46  (0.98) 4.86  (2.56) 5.43  (1.84) 2
addict 581 2.48  (2.08) 5.66  (2.26) 3.72  (2.54) 1
addicted 628 2.51  (1.42) 4.81  (2.46) 3.46  (2.23) 3
admired 5 7.74  (1.84) 6.11  (2.36) 7.53  (1.94) 17
adorable 6 7.81  (1.24) 5.12  (2.71) 5.74  (2.48) 3
adult 546 6.49  (1.50) 4.76  (1.95) 5.75  (2.21) 25
advantage 629 6.95  (1.85) 4.76  (2.18) 6.36  (2.23) 73
adventure 630 7.60  (1.50) 6.98  (2.15) 6.46  (1.67) 14
affection 7 8.39  (0.86) 6.21  (2.75) 6.08  (2.22) 18
afraid 8 2.00  (1.28) 6.67  (2.54) 3.98  (2.63) 57
aggressive 9 5.10  (1.68) 5.83  (2.33) 5.59  (2.40) 17
agility 22 6.46  (1.57) 4.85  (1.80) 5.87  (1.52) 3
agony 10 2.43  (2.17) 6.06  (2.67) 4.02  (2.49) 9
agreement 631 7.08  (1.59) 5.02  (2.24) 6.22  (1.85) 106
air 632 6.34  (1.56) 4.12  (2.30) 5.10  (1.56) 257
alcoholic 582 2.84  (2.34) 5.69  (2.36) 4.45  (2.56) 3
alert 11 6.20  (1.76) 6.85  (2.53) 5.96  (2.24) 33
alien 633 5.60  (1.82) 5.45  (2.15) 4.64  (2.07) 16
alimony 634 3.95  (2.00) 4.30  (2.29) 4.63  (2.30) 2
alive 635 7.25  (2.22) 5.50  (2.74) 6.39  (2.15) 57
allergy 636 3.07  (1.64) 4.64  (2.34) 3.21  (1.77) 1
alley 637 4.48  (1.97) 4.91  (2.42) 4.00  (1.70) 8
alone 12 2.41  (1.77) 4.83  (2.66) 3.70  (2.42) 195
aloof 13 4.90  (1.92) 4.28  (2.10) 4.69  (1.92) 5
ambition 14 7.04  (1.98) 5.61  (2.92) 6.93  (2.07) 19
ambulance 15 2.47  (1.50) 7.33  (1.96) 3.22  (2.29) 6
angel 16 7.53  (1.58) 4.83  (2.63) 4.97  (2.34) 18
anger 17 2.34  (1.32) 7.63  (1.91) 5.50  (2.82) 48
angry 18 2.85  (1.70) 7.17  (2.07) 5.55  (2.74) 45

anguished 19 2.12  (1.56) 5.33  (2.69) 3.45  (2.37) 2
ankle 638 5.27  (1.54) 4.16  (2.03) 4.77  (1.74) 8
annoy 20 2.74  (1.81) 6.49  (2.17) 5.09  (2.04) 2
answer 639 6.63  (1.68) 5.41  (2.43) 5.85  (1.88) 152
anxious 21 4.81  (1.98) 6.92  (1.81) 5.33  (1.82) 29
applause 640 7.50  (1.50) 5.80  (2.79) 6.48  (2.11) 14
appliance 641 5.10  (1.21) 4.05  (2.06) 5.05  (1.34) 5
arm 642 5.34  (1.82) 3.59  (2.40) 5.07  (1.50) 94
army 23 4.72  (1.75) 5.03  (2.03) 5.03  (2.45) 132
aroused 24 7.97  (1.00) 6.63  (2.70) 6.14  (1.97) 20
arrogant 25 3.69  (2.40) 5.65  (2.23) 5.14  (2.71) 2
art 643 6.68  (2.10) 4.86  (2.88) 5.30  (2.33) 208
assassin 26 3.09  (2.09) 6.28  (2.53) 4.33  (2.68) 6
assault 27 2.03  (1.55) 7.51  (2.28) 3.94  (3.10) 15
astonished 28 6.56  (1.61) 6.58  (2.22) 5.16  (1.79) 6
astronaut 501 6.66  (1.60) 5.28  (2.11) 5.20  (1.95) 2
athletics 644 6.61  (2.08) 6.10  (2.29) 6.12  (2.12) 9
autumn 29 6.30  (2.14) 4.51  (2.50) 5.15  (1.85) 22
avalanche 645 3.29  (1.95) 5.54  (2.37) 3.61  (2.00) 1
avenue 646 5.50  (1.37) 4.12  (2.01) 5.40  (1.53) 46
awed 30 6.70  (1.38) 5.74  (2.31) 5.30  (2.03) 5
baby 31 8.22  (1.20) 5.53  (2.80) 5.00  (2.80) 62
bake 647 6.17  (1.71) 5.10  (2.30) 5.49  (1.88) 12
bandage 648 4.54  (1.75) 3.90  (2.07) 4.52  (1.89) 4
bankrupt 32 2.00  (1.31) 6.21  (2.79) 3.27  (2.39) 5
banner 649 5.40  (0.83) 3.83  (1.95) 4.80  (1.57) 8
bar 650 6.42  (2.05) 5.00  (2.83) 5.47  (1.94) 82
barrel 651 5.05  (1.46) 3.36  (2.28) 4.89  (1.57) 24
basket 547 5.45  (1.15) 3.63  (2.02) 5.76  (1.45) 17
bastard 33 3.36  (2.16) 6.07  (2.15) 4.17  (2.40) 12
bath 502 7.33  (1.45) 4.16  (2.31) 6.41  (1.87) 26
bathroom 548 5.55  (1.36) 3.88  (1.72) 5.65  (1.59) 18
bathtub 652 6.69  (1.57) 4.36  (2.59) 5.76  (1.76) 4
beach 34 8.03  (1.59) 5.53  (3.07) 5.44  (2.52) 61
beast 653 4.23  (2.41) 5.57  (2.61) 4.89  (2.29) 7
beautiful 654 7.60  (1.64) 6.17  (2.34) 6.29  (1.81) 127
beauty 35 7.82  (1.16) 4.95  (2.57) 5.53  (2.10) 71
bed 549 7.51  (1.38) 3.61  (2.56) 6.88  (1.78) 127
bees 583 3.20  (2.07) 6.51  (2.14) 4.16  (2.11) 15
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7KHVDXUL� $1(:� KLJK�IUHTXHQW VRFLDO PHGLD WHUPV● &URZGVRXUFLQJ DQQRWDWLRQ YLD EHVW�ZRUVW VFDOLQJ
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Emotions Events

happiness meeting friends going on a date getting something I want
sadness someone dies/gets sick someone insults me people leave me alone
anger someone insults me someone breaks a promise someone is too lazy
fear thinking about the future taking a test walking/driving at night
surprise seeing a friend unexpectedly someone comes to visit receiving a gift

Table 1: The top three events for each emotion.

tually settled on hierarchical agglomerative clus-
tering and the single-linkage criterion using co-
sine similarity as a distance measure (Gower and
Ross, 1969). Choosing the stopping criterion for
agglomerative clustering is somewhat subjective,
in many cases application dependent, but for the
evaluation in this work, we heuristically choose
the number of groups so the average number of
events in each group is four, and leave a further
investigation of the tuning to future work.

4 Evaluation Measures

Work on information extraction typically uses ac-
curacy and recall of the extracted information as
an evaluation measure. However, in this work, we
found that it is difficult to assign a clear-cut dis-
tinction between whether an event provokes a par-
ticular emotion or not. In addition, recall is diffi-
cult to measure, as there are essentially infinitely
many events. Thus, in this section, we propose two
new evaluation measures to measure the precision
and recall of the events that we recovered in this
task.

To evaluate the precision of the events extrac-
ted by our method, we focus on the fact that an
event might provoke multiple emotions, but usu-
ally these emotions can be ranked in prominence
or appropriateness. This is, in a way, similar to the
case of information retrieval, where there may be
many search results, but some are more appropri-
ate than others. Based on this observation, we fol-
low the information retrieval literature (Voorhees,
1999) in adapting mean reciprocal rank (MRR) as
an evaluation measure of the accuracy of our ex-
traction. In our case, one event can have multiple
emotions, so for each event that the system out-
puts, we ask an annotator to assign emotions in
descending order of prominence or appropriate-
ness, and assess MRR with respect to these ranked
emotions. 2

We also measure recall with respect to the
2In the current work we did not allow annotators to assign

“ties” between the emotions, but this could be accommodated
in the MRR framework.

manually created dictionary described in Section
2, which gives us an idea of what percent of com-
mon emotions we were able to recover. It should
be noted that in order to measure recall, it is ne-
cessary to take a matching between the events out-
put by the system and the events in the previously
described list. While it would be ideal to do this
automatically, this is difficult due to small lexical
variations between the system output and the list.
Thus, for the current work we perform manual
matching between the system hypotheses and the
references, and hope to examine other ways of
matching in future work.

5 Experiments

In this section, we describe an experimental eval-
uation of the accuracy of automatic extraction of
emotion-provoking events.

5.1 Experimental Setup

We use Twitter3 as a source of data, as it is it
provides a massive amount of information, and
also because users tend to write about what they
are doing as well as their thoughts, feelings and
emotions. We use a data set that contains more
than 30M English tweets posted during the course
of six weeks in June and July of 2012. To remove
noise, we perform a variety of preprocessing, re-
moving emoticons and tags, normalizing using
the scripts provided by Han and Baldwin (2011),
and Han et al. (2012). CoreNLP4 was used to
get the information about part-of-speech, syntactic
parses, and lemmas.

We prepared four systems for comparison. As a
baseline, we use a method that only uses the ori-
ginal seed pattern mentioned in Section 3 to ac-
quire emotion-provoking events. We also evalu-
ate expansions to this method with clustering, with
pattern expansion, and with both.

We set a 10 iteration limit on the Espresso al-
gorithm and after each iteration, we add the 20

3http://www.twitter.com
4http://nlp.stanford.edu/software/

corenlp.shtml
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IRU (PRWLRQ $QDO\VLV
● &UHDWLRQ 3URFHVV RI (PRWLRQ 'LFWLRQDULHV
● ([LVWLQJ 5HVRXUFHV

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��



� �� �� �� �
0RWLYDWLRQ

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$SSOLFDWLRQV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
$ĳHFWLYH /H[LFDO 5HVRXUFHV

� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �� �
([LVWLQJ 'LFWLRQDULHV

8QLYHUVLW\ RI 6WXWWJDUW 5RPDQ .OLQJHU 1RY ��� ���� �� � ��

University of Stuttgart 
Institute for  
Natural Language Processing

(PRWLRQ $QDO\VLV

/H[LFRQV

1RY ��� ����

5RPDQ .OLQJHU


