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Abstract

The actual trends in NLP are focusing
on analysing knowledge beyond the lan-
guage: moods, sentiments, attitudes, etc.
In this paper we focused on studying the
importance of affectiveness information
for humour recognition. Several experi-
ments were performed over 7,500 blogs
using some features reported in the liter-
ature, besides a set of new ones. A classi-
fication task was executed in order to ver-
ify the features relevance. The results indi-
cate an interesting behaviour regarding to
affective information.

1 Introduction

The actual trends in NLP are focusing on the anal-
ysis of knowledge beyond the language. Through
the analysis of textual information, knowledge re-
lated to emotions, sentiments, opinions, moods or
humour, has been mined with success. For in-
stance, Opinion Mining (Ghose et al., 2007), Sen-
timent Analysis (Pang et al., 2002) or Computa-
tional Humour (Mihalcea and Strapparava, 2006),
have shown how to take advantage of the implicit
knowledge in texts for their own purposes.

In this framework, this paper is focused on
studying the importance of affectiveness informa-
tion for humour recognition. In particular, we
concentrate on analysing a corpus of 7,500 blogs
retrieved from LiveJournal and linked to humour
and moods through users tags. This means we aim
at considering humour beyond typical one-liners
(Mihalcea and Strapparava, 2006) applying some
features reported in the literature, besides a set of
new ones. A selection of features were assessed
through a classification task.

The paper outline is organised as follows. Sec-
tion 2 underlines the initial assumptions and the
objective. Section 3 describes the experiments. In
Section 4 the evaluation is presented. Finally, Sec-
tion 5 concludes with some final remarks and ad-
dresses the future work.

2 Affectiveness in Humour

When speaking of humour, we must be taken into
account the multiple variables that produce it. For
instance, the presence of antonyms, sexual infor-
mation or adult slang has been stressed as a re-
current humour property (Mihalcea and Strappar-
ava, 2006), as well as a trend to negative orienta-
tion (Mihalcea and Pulman, 2007), or the employ-
ment of semantic ambiguity as triggers of humor-
ous effects (Reyes et al., 2009). However, other
kinds of factors exist that influence the perception
of humour. Emotions, sentiments or moods im-
pact on the manner in which humour is expressed
as well as on the joke effectiveness. That is why
we aim at investigating what is the relevance of
analysing information related to affective knowl-
edge for humour recognition purposes. The un-
derlying assumption is that humour is expressed
in several ways profiling some particular features:
jokes, punning riddles or one-liners are just a man-
ner to verbalise humour1. However, there are other
kinds of features that must be considered as trig-
gers of humour. In this case, we focus on affec-
tive information. Taking into account that humour
profiles a broad spectrum of information linked
to human behaviour (Ruch, 2001), it is coherent
to think that there are triggers of affective stimuli
which may be identified and learned in order to

1Hereafter it must be understood that, when speaking of
humour, we refer only to verbal humour, that is, that one ex-
pressed by means of linguistic strategies (Attardo, 2001).



provide more elements for characterising humour.
In this framework, the main objective is to study

humour beyond only one-liners, focusing on the
analysis of a corpus of blogs related to humour in
order to study how the bloggers express emotions,
sentiments or feelings by means of the information
they profile in their posts. This objective implies
the following tasks: a) to collect a corpus related
to humour; b) to evaluate this corpus; c) to iden-
tify and to learn features; d) to assess the relevance
of every feature. The first task was accomplished
by means of retrieving a corpus from LiveJournal.
These data were evaluated twice: firstly, applying
the measures proposed in (Pinto et al., 2009) for
studying corpora features; the second evaluation
was done utilising some of the humour features
reported in the literature, especially, we focused
on orientation and semantic ambiguity. The third
task was performed taking advantage of WordNet-
Affect (Strapparava and Valitutti, 2004). Finally,
the last task was achieved employing two clas-
sifiers implemented in Weka (Witten and Frank,
2005): Naı̈ve Bayes and Support Vector Machine.

3 Experiments

3.1 Data Sets
The corpus was automatically collected from
LiveJournal simulating the process described in
(Balog et al., 2006), in which the authors took
advantage of the predefined tags for analysing ir-
regularities in mood patterns. We enhanced the
scope up to considering as well users tags. With
respect to the predefined mood tags provided by
LiveJournal, there are 132 items organised in 15
categories. We just selected two categories: angry
and happy. With respect to the users tags, we just
considered the blogs labelled with the humour and
joke tags. The retrieval process consisted in re-
questing to Google and Yahoo search engines, on
one hand, all the blogs labelled with the angry and
happy mood tags, if and only if, they contained
keywords such as punch line, humour, funny, and
so on. On the other one, in requesting all the blogs
labelled with the users tags: humour and joke.

A set of 7,500 blogs with these parameters were
retrieved2. They were divided in 3 sets: angry,
happy and humour; each one integrated by 2,500
blogs. Besides these sets, we collected one more
set from Wikipedia whose main topic was tech-

2Available at: http://users.dsic.upv.es/grupos/nle/down
loads.html.

Feature Angry Happy Humour Wikipedia

Terms 1,314.557 1,114.415 1,577.166 1,934.072
CVS 132.831 161.330 219.254 162.305
DL 604.394 542.558 720.496 937.959
VL 411.095 382.987 503.267 516.176
VDR 0.939821 0.944683 0.945468 0.912729
UVB 6.90692 9.27257 9.29029 6.90254
SEM 0.412067 0.404354 0.404779 0.371608

Table 1: Assessment per data set. Measures: cor-
pus vocabulary size (CVS); document and vocab-
ulary length (DL and VL, respectively); vocabu-
lary and document length ratio (VDR); unsuper-
vised vocabulary based measure (UVB); stylomet-
ric evaluation measure (SEM).

nology. This set also contains 2,500 documents
and was used as counterexample.

3.1.1 Corpus Evaluation
In order to provide elements to automatically

justify the corpus validity, the data sets were eval-
uated by means of the criteria described in (Pinto
et al., 2009) for the assessment of corpora features.
The characteristics analysed3 were:

i. shortness, whose objective is to evaluate
the length of a collection considering aspects
such as document length, vocabulary length,
and document length ratio;

ii. broadness, whose objective is to evaluate the
domain broadness of a collection on the ba-
sis of supervised or unsupervised4 language
modeling based measures;

iii. stylometry, whose objective is to give hints
about the linguistic style employed for writ-
ing a document.

The results obtained are shown in Table 1. Ac-
cording to the values presented in this table, the
inferences about the data sets indicate:

i. with respect to the shortness measures, it can
be noticed that all the data sets are integrated
by large documents and large vocabularies.
This impacts on the complexity of every one.
The VDR measure indicates that, in terms of
frequency, all the sets imply high complexity;

3All the measures are implemented in the Water-
marking Corpora On-line System (WaCOS), available at:
http://users.dsic.upv.es/grupos/nle/demos.html.

4Due to the lack of a humour gold standard to compare the
data sets with, we always selected the unsupervised version
to assess the corpus.



ii. with respect to the broadness, the UVB mea-
sure points out that, broadly, all the sets tend
to restrict their topics to specific contents, be-
ing the happy and humour sets the most lim-
ited to particular subjects. That is, they rep-
resent two narrow domain collections.

iii. with respect to the stylometry, the SEM mea-
sure indicates that, despite the blogs and the
documents from Wikipedia are written by
several persons, they share a common expres-
sion style. This can be perceived by the sim-
ilarity among the angry, happy and humour
sets. According to their SEM values, they
show a trend to have specific language style.
Considering this information, we think that,
at least these 3 sets, have a kind of identity
tag that supposes a particular pattern.

3.2 Orientation
According to the results depicted in (Mihalcea and
Pulman, 2007), humour tends towards a negative
orientation. That is, from a sentiment analysis
viewpoint, there are more words and/or sentences
related to negative connotations in humorous ex-
amples than in non humorous ones. In their ex-
periments with one-liners and humorous news ar-
ticles, the negative polarity has been an important
discriminating feature. Therefore, we decided to
verify whether or not this feature has the same be-
haviour over our data sets.

The experiment contemplated two manners of
obtaining the orientation. The first way was by
means of using a public tool for Sentiment Anal-
ysis: Java Associative Nervous Engine (Jane16)5.
This tool creates a model of positive and negative
words and sentences which are crawled in Internet.
Depending on their occurrence, they are ranked.
The labelling phase matches the information pro-
vided by the users with that one in the Jane16
database. For the second one, we employed Sen-
tiWordNet (Esuli and Sebastiani, 2006). This re-
source contains a set of graduated tags to cover
the positive and negative polarity for the follow-
ing categories: nouns, verbs, adjectives and ad-
verbs. We only focused on nouns and adjectives,
if and only if, they passed a empirically founded
threshold ≥ 375 in the positive or negative scores
registered in SentiWordNet.

Considering both resources, we created a dic-
tionary including the positive and negative nouns

5Tool available at http://opusintelligence.com/download.jsp.

Set Positive Negative Neutral

Angry 1,574 548 378

Happy 1,593 363 544

Humour 1,785 336 379

Wikipedia 1,861 147 492

Table 2: Jane16 results

Set Positive Negative Neutral

Angry 2,329 115 56

Happy 2,307 133 60

Humour 2,379 80 41

Wikipedia 2,309 145 46

Table 3: SentiWordNet results

and adjectives, which was compared against every
one of the blogs and documents in the four data
sets. The labelling stage computes the amount of
positive and negative items for determining the fi-
nal orientation. The results obtained with both re-
sources are shown in Tables 2 and 3.

Except the Wikipedia set, the results are con-
trary to our expectations. The polarity profiled by
all the sets trends towards a positive orientation
and the difference is significant, as can be noted
from the correlated results. This behaviour ques-
tions the relation among the global content in the
data sets (at least in the angry, happy and humour
sets) and humour. Considering that the seeds for
retrieving the blogs were selected taking into ac-
count keywords related to humour, we would have
expected another kind of results. The explanation
we could argue to justify this outcome is to point
out that the results exposed in (Mihalcea and Pul-
man, 2007) apply to another kind of data. More-
over, we need to take into account that, although
we tried to guide the topics towards humour, the
blogs are heterogeneous sites where the humour is
not always expressed through a lists of jokes, one-
liners, etc., but also by means of images, videos,
comments and so on.

3.3 Semantic Ambiguity

In several works related to computational humour
it has stressed the importance of ambiguity for
generating humorous effects (Mihalcea and Strap-
parava, 2006; Sjöbergh and Araki, 2007; Reyes et
al., 2009). In our case, we aim at analysing the
semantic ambiguity applying the techniques ex-



Set
∑

W
N X σ

Angry 395,329 10.47 3.12

Happy 380,361 9.92 3.05

Humour 520,520 10.43 3.11

Wikipedia 632,509 9.73 2.07

Table 4: Semantic ambiguity results

posed in (Reyes et al., 2009) for measuring the dis-
persion degree among the senses of a given noun.
The sense dispersion measure intends to quantify
the differences among the senses of a word con-
sidering the hypernym distance among the Word-
Net synsets (Miller, 1995). The underlying con-
cept behind the measure relies on the hypothesis
about a noun with senses that differ significantly
is more likely to be used to trigger humorous ef-
fects than a word with senses that differ slightly.

The experiment consisted in retrieving all the
nouns from the four sets and applying the formula
in (1) for getting the global hypernym distance:

δ(ws) =
1

P (|S|, 2)

∑

si,sj∈S

d(si, sj) (1)

where S is the set of synsets (s1, ..., sn) for the
word w; P(n,k) is the number of permutations of
n objects in k slots; and d(si, sj) is the length
of the hypernym path between synsets (si, sj).
The total dispersion per noun was calculated as:
δTOT =

∑
ws∈W δ(ws), where W is the set of

nouns in the collection N . All the single values
were summed in order to get the sense dispersion
in each one of the blogs and set. The results are
depicted in Table 4.

The results obtained through the sense disper-
sion measure suggest that the angry, happy and
humour sets are the most ambiguous ones. Tak-
ing into account the amount of nouns per set and
their standard deviation with respect to their vari-
ance, it can be noted how the dispersion average in
the Wikipedia set is much smaller than in the other
three. Consider also that, with respect to the angry
and happy sets, the difference in quantity of nouns
is about 30% more items. According to (Reyes et
al., 2009), this is a hint about a deeper ambiguity
profiled in those sets. Following their hypothesis,
this underlying ambiguity can be used for creating
humorous situations through words that function
as humour triggers.
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Figure 1: WordNet-Affect categories distribution

3.4 Affectiveness

We always denote affective information through
the words we employ in our every day commu-
nication. This characteristic is acquiring greater
importance in scenarios such as sentiment analy-
sis, computer assisted creativity or verbal expres-
sivity in human computer interaction (Strapparava
and Mihalcea, 2008). An example is the SemEval-
2007 workshop where, one of the tasks was de-
voted to analyse the affectiveness in text (Strappa-
rava and Mihalcea, 2007). From a (computational)
humour perspective, this task becomes more diffi-
cult because humour not only relies on the “funny”
utterances produced by a speaker but also on how
the hearer codifies that information (Curcó, 1995).
Nonetheless the difficulty, we performed an exper-
iment for computing, for each blog and document,
the amount of affective nouns and adjectives ac-
cording to the WordNet-Affect categories. These
are: attitude (att), behaviour (beh), cognitive state
(cog), edonic signal (eds), emotion (emo), mood
(moo), physical state (phy), emotional response
(res), sensation (sen), emotion-eliciting situation
(sit) and trait (tra)6. Figure 1 shows the distri-
bution of every category in terms of occurrences
within the sets.

As can be appreciated in the figure, the affec-
tiveness in the data sets is more representative by
the adjectives and by the tra, emo, att, beh and
cog categories. This implies that the bloggers ex-
press their affectiveness by means of qualifying at-
tributes. The next step consisted in verifying what
is the most representative category per set consid-
ering both morphosyntactic categories. This infor-
mation is given in Figure 2.

According to the results depicted in Figure 2,
it is interesting to note how affective information

6In (Strapparava and Valitutti, 2004) it can be found all
the information about the concepts represented by these cat-
egories.
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Figure 2: WordNet-Affect representativeness per
set considering nouns and adjectives as one

seems to play an important role on the manner
of expressing humour (through words that denote
emotions, feelings, moods, etc.) by the bloggers.
In accordance with this graphic, the humour set
profiles a greater trend to express its content using
affective features. This could be correlated to our
assumption that humour takes advantage of mul-
tiple resources and techniques (superiority, incon-
gruity, etc.) to get its effect. Moreover, the be-
haviour observed by the rest of sets is the expected
one. Both angry and happy sets are also suffi-
ciently representative by the affective categories to
be distinguishable, at least in the same classes as
the humour set, from the Wikipedia one.

4 Evaluation

The classification task described in this section
was carried out in order to assess the relevance of
the features previously investigated. The idea was
to know how much they can help for representing
the bloggers expression manner and, especially, to
be considered for identifying humour in sources
such as blogs.

Six classifications experiments were performed.
Every one of the 7,500 blogs and 2,500 documents
was represented though a feature vector. The fol-
lowing schema summarises the features and the or-
der in which they were assessed:

i. semantic ambiguity (amb), considering the
sense dispersion value organised according to
three scales (1 - 10; 11 - 20; 21 - above), be-
ing the last value the most ambiguous;

ii. orientation (orien), considering the positive,
negative and neutral polarity obtained with
Jane16 and SentiWordNet;

iii. ambiguity and orientation (amb+orien), con-
sidering both sense dispersion and polarity;

iv. affectiveness (affect), considering the
WordNet-Affect categories according to five
scales (1 - 100; 101- 200; 201 - 300; 301 -
400; 401 - above), being the last value the
one with most affective items;

v. total features (all), considering all the previ-
ous attributes together;

vi. informativeness features (infoGain), consid-
ering only the subset with most informa-
tiveness ratio. This subset was obtained by
means of the information gain measure im-
plemented in Weka (Witten and Frank, 2005).

With respect to the classifiers, the task was per-
formed using Naı̈ve Bayes and SVM. The classes
considered to evaluate the performance were: an-
gry, happy, humour and Wikipedia. Finally, the
method used for evaluation was ten-fold cross val-
idation. The results are depicted in Figure 3.

Despite the classification accuracy is not good,
as can be noted in the graphic, the most important
conclusion we can draw is to confirm the relevance
of affective information for discriminating the data
sets according to the emotions, pleasures, displea-
sures, attitudes, feelings and so on, expressed by
the bloggers. This is corroborated by both classi-
fiers. The accuracy reached with Bayes and SVM,
considering both semantic ambiguity and orienta-
tion, does not achieve 30%, while considering af-
fective information the accuracy increases almost
10%. Likewise, taking into account the features
studied and their role in the classification, it is ev-
ident that, in order to recognise humour in these
sources, it is not enough to consider features such
as ambiguity or polarity. It must also be consid-
ered information more related to emotional and af-
fective aspects in order to enhance the quantity and
quality of variables that impact on humour. This
can be observed from the graphic: the accuracy
achieved through a selection of the most infor-
mative features (among them Jane16 orientation,
semantic ambiguity, and six affective categories)
produces a better performance, achieving a better
accuracy with SVM.

5 Conclusions and Future Work

In this paper we have studied whether or not af-
fective data could be used for humour recognition
tasks. The experiments have focused on analysing
a corpus of blogs related to humour and moods.
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Figure 3: Classification accuracy

Two underlying evaluations were performed: one
with respect to the corpus and other with respect
to the features relevance. Regarding to the ex-
periments for determining the corpus validity, it is
obvious that, although the evaluations show hints
about the presence of humour in the data, not all
the information is related to humour. Thus, the
results must be understood under this perspective.
Regarding to the features relevance, the classifica-
tion task showed that, although affective informa-
tion did not help so much for classifying the data
sets according to their content, it could be use-
ful for characterising humour. Finally, as future
work, we will verify the results with more data
and contemplating other kind of sources, besides
analysing aspects such as irony or sarcasm.
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