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Abstract

In this paper, a technique for the generation of advertis-
ing headlines based on affect is described. The system
takes as input the target concept to evoke and possibly
a sentiment to communicate. A fundamental dimen-
sion of advertising relies on the affective connotation
of words. We have used it as an important component
of our algorithms for the creative variation of familiar
expressions such as proverbs and famous movie titles.
Recognition of affective connotation is based on a se-
mantic similarity acquired in an unsupervised way from
large corpora and it allows the system selecting words
that are slanted towards a desired emotion, or producing
strong ironic effects.

Keywords: computational advertising, textual affect sens-
ing, computational humor, sentiment analysis, affective
slanting

Introduction
The work of a creative verbal advertisement professional is
based on playing with existing linguistic material and pro-
ducing novel expressions that catch the attention of the au-
dience, guarantee memorability and of course link to the
product or concept that the message wants to promote. The
process is fundamentally based on aesthetics values. In this
paper we deal with automatic production of some typology
of such expressions, exploiting NLP techniques. We wanted
our approach to be adaptive, so fundamentally not based on
lexical or other KBs but rather corpus-based and exploiting
basic learning techniques at various level.

In particular, a fundamental dimension of advertising
headlines production relies on the affective connotation of
words. We have used it as one important component of
our algorithms for the creative variation of familiar expres-
sions. By “varied familiar expression” we mean an expres-
sion (sentence or phrase) that is obtained as a linguistic
change (e.g. substitution of a word, morphological or pho-
netic variation, etc.) of an expression recognized as familiar
by recipients (e.g. selected by some collection of proverbs,
famous movie titles, etc.).
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Creative Messages and Optimal Innovation
Varying familiar expressions (proverbs, movie titles, famous
citations, etc.) in an evocative way has been an effective
technique in advertising for a long time (Pricken 2002). A
lot of effort by professionals in the field goes into producing
ever-novel catchy expressions with some element of humor.

An advertising message induces in the recipient a posi-
tive (or negative) attitude toward the subject of the adver-
tisement, for example through the evocation of a appropriate
emotion. Another mandatory characteristic of an advertise-
ment is its memorability. These two aspects of an ad in-
crease the probability of inducing some wanted behaviors,
for example the purchase of some product, the choice of a
specific brand, or a click on some specific web link. In this
last case, it is crucial to make the recipient curious about the
subject referred to by the URL. The best way to realize in
an ad both attitude induction and memorability is the gen-
eration of surprise, generally based on creative constraints
(Veale, Gervas, & Pease 2006).

A successful message should have a semantic connection
with some concept of the target topic. At the same time, it
has to be emotionally charged (e.g. positive emotion as joy
or negative emotion as fear) .

In order to develop a strategy for surprise induction, we
were inspired by a claim of creative communication that
Rachel Giora has named the optimal innovation hypothesis
(Giora 2003). According to this assumption, creative power
cannot be based on unconstrained novelty, but must rely on
an “optimal” complementary relation of novelty to salience
(familiarity); under this condition the innovation has an aes-
thetics value and “induces the most pleasing effect”.

Therefore the appropriate combination of novelty and fa-
miliarity makes the message potentially surprising, because
this combination allows recipient’s mind to oscillate be-
tween what is known and what is unusual, and involving
intellectual activity. For these reasons, an advertising mes-
sage must be original but, at the same time, connected to
what is familiar (Pricken 2002). Familiarity causes expecta-
tions, while novelty violates them, and finally surprise arises
and is intertwined with aesthetic pleasure.

We combined all these constraints in a compatible way
with the optimal innovation hypothesis. “Innovation” is pro-
vided by semantic similarity with both the target topic and
with affective features, and “optimality” is guaranteed by



phonetic similarity (i.e. the absent and the new words have
to be partial homophones, e.g. rhymed) and syntactic con-
sistence. In a sense the key role is in what is missing, what
is perceived not to be there but to have been substituted in an
aesthetically, conceptually and affectively interesting way.

We focused in particular on ironical variations, because
the power of irony is well established in advertising. One
key aspect is that irony is obtained acting specifically on the
emotional connotation of words. In past work on computa-
tional humor (e.g. (Stock & Strapparava 2003)), incongruity
theory was exploited to produce funny variations of given
acronyms. Here, incongruity is corpus-based and depends
upon the affective load of lexicon for the variation produc-
tion.

Creative Variation of Familiar Expressions
Our work focuses on simple one-liner puns that can be ob-
tained through the creative variation of familiar expressions.
We provide below a brief explanation of the terminology
employed.

Variations. The linguistic transformation consists of the
substitution of a word in the original expression with a par-
tially homophonic word. In this way the altered expression
is a type of imperfect pun , in which the words in the lex-
ical substitution are not perfect homophones (as in a per-
fect pun), but they are heterophones (or partial homophones)
with some rate of phonetic similarity (Zwicky & Zwicky
1986).

Familiar Expressions. The reason for using a familiar ex-
pression as original text on which to perform the variation is
to provide a context that, given the varied word, allows the
recipient to recognize the original word. In fact, the varied
word can be phonetically similar to more than one word, in
which case the expression including the word induces the
prefixed association tendency.

Creativity. In this work the term “creative” refers to the
capability of puns to perform humorous and rhetorical ef-
fects. We are interested in the automatic generation of puns
that influence the mood and the evaluative attitude of the re-
cipient, although the computational implementation of cre-
ative variations was not based on a deep modeling of human
creative processes.

Humorous Effect and Affective Charge
The humorous effect of puns is complex and involves lin-
guistic (Attardo & Raskin 1991) and cognitive (Brone &
Feyaerts 2003) factors. It is also worthwhile to mention the
work of (Binsted & Ritchie 1997) about humorous genera-
tion of punning riddles. According to the incongruity res-
olution model, the text induces two different interpretation,
one incoherent and one coherent and funny. The varied word
in the pun is at the same time the cause of incongruity in the
first interpretation and the trigger of coherence restoring in
the second interpretation.

The events that realize the humorous effect are briefly de-
scribed in the following sequence:

1. The context of the familiar expression evokes the first in-
terpretation (corresponding to the original unvaried ex-
pression) and the expectation of the original word.

2. The varied word generates incongruity and violates ex-
pectations, thus inducing stress in the recipient.

3. The meaning of the varied word is perceived, and then the
second interpretation (corresponding to the varied expres-
sion) is induced, recovering the coherence and releasing
the accumulated stress. The recognition of the humor-
ous intention induces a positive attitude and, under cer-
tain conditions, the expression is perceived as funny and
the humorous effect occurs (laugh or good mood).

In order to be used for advertising communication, a pun
has to be not only humorous but also capable to emotionally
connote the subject of the advertisement, in order to induce
a valenced attitude toward the target concept (e.g. positive
for products to be bought, or negative for behaviors to ad-
vise against, such as alcohol abuse). With these conditions,
both humorous and affective charge provides contribute to
the overall persuasive effect (Lundmark 2003) of the head-
line, because it helps to increase the attention and the mem-
orability of the message.

Constraints on Headlines
We regard the creative variation problem as a lexical selec-
tion problem. Given a familiar expression and a word in-
cluded in it, we introduced various types of constraints in
order to select the possible varied words from the entire lex-
icon: phonetic constraints, syntactic constraints, topic con-
straints and slanting constraints.

Phonetic constraints determine the rate of phonetic sim-
ilarity between the original and the varied word (Hempel-
mann 2003). Syntactic constraints assure that the new word
is of the same syntactic type of the word to substitute (e.g.
noun). If the varied word is sufficiently similar in the sound
and has the same syntactic role in the familiar expression,
the original word is easy to recognize. Then a good phonetic
and syntactic similarity induces a good associative tendency
and intrigues the recipient, who perceives the meaning of
the original expression and the incongruity introduced by
the word substitution.

Another element is inherently semantic. Topic constraints
are based on the semantic closeness between the substi-
tuted word and the target concept that has to be evoked in
the recipient’s mind. Finally, slanting constraints are based
on the affective connotation of the substituted word and on
strategies that determine the selection of differently con-
noted words. As hinted above we specifically worked with
strategies aiming at obtaining ironic effects through playing
with affect connotations.

Resources
In this section we describe the resources employed to imple-
ment the constraints for headline generation. In particular,
phonetic constraints are realized through a rhyme tool. Syn-
tactic constraints are limited to the part of speech. We used
the TNT tagger (Brants 2000) with a tagset reduced to four



categories: noun, verb, adjective, adverb. Topic constraints
are implemented in a tool for latent semantic analysis pro-
cessing on a large text corpus. Finally, slanting constraints
are implemented through the Affective-Weight function, that
performs an affective rating of words. These resources are
detailed below, and a brief description of the familiar expres-
sion database is provided.

Rhyme tool
This tool, given a generic word from the English lexicon, re-
turns a list of phonetically similar words (i.e. rhymes or par-
tial homophones). The mapping of words to their rhymes
was previously indexed on a phonetic dictionary. In particu-
lar, we considered the CMU pronouncing dictionary (avail-
able at http://www.speech.cs.cmu.edu/cgi-bin/
cmudict) It is a machine-readable pronunciation dictio-
nary for North American English that contains over 125,000
words and their transcriptions. Each transcription represents
the phonetic analysis of a word, and it is represented in the
dictionary as a mapping from each word to its pronunciation
in the given phoneme set. The current phoneme set con-
tains 39 phonemes. Vowels may carry primary or secondary
stress.

Two words are phonetically similar: if (i) they have the
same number of phonemes; (ii) the primary stress is at the
same position; and (iii) starting from the phoneme with the
primary stress, they have the same phoneme sequence.

Latent Semantic Analysis Tool
This module consists of an implementation of Latent Se-
mantic Analysis (LSA) in order to obtain a vector represen-
tation for words and texts.

In LSA (Deerwester et al. 1990), second order relations
among terms and documents of the corpus are captured by
means of a dimensionality reduction operated by a Singular
Value Decomposition (SVD) on the term-by-document ma-
trix. For the experiments reported in this paper, the SVD
operation was executed on the full British National Corpus1.

SVD is a well-known operation in linear algebra, which
can be applied to any rectangular matrix in order to find
correlations among its rows and columns. SVD decom-
poses the term-by-document matrix T into three matrices
T = UΣkVT where Σk is the diagonal k × k matrix con-
taining the k singular values of T, σ1 ≥ σ2 ≥ . . . ≥ σk,
and U and V are column-orthogonal matrices. When the
three matrices are multiplied together the original term-by-
document matrix is re-composed. Typically we can choose
k′ � k obtaining the approximation T ' UΣk′VT . More
specifically, in the experiments for this paper we use the ma-
trix T′ = UΣk′ , whose rows represent the term vectors in
the reduced space, taking into account the first 100 dimen-
sions (i.e. k′ = 100).

LSA can be viewed as a way to overcome some of the
drawbacks of the standard vector space model (sparseness

1The British National Corpus is a very large (over 100 million
words) corpus of modern English, both spoken and written (see
http://www.hcu.ox.ac.uk/bnc/).

and high dimensionality). In fact, the LSA similarity is com-
puted in a lower dimensional space, in which second-order
relations among terms and texts are exploited. The similarity
in the resulting vector space can be measured with the stan-
dard cosine similarity. Note also that LSA yields a vector
space model that allows for a homogeneous representation
(and hence comparison) of words, word sets, sentences and
texts.

For representing word sets and texts by means of LSA
vector, we used a variation of the pseudo-document method-
ology described in (Berry 1992). This variation takes into
account also a TF-IDF weighting schema (see (Gliozzo &
Strapparava 2005) for more details). In practice, each doc-
ument can be represented in the LSA space by summing up
the normalized LSA vectors of all the terms contained in it.

Affective Weight
All words can potentially convey affective meaning. Each of
them, even those more apparently neutral, can evoke pleas-
ant or painful experiences. While some words have emo-
tional meaning with respect to the individual story, for many
others their affective power is part of the collective imagina-
tion (e.g. words “mum”, “ghost”, “war” etc.).

We are interested in this second group, because their af-
fective meaning is part of common sense knowledge and can
be detected in the linguistic usage. For this reason, we stud-
ied the use of words in textual productions, and in particular
their co-occurrences with the words in which the affective
meaning is explicit. As claimed by (Ortony, Clore, & Foss
1987), we have to distinguish between words directly refer-
ring to emotional states (e.g. “fear”, “cheerful”) and those
having only an indirect reference that depends on the con-
text (e.g. words that indicate possible emotional causes as
“killer” or emotional responses as “cry”). We call the for-
mer direct affective words and the latter indirect affective
words (Strapparava, Valitutti, & Stock 2006).

In order to manage affective lexical meaning, we (i)
organized the direct affective words and synsets inside
WORDNET-AFFECT, an affective lexical resource based on
an extension of WORDNET, and (ii) implemented a selection
function (named Affective-Weight) based on a semantic simi-
larity mechanism automatically acquired in an unsupervised
way from a large corpus of texts (100 millions of words), in
order to individuate the indirect affective lexicon.

Applied to a concept (e.g. a WORDNET synset) and an
emotional category, this function returns a value represent-
ing the semantic affinity with that emotion. In this way it
is possible to assign a value to the concept with respect to
each emotional category, and eventually select the emotion
with the highest value. Applied to a set of concepts that are
semantically similar, this function selects subsets character-
ized by some given affective constraints (e.g. referring to a
particular emotional category or valence).

As we will see, we are able to focus selectively on posi-
tive, negative, ambiguous or neutral types of emotions. For
example, given “difficulty” as an input term, the system sug-
gests as related emotions: IDENTIFICATION, NEGATIVE-
CONCERN, AMBIGUOUS-EXPECTATION, APATHY. More-
over, given an input word (e.g. “university”) and the indi-



cation of an emotional valence (e.g. positive), the system
suggests a set of related words through some positive emo-
tional category (e.g. “professor” “scholarship” “achieve-
ment”) found through the emotions ENTHUSIASM, SYMPA-
THY, DEVOTION, ENCOURAGEMENT.

This fine-grained affective lexicon selection can open up
new possibilities in many applications that exploit verbal
communication of emotions. For instance, (Valitutti, Strap-
parava, & Stock 2005) exploited the semantic connection
between a generic word and an emotion for the generation of
affective evaluative predicates and sentences. FIne-grained
classification of new headlines along some emotions was the
topic of a task “Affective Text” in the last edition of the Se-
mEval competion (Agirre, Marquez, & Wicentowsky 2007).
See (Strapparava & Mihalcea 2007) for a description of the
task and of the participant systems.

Database of Familiar Expressions
The base for the strategy of familiar expression variation is
the availability of a set of expressions that are recognized as
familiar by English speakers.

We considered three types of familiar expressions:
proverbs, movie titles, clichés. We collected 1836 fa-
miliar expressions from the Web, organized in three
types: common use proverbs (628), famous movie ti-
tles (290), and clichés (918). Proverbs were retrieved in
some of many web sites in which they are grouped (e.g.
http://www.francesfarmersrevenge.com/stuff/
proverbs.htm or www.manythings.org/proverbs).
We considered only proverbs in common use. In a similar
way we collected clichés, that is sentences whose overuse
often makes them humorous (e.g. home sweet home, I am
playing my own game). Finally, movie titles were selected
from the Internet Movie Database (www.imdb.com). In
particular, we considered the list of the best movies in all
sorts of categories based on votes from users.

The list of familiar expressions is composed mostly of
sentences (in particular, proverbs and clichés), tough many
of them are phrases (in particular, movie title list includes a
significant number of noun phrases)

Procedure of Headline Generation
The procedure takes as input a pair consisting of the target
concept (representing the subject of the advertisement) and
the list of familiar expressions. Target-concept can be repre-
sented by one or more words with a specified part of speech
category (noun, adjective, verb, or adverb). The output con-
sists of a list of puns, sorted according to a parameter rating
their supposed effectiveness.

Indexing of Familiar Expressions
As described above, creative variation consists of the choice
of a single word in the expression, and its substitution with
another one satisfying the constraints on headlines.

While topic and slanting constraints depend on the tar-
get concept, phonetic and slanting constraints depend only
on the list of familiar expressions. As an example, con-
sider the expression Jurassic Park (movie title). The associ-
ation of all possible rhymes (with the same part of speech)

can be performed before the semantic selection of topic and
slanting constraints. Some possible association are: juras-
sic/thoracic, park/bark, park/dark, park/mark. If we con-
sider the target concept fashion, the topic constraint (through
LSA similarity) selects “dark” and “mark”, and the slant-
ing constraint (through Affective-Weight) selects “dark” be-
cause it has a higher value of affective weight.

Next, the database of familiar expressions is pre-
processed in order to index all possible word associations,
according to phonetic and part of speech constraints. In this
way, the process of pun generation takes as input only target
concept. When the familiar expression database is modified
or extended, then indexing of possible word substitutions is
performed again.

Using the rhyme tool, each of these words is paired,
whenever possible, to one or more partial homophones, thus
forming a variation-pair. Only variation pairs in which both
elements have the same part of speech category are selected
(e.g. bay/day, bay/hay, hotel/farewell). As we see below,
the resulting list of variation-pairs (called variation list) will
be filtered in the procedure of pun generation, according to
topic and slanting constraints.

Algorithm
1. Target-concept expansion.

Using the LSA technique described above, the target con-
cept is represented as a vector. Then, a list (named target
list) including terms that are semantically similar to the
target concept, is generated. The elements are sorted ac-
cording to the decreasing value of LSA-similarity, with
a fixed minimum threshold. The target list represents, to
some extent, the semantic domain of the input concept.

2. Topic-constrained selection.
The filtering step considers only variation-pairs in which
the second element in each pair is included in the target
list but not the first element, so that the change is semanti-
cally significant. The reason for this constraint is to maxi-
mize the probability of the surprise effect realized through
the variation. The assumption is that, if the target con-
cept is not related to the original word but it is related to
the varied word, then the semantic change is more unex-
pected.

3. Slanting constraints.
Using the Affective-Weight function, variation-pairs are
sorted according to the decreasing value of affective simi-
larity rated on the second element. In this way, only words
with the sufficient rate of affective similarity are consid-
ered. In order to realize irony, variation pairs whose ele-
ments have different values of polarity are selected. For
instance, if the original word is recognized as negative
(e.g. fear), the varied word must be positive (e.g. bear).
In some cases, it is sufficient increasing the strength of
affective weight, despite of polarity, in order to substitute
an affectively neutral word with another one with a strong
affective connotation.

4. Creative variation.



At this stage, the filtered variation list is used to apply the
variation of familiar expressions. For each variation-pair,
a corresponding word substitution is performed and a pun
is generated.

5. Sorting familiar expressions.
At this point, the list of puns are rated according to the
global affective weight. In particular, the procedures ap-
plies Affective-Weight function to the entire pun, repre-
sented as the LSA vector of all words included in it. We
assume that this rating allows us to select the puns with
the maximum affective evocative power.

Examples
This section shows an examples of pun generation. Start-
ing from the target concept (e.g. disease) we can obtain the
target list, using the semantic similarity (Table 1).

Name POS Similarity to the input
symptom noun 0.971
therapy noun 0.969
metabolism noun 0.933
analgesic noun 0.899
suture noun 0.851
thoracic adjective 0.782
extraction noun 0.623

Table 1: Input word: “disease”

Table 2 shows some associations between words in the
target list and words in the candidate list. Associations take
into account syntactic constraints, in such a way both ele-
ment of the association has the same part of speech.

Name Rhymes
suture future
thoracic Jurassic
extraction abstraction, attraction, contraction

diffraction, distraction, inaction, reaction
retraction, subtraction, transaction

Table 2: Phonetic associations

Using the Affective-Weight function, it is possible to
check for their affective characterization (in Table 3 only
four emotions are displayed), selecting those affectively co-
herent with the input term. Bold numbers indicate the max-
imum value for a given word. In the case of this target list,
for all words the emotional category sadness has the high-
est values. Table 4 shows values of Affective-Weight of a
variation-pair. The words have different polarity associated
to the highest values. Finally, Table 5 shows the final word
substitution in several examples.

Conclusions and Future Work
In this paper, we have presented a technique for the genera-
tion of advertising headlines. The system takes as input the

fear joy anger sadness
disease 0.357 0.201 0.135 0.679
symptom 0.423 0.293 0.164 0.685
therapy 0.374 0.315 0.170 0.691
metabolism 0.372 0.258 0.082 0.552
analgesic 0.280 0.241 0.173 0.526
suture 0.237 0.299 0.227 0.490
thoracic 0.157 0.135 0.134 0.448
extraction 0.126 0.245 0.177 0.366

Table 3: Affective-Weight on target list

fear (-) joy (+) anger (-) sadness (-)
suture 0.237 0.299 0.227 0.490
future 0.467 0.571 0.417 0.462

Table 4: Affective-Weight on a variation-pair

Target Headline Original
Concept Word

beach Tomorrow is another bay day
disease Back to the Suture future

Thoracic Park jurassic
Fatal Extraction attraction

crash Saturday Fright Fever night
fashion Jurassic Dark park

Table 5: More Examples

target concept to evoke and possibly a sentiment to commu-
nicate to the recipient.

The proposed methodology is based on the creative vari-
ation of familiar expressions through lexical substitution,
according to four constraints (phonetic, syntactic, topic-
oriented, and affective slanting).

A fundamental role in the process is provided by affective
recognition and manipulation. It allows the system to select
words that are slanted towards the desired polarity or, as we
do in ironic expressions, inducing affective contrast between
the absent word and its substitution.

The development of this approach is closely connected to
developments in the areas of affective information retrieval
such as sentiment analysis, opinion mining and textual af-
fective sensing. In recent years the great availability of text
corpora from the Web has allowed a remarkable improve-
ment of techniques based on statistical methods. The knowl-
edge acquired with these technologies allows us to exploit
the large amount of common sense knowledge present in
texts, and to use it in new ways. The world of computa-
tional humor, with its potential for applications in the field of
advertising, is an interesting area of experimentation and de-
velopment. We believe there is a lot more that sophisticated
automatic affect sensing can bring to aesthetically valuable
and cognitively meaningful violation of expectations. We
consider this as one distinctive aspect of verbal creativity.



References
Agirre, E.; Marquez, L.; and Wicentowsky, R., eds. 2007.
SemEval-2007: 4th International Workshop on Semantic
Evaluations.
Attardo, S., and Raskin, V. 1991. Script theory revis(it)ed:
joke similarity and joke representation model. Humour
4(3):293–347.
Berry, M. 1992. Large-scale sparse singular value compu-
tations. International Journal of Supercomputer Applica-
tions 6(1):13–49.
Binsted, K., and Ritchie, G. 1997. Computational rules for
punning riddles. Humor 10(1).
Brants, T. 2000. Tnt – a statistical part-of-speech tagger.
In Proc. of ANLP-2000, 6th Applied NLP Conference.
Brone, G., and Feyaerts, K. 2003. The cognitive linguistics
of incongruity resolution: Marked reference-point struc-
tures in humor. In Proc. of the 8th International Cognitive
Linguistics Conference.
Deerwester, S.; Dumais, S. T.; Furnas, G. W.; Landauer,
T.; and Harshman, R. 1990. Indexing by latent semantic
analysis. Journal of the American Society for Information
Science 41(6):391–407.
Giora, R. 2003. On Our Mind: Salience, Context and
Figurative Language. New York: Oxford University Press.
Gliozzo, A., and Strapparava, C. 2005. Domains kernels
for text categorization. In Proc. of the Ninth Conference
on Computational Natural Language Learning (CoNLL-
2005).
Hempelmann, C. F. 2003. Yps - the ynperfect pun selector
for computational humor. In Proc. of the Conference of the
International Society for Humor Studies.
Lundmark, C. 2003. Puns and blending: The case of print
advertisements. In Proc. of the 8th International Cognitive
Linguistics Conference.
Ortony, A.; Clore, G. L.; and Foss, M. A. 1987. The psy-
chological foundations of the affective lexicon. Journal of
Personality and Social Psychology 53:751–766.
Pricken, M. 2002. Creative Advertising. Thames & Hud-
son.
Stock, O., and Strapparava, C. 2003. Getting serious about
the development of computational humour. In Proceedings
of the 8th International Joint Conference on Artificial In-
telligence (IJCAI-03).
Strapparava, C., and Mihalcea, R. 2007. SemEval-2007
task 14: Affective Text. In Proceedings of the 4th Intera-
tional Workshop on Semantic Evaluations (SemEval 2007).
Strapparava, C.; Valitutti, A.; and Stock, O. 2006. The
affective weight of lexicon. In Proceedings of the Fifth In-
ternational Conference on Language Resources and Eval-
uation (LREC 2006).
Valitutti, A.; Strapparava, C.; and Stock, O. 2005. Lexical
resources and semantic similarity for affective evaluative
expressions generation. In Proc. of the First International
Conference on Affective Computing & Intelligent Interac-
tion (ACII 2005).

Veale, T.; Gervas, P.; and Pease, A. 2006. Understanding
creativity: A computational perspective. introduction to the
special issue of computational creativity. New Generation
Computing 24.
Zwicky, A., and Zwicky, E. 1986. Imperfect puns, marked-
ness, and phonological similarity: With fronds like these,
who needs anemones? Folia Linguistica 20:493–503.


