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Abstract 
 

As machine learning methods continue to make progress and result in an increasing 
number of self-programing real world applications such as self driving cars, spell 
checking and email spam filters, it is vital to explore additional areas where these 
algorithms might be implemented. Natural language processing is an increasing area 
of interest in resent years and has correlated a relationship between several areas of 
research as a result of machine learning being made more available. However, despite 
promising research results regarding computation humor and metaphor recognition 
little have been done to implement beyond research. This study attempts to combine 
previous evaluation procedures for computation double entendre joke recognition 
methods with a human survey to conclude if robust Naïve Bayes and k-Nearest 
Neighbour classifiers is viable for real world applicability. Results from testing indicate 
algorithm implementations lack joke recognition accuracy needed for real world 
implementation. 
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1 Introduction 
Identifying humor for a human comes as natural as laughter itself: a person finds something 
amusing, he or she reacts by smiling or laughing. However, teaching a computer to make the 
same distinction is a completely different thing. What complicates things even further is how 
different people find different kinds of humor funny. What is funny to one individual might 
not be to someone else. “In popular perception, computers will never be able to use or 
appreciate humor” (Binsted et al., 2006) since they are computers and thus process all 
information in terms of true or false, 1 or 0, funny or not funny. Meaning, a computer have to 
learn humor through quantifiable data, argued by Taylor and Mazlack (2004) the 
understanding of a joke is for a computer problematic while reading it is simple.  

Initial work on computation humor mainly involved the generating of simple semantic jokes 
such as automatic generating of humorous acronyms (Stock and Strapparava, 2005) and the 
STANDUP riddle software (Manurung et al., 2008). While the acronym generator is a 
computational humor research experiment without an identified application, the System To 
Augment Non-speakers’ Dialogue Using Puns (STANDUP) is a simple-to-use UI educational 
resource for children with complex communication needs. More recent work have focused 
on teaching computers to identify humour in wordplay (Taylor and Mazlack, 2004), double 
entendre (Kiddon and Brun, 2011) and lexical semantics on Twitter (Zhang and Liu, 2014). 
In the light of resent research a number of practical uses for computational humor have been 
identified within the area advertisement, e-commerce, computer-mediated communication, 
human–computer interaction and educational systems (Strapparava et al., 2011). 
Computational humor methods can also unburden story writing in game development in 
response to the countless eventualities of user interactions (Claire, 2015).  

Double entendre joke recognition is an interesting machine learning problem since it 
touches both the computational understanding of human humor and at the same time 
generates humor by identifying non-humorous sentences as funny if given a different 
context. 

In this work human judges will evaluate a set of machine learning algorithms output in order 
to determine possible real-world applicability for computation humor recognition of double 
entendre “That’s what she said” jokes. 
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2 Background 
In this section of the paper the underlying technology, methods and concepts of 
computational humour recognition will be explained. 

2.1 Natural Language Processing (NLP) 
NLP attempts to computationally derive meaning from text. Using recourses such as lexicon 
of meanings and properties of words, grammar rules, ontology of types of words or thesaurus 
of relations between words, NLP tries to: “put roughly […] figuring out who did what to 
whom, when, where, how and why” (Kao and Poteet, 2007).  

Most of NLP tasks and research are focusing on low-level linguistics such as part-of-speech 
tagging (POS, marking text for nouns, adjectives, verbs etc.), syntax structure and co-
reference resolution (Shutova, 2010). However, research on NLP has transitioned from 
hand-coded rules based on knowledge to statistical probability computation with the 
purpose of predicting language characteristics in target text (Nadkarni et al., 2011). Meaning, 
instead of setting up rules for how to interpret text, statistical NLP uses example data to 
“learn” natural language characteristics. 

2.2 Corpus 
Corpora are large sets of structured texts for the purpose of computational language related 
research. The text can be parsed (labelled) for contextual tags e.g. part-of-speech (POS), 
where words are categorised by their grammatical category (Vlachos, 2011). Corpora are 
specifically constructed for, but not limited to, the targeted research area e.g. metaphor 
identification (Mason, 2004), humour recognition (Mihalcea and Pulman, 2007), satire 
detection (Burfoot and Baldwin, 2009), irony detection (Reyes et al., 2012) or identifying 
ambiguity in word sense (Hashimoto and Kawahara, 2008). 

2.3 Machine Learning 
Research progress in machine learning has made it possible to accurately process large 
amounts of semantic and lexical corpora for lexical, domain and relational information in 
order to construct data-driven prediction models for NLP. As a result, more and more 
experimental research has been conducted on statistical NLP methods for identifying 
sarcasm (Liebrecht et al., 2013), irony (Buschmeier et al., 2014) and cultural semantics of 
natural language such as metaphors (Mason, 2004) and idioms (Hashimoto and Kawahara, 
2008). 

Machine learning derives from artificial intelligence using statistical pattern recognition and 
learning theory to make predictions from processed or un-processed data i.e. parsed 
datasets. It is commonly used in everyday web applications such as search engines and 
recommendation functionality (Segaran, 2007). The use stretches from online marketing, 
email spam filters and credit card fraud detection to data mining and the mapping of the 
human genome (Witten and Frank, 2005, pp 21-28).  

The main objective of machine learning is to “generalize beyond the examples in the training 
set” (Domingos, 2012) using learning datasets to teach computers to predict outcomes in 
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future data. Machine learning is used as a cost-effective alternative to hard-coding every 
single outcome of a given situation.  

In NLP, two types of machine learning are prominently used: supervised and unsupervised. 

• Supervised machine learning (or classification) has a known output (target) 
and uses labelled (manually or automatically annotated data marked for textual, 
categorical, and numerical definition) data for training prediction on unlabelled data. 
In NLP supervised machine learning uses semantic and grammar labelling to 
generalize input data to predict known output (target) data e.g. identifying literal and 
non-literal use of words in plain text and outputs quantifiable data (Ceri et al., 
2013a). 

• Unsupervised machine learning (or clustering) is looking for patterns in 
unlabelled data. The goal of the unsupervised method is to explore unlabelled data to 
identify structure. As a NLP method, unsupervised machine learning uses unlabelled 
data which has great performance and economic advantages because of the 
oversufficient supply of digital text data and the inessential need for labelling (Ceri et 
al., 2013a). There is a problem with unsupervised machine learning in relation to 
experimental research. The strength of unsupervised machine learning is also its 
biggest weakness. Since there is no labelling of input data, output becomes difficult to 
quantify, making research results hard or cumbersome to evaluate (Vlachos, 2011). 

2.3.1 Support Vector Machine (SVM) 
SVM is a supervised binary classifier machine learning method for identifying optimal 
hyperplane with maximum margin from positive and negative learning data. Simply put: 
identifying the maximum distance between two binary classifications and constructing a 
clear difference from otherwise incomprehensible data.  SVM’s ability to perform well in 
high dimensional generalization, robustness for reliable performance and automatic 
parameter settings capabilities (Joachims, 1998) makes it suitable for NLP and have been 
applied on resent research with good results (Bracewell et al., 2014; Burfoot and Baldwin, 
2009; Buschmeier et al., 2014; Kiddon and Brun, 2011; Mihalcea and Strapparava, 2005). 

2.3.2 Naïve Bayes  
Naïve Bayes (NB) is a supervised pattern classification model using labelled data for binary 
prediction. The algorithm assumes featured data is independent (unrelated) in relation to 
other featured data (Mitchell, 1997a), hence the name Naïve Bayes. For example: A car can 
move, stop and honk its horn. But the probability, according to NB, of the next object being a 
car is not calculated based on the three attributes together but is separated and evaluated 
individually.  The model is commonly used in spam filtering and document classification.  

2.3.3 k-Nearest Neighbour 
The k-nearest neighbour (KNN) classifier algorithm is one of the most basic machine 
learning algorithms available. It is a supervised learning classifier using positive and 
negative learning data to predict data. However, what differentiates the algorithm from 
previous examples is its instance-based classification prediction (Mitchell, 1997b). Put 
simply: KNN determines, based on positive and negative learning datasets, what closest 
training example resembles the unclassified data. Which means KNN does not create a 
hypothesis object from training examples to use on future data, but makes new calculations 
for each prediction. 
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2.4 Metaphor Identification  
Metaphors play a significant role in vocal and textual communication. As semantic imagery: 
the use of metaphors demands a circumstantial understanding of context, culture and 
language. The human mind uses knowledge and experience to instantly compile an 
automatic interpretation of metaphors. For a computer to recognise and identify metaphors 
the same high-level compilation of data would need to be implemented. However, most of 
todays metaphor identification models focuses on more low-level semantics in corpus 
resources (Shutova, 2010). 

The task of automatic metaphor processing can be split into metaphor recognition and 
metaphor interpretation (Shutova et al., 2010). Metaphor identification differentiates 
between literal and non-literal use e.g. the CorMet system (Mason, 2004). The system spots 
semantic mappings between concepts by identifying “variations in domain-specific 
selectional preferences, which are inferred from large, dynamically mined Internet corpora”. 
Meaning, by comparing datasets from two different domains (context of the origin of the 
data), the literal and non-literal use of a word can be derived from context.  
Metaphor interpretation identifies the intended use e.g. (Shutova, 2010). Shutova’s approach 
translates metaphorical expressions into literal paraphrases.  

Early work on metaphor identification primarily focuses on task-specific hand-coded 
knowledge of the metaphor phenomenon like the Met method (Fass, 1991). As a result from 
technological progress in NLP, the approach have given way for corpus-based statistical 
pattern recognition methods (Shutova, 2010) e.g. machine learning. Beneficiaries of such 
robust NLP development involves machine translation, sentiment analysis and text 
classification.  

2.5 Computational Humor 
Applications of computational humour has been identified in the areas of advertisement, e-
commerce, general computer-mediated communication, natural language interfaces, 
educational and edutainment systems (Strapparava et al., 2011). Metaphor identification, as 
a branch of NLP, which in humor recognition is the predominantly used method, identifies 
semantic tasks within NLP, data mining, social science and educational applications as 
possible candidates for practical use (Shutova, 2015). Computational humor generation and 
recognition has also been identified having possible applications in game development 
(Claire, 2015). 

Computational humor identification branches NLP using predicting statistical machine 
learning methods. Previous research has constructed algorithms extinguishing humorous 
text from non-humorous text (Mihalcea and Strapparava, 2005), expert-driven lexicon-
syntactic patterns utilizing an SVM classifier (Bracewell et al., 2014) and from humor 
theories, linguistic norms, and affective dimensions: recognize humor features in Twitter 
comments (Zhang and Liu, 2014).  

Since humor is not yet fully understood, the dimensions needed to generate and recognize 
humor in text and speech has not yet been identified. The methods used for developing and 
evaluating computational humor are not based on humor as a whole but on a small scope of 
a precise problem: “we develop and test models for each of the components, and the results 
tell us something about the particular component of sense of humor (but not about the sense 
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of humor per se)” (Ruch, 1996). Ruch does not address computation humor recognition with 
machine learning methods specifically, but addresses the problem of measuring humor itself 
in any statistical or mathematical meaning. 

2.6 Double Entendre joke recognition or “That’s what she said” 
Kiddon and Brun (2011) defines the joke “That’s what she said” (TWSS) as:  

“A double entendre, or adianoeta, is an expression that can be understood in two different 
ways: an innocuous, straightforward way, given the context, and a risque way that 
indirectly alludes to a different, indecent context.“ 

The unintentional aspect of TWSS is an interesting NLP problem, as the approach has to 
take into account the absent context of the joke. The double entendre nature of TWSS is not 
an intentional joke but a sentence or situation that can, being brought out of context, be 
interpreted as a sexual joke. E.g. if Linda asks her friend in class "Why do I always get the 
hard ones?" the friend then responds “That’s what she said” transforming the question into 
an indecent double entendre joke. In a sense, computationally identifying double entendre 
jokes are both humor generating and recognition. 

According to Kiddon and Brun (2011), TWSS, in relation to machine learning, is a metaphor 
identification problem. In their work on computation recognition of TWSS-jokes in natural 
text they incorporate metaphor identification techniques in the method Double Entendre via 
Noun Transfer (DEviaNT). 

Additional, non-scientific, attempts to develop machine learning TWSS-joke identifiers have 
been initiated: Rapp (2014) and VandenBos (2011). Both implementations incorporate the 
NB classifier but are implemented with different languages, JavaScript and Ruby. Even 
though the authors of these prototypes encourage real-world applications using these 
methods, no applications have yet been developed. A edited version of the VandenBos (2011) 
is mentioned and used by Kiddon and Brun (2011) as baseline. 

2.6.1 The Double Entendre via Noun Transfer (DEviaNT) 
DEviaNT is a supervised metaphor recognition approach. It recognizes the structure of a 
TWSS-joke in two aspects: (1) TWSS is more likely to contain nouns that are euphemisms of 
sexually explicit nouns i.e. shaft can be a euphemism of the male genitalia. (2) TWSSs share 
sentence structure of the erotic domain i.e. [subject] stuck [object] in or [subject] could eat 
[object] all day (Kiddon and Brun, 2011).   

Kiddon and Brun (2011) argue the importance of precision over recall in the instance of the 
TWSS domain. Precision and recall are pattern recognition analysis values, used for 
evaluating algorithm output results. For example, if a query returns 100 search results of 
which 20 are relevant, the precision of the search algorithm would be 20/100. If the same 
query missed an additional 40 relevant search results the recall would be 20/140 (Witten 
and Frank, 2005). Meaning, precision is the ratio of how useful the result is, recall is the 
ratio of the completeness of the result. Since the quality of a joke is more important than the 
quantity and the preeminent number of non-TWSS sentences, a lower level of recall was 
deemed acceptable if not necessary.  
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DEviaNT uses a two-part evaluation calculating the probability of a sentence being eligible as 
a TWSS-joke. (1) For identifying potential erotic domain mappings of a sentence, the 
DEviaNT algorithm uses two corpora: the Brown corpus (Francis and Kucera, 1979) for non-
erotic sentences and 1.5 million sentences from textfiles.com/sex/EROTICA for the erotic 
corpus. Both datasets parsed with Stanford Parser (Toutanova et al., 2003; Toutanova and 
Manning, 2000), a natural language parser labeling text with relevant contextual definitions. 
(2) Classifying positive and negative datasets as training data with 2001 TWSS-joke 
sentences and 2001 sentences from non-TWSS sentences. Meaning, presenting the 
algorithm with sentences defined as TWSS-jokes and sentences defined as not TWSS-jokes, 
teaching the algorithm to statistically distinguishing between the two. 

262 TWSS-jokes (not present in the training data) was mixed in with 20,700 non-TWSS 
sentences as test data for evaluating precision of the implementation. DEviaNT returned 28 
sentences as identified TWSS-jokes of which 22 where true positives. 

DEviaNT was implemented in the WEKA machine learning software using its pre-existing 
algorithms, tools and analysis properties. WEKA is an open source JAVA based software, 
licensed under the GNU General Public License. It is a widely used machine learning 
workbench application with a graphical user interface (GUI) designed to construct and 
analyse machine learning algorithms. 
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3 Problem 
As NLP and semantic meaning recognition continues making progress, there is still a lack of 
implemented real world applications (Shutova, 2015). NLP in relation to metaphor 
identification has made significant advancements in recent years, moving from hand-coded 
knowledge to data-driven approaches, as experiments with promising results encourage the 
development of practical solutions using metaphor processing.  

Computational humor recognition and generating is still handicapped by the lack of 
understanding of humor as a cognitive phenomenon. Thus the methods used in testing and 
evaluating these tasks are designed to address a limited dimension of human humor (Ruch, 
1996). 

DEviaNT is a SVM, metaphor identification approach addressing the classification of double 
entendre according to euphemisms and common sentence structure from unrelated 
domains. Kiddon and Brun (2011) managed to identify “That’s what she said” jokes to a 
precision of 71.4% (78.6% if including sentences not predefined as TWSS-jokes during 
testing) using an expert selected array of 174 sexual and body related nouns, 2001 TWSS-
jokes and a corpus assembled from erotic texts. While the results from this research shows 
promise in terms of possible real-world application, the evaluation of the method was done 
using already humorous, user submitted text from textsfromlastnight.com and 
fmylife.com/intimacy.  

DEviaNT was evaluated to compete with other machine learning methods but not 
outperform (Kiddon and Brun, 2011). Meaning, the algorithm was designed to favor 
precision over recall, not the harmonic mean between the two (F-measure), since precision 
and recall can be considered having competing objectives (Ceri et al., 2013b). As humor is 
not measurable in quantity but rather quality: “DEviaNT can compete with the baselines, 
particularly where it matters most, delivering high precision and few false positives” (Kiddon 
and Brun, 2011). While the DEviaNT approach was optimized for precision in order to 
supply not quantity but quality of jokes, the evaluation of performance was evaluated by an 
undefined set of judges and a set of preexisting true positives mixed in with a negative 
dataset of natural language text. Addressing the combination of the undefined test 
evaluation process of the identified TWSS-jokes and test dataset of a collection of witty or 
funny, user submitted comments; a level of uncertainty and problem with replication can be 
argued. 

Taking identified examples of computational metaphor identification and humor recognition 
research into account when considering the conclusions of Shutova (2015) in regards to lack 
of real-world application, it reveals a pattern of consistent progress of both fields but no 
pragmatic results in form of implementations. The DEviaNT (Kiddon and Brun, 2011) 
method revels promising results but only analyze its output with preexisting jokes. The 
experiment also tests its algorithm hypotheses on known TWSS’s mixed in with negative test 
data. 
Double intender joke recognition using classification algorithms have undergone 
experimentation in order to evaluate precision revealing it can make distinctions between 
TWSS sentences and non-TWSS sentences in a controlled experiment environment. 
However, the conducted experiments inhibit evaluation of real-world applicability.  
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3.1 Goal 
The goal of this research is to evaluate human-computer interaction in terms of 
computational humor recognition of double entendre jokes with context-relevant test 
datasets. Using existing machine learning tools, NB and KNN, for humor recognition to 
evaluate if humans can recognize computer identified jokes as jokes. In order to reach a 
conclusion the following question need to be resolved: 

Research question: How well suited supervised machine learning classification 
algorithms are for double entendre joke recognition for real-world application use? 

To derive an answer to this question 5 components need to be addressed: 

1. Collect and process datasets and corpora for implementation with algorithms 
2. Implement and execute algorithms in test environment 
3. Evaluate optimal data parameters by populating test data with positive TWSS 

examples. 
4. Test algorithm output on selected judges using optimal dataset parameters. 
5. Analyse results gathered from testing  

3.2 Hypothesis  
The hypotheses of this study argue that through human judgment of algorithm performance 
of double entendre humor recognition (TWSS) using k-nearest neighbour and naïve bayes 
text classification methods, possibility of real-world applicability can be evaluated and 
concluded. 
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4 Method 
In this experiment supervised text classification algorithms, k-Nearest Neighbour (KNN) 
and Naïve Bayes (NB), will be implemented and tested to identify double entendre jokes in 
natural language text. The jokes identified by the algorithm will be presented to a 
anonymous jury of 20 undergraduate students for joke quality evaluation on a five level scale 
(ranging from not funny to very funny) of amusement similar to the HAHAcronym joke 
generator evaluation (Stock and Strapparava, 2005).  

Learning corpora will be collected to model the study by Kiddon and Brun (2011). The 
datasets described in their study involves positive and negative learning corpora applicable 
in document classification. However, test corpus used for identifying TWSS-jokes for human 
evaluation will not, as used in Kiddon and Brun (2011), be supplied with identified jokes 
since the purpose of this experiment is not to evaluate precision of the algorithm but rather 
the applicability for real-world applications. Instead an additional evaluation process using 
different size datasets for positive and negative training corpora, different size sentences for 
test corpora and different domains for test corpora will be used to identify known TWSS-
jokes and evaluate optimal parameter settings. Previous research using known jokes in test 
dataset includes Kiddon and Brun (2011), Taylor and Mazlack (2004) and Mihalcea and 
Strapparava (2005). 

The approach is an experimental quantitative method, measuring the quality of the 
algorithms by the amount of correctly identified TWSS-jokes within a dataset of non-erotic 
text. The TWSS-jokes identified by the algorithms (independent variables) needs to be 
heuristically identified as true positives or false positives on a 5 level scale (ranging from not 
funny to very funny). Subjective judgement of the output (dependent variable) will give 
insight if the algorithms approach in automatic humor identification, based on statistical 
pattern recognition, can adequately, for humans, identify double entendre jokes with an 
added sexual context.  

The implementation and execution of the algorithms will be based on the node.js project by 
Daniel Rapp (2014). Exchanging his learning datasets with the replicated DEviaNT corpora 
(Kiddon and Brun, 2011).  

As an alternative to experiment, a case study could be possible to reach a conclusion on the 
hypotheses. As the case study investigate the algorithms in their intended real-world context 
(Wohlin et al., 2012) it would more accurately provide answers to the research question. 
However, experiment in relation to a case study awards the experiment a much more 
controlled test environment where all identified attributes of the study can be controlled or 
at least addressed. It would possibly also add a level of bias and legal complications due to a 
case study would most likely demand cooperation with a company or organisation. 

In addition to new negative learning corpus and test corpora the algorithms will be trained 
and tested using different combinations of the datasets in order to mirror the setup of 
Kiddon and Brun (2011) using the same domain in test dataset as negative learning corpus. 
From the positive test corpus: 20 TWSS-jokes will be extracted and used to populate test 
corpus in order to evaluate optimal parameter use. And for further evaluation tools of 
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optimal parameters, results from sentence length (50, 75 and 100 characters in test corpus) 
and learning corpora size (100, 1000 and 2000 sentences) will be analysed. 

4.1 Systematic Literature Review 
For gathering information about computational humor a systematic literature review (SLR) 
based on an initial set of database gathered papers using search queries (see Appendix A) 
and then branching from those relevant papers with backward and forward snowballing. 
Inclusion and exclusion criteria were defined for scoping and evaluation purposes (see 
Appendix A). The method has shown promising results based on time effectiveness, limited 
noise, less bias as a result of previous experience within the field and also to understand and 
perform (Jalali and Wohlin, 2012). However, if papers are not referenced in snowballed 
papers, same authors and papers with titles or keywords not identified as relevant for the 
paper, they might inadvertently be overlooked. 

A problem identified during the SLR was the lack of arguments and explanations in research 
papers regarding the use of experiment methods, choice of tools and approaches and 
explanations of tools and concepts. Additional querying to find definition of concepts, 
methods and tools, beyond snowballing, was necessary in the cases of Natural Language 
Processing, corpus, supervised and unsupervised machine learning, k-Nearest Neighbour 
and Naïve Bayes. 

4.2 Disadvantages with the method  
Previously addressed, the problem with humour identification is the subjectively evaluated 
quality of a joke. As the computer cannot distinguish between true positive jokes from false 
positive, an expert must make the distinction. This adds to a level of bias making quantified 
evaluation of computational humor recognition algorithms eligible for criticism. Although, 
the nature of human computer interaction in relation to computation humour can never 
become completely objective since not all jokes are recognized as humour or even funny. In 
response to this, previous evaluation techniques will be supplemented with judges, 
appointed to evaluate joke quality on a five level scale (ranging from not funny to very 
funny) previously used when evaluating the HAHAcronym generator (Stock and 
Strapparava, 2005). 

4.3 Evaluation  
The collected corpora will be used on both algorithms for reliable parameter evaluation. In 
order for reliable evaluation of the performance of the methods, consistent datasets needs to 
be processed for all algorithms. 

This work will follow the evaluation process of Strapparava and Stock's (2002) 
HAHAcronym generator using 20 judges, a 5 level scale (not funny to very funny) and a 
threshold set to 60% of jokes exceeding 55/100 (20 judges and a 5 level scale gives a 
maximum score of 100). The number of jokes chosen for evaluation in Strapparava and 
Stock’s work is set to 40. For obvious reasons the number of sentences for this work cannot 
be preset since the two algorithms will probably be identifying arrays of sentences differing 
in content and size. However, given a large enough test corpus, both algorithms will generate 
enough output for randomly selecting equal quantities of sentences. 



 11 

Following the result evaluation of the HAHAcronym joke generator Strapparava and Stock 
(2002) by using judges, level scale and threshold, a real-world application suitability of KNN 
and NB text classification can be determined while at the same time allowing for replication 
of double entendre joke recognition experiments. 

4.4 Research ethics  
Datasets in form of corpora are all collected from institutions and previous NLP research. In 
response to the arguments of Shutova (2015) concerning the unifying dataset use in NLP 
research, corpora used in previous work are exclusively employed, avoiding result anomalies, 
privacy concerns and condition future replication. 

Open source software for algorithm evaluation and testing are exclusively used avoiding bias 
affiliation concerns towards any company or organisation. 

No hardware or software specific dependencies, restricts the replication of this study. The 
outcome of testing the algorithms cannot be related to hardware performance issues or 
software related specifications. All non-referenced implementations and test results are 
developed and generated by this study.  

Replication of this study is not restricted to node.js and JavaScript as implementation API 
and language. The use of node.js is based on the experiments choice of Daniel Rapps (2014) 
TWSS implementation and can be changes depending on platform specifics. 

The survey used for human evaluating of the algorithm output does not inquire any personal 
information and all input from the judges are binary checkboxes on a five level scale. Users 
are also able to terminate survey at any given time without any data being saved. 

Addressing the issue of using a small number of individuals can be argued to limit the 
credibility of this study. Optimal testing would involve a much larger number of 
heterogeneous individuals for more accurate statistical results. It can be argued the testing 
can only make conclusions on students of a specific location and cannot make assumptions 
on the general public. However, responding to this will either transfer the quantitative 
measurement of algorithm performance to simple true and false measurements of known 
examples or demand more time and resources not available at this time. Therefor a previous 
evaluation method for humor generation, successfully used by Strapparava et al. (2011), will 
be modelled.  
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5 Implementation 

5.1 Literature Study  
In order to implement a test environment relevant for the double entendre joke recognition 
testing in the context of applicability, an availability approach was chosen. Using open 
source software and programing platforms in order to maintain integrity (for replication and 
affiliation purposes) of test and ensure an active community for support on development 
difficulties. Also making the survey available online for better user accessibility. 

Node.js was chosen due to the twss.js project (Rapp, 2014) and its already finished 
application backend implementation. Node.js is a popular and easy-to-use server-side 
JavaScript environment (McCune, 2011) based on Googles V8 engine (“Chrome V8,” n.d.). In 
the context of this study the choice of language or development environment is irrelevant 
due to the test evaluation only consider quality of output and not its process. However, a 
study by Chaniotis et al. (2014) concludes end-to-end JavaScript web application 
development to be “highly advisable” due to programing language consistency use. The open 
source library of available resources and active development community for development 
support also argues for the use of Node.js. 

For the online survey environment a combination of front-end JavaScript and back-end 
PHP/MySQL was used. PHP is an open-source server side programing language, which has 
integrated support for connection and security in combination with the open-source 
relational MySQL database. 

Learning corpora for the algorithms model those collected by Kiddon and Brun (2011). 
Positive training data consist of 2218 TWSS-jokes from twssstories.com and 3000 (although 
only using 2218) sentences for negative training data from the fmylife.com. Both datasets are 
user submitted text-messages extracted from respective sites and structured as two-
dimensional JavaScript array datasets to comply with the twss.js (Rapp, 2014) 
implementation. 

Test corpus has been chosen based on the context of which double entendre jokes are found. 
According to Kiddon and Brun (2011) TWSS-jokes are rare but does not specify in what 
domain they can be predominantly found. However, after analyzing 100 TWSS-jokes in the 
positive training data acquired from twssstories.com all jokes derived from person-person. 
This is also strengthened by the double entendre joke definition in Kiddon and Bruns (2011) 
study. Therefor the EnronSent corpus was chosen for its design towards use in corpus 
linguistics and natural language analysis (Styler, 2011). The corpus also satisfies the goal of 
universal use of resources in natural language processing identified by Shutova (2015). 
Additional 10000 sentences from fmylife.com were collected to mirror the email test corpus 
for test evaluating same domain for negative learning and test corpus.  

5.2 Pilot Study 
 A pilot study was performed on the naïve bayes classifier with native positive and negative 
datasets supplied in the original implementation with no modifications made to change 
algorithm hypothesis. Running the trained algorithm on the EnronSent corpus and 
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extracting 20 randomly identified TWSS-jokes for evaluation on the implemented online 
survey.  

The online survey was taken using only 20 TWSS-jokes asking the participants to rate the 
joke on a 5 level scale.  

 
Figure 1. Survey instructions 

 
Figure 2. Example of two survey queries 

A group of 5 people was asked to take the pilot test resulting in discouraging results. As the 
threshold for a successful joke needed to score 55/100 on 60% of the jokes with 20 
participants, the pilot study needed to score an average of 13/25 on 60% of the jokes. Of the 
20 jokes evaluated only 2 jokes scored higher than 13/25 and a vast majority scoring 5/25 
(the lowest possible score) giving the NB classifier a 10% success rate, well below the set 
threshold. 

5.2.1 Pilot Study Conclusion 
Based on the poor results from this pilot study further emphasis on evaluating algorithm 
parameters and also investigating survey results on a much more detailed level was needed. 
The pilot study implementation summed up all results for each joke and presented it as a 
static variable. This prohibited analysis of trends and statistical anomalies. Final 
implementation separated each test and its results to aid in analysis of algorithm 
performance Corpora collection. 

Collecting positive and negative datasets for use in training NB and KNN classifiers were 
conducted using robust front-end JavaScript with the Firefox add-on Greasemonkey. 
Greasemonkey is a user script manager giving users easy access to modify and add 
JavaScript code to client side websites. 
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Two separate scripts, see Appendix B, were implemented for Twssstories.com and 
fmylife.com to collect all user submitted posts due to bootstrapping solutions not working on 
inconsistent XPath and DOM. At the time of this study twssstories.com had a collection of 
2218 TWSS-jokes. fmylife.com has a much larger library of posts but only 3000 were 
collected since classifier-training uses equal size datasets. Both datasets was checked for 
duplicates. Length of sentences was restricted to filter out posts not using punctuation by 
overlooking sentences with more characters than 100. 

Test corpus was prepared by splitting parts of the EnronSent corpus (Styler, 2011) into 
sentences. Only 1 of 44 parts of the EnronSent corpus was used due to adequate output 
quantity from hypothesis. Same process of restrictions based on sentence character length 
was used in this process to remove non-punctuation use in sentences. 14000 sentences 
remained. 

No parsers was needed in order to mark-up corpora with grammatical or structural 
information since Rapps (2014) implementation does not support spelling or grammatical 
processing. The algorithms are in their original form naive in the sense they do not account 
for misspelled words in any way but the way training data is spelling. However, the training 
data is user submitted posts not checked for spelling and thus contains numerous 
grammatical and spelling errors, which effect the algorithm hypotheses, i.e. the algorithm 
doesn’t learn to spell but it learns the string of characters feed to it by the learning corpora 
and identified double entendre jokes by these properties. 

5.3 Classifiers 

5.3.1 Naïve Bayes and k-Nearest Neighbour 
Daniel Rapps (2014) twss.js implementation is based on two algorithms: NB and KNN. 

The node.js implementation is a CLI application using a joke recognition object which 
analyses input sentences with either a binary true false or a real value output. Twss.js works 
by creating a algorithm hypothesis object, for the NB algorithm, based on the learning 
corpora and accepts string arguments, preferably a natural sentence, for prediction 
calculation of its containing words. The KNN algorithm does not have hypotheses so new 
calculations using positive and negative training data is performed for each query. 

 
Figure 3. Instructions from Twss.js project page on Github.com (Rapp, 2014) 

This functionality worked well as a base for execution since adding support for test corpus 
processing is very simple. Adding functionality to process test corpus, convert array to JSON 
and writing to file for use on the online web based survey. 

The implementation has a number of settings to optimize algorithm prediction.  
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• N-gram setting for number of words in prediction calculation. This setting changes 
how many words the algorithm accounts for when calculating predictions when 
evaluating test sentences. The n-gram variable is set to the vanilla setting of Twss.js, 
which is 1. 

• A threshold value (0-1) to set what probability a sentence needs to accomplice for a 
positive prediction i.e. if set to 0.7 only sentences predicted to 0.7 and above are 
returned as TWSSs. 

• Training size for setting size of positive and negative training datasets. This was 
originally set to 1900 but was changed for this implementation since a larger positive 
corpus was used.  

5.4 Online Survey  
The online survey platform for this study was built using the mobile first front-end 
framework Bootstrap, the asynchronous JavaScript client-side data retrieval technique AJAX 
for front-end development and PHP and MySQL for server-side functionality and database 
management.  

Bootstrap was chosen for its simple mobile-first, out of the box framework for responsive 
web design capabilities. As the survey will take place online it is vital to work and be 
optimally presented on each screen size for user to easily perform the survey on multiple 
devices.  

In order to secure survey integrity a key-based system for the survey was implemented based 
on a user login and registration script by Khodke (2015). Each user asked to take the test was 
given a 5-character key to ensure controlled set individuals taking the survey. Survey keys 
were distributed at random. The key also allow for session validation to further ensure only 
one user is using survey key and not corrupting data collection through faulty data.  

 
Figure 4. Key enter screen 

Once a survey key has been used it is locked for that session and will be released if the survey 
is not finished within a time window or user deliberately end survey. When survey is 
finished, that key cannot be reused. Collected data are stored in a relational MySQL 
database.  
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6 Evaluation 

6.1 The Study 
The experiment was conducted in two consecutive parts. The first part of the experiment was 
designed to identify optimal algorithm parameters for joke recognition and using these 
parameters for generating survey datasets in the second part.  

6.1.1 Part 1: Algorithm parameter evaluation 
A number of parameter combinations were tested to identify the optimal settings for each 
algorithm: Sentence length, training size and test corpus domain. Sentence length evaluates 
if an increasing number of characters in sentences affects the algorithms performance. 
Training size determines if the algorithms are dependent of large size corpora in order to 
identify jokes or if a smaller training size could be viable when identifying double entendre 
jokes. Two separate test corpora are tested in order to determine if the test corpus can be 
originating from a different domain than the negative training corpus. 

20 random jokes from the positive training corpus were extracted to populate the test 
corpora with true positives. An array of tests (see Chart 1) was performed for each of the 
two algorithms. 

Sentence length Training size Test Corpus 

50 100 FML 

75 100 FML 

100 100 FML 

50 1000 FML 

75 1000 FML 

100 1000 FML 

50 2000 FML 

75 2000 FML 

100 2000 FML 

50 100 EMAIL 

75 100 EMAIL 

100 100 EMAIL 

50 1000 EMAIL 

75 1000 EMAIL 

100 1000 EMAIL 

50 2000 EMAIL 

75 2000 EMAIL 

100 2000 EMAIL 

Chart 1. Parameter array for NB and KNN classifier tests. Each row represents the 
parameter settings for the test. Each Set of parameters was performed for each of the two 

algorithms. 

Collected data calculated precision and recall of the two algorithm outputs for each of the 36 
separate tests (see Appendix D for full test results).  
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Figure 5. Naïve Bayes results from tests with Email corpus and FML as negative training 

corpus. Separate domain for training and testing. Blue bars show known TWSS jokes 
identified by the algorithm, red bars show possible TWSS jokes recognised by the algorithm. 

 
Figure 6. Naïve Bayes results from tests with FML corpus and FML as negative training 

corpus. Identical domain for training and testing. Blue bars show known TWSS jokes 
identified by the algorithm, red bars show possible TWSS jokes recognised by the algorithm. 
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Figure 7. Comparison chart of precision and recall for the NB classifier. Blue bars show 

algorithm precision level while red bar show algorithm recall. F-measure not calculated due 
to precision and recall proximity. 

For the NB algorithm an unequivocal difference between the two test corpora shows a 
significant decrease of accuracy when using separate domains. As for the KNN classifier the 
differences were not as vast but still showed the same separation in recall as the NB 
classifier. 

Figure 8. K-Nearest Neighbour results from tests with Email corpus and FML as negative 
training corpus. Separate domain for training and testing. Blue bars show known TWSS 
jokes identified by the algorithm, red bars show possible TWSS jokes recognised by the 

algorithm. 
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Figure 9. K-Nearest Neighbour results from tests with FML corpus and FML as negative 
training corpus. Identical domain for training and testing. Blue bars show known TWSS 
jokes identified by the algorithm, red bars show possible TWSS jokes recognised by the 

algorithm. 

 
Figure 10. Comparison chart of precision and recall for the KNN classifier. Blue bars show 
algorithm precision level while red bar show algorithm recall. F-measure not calculated due 

to precision and recall proximity. 

When running the KNN classifier algorithm a clear disadvantage of the implementation was 
discovered as the runtime of the tests was severely affected by the lack of a precalculated 
hypothesis object. Every sentence had to be recalculated using the two training corpora 
resulting in a very long testing session for the KNN classifier. Runtime of the algorithms are 
out of scope for this study but can be a critical characteristic when evaluating the KNN 
algorithm for real world applicability concerning any NLP task. 

Evaluation of the two algorithms was made very simple as the precision and recall 
calculations was almost equal for all parameter variations. Not surprisingly: the largest 
training size proved to be the most optimal, indicating the corpora size is vital for NB and 
KNN accuracy performance. Sentence length showed different types of results depending on 



 20 

the domain of test corpus while the algorithms show better results if using test corpus 
domain correlating with learning corpus domain. As a result both algorithms argue for the 
same setup of parameters: 100 characters, maximum trainings size and same corpora 
domain for training as testing. 

 
Figure 11. Optimal test results for naïve Bayes and k-Nearest Neighbour classifiers. Green 

bars show algorithm precision level while red bar show algorithm recall. 

6.1.2 Part 2: Online survey 
Using the optimal settings for the algorithms, a set of 80 (See Appendix E for list of 
selected TWSS jokes for survey) randomly recognised jokes (40 from NB and 40 from KNN) 
from the FML test corpus was selected to populate the online survey. In response to the very 
long runtime of the KNN classifier a much smaller test dataset was chosen due to the 45% 
output ratio of the test corpus. KNN was supplied with 1/10 of the FML test corpus and 
returned 446 sentences recognised as TWSS jokes. NB supplied with the full test corpus of 
10000 sentences returned 658 recognised jokes.  

60 individuals were asked to fill out the survey and it was closed after 20 participants had 
finished. The large number of respondents was due to not all individuals can be expected to 
finish, remember or even have time to fill out the survey. It is also believed that the larger 
number of distributed survey keys strengthen the anonymity of the survey, since survey keys 
are not linked to answers but saved separately in the database. 
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Figure 12. Survey results of the NBC recognised jokes indicated by funniness of jokes, 
separated by colour for each of the 20 survey instances. Results show a clear distinction from 
not funny jokes and jokes found funny by some participants. Also, one joke was found funny 
by all participants 

 
Figure 13. Survey results of the KNN recognised jokes indicated by funniness of jokes, 
separated by colour for each survey instance. Similar to the NB classifier the KNN show a 
clear distinction between not funny jokes and jokes found funny by some. 
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The survey data shows a number of distinct points of interest in the collected data: 

• Both algorithms show a distinct gap between somewhat funny and not funny 
sentences when illustrating a significant jump from very low scores, from practically 
all survey participants, to a low, but still significantly higher, score. 

• Two of the survey participants show a pattern of very low scores for most of the jokes 
(See Appendix C for survey results grid).  

• 4 of the KNN jokes received the lowest possible score of 20 points indicating none of 
the participants found the sentences funny. 

6.2 Analysis 
As Figure 5 and 6 is indicating, the use of same domain of test corpus enhances recall of 
the NB algorithm significantly. The reason for this is the NB classifier hypothesis was trained 
to not identify FML sentences as TWSS jokes, significantly lowering recall.  

Results also indicate the algorithm precision being dependent on training size as correctly 
identified TWSS jokes increases with data volume. However, as is realized by Mihalcea and 
Strapparava (2005) in their study, the increase of accuracy decreases after a certain number 
of training examples and can even decrease depending on corpus quality. A similar pattern 
can be found in these results. The increasing number of true positives identified by the NB 
algorithm is higher from 100 to 1000 than 1000 to 2000, indicating algorithm accuracy is 
not improving linearly with volume. 

KNN shows similar patterns in recall as NB but with less dramatic differences. The test using 
different domains for training and testing results in the algorithm identifying well above half 
of the sentences as jokes (which is a significantly high number of identified sentences 
concerning Kiddon and Brun (2011) defined TWSS jokes as very rare in their test corpus) 
and very little differences in both learning corpora size and sentence length (see Figure 8). 
KNN even shows a tendency to decrease in accuracy as learning size and sentence length 
increases. This could indicate the algorithm identifying several groups of high probability 
words in one sentence. This can also explain why separate domains on test and learning 
corpora show different patterns concerning increase and decrees in accuracy depending on 
sentence length (see Figure 8 and 5).  

When using same domain for training and learning corpora both algorithms show an 
increase in accuracy when testing longer sentences (see Figure 6 and 9). However, when 
performing tests with separate domains, the algorithms display a decrease in accuracy with 
both sentence length and learning size. When presenting the algorithms with a corpus 
domain not previously known to the algorithm, it can only incorporate the positive learning 
data in order to distinguish between joke and non-joke. As a result the prediction 
calculations only evaluates positive aspects of the sentence since it lack negative context. 

Both figure 12 and 13 show a significant gap between lower scoring jokes and the rest. An 
increase of the funniness score can clearly be seen from the lowest scoring jokes to the other 
sentences. Conclusions can be drawn to define these sentences as total mistakes done by the 
algorithms. By investigating the calculations predicting these sentences as jokes, a 
quantifiable pattern could be identified to exclude these sentences for future 
implementations.  
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When examining the individual test results two participants have awarded almost all jokes 
with very low scores. Reasons for this behaviour could be a lack of understanding of TWSS 
joke, simply not finding it funny or not taking the survey seriously. For whatever reason 
these two series differ by low scores, treating them as anomalies does not significantly alter 
the results of the survey. Only one more joke passes as funny according to threshold when 
recalculating.  

6.3 Conclusions 
This study concludes the use of NB and KNN classifiers in a robust implementation is not 
viable for real world application use. The evaluation of optimal parameters of the algorithms 
indicates these algorithms lack data volume for positive training (as a peak of the NB 
algorithm performance was not reached) and they are restricted to same domain as negative 
training corpus. The human survey showed promising results from the NB classifier but also 
a large number of sentences scoring very low, while the KNN classifier indicate an almost 
random pick of sentences when identifying almost half of the test sentences as jokes while 
scoring only 20% in the survey. 

The study raises questions regarding the use of negative training domain, as results indicate 
on algorithm parameter evaluation: the use of same domain for negative training data and 
test corpora significantly alters the algorithm output for both algorithms. And since the size 
of the TWSS joke corpus is limited to 2000+ training examples it can be difficult to 
accommodate a general use of the NB or KNN double entendre humor recognition 
classifiers. 

Similar behaviour as Mihalcea and Strapparavas (2005) test results regarding decreasing 
improvement with training size can be found in the NB classifier. Similar behaviour could be 
presumed for KNN as well but cannot be proven by performed tests since KNN identifies 
20/20 jokes after the first set of training size tests. 
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7 Concluding Remarks 

7.1 Summary 
 In this study previous procedures for evaluating computation humor and metaphor 
recognition methods are employed to evaluate optimal parameter settings for NB and KNN 
classifiers to identify jokes in natural text. These results are used to populate a survey 
evaluating the level funniness of each identified sentence. The goal was to more accurately 
explore the possibility of real world applicability of double entendre joke recognition 
methods. The results show the KNN classifier not suited for implementation in real world 
applications while the NB classifier presents a more encouraging result from the survey, yet 
not good enough for implementation in this form.  

7.2 Completion of goals 
By replicating previous test environments through similar corpora collection and test 
procedures in the 1st and 3rd component of this study, along with an available 
implementation of a TWSS jokes recognition method from the 2nd component, a reliable 
basis for parameter optimisation was concluded (see chapter 3.1 Goal). Using results from 
component 3, component 4 generated and evaluated a set of 80 TWSS jokes using a 
dedicated online survey. The 5th component uses the previous components to address the 
hypothesis and answer the research question regarding reliable evaluation or real world 
applicability of existing computation joke recognition methods. 

7.3 Discussion 
 Addressing the “elephant in the room”: none of the algorithms pass the threshold for this 
study to be suitable for real world applications. 20% of the KNN algorithm and 52.5% of NB 
sentences qualify as funny. Even though the NB classifier comes relatively close to the 60% 
threshold. However, the significant difference between identical and separate domain use of 
negative training data indicates the double entendre humor recognition methods are not 
robust enough to work in real world applications where input can not be restricted to the 
domain of the negative learning corpus. 

Results affected by sentence length can clearly be identified in test result data. However, no 
definite explanation to its behaviour can be made at this time. Sentence length has not 
previously been tested in any of the NLP papers found during this study. The theory of 
sentence length leading to increasing frequency of high probability words because of 
separate domain for test data needs further investigation and detailed knowledge of 
algorithm design to be validated. The test result data indicate domain and sentence size are 
together affecting algorithm output, but accurate reasons for this cannot be guaranteed at 
this point. 

The most interesting test results are the two gaps in both algorithm surveys. The gaps 
indicate a definite difference between not funny jokes and somewhat funny jokes. Should a 
correlation between the algorithms prediction calculations and the lowest scoring sentences 
be found, a significant improvement could be made to these implementations. 
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Realized after the tests were performed: mapping if participants have answered the survey in 
a certain way was not made possible. Mapping consecutive answers could not be mapped in 
post-testing. If participants decreased or increased there awarded scores over time in the 
survey, another tool to evaluate the results could have been used to further support 
conclusions. This should be considered if further research is performed using this survey 
evaluation process. 

Kiddon and Bruns (2011) study uses test corpus from an already humorous domain and was 
also used for negative training examples and test corpora in this study. It is unclear from the 
results from their study and this study if the use of the FML data set is responsible for a more 
accurate prediction calculation from the NB and KNN classifiers, or the use of identical 
domain for test and training corpora is responsible. 

7.4 Future Work 
The results from this study indicate both positive and negative aspects of double entendre 
joke recognition. Results from the NB classifier survey indicate users find many of the 
identified jokes as funny. Making improvements to the method could result in better 
accuracy. However, a problem with the negative training corpus was identified when 
significant differences in accuracy results were found when using separate domains for 
testing and negative training. This proves problematic when adding the low volume of 
available positive training examples. There is however two possible solutions for this 
problem, one of them identified in this study.  

1. Investigating characteristics of the lowest scoring jokes in the human survey to 
possibly quantify their accordance. If there is a correlation between the survey results 
and algorithm probability calculations of these sentences, an improvement to the 
method could be implemented. 

2. Kiddon and Brun's (2011) DEviaNT method uses a two-part classification algorithm 
where one part identifies the possibility of the sentence having sexual context and the 
other part using SVM classification with positive and negative learning examples. The 
second part of the method is a similar model of the NB classifier implementation in 
this study, but the first part could be the solution for the lack of trainings examples. 

If given more time to test additional parameter settings, further negative training corpus 
domains could be tested to validate the conclusion of algorithms dependencies on separate 
and identical domains for training and test corpora.  

Due to the nature of natural text, a number of misspelled words could presume populate all 
corpora. Since the algorithm is not trained to accommodate for misspelling an 
implementation using spell correction could be implemented in order to avoid multiple 
calculations for the same word and increase accuracy of the algorithms. 

Previous studies in the area of computational joke recognition attempts to produce methods 
to identify jokes in natural text e.g. Kiddon and Brun (2011) and Strapparava and Stock 
(2002). There have however not been any studies, found during this study, replicating or 
attempting to evaluate existing methods for real world applicability. This study attempts to 
address the shortage of evidence to support real world application of joke recognition 
methods by combing previous procedures. The DEviaNT joke recognition method showed a 
precision result of over 71.4%, while the best results in this study using similar test 
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procedures showed a precision of less than 23%, but when subjected to human evaluation 
the 20 survey participants found a majority of the identified jokes funny. Conclusions 
indicate further research should focus, as is mentioned by Shutova (2015), on evaluating 
existing methods for real world implementation rather than developing new methods. 
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Appendix A -  Search queries 
Search query strings used on Google Scholar for identifying initial research papers 

• “Machine learning” metaphor 
• "Machine learning" OR artificial metaphor "natural language" 
• +Humor computational recognition OR identification 
• +“Computational humor” ”machine learning” OR “natural language processing” 

OR NLP 

 

SLR Criteria  

Inclusion 
Books, papers, technical reports and grey literature describing empirical studies regarding 
the literal and nonliteral natural language processing (NLP) of humor and metaphor 
identification. 

Exclusion 
Studies that did not report empirical findings, did not contain natural language processing 
(NLP) aspects or was found irrelevant in regards to computer science. 
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Appendix B -  Dataset collection scripts 
JavaScript code used for collection and construction of learning and test corpora. The 
JavaScript code was executed using the Firefox add-on Greasemonkey. 
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Appendix C -  Survey results 
NB classifier results. Top row specifies test instance followed by awarded points for 

funniness (1 not funny and 5 very funny) for each of the 40 NB recognised jokes.  

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13 T14 T15 T16 T17 T18 T19 T20 

5	 5 5 5 3 4 5 3 5 5 4 5 4 4 5 5 5 5 4 5 

5	 4 4 1 5 5 5 5 4 1 3 3 5 5 5 5 5 5 5 4 

4	 3 4 5 4 5 5 5 4 4 3 4 4 3 5 4 4 4 4 4 

4	 5 5 1 4 4 5 4 4 1 4 3 4 4 5 5 4 4 5 4 

5	 5 4 5 3 3 1 3 4 1 5 5 4 4 5 4 5 4 5 3 

4	 2 5 4 3 5 5 5 3 1 5 4 4 5 4 4 1 5 1 5 

3	 5 4 5 5 1 5 5 5 4 5 1 5 1 5 5 1 3 4 2 

4	 2 5 1 3 3 3 5 3 5 3 4 4 2 5 4 5 5 3 3 

5	 4 1 4 4 3 4 5 4 1 3 1 4 4 5 4 4 4 4 3 

1	 4 3 1 3 5 1 3 5 1 5 5 1 3 4 5 5 5 5 4 

4	 5 1 1 4 4 3 1 1 1 3 3 4 5 5 3 4 4 4 5 

4	 3 3 1 3 2 3 4 3 4 5 3 4 4 2 3 2 5 5 2 

3	 2 5 4 3 4 3 3 4 1 2 4 5 4 3 3 2 4 2 4 

1	 3 4 3 4 5 2 4 4 2 4 1 4 2 5 4 1 5 4 1 

1	 5 4 1 3 1 4 4 4 1 1 5 4 3 4 4 5 3 4 1 

4	 1 5 1 5 4 4 4 1 1 5 2 5 4 3 2 1 1 4 4 

4	 2 1 1 1 5 1 5 4 1 3 5 5 2 1 5 1 5 4 4 

2	 1 4 1 5 1 5 3 1 1 3 5 3 3 4 3 4 3 3 5 

3	 3 3 1 1 3 4 3 1 1 5 4 1 4 5 5 1 5 1 5 

3	 5 3 4 5 2 2 1 2 1 5 2 3 3 5 5 2 2 2 1 

3	 5 4 1 2 1 5 3 3 1 3 3 1 3 5 4 2 3 5 1 

3	 3 5 1 2 1 1 4 5 1 5 1 2 3 1 3 4 2 2 1 

1	 2 2 1 2 1 2 5 1 2 4 4 2 3 1 5 4 1 5 1 

1	 2 1 4 1 4 2 2 2 2 1 3 4 5 4 4 1 1 1 4 

3	 3 2 2 3 1 1 1 1 2 1 4 3 5 2 5 1 1 2 5 

2	 2 1 1 5 5 1 1 4 1 3 1 1 4 2 4 3 1 1 4 

1	 2 4 1 1 1 4 1 1 1 3 4 4 2 1 1 4 1 4 4 

1	 1 1 1 1 3 1 2 1 1 3 3 2 1 1 3 1 3 1 1 

1	 2 1 1 1 1 2 1 1 1 2 3 5 2 1 1 1 2 1 2 

1	 3 1 1 1 2 2 1 2 1 1 2 1 5 1 2 1 1 1 1 



 V 

1	 2 1 1 1 1 1 1 2 1 1 1 1 5 1 2 1 1 2 3 

1	 1 2 1 1 1 1 1 1 1 1 2 1 2 1 3 2 2 2 1 

1	 1 1 1 2 1 1 1 1 1 1 1 3 2 3 1 1 1 3 1 

1	 1 1 1 1 2 1 2 2 2 2 2 1 1 1 2 1 2 1 1 

1	 2 2 1 1 1 1 1 3 1 1 1 2 1 2 1 1 2 1 1 

2	 1 2 1 1 1 1 2 2 1 1 3 1 1 2 1 1 1 1 1 

1	 1 1 1 2 1 1 2 1 1 2 1 1 3 2 1 1 1 2 1 

1	 2 1 1 2 1 1 1 2 1 1 2 1 1 1 1 1 2 1 1 

1	 1 2 1 1 3 1 1 1 1 2 1 1 1 2 1 1 1 1 1 

1	 2 2 1 2 1 2 1 1 1 1 1 1 1 1 1 1 1 1 1 
 

KNN classifier results. Top row specifies test instance followed by awarded points for 
funniness (1 not funny and 5 very funny) for each of the 40 KNN recognised jokes. 

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13 T14 T15 T16 T17 T18 T19 T20 

4	 2 5 1 5 4 5 5 3 1 5 5 4 3 5 2 5 4 3 2 

3	 1 4 1 4 1 5 5 5 1 5 5 1 2 2 4 5 5 3 4 

4	 3 2 2 3 2 4 4 4 2 5 3 5 3 4 3 2 3 3 3 

3	 4 3 2 3 5 3 2 5 1 4 2 5 2 4 1 4 3 4 2 

3	 2 5 3 1 3 5 5 1 3 1 5 2 3 4 3 2 3 3 3 

3	 3 3 2 1 5 3 1 2 1 5 4 5 3 5 3 4 3 2 2 

3	 3 3 2 2 2 5 5 2 3 4 3 2 3 3 1 4 3 1 4 

3	 5 1 4 3 1 3 3 3 2 3 3 2 4 2 1 2 5 3 3 

2	 2 4 2 3 4 4 3 2 2 2 3 3 4 3 2 3 1 1 3 

3	 3 3 2 3 3 2 1 4 1 3 3 1 1 5 4 5 2 2 1 

3	 3 3 2 1 3 2 2 2 2 5 3 5 3 2 3 2 2 2 2 

3	 1 1 1 3 4 2 4 4 1 5 3 2 1 2 3 3 4 2 2 

2	 1 1 1 3 3 4 1 3 1 4 4 4 3 4 4 2 1 1 2 

1	 4 3 1 1 3 4 1 4 1 4 3 1 4 1 1 2 2 3 4 

2	 1 4 1 1 4 2 2 1 2 1 4 1 3 4 3 4 3 2 1 

1	 3 1 1 5 1 4 4 5 2 3 1 1 2 1 3 1 1 2 3 

1	 2 3 1 1 1 3 1 4 2 1 4 3 1 3 1 4 4 2 3 

1	 1 3 2 2 4 3 1 4 2 4 3 2 1 3 1 1 2 4 1 

2	 1 4 1 3 2 4 4 1 1 3 1 1 4 2 1 3 1 2 4 

3	 1 1 1 3 3 1 3 4 1 3 4 4 3 1 1 2 2 1 2 

3	 2 2 1 2 4 2 1 1 1 4 4 3 1 1 1 1 1 1 2 
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1	 3 1 1 2 1 3 4 4 1 1 1 1 1 2 3 1 3 2 1 

2	 1 4 3 3 1 3 1 1 1 1 1 2 1 2 3 2 1 3 1 

2	 4 2 1 2 2 1 3 1 1 3 1 1 1 1 1 3 1 2 3 

1	 1 1 1 1 1 2 1 1 1 1 1 1 1 1 3 3 1 1 3 

1	 1 2 2 3 1 1 1 1 1 3 1 1 1 1 1 1 1 1 1 

2	 1 1 1 1 1 1 1 1 1 1 1 1 1 2 3 1 1 2 2 

1	 1 2 1 1 1 1 2 2 1 1 1 1 1 1 1 1 1 2 1 

1	 1 1 1 1 1 2 2 1 1 1 1 1 1 1 1 1 3 1 1 

1	 1 1 1 1 1 1 1 1 1 2 1 2 1 2 1 1 1 1 1 

1	 2 1 1 1 1 1 1 1 1 1 1 1 1 3 1 1 1 1 1 

1	 1 1 1 1 1 1 1 1 1 1 1 1 1 2 1 1 2 1 1 

1	 1 1 1 2 2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

1	 1 1 1 1 1 2 1 1 1 1 1 1 1 1 1 1 2 1 1 

1	 1 1 1 1 1 1 2 1 1 1 1 1 1 2 1 1 1 1 1 

1	 1 2 1 2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

1	 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

1	 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

1	 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

1	 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
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Appendix D -  Algorithm evaluation test results 
Test results from the parameter evaluation procedure to identify optimal settings for the joke 
recogniser methods. 36 test was conducted resulting in the bellow table of results sorted by 
algorithm and performed tests in consecutive order. Optimal test results marked with green 
background.  

Algorit
hm 

negTraningT
ype 

testTy
pe 

True 
Positiv
es 

nrTW
SS 

False 
Positiv
es 

totalSenten
ces 

Thresh
old 

Neighbo
urs 

sentenceLe
ngth 

traningSi
ze 

Precisi
on 

Rec
all 

nbc FML FML 11 97 86 1000 0.7 1 50 100 0.11 0.10 

nbc FML FML 11 90 79 1000 0.7 1 75 100 0.12 0.11 

nbc FML FML 11 93 82 1000 0.7 1 100 100 0.12 0.11 

nbc FML FML 15 109 94 1000 0.7 1 50 1000 0.14 0.13 

nbc FML FML 15 87 72 1000 0.7 1 75 1000 0.17 0.16 

nbc FML FML 15 82 67 1000 0.7 1 100 1000 0.18 0.17 

nbc FML FML 18 110 92 1000 0.7 1 50 2000 0.16 0.16 

nbc FML FML 18 88 70 1000 0.7 1 75 2000 0.20 0.20 

nbc FML FML 18 81 63 1000 0.7 1 100 2000 0.22 0.22 

Algorit
hm 

negTraningT
ype 

testTy
pe 

True 
Positiv
es 

nrTW
SS 

False 
Positiv
es 

totalSenten
ces 

Thresh
old 

Neighbo
urs 

sentenceLe
ngth 

traningSi
ze 

Precisi
on 

Rec
all 

nbc FML EMAIL 11 367 356 1000 0.7 1 50 100 0.03 0.03 

nbc FML EMAIL 11 384 373 1000 0.7 1 75 100 0.03 0.03 

nbc FML EMAIL 11 395 384 1000 0.7 1 100 100 0.03 0.03 

nbc FML EMAIL 15 398 383 1000 0.7 1 50 1000 0.04 0.04 

nbc FML EMAIL 15 418 403 1000 0.7 1 75 1000 0.04 0.04 

nbc FML EMAIL 15 421 406 1000 0.7 1 100 1000 0.04 0.04 

nbc FML EMAIL 18 403 385 1000 0.7 1 50 2000 0.04 0.04 

nbc FML EMAIL 18 427 409 1000 0.7 1 75 2000 0.04 0.04 

nbc FML EMAIL 18 428 410 1000 0.7 1 100 2000 0.04 0.04 
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Algorit
hm 

negTraningT
ype 

testTy
pe 

True 
Positiv
es 

nrTW
SS 

False 
Positiv
es 

totalSenten
ces 

Thresh
old 

Neighbo
urs 

sentenceLe
ngth 

traningSi
ze 

Precisi
on 

Rec
all 

knn FML FML 19 596 577 1000 0.7 3 50 100 0.03 0.03 

knn FML FML 19 536 517 1000 0.7 3 75 100 0.04 0.04 

knn FML FML 19 506 487 1000 0.7 3 100 100 0.04 0.04 

knn FML FML 20 568 548 1000 0.7 3 50 1000 0.04 0.04 

knn FML FML 20 499 479 1000 0.7 3 75 1000 0.04 0.04 

knn FML FML 20 490 470 1000 0.7 3 100 1000 0.04 0.04 

knn FML FML 20 507 487 1000 0.7 3 50 2000 0.04 0.04 

knn FML FML 20 465 445 1000 0.7 3 75 2000 0.04 0.04 

knn FML FML 20 454 434 1000 0.7 3 100 2000 0.04 0.04 

Algorit
hm 

negTraningT
ype 

testTy
pe 

True 
Positiv
es 

nrTW
SS 

False 
Positiv
es 

totalSenten
ces 

Thresh
old 

Neighbo
urs 

sentenceLe
ngth 

traningSi
ze 

Precisi
on 

Rec
all 

knn FML EMAIL 19 746 727 1000 0.7 3 50 100 0.03 0.03 

knn FML EMAIL 19 741 722 1000 0.7 3 75 100 0.03 0.03 

knn FML EMAIL 19 743 724 1000 0.7 3 100 100 0.03 0.03 

knn FML EMAIL 20 756 736 1000 0.7 3 50 1000 0.03 0.03 

knn FML EMAIL 20 758 738 1000 0.7 3 75 1000 0.03 0.03 

knn FML EMAIL 20 772 752 1000 0.7 3 100 1000 0.03 0.03 

knn FML EMAIL 20 761 741 1000 0.7 3 50 2000 0.03 0.03 

knn FML EMAIL 20 765 745 1000 0.7 3 75 2000 0.03 0.03 

knn FML EMAIL 20 775 755 1000 0.7 3 100 2000 0.03 0.03 
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Appendix E -  Recognised jokes from FML test 
corpus 
80 TWSS jokes identified by the KNN and NB classifier implementations used in dedicated 
online survey.  

Naïve Bayes classifier k-Nearest Neighbor classifier 

Thus far, I've received six very concerned calls They apparently like pretending she's married while doing 
this 

He shoved it in so far that my ear still feels wet four hours 
later 

I was sucking on a candy and I began choking 

So that's $81 in the trash His aim is as poor as my husband's, but I guess now they can 
blame their mess on each other 

It's a vicious cycle I was so nervous that I squirted white soap all up my suit 
jacket 

Apparently, I look like I need it This place never ceases to amaze and disgust me 

Her response? Um, it's really none of your business I've never seen him before in my life 

This kid watched me do the whole thing They weren't impressed 

They fit perfectly He uses different names, but nothing in the reviews has ever 
happened 

I'm 25 and just very short My roommate told them they're welcome back anytime 

I thought, Come on, she's your girlfriend, what's the worst that 
could happen 

My mom said I'm selfish and horrible for not trying for her 

My country isn't even supposed to have monkeys in it A second later, the grip let off 

I put my legs in the butterfly position and tried to press them 
down 

Have you ever felt dozens of ants swarming up your legs and 
back? I have now 

This sounded sympathetic in my head I didn't make it back to the bathroom 

I lost it in the dark car and now I can't find it I'm spending Christmas Eve at the hospital 

This was a big deal because he rarely lets anyone so much as 
touch them 

We never thought it was a problem until our daughter was 
born with a dark, bushy unibrow 

Apparently, something had gone bad and now my asshole feels 
like a bomb just went off inside it 

My sister started crying 

Now I'm single too I was playing with my vibrator 

The good news is that I'm not pregnant We can't get the reviews taken down 

It seems like my pool now has its own mini-ecosystem Nor did I dance with Prince Charming 

They decided the best thing to do was remove it Sorry, I'm allergic to latex 

Great stress relief, eh? So I made this mighty belch-turned-scream noise, while 
maintaining eye contact with him 

They think it's hilarious and now do it constantly He just replied, Why? Horno can't get no more porno? No, 
Horno has an assignment 



 X 

I couldn't find the usual bath salts you use, so I just used what 
I could 

Now the whole house smells like hot vomit 

You can leave if it gets sexual Fuc**ng use them! 

Explains why we've been taking it so slow I thought it'd be funny to sneak up behind my dad and yell 
BOO! to scare him 

I now have the joy of deciding whether to tear it off fast or peel 
it away slowly 

My group criticized my work 

Pinky! Now they all do it I'm a 25-year old virgin for another night and now have a box 
of condoms to remind me 

I decided to start jogging to keep fit The family now has a three pee, one poo minimum before 
we're allowed to flush 

It's not your birthday I already knew that we were taking a trip, but I was now 
missing a week of school 

He has done this before and I fixed it by just changing it back Pus leaked through my white dress sleeve, and it smelled like 
death 

It would be understandable if I hadn't handed it in a week 
before it was due 

He replied with, Are you serious? What is your name? I'm 
going up front to complain about you 

The temps didn't get any I had a bad feeling about walking to work because of the 
weather 

They just put a space there to make it look like a CD player I have to buy her dinner and a ticket, out of my own wallet 

I won a big raffle I had to act like firing him was my decision, even though I'm 
the secretary 

I cringed so hard, my skull practically caved in I fixed it, but now my managers are debating charging me for 
lost revenue 

So close to me that our legs touched But I did get a visit from tiny wild mice in my home 

Apparently, poisonous spiders can actually get trapped inside 
motorbike helmets 

I was trying to get a piece of apple that was stuck in between 
my teeth 

it's easier to buy a house than it is to get out of a gym contract We moved here in 2112 

It's long overdue, and the post office never got it I finished reading a manga series on a website I go on all the 
time 

The ball was hit extremely hard, resulting in it going into the 
crowd 

the person I was driving behind put their car in reverse and 
backed straight into me 

 


