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ABSTRACT

In recent times, a major share of human communication takes place online. The main reason be-
ing the ease of communication on social networking sites (SNSs). Due to the variety and large
number of users, SNSs have drawn the attention of the computer science (CS) community, par-
ticularly the affective computing (also known as emotional AI), information retrieval, natural lan-
guage processing, and data mining groups. Researchers are trying to make computers understand
the nuances of human communication including sentiment and sarcasm. Emotion or sentiment
detection requires more insights about the communication than it does for factual information
retrieval. Sarcasm detection is particularly more difficult than categorizing sentiment. Because,
in sarcasm, the intended meaning of the expression by the user is opposite to the literal mean-
ing. Because of its complex nature, it is often difficult even for human to detect sarcasm without
proper context. However, people on social media succeed in detecting sarcasm despite interacting
with strangers across the world. That motivates us to investigate the human process of detecting
sarcasm on social media where abundant context information is often unavailable and the group
of users communicating with each other are rarely well-acquainted. We have conducted a qualita-
tive study to examine the patterns of users conveying sarcasm on social media. Whereas most sar-
casm detection systems deal in word-by-word basis to accomplish their goal, we focused on the
holistic sentiment conveyed by the post. We argue that utilization of word-level information will
limit the systems performance to the domain of the dataset used to train the system and might not
perform well for non-English language. As an endeavor to make our system less dependent on
text data, we proposed a multimodal approach for sarcasm detection. We showed the applicability
of images and reaction emoticons as other sources of hints about the sentiment of the post. Our
research showed the superior results from a multimodal approach when compared to a unimodal
approach. Multimodal sarcasm detection systems, as the one presented in this research, with the
inclusion of more modes or sources of data might lead to a better sarcasm detection model.

KEYWORDS: social media, qualitative study, image, text, multimodality, sarcasm detection,
attention model
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1 INTRODUCTION

Social networking sites (SNSs) have large numbers of users all over the world. Some plat-

forms have a specific genre, that means, users discuss and interact with regard to some particular

topics, whereas there are some platforms that are more generalized in users’ interests. Over the

years, social media platforms have strived to incorporate new features as their user-bases grew.

Thus, social media’s text-based interaction became more multimodal with the inclusion of im-

ages, videos, etc. As the number of users on these platforms grew, the interaction became more

versatile due to different cultural backgrounds of the people. While at the beginning of SNSs,

most users were relatively young, nowadays people of different generations are joining these

platforms. This diverse nature of user interaction data on social media platforms attracted Big

Data researchers to retrieve information, recognize interaction pattern, and analyze sentiments

on these platforms. While sentiment analysis as a field of computer science is fairly developed,

in most cases, sentiment analysis is treated as a binary classification problem. Obviously, hu-

man sentiment is so complex that it can be helpful to treat in more than just positive and negative

categories. Recently, researchers are working on dividing positive sentiments in more fine cat-

egories like happiness, surprise, etc. as well as negative sentiments in more fine categories like

sadness and anger. Sarcasm as a form of sentiment on the other hand has gained a lot less atten-

tion. Existing literature admits that sarcasm detection is more complex than fine-tuning emotion

identification. The need for context information makes it more difficult to detect. Thus, failing

to identify sarcasm as a part of user interaction on social media can mislead users about other

users’ thoughts and may initiate misunderstanding and “internet debate.” We propose that multi-

modality can be a source of context information while communicating with diverse people. We

also show how a system can be developed to automatically detect sarcasm on social media and

propose some design recommendations.

Existing literature in computer science for sarcasm detection can be attributed mostly as
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text mining. They are often based on existing literature in linguistics or real-life views of the re-

searchers of sarcasm usage. Linguistics shed light on sarcasm from three points of view. Firstly,

sarcasm can be divided into two emotions as a sentiment analysis problem – surface emotion and

intended emotion. Here, surface emotion means the sentiment conveyed by the literal meaning of

what the person says. And intended emotion means what the person tried to imply and expected

the audience to infer. Some studies suggest that in sarcasm, the surface emotion of statement will

be positive whereas the intended emotion will be negative. However, some studies argue with

such a generalization. They advocate that while conveying sarcasm, the surface emotion and the

intended emotion of the statement will be opposite and this argument is congruent to views of

the first group of researchers. Secondly, sarcasm, as a part of communication violates the princi-

ples of Grice’s maxims of cooperative dialogue, namely (1) the maxim of quantity, (2) the maxim

of quality, (3) the maxim of relation, and (4) the maxim of manner. While the maxim of quality

requires one to be truthful in a dialogue by not giving any misinformation, sarcasm is attributed

as a misstatement about the emotion. Again, the maxim of manner mandates that one needs to

be concise, orderly, and clear in what one says, sarcasm by its nature creates ambiguity about it.

Thirdly, linguists suggest that sarcasm is often accompanied by some cues in popular patterns.

For example, they suggest the variation in speech rate and amplitude, non-verbal cues like air

quotes are strong indicators of sarcasm. Computer science researchers first recognized sarcasm

detection as a research problem in 2006. Tepperman et. al. [4] utilized the third point from lin-

guistics stated above in their study to detect sarcasm. They utilized the phrase “yeah right” as a

notation for sarcasm. Many later studies utilized these views from linguistics to infer context,

identifying patterns like capitalized texts, quotation marks, etc., detecting opposite sentiments in

different parts of larger statements, and so on as different approaches to detect sarcasm. However,

these linguistic studies emphasize in-person communication and thus, neither focus on users’

interaction on SNSs nor are limited by the nature of interaction on those platforms. As a result,

computer scientists mostly exploit the verbal aspects of sarcasm expressed with text, and have

2



not been utilizing the non-verbal aspects or cues of sarcasm. We argue that mutlimodal data can

provide important information in this regard.

First of all, we want to bridge the gap of research in linguistics and computer science

for in-person communication and communication over social media platforms, respectively. For

that we conducted a qualitative study with participants from one English speaking and one non-

English language speaking group. We asked the users when and how they conveyed sarcasm on

social media. This helped us understand how they express the verbal and non-verbal cues of sar-

casm (e.g., air quotes, variation of speech rate, etc.) within the limitations imposed by the plat-

form’s main mode of communication (e.g. text, emoticons, etc.). Our qualitative study suggests

the pattern of cues of sarcasm on social media. Some of the themes raised by our participants

were plausible with the patterns used by the previous literature (e.g. capitalization, quotation,

etc.). However, some other new themes emerged from our observation. These themes empha-

sized the importance of multimodality in sarcasm detection. We propose that visual cues and

visual contents of the images can contain important indications of an image being sarcastic. In

some cases, visual cues in an image are enough for an individual to know if the post is sarcastic,

for instance, in cases of memes. Again, opposing sentiments conveyed by the visual contents of

the images and the text captions of the posts might be a form of multimodal sarcastic post. That

means, different sentiments in different modes might indicate sarcasm. Besides investigating the

format or structure of sarcastic posts on SNSs, we studied the bidirectional dynamics of how sar-

casm impacts the popularity of a post in general and how peer sentiment influences users’ sar-

casm usage patterns. This later investigation allowed us to suggest design implications as part of

this research.

For conducting the qualitative study, we interviewed interested participants. We analyzed

the interview data with grounded theory approach. After finding the themes, we approached de-

velopment of a sarcasm detection system from the point of machine learning model. Therefore,

we needed dataset for training the models. We found there was a scarcity of labeled datasets for

sarcasm detection. Since sarcasm is a highly subjective concept and only the person making the
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statement is certain of whether the post is sarcastic or not, we collected self-annotated posts for

our dataset. Posts were labeled as sarcastic by the person who posted that content. We collected

data from popular social media platforms – Facebook, Twitter, and Flickr. We also utilized some

existing datasets [5]. Aside from dataset collection, we also developed the systems model archi-

tectures and trained those with the collected dataset. We also evaluated the performance of trans-

fer learning for many existing popular neural network architecture. We presented how the perfor-

mance of the system improves with the inclusion of multimodality into the system.

Our system shows the superiority of a multimodal approach to a unimodal approach with

text data only. Our system is not limited to any particular phrase (e.g. “yeah right”) or language

specific formatting (e.g. capitalization of words in English) as the system depends not only on

text data, but relies on the holistic structure of the social media post. We analyze the relation of

sarcasm use with the users’ experience on these platforms to suggest future designs. The remain-

der of this thesis is organized as follows: chapter 2 discusses the related works in the existing

literature; chapter 3 gives brief general overviews of the concepts or the building blocks of the

system; chapter 4 focuses on the conducted qualitative study and analyzes the data for discover-

ing the themes; the later three chapters discuss how gradual inclusion of modalities impact the

system behavior – chapter 5 and chapter 6 discuss only text and only image based approaches for

sarcasm detection, respectively, and chapter 7 highlights how multimodal approach to sarcasm

detection with text, images, and reaction emoticons improve the system accuracy; the next chap-

ter evaluates the qualitative findings and the machine learning model together for shading light

on designs of SNSs, discusses possible threats to the validity of this study, and the future research

directions. Finally, we draw the concluding remarks.
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2 LITERATURE REVIEW

Existing literature in the field of sarcasm detection comes from several disciplines, in-

cluding linguistics, psychology, social science, and more recently, computer science. Though,

they differ in their goals. For example, studies from psychology and social sciences focus on the

“why” and “when” questions–they ask when and why do people use sarcasm, researchers from

linguistics and computer science disciplines focus predominantly on the “how” question. Specif-

ically they investigate how do people convey sarcasm and how can it be recognized. Although

researchers from computer science and linguistics align on their question, they differ in their ob-

jective. Whereas linguists do not typically concern themselves with automatically detecting sar-

casm, computer science researchers focus on developing algorithms for detecting sarcasm as well

besides understanding the computational model or nature of sarcasm. In this chapter, we will dis-

cuss studies from several disciplines, however, we will focus on the works that tried to address

the questions like: “How do people convey sarcasm?” and “How to detect sarcasm?”

2.1 Sarcasm Constructs

Most works that study the constructs of sarcasm are from linguistics, psychology, and

cognitive science. Gibbs et al. [6] conducted experiments with 256 undergraduate students, where

they showed how non-literal interpretations of sarcastic statements are processed by humans be-

fore the literal meaning. They said that when a sarcastic statement is made in an in-person con-

versation, and the audience have access to non-verbal cues besides the verbal statements, the au-

dience translate the statements into the corresponding intended meaning, i.e., non-literal meaning

before translating the statements into their surface/literal meaning. They also discussed how sar-

casm impacts how long the participants of a conversation remember a particular statement. They

highlight the ease of processing and memory for sarcastic utterances. In a collection of several

empirical and theoretical works, Gibbs et al. [7] discuss the theory of irony, especially compre-

hension of sarcasm in verbal form, social contexts, and functions of irony.

5



Sarcasm detection as a field of computer science can be placed under the field of senti-

ment analysis, which first drew the attention of computer science researchers in 2006. Tepperman

et al. [4] developed the first work in computer science that recognized the problem of sarcasm

detection from the perspective of computer science. They experimented with sarcasm recogni-

tion using cues like contextual (e.g., acknowledgement, agreement/disagreement), prosodic, and

spectral features (e.g. pitch, energy, duration of each word). Given the limited capability of nat-

ural language processing at that time, they proposed a very naı̈ve approach of detecting sarcasm

from text data. They emphasized on the nature of sarcasm of being associated with several com-

monly used phrases. In their work, they only searched for the phrase “yeah right” as an indicator

of sarcasm.

Several studies have invested effort to define what it means to be “sarcasm”. Gonzalez-

Ibanez et al. [8] identified the opposite nature of literal and intended meaning of micro-blog posts

as sarcasm. According to them, sarcasm is different from positive or negative statements made

on social media. It conveys negative sentiment while the literal meaning (also termed as surface

sentiment) of the statement is positive and likewise, conveys positive intended sentiment with

apparently negative surface meaning. That means, the study by [8] argues that sarcasm has one

intended and one surface sentiment that have opposite polarity, i.e., positive surface meaning with

negative intended meaning, and vice-versa. For example, in a statement like: “Thank you for ru-

ining my day.”, the phrase “thank you” is used with criticizing intention (i.e., negative intended

meaning), whereas the phrase itself literally expresses gratitude (i.e., positive surface meaning).

However, several other studies do not agree with them in this regard. Filatove et al. [9] argue that

sarcasm always has positive literal meaning with a negative intended meaning. They also present

observations of sarcasm having clear victims in micro-blogging platforms including social me-

dia, blogging sites, etc. They discussed sarcasm and irony replaceably in their work. Kreuz et

al. [10] from a linguistic perspective agree with the argument of Filatova et al. [9] on sarcasm

having always positive literal meaning with negative intended meaning and clear victim deeming

the opposite very unlikely.
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Clift et al. [11] explained sarcasm as a phenomenon of divergence between the spoken

words and their intended meaning with the Traditional Oppositional Model (TOM). However,

this model was criticized for ignoring the requirement of these two aspects of meaning happen-

ing at the same time. Sperber et al. [12] suggested that audience just process the intended mean-

ing of sarcasm in a model named “Echoic/Interpretation Model”. Later building on this model,

the “Echoic Reminder Model” was proposed and reemphasized by Kreuz et al. [10] and Colston

et al. [13] discussed the role of generally expected situation or social norms. Instead Kumon-

Nakamura et al. [14] suggested sarcasm is achieved by mentioning part of expected situation that

has occured while some other part was violated. Later Colston et al. [15] in their book, discussed

how verbal sarcasm can be viewed as violation of expectation, and the pragmatically insincere or

contrary relationship between literal and intended meaning of statements. This is echoed in the

studies by [8–10] where we can see sarcasm as violations of Grice’s maxims [16] as suggested by

studies like [17–19].

Bamman et al. [20] gave importance to context information for the task of sarcasm de-

tection. They tried to capture extra-linguistic information from the context of an utterance of sar-

casm on Twitter. According to them, inclusion of properties of author, audience, and the immedi-

ate communicative environment can contribute to the sarcasm detection task. Their argument also

situates itself in a line with linguistic study by Utsumi et al. [21] who discuss the comprehension

of verbal irony for in-person conversational settings. The role of context can also be explained

with the expectation of certain social norms as in [10, 13, 15], and thus reestablishes the incident

of violating Grice’s maxims [16] as we discussed in the previous chapter.

2.2 Sarcasm Dataset Collection

As we all understand, and as the existing literature suggest, context is important for de-

tecting sarcasm [20], [22]. Because without proper context, a single sarcastic post can be treated

as a non-sarcastic post and vice-versa. However, it is difficult to understand the context of a so-
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cial media content, specially for the ones that come from unknown users on SNS that is common

scenario for public posts.

2.2.1 Independently Annotated Datasets. For many data based analysis, having a

large collection of annotated data is very helpful. There are different approaches of aggregating

such datasets. Whereas for some cases, annotation of data is readily available, for some other

tasks, researchers have to annotate the data themselves. The later case is usually adopted when

the labels of data is more subjective in nature. It is a very common practice in text mining and

computational linguistics community. Because of having greater control over the annotation and

data, researchers can use their best judgments. In order to reduce bias, sometimes the annotations

are done also by independent annotators other than the researchers. Since sarcasm data is quite

subjective in nature, i.e., it is highly dependent on human perception whether a particular state-

ment or post is sarcastic or not, several works in sarcasm detection prepared the datasets with

independent annotations.

Swanson et al. [23] utilized crowdsourcing for the task of labeling a sarcasm detection

dataset. They reported high reliability among the labels from untrained annotators on Mechanical

Turk using common statistical popularity measurements, like Kappa, EM, majority class, etc.

Golbeck et al. [5] in one of their recent works, collected data from different websites that

they classified as either satire or fake news. They collected at most five posts from one website

to reduce bias to the way of writing on a particular website or any set of particular topics. They

handpicked the data and labeled them manually trough discussion among the authors. Being the

first dataset of this kind, this work had a small dataset size, providing with baseline measures for

future research works.

2.2.2 User Annotated Datasets. The intention of considering context of the post leads

us to wonder who has the access to the full context of any particular post. To address this con-

cern, we argue that the user who posts a content on social media has full access to the context

information about that particular post. That means, he/she who posts a certain content on so-

cial media is likely to be the original creator of that, have full understanding of the context of
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the content, and thus, knows the intent of the caption and the hashtags used in the contents well.

To denote a post as sarcastic, there are common trends on different social media platforms, e.g.

hashtags like #sarcasm on twitter, ending statements with “/s” on reddit, and so on. These decla-

rations of a particular tweet or post to be sarcastic assigned by the user himself/herself are called

self-annotations.

According to Gonzalez-Ibanez et al. [8], sarcasm is a positive/negative utterance that

transforms the polarity to the opposite of apparent sentiment. They created a large corpus with

messages that the message writer himself/herself identified as sarcastic. They compared the sar-

casm uttering tweets with those that convey positive or negative without sarcasm. They also re-

ported the impact of lexical and pragmatic factors on machine learning effectiveness for identify-

ing sarcasm in tweets. They also conducted a post-experiment user study that perhaps unsurpris-

ingly, showed none of the machine learning models or human participants perform very well for

detecting sarcasm.

Riloff et al. [24] termed the contrasting positive and negative sentiments as parts of same

statement as sarcasm. They collected twitter data with #sarcasm hashtags assigned by the users

for positive instances of data, and a collection of random data with a hope that most of the later

data will not be sarcastic.

Reyes et al. [25] views the increasing use of irony or sarcasm plausible with the process

of the online platforms being more social. They exploited ironic tweets from two perspectives:

representativeness and relevance. They used user-generated hashtags (e.g. #irony) as labels in

their dataset. They constructed a model of irony detection. Assessment of their initial results

were largely positive.

The largest collection of a sarcasm dataset was done by Khodak et al. [26]. They col-

lected 1.3 million sarcastic statements from Reddit that were self-annotated – annotated by the

author of the statement himself/herself rather than being annotated by an independent annotator.

Besides preparing the dataset, they evaluated the corpus for accuracy using three metrics of in-

terest: (1) size, (2) the proportion of sarcastic to non-sarcastic comments, and (3) the rate of false
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positives and false negatives. Their work also provided the field with benchmarks for sarcasm de-

tection, and evaluations of baseline methods. Unlike the other dataset collection studies [8], [25],

no model learning approach followed their data collection process, rather they highlighted the

collection and evaluation of a large dataset as their main contribution.

2.3 Current Sarcasm Detection Methods

2.3.1 Unimodal Approaches. As Filatova et al. [9] and Riloff et al. [24] suggested,

sarcasm as the presence of contrasting sentiments – positive and negative in different parts of a

single tweet as an indicator of sarcasm. They showed that identifying contrasting contexts using

the phrases learned through their proposed bootstrapping algorithm obtained high recall to detect

sarcasm, i.e., they could identify most of the positive instances of sarcasm in the dataset.

Many studies later utilized this idea of contrasting sentiments indicating sarcasm. One of

the first work that utilized this aforementioned idea was done by Cliche et al. [27]. Following the

work done by [9, 24], this work also resorts to the definition of “sarcasm” by Merriam-Webster

Dictionary [28] like some other works in this area [29]. This work utilizes data collected from

twitter to extract features like n-grams (precisely uni-grams, and bi-grams), sentiment polarities,

and topics. They propose a logistic regression and a support vector machine (SVM) based super-

vised classification algorithm to detect sarcasm. SVM performed better in their experiment. Peng

et al. [30] builds upon this work and analyzed the strengths and weaknesses of that considering

Cliche et al. [27] as a baseline model.

Drawing light on context information, Bamman et al. [20] attempted to model context

information computationally. They proposed using four kinds of features: Tweet features, Author

features, Audience features, and Response features. They used binary logistic regression with L2

regularization using ten-fold cross-validation for the sarcasm detection task.

Ghosh et al. [31] proposed another machine learning based approach with manually ex-

tracted features. They used a sample of data from the dataset collected by Khodak et al. [26].

However, for the highly skewed nature of the portion of data that they used, they proposed an
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SVM based classifier. They used the binary representation for a certain word from the dictionary

in a sarcastic statement.

Ghosh et al. [32] also focused on the semantic representation. However, unlike Ghosh et

al. [31] that used representation at word level, Ghosh et al. [32] used it at sentence level to get

access to more context knowledge. Instead of manual approach of assigning the representations,

they used a neural network for this task. Their proposed architecture consisted of a convolutional

neural network (CNN), followed by a long short term memory (LSTM), and finally a deep neural

network (DNN). Whereas the prior works depended on a predefined set of indicative hashtags,

they extended this list of hashtags by using a Latent Semantic Analysis (LSA) based approach.

2.3.2 Multimodal Approaches. Multimodality in sarcasm detection research is com-

paratively a new idea. Until recently, all the works in this area used only textual features of a

content on social media. The idea behind adopting multimodality is that as users of social media

platforms have been going beyond text-only to multimodalities (e.g., text, image, audio, video,

etc.), when we are considering only text data from the plethora of multimodal data available on

SNS, we are throwing out useful information that could help get crucial context information.

Hence, some recent works emphasize the idea of utilizing multimodality in this area.

Schifanella et al. [33] is the first work to advocate for multimodality in sarcasm detection

studies. The investigated the relationship between textual and visual aspects in multimodal posts.

They ran a crowdsourcing task in which they asked users of the website CrowdFlower.com to

quantify the extent to which images are perceived as necessary by human annotators. The users

of this platform showed positive results for combining modalities to detect sarcasm across vari-

ous platforms and methods and evaluated the impact of visuals as a source of context very highly.

A survey paper by Razali et al. [29] re-emphasized the importance of such multimodal approach.

2.4 Identified Research Gap

Works from times before the rise of social media, most of the qualitative studies on the

construct of sarcasm focused on verbal form of it [10–13]. However, little is known how the ways

11



of expressing sarcasm get changed for limited yet versatile ways of expressing oneself on so-

cial media. For example, the non-verbal cues as described in [34] are difficult to express on so-

cial media. Existing literature lacks insights about the ways how these non-verbal cues get trans-

formed according to the expressive capability of the SNS platforms.

Again, we feel that the use of topics in text data as in [5, 9, 24] might limit the applica-

tion of those approaches to a particular domain of text data generated over a certain period of

time. Therefore, it is more important to know the “ways” in which sarcasm gets expressed in text

data, i.e., how sentiment in overall fluctuates in a sarcastic piece of text data. Thus, knowing the

general nature of variation of sentiments in text will be more applicable to text data from more

diverse domain, time periods, or languages.

On top of that, the need for multimodality in sarcasm detection being raised during recent

times [29, 33], we want to investigate this approach in more details. We think collection of multi-

modal datasets (i.e. datasets that will have more than text based data), studying role of modes of

multimodal data individually, and the gradual performance change of sarcasm detection process

with inclusion of more modes can be gaps in this regard.

Thus, in the following chapters, we presented a qualitative study focused on users’ sar-

casm expression ways on social media platforms, sentiment/emotion based analysis of textual

sarcasm data, multimodal approach of sarcasm detection process, and evaluate the process and its

performance.
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3 HOW HUMANS DETECT SARCASM

The basic idea behind machine learning based systems, or artificial intelligence in gen-

eral, is mimicking how humans operate. This is particularly evident for our problem, sarcasm

detection on social networking sites (SNSs). Therefore, before proceeding to build a system that

can detect sarcasm on SNSs, we attempt to understand how humans do the same. Many studies

propose systems based on personal experience and word-level definition of “sarcasm” [29, 33].

However, we feel the need of a qualitative study to find out more general themes that are usual

with users to detect and express sarcasm on SNSs to build a more effective sarcasm detection

model.

3.1 Background

3.1.1 Convenience Sampling. Convenience sampling is a non-probabilistic sampling

that aims to contact subjects that are close at hand. The two criteria applicable to this sampling

technique are: subjects being easily available and willing to participate. This sampling does not

guarantee that a random sample is generated. This approach is often avoided due to its proneness

to sampling error. For example, this sampling might recruit only people who share the same be-

liefs and values as the researcher. This might lead to confirmation bias. However, it is still widely

used because it makes data collection easier and more cost effective.

3.1.2 Purposive Sampling. Purposive sampling is another non-probabilistic sampling.

It is also known as selective, subjective, or judgemental sampling. As the names suggest, this

sampling recruits subjects based on the objective of the study and the population of interest. This

sampling gives the opportunity to generalize the study results with respect to the shared charac-

teristics of a target population. If bias is carefully avoided, purposive sampling can help recruit

representative subjects. However, it is not practically possible to avoid the bias completely.

3.1.3 Snowball Sampling. Snowball sampling is a widely used non-probabilistic sam-

pling technique in statistics and sociology research [35]. It is well known for increasing the num-
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ber of samples, especially when they are hard to find. In fact, it obtained its name from the fact

that it helps the sample population grow like a rolling snowball.

Snowball sampling starts with recruiting a small sample of subjects who have the char-

acteristics of the experiment’s interest. Then, the recruited subjects help the researchers identify

other potential subjects who are generally hidden and hard to locate. For example, if we want

to conduct a research on people who started to write code from middle school, the participants

might be difficult to find since such people are not very often seen. However, a person who did

this targeted behavior in middle school might know some other people who did the same – either

with him/her as a group or individually. Recruiting such an acquaintance might help to recruit

more people. In this way, the number of participants increase like a rolling snowball.

Recent literature shows the applicability of snowball sampling for virtual social networks [36].

Whereas traditional snowball sampling is prone to bias towards social networks of the early par-

ticipants, snowball sampling on virtual networks reduce such bias due to social networks’ inher-

ent geographic prevalence around the world. It is also more effective with respect to increasing

number of subjects. However, it can have a bias towards the majority of age, gender, and taste

categories of online users on the focused social network itself.

3.1.4 Grounded Theory. Grounded theory is a popular approach in qualitative data

analysis, and it is often used for research when there is no existing theory related to the research

questions. It builds theory iteratively from data. Interview questions address the followings:

• Core phenomenon: What is the process?

• Casual conditions: What influenced the process to occur?

• Strategies: What actions were taken in response to the process?

• Consequences: What were the outcomes of the strategies?

Initially, it identifies descriptive open codes. These are abstract representations of events,

objects, interaction, incidents that were seen repeatedly in the data. Then these open codes are
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grouped into related sets. These more organized collections of codes are called axial codes. In

this phase, patterns of the events, objects, and etc. in open codes emerge. Subsequent combina-

tions of axial codes are more thematic that are called selective codes. Instead of patterns in earlier

stage, relationships among the phenomena is used to build the theory/model.

3.2 Methodology

Our qualitative study started with the goals to (1) understand how users recognize sarcas-

tic contents on social media, with or without context, (2) study what factors impact the ways of

how they express sarcasm, and (3) study how users on social media in general response to sar-

casm. To achieve these goals, we conducted an interview based qualitative study with social me-

dia users situated in Missouri, United States and Dhaka, Bangladesh. Our data collection con-

sisted of semi-structured interviews with 20 participants from these two countries. We received

Institutional Review Board (IRB) approval for all study procedures prior to beginning the study

(See in Appendix A).

3.2.1 Semi-Structured Interviews. We conducted semi-structured interviews with par-

ticipants between November and December 2018. The interviews targeted understanding partic-

ipants’ social media using practices and their ways of recognizing as well as conveying sarcasm.

The student researcher (23 years old, Male) in this work was born and brought up in Bangladesh,

and has been living in United States for more than one year. He speaks both local languages,

Bengali and English. Since use of sarcasm is very common on social media, we began by recruit-

ing participants who were active on social media. We adopted a blend of convenience sampling,

purposive sampling, and snowball sampling. First, two participants were recruited from the so-

cial network of the student researcher by convenience sampling. Second, since the focus area of

this research is the social media platform, the student researcher posted the recruitment flyer of

this research on social media (See Appendix B). In the flyer, we described the inclusion crite-

ria for our study and gave a high level overview of the objective of the study. We distributed the

flyer through departmental email. Second, we used social media itself as a channel for recruiting
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participants since most of the users on this platform will inherently satisfy one of the inclusion

criteria. We shared the recruitment flyer on the social media. As a result, the subjects of interests

in this research could be easily reached through purposive sampling. Third, as previous literature

suggest, by keeping the comment section public for tagging improves the response rate [37], we

welcomed tagging other potential participants. Again, our participants recruited through conve-

nience sampling in the first phase helped us recruit additional participants. Thus, snowball sam-

pling in both online and in-person social network helped us to recruit potential subjects. We also

utilized in-person communication and also recruited participants through word-of-mouth. In to-

tal, we recruited 20 participants speaking two different languages from two different countries.

Participation in the study was voluntary. The average completion time of the interviews

was around 25 minutes. The interviews were conducted one-on-one. We gave the participants a

high level overview of the study objective at the beginning of the interview. We encouraged them

to ask any question they might have, and we obtained written consents from participants before

the interviews with the informed consent form, as in Appendix C. The consent form was devised

keeping it at a high school standard reading level. However, we also summarized the consent

form in their native language, Bengali in case of Non-English speakers. We collected the signed

consent form and later sent them a copy. Interviews were conducted at a place preferred by each

participant, or over Skype and in his/her native language. The interviews were audio-recorded

with permission from the participants.

Interviews were semi-structured and guided by a list of topics. The set of questions is in-

cluded in Appendix D. We collected the participants’ demographic information like their age,

gender, most recent occupation, highest attended educational level, etc. We asked about their ex-

perience about using social media, e.g., with whom they mostly interact with, what kind of con-

tents they usually see in their newsfeed. We then asked questions that sought an understanding

of how they recognize and express sarcasm, including their views about overall user response to

sarcastic contents on social media.

Participants’ responses were recorded anonymously. Each participant’s interview record-
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ing was saved on a password protected storage with code identifications assigned to them by the

interviewer.

3.2.2 Participants Characteristics. Our 20 participants came from two different lan-

guage speaking communities originated from two different countries and ranged in age from 19

to 34 years. With respect to their social media usage, all of our participants satisfy these follow-

ing criteria:

• Must have an account with at least one SNS for more than a year.

• Must be an active user on SNS with spending 5-7 hours per week.

Participants possessed a range of socio-economic backgrounds. Five of them are under-

graduate students, six are graduate students, six are employed having undergraduate or graduate

degrees, and three are currently unemployed. More detailed information about our recruited par-

ticipants are shown in Table 3.1.

The participants we studied represent two different sets of social media users. The partic-

ipants recruited from the United States were mostly users of both Twitter and on Facebook. On

the other hand, participants collected from Bangladesh were mostly active on Facebook, some of

them having accounts on Twitters that they do not use often. Participants from the United States

use English in all their social media activities whereas participants from Bangladesh varied in

their language use on social media. They used both Bengali and English on social media, as well

as a version of Bengali called “Banglish”, Bengali words using English alphabet.

3.2.3 Data Collection and Analysis. The data we collected resulted in a total of 283

minutes (4 hours 43 minutes) of audio-recorded interview data and a collection of field notes.

The student researcher working in this research transcribed the interviews and translated them to

English. These qualitative data were analyzed using an inductive approach. We utilized grounded

theory [38] as the inductive method on the interview scripts. Since to the best of our knowledge,

there has been no research on theory about users’ sarcasm behavior on online platforms, we in

the early phase of our study, aimed to have insights/theories about users’ sarcasm behavior on
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(a) Image with text (memes) (b) Outdoor image of non-
human object

(c) Handdrawn image (cartoon)

Figure 5.6: “Sarcasm” Labeled Images

(a) Outdoor image of human (b) Human face (c) Indoor image

Figure 5.7: “Non-Sarcasm” Labeled Images

5.4.2 Visual Cues Based Sentiment and Sarcasm Detection Approaches. Gajarla et

al. [66] utilized visual cues of images for identifying sentiments. They used transfer learning to

accomplish their task. They fine-tuned only the final layers of VGG-Imagenet, VGG-Places205,

and Resnet50 and achieved 67.8%, 68.7%, and 73% accuracy respectively.

Our sarcasm detection CNN model with 84% accuracy exceeds the sentiment analyzers’

performances. It shows that visual cues is an effective feature not only for binary sentiment anal-

ysis but also for sarcasm detection. Thus, we argue that whereas Gajarla et al. [66] classifying

sentiment as positive and negative ignored sarcasm as a sentiment, considering sarcasm we can

come up with a tri-categories classification problem with “positive”, “negative”, and “sarcasm”

61



classes; and a possible approach to this problem might be training neural networks on visual

cues.

5.4.3 Dedicated Learning and Transfer Learning. We also wanted to see how trans-

fer learning as done by Gajarla et al. [66] compares with dedicated learning of CNN architecture.

We chose four existing pre-trained models – InceptionV3, MobileNet, Resnet50, and VGG-16.

Deciding on the number of epochs for fine-tuning these pre-trained models poses a dilemma

of choosing between overfitting model by too many iterations and settling for a poor model by

too few iterations. To avoid overfitting, training should be stopped when val acc stops increas-

ing. To get this number of iterations for all four of the aforementioned pre-trained models, at first,

we let them fine-tune their final layer for binary sarcasm detection problem with 50 epochs. Fig-

ure 5.8 shows their performance of fine-tuning over 50 epochs.

(a) InceptionV3 (b) MobileNet

(c) Resnet50 (d) VGG16

Figure 5.8: Transfer learning on pre-trained models for sarcasm detection.
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For avoiding overfitting while transfer learning, we consider the model’s accuracy at the

epoch before the one when the value of val acc decreased for the first time. For example, while

finetuning InceptionV3, its val acc decreased for the first time at 10th epoch; hence, we consider

transfer learning of this model upto nine epochs and consider its accuracy at 9th epoch as its per-

formance accuracy.

We get accuracy as follows in Table 5.2. As we can see, transfer learning does not achieve

as high accuracy as we achieved with dedicated learning from the scratch, i.e., 84%. However,

transfer learning models needs few epochs to obtain comparable performance before running into

risk of overfitting.

Table 5.2: Performance of transfer learning models for sarcasm detection

Pre-trained model
Number of epochs
before decreasing
“val acc”

Accuracy

InceptionV3 9 73.44%
Mobilenet 24 66.44%
Resnet50 6 79.69%
VGG16 6 75%

5.5 Discussion

Image-based cues have proved to be a useful feature to detect sarcasm on social network-

ing sites. We collected data from Flickr using snowball sampling based on the tags associated

with the images. We trained a network from scratch so that it is dedicated to sarcasm detection.

This network performed with 84% accuracy. Then, we tested the merit of transfer learning for

our problem scenario. We achieved 79.69% accuracy from transfer learning among the four net-

works that we fine-tuned. Our contribution in this chapter is the collection of an image-based

sarcasm dataset YFS and the trained CNN model for sarcasm detection.
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6 A MULTIMODAL APPROACH TO SARCASM DETECTION

Our participants during the qualitative study talked about how they use different kinds of

cues in an SNS post to understand whether that post is sarcastic or not. Our study revealed the

usefulness of different streams/modes of data for sarcasm detection. Themes emerged from our

study extended an existing finding of prior sarcasm detection studies to multimodal level. Exist-

ing studies suggested that different sentiments as part of a single SNS post can denote that the

post is sarcastic [27]. Our participants opined that in a sarcastic post, the sentiments in different

parts of the post can be different. To elaborate on this, a sarcastic post can have a positive cap-

tion while the image conveys something very negative and vice-versa. This can also happen with

comments along with the post itself – some users might not understand the sarcasm in the post

and react opposite to what was expected, some might understand the sarcasm but want to play

along with it, while some might react in straight message after understanding the sarcasm. Thus,

a multimodal approach has the potential to be a more robust method of sarcasm detection.

In this chapter, we propose a multimodal sarcasm detection approach using text, image,

and reaction emoticons. We utilized Facebook as the multimodal SNS platform for our data col-

lection. However, we tried to keep the system generalized enough to be used for any other SNS

platforms.

In this chapter, we discuss the structure of a Facebook post, sentiment analysis, auto im-

age caption generation. Then, we discuss how we collected the multimodal dataset, followed by a

discussion about the structure of our system. Finally, after model training, we report the results of

our multimodal approach for sarcasm detection.

6.1 Background

6.1.1 Structure of a Facebook Post. Each social networking site has its own way of

organizing information. Facebook has two types of communication: direct messages and general

content posts. Both types of communication support several modes of content, including: text,
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image, reaction emoticon, video, and audio. Direct messages are limited to a small number of

people whereas general content posts target a range of group sizes from a small group of people

to a general public audience. We limit our discussion to general content posts and their structures.

General content posts can be posted by a user in three different scenarios: (1) on a user’s

own timeline (personalized page for each Facebook profile), (2) in a group (a separate channel

for a number of people with recommended maximum size of 5000 users), or (3) as a Facebook

page (usually used for advertisement or promotion of any idea, individual or organization). An

individual user can add up to 5,000 friends on Facebook with mutual acceptance, i.e., for that

he/she needs to send friend requests to others or has to accept friend requests from other users.

For a page, other users have to follow that particular page to receive updates from that, hence

communication in this case is mostly unidirectional. In a group setting, all members can view and

interact with each other irrespective of their connection status with each other as long as they are

member of the same group, i.e., they do not need to be friends.

Posts from individual users’ timelines can have different privacy settings – public, friends

only, friends of friends, etc. However, posts from pages are always public. That means, any post

from a page can be viewed by anyone, that includes users of Facebook, and people who do not

have an account on Facebook.

As discussed earlier, a post can have text, images, and/or videos as content. There are

three main ways to interact with a post: react, comment, and share. Facebook allows six reaction

emoticons (as shown in Figure 6.1) to interact with a post with minimal effort to express a user’s

attitude to one post: like, love, haha, wow, sad, angry – the name of each emoticon by its name

expresses what it is intended to express. Users can also comment on a particular post. Comments

can also consist of text, images, and/or videos. On Facebook, a user can also share a content with

his/her peers as long as it is permitted by the user who originally posted the content.

6.1.2 Sentiment Analysis. Sentiment analysis as a part of natural language process-

ing (NLP) in computer science is well studied in existing literature. Sentiment analysis is “the

process of computationally identifying and categorizing opinions expressed in a piece of text,
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Figure 6.1: Reaction emoticons available on Facebook.

especially in order to determine whether the writer’s attitude to particular topic, product etc. is

positive, negative, or neutral” [73]. A major field of application for sentiment analysis is social

media data. The role of social media and importance of understanding users’ sentiment on this

platform was repeatedly highlighted during political elections [74, 75], for instance. E-commerce

sites are also a major application space for sentiment analysis. Companies on those sites use sen-

timent analysis to get an overview of customer reviews about their products [76, 77]. Sentiment

analysis also goes by different other names, e.g., opinion extraction/mining, sentiment mining,

subjectivity analysis, etc.

Sentiment analysis can be termed as the detection of attitudes, i.e., beliefs or dispositions

towards something (objects or persons) based on one’s emotions or sentiment [78]. Sentiment

analysis largely focuses on text sentences or documents to identify such attitudes. The more com-

mon practice is to use simple weighted polarity of positive, negative, and neutral as types of atti-

tude.

The baseline algorithm for sentiment analysis was proposed by Pang et al. [79]. It utilizes

tokenization, feature extraction (e.g., with unigrams, bigrams, etc.), classification using Naı̈ve

Bayes, maximum entropy, and support vector machines (SVMs). Since sentiment analysis relies

on the tokens used in the text, at best it can identify the surface or literal sentiment expressed by

a text. Therefore, it cannot address the cases of sarcasm where people say something with the

opposite intended meaning of what they express with the literal meaning. An example of such

case is shown in subsection 8.1.2.

6.1.3 Image Auto-Caption Generation Model. Auto caption generation for images

can be described as the problem of describing the objects in an image in natural language based
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on the relation among the objects with respect to relative positions and actions. As the Figure 6.2

shows, an auto image caption generation model is expected to output one or more coherent sen-

tences that describe what is happening in a given image.

Input Image

Possible Caption A group of people shopping
at an outdoor market. There
are many vegetables at the
fruit stand

Figure 6.2: An example pair of input image and possible caption output. Example taken from
Vinyals et al. [2].

In our work, we used the “Show and Tell” auto image caption generation and Neural Im-

age Caption (NIC) model proposed by Vinyals et al. [2]. It is a generative model based on a deep

neural network architecture. The architecture has two parts. First, images are passed through a

deep convolutional neural network (CNN) that was pre-trained for image classification. They use

a CNN at the first phase, replacing the earlier practice of using recurrent neural network (RNN),

since it has been convincingly shown over the last few years that CNNs produce better represen-

tations for images using a fixed length vector embedding [80]. The encoded results from the last

layer of the CNN are fed to a language generating RNN decoder to perform machine translations

and generate captions for images.

6.1.4 Common Machine Learning Algorithms. In this chapter, we will use several

machine learning algorithms. Among those, random forest and multi layer perceptron were dis-
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cussed in the chapter 4 (on our text-only approach). At this point, we will discuss several other

common machine learning algorithms briefly.

6.1.4.1 Support Vector Machine. Support vector machine, widely known as SVM, is a

commonly used machine learning algorithm. Before ubiquity of fast computing resources, SVM

was thought to be one of the best machine learning algorithms. SVM, a supervised learning al-

gorithm, works with an objective of drawing a classifier hyperplane/decision boundary among

different classes while keeping the largest possible margins with close to borderline instances on

either side of the plane. These margins on either side of the decision boundary are called support

vectors.

As depicted in Figure 6.3, both hyperplanes–solid line and dashed separate the instances

of both classes correctly. However, it is apparent that B1 will be more likely to perform better

than B2 if we are given any new instance of the input data. This is because, B1 has a larger mar-

gin than B2. SVM works to optimize these two goals simultaneously–drawing decision boundary,

and maximizing margins. SVM can be used for both linear and non-linearly separable classes. In

fact, non-linear SVM are done by converting the problem into a linearly separable problem with a

method called Kernel trick.

Figure 6.3: Comparison between two SVM decision boundaries in a two-class problem setting.
Image taken from [3].
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6.1.4.2 Adaboost. As we discussed in 4.1.4.3, a combination of multiple weak classi-

fiers can produce a single strong classifier. In Adaboost, each weak classifier is trained using a

random subset of the total training dataset. These subsets can overlap. We can assign weights to

the training instances that determines their probability of appearing in the training subset. Af-

ter training a classifier, the weight of a misclassified example is increased so that the probability

of its appearing more frequently in next round of training increases and classifier in that round

learns to classify that large portion of examples correctly. After each classifier is trained, it is as-

signed a weight. A classifier with accuracy equal to random guessing is assigned zero weight,

one with higher accuracy is assigned a positive weight, and one with worse accuracy than random

guessing gets a negative weight.

6.1.4.3 Gaussian Naı̈ve Bayes. We discussed the basics of Bayesian classifiers and its

naı̈ve Bayes variant in 4.1.4.2. We concerned ourselves with discrete values in that subsection. To

deal with continuous values, we need to use Gaussian naı̈ve Bayes classifier (GNB).

GNB assumes that the continuous values associated with each class follow a Gaussian

distribution. The probability of an instance belonging to class Ck to have continuous attribute

value x = v is,

p(x = v|Ck) =
1√

2πσk2
e
�
(v − µk)

2

2σk2

where, µk is the the mean and σk2 is the variance associated with class Ck.

6.2 Dataset Collection

To the best of our knowledge, there has been no prior work with implementation of mul-

timodal approach to sarcasm detection with a publicly available dataset. Therefore, in order to

experiment with multimodal approach for sarcasm detection, our first challenge was to build a

multimodal dataset. We aimed to build this multimodal dataset with publicly available data, and

make this dataset publicly available (link listed in Appendix E).
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6.2.1 Data Source Selection. Now, the question arises that what we can use as the

source of our data. We chose to collect data that has multimodal information (e.g. text, image,

etc.). Again, the focus application area of this research is the social networking sites. Therefore,

we evaluated several social networking sites. Facebook, which has the largest number of users

from around the world, allows posts with different modes of data. Many of these posts happen

with public view settings. Therefore, in the regard of data collection, we considered Facebook as

a good and viable source of data.

The next challenge is to know the differentiation of categories of posts–sarcastic, and

non-sarcastic. While independently labeling data by researchers or by crowdsourcing is a com-

mon and popular approach for dataset preparation, we used self-annotation on posts. Many pre-

vious works used hashtags (e.g. #sarcasm) as indicator of self-annotation of sarcasm on twit-

ter. We extended that using similar words with snowball sampling while collecting our image-

based dataset. However, instead of using snowball sampling [35], in this phase, we adopted word-

embedding for choosing the potential similar words. We consider the word “sarcasm” and “infor-

mation” as representative of sarcasm and non-sarcasm classes respectively. We used word2vec

model to identify potential synonyms of the word “sarcasm” based on their embeddings or vector

representations. Details about this process has been discussed in chapter 4.

Facebook offers a variety of privacy settings for posts at individual users-level, and the

users might want to change their privacy setting for a particular post that will not be reflected in

a collected dataset. Again, collection of these posts from individual users depend on the connec-

tions of researchers’ social connections on Facebook. Thus, the value of posts from individual

users decays for collecting research oriented datasets. On the other hand, posts from Facebook

pages are publicly viewable. However, to put a response to an existing post or to post a new con-

tent, one has to have an account with Facebook. Nevertheless, anyone can view these posts. Pub-

lic posts from Facebook pages have multiple modes of data (e.g., text, images, reaction emoti-

cons, etc.). Thus, these satisfy our criteria for data collection.

We chose several Facebook pages for collecting public contents posted by those. All
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pages we selected had at least one million followers. We decided on this threshold because it

emphasizes that at least one million users on Facebook endorse that these pages are serving a

purpose as their names suggest. For collecting sarcasm class data, we chose the pages that had

the word “sarcasm” or any of its synonyms in their names. We also verified the list of such pages’

contents for validity of our assumption of those publishing sarcastic contents. We consider such

pages as sarcasm related pages. The ten pages we selected for that are following: “Mother of Sar-

casm,” “Sarcasm,” “Sarcasm Society,” “Sarcasm Daily,” “Sarcasm, Because Killing People is il-

legal,” “Sarcasm World,” “I speak sarcasm as a 2nd language,” “Sarcasm Hub,” “Sarcasm Sodal-

ity,” and “Sarcasm Meets Humor.” Now, we need to decide on the pages that can serve as sources

for instances of non-sarcastic posts. It is fair to assume that news related posts are not sarcastic.

Though there are some satirical news portals, and some news sources that are not much reliable,

we can safely argue that mainstream news media do not spread sarcasm as form of news. There-

fore, we considered verified Facebook pages of ten popular mainstream news media as sources

of non-sarcastic posts. The pages that we selected are: “The New York Times,” “Time,” “The

Economist,” “The Economist, Asia,” “The Times of India,” “Hindustan Times,” “BBC News,”

“CNN,” “The Wall Street Journal,” and “Reuters.” The threshold of at least one million followers

created a good distribution in choice of non-sarcastic pages from different parts of the world that

eventually will result in better training.

6.2.2 Collection. We collected the data using Facebook Graph API. Our dataset prepa-

ration time was 1 July, 2018 to 3 July, 2018. This time period is after Facebook adopted the GDPR

guidelines.

For creating a dataset with mutlimodal data, we collected the description, message, im-

ages (if any), reaction emoticons of posts, and comments on those. We did not collect any users’

identifying information. We only collected the information/contents that were posted with “pub-

lic” privacy settings.

At first we collected all data from the date when a page was first created until 1 July,

2018. However, among all the modes of data associated with any post, reaction emoticons are rel-
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atively new. It was first introduced as a feature in Facebook on February 24, 2016. Thus, posts

before that time does not have this information unless a handful group of users decided to re-

visit any particular post. Again, it is reasonable to assume that after first launch, users might need

some time to get familiar with a new feature. Hence, we consider the rest of February 2016 as a

period for users to get familiar with reaction emoticons. Therefore, while preparing the dataset,

we preserved the contents posted after February 2016.

In total, we collected 20,120 instances of sarcasm category posts, and 21,230 instances of

non-sarcasm category posts. Our dataset with 48.65% sarcastic posts, and 51.35% non-sarcastic

posts in it can be identified as a balanced dataset. All of these posts had a set of reaction emoti-

cons, and description/message associated with it while a large portion of those (98.26%) included

images.

6.3 Methodology

In our multimodal dataset, there are three modes of data. These are: text, images, and re-

actions numeric (see Figure 6.4(a)). Now, let us discuss from where these data come from in a

Facebook post. As we discussed in the background section in this chapter 6.1, each Facebook

post has a description (labeled 3 in Figure 6.4(a)) or a message (labeled 1 in Figure 6.4(a) or

both). Usually, a post also receives one or more comments (labeled 5 in Figure 6.4(a)). Though

posts without any comments might be seen, it is not the common scenario since comments are the

one of the main ways to interact on a public post on Facebook. For most posts, there is an image

associated with it (labeled 2 in Figure 6.4(a)). Just like as comments, a post on Facebook usually

receives different reaction emoticons from the users who want to interact on the post (labeled 4 in

Figure 6.4(a)). Facebook has a pre-defined set of reaction emoticons available on their platform

(see Figure 6.1).

Both the original post and comments can be made up with combination of text, images,

videos, and reaction emoticons. Facebook also allows users to use react emoticons, comments

(called replies), and share (except certain cases) on an existing comments itself. Thus, a com-
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(a) (b)

Figure 6.4: (a) Sample of a Facebook post. (1) Message of the post; (2) Image of the post; (3)
Description of the post; (4) Count of users’ reactions to the post; (5) Users’ comments on the
post. (b)Symmetric structure of posts and comments. Replies are excluded for making the system
work with both post and comments separately.

ment on a post can be thought to be a post itself, and Facebook assigns an unique ID for each

post or comment. In our study, we used this concept of symmetric nature of post and comment.

If we consider a comment to be a post, replies can be considered as comments on it. Since our

objective in this phase is to detect posts that convey sarcastic intent, we wanted the approach to

be applicable to comments as well. We excluded the replies (shown with red color shaded area in

Figure 6.4(b)) from our computation while working with the original posts so that those can be

treated as parts of a comment (second level post), and thus, a symmetric pattern emerges.

We hypothesize that the message/description, image or any other part of the post might

not be sarcastic on its own, however all together, they might convey sarcasm. In this phase, we

are trying to study whether a post as a whole conveys sarcasm.
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6.3.1 Pre-processing Reaction Data in Facebook Posts. A concern is that the re-

actions received on a post varies with the reach of that post, i.e., to how many users Facebook

showed that post. Since the algorithm that Facebook uses to organize end-users’ newsfeed is not

known, there have been some studies to study users’ reasoning in this regard [37, 81]. These stud-

ies present some perspectives: reach of a post depends on who posted that online, how old the

account from which that content was posted, how much response the previous posts from that ac-

count received. Taking these factors into account, we chose to use normalization to eliminate the

factor of the age and popularity of the account to post the contents and time of post. We divided

the number of each reaction emoticon received by the total number of received reactions on each

post to remove the bias created by the post’s reach.

6.3.2 Sentiment Analysis of Text Data of Facebook Posts. Existing works suggest

that sentiment can be a useful factor in sarcasm detection [9, 20, 24]. We also used sentiment

of text data as a component in our multimodal system. For this, we considered two properties:

subjectivity and polarity of textual data. Unlike our work in chapter 4, we did not use IBM Tone

Analyzer based emotional trajectory approach in this phase because most of the text information

(e.g., description, message) are short, and have one to only few sentences that might not be useful

to form a wave-like trajectory of tones.

Subjectivity means the characteristics of text to express a user’s sentiment, feeling, or

opinion. Thus, the subjectivity value of a piece of text represents how much sentiment related

information is available with that text. Polarity denotes whether the text information yields pos-

itive or negative sentiment. There are several sentiment analysis tools available, for example,

TextBlob [60] and Vader [82]. We used TextBlob for determining subjectivity, and polarity. Us-

ing this tool, subjectivity is measured in a scale of [0, 1], where a text with subjectivity equals

or near to zero does not contain much information about a user’s feelings (e.g., names of user’s

friends tagged as text in comment section of a post). On the other hand, polarity is measured in

a scale of [-1, 1], where a text that has a polarity value less than zero is expected to have a neg-

ative sentiment, while a greater than zero value of polarity means the text writer user’s positive
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sentiment. To understand subjectivity and polarity better, we use a comparison between senti-

ment analysis output for two different statements. Let us assume, our two statements are: text1 =

“Bangladesh is a small country”, text2 = “Bangladesh is a beautiful country”. It is safe to say that

text2 is more expressive about one’s feelings about a country, Bangladesh. This is also reflected

by the output from TextBlob sentiment analysis – text2 having higher subjectivity than text1

(1.0 > 0.4), and text2 being more positive statement than text1 (polarity 0.85 > polarity 0.25).

Though message, description, caption of image, and comments – all are text based data,

there is a difference between comments and the former three. Whereas a post can have at most

one for each of these – description, message, and caption of image, a post can have more than

one comment. Therefore, for the former three data sources, we can have only one polarity value.

We determined the polarity and subjectivity of the text for these. Thus, we got sentiment based

features values from textual data. For calculating the features value for all comments in a post

overall, we calculated the sum of subjectivity scores, sum of all positive sentiments (when po-

larity >0), sum of all negative sentiments(when polarity <0) of all comments to obtain them as

three individual features.

6.3.3 Utilizing Image Data in Facebook Posts. We used two aspects of image data

included in a Facebook post. We used visual cues in images to know the probability of that be-

ing sarcastic. Second, we used the semantic representation of the images to compare against the

textual information available along with it in the post.

6.3.3.1 Sarcastic Visual Cues Detection. We argued and presented our experiment on

how visual cues in images can be used to identify sarcastic images in chapter 5, and in Das et

al. [72]. We used our CNN-based sarcasm detection model that can detect sarcasm using an im-

age’s visual cues with 84% accuracy. If a post does not have a description or message associated

with it, the image becomes the only content posted by the user and a major medium for determin-

ing whether the post has a sarcastic intent. We pass images associated with each post through the

CNN, developed and trained with our Yahoo Flickr Sarcasm (YFS) dataset, to get the probability

of that image to have sarcastic cues in it. We call this value the “CNN score”.
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6.3.3.2 Auto-Caption Generation. Schifanella et al. [33] discussed the importance of

considering visual and textual aspects of contents on social media to detect sarcasm in them.

They used semantic representation of the images only. However, a potential flaw of such repre-

sentation is that it is less capable to express the sentiment expressed by the image. We argue that

an image caption can both provide semantic representation and provide us with a hint about the

sentiment expressed by the image. As we discussed earlier, sentiment is important information

for sarcasm detection.

For automatically generating captions for images, we used the model proposed by Vinyals

et al. [2]. We trained the model using the COCO dataset [83]. Our training dataset for this Show-

and-Tell image captioning component had 118K images of total size 18 GB, and the validation

dataset had 5K images of total size 1 GB. We also used the corresponding annotation data from

their website http://cocodataset.org of size 1.1 GB and 821 MB respectively. We lim-

ited the maximum token count of auto generated caption up to 30.

With the help of this auto-caption generation component, each image now has one model-

generated caption. Besides, each image might have a user-assigned caption with it as message/de-

scription. We can hypothesize that for a non-sarcastic post, the sentiment in user-assigned cap-

tion and the auto-generated caption will be almost same. On the contrary, for a sarcastic post, the

user-assigned caption and the auto-generated caption are likely to have sentiments of opposite

polarities. For example, let’s assume a post has a user-assigned caption: “I had a WONDERFUL

day!”, and it has an image associated with it of a crying person. We can easily understand that we

discussing about an instance of sarcastic post. For the image in this post, the auto-caption gen-

eration component is likely to generate a caption like this: “A person is crying”. Here, positive

sentiment in the user-assigned caption, and negative sentiment in the auto-generated caption have

two different polarities that is likely to be a useful hint for classifying sarcasm and non-sarcasm

categories of posts.

6.3.4 Model Training. From our collected dataset, we calculated values of sixteen fea-

tures listed in Table 6.1 for each data instance. For any possible missing value of a feature (e.g.,
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unavailable values of auto caption polarity, subjectivity, CNN score if there is no image contained

in that post), we used the average value of that feature as the placeholder/representing value. A

diagram of our multimodal sarcasm detection feature extraction system is shown in Figure 6.5.

Figure 6.5: Feature value extraction for multimodal SNS post for sarcasm detection.

We used ten-fold cross validation for validating our models. We used five supervised ma-

chine learning algorithms as follows: support vector machines (SVM) with linear kernel; two en-

semble algorithms: Ada Boost with Decision Tree classifier of depth 1 and Random Forest; Multi

Layer Perceptron (MLP); and Gaussian Naı̈ve Bayes. A high level overview of the model training

process can be presented as in Figure 6.6.
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Figure 6.6: Supervised Model Training Process and Usage Diagram

6.4 Results

Evaluation of our system has two parts. Since we discussed a multimodal system based

approach to sarcasm detection in this chapter, it is imperative to know which feature contribute

to what amount to decide on the classification of the posts, besides the performances of different

models. While presenting the performances of different models, we also present reasoning behind

the algorithms’ performances.

6.4.1 Contribution from Different Features. In total, the system uses sixteen dif-

ferent features to classify a post whether it is sarcastic or non-sarcastic. Among these features,

only counts of reaction emoticons (like, love, haha, wow, sad, angry) are specific to the platfor-

m/source of our data collection (Facebook). The rest of the features are general to any social net-

working site. To rank the features according to their contribution, entropy based information gain

can be used. The higher the information gain for one feature, the more it might be useful for clas-

sification machine learning algorithms [84, 85]. Table 6.1 shows the entropy based information

gains for the features used by the system.

Here, we can see that the distributions of reaction emoticons is highly useful while decid-

ing the class of a post on Facebook. High information gain for most of the features’ values in that

mode of data tells us that posts in sarcasm and non-sarcasm classes have different distributions

in the reaction emoticons they receive, while the distribution is mostly similar for posts in the

same class. Again, we can see the features sourced from comments have high information gain,

i.e., more usefulness to classification of posts. This reemphasizes our observation in qualitative
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Table 6.1: Information gains of features

Mode of Data Feature Information Gain

Reaction emoticons1

angry 0.3217
haha 0.4904
like 0.5534
love 0.4275
sad 0.3328
wow 0.4493

Image
auto caption polarity 0.0174
auto caption subjectivity 0.0173
CNN score 0.0263

Text

comments negativity 0.2503
comments positivity 0.4185
comments subjectivity 0.4626
description polarity 0.0237
description subjectivity 0.0253
message polarity 0.1825
message subjectivity 0.2044

study that comments help understand the context of the posts while trying to identify if a post is

sarcastic or not. In fact, value wise, comments subjectivity has the third to the highest informa-

tion gain. Again, messages associated with posts have a useful role in this classification task. If

we look at the information gain of the image based features, we have a reasonable observation.

While CNN score of the images have a moderate usefulness to understand whether a Facebook

post is sarcastic or not, auto caption polarity and auto caption subjectivity are not as useful as it.

In fact, these two features are the least two useful features in our system. A possible explanation

behind this might be that as the image caption generation model is a comparatively new and less

developed area, and there is no definitive way to measure the performance of such a caption gen-

eration model, this component of our system cannot be guaranteed to be fully optimized. Thus,

the feature contributions from this component might not be as useful as the other features used in

the system.

6.4.2 Performances of Models. We present the accuracies of the five algorithms men-

tioned in the previous section in Table 6.2. We also used some stochastic algorithms that rely on

some randomization inherently. Therefore, we repeated those algorithms 25 times, and calculated
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their mean accuracy to present more reliable measure. We can identify the stochastic algorithms

by their non-zero value of standard deviation in the table.

Table 6.2: Applied machine learning algorithms, accuracies with standard deviations

Algorithm Accuracy Standard Deviation
Ada Boost 90.61 0.00
Gaussian Naı̈ve Bayes 73.66 0.00
Multi Layer Perceptron (MLP) 92.06 0.19
Random Forest 93.11 0.196
Support Vector Machine (SVM) 88.39 0.00

In this phase of our study, we used a bag-of-features approach. Usually in such approach,

ensemble machine learning algorithms perform well. In this algorithm family, a weak classifier

can be trained using each feature in our system. Using the gathered decisions of all weak classi-

fier, we can expect to get a more robust and accurate prediction from a good high level ensemble

classifier. This is also reflected by the performances of the two ensemble algorithms we used –

Random Forest and Ada Boost. Both of these showed convincing performances (>90%) for sar-

casm detection. Again, we also evaluated the performance of a multi layer perceptron (MLP) for

the task of sarcasm detection. Since we are using a supervised approach for sarcasm detection,

and we already have some deep neural network based components in earlier stages of our multi-

modal system, we used an MLP with a small number of layers and nodes. Despite limited num-

ber of layers and nodes, the MLP based approach performed well with >90% accuracy. However,

the performance of SVM is not as good as the ensemble based and MLP based approaches. As

we discussed earlier, nav̈e Bayes is a family of algorithms and widely used for text classifica-

tion, and sentiment data analysis. We also saw its applicability in the text-based approach chap-

ter. Since the features used by our multimodal system have continuous values, we chose to use

Gaussian Naı̈ve Bayes algorithm. However, among all the algorithms that we used for supervised

approach to sarcasm detection, this performed the worst.
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6.5 Discussion

Performances of our multimodal models showed the superiority of a multimodal approach

over unimodal ones. We achieved highest 93.11% accuracy (std. dev. = 0.196) with random for-

est classifier using multimodal data [86]. It is higher than accuracies of both of our text-based

approaches – tone-based model (82.5%) and improved naı̈ve Bayes based model (75.8%). Mul-

timodal approach has also achieved higher accuracy than only image based approach (84%). Our

experimental result supports our qualitative finding.

Since we utilized only three modes of data and these made the sarcasm detection ap-

proach more robust, a future direction can be inclusion of more modalities into the system for

better performance.
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7 RECREATING AND STUDYING THE ATTENTION MODEL OF SARCASM IN

VIDEOS

Our participants during the qualitative study agreed that sarcasm helps a particular content

get popular on social media. According to them, it works as a cycle – a particular content gets

popularity, that content is used as template for other new sarcastic posts, the template gets more

popularity, and it goes so on. We also observed similar trends in our image based model training

results. Thus, we became interested to study if similar trend exists for videos and what are the

objects that are usually looked at in sarcastic videos. In short, we were intrigued to study the at-

tention model of human users in sarcastic videos. We used two deep learning based approaches –

regression and semantic segmentation to experiment whether we can replicate the attention model

of human user with deep learning. We also studied what are the objects that are looked for while

being attentive to sarcastic videos.

In this chapter, at first we discuss some background about deep learning concepts. Then

we discuss data collection process and our experiment methodologies. Finally, we reflect on our

findings about the attention model in sarcastic videos and usability of deep learning in this con-

text.

7.1 Background

7.1.1 Regression. Regression is a supervised learning approach that tries to estimate a

real value for given input. It tries to find out a real valued function between a set of independent

variables and a set of (usually one) dependent variable(s). There are three types of regressions.

1. Simple regression model attempts to fit a linear regression model with a single independent

variable.

2. Multiple regression model attempts to predict a dependent variable based on the values of

two or more independent variables.
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3. Multi-target regression model attempts to predict multiple dependent variables on values of

a set of independent variables.

7.1.2 Semantic Segmentation. Semantic Segmentation [87] is the process of assigning

a label to every pixel in an image such that pixels with the same label share certain characteris-

tics. From a classification perspective, a single class is assigned to the whole image. In our case,

all the image frames belong to a single class of sarcasm. However, attention wise, the pixels in

these frames can be assigned to different classes: gazed (attention given pixels) and non-gazed

(not attention given pixels). Semantic segmentation classifies every pixel of the image to one of

these classes.

7.2 Dataset Preparation

We collected and prepared our own video-based dataset. Then we recorded the gaze points

and generated the corresponding gaze videos. We also processed the video data in ways that

would be useful as inputs to neural network-based architectures.

7.2.1 Video Data Collection. We collected 50 short sarcastic video clips from popular

TV series: Friends (20), Silicon Valley (10), The Big Bang Theory (10), and Two and a Half Men

(10). All the videos were collected from YouTube. All videos were tagged with “sarcasm”. As a

double checking on the labeling on the data, the student researcher and another student helping

in labeling of the data agreed upon whether the video contained sarcasm or if it was only enter-

taining. To abide by the limitation imposed by the gaze recording software (discussed later in this

section), we only used video clips that are up to 1 minute in length. However, we also ensured

that the sarcastic incident in the video had enough context information in the video. This created

a variation in the lengths of our collected videos ranging from 45 seconds to 1 minute.

7.2.2 Gaze Labeling of the Data. Like many supervised learning approach-based stud-

ies, we needed to label our dataset. In our case, these labels were gaze points of a person on the

videos. There are two ways to record these gaze points: dedicated hardware based or a webcam

based.
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The Tobii eye tracker is popular among the affective computing community for its higher

precision. However, due to their high cost, many studies utilize webcam-based solutions like

Gaze Recorder, Ogama, or Gaze Parser.

In our experiment, we used Gaze Recorder. This software package allows users to config-

ure several settings including degrees of field of view (FOV), resolutions, gender, adaptive/non-

adaptive extend time during static scenes, and how much change in frames would be enough to

consider a frame as a new one. In this software, one needs to record gaze data in this order: start

camera→ initialize face→ calibrate gaze→ play video→ record→ generate results. Figure 7.1

shows the interface and settings of the Gaze Recorder software.

Figure 7.1: Interface and available configurations of Gaze Recorder

After we recorded the gaze points for all videos, we ended up with a collection of pairs of

videos with 50 original videos and 50 gaze labeled videos. Figure 7.2 shows an example pair of

frames from original and gaze labeled videos.

Figure 7.2: Example pair of frames from original and gaze labeled videos.

7.2.3 Locating the Gaze Point. We located gaze points in the frames of gaze labeled

videos by subtraction. For any frame after the first one, subtraction result of each frame and the

previous one of that frame gives the gaze point. Though this approach works well for most cases,
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this faces issues when there is sudden and drastic changes in video frames. We call the result

frame obtained in this way as subtracted gaze frame, as shown in Figure 7.3. In heat map, Red

denotes the region where the spectator gazed for a longer time, and green for short period of time.

7.2.4 Preparing Final Dataset. At this stage, original video and the result video with

gaze points had different fps for Adaptive FPS due to (a) not enough frame change, and (b) ambi-

ent lighting. This resulted in unequal numbers of frames generated from original videos and gaze

recorded videos. We discarded frames from the videos with larger fps keeping the ratio between

the numbers of read frames from original and gaze video equal to 1.0. Then we passed each sub-

tracted gaze frame for finding the gaze point coordinates.

In end dataset, we have 31,307 frames in total. Each frame has a size 1536 x 864. The

frames are in RGB having values ranging 0-255. We could not scale the RGB values in [0, 1]

range because of memory constraints of the used GPU since usual OpenCV unsigned integer

frames have a size of 1 byte per pixel per channel whereas converting frames into scale of 0-1,

i.e. float requires 4 bytes per pixel per channel. Thus, this increases the memory requirement by

four times.

7.3 Methodologies

7.3.1 Regression Based Approach.

7.3.1.1 Calculating the Gaze Point Coordinates. To find the gaze center, we first try to

use a popular OpenCV HoughCircle function [88]. It takes an image as an input and return all the

existing circle in the image. However, when we try with our image it does not return any circle.

After careful analysis, we find out few issues that are the more likely reasons for HoughCircle

function not returning any circles. First, most of the input images do not contain proper circular

shape as shown in Figure 7.3(a). They are often half circular shape. Second, different color circle

overlapped with one another. Third, image quality was poor.

Next we try with depth first search for finding out circle. But it failed when the image

contains circles that have discontinues RGB value as shown in Figure 7.3(b).
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(a) (b)

Figure 7.3: (a) Example of half circle shaped gaze points that could not be detected by Hough-
Circle function (b) Example of discontinuous RGB areas that could not be located correctly with
DFS.

Finally, we come up with our own approach for finding circle in the image. First, we fig-

ure out which color circle we are searching. After RGB value calibration, we understand that all

the images contain three colored color. Their RGB values are following: Red (R >60, G <10, B

<10), Green (G >60, R <10, B <10), Blue (B >60, G <10, R <10). We come up with a sim-

ple approach called first and last point finding. We scan each image row by row and keep the first

and last point of the desired color. Then using those two points as a diameter of a circle we draw

circle. Our result shows that our algorithm can detect circle with a very good accuracy.

7.3.1.2 Regression Network. To convert a traditional image classification CNN to a

image regression CNN, we needed to do the followings:

• Remove the fully-connected softmax classifier layer typically used for classification

• Replace it with a fully-connected layer with a single node along with a linear activation

function.

• Train the model with a continuous value prediction loss function such as mean squared

error, mean absolute error, mean absolute percentage error, etc. We used root mean square

in our experiment, customizing it to handle two variables (x, y) as parameters.

At first, we started with a network written from scratch. The inputs to the network were

original video frames and gaze center points coordinates. We used standard data augmentation

techniques like shearing, zooming, etc. We optimized the network using Adam with learning
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rate = 0.003, decay = 1e-3/200. We trained the network on NVIDIA 1060 using 20 epochs. How-

ever, we did not achieve much promising values of RMSE metric. Therefore, we turned to trans-

fer learning. We used VGG-16 as the backbone network with their trained weights on ImageNet

dataset [89]. After 20 epochs, we achieved performance as in Figure 7.4 and Table 7.1:

Figure 7.4: Performance graph of transfer learning with VGG-16 for recreating the sarcasm
attention model.

Table 7.1: Performance of regression approach for recreating attention model of sarcasm

metric score
loss 29406.0408
rmse 666.9297

As evident by the large value of RMSE, we can understand that the regression based ap-

proach might not be well suited for recreating attention model of sarcasm. We also looked at the

changes of the rmse and loss value with increasing epochs. The values were not decreasing with

epochs by any considerable amount, if they were improving at all. We took this as an indication

that allowing the network for more epochs might not help us to achieve better performance.
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7.3.2 Semantic Segmentation Based Approach. While locating gaze points by sub-

tracting subsequent frames, we removed the non-gazed areas of frames as background. The gazed

regions of frames can be thought as one segment, and the non-gazed regions as another. We used

black and white colors for binary labeling of pixels to have semantic segmented images.

We used 25,308 frames from first 40 videos in our dataset for training and 5,999 frames

from rest 10 videos for testing. Besides, we also used standard data augmentation methods.

We started with a pre-written U-net from a github repository1. The inputs to the network

were original video frames and binary colored segmented video frames. We optimized the net-

work using Adam with learning rate 0.004. We used binary cross entropy loss function and accu-

racy as metric for training the network. At first, we trained the network with 20 epochs and 300

steps per epoch. This did not give us satisfactory performance. The prediction for all test images

contained random black and white pixels resulting noisy gray images as outputs. Then we in-

creased the epoch to 50. This helped improve our performance. After 50 epochs, our results are

as in Figure 7.5 and Table 7.2:

Figure 7.5: Performance graph of semantic segmentation approach for recreating the attention
model of sarcasm in videos.

Though metric-wise, these results seem promising, when we looked at the prediction by

1https://github.com/zhixuhao/unet
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Table 7.2: Performance of semantic segmentation based approach for recreating attention model
of sarcasm

metric score
loss 0.1781
accuracy 0.9542

the network as images, as in Figure 7.6, we can see the networks performance was not enough to

pinpoint the gaze point. Rather it identifies a larger area as the attention area that includes both

the original gaze point area and also some non-gazed or non-attention gained background areas.

(a) (b) (c)

Figure 7.6: Performance of semantic segmentation approach as images (a) original output (b)
inverted output (c) inverted output with increased contrast for better view.

7.3.3 Object Location and Distance Based Approach. We did not obtain promis-

ing performance from our regression based approach. Though the semantic segmentation based

approach achieved numerically promising result, it was not easily comprehensible and also has

room for improvement. At this stage, we modeled the experiment in a different way. We wanted

to see what objects are often looked for in a sarcastic video. In other words, what are the objects

that are often close to the gaze points on the videos.

We passed the original frames in the dataset to a YOLO object detection model [90]. We

identified the objects in the frames with their corresponding locations. YOLO can detect 80 dif-

ferent objects. If there is no object in a frame that can be detected by a YOLO network, we used

a default object “unidentified” with default location (0, 0). If the frame had multiple objects that

YOLO model can identify, we saved all of the objects and their locations.

We calculated the center coordinates of gaze points as described in our regression based
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approach subsection. Then, we calculated which object’s location is the closest to the center

of gaze point for a particular frame. We showed the top five objects that are seen near the gaze

points in sarcastic videos, in Table 7.3.

Table 7.3: Top five objects that were closest to the gaze center points

Object In how many frames it was
the closest to the gaze center

Person 25,662
Unidentified 1,247
Refrigerator 704
Sofa 535
Tie 412

7.4 Discussion

Our experiment with deep learning in attempt to understand the attention model of users

in sarcastic videos has two folds – first, we wanted to recreate the attention model with regres-

sion and semantic segmentation; second, we studied what objects are often looked at in sarcas-

tic videos. Our experiment suggests that semantic segmentation has more potential to recreate

the attention model of sarcasm than regression based approach. Our experiment with attention

model in videos also showed contradictory results to our image based sarcasm detection ap-

proach. While our image based sarcasm detection approach showed human as a non-sarcasm

object, our attention model based experiment result says, humans are the centers of gaze in most

sarcastic video frames. However, there is a threat to the experiment conducted in this phase. We

used video clips from directed TV series that might be very different from the real life occur-

rences of sarcasm that are more likely to be seen on social media. This might be the reason of the

contradiction between the results from our two experiments.
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8 CONCLUSION

Social networking sites (SNSs) are popular among users of different age, nationality, cul-

tures, and languages. The availability of large amounts of user interaction data has also boosted

sentiment analysis research. Despite major breakthroughs in affective computing, sarcasm is a

less studied area. In this thesis, we focused on sarcasm detection and satire in several domains.

Unlike the previous works in sarcasm detection on social media that used only one mode of data,

mostly text, we experimented on the potentials of several modes of data, e.g. text, image, and

then came up with a multimodal approach to detect sarcasm on SNSs. Our multimodal approach

is backed up with a qualitative study with a group of participants recruited from two different

countries speaking two different languages. Our study shows the superior performance of mul-

timodal model over traditional unimodal approaches for sarcasm detection. We made our code

publicly available as well (See in Appendix F).

8.1 Design Implications

It is imperative for any human-computer interaction research to suggest design implica-

tions from the findings of the study. With our problem of sarcasm detection on online platforms,

we discuss design implications in this section. SNS developers can consider these to incorporate

into their platforms to improve user experience.

8.1.1 Social Networking Sites Design. SNSs by their very nature utilize persuasive

design to engage more and more users on their platforms. In order to understand effective persua-

sive designs, we need to understand human behavior model. We discuss the persuasive nature of

SNSs using a seminal work, Fogg Behavior Model (FBM) [91].

According to FBM, to persuade a user do a target behavior, he/she must (1) have suffi-

cient motivation, (2) have enough ability, and (3) be triggered to perform it. We can assume that

a large number of users of SNSs in general have sufficient motivation to interact with other users

because interaction is the fundamental reason of users joining an SNS platform. However, the
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ability of a user to interact with others depends on various factors. For example, there are some

basic ability needs from the users like being able to read and write in English (or in his/her lan-

guage if it is supported by that particular platform). Besides there are some abilities that users can

acquire only over time by using a platform as different SNS platforms organizes their features

differently according to the demand of their user-base.

For sarcasm detection on social media, the motivation for users can be described as inter-

acting with users. However, since there are users on these platforms who are not always familiar

with each other, and yet communicate with each other through posts, reactions, and comments, a

difference of ability among them to understand others’ posts and intentions of those posts arises

due to their variation of experience–both online and real-life (e.g., cultural, social, national, etc.).

Our qualitative study suggests that people unfamiliar with each other often misunderstand sar-

casm, especially if they are from different countries and cultural backgrounds. Again, both our

qualitative study and Phillips et al. [92] suggest that older adults have difficulty in understand-

ing sarcasm. Older adults are often new users to SNS platforms, and so they lack experience with

these. Thus, we can say they might have difficulty to distinguish between sarcasm and general

statements in an SNS post.

According to FBM, there are three kinds of triggers called spark, facilitator, and signal.

Among those, facilitator is highly appropriate in persuasive design when users have enough mo-

tivation but lack ability. In our case, the inexperienced users have motivation to interact on social

media but they might not have ability to recognize sarcastic content. An effective facilitator trig-

ger tells users that the target behavior is easy to achieve, i.e., users will not need any further re-

sources or ability. This facilitator can be in form of a text, video, graphics, etc. We suggest that if

we can offer a feature on SNS platforms to suggest users whether a post might be sarcastic or not,

it will help inexperienced users to be cautious about interaction on the post, and also help them

to get accustomed with the platform they are using. However, for experienced social media users

it might seem to be an overhead. Hence, the option to enable/disable this feature at user’s own

discretion should be available.
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8.1.2 Natural Language Processing, Understanding, and Generation Tasks. Natural

language processing (NLP) means when an ML model converts unstructured text input data to

structured data. Computers being able to understand captured textual/statistical data is termed

as natural language understanding (NLU). When ML models can convert structured data into

text and write, i.e., generate information in human language is called natural language generation

(NLG).

We used many NLP techniques in our study. We will discuss how our findings can be

used to complement NLG tasks. Therefore, we believe a little further elaboration of NLG task

is in order. NLG in fact depends on NLU and NLP. NLG in application is well-known and well-

used for following two purposes: automation of content generation and data delivery in an ex-

pected format. For example, a widely seen application of NLG is to produce textual weather fore-

cast reports from input weather data. This can reduce human involvement for trivial tasks.

The scenario that we are going to discuss for NLG is related to auto-replier or chatbot.

Chatbots or chatbot-like systems have gained much popularity in online platforms. For example,

chatbot-like systems in social media apps suggest some potential replies based on immediate pre-

vious sections of a conversation. Again, chatbots deployed in e-commerce sites can take care of

replying to trivial positive/negative customer reviews. Let’s consider the following two scenarios

in Table 8.1. As we can see, the auto-replier system tries to understand the overall general senti-

ment in the customer review using NLP techniques like sentiment analysis. Then, in NLG phase,

if the sentiment in the review is positive, it replies with a general thank-you statement. On the

other hand, if the review is negative, the system generates an apologetic reply.

Now, let us consider the following review in Table 8.2. As we can see, this review con-

sists of a text review saying “Thank you for your WONDERFUL service!”, and an image of

a broken luggage wheel. We can easily understand that this is, in fact, a negative review that

was presented sarcastically. If we consider only the text part of this review, using common NLP

sentiment analysis, we will be misled to understand the sentiment. For example, when we used

TextBlob [60] sentiment analyzer, it showed the following output.
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Table 8.1: Sample positive and negative reviews, and replies from chatbot-based auto-replier
system.

Sample
positive
review:

I am satisfied with the
service. I received the
product within two
days with ordinary
shipment. They offered
a great price. Defi-
nitely, I’d recommend
ABC company to my
friends.

Sample
negative
review:

Terrible! The product
was broken when I
received it. After or-
dering, I also found
another site that is
offering less price for
the same item. Use
this company only if
you do not love your
money.

Sample
auto-
reply:

Thank you for your
kind words.

Sample
auto-
reply:

We are sorry for your
inconvenience. Our
support team will be
in touch with you for
helping you with our
service.

1 from textblob import TextBlob

2 text1 = TextBlob("Thank you for your WONDERFUL service!")

3 print(text1.sentiment)

4 # output: Sentiment(polarity=1.0, subjectivity=1.0)

That means, a traditional sentiment analyzer is highly confident that this review has much subjec-

tive information (i.e., information about feelings) in it. This is true for most commercial product

reviews. However, the traditional TextBlob sentiment analyzer is fully confident that this is a pos-

itive review. This could have been true if we did not have context information, i.e., information

about the product’s actual quality from the image. That means, despite context information be-

ing available through image, if an auto-replier generates an auto reply like “Thank you.”, that will

not be an appropriate response for this multimodal (text + image) sarcastic review. Thus, we can

safely imagine a potential application of our multimodal approach to sarcasm detection in such

cases.
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Table 8.2: Inappropriate response from auto-replier for a multimodal sarcastic review.

Sample sarcastic review: Thank you for your WONDERFUL service!

Sample auto-reply: Thank you for your kind review.

8.2 Threats to Validity

In any human-centric system that is based on observation of human behavior, it is impor-

tant to consider potential threats to validity. Such considerations can increase confidence in both

the study and the resulting system. This also helps identify and reemphasize the strengths and

weaknesses of the system recognizing the limitations, and corner cases. That means, considera-

tion of threats to validity reemphasizes the scope of the study, redraws the application boundaries

of the system, and paves the ways to future works.

There have been a significant amount of work on what aspects researchers should con-

sider while evaluating threats to validity of a study. Among them, works by Wohlin et al. [93] and

Juristo et al. [94] are considered to be semenal works. In our work, we follow the framework pro-

posed by Wohlin et al. [93]. According to them, there are four main types of threats to validity of

human-centric software studies: conclusion, internal, external, and construct validity.

8.2.1 Conclusion Validity. This validity concerns how sure we can be that the treat-

ment we used in the experiment is related to our observed outcome. In our study, the research

protocols we used are fairly usual for similar research works. At first to study a previously un-

explored problem, we turned to a qualitative study with human users to come up with theories

about the sarcasm detection and expression incidents on social media. Then, we collected data

from social media platforms. We followed standard data preprocessing, model training and val-
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idation methodologies. Thus, we can rule out the probability of the study being associated with

conclusion validity threat.

8.2.2 Internal Validity. Internal validity focuses on how sure we can be that experi-

ment actually caused the outcome. For our qualitative phase of the study, we used grounded the-

ory approach for data analysis. Grounded theory builds themes only from the data collected in

the study instead of relying on existing theories or intuition based hypotheses. Thus, we can en-

sure that the themes emerged at qualitative phase of our study were directly caused by the data

collected during the experiment. The only way the qualitative phase of the study having internal

threat validity is the grounded theory based data analysis being subconsciously impacted by our

personal experience. We tried to keep that to a minimal level. Again, for the big data based model

development phase, we collected the data from social media and used them as training and testing

datasets. The one-to-one relationship between the inputs and outputs of the models in our study

nullifies the internal validity threat.

8.2.3 Construct Validity. Construct validity evaluates the relationship between the the-

ory behind the experiment and the observation. With a view to avoiding this validity threat, we

designed our research approach accordingly. Instead of relying on hypothesis based on intuitions

to design the sarcasm detection model, we chose to proceed with a qualitative study at first. Our

big data based experiment for sarcasm detection on social media and the models resulted by that–

unimodal ones (text, image) and the multimodal one are designed according to the themes that

emerged from the preceding qualitative study. We ensured the participants of our study are so-

cial media users of the major platforms from where we collected the data for training our models.

Thus, we can safely conclude that we addressed the construct validity concern.

8.2.4 External Validity. External validity draws the application boundary of the sys-

tem. In our study, we aimed to develop a sarcasm detection system for contents on social media.

As we have discussed earlier, for in-person communication, people have access to various non-

verbal cues and context information that becomes unavailable or narrowed down for expressing

with a small number of modes of data. This objective of our study determined our participant re-
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cruitment process of social media users, data collection from social medias, and over all, drew the

boundary of application of the system. Though currently our system is designed to accept data

from several popular social media like Facebook, Flickr, Twitter, at this phase, we concern our-

selves with whether we can generalize the results for other social media,

8.3 Future Works

Evaluations of the potentials threats to validity of our study inspires some new directions

for future works of this study.

8.3.1 Generalization to non-English texts. As our qualitative study suggested, there

are ways to convey sarcastic cues with text that are applicable to particular languages. In our text

based analysis section, we utilized the non-English data by translation. Though it allowed us to

validate our model’s and existing model’s performance on a more challenging data, we could not

use the language specific features and cues to improve the model since our model was fed En-

glish translation as input. Exploration of ways to incorporate the language and alphabet specific

cues to improve sarcasm detection can be a future direction.

Our multimodal model relies on the sentiment of the texts as well. To the best of our

knowledge, sentiment analysis for non-English language is not well developed. Inclusion of

working non-English sentiment analyzer will help the multimodal sarcasm detection become

more generalized.

8.3.2 Utilizing High Level Features of Images. In our work, we utilized image as a

source of sarcastic cues. However, we used two types of features of images. First, we investigated

how the visual representation style of images can hint about sarcasm conveyed by a post. Second,

we generated captions for images to get both sentiment and semantic information about the im-

ages. However, as our participants revealed during the qualitative study, the presence of particular

objects or persons in the image or as inset of the image can be a vital cue for an image to contain

sarcastic content. Closer study to identify such high level features of images can be helpful to

detect sarcasm on social media.
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8.3.3 Inclusion of More Modalities. In our work, we showed that multimodal ap-

proach is better than unimodal approach for sarcasm detection. We utilized text, image, and emoti-

cons as major modalities in our system. Though we used videos for our attention model phase

of study, we only used the image channel of video. We did not explore the audio channel as a

modality in our study. It might be interesting to study how audio itself as well as the image chan-

nel as part of video contributes to sarcasm detection or identify the attention model of sarcasm.

Since audio enabled videos can represent more human-like communication on social media, in-

clusion of it is expected to improve the performance of sarcasm detection.

8.3.4 Deployment at User Level. A major outcome of our study is the multimodal

model of sarcasm detection. This model is constructed with generalization to major social net-

working sites in mind. However, since we developed the model for research purpose, it is not

exactly ready for end users. To make it useful for real end users, we can make a web browser ex-

tension that will identify a post’s probability of being sarcastic. This web browser based solution

may pose privacy concerns. For this reason, a website based solution that can do the same proba-

bility calculation as browser extension given a link to a social media post might be preferred. Our

developed model can serve as the backend engine for both of these end-users solutions.
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Appendix A. IRB Approval Letter

To:

Anthony Clark

Computer Science

RE: Notice of IRB Approval

Submission Type: Initial

Study #: IRB-FY2018-700

Study Title: Sarcasm Detection on Social Media

Decision: Approved

Approval Date: November 9, 2018

Expiration Date: November 9, 2019

This submission has been approved by the Missouri State University Institutional Review

Board (IRB) for the period indicated.

Federal regulations require that all research be reviewed at least annually. It is the Prin-

cipal Investigators responsibility to submit for renewal and obtain approval before the expira-

tion date. You may not continue any research activity beyond the expiration date without IRB

approval. Failure to receive approval for continuation before the expiration date will result in au-

tomatic termination of the approval for this study on the expiration date.

You are required to obtain IRB approval for any changes to any aspect of this study before
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they can be implemented. Should any adverse event or unanticipated problem involving risks to

subjects or others occur it must be reported immediately to the IRB.

This study was reviewed in accordance with federal regulations governing human subjects

research, including those found at 45 CFR 46 (Common Rule), 45 CFR 164 (HIPAA), 21 CFR 50

& 56 (FDA), and 40 CFR 26 (EPA), where applicable.

Researchers Associated with this Project:

PI: Anthony Clark

Co-PI:

Primary Contact: Dipto Das

Other Investigators: Dipto Das, Anthony Clark
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Appendix B. Recruitment Flyer

Missouri State University

Sarcasm Detection on Social Media

Participants Wanted for a Research Study

This research aims to find out the patterns of contents that users post on social media with

sarcastic intents. We will ask the participants how they structure the posts they share on social

media by which they want to convey a sarcastic message and how they detect sarcasm in the con-

tents shared by other users both in cases when they do and do not have enough context informa-

tion. This research will not collect any identifiable information from the participants. The infor-

mation collected from the participants will only be used by the researchers for the sole purpose of

research. The research does not have any commercial objective or goal.

The participants of this study are expected to be active users (using for at least 5-7 hours

per week) of social media (e.g., Facebook, Twitter, and etc.). The participants will be required to

attend one session of interview with the following researchers of about 30 minutes. Participation

in this study is voluntary i.e., a participants can leave the interview at any point if he/she wants.

To learn more about this research, you can contact the following person:

Dipto Das,

Graduate student,

ARCS Lab, Computer Science (CSC),

Missouri State University

Email: dipto175@live.missouristate.edu

This research is conducted under the direction of Dr. Anthony J. Clark, Computer Sci-

ence, Missouri State University.
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Appendix C. Inform Consent Form

Informed Consent

Sarcasm Detection on Social Media

TITLE OF STUDY

Sarcasm Detection on Social Media

PRINCIPAL INVESTIGATOR

Dr. Anthony Clark

Computer Science Department

Cheek 307

(417) 836 - 5438

AnthonyClark@MissouriState.edu

PURPOSE OF STUDY

You are being asked to take part in a research study. Before you decide to participate in

this study, it is important that you understand why the research is being done and what it will in-

volve. Please read the following information carefully. Please ask the researcher if there is any-

thing that is not clear or if you need more information.

The purposes of this study are to discover the structure of sarcastic posts on social net-

working sites and the methods users use to identify sarcasm on such platforms.

STUDY PROCEDURES

You will be asked questions about your behavior on social networking sites, particularly

as it relates to sarcasm. For example, how do you identify that a post on a social networking site

is sarcastic; how do you understand the differences between a sarcastic and a non-sarcastic post;

and how do you construct your posts or contents when you want them to convey sarcastic senti-

ment?

You should be prepared to participate in an interview for approximately 30 minutes. It is

expected that you will only need to participate one such session.
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Interviews will be audio-recorded so that researchers can refer back to conversations that

took place. Researchers will compare responses among participants to identify common themes

of sarcastic posts. Researchers are also interested in a identifying a general method for identify-

ing sarcasm from non-sarcasm on social media sites.

RISKS

You are unlikely to experience any risks.

You may decline to answer any or all questions and you may terminate your involvement

at any time.

BENEFITS

There will be no direct benefit to you for your participation in this study. However, we

hope that the information obtained from this study will help build automated systems to detect

sarcasm on social media sites. This research will provide insights to researches in data science,

recommender systems, and linguistics.

CONFIDENTIALITY

Your responses to the interview will be anonymous. Please do not reveal any identifying

information about yourself during the interview. Every effort will be made by the researcher to

preserve your confidentiality including the following:

• Assigning code names/numbers for participants that will be used on all research notes and

documents,

• Keeping notes, interview transcriptions, and any other identifying participant information

in a locked file cabinet in the personal possession of the researcher, and

• Storing digital recordings of interviews on a password protected computer.

Participant data will be kept confidential except in cases where the researcher is legally obligated

to report specific incidents. These incidents include, but may not be limited to, incidents of abuse

and suicide risk.

CONTACT INFORMATION
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If you have questions at any time about this study, or you experience adverse effects as the

result of participating in this study, you may contact the researcher whose contact information is

provided on the first page. If you have questions regarding your rights as a research participant,

or if problems arise which you do not feel you can discuss with the Primary Investigator, please

contact the Institutional Review Board at (417) 836-8362, ext. 8991.

VOLUNTARY PARTICIPATION

Your participation in this study is voluntary. It is up to you to decide whether or not to

take part in this study. If you decide to take part in this study, you will be asked to sign a consent

form. After you sign the consent form, you are still free to withdraw at any time and without giv-

ing a reason. Withdrawing from this study will not affect the relationship you have, if any, with

the researcher. If you withdraw from the study before data collection is completed, your data will

be returned to you or destroyed.

CONSENT

I have read, and I understand the provided information and have had the opportunity to

ask questions. I understand that my participation is voluntary and that I am free to withdraw at

any time, without giving a reason and without cost. I understand that I will be given a copy of

this consent form. I voluntarily agree to take part in this study.

Participant’s signature Date

Investigator’s signature Date
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Appendix D. Questionnaire for Sarcasm Detection on Social Media Project

Demographic Questions

1. How old are you?

2. What is the level of highest education you attended?

3. What is your occupation?

General questions about participant’s experience with Social Media

1. What social media platforms do you currently use? (e.g., Facebook, Twitter, Instagram,

etc.)

2. What other social media platforms have you heard of, but do not currently use?

3. Why dont you use these other platforms?

4. How long have you been using social media?

5. What kind of content do you prefer on social media?

6. From whom do you prefer to receive posts on social media? (e.g., close friends, family,

acquaintances, pages, etc.)

7. How much time do you spend regularly on social media?

8. With whom do you mostly interact on social media?

Questions about Sarcasm Detection Approach on Social Media

1. How frequently do you see posts that you think are sarcastic?

2. How do you recognize that a post is sarcastic?

3. How important do you think context (e.g., prior conversations, images, etc.) is for detecting

sarcasm?
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4. If enough context information is not available, how do you differentiate sarcastic posts

from non-sarcastic posts?

5. How does sarcasm effect the popularity/reachability of a post?

6. How do you convey sarcasm with your posts?

7. How are sarcastic posts received by others?

8. How do you react to sarcastic posts?

9. How do other users react to sarcastic posts?
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Appendix E. Datasets

1. Yahoo Flickr Sarcasm (YFS) Dataset:

http://bit.ly/yfsdataset

2. Bengali Satire-Fake News Dataset:

http://bit.ly/bengalisatirefakenewsdataset

3. Multimodal Sarcasm Dataset:

http://bit.ly/multimodalsarcasmdataset

4. Sarcasm Video Attention Dataset:

http://bit.ly/sarcasmvideoattention
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Appendix F. Codes

1. Sarcasm detection on Flickr using a CNN:

https://github.com/DiptoDas8/imagenet.git

2. A multimodal (image, text, emoticons)-based approach to sarcasm detection on Facebook:

https://github.com/DiptoDas8/imagetext.git

3. Sarcasm detection in text with narrative trajectory of tones:

https://github.com/DiptoDas8/sarcasmtone.git

4. Analyzing the attention model of sarcasm in videos:

https://github.com/DiptoDas8/sarcasm-attention.git
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