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Определение сарказма
Сарказм – это способ использования слов таким образом, что
буквальное и истинное значение текста являются
противоположными. Как правило, используется с целью
обидеть кого-то или посмеяться над кем-то.

Постановка задачи
Дан текст, необходимо определить присутствует или нет в нем
сарказм.

Основные методы решения

Методы, основанные на машинном обучении

Методы, основанные на лингвистической структуре
сарказма



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment
Analysis and Supervised Learning Approaches
Структура алгоритма

Данный алгоритм состоит из 4 частей:

Анализ тональности

Анализ концептов

Идентификация согласованности

Классификация
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Figure 1: Flowchart of overall process of our method

patterns; this method relies on the syntactic level of
natural language processing.

Ellen et al. (2013) introduce a method to iden-
tify sarcasm in tweets that arises from a contrast be-
tween a positive sentiment referring to a negative
situation. In order to learn phrases corresponding
to positive sentiments and negative situations, this
method uses a bootstrapping algorithm that keeps it-
eration between two steps. The first step is learning
negative situation phrases following positive senti-
ment, where “love” is used as an initial seed word.
Then, the second step will learn positive sentiment
phrases that occur near negative situation phrases.
After multiple iteration processes, the obtained list
of negative situations and positive sentiment phrases
are used to recognize sarcasm in tweets by identi-
fying contexts that contain a positive sentiment in
close proximity (occurring nearby) to a negative sit-
uation phrase. This method relies on the assump-
tion that many sarcastic tweets contains the follow-
ing structure:

[+V ERB PHRASE][�SITUATION PHRASE]

However, the method has some limitations since it
cannot identify sarcasm across multiple sentences.

Coreference resolution is a task in natural lan-
guage processing to identify multiple words or
phrases that refer the same entity such as person,
place or thing. Soon et al. (2001) introduce a ma-
chine learning approach to link coreferring noun
phrases both within and across sentences. They

construct a feature vector consisting of 12 fea-
tures. The features include distance, antecedent pro-
noun, anaphor-pronoun, string matching, definite
noun phrase, demonstrative noun phrase, number
agreement, semantic class agreement, gender agree-
ment, both-proper-names, alias and appositive fea-
tures. Then, a classifier will be trained based on
the feature vectors generated from the training docu-
ments. C5 (Quinlan, 1993; Quinlan, 2007) is used as
the learning algorithm in this study. This research is
the first machine-learning based system that offers
performance comparable to that of state of the art
non-learning based systems on MUC-6 and MUC-7
standard datasets. In this study, a simple coreference
resolution method is applied to identify coherence of
multiple sentences.

Language can be expressed in many different
ways, such as utterance, action, signal and text. Ac-
cording to the definition of sarcasm, we also need
to consider violation and aggressiveness of the com-
munication. For utterance, we can easily recognize
the emotion through the unsterilized tone of voice
(Tepperman et al., 2006). In texts, punctuation plays
a vital role in text communication to provide the
reader the signals about pause, stop and change of
tone of voice. Let us consider an example sentence
“That is very annoying!”. The exclamation mark (!)
can be used to indicate a strong feeling or exagger-
ates something. Thelwall et at. (2012) aim to as-
sess the sentiment lexicon (SentiStrength) in a va-



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment
Analysis and Supervised Learning Approaches
Используемые средаства

Для оценки тональности текста использовалась:

SentiStrength – предоставляет оценку тональности для
каждого слова в пределах от [−5, 5]

SenticNet – предоставляет оценку тональности для
каждого слова в пределах от [−1, 1]

ConceptNet – позволяет получить список концептов,
связанных с данным словом



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment
Analysis and Supervised Learning Approaches
Оценка эмоциональной окраски слова

w_score(w) =


polarity_score(w), if w ∈ SS or SN

average_polarity_score(w), if w ∈ SS and SN
1
|C |

∑
c∈C

polarity_score(c), otherwise

sum_pos_score =
∑

pos_w∈TW

w_score(pos_w)

sum_neg_score =
∑

neg_w∈TW

w_score(neg_w)



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment Analysis and
Supervised Learning Approaches
Идентификация согласованности

Предложения s1 и s2 согласованы:
если существует такое слово w1 в предложении s1 и слово w2
в предложении s2, что выполняется одно из условий:

w1 и w2 идентичные местоимения

w1 и w2 идентичны как строки(стоп-слова не
учитываются)

w2 начинается с the

w2 начинается с this, that, these, those

w1 и w2 именованные сущности



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment
Analysis and Supervised Learning Approaches
Используемые признаки:

N-граммы(N = 1, 2, 3)

Два бинарных признака: contra и contra + coher , которые
определяют присутсвует ли в тексте противоречие
тональностей.

Признаки, определяющие, степень позитивности и
негативности твита:
pos_low if sum_pos_score <= 1
pos_medium if 1 < sum_pos_score <= 2
pos_high if sum_pos_score > 2



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment
Analysis and Supervised Learning Approaches
Используемые признаки:

Число смайликов

Число последовательностей, в которых пунктуационные
символы повторяются

Число последовательностей, в которых буквы повторяются

Число слов, написанных большими буквами

Число слов сленговых слов и слов-усилителей

Число восклицательных знаков

Число идиом
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Analysis and Supervised Learning Approaches
Результаты:
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Table 1: The result of contradiction in sentiment score approach
Methods Recall Precision F-measure Accuracy
Contradiction in sentiment score (Baseline 1) 0.55 0.56 0.56 57.14%

Table 2: The result of SVM classification based on various features
Methods Recall Precision F-measure Accuracy
Our proposed features 0.64 0.63 0.63 63.42%
Uni-gram features (Baseline 2) 0.72 0.73 0.73 73.81%
Uni-gram, bi-gram and tri-gram features
(Baseline 2)

0.76 0.76 0.76 76.40%

Table 3: The result of marjority vote and margin based SVM classification
Methods Recall Precision F-measure Accuracy
uni-gram and contradiction 0.72 0.72 0.72 72.83%
uni-gram and sentiment score 0.75 0.75 0.75 75.64%
uni-gram and punctuations + special symbols 0.72 0.73 0.73 73.91%
uni-gram and our proposed features without
coherence

0.75 0.75 0.75 75.72%

uni-gram and our proposed features without
concept level knowledge generation

0.74 0.75 0.75 75.48%

uni-gram and all our proposed features 0.76 0.77 0.76 76.35%
uni-gram, bi-gram, tri-gram and all our pro-
posed features

0.79 0.78 0.79 79.43%

contradiction of polarity in an incoherent tweet does
not indicate sarcasm.

6.2 Limitation of our approaches
There are some limitations in our method. First,
there are a lot of ambiguous words in concept knowl-
edge expansion, which may lead to misclassification
of sarcastic tweets. Inappropriate concept expan-
sion causes erroneous detection of contradiction in
the sentiment score. For example, the sentence “I
love when its raining.” contains a positive sentiment
word “love” and also negative situation word “rain”
whose concept is “bad weather”. However, it is not
always true that the word “rain” refers to a negative
situation. It may cause misclassification. Second, in
our dataset, some normal sentences retrieved by ran-
dom sampling are actually sarcastic although there is
no hashtag “#sarcasm”. It is rather difficult to pre-
vent it. It means that our collection of tweets is noisy
data. Finally, there are a lot of sarcastic sentences,
which provide absolutely no clues. An illustrative

example is “I feel great #sarcasm”. Without “#sar-
casm” hashtag, there is no way that we can realize it
as a sarcastic tweet.

7 Conclusion

In this research, we present a new method for recog-
nition of sarcasm in tweets. The method is based on
a variety of approaches, including sentiment analy-
sis, concept level knowledge expansion, coherence
of sentences and machine learning classification.
Sentiment scores of words are used as features for
the classification. We also use the common-sense
concept to find the sentiment score for the word with
unknown sentiment score. Then, we consider coher-
ence in a tweet to ensure that the tweets with con-
tradiction in the sentiment score have dependent re-
lationships across multiple sentences. Finally, we
construct the feature vector to train an SVM classi-
fier based on our proposed features. N-gram and our
proposed features are used to train separate classi-
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Sarcasm Detection on Twitter: A Behavioral Modeling Approach

Ставится следующая задача:

Дан твит t от пользователя U, вместе с историей твитера
пользователя. Решением задачи обнаружения сарказма является
автоматическое обнаружение является ли твит саркастичным или
нет.

Следующие факторы влияют на саркастичность текста:

Контраст настроений в тексте

Когнитвные способности пользователя

Текущее эмоциональное состояние пользователя

Грамматические знания пользователя

Нетрадиционный стиль написания



Sarcasm Detection on Twitter: A Behavioral Modeling Approach
Признаки, связанные с эмоциональное окраской текста

A = {affect(w)|w ∈ t}
S = {sentiment(w)|w ∈ t}
∆affect = max(A)−min(A)
∆sentiment = max(S)−min(S)

affect(w) – оценка для слова из Warriner([1-9])
sentiment(w) – оценка для слова из SentiStrength.

Оценка для n-граммов:

POS(b)− NEG (b)

POS(b) + NEG (b)

Признаки: число положительных n-граммов, число отрицательных
n-граммов, сумма оцеок для положительных n-граммов, сумма
оценок для отрицательных n-граммов.



Sarcasm Detection on Twitter: A Behavioral Modeling Approach
Признаки, связанные с распределением длин слов в тексте

< E [lw ],med [lw ],mode[lw ], σ[lw ],max{lw} >

L = {li} – распределение длин слов в твите

JS(D1||D2) =
1

2
KL(D1||M) +

1

2
KL(D2||M)

M =
D1 + D2

2

KL(T1||T2) =
∑

ln(
T1(i)

T2(i)
)T1(i)

D1 – Распределение длин слов в текущем твите
D2 – Распределение длин слов в в предыдущих твитах пользователя



Sarcasm Detection on Twitter: A Behavioral Modeling Approach
Признаки, связанные настроением пользователя

Все предыдущие твиты пользователя разделяются на корзины
состоящие из n твитов(n ∈ {1, 2, 5, 10, 20, 40, 80}).

<

+∑
,

−∑
,P,max(

+∑
,

−∑
) >

+∑
=

∑
pos(t)

−∑
=

∑
neg(t)

< n+, n−, n0,Q,max(n+, n−, n0) >

n+(−) – число положительных(отрицательных) твитов



Sarcasm Detection on Twitter: A Behavioral Modeling Approach
Признаки, связанные настроением пользователя

< E [adw ],med [adw ],mode[adw ], σ[adw ],max{adw} >
< E [sdw ],med [sdw ],mode[sdw ], σ[sdw ],max{sdw} >

AD – распределение affect_score в твите
SD – распределение sentiment_score

Признаки, которые использовались для оценки настроения
пользователя:

Сравнение распределений оценок в данном твите с
распределением оценок в предыдущих твитах.

Вероятность появления каждой оценки sentiment_score в твите.

Оценка вероятности написания твита в данный промежуток
времени.

Промежуток времени между предыдущим твитом и текущим.

Присутствие бранных слов.



Sarcasm Detection on Twitter: A Behavioral Modeling Approach

Признаки связанные с оценкой знания пользователем используемого языка:
Общее число, написанных пользователем слов; число различных слов,
написанных пользователем; отношение различных слов к общему числу.

Вероятность появления каждой части речи в твите(TweetNLP).

Правильное использование your(you′re)and its(itis).

Число предыдущих хештогов #sarcasm, использованных пользователем.

Признаки, определяющие опытность пользователя:
Число дней с момента регистрации.

Число твитов, среднее число ежедневных твитов.

Число ретвитов; присутствие слов, содержащих цифры; содержащие
только согласные; процент слов, которые содержат только слова, которые
встречаются в словаре.

Число подписчиков и подписок.



Sarcasm Detection on Twitter: A Behavioral Modeling Approach
Признаки связанные со способом написания текста:

Присутствие повторяющихся символов(3 или больше) во всех
словах и в словах, выражающих эмоции.

Число символов, число различных символов, число слов с
большой буквы.

Распределение пунктуации в текущем твите.

Теги частей речи первых трех слов в твите.

Позиция первого эмоционального слова в твите.

Число существительных, глаголов, прилагательных и наречий,
используемых в твите, число стоп-слов в твите.

Лексическая плотность, число используемых слов-усилителей.



Методы, основанные на машинном обучении
Sarcasm Detection on Twitter: A Behavioral Modeling Approach

Table 2: Performance Evaluation
using 10-fold Cross-Validation.

Technique
Dataset Distribution

1:1 20:80 10:90
Acc. AUC Acc. AUC Acc. AUC

SCUBA 83.46 0.83 88.10 0.76 92.24 0.60
Contrast Approach 56.50 0.56 78.98 0.57 86.59 0.57
SCUBA++ 86.08 0.86 89.81 0.80 92.94 0.70
Hybrid Approach 77.26 0.77 78.40 0.75 83.87 0.67
SCUBA - #sarcasm 83.41 0.83 87.53 0.74 91.87 0.63
n-gram Classifier 78.56 0.78 81.63 0.76 87.89 0.65
Majority Classifier 50.00 0.50 80.00 0.50 90.00 0.50
Random Classifier 49.17 0.50 50.41 0.50 49.78 0.50

Table 3: Feature Set Analysis.
Features Accuracy
All features 83.46 %
– Complexity-based features 73.00 %
– Contrast-based features 57.34 %
– Emotion expression-based features 71.52 %
– Familiarity-based features 73.67 %
– Text expression-based features 76.72 %

6.2.2 Training the Framework
Before training, we select a suitable classifier for SCUBA.

We evaluate SCUBA’s performance using multiple super-
vised learning algorithms on our collected dataset (with class
distribution 1:1). We evaluate using a J48 decision tree,
`1-regularized logistic regression, and `1-regularized `2-loss
SVM6 to obtain an accuracy of 78.06%, 83.46%, and 83.05%,
respectively. We choose `1-regularized logistic regression for
comparison with the baselines.

We use 10-fold cross-validation technique to evaluate the
framework’s performance, the results of which are given in
Table 2. From the results, we observe that SCUBA++ clearly
outperforms all other techniques for every class distribution
and for both accuracy and AUC. Note that only SCUBA
and SCUBA++ perform better than the majority classifier
for highly skewed distributions (90:10). We also observe that
while the Hybrid Approach performs much better than the
Contrast Approach, it is still not very e↵ective for skewed
distributions. Also, we notice that when the past sarcasm
feature is removed from SCUBA, we obtain similar perfor-
mance outcomes indicating the minimal e↵ect of using this
feature on the framework’s performance. Both random clas-
sifier and the majority classifier obtain an AUC score of 0.5,
which is the minimum possible AUC score attainable. To
evaluate the benefit of using di↵erent feature sets, we per-
form the following feature set analysis. This analysis allows
us to make informed decisions about which feature sets to
consider if computationally constrained.

6.3 Feature set analysis
We divide the list features into sets depending on the

di↵erent forms of sarcasm from which they were derived -
features based on complexity, based on contrast, based on
expression of emotion, based on familiarity, and based on
expression in text form.

6We use Weka [13], LIBLINEAR [6], and Scikit-learn [26].

Table 3 shows the performance of SCUBA using each of
the feature sets individually. While all feature sets contribute
to SCUBA’s performance, they do so unequally. Clearly, all
feature sets perform much better than contrast-based fea-
tures. This further shows the need to view sarcasm through
its varied facets and not a particular form of expression (such
as contrast seeking).

To gain deeper insights into which specific features are
most important for detecting sarcasm, we perform the fol-
lowing feature importance analysis.

6.4 Feature importance analysis
As observed, di↵erent feature sets have di↵erent e↵ects on

the performance. While we may use many features to detect
sarcasm, clearly, some features are more important than oth-
ers. Therefore, we perform a thorough analysis of features
to determine the features that contribute the most to de-
tecting sarcasm. This analysis can be done with any feature
selection algorithm. We use the odds-ratio (coe�cients from
`1-regularized logistic regression) for the importance analy-
sis. The top 10 features in decreasing order of importance
for sarcasm detection are the following:

1. Percentage of emoticons in the tweet.
2. Percentage of adjectives in the tweet.
3. Percentage of past words with sentiment score 3.
4. Number of polysyllables per word in the tweet.
5. Lexical density of the tweet.
6. Percentage of past words with sentiment score 2.
7. Percentage of past words with sentiment score -3.
8. Number of past sarcastic tweets posted.
9. Percentage of positive to negative sentiment transi-

tions made by the user.
10. Percentage of capitalized hashtags in the tweet.

Interestingly, we observe that features derived from all
forms of sarcasm: text expression-based features (1, 2, 5,
10), emotion-based features (3, 6, 7), familiarity based fea-
tures (8), contrast-based features (9) and complexity-based
features (4) rank high in terms of discriminative power.

6.5 Evaluating effectiveness of
historical information

In our framework for detecting sarcastic tweets, we have
included the user’s historical information on Twitter in the
form of past tweets. However, it might be computationally
expensive to process and use all the past tweets for classi-
fication. Furthermore, it is unrealistic to assume access to
so many past tweets for each user will be always available.
Therefore, it is imperative that we identify the optimum
number of past tweets to be used to detect sarcasm. To do
this, we measure SCUBA’s performance by executing the
sarcasm classification multiple times while varying the num-
ber of past tweets available to us.

Figure 1 shows the performance obtained with varied past
tweets (smoothened using a moving-average model). We ob-
serve that with no historical information, we obtain an ac-
curacy of 79.38%, which still outperforms all baselines. In-
terestingly, using only the user’s past 30 tweets, we obtain
a considerable gain (+4.14%) in performance. However, as
we add even more historical tweets, the performance does
not significantly improve. Therefore, if computationally con-
strained, one can use only the past 30 tweets and expect a
comparable performance.
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Modelling Sarcasm in Twitter, a Novel Approach

Основная идея:

Избегать слов слов или паттернов слов, как признаков, формировать
признаковое пространство, на основе структуры предложений.

Набор данных:

Данные твиттера, которые одинакова разделены на 6 тем: сарказм,
ирония, образование. юмор, политика и новости.
American National Corpus(ANC) – содержит частоту встречаемости
слов, используемых в письменном и устном языке.



Modelling Sarcasm in Twitter, a Novel Approach
Используемые признаки

Частота: средняя частота слов в твите, самое редкое слово(его
частота), разница первых двух признаков

Стиль написания: средняя частота слов, написанных в
письменном стиле, средняя частота слов в устном стиле,
разница первых двух признаков.

Структура предложения: число символов, из которых состоит
текст; число слов в тексте; средняя длина слов в тексте; число
глаголов, существительных, прилагательных и наречий; доля
глаголов, существительных, наречий и прилагательных в
тексте; число всех пунктационных символов в тексте; признаки,
связанные с количесством каждого отдельного пунктуционного
символа; наличие слов, обозначающих смех; число смайликов;



Modelling Sarcasm in Twitter, a Novel Approach
Используемые признаки

Интенсивность: суммарная интенсивность
прилагательных(наречий), средняя интенсивность,
максимальная интенсивность, разность между максимальной и
средней интенсивностью

Синонимы:
slwi = |syni : f (syni ) < f (wi )|

mean{slwi}
wlst = maxwi{|syni : f (syni ) < f (wi )|}
wgst = maxwi{|syni : f (syni ) > f (wi )|}

sgwi = |synwi : f (synwi ) > f (wi )|
mean{sgwi}

abs(wlst −mean{slwi}) abs(wgst −mean{sgwi})



Modelling Sarcasm in Twitter, a Novel Approach
Используемые признаки

Неоднозначность: среднее числа значений слов в тексте;
максимальное число значение слова; разность предыдущих
двух

Эмоциональная окраска(SentiWordNet): сумма всех
положительных оценок; сумма всех отрицательных оценок;
разность между предыдущими двумя признаками; разность
между максимальной положительной оценкой и средней,
разность между минимальной негативной оценкой и средней



Modelling Sarcasm in Twitter, a Novel Approach
Результаты:

Figure 2: Information gain of each feature of the model. Sarcasm is compared to Education, Humor,
Irony, Newspaper and Politics. High values of information gain help to better discriminate sarcastic
from non-sarcastic tweets.

Prec. Recall F1
Education .87 .90 .88

Humour .88 .87 .88
Irony .62 .62 .62

Newspaper .98 .96 .97
Politics .90 .90 .90

Table 1: Precision, Recall and F-Measure of each
topic combination for Experiment 1 (10 cross val-
idation). Sarcasm corpus is compared to Educa-
tion, Humour, Irony, Newspaper, and Politics cor-
pora. The classifier used is Decision Tree

0.3), and Newspaper uses less punctuation marks
than sarcasm. Overall Newspaper results are very
good, the F1 is over 0.95.

Education and Politics results are very good as
well, F1 of 0.90 and 0.92. Also in these topics the
internet link is a good feature. Other powerful fea-
tures in these two topics are noun ratio (as News-
paper they present more number of nouns than sar-
casm), question, rarest val. (sarcasm includes
less frequently used words) and syno lower.

Results regarding sarcasm versus Humour are
positive, F-Measure is above 0.87. The most
marked differences between Humour and sar-
casm are the following. Humour includes more
links (http), more question marks are used to
mark jokes like: “Do you know the difference
between...?”, “What is an elephant doing...?”
(question), sarcasm includes rarer terms and more
intense adverbs than Humour (rarest val., adv.
max).

Our model struggles to detect tweets marked as
sarcastic from the ones marked as ironic. Even
if not very powerful, relevant features to detect
sarcasm against irony are two: use of adverbs
(sarcasm uses less but more intense adverbs) and
sentiment scores (as expected sarcastic tweets are
denoted by more positive sentiments than irony).
Poor results in this topic indicate that irony and
sarcasm have similar structures in our model,
and that new features are necessary to distinguish
them.

Prec. Recall F1
Education .87 .88 .87

Humour .87 .86 .86
Irony .60 .61 .60

Newspaper .95 .96 .95
Politics .89 .89 .89

Table 2: Precision, Recall and F-Measure of each
topic combination for Experiment 2 (Test set).
Sarcasm corpus is compared to Education, Hu-
mour, Irony, Newspaper, and Politics corpora.The
classifier used is Decision Tree

The comparison with other similar systems is
not easy. We obtain better results than Reyes et
al. (2013) and than Barbieri and Saggion (2014),
but the positive class in their experiments is irony.
The system of Davidov et al. (2010) to detect sar-
casm seems to be powerful as well, and their re-
sults can compete with ours, but in the mentioned
study there is no negative topic distinction, the not-
sarcastic topic is not a fixed domain (and our con-
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Sarcasm as Contrast between a Positive Sentiment and Negative Situation

Структура предложения, содержащего сарказм:

[+VERB PHRASE ][−SITUATION PHRASE ]

Пример: "I love waiting forever for the doctor"

Ключевая задача:

Идентифицировать стереотипные негативные ситуации или
состояния



Sarcasm as Contrast between a Positive Sentiment and Negative Situation
Алгоритм

While some of the previous work has identi-
fied specific expressions that correlate with sarcasm,
none has tried to identify contrast between positive
sentiments and negative situations. The novel con-
tributions of our work include explicitly recogniz-
ing contexts that contrast a positive sentiment with a
negative activity or state, as well as a bootstrapped
learning framework to automatically acquire posi-
tive sentiment and negative situation phrases.

3 Bootstrapped Learning of Positive
Sentiments and Negative Situations

Sarcasm is often defined in terms of contrast or “say-
ing the opposite of what you mean”. Our work fo-
cuses on one specific type of contrast that is common
on Twitter: the expression of a positive sentiment
(e.g., “love” or “enjoy”) in reference to a negative
activity or state (e.g., “taking an exam” or “being ig-
nored”). Our goal is to create a sarcasm classifier for
tweets that explicitly recognizes contexts that con-
tain a positive sentiment contrasted with a negative
situation.
Our approach learns rich phrasal lexicons of pos-

itive sentiments and negative situations using only
the seed word “love” and a collection of sarcastic
tweets as input. A key factor that makes the algo-
rithm work is the presumption that if you find a pos-
itive sentiment or a negative situation in a sarcastic
tweet, then you have found the source of the sar-
casm. We further assume that the sarcasm probably
arises from positive/negative contrast and we exploit
syntactic structure to extract phrases that are likely
to have contrasting polarity. Another key factor is
that we focus specifically on tweets. The short na-
ture of tweets limits the search space for the source
of the sarcasm. The brevity of tweets also probably
contributes to the prevalence of this relatively com-
pact form of sarcasm.

3.1 Overview of the Learning Process
Our bootstrapping algorithm operates on the as-
sumption that many sarcastic tweets contain both a
positive sentiment and a negative situation in close
proximity, which is the source of the sarcasm.2 Al-
though sentiments and situations can be expressed

2Sarcasm can arise from a negative sentiment contrasted
with a positive situation too, but our observation is that this is
much less common, at least on Twitter.

Positive
Sentiment
Phrases

Negative
Situation
Phrases

Seed Word
"love"

Sarcastic Tweets

1 2
34

Figure 1: Bootstrapped Learning of Positive Sentiment
and Negative Situation Phrases

in numerous ways, we focus on positive sentiments
that are expressed as a verb phrase or as a predicative
expression (predicate adjective or predicate nomi-
nal), and negative activities or states that can be a
complement to a verb phrase. Ideally, we would
like to parse the text and extract verb complement
phrase structures, but tweets are often informally
written and ungrammatical. Therefore we try to rec-
ognize these syntactic structures heuristically using
only part-of-speech tags and proximity.
The learning process relies on an assumption that

a positive sentiment verb phrase usually appears to
the left of a negative situation phrase and in close
proximity (usually, but not always, adjacent). Picto-
rially, we assume that many sarcastic tweets contain
this structure:

[+ VERB PHRASE] [– SITUATION PHRASE]
This structural assumption drives our bootstrap-

ping algorithm, which is illustrated in Figure 1.
The bootstrapping process begins with a single seed
word, “love”, which seems to be the most common
positive sentiment term in sarcastic tweets. Given
a sarcastic tweet containing the word “love”, our
structural assumption infers that “love” is probably
followed by an expression that refers to a negative
situation. So we harvest the n-grams that follow the
word “love” as negative situation candidates. We se-
lect the best candidates using a scoring metric, and
add them to a list of negative situation phrases.
Next, we exploit the structural assumption in the

opposite direction. Given a sarcastic tweet that con-
tains a negative situation phrase, we infer that the
negative situation phrase is preceded by a positive
sentiment. We harvest the n-grams that precede the
negative situation phrases as positive sentiment can-
didates, score and select the best candidates, and

|follows(−candidate,+sentiment)&sarcasm|
|follows(−candidate,+sentiment)|

|precedes(+candidate,−situation)&sarcasm|
|follows(+candidate,−situation)|

|near(+candidatePRED,−situation)&sarcasm|
|near(+candidatePRED,−situation)|



Sarcasm as Contrast between a Positive Sentiment and Negative Situation
Результаты

System Recall Precision F score
Supervised SVM Classifiers

1grams .35 .64 .46
1+2grams .39 .64 .48

Positive Sentiment Only
Liu05 .77 .34 .47
MPQA05 .78 .30 .43
AFINN11 .75 .32 .44

Negative Sentiment Only
Liu05 .26 .23 .24
MPQA05 .34 .24 .28
AFINN11 .24 .22 .23

Positive and Negative Sentiment, Unordered
Liu05 .19 .37 .25
MPQA05 .27 .30 .29
AFINN11 .17 .30 .22

Positive and Negative Sentiment, Ordered
Liu05 .09 .40 .14
MPQA05 .13 .30 .18
AFINN11 .09 .35 .14

Our Bootstrapped Lexicons
Positive VPs .28 .45 .35
Negative Situations .29 .38 .33
Contrast(+VPs, –Situations), Unordered .11 .56 .18
Contrast(+VPs, –Situations), Ordered .09 .70 .15
& Contrast(+Preds, –Situations) .13 .63 .22

Our Bootstrapped Lexicons ∪ SVM Classifier
Contrast(+VPs, –Situations), Ordered .42 .63 .50
& Contrast(+Preds, –Situations) .44 .62 .51

Table 2: Experimental results on the test set

lexicons could be for sarcasm recognition in tweets.
Since our hypothesis is that sarcasm often arises
from the contrast between something positive and
something negative, we systematically evaluated the
positive and negative phrases individually, jointly,
and jointly in a specific order (a positive phrase fol-
lowed by a negative phrase).
First, we labeled a tweet as sarcastic if it con-

tains any positive term in each resource. The Pos-
itive Sentiment Only section of Table 2 shows that
all three sentiment lexicons achieved high recall (75-
78%) but low precision (30-34%). Second, we la-
beled a tweet as sarcastic if it contains any negative
term from each resource. The Negative Sentiment
Only section of Table 2 shows that this approach
yields much lower recall and also lower precision
of 22-24%, which is what would be expected of a
random classifier since 23% of the tweets are sar-
castic. These results suggest that explicit negative

sentiments are not generally indicative of sarcasm.
Third, we labeled a tweet as sarcastic if it contains

both a positive sentiment term and a negative senti-
ment term, in any order. The Positive and Negative
Sentiment, Unordered section of Table 2 shows that
this approach yields low recall, indicating that rela-
tively few sarcastic tweets contain both positive and
negative sentiments, and low precision as well.
Fourth, we required the contrasting sentiments to

occur in a specific order (the positive term must pre-
cede the negative term) and near each other (no more
than 5 words apart). This criteria reflects our obser-
vation that positive sentiments often closely precede
negative situations in sarcastic tweets, so we wanted
to see if the same ordering tendency holds for neg-
ative sentiments. The Positive and Negative Senti-
ment, Ordered section of Table 2 shows that this or-
dering constraint further decreases recall and only
slightly improves precision, if at all. Our hypothe-



Parsing-based Sarcasm Sentiment Recognition in Twitter Data

Схема распознавания сарказма состоит из 2-х частей:

Идентификации сарказма на данных твиттера основанная на
парсинге. Распознает сарказм в случаях, сочетания
положительной оценки и негативной ситуации и негативной
оценки и положительной ситуации.(PBLGA)

Алгоритм, который распознает сарказм в твитах, которые
начинаются с междометий.(IWS)



Parsing-based Sarcasm Sentiment Recognition in Twitter Data
Алгоритм:

PBLGA:

SF = ∅, sf = ∅,PSF = ∅,NSF = ∅, psf = ∅, nsf = ∅
for T in C do

k = find_parse(T )
PF = PF ∪ k

end for
for TWP in PF do

k = find_subset(TWP)
if k == NP||ADVP||(NP + VP) then

SF = SF ∪ k
else if k == VP||(ADVP + VP)||(VP + ADVP)||(ADJP + VP)||

(VP+NP)||(VP+ADVP+ADJP)||(VP+ADJP+NP)||(ADVP+ADJP+NP) then
sf = sf ∪ k

end if
end for



Parsing-based Sarcasm Sentiment Recognition in Twitter Data
Алгоритм:

for P in SF do
SC = sentiment_score(P)
if SC > 0.0 then

PSF = PSF ∪ P
else if SC < 0.0 then

NSF = NSF ∪ P
else

Neutral Sentiment Phrase
end if

end for
for P in sf do

SC = sentiment_score(P)
if SC > 0.0 then

psf = psf ∪ P
else if SC < 0.0 then

nsf = nsf ∪ P
else

Neutral Situation Phrase
end if

end for

PR =
PWP

TWP

NR =
NWP

TWP

SentimentScore = PR − NR



Методы, основанные на лингвистической структуре сарказма
Parsing-based Sarcasm Sentiment Recognition in Twitter Data

IWS:
for T in C do

k = find_postag(T )
TF = TF ∪ k

end for
for TWT in TF do

t = find_subset(TWT )
FT = find_first_tag(t)
INT = find_immediate_next_tag(t)
NT = find_next_tag(t)
if (FT == UH)&&(INT == ADJ||ADV ) then

Tweet is sarcastic
else if (FT==UH)&&(NT==(ADV+ADJ)) ||

(ADJ +N) || (ADV +V)) then
Tweet is sarcastic

else if FT 6= UH then
Invalid tweet.

else
Tweet is not sarcastic

end if
end for

Примеры:

"Wow, that’s a huge
discount, I’m not buying
anything!!"

"Aha, great night"



Методы, основанные на лингвистической структуре сарказма
Parsing-based Sarcasm Sentiment Recognition in Twitter Data

TABLE IX: Comparison of proposed methods with
state-of-art

Approach Precision Recall F � score

Barbieri et al. system 0.88 0.87 0.88
Tungthamthiti et al. system 0.76 0.76 0.76
Riloff et al. system with positive verb 0.28 0.45 0.35
with negative situation 0.29 0.38 0.33
Contrast (+VPs, -situation)unordered 0.11 0.56 0.18
Contrast (+VPs, -situation)ordered 0.09 0.70 0.15
Contrast (+preds, -situation) 0.13 0.63 0.22
Liebrecht et al. system with 50/50 0.75 - -
with 25/75 neg, pos ratio 0.56 - -
PBLGA with sar tweets 0.89 0.81 0.84
PBLGA without sar tweets 0.64 0.75 0.69
IWS sarcastic tweets 0.85 0.96 0.90
IWS without sarcastic tweets 0.77 0.73 0.74

PBLGA achieved precision = 0.89 with tweets has sarcastic
hashtag. IWS achieved recall= 0.96 and f�score= 0.90 with
the sarcastic hashtag tweet.

VI. CONCLUSION

Sarcasm analysis is one of most important and challenging
task as it doesnt have any pre-defined structure. None of the
researchers got the complete solution in this field. Researchers
continuously trying to get better results. In this paper, we
proposed two algorithms to identify sarcasm for two different
types of tweet structure. Firstly, tweet structure having con-
tradiction between negative sentiment and positive situation.
Secondly, Tweet starts with interjection word. We focused
on tweets which starts with interjection word. Algorithm 1
applied in the first type of tweet structure and Algorithm 2
applied in second types of tweet. Algorithm 1 achieved 0.89,
0.81 and 0.84 precision, recall and f � score respectively
in tweets with sarcastic hashtag and 0.64, 0.75 and 0.69
precision, recall and f�score respectively in tweets without
sarcastic hashtag. Algorithm 2 achieved 0.85, 0.96 and 0.90
precision, recall and f � score respectively in tweets with
sarcastic hashtag and 0.77, 0.73 and 0.74 precision, recall
and f�score respectively in tweets without sarcastic hashtag.
Testing result of algorithm 2 proves Lunandos statement as
they said ” if the text is using interjection words, the text
has more tendency to be classified into sarcastic. Our second
algorithm identified 999 sarcastic tweets out of 2500 random
tweets without any hashtag, while 826 identified sarcastic out
of 1000 tweets with sarcastic hashtag. Sarcasm detection in
audio clip, images are still open area. In the future, we will
work on this area with some regional language.
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