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Abstract

Sarcasm is a colloquial form of language that
is used to convey messages in a non-literal way,
which affects the performance of many NLP
tasks. Sarcasm detection is not trivial and ex-
isting work mainly focus on only English. We
present SarcasTiirk, a context-aware Turkish
sarcasm detection dataset built from Eksi So-
zliik entries, a large-scale Turkish online dis-
cussion platform where people frequently use
sarcasm. SarcasTiirk contains 1,515 entries
from 98 titles with binary sarcasm labels and a
title-level context field created to support com-
parisons between entry-only and context-aware
models. We generate these contexts by select-
ing representative sentences from all entries un-
der a title using summarization techniques. We
report baseline results for a fine-tuned BERTurk
classifier and zero-shot LLMs under both no-
context and context-aware conditions. We find
that BERTurk model with title-level context
has the best performance with 0.76 accuracy
and balanced class-wise F1 scores (0.77 for sar-
casm, 0.75 for no sarcasm). SarcasTiirk can
be shared upon contacting the authors since
the dataset contains potentially sensitive and
offensive language.

1 Introduction

Sarcasm is a form of indirect expression in which
the intended meaning diverges from the literal
wording. It is commonly used to express criti-
cism and to deliver praise in a playful or humorous
way (Banasik-Jemielniak et al., 2022). Sarcasm
can be hard to catch for humans (Pexman et al.,
2019) and machines alike (Weitzel et al., 2016).
However, it is an integral part of human communi-
cation (Gibbs, 2000), so automated sarcasm detec-
tion is vital for many NLP tasks such as sentiment
analysis (Weitzel et al., 2016; Maynard and Green-
wood, 2014). Currently, most sarcasm detection
research is in English, with minimal work on lan-
guages such as Turkish.
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In many online settings, sarcastic intent is shaped
by shared topic knowledge and the ongoing theme
of a discussion, so contextual understanding can
be critical for interpretation. This makes sarcasm
highly dependent on contextual cues and shared as-
sumptions between the writer and the reader (Oprea
and Magdy, 2020b). Prior work emphasizes that
the same sentence can be intended ironically or
non-ironically depending on contextual factors, and
even human annotators request additional context
to reliably infer ironic intent (Wallace et al., 2014).
These properties make Turkish informal online dis-
course, such as Eksi Sozliik, an especially relevant
setting for studying sarcasm as a context-sensitive
phenomenon.

Eksi Sozliik (“Sour Dictionary™) (Eksi Sozliik)
is one of the largest user-generated discussion plat-
forms in Tiirkiye. It is an open-topic forum where
users contribute messages (referred to as “entries”).
Each entry belongs to a shared topic (“title”), and
all entries under the same title form a discussion
with the same shared topic. The language used
on the platform is typically informal. Authors fre-
quently ignore conventional grammar and punctua-
tion rules.

Prior work on Turkish sarcasm detection has
largely relied on instances typically drawn from
Twitter or other microblog-style platforms and an-
notated for irony at the post level (Taslioglu and
Karagoz, 2017; Ozturk et al., 2021; Diilger, 2018).
More recently, context has been explored in Turk-
ish news data by expanding the local sentence win-
dow within a paragraph to detect sarcasm (Eser
and Bilgin, 2025). In this study, we introduce a
Turkish sarcasm detection dataset from Eksi So-
zlik that provides title-level contextual summaries
and enables comparisons between entry-only and
context-aware modelling setups. We evaluate both
entry-only and context-aware modelling setups to
evaluate the contribution of contextual information
to sarcasm detection. In this setting, the best overall
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performance is obtained by fine-tuning BERTurk
with title-level context, achieving 0.76 accuracy
with balanced class-wise F1-scores (F1=0.77 for
sarcasm, F1=0.75 for no-sarcasm). These results
indicate that incorporating shared title context can
improve sarcasm detection in multi-author discus-
sion threads.

2 Related Work

Sarcasm detection is essential for many NLP
tasks (Weitzel et al., 2016) and beyond. From a
human-computer interaction perspective, humor-
ous chatbots may increase user satisfaction (Shin
et al., 2023). However, it is also important for sys-
tems to know when to use sarcasm and when to
stick to literal explanations (Oprea et al., 2022). In
this section, we give an overview of the sarcasm
detection research in general before focusing on
Turkish. We follow with the context-aware sar-
casm detection datasets and review summarization
literature that we leverage for context generation.

2.1 Sarcasm Detection

Sarcasm detection is studied as a text classification
problem over short texts such as tweets and head-
lines. While English is the primary focus of much
prior work, sarcasm detection is also explored in
other world languages. Gong et al. (2020) intro-
duces a large-scale Chinese sarcasm dataset, and
Abu Farha and Magdy (2020) presents an Arabic
Twitter corpus annotated for sarcasm. In addition,
sarcasm detection is studied in multi-language set-
tings such as Arabic—English (Abu Farha et al.,
2022) and Czech-English (Ptacek et al., 2014).

In English, early work focused on Twitter and
microblog texts (Barbieri et al., 2014; Ptacek et al.,
2014). Subsequently, studies also consider news
headlines (Shrikhande et al., 2020) and crowd-
sources corpora (Oraby et al., 2016). More recently,
Oprea and Magdy (2020a) introduces an intended
sarcasm dataset, where the annotators are the con-
tent creators themselves rather than the external
annotators.

2.2 Turkish Sarcasm Datasets and Detection

It is not easy to precisely define sarcasm, where
some sources take sarcasm as a subclass of
irony (Leggitt and Gibbs, 2000), and some count
them as separate notions (Ling and Klinger, 2016).
Prior work on Turkish speakers also suggests that
sarcasm is frequently used in Turkish, but the term
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itself has no exact equivalent; instead, several near-
equivalents are used in everyday language. In Turk-
ish literary tradition, sarcasm is most closely as-
sociated with “hiciv”’ (Banasik-Jemielniak et al.,
2022). Hence, prior datasets in Turkish have
been published under varying task names (e.g.,
irony/satire), sometimes with overlapping concep-
tual scope. In this section, we summarize existing
Turkish datasets.

Early Turkish microblog irony datasets are rel-
atively small: Taslioglu and Karagoz (2017) sam-
ples a sentiment-stratified subset from Twitter, Diil-
ger (2018) compiles a small mixed-source corpus
(Twitter/microblogs), Karabas and Dir1 (2020) col-
lects and normalizes tweets via the Twitter APL
Later, Ozturk et al. (2021) introduces IronyTR,
which is a balanced binary dataset collected from
Twitter and other microblog platforms.

In the news domain, Onan and Tocoglu (2020)
constructs a large-scale Turkish satire corpus by
collecting satirical articles from Zaytung and non-
satirical news from the official Twitter page of me-
dia organizations. Most recently, Eser and Bilgin
(2025) introduce a Turkish news-column dataset
annotated into three classes (irony, sarcasm, nor-
mal) and explicitly investigate the role of context
by constructing multiple dataset variants with in-
creasing context width (from the target sentence
alone to several preceding sentences within the
same paragraph). In their setup, context is defined
as a local sentence window within a single-author
paragraph. However, in our setting, texts are Eksi
Sozliik entries written by multiple authors under
a shared title, and the relevant context is the title-
level discussion itself. (i.e., what the title is about
and which shared topic is being referenced.) Ac-
cordingly, we represent context at the title level.

2.3 Context-Aware Sarcasm Detection

Beyond Turkish-only datasets, prior work has also
examined sarcasm detection with contextual infor-
mation. In this line of work, confext is defined in
different ways depending on the data source and
the interaction setting.

Firstly, there are research that define context at
the conversation level, typically as the dialogue his-
tory (i.e., one or more preceding turns in a thread)
that the target utterance responds to (Ghosh et al.,
2017, 2018; Ducret et al., 2020; Kim et al., 2024b;
Srivastava et al., 2020). On the other hand, Oprea
and Magdy (2019) defines author context as sig-
nals derived from a user’s historical posts. Finally,
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Figure 1: Overview of the dataset construction and context generation pipeline.

Khodak et al. incorporates fopic/thread level con-
text, where context provides access to the broader
discussion structure (Khodak et al., 2018). Our
work can also be situated within topic-level context
modeling.

2.4 Summarization

Conversation and speech summarization have been
widely studied in the literature; nevertheless, sum-
marizing multi-speaker or discussion style content
such as forums remains challenging (Fabbri et al.,
2021). In this section, we give a review on forum
and thread-like summarization discussions.

ForumSum (Khalman et al., 2021) is a large-
scale conversation summarization dataset collected
from diverse internet forums with human written
abstractive summaries, enabling systematic study
of multi speaker discussion summarization. MRED-
DITSUM (Overbay et al., 2023) is a multimodal ab-
stractive summarization dataset of Reddit threads,
where each instance includes the full discussion
and associated images, supporting models that sum-
marize grounded in both textual and visual cues.
Beyond dataset construction, MRCSum (Kim et al.,
2024a) propose a title-conditioned extractive ap-
proach that uses the document title as a query signal
to select summary sentences.

In our setting, we similarly treat the Eksi So-
zliik title as a query signal, but the entries under
that title written by different independent authors.
Therefore, we leverage title conditioned sentence
selection and redundancy control to produce a con-
cise context representation at the title level.
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3 SarcasTiirk

In this section, we present SarcasTiirk: a context-
aware Turkish sarcasm detection dataset from Eksi
Sozliik, comprising two phases: initial dataset col-
lection and expansion as shown in Figure 1.We first
introduce the initial collection and how we generate
title-level context to support context-aware experi-
ments. Next, we describe a second data collection
and annotation phase to expand the dataset.

3.1 Initial Data Collection & Annotation

The initial dataset was constructed manually by
four native Turkish speakers familiar with Eksi So-
zlik’s discourse norms. Every researcher browsed
various titles across different domains and sen-
tences from entries that appeared likely to contain
sarcasm or intentional tone. Titles were chosen to
represent a variety of domains including politics,
popular culture, daily life, and humor to ensure
diversity in tone and topic. In some cases, sarcasm
was expressed only in a specific sentence or phrase
within a longer entry. Instead of discarding these
entries, the annotators extracted only the relevant
portion containing the sarcastic expression. Be-
cause Eksi Sozliik entries vary widely in length,
tone, and narrative structure, this manual selection
process allowed the dataset to capture naturally
occurring examples of sarcasm as it appears in in-
formal Turkish online discourse.

From each title, the researchers collected an
approximately balanced set of sarcastic and non-
sarcastic entries between October and December
2024, resulting in a total of 1000 entries from 53



Title Context Entry Label
<Blinded> <Blinded> Belediyesi,
belediyesinin cocuklarin oyun alam taleplerine
cocuklara yanit olarak okul bahgesine iki o ¢ocuklarin yerinde olmak
slirprizi bank yerlestirmistir. <cont’d>. vardi... 1
<Blinded> <Blinded> Municipality responded to I wish I could be in those children’s (Sarcasm)
municipality’s children’s requests for a playground by shoes...
surprise for placing two benches in the schoolyard.
children <cont’d>
<Blinded> <Blinded> Belediyesi, lan boyle bir sagmaliin
belediyesinin cocuklarin oyun alani taleplerine  yapilmasi kadar bunu kayda alip
cocuklara yanit olarak okul bahgesine iki iyi bi seymis gibi paylasmak da 0
stirprizi bank yerlestirmigtir. <cont’d>. ayr1 bi sey. o
<Blinded> <Blinded> Municipality responded to doing something this ridiculous is one Sarcasm)
municipality’s children’s requests for a playground by thing, but recording it and sharing it as
surprise for placing two benches in the schoolyard. if it’s a good thing is something else
children <cont’d> entirely.
<Blinded>’te kaydedilen bir
anne babasiyla videoda, 11-12 yaslarindaki bir cocuguyla arkadag gibi olabilen
sigara icen 11 cocugun anne ve babasiyla anne babalara hep imrenirim. *
yagindaki ¢cocuk birlikte sigara ictigi goriiliiyor. tebrik ederim. 1
an 11-year-old <cont’d>. I've always admired parents who can be (Sarcasm)
child smoking with A video recorded in <Blinded> shows like friends with their children.
their parents an 11-12-year-old child smoking with Congratulations.
their parents. <cont’d>.
<Blinded>’te kaydedilen bir
anne babasiyla videoda, 11-12 yaslarindaki bir cocugun devlet tarafindan
sigara icen 11 cocugun anne ve babasiyla alinmasin gerektirir. umarim 0
yagsindaki ¢cocuk birlikte sigara ictigi goriiliiyor. goriintiiler ilgili kisilere ulagir. No
an 11-year-old <cont’d>. This warrants the child being taken into
Sarcasm)

child smoking with
their parents

their parents. <cont’d>.

A video recorded in <Blinded> shows
an 11-12-year-old child smoking with

state custody. I hope the footage

reaches the relevant authorities.

Table 1: Dataset examples with Turkish originals and English translations.

titles. Four researchers independently annotated
all sarcastic entries with four different labels, de-
pending on the clarity of the sarcasm level with
scores: “Easy” (1), “Moderate” (2), “Hard” (3),
and “No Sarcasm” (4). These four researchers then
discussed entries in which the four labels varied
greatly to agree on definitions and resolve conflicts.
After this, the scores for all sarcastic entries were
summed to reach a final label. The entries with
scores between 4-6 received the label “Easy”, 7-9
as “Moderate”, 10-12 as “Hard”, and 13-16 as “No
Sarcasm”. In the end, the dataset had 434 “Easy”,
47 “Moderate”, 16 “Hard”, and 503 “No Sarcasm”
entries. Three of the entries that were collected
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as sarcastic were labeled as “No Sarcasm” after
the labeling process. While we have sarcasm-level
granularity, we use only binary labels (“Sarcasm’
and “No Sarcasm”) for further analysis.

>

We labeled only the sarcastic entries and most
of these were labeled “Easy” by the annotators.
Hence, the annotated data is highly skewed. The
kappa statistic is known to yield low values when
the data are skewed (Viera et al., 2005). Hence,
we do not report inter-annotator agreement using
kappa scores. Before the discussion, 443 of 500
entries were unanimously labeled as sarcasm, and
490 of 500 were majority-voted as sarcasm. 402
out of 500 were majority-voted as “Easy”.



3.2 Context Generation

In the nature of Eksi Sozliik, a title page does not
provide explicit conversational reply chains. Al-
though entries under the same title are conceptually
related, they do not form a clean dialogue struc-
ture. Also, an entry that appears purely normal in
no-context may express a clear sarcasm once it’s
supported with the title-level context, as shown in
the first row of Table 1. Therefore, rather than re-
trieving context on an utterance basis, we construct
a shared contextual summary for each title. For this
aim, we scraped all available entries for each title
between September and October 2025 and used
them to form a contextual summary that reflects
the general theme. To do so, we created our own
scraper that complies with Eksi Sozliik’s terms of
service.

We construct four ranked sentence lists for each
title: (i) For the semantic list, we embed all can-
didate sentences using the Sentence-Transformers
model'. and rank them by cosine similarity to the
title embedding. (ii) For the lexical list, we com-
pute TF-IDF similarity between the title text and
candidate sentences. (iii) Eksi Sozliik’s dictionary-
like nature means that many titles contain defini-
tional or descriptive sentences that serve as a neu-
tral baseline for the discussion; to capture these, we
build a definitional list using simple Turkish defini-
tional cues and patterns, such as suffixes (e.g., -dir/-
dir/-dur/-diir) that frequently appear in explanatory
statements. (iv) Finally, we derive a novelty list
by clustering sentence embeddings and selecting
representative sentences from the clusters.

We combine the four ranked lists using Recipro-
cal Rank Fusion (RRF) to produce a single, unified
ranking of candidate sentences. Next, we apply
Maximal Marginal Relevance (MMR) with the goal
of selecting sentences that remain highly relevant to
the title while also avoiding near-duplicates among
the selected items. 200 sentences per title were
selected using this methodology.

Finally, after obtaining these MMR sets, we
prompted multiple GPT models (GPT-03-mini,
GPT-40, and GPT-4.1) to rewrite the 200 sentences
into coherent title-level context paragraphs of 40-
70 words. To validate the LLM-generated contexts,
they were cross-checked by researchers who are fa-
miliar with the platform and the specific context of
each title. While titles with inaccurate summaries

1https://huggingface.co/sentence—transformers/
paraphrase-multilingual-mpnet-base-v2
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were excluded, those that met our validation crite-
ria were added to the dataset without any manual
post-editing. With this procedure, we had three
alternative context versions per title and therefore
three context-aware dataset variants. We then fine-
tuned the BERTurk classifier on each variant. Be-
cause GPT-4.1 produced slightly better F1 scores
on the validation set, we use context generated by
GPT-4.1 in the released dataset and in subsequent
experiments.

3.3 Dataset Expansion

After the initial dataset was collected, we con-
ducted a second data-collection phase in Novem-
ber 2025 that built on it. This expansion had two
goals:(i) increasing the overall number of titles and
entries, (ii) reducing the likelihood that the model
memorizes misleading surface patterns. (e.g., bknz.
“see also” was initially correlated with sarcastic pre-
dictions, so we added non-sarcastic bknz. examples
during expansion).

3.3.1 Additional Title Scraping

One of the researchers, a native Turkish speaker
and frequent user of Eksi Sozliik, monitored the
stream of titles in November 2025 and selected
those that appeared likely to attract sarcastic contri-
butions. Titles that were actively discussed around
a specific news item, public incident, or viral phrase
were prioritised, as these tend to generate a higher
density of humorous and sarcastic entries over a
distinct context. Typical examples include titles
about a viral news item, a widely discussed public
topic, or a phrase that became a meme.

After selecting the titles, we collected all associ-
ated entries with them and generated their contexts
as detailed in Section 3.2. All collected entries
from these newly sampled titles were first passed
through the sarcasm classifier trained on the initial
dataset. The model produced a binary prediction
(Sarcasm vs. No Sarcasm) for every entry.

3.3.2 Filtering & Annotation

After the data collection, two human annotators
independently assigned binary sarcasm labels to
the entries considering the entry text and the con-
text generated as specified in Section 3.2. In this
annotation phase, researchers applied a set of fil-
tering criteria as detailed below. Entries that failed
any of these criteria were not annotated and were
therefore excluded from the dataset. Only the en-
tries that both annotators agreed on the label were
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included in the dataset. In total, the dataset was
expanded by 45 titles and 515 entries, yielding 98
unique titles and 1,515 entries overall. Eventually
we have 774 Sarcasm and 741 No Sarcasm entries
in SarcasTiirk.

Filtering Criteria

Entries that exceeded a predefined length thresh-
old, repeated essentially the same joke or sarcastic
template as an already selected entry, or were only
weakly related to the title or its overall topic were
not included. We also excluded entries whose sar-
castic meaning depended completely on out of con-
text references to external events, people, or private
conversations that could not be reconstructed from
the title or context generated. In addition, entries
whose main function was direct abuse or swear-
ing, entries that were unintelligible due to severe
spelling or grammatical issues, entries written pre-
dominantly in a foreign language or in highly atyp-
ical language, and entries that mainly redirected
the reader to external resources (such as picture
and video links or other titles and resources) rather
than contributing their own content were discarded.
When integrating the newly labelled entries into
the corpus, we preserved the overall class balance
between sarcastic and non-sarcastic texts. In cases
where one class was over-represented within a ti-
tle or in the expansion batch as a whole, surplus
entries from the majority class were discarded.

4 Baseline Experiments

As a baseline, we frame sarcasm detection as a bi-
nary sentence-level classification task. Each entry
from Eksi Sozliik is assigned one of two labels, /
(Sarcasm) or 0 (No Sarcasm), based on the man-
ual annotation procedure described in Section 3.
We use three splits: a training set for fine-tuning,
a validation set, and a test set for reporting final
results in SarcasTiirk. Encoder-based models are
fine-tuned on the training split and selected using
the validation split, whereas decoder-only LLM
baselines are evaluated in a zero-shot setting with-
out any fine-tuning. In all experiments, we report
overall accuracy and class-wise F1-scores for the
sarcastic class (F1(1)) and the non-sarcastic class
(F1(0)).

For encoder-based models, we fine-tune
BERTurk 2 (Schweter, 2020) as a sentence-level
classifier. In the Entry-Only configuration, only

2https://huggingface.co/dbmdz/
bert-base-turkish-uncased
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the entry text is given to the model. We use a stan-
dard classification head on top of the [CLS] repre-
sentation and fine-tune the model for five epochs
with a batch size of 16, maximum sequence length
384 and learning rate 4 x 107°. In the Context-
Aware configuration, we use the title-level contexts
introduced in Section 3.2. Entry and context are en-
coded separately using a shared BERTurk encoder
with fixed token budgets of 96 tokens for the entry
and 288 tokens for the context. This dual-encoder
model is trained with the same optimization scheme
as the entry-only model.

For decoder-only large language models, we do
not fine-tune the models on our dataset. Instead, we
treat them as zero-shot sarcasm classifiers accessed
via their chat-completion APIs. We consider three
models: GPT-40, GPT-4.1, and Llama-3.3-70B. All
three are prompted with the instruction that defines
the task and constrains the output to a label. In
the No Context condition, the user message con-
tains only the entry text. In the Context-Aware
condition, we add the context. All zero-shot LLMs
are evaluated on the same test set as the fine-tuned
BERTurk models.

5 Results & Discussion

Table 2 summarizes the performance of all models
with and without title-level context. In the table, we
show the model performance on the initial dataset
and SarcasTiirk. Overall, the best results are ob-
tained by the fine-tuned BERTurk model in the
context-aware configuration on SarcasTiirk, which
reaches an accuracy of 0.76 with balanced F1-
scores for both classes (F1(1) =0.77, F1(0) =0.75).
The entry-only BERTurk baseline already performs
strongly (0.73 accuracy), but adding context yields
consistent gains in both F1(1) and F1(0), suggest-
ing that the title-level summaries provide useful
cues for disambiguating sarcastic and non-sarcastic
entries. A similar effect holds on the initial dataset:
BERTurk achieves the strongest non-sarcastic per-
formance (F1(0) = 0.76) in both configurations,
while context primarily boosts sarcasm recognition
(F1(1) from 0.66 to 0.72).

Among the zero-shot LLMs, GPT-4.1 achieves
the strongest overall performance. Without context,
GPT-4.1 reaches 0.73 accuracy and F1(1) = 0.76,
closely matching the entry-only BERTurk base-
line and outperforming it on the sarcastic class
while lagging behind on the non-sarcastic class
(F1(0) = 0.68 vs. 0.74). On the initial dataset, GPT-
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Initial Dataset SarcasTiirk

Model

Accuracy F1(1) F1(0) Accuracy F1(1) F1(0)
Llama-3.3-70B Zero Shot (No Context) 0.63 0.67 0.58 0.62 0.67 0.56
Llama-3.3-70B Zero Shot (Context-Aware) 0.66 0.72  0.58 0.65 0.71 0.55
GPT-40 Zero Shot (No Context) 0.63 0.69 0.52 0.63 0.70  0.50
GPT-40 Zero Shot (Context-Aware) 0.66 0.74 0.1 0.67 0.74  0.53
GPT-4.1 Zero Shot (No Context) 0.74 0.77 0.71 0.73 0.76  0.68
GPT-4.1 Zero Shot (Context-Aware) 0.70 0.75 0.62 0.71 0.76  0.63
BERTurk (No Context) 0.72 0.66 0.76 0.73 0.71 0.74
BERTurk (Context-Aware) 0.74 0.72 0.76 0.76 0.77 0.75

Table 2: Model performance on initial dataset and SarcasTiirk (1 = Sarcasm, 0 = No Sarcasm).

4.1 shows the same pattern and slightly higher
scores in the no-context setting (0.74 accuracy;
F1(1) = 0.77, F1(0) = 0.71). Adding context to
GPT-4.1 leads to a small drop in accuracy (0.71)
and in F1(0), while leaving F1(1) unchanged. This
drop is also observed on the initial dataset (0.70
accuracy; F1(0) from 0.71 to 0.62). A qualitative
analysis of the errors for GPT-4.1 reveals that this
drop in F1(0) is largely driven by a tonal mismatch.
Since the LLM-generated contexts have a typically
objective and encyclopedic tone, the model tends to
misinterpret the sharp contrast between this formal
background and the informal, subjective nature of
user entries as a sign of irony. Consequently, for
this model, in some cases, context acts as noise that
triggers false positives in the non-sarcastic class.

GPT-40 and Llama-3.3-70B show a clearer ben-
efit from context. For GPT-40, context increases
accuracy from 0.63 to 0.67 and improves F1(1)
from 0.70 to 0.74 and F1(0) from 0.50 to 0.53. The
same situation holds on the initial dataset, where
context raises GPT-40 from 0.63 to 0.66 accuracy
and improves F1(1) from 0.69 to 0.74. Llama-3.3-
70B exhibits a similar pattern on the sarcastic class:
F1(1) rises from 0.67 to 0.71, and accuracy im-
proves from 0.62 to 0.65 when context is provided.
On the initial dataset, context improves Llama-3.3-
70B from 0.63 to 0.66 accuracy and from 0.67 to
0.72 in F1(1). However, the gains in sarcasm detec-
tion come at the cost of a slight decrease in F1(0),
indicating that these models tend to predict Sar-
casm more aggressively when context information
is available.

Across all zero-shot LLMs, models are compet-
itive at recognising sarcastic entries but are less
reliable at correctly identifying non-sarcastic text,
where they often produce false positives. In con-
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trast, fine-tuned BERTurk, especially in the context-
aware setting, maintains a better balance between
the two classes.

5.1 Limitations and Future Work

SarcasTiirk was created in a two-stage setup; the
initial step and the expansion phase. In the ini-
tial step, we collected and annotated the data with-
out context. We then created a context-generation
workflow and augmented our initial dataset with
title-level context.

Since the initial dataset was labelled without
context, we didn’t collect any entries from the titles
that may require context to understand sarcasm
(e.g., as shown in the first row of Table 1 where
we need context to decide on sarcasm). In the
dataset expansion part, we chose entries without
this limitation. Since we have a different filtering
methodology, we show the results for the initial
dataset separately in Table 2.

We extracted only the sarcastic parts of some of
the long entries during the initial data collection
step. However, considering the full text of the
entries could also be helpful, as it provides context.
Since the initial data collection was in Fall 2024,
some of these entries are inaccessible (e.g., either
deleted by the users or the platform). Hence, we
cannot reach the full text for such entries. Future
work could collect entries as a whole text to make
further analysis.

Another limitation arises from the generated con-
text itself. As observed with GPT-4.1 and discussed
in Section 5, the formal tone of LLM-generated
contexts can create a tonal mismatch with infor-
mal entries. This causes false positives in the non-
sarcastic class. Finally, while we intentionally bal-
anced the dataset to ensure sufficient supervision



for the sarcastic class, real-world sarcasm distribu-
tion is typically highly skewed. Future evaluations
on unbalanced subsets would be valuable to assess
model robustness in realistic scenarios.

We release SarcasTiirk, a Turkish sarcasm de-
tection dataset with title-level context, and provide
baseline results with BERTurk to facilitate future
research. Future works may (i) expand the dataset
using the proposed expansion workflow to gener-
alize more domains, (ii) explore alternative forms
of context construction and assess how context af-
fects the performance, (iii) position SarcasTiirk
within the multilingual sarcasm literature by prepar-
ing a standardized evaluation protocol, and (iv)
conduct more extensive benchmarking with other
state-of-the-art models that are open-sourced, as
well as other encoder-only models such as mm-
BERT (Marone et al., 2025).

6 Ethical Considerations

This study aims to support research on sarcasm de-
tection and context-aware language understanding
in Turkish online discourse. SarcasTiirk is con-
structed from naturally occurring entries on Eksi
Sozliik and is intended solely as a resource for aca-
demic research on sarcasm detection and related
language technologies, not for amplifying offensive
content or targeting individuals or groups.

Because the data is collected from a large, user-
generated platform and reflects naturally occurring
language use in Turkish online discourse, it con-
tains sensitive and potentially harmful material that
is commonly present in such environments. Entries
may include racist or sexist remarks, coarse slang,
swear words, sexual content, and mocking or de-
meaning comments about topics, social groups, or
well-known public figures. Many entries express
strong opinions, generalisations, or exaggerations
and may explicitly or implicitly single out public
figures or communities. We did not censor such
content to preserve the original content. Readers
should therefore be aware that the dataset contains
offensive and disturbing language.

All entries in the corpus were selected and anno-
tated by native Turkish speakers who are familiar
with Eksi Sozliik and with the goals of the project.
Before the data collection, the annotators were
agreed on the nature of the public content, and
those who were uncomfortable with such material
did not participate. During annotation and data
collection, researchers focused only on assessing
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the presence or absence of sarcasm. They did not
rate entries according to their moral acceptability,
political stance, or factual correctness.

The dataset contains only four columns: title,
context, entry, label. We don’t release usernames
or any other metadata that could be used to identify
the Eksi Sozliik authors.

Despite these precautions, the dataset may still
reflect social biases present in the source platform.
Certain groups, topics, or styles of expression may
be over or under-represented, and models trained
on this data can inherit or amplify such biases, par-
ticularly towards communities or polarising politi-
cal topics.

We used Grammarly and ChatGPT 5.1 to check
spelling and text flow after drafting our own ver-
sion, and incorporated suggestions for more appro-
priate wording.

7 Conclusions

In this work, we introduced SarcasTiirk, a context-
aware Turkish sarcasm detection dataset collected
from Eksi Sozliik. SarcasTiirk contains 1,515 en-
tries from 98 titles with binary sarcasm labels and
title-level context. We also present a context gener-
ation pipeline that constructs these title-level con-
texts, which enables context-aware modeling and
evaluation. Our baseline model shows that context
helps sarcasm detection: context-aware BERT Turk
achieves the best overall performance (0.76 accu-
racy with balanced class-wise F1 scores).
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LLM System Message for Context
Generation

- Roliun: Baslik altindaki aday cimleleri yalnizca

—

—

verilen igerikten hareketle notr,
bilgi-odakli bir baglama sikistiran editor.

- Amag: Asagidaki 200 cimleden yararlanarak,

—

—

—

{TITLE} basliginin baglamini aciklayan 3-4
climlelik, okunur ve kapsayici bir paragraf
iret.

- Girdi:

Baslik: {TITLE}
Aday cimleler (her biri bir satir):

- Kurallar:

—
—

—

—
—
—

Sadece verilen cimlelerdeki bilgiye dayan;
harici bilgi ekleme/tahmin yapma.

Notr/ansiklopedik ton: 1./2. tekil/gogul kisi
(ben, biz, sen, siz) ve duygusal/argo
kullanma.

Tanima yakin giris + tekrarlanan temalar (6rn.
o0zellikler, tartisma eksenleri, tipik
ornekler) + varsa mizah/sarkazm Uslubuna Ust
dizey atif.

Liste-ezberi (X, Y, Z gibi) ve marka/model
sakalarini 0z haline getir; isimleri yigma.

Celiski varsa st seviye birlestir: “bazi
kullanicilar ..., digerleri .. ."”.

Basligi papaganlama (sadece “{{TITLE}} .. .”
demek) yapma; icerik tasi.
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-- Uzunluk: 3-4 cimle, toplam 40-70 kelime

— civari.

- Is akisi:

1) Cimleleri hizlica tara = tekrar eden temalari

— ve tanimsal ipuglarini bul.

2) Asiri Oznel/argo/kisisel ani cimlelerini
— Ozetleyerek notrlestir.

3) Bir paragraf yaz: (i) konu/alan cercgevesi,
— (ii) ana temalar, (iii) varsa karsit

— gorus/mizah notu.

- Cikti (yalnizca paragraf):

-- Tirkge, tek paragraf, 3-4 clmle.

-- Baslik veya koseli parantez/ID yazma; sadece
< Ozet paragrafini ver.

- Veri:

-- Baslik: {{TITLE}}

-- Cumleler: {{SENTENCE_BLOCK_OF_2003}}

In our context generation step, the LLM was
instructed using the Turkish system message. We
include the English translation below for clarity.

- Your role: An editor who compresses the
candidate sentences under the title into a

N
— neutral, information-focused context,
— relying only on the provided content.

- Goal: Using the 200 sentences below, produce a
readable and comprehensive paragraph of 3-4
— sentences that explains the context of the

< {TITLE}.

- Input:

-- Title: {TITLE}

-- Candidate sentences (each on its own line):

- Rules:

Rely only on the information in the given
sentences; do not add external information or
make guesses.

Neutral/encyclopedic tone: do not use 1st/2nd
person singular/plural (I, we, you) and avoid
emotional language or slang.

A definition-like opening + recurring themes
(e.g., characteristics, axes of debate,

—

.
< typical examples) + if present, a high-level
— reference to humor/sarcasm style.

Condense list-like recitations (e.g., X, Y, Z)
and brand/model jokes into their essence; do
not pile up names.

If there are contradictions, merge at a high
level: “some users ..., others .. .”.

Do not parrot the title (i.e., avoid merely

< saying “{{TITLE}} .. .?”); convey substance.
-- Length: 3-4 sentences, around 40-70 words

< total.

- Workflow:

1) Skim the sentences quickly -+ find recurring
themes and definitional cues.

.
2) Neutralize overly

— subjective/slang/personal-anecdote sentences
< by summarizing them.

3) Write one paragraph: (i) topic/field framing,
« (ii) main themes, (iii) if applicable, a note
< on opposing views/humor.

- Output (paragraph only):

-- Turkish, single paragraph, 3-4 sentences.
-- Do not write the title or brackets/IDs;
— provide only the summary paragraph.

- Data:

-- Title: {{TITLE}}

-- Sentences: {{SENTENCE_BLOCK_OF_200}}
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B Zero Shot LLM Test System Messages
B.1 No Context

You are a sarcasm classifier.
< provide a piece of text
The goal is to decide if the Text itself is

— sarcastic or not.

Respond ONLY in the following JSON format WITHOUT
code fences and without any extra text:

'{ "label”: "Sarcasm” | "No Sarcasm”, "reason”:
"<short reason>" }\n'

If uncertain, choose the most likely label and
state that in the reason.

The user will

—
—

—

B.2 Context-Aware

You

N
The

—

are a sarcasm classifier. The user will
provide a piece of text and context.

goal is to decide if the Text itself is
sarcastic or not.

The Context is only background information to
— help you interpret the Text

Respond ONLY in the following JSON format WITHOUT
— code fences and without any extra text:

'{ "label”: "Sarcasm” | "No Sarcasm”, "reason":
— "<short reason>" }\n'

If uncertain, choose the most likely label and

— state that in the reason.



