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Word sense disambiguation (WSD) is the process of determining the correct meaning of a word based on its
context in a sentence, a task that remains one of the core challenges in natural language processing (NLP)
despite the advancements made by LLMs. Although LLMs have improved WSD performance, challenges
remain—especially in nuanced contexts, low-resource languages, and domain-specific terminology. These gaps
can hinder the accuracy of LLMs in high-stakes applications and multilingual settings. In response to the need
for WSD, our study introduces a novel approach to WSD data collection through gamified crowdsourcing,
which, to our knowledge, has not been previously applied in this field. A messaging bot method has been
used to engage a wide, diverse audience to generate high-quality WSD data. Using a multiplayer game format,
native speakers provide examples for different senses of ambiguous words and rate others’ contributions.
Together with the suggested enhancements, this platform attracted a diverse range of participants—spanning
ages, backgrounds, and genders—20 times more than a similar crowdsourcing method applied to a different NLP
task, and sustained their engagement over an extended period. Unlike conventional academic crowdsourcing
pools, this approach focuses on drawing individuals from varied backgrounds beyond academia or Al-focused
communities. It not only gathered data but also encouraged participants to evaluate each other’s contributions,
creating a rich and reliable dataset. Our findings suggest that gamified crowdsourcing can be a powerful tool
for creating WSD corpora. Our approach not only supports future WSD research but also contributes valuable
training data for developing more precise and resilient language models.
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1 Introduction

WSDe is the process of determining the correct meaning of a word based on its context in a sentence.
Due to the numerous ambiguities in natural languages, researchers suggest addressing the problem
across various languages for better disambiguation results [18, 56, 58].

WSD enhances several NLP tasks, such as sentiment analysis, abstract meaning representation,
multilingual information extraction, and the semantic web [1, 18, 40]. These tasks require the ability
to distinguish subtle differences in word meanings, often relying on implicit context. Humans are
particularly skilled at this disambiguation, even with limited information, which suggests that
understanding this skill could improve NLP performance. Grasping a word’s meaning within a
sentence is a core challenge in WSD tasks—not only for Al but even for humans at times—and
large language models like ChatGPT still struggle to achieve complete accuracy [9, 37]. The lack
of abundant, high-quality labeled data makes this task challenging for both humans and AI [25].
For example, the Turkish word “ocak” has 10 to 11 meanings listed by the Turkish Language
Association (TDK) and WordNet, yet a model like ChatGPT typically only identifies 4 or 5.
This reveals the model’s limitations in capturing fine-grained distinctions, raising the question of
whether such precise interpretation is desirable in Al-or, if so, how confidently we can rely on its
interpretations.

While LLMs have made strides in addressing this issue, WSD is still essential for several key
reasons; LLMs often struggle in nuanced or ambiguous contexts, particularly in specialized domains
and low-resource languages. WSD provides targeted solutions for such challenges by ensuring
accurate word interpretation across various applications. It is indispensable in fields like medicine
and law, where precise terminology is critical, and in multilingual tasks such as translation and sum-
marization, where cross-linguistic clarity is essential [12, 33, 40]. Additionally, WSD addresses rare
word senses that are underrepresented in large datasets, enhancing performance in low-resource
scenarios [6, 36]. By reducing misinterpretations in sensitive applications and boosting efficiency
in tasks like information retrieval and text simplification, WSD complements LLMs in addressing
ambiguities they may not fully resolve, thereby improving overall NLP robustness [5, 46, 55].

This study aims to tackle several challenges by proposing a novel approach to collecting Word
Sense Disambiguation (WSD) data, with a particular focus on low-resource languages like Turkish,
where labeled data is both scarce and difficult to produce at scale. One of the primary obstacles
in this area is the development of diverse, high-quality, and sense-rich corpora that accurately
represent real-world language use. Traditional annotation methods are time-consuming, resource-
intensive, and costly, which restricts the size and coverage of datasets needed for supervised
learning. Additionally, the crowdsourcing pools available on existing online platforms often feature
a limited and homogeneous participant base, which hampers the linguistic and contextual diversity
essential for training robust and generalizable models.

The novelty of this work lies in its dual mechanism of crowd-driven creation and evaluation
within a gamified environment, advancing beyond conventional labeling methods to produce richly
contextualized examples and corresponding quality assessments at scale. Recent advancements
have demonstrated that gamified crowdsourcing offers an innovative and effective method for
gathering supervised training data [11, 15-17, 21, 30, 33, 35, 48, 59]. In this study, we apply this
novel approach to the collection of data for WSD-a core NLP task for which, to our knowledge,
this method has not previously been utilized in the literature. Our findings indicate that gamified
crowdsourcing is indeed a valuable tool for WSD data collection, showing promising efficacy in this
new application. This article introduces a gamified crowdsourcing approach for collecting WSD
examples for the words with multiple meanings; A messaging bot is structured as an asynchronous
multiplayer game where native speakers compete by providing various examples for different
meanings of a given ambiguous word and rating other players’ submissions. Our work follows
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traditional crowd-processing annotation efforts in the field; however, for the first time in the
literature, a crowd-creating and crowd-rating approach [24, 43, 53] is implemented and tested
specifically for WSD data collection. A similar approach has been undertaken by [17] for collecting
idiomatic expressions in corpora. This article extends the previous work with a re-design and
adaptation for the WSD task together with modifications for the game to be used in a wider crowd
sourcing environment (i.e., Instagram). In this study, our approach involved actively engaging the
public in WSD data generation through a gamified platform promoted on social media (Instagram),
reaching 20 times more participants over a longer period than traditional crowdsourcing methods.
Unlike conventional academic crowdsourcing pools, our participants spanned diverse ages and
backgrounds, with a balanced mix of genders, providing data for 30 days. Participants not only
generated data but also rated each other’s contributions, creating a rich and reliable dataset. The
approach is tested on Turkish language with 30 different ambiguous words (15 of them nouns, 15
of them verbs) and evaluated in comparison to traditional data preparation techniques in the field.
With rewards as an incentive, this gamified approach proved both engaging and effective, as users
found it entertaining and useful.

This study introduces gamified crowdsourcing as a novel approach to constructing WSD cor-
pora, addressing key challenges such as data scarcity and the imbalance between ambiguous and
unambiguous word samples in traditional methods. Our contributions to the field are threefold:
(1) the first crowd-creating and crowd-rating application of gamified crowdsourcing for WSD in
the literature, (2) the creation of a new WSD dataset for Turkish, and (3) the development of a
diverse dataset with potential applicability for multilingual WSD research. This method not only
accelerates the creation of WSD corpora but also provides high-quality supervised training data,
supporting future WSD studies and the advancement of robust and precise language models. The
article is structured as follows: Section 2 discusses related work, Section 3 details the game design,
Section 4 presents analyses, and Section 5 concludes.

2 Background and Related Work

WSD is one of the most significant challenges in the field of NLP [4, 46]. It involves determining
which meaning of a word is being used in a given context, a task that is inherently complex due to
the polysemous nature of language. Words often have multiple meanings, and discerning the correct
one requires a deep understanding of the surrounding text, as well as the nuances of language
use. Creating high-quality, manually annotated corpora with accurate sense labels is often both
time-consuming and resource-intensive [18, 40]. As a result, nearly all widely used sense-tagged
corpora are produced by trained annotators [26, 52], creating a knowledge acquisition bottleneck
for training systems that rely on sense labels [23]. Despite advances in machine learning and Al,
achieving high accuracy in WSD remains difficult, as it necessitates large, manually annotated
corpora for training, which are costly and laborious to produce [25]. These foundational studies
underline the limitations of traditional supervised approaches, particularly in terms of scalability
and cost.

In the context of low-resource languages, WSD becomes even more challenging due to the
scarcity of annotated corpora and tools. Recent studies have explored various methods to improve
WSD performance in these contexts. In the study [60], researchers focused on RegNet with efficient
channel attention and dilated convolution. In another study [14], researchers applied a specific
WSD method for the Portuguese language, while in [22], researchers introduced a hybrid approach
tailored for Marathi. Other approaches include [27], where researchers developed a supervised
method for clinical abbreviation normalization, and [34], where researchers focused on WSD
for large documents using neural networks. Additionally, Ref. [8] presented a novel method for
morphologically rich, low-resource languages. These approaches demonstrate varied strategies such
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as hybrid modeling, domain-specific adaptation, and neural architectures, each with advantages like
flexibility or domain-fit, but also with limitations stemming from data scarcity or computational
complexity.

To overcome the data bottleneck, crowdsourcing has emerged as an alternative means of collecting
linguistic annotations. It has been increasingly applied in various NLP tasks to gather sense
annotations. Recent studies have proposed crowdsourcing as an effective method for collecting
sense annotations, highlighting its potential to mitigate the data scarcity problem in WSD [7, 13,
31, 51, 54, 57]. However, the sense labels generated through these methods often differ from those
found in widely used sense inventories such as WordNet [19]. While crowdsourcing enables broader
participation and scalable annotation, it also introduces challenges in annotation consistency and
sense inventory alignment. Due to these issues, there are relatively few studies introducing word
sense corpora.

Building upon crowdsourcing, gamified approaches have recently gained traction for data
collection tasks in NLP and beyond. Recent advancements show that gamified crowdsourcing is
an innovative and effective way to collect supervised training data across diverse fields [42, 43, 45].
Researchers in [48] used gamified close-range sensing for developing a Digital Twin of the
Earth, while in [15], researchers applied this approach to label lung ultrasound datasets. In
[33], researchers explored lexical diversity through crowdsourcing, and [30] constructed a large
English-Croatian parallel corpus via a gamified platform. Other notable studies include [16], where
researchers examined gamification’s role in crowdsourcing; [21], where researchers surveyed
perspectivist approaches in NLP; and [11], where researchers addressed lexical ambiguity in
natural language requirements using Gamify4LexAmb. In [59], researchers leveraged gamified
crowdsourcing for high-quality visual fine-tuning data, while [35] supported the semantic
transformation of digital libraries. In [17], researchers specifically applied gamified crowdsourcing
for constructing idiom corpora, further illustrating the potential of this approach across language
and data collection tasks. While these studies emphasize the scalability, engagement, and creativity
of gamified methods, none have targeted the creation of word sense corpora through this
paradigm.

In this context, our study contributes a novel direction by applying gamified crowdsourcing for
word sense annotation in Turkish. Unlike prior work that either used traditional crowdsourcing or
targeted different annotation goals (e.g., idioms, visual data), our platform leverages both crowd-
creating and crowd-rating mechanisms tailored to word sense tasks. This work belongs to the
intersection of low-resource WSD and gamified crowdsourcing, aiming to fill the gap where no
prior studies have focused on gamified WSD corpus creation in Turkish or other low-resource
settings. Our approach proposes a scalable, engaging, and linguistically aligned methodology to
construct high-quality sense-annotated corpora.

In addition to the studies mentioned above, several others have focused specifically on Turkish
WSD. Ref. [28] constructed a Turkish lexical sample dataset by identifying highly ambiguous words
and manually annotating them with expert taggers. Ref. [41] proposed adaptations of Lesk and
simplified Lesk algorithms for Turkish, incorporating stemming and polysemy-aware mechanisms.
Ref. [2] translated English Penn Treebank sentences into Turkish and applied various feature-based
classifiers. Ref. [49] explored ways to induce sense distinctions from scratch, such as hierarchical
binary splits and pseudo-word generation. Ref. [3] introduced an all-words WSD corpus by aligning
a Turkish Treebank with TDK dictionary senses and tested increasingly complex features for disam-
biguation. Ref. [32] improved the Lesk algorithm by taking advantage of the hierarchical structure
of Turkish WordNet. While previous studies have contributed valuable resources and techniques for
Turkish WSD, they present key limitations in terms of accessibility, representativeness, and design.
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Table 1. Categorized Overview of Prior Work on Word Sense Disambiguation

Category Representative Studies

General WSD Methods and Challenges [4, 18, 23, 25, 26, 40, 46, 52]

WSD in Low-Resource Languages [8, 14, 22, 27, 34, 60]
Crowdsourcing for WSD [7, 13, 31, 51, 54, 57]

Gamified Crowdsourcing (Non-WSD) [11, 15-17, 21, 30, 33, 35, 42, 43, 45, 48, 59]
WSD Studies in Turkish [2, 3, 28, 32, 41, 49]

Among the four that offer linguistic datasets, Ref. [28] is closed-source, limiting its usability by
the broader community. Another dataset [2] is not originally Turkish, which limits its applicability
for natural Turkish ambiguity. The remaining two [3, 32] theses are not specifically designed to
represent distinct senses of ambiguous words, making them suboptimal for training or evaluation.
Overall, the lack of high-quality, open, and purpose-built datasets limits progress in Turkish WSD.
Our work provides a freely available, native, and sense-focused dataset created via gamified crowd-
sourcing, offering both scalability and user engagement. A summary of the categorized literature
discussed above is presented in Table 1 for a clearer comparison of methodologies and domains.

3 Game Design

The name of the original game in [17] was “Dodiom” for expressing that it is designed for idiom
corpora collection; the merging of the words Dodo (the game’s bird character representing the
bot’s persona) and idiom. We changed the telegram bots name to “DodoME” which reflects the
word MEanings for WSD. According to researchers [44], the users increasingly expect software
to be not only functional but also enjoyable to use, and creating gamified software necessitates
an in-depth understanding of motivational psychology and multidisciplinary knowledge. In our
case, these disciplines include computational linguistics, NLP, and gamification. To illuminate the
successful design of gamified software, the aforementioned study divides the engineering process
into seven main phases and outlines thirteen design principles adopted by experts. The complete
list of design principles used in Dodiom is provided in [17].

The software was designed to create an enjoyable and cooperative environment that would
motivate volunteers to assist with research studies. The game is re-designed to collect usage
samples for the WSD task. A messaging bot is designed as an asynchronous multiplayer game' for
native speakers who compete with each other while providing word senses for given ambiguous
words and rating other players’ entries. The game is an explicit crowdsourcing game, and players
are informed from the outset that by playing, they are contributing to the creation of a public data
source.

The story of the game is based on Dodo trying to learn a foreign language and having difficulty
learning ambiguous words in that language. Players try to teach Dodo the word senses in that
language by providing examples. Dodiom has been developed as an opensource project (available
on Github ?) with the focus on being easily adapted to different languages or different tasks such
as in our case WSD. Similarly, we also share the DodoME as an open project,® which will open the
way for further research in WSD studies in other languages.

! Asynchronous multiplayer games enable players to take their turns at a time that suits them; i.e., the users do not need to
be in the game simultaneously.

2https://github.com/Dodiom/dodiom

%to be shared upon acceptence
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Table 2. Chosen Ambiguous Words and English Translations with the Most Common Sense

Word UNIQUE MEANING COUNT Word UNIQUE MEANING COUNT
WordNet TDK Mapped ‘WordNet TDK Mapped
Acik (Open) 16 16 4 Ac (Open) 28 27 6
Baski (Pressure) 8 8 3 Al (Take) 38 33 4
Bas (Head) 15 15 4 At (Throw) 38 33 4
Derece (Degree) 8 7 3 Bak (Look) 20 17 3
Diinya (World) 5 7 4 Cevir (Turn) 15 15 3
El (Hand) 11 10 3 Cik (Exit) 59 56 3
Goz (Eye) 14 13 4 Geg (Pass) 39 38 3
NOUN Hat (Line) 8 9 3 VERB Gel (Come) 39 36 3
Hava (Air) 14 14 3 Gir (Enter) 21 19 3
Kaynak (Resource) 8 8 4 Gor (See) 20 20 2
K&k (Root) 10 12 4 Kal (Stay) 22 21 3
Kér (Blindness) 7 7 3 Ol (Be) 24 25 3
Ocak (Stove) 10 13 4 Siir (Drive) 17 16 4
Yas (Age) 8 9 5 Ver (Give) 23 22 3
Yiiz (Face) 14 15 3 Yap (Do) 21 20 3

3.1 Main Interactions, Gameplay

The words to be played each day are selected according to the study [29] according to their tendency
suitability to be referred as ambiguous word. The list of played nouns and verbs and their numbers
of different meanings are given in Table 2. The table lists ambiguous words, with the most common
meanings provided in parentheses based on definitions by the TDK. However, these meanings do
not encompass all possible senses of the words. However, we downsized these word meanings with
limiting each word to a maximum of four or five meanings. The downsizing process and its reasons
are thoroughly explained in Section 3.4.

Dodo learns a new ambiguous word every day. For each chosen word, players have a predeter-
mined time frame to submit their samples and reviews so that they can play at their own pace.
DodoMe’s time frame is determined as between 9 a.m. and 11 p.m. based on the working hours of
our crowd.

When users connect to the bot for the first time, they are greeted by Dodo, who explains the game
and teaches them how to play step-by-step (Figure 1(a)). This pregame tutorial and the simplicity
of the game have proven effective, as most players were able to start playing within minutes and
provided high-quality examples. Players are then presented with the word of the day along with its
related meanings (see Figure 1). Additionally, random tips for the game are shared with players
right after they submit their examples. Figure 1(b) shows the main menu, from where the players
can access various modes of the game.

Bugiiniin Kelimesi (Today’s Word) tells the player what that day’s chosen ambiguous word is
(from Table 2). Later players can then submit different meaning examples for the word to get more
points.

Ornek Gonder (Submit) allows players to submit new usage examples for different meanings of
a word. When clicked, Dodo presents the first meaning of the word with an example to help the user
understand it. The player is then asked to provide their own example sentence for that meaning.
The submitted sentence is checked to ensure it contains the relevant words, including lemmas,
Turkish characters, and correct diacritics. Players are rewarded when others like their examples,
incentivizing high-quality submissions. After submitting an example, Dodo asks if the player
wants to continue providing examples for the same meaning or move on to the next. Meanings
are presented dynamically in different orders; for instance, while the first player is asked for an
example of the first meaning, the second player is asked for the second meaning. If there are multiple
meanings and active players, each is initially assigned a different meaning to ensure balanced
coverage. When a new player joins, Dodo assigns the meaning with the fewest examples first.
Additionally, the system limits each player to five examples per meaning before encouraging them
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(D Dodome
< Dodome
Kafami karigtiran birden fazla anlami olan
/. kelimeler igin bana 6rnek climleler verebilir
misin?

Ornegin ocak kelimesini ele alalim.

"“Yilin birinci ayr" anlami igin: "Ocak ayni
sevmem, oldum olasi."

Selam dilaratorunoglu, ben Dodo.

"S6mine" anlami igin: "Isinmak igin ocaga (<
Ben Tiirkge 6grenmeye galigiyorum. Ancak odun att." A
sozciiklerin farkl anlamlari kafami karistiryor. | o~

Bu tarz 6rneklere ihtiyacim var. 77

Daha iyi anlamamda bana yardimci olabilir |
misin? Dodome akademik amagla tasarlanmistir. Bu 5
botu kullanarak eklediginiz verinin dil modelleri

igin kullaniimasini kabul etmis sayilirsiniz.

Kisisel veriler kullanilmamakta ve tiglincti

Kafami karistiran birden fazla anlami olan
kelimeler icin bana 6rnek climleler verebilir

misin? sahislarla paylagiimamaktadir.

Ornegin ocak kelimesini ele alalim. @ ® Q/

"Yiln birinci ayr" anlami igin: "Ocak ayini

sevmenm, oldum olasi. Bugiiniin kelimesi Ornek gonder

"S6mine" anlami igin: "Isinmak igin ocaga

odun att."

Bu tarz 6rneklere ihtiyacim var. Ornekleri oyla Yardim

Dodome akademik amagla tasarlanmistir. Bu

botu kullanarak eklediginiz verinin dil modelleri

igin kullaniimasini kabul etmis sayilirsiniz. "

L . o Siralamalar goster Basarimlar

Kisisel veriler kullaniimamakta ve tgiinci

sahislarla paylagimamaktadir.
(a) Dodo greeting the player, de- (b) Main Menu showing the cur-
scribing the game, and showing rently available options

the next steps

Fig. 1. Dodiom welcome and menu screens.

to continue with a new meaning. This approach ensures that all meanings are evenly represented
in terms of example sentence count.

In Figure 2, the word “ocak” is used as an example in gameplay. While “ocak” has 10 meanings in
WordNet and 11 in TDK, as shown in Table 2, these have been reduced to four primary meanings, a
process detailed in Section 3.4. The first player is presented with the first meaning, “the first month
of the year” The player can then choose to provide an example for this meaning by selecting “Ornek
Gonder” (Submit), or move on to the next meaning by selecting “Diger anlama ge¢” (Next Meaning),
or stop submitting examples altogether with “Ornek géndermeyi bitir” (Stop). The second meaning
presented is “a cooking tool, such as a stove, oven, or fireplace” Third meaning is “aboveground,
underground place where minerals are extracted, mine” and forth meaning is “community, family
or lineage”.

Ornekleri Oyla (Review) lets players evaluate submissions from others. Dodo displays examples
along with their annotations (e.g., whether the meaning is correct) and asks for approval. Players
earn points for each review, encouraging active participation. An example dialog is given in
Figure 3. In Figure 3(a) when the user selects “Ornekleri Oyla” (Review), Dodo prompts them to
confirm whether the given example matches the meaning. The user can agree (“Katiliyorum dogru
anlam”), disagree (“Katiliyorum yanlis anlam”), report (“Bu 6rnegi sikayet et”), or end the review
(“Incelemeyi bitir”). Based on their choice, the user earns points and Dodo thanks them for their
contribution as shown in Figure 3(b). Users can also report examples that violate guidelines (e.g.,
vulgar language, improper use of the platform) for later review by moderators. Moderators can
flag inappropriate submissions and ban users if necessary. Submissions with fewer reviews are
prioritized, ensuring each example receives a similar number of evaluations. This Review section
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Dodome
(@ &
—
| Ocadin altini kapatmay unutma 0.3,

-
Girdigin climlede ocak kelimesini bulamadim,
bagka bir 6rnek girmeyi dener misin?

Ocadin altini kapatmayi unutma. 19.21»
s
Tegekkiir ederim. Diger oyuncular 6rnegini
begenince puan kazanacaksin. Bu anlamla ilgili
yeni bir 6rnek daha girebilir misin? Her bir
ornek ek puan unutma!
—o
N @ Diger anlama geg .21~
L
ocak kelimesinin gdyle bir anlami varmis:

Yer ustlinde veya yer altinda maden (kaynak)
| cikarilan yer. Mermer ocagi, Kémiir ocag.
1 Ornek: "Babam kémdir ocaginda galigiyor"
)
{
" Bu anlamda kullanildigi bir rnek ciimle
yazabilir misin?

(c) Third Meaning

Dodome
(a) Today’s Word and First Meaning <u oot @
- TRy
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Diger anlama geg
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Tesekkiir ederim. Diger oyuncular drnegini @ﬂ i ornek ek puan unutmal [‘%
begenince puan kazanacaksin. Bu anlamla ilgili o L’ T ~wor 4
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asker toplulugu veya bir aile/soyun bir arada
yasadigi topluluk.

Ornek: "Hentiz temelleri atiimayan kendi
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Bu anlamda kullanildigi bir 6rnek ciimle Bu anl_a'md_a !<ullan|ld|g| bir 6rnek ciimle
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I ——=2

(b) Second Meaning (d) Forth Meaning

Fig. 2. Meanings of the word “Ocak”.

introduces some differences and additions compared with the previous study in [17], which are
detailed in Section 3.3.

Yardim (Help) option displays a condensed version of the pregame tutorial.

Siralamalar1 Goster (Show Scoreboard) shows the current leaderboard, updated whenever a
player earns points. As seen in Figure 4(b), the scoreboard shows the scores of the top five players
along with the current player’s score. It resets daily for each word. For a player’s points to count,
they must review at least 10 sentences before the game ends at 11 p.m.; otherwise, their score will
be reset. Additionally, a soft target of 100 submissions is set, with a message below the scoreboard
indicating how many submissions are needed to reach this goal. Dodo gives warning messages to
user as seen in Figure 3(a) saying Dodo still needs 96 more examples and user needs to review at
least 10 sentences for the points to be counted. Once the target is met, the message disappears. This
warnings are also a different approach compared with study in [17] which is explained in detain in
Section 3.3.

Basarimlar (Achievements) option shows the score, level, and locked/unlocked achievements
of the user. An example can be seen in Figure 4(a) where many achievements are designed to
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Fig. 3. Dodiom review screen.

gamify the process and reward players for specific actions such as Early Bird achievement for early
submissions and Author for sending 10 submissions in a given day. Whenever an achievement is
obtained, the user is notified with a message and an exciting figure (similar to the ones in Figure 5).

DodoMe employs both gamification affordances and additional incentives [43] to motivate its
users. We adapted the work done in study [17] and before they finalized the design, they tested
various scoring systems, both with and without additional incentives. In their study, the authors
used push notifications to enhance player engagement. Multiple notifications are sent through the
game. We used the same push notifications as in the previous study [17]. To give an example, when
a player loses his/her top position on the leader board or loses his/her place in the top three or five
he/she is notified about it and encouraged to get back and send more submissions to take his/her
place back (Figure 5(b)).

3.2 Game Implementation

The Dodiom * was initially designed by [17] as a Telegram bot to leverage Telegram’s advanced
features, such as multi-platform support. This approach enabled them to concentrate on the NLP
back-end instead of developing web-based or mobile versions of the game. We downloaded Dodiom
online and modified its main goal to focus on word senses instead of idioms. In Dodiom, Python-
telegram-bot ° library was used to communicate with the Telegram servers and to implement the
main messaging interface. A PostgreSQL © database was used as the data back-end. The “Love Bird”

*https://github.com/Dodiom/dodiom
Shttps://github.com/python-telegram-bot/python-telegram-bot/
Shttps://www.postgresql.org/
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yerlestin. 10:3 miidahale etmelisin! 10:39
(a) Score increase (b) Falling back from the top 1

Fig. 5. Notification samples.

Telegram sticker package have been used for the visualization of the selected persona, which can
be changed according to the needs (e.g., with a local cultural character). For NLP related tasks,
NLTK [38] was used for tokenization. For Dodiom they used NLTK for idiom submissions but for
our resarch we used them for word tokenization. Zeyrek ’ is also used for the lemmatization of
Turkish. If the words’ surface forms are missing from the submission due to typos or incorrect
entries, the player is prompted to make a new submission.

3.3 Modifications and Enhancements

Section 3.1 provided our proposed design for a gamified crowdsourcing approach for the WSD
task. As explained before, the approach has been inspired from an earlier study [17] focusing on

7An NLTK based lemmatizer, customized for the Turkish language, https://zeyrek.readthedocs.io
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collecting literal or figurative sentence samples for specific idioms. In addition to our redesign of
the game for the WSD task, we also needed to make enhancements over [17] to be able to apply it
within a larger community. Below we list these modifications and enhancements:

(1) Dynamic Approach: For each ambiguous word, there are multiple meanings to explore in
the game. If all meanings were presented in the same order (e.g., the game always starting by
asking for an example of the first meaning, followed by the second), players would consistently
start with the same meaning, resulting in less engagement with subsequent meanings. To
ensure a balanced distribution of example sentences across all meanings, we implemented
the DodoMe game with a dynamic approach. The first meaning is presented to the initial
player, and subsequent players are prompted with the meaning that currently has the fewest
examples. Ref. [17] has used different scoring to collect different usage examples for idioms
(e.g., to encourage adjacent vs separated usage of idiom components). With modified this
behavior to automatically direct the players to less frequently exemplified senses.

(2) Limited Number of Examples: To maintain a balanced distribution of example sentences
across all meanings, we added a rule that limits players to a maximum of five examples®
for the same meaning. After reaching this limit, players are prompted to proceed to the
next meaning with less frequent samples, ensuring a balanced number of examples for each
meaning.

(3) Fishing Questions: To ensure the accuracy of player reviews during the review process, we
enhanced the DodoMe game with fishing questions. These pre-answered examples included
both true positives and false negatives, presented in the review section to the users. The
purpose of these fishing questions was to covertly evaluate whether players were participating
honestly or merely attempting to earn points. For each word, we incorporated ten fishing
questions, with two or three examples per meaning. Examples were presented randomly,
alternating between actual examples and fishing questions, and players were asked to review
if the given examples matched the intended meanings. The system already knew the correct
answers and automatically calculated players’ performance on these fishing questions, which
contributed to determining the players’ reliability scores.

(4) Banning Players: Players with a reliability score below 30% were banned for the remainder
of the day, though they could return to play the next day with a new word. However, if a
player was banned more than three times, they were permanently removed from the game.
This strategy effectively filtered out cheaters and enhanced the overall quality of examples
and reviews.

(5) Promoting Reviews: In Dodiom, the review process was not widely adopted among play-
ers, as most preferred writing example sentences for idioms rather than reviewing others’
submissions. To address this and make the review process more mandatory in DodoME, we
implemented a rule requiring players to review at least 10 examples submitted by others
before the end of the day. Failure to meet this requirement would result in the deletion of
their earned points, preventing them from winning the game even with the highest score.
This approach ensured that players reviewed at least 10 examples, including fishing questions,
allowing us to measure and calculate their reliability scores.

(6) Today’s Winner: As we began playing DodoMe, some users started winning continuously,
causing a drop in motivation among other players. Based on feedback from participants
and to keep everyone motivated, we introduced a new rule: the current day’s winner could
continue playing the next day but would be ineligible to win, even with the highest score.
This meant that the day’s winner could not win again the following day but would be eligible

8The maximum threshold can be set to any number greater than one to avoid slowing down the game.
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the day after. Additionally, we started tracking players’ weekly performances. Players who
appeared in the top five more than four days a week without ever securing first place were
awarded a weekly prize. Although this prize was smaller than the daily winner’s prize, it
provided an extra incentive for continued participation.

(7) Prizes: The prize for the daily winner was 250 Turkish Liras (TL), equivalent to approx-
imately $7.8 in April 2024. Weekly winners received 200 TL, or about $6.2. In total, we
spent 7500 TL on daily winners and 800 TL on weekly winners, amounting to 8300 TL or
approximately $256.

(8) LLM Controls: We also monitored the game for unauthorized use of LLMs, such as ChatGPT,
by tracking the timing of user entries to ensure no one was using or connecting to a generated
AT API. We identified a user who connected ChatGPT to generate example sentences and
subsequently banned them from the game. One should note that we did not forbid the users
from using LLMs or search engines to crawl high quality samples. However in that case we
expect that they read and validate the samples before submitting the system. Although we
are aware that tracking the timings is not a perfect solution to validate this, it is an initial
precaution which that could be enhanced in further studies.

(9) Focused Users: Another difference between DodoMe and Dodiom is our shift in target users,
as detailed in Section 3.4. While Dodiom was primarily played by academic users such as
university students, lecturers, and professors, DodoMe was promoted through Instagram and
attracted a broader audience, particularly random users aged 25-34. More statistics on the
users can be found in Figure 7.

3.4 Reduction of Word Meanings and Sense Bags

WSD is a challenging task in NLP because many words have multiple meanings. For instance, in
resources like TDK or WordNet, a single word can have as many as 59 different meanings (Table 2).
The list of played nouns and verbs and their meaning frequencies are given in Table 2. However, not
all these meanings are commonly used, which complicates the process of accurately determining
the intended sense in a given context. To illustrate the challenge, let us examine the ambiguous
Turkish word “ocak”, which has 13 meanings listed in the TDK, as shown in Figure 6. Consider the
first four meanings of this Figure 6:

— 1. noun: A place used for lighting fires, cooking, heating, or warming; a hearth: “Three
fishermen built a hearth out of two stones on the sand and lit a fire as the sun was setting”” -
Halikarnas Balik¢isi

— 2. noun: A fireplace: “He sits in front of the fireplace, staring intently at the burning logs.” -
Yakup Kadri Karaosmanoglu

— 3. noun: A device or tool that provides heat to warm, cook, boil, or melt materials placed on
or in it: “Apparently, the laundress had not completely put out the stove before leaving.” -
Haldun Taner

— 4. noun: A place in cafés or establishments where tea, coffee, and so on, is prepared: “When
the discussions started to heat up, he appeared in front of the café’s kitchen area” - Salah
Birsel.

Although these meanings differ in context, they are conceptually close and often overlap. For
example, in the second sense, while the word “fireplace” is used in the example, it is not explicitly
clear whether it refers to a traditional fireplace or another type of wood-burning stove. Without
considering the full context, determining the exact sense is challenging. Similarly, distinguishing
between the first, second, and third meanings—“hearth,” “fireplace,” and “stove”-requires careful
analysis of the context and additional clues, which can be difficult to ascertain from the sentence
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ocak, -gI < =
o Ates yakmaya yarayan, pisirme, isitma, isinma vb. amaglarla kullanilan yer; ocakilik:
*Ug balikg! giines batarken kurnlarin (izerine iki tagtan bir ocak yaptilar ve ateg yaktilar." - Halikarnas Balikgisi

2. » somine:
"Ocagin 6niinde oturup acayip bir dikkatle odunlarin yanigina bakar." - Yakup Kadri Karaosmanoglu

3. Isi vererek tizerine veya igine konulan maddeleri isitan, pisiren, kaynatan, eriten arag veya alet:
"Anlasilan ¢amagsirci giderken ocagi tam séndirmemis olacak." - Haldun Taner

4. Kahvelerde, kuruluslarda gay, kahve vb.nin yapildigi yer:
"Konugmalar iyice kizigmaya bagladigi vakit kahve ocaginin éniinde gérundr." - Salah Birsel

5. Yer Ustlinde veya yer altinda cevher ¢ikarlan yer:
Mermer ocadi. Kémiir ocagi.

6. Bahgelerde veya bostanlarda her tir meyve ve sebze tohumu veya fidesinin dikimi igin etrafi yUkseltilerek ortasi gukur birakilimig yer:
"Mustafa, arkasina giglii kuvvetli bir kadin takmus, (¢ eviegine gizgiler, ocaklar agiyordu." - Sait Faik Abasiyanik

7. Ayni amag ve distinceyi paylasanlarin kurduklar kurulug veya toplandiklari, gérev yaptiklan yer:
"Baglangigtan beri burasi bir vatansever ocagi idi." - Falih Rifki Atay

8. Yilin birinci ay; ikinci kdnun, son kénun, k&nunusani:
"Ocak ayini sevmem, oldum olasi." - Burhan Felek

9. Yeniceri teskilatini olusturan ortalardan her biri.

10. Ev, aile, soy:
"Hentiz temelleri atiimayan kendi ocagim kuruimadan yikilmigt.." - Aka Glindiiz

11. Halk hekimliginde bir énceki kusaktan el verme suretiyle aktarilan bilgileri kullanarak belirli bir sikayeti veya hastaligi
iyilestirdigine inanilan aile:
"Bugtin de Anadolu’nun birgok yerlesim biriminde afsuncular, ocaklar ve muskacilar iglerine ayni sézlerle baglarlar." - $akir Kegeli

12. Bir seyin en ¢ok bulundugu veya yapildigi yer:
Bilim ocag, hayir ocagi, fesat ocagi.

13. Toprak altindaki su kanallannin toprak izerine agilan ve bir kapakla &rttli bulunan deligi.
Fig. 6. Word meanings in Turkish language association (TDK) for the ambiguous word “ocak”.

alone. This difficulty highlights the inherent challenges in both human interpretation and WSD
systems. Even for humans, the subtle distinctions between these senses can be ambiguous, making
it even more demanding for WSD algorithms to reliably resolve such cases.

WSD systems are trained on examples from natural texts and require a substantial amount of
data. For Turkish, WSD studies often rely on resources such as the TDK. However, a common issue
in dictionaries is the presence of closely related or overlapping definitions, a challenge observed in
the dictionaries of many languages. In the literature, this issue is addressed by grouping similar
meanings into word sense bags [20, 39, 46]. A word sense bag clusters semantically similar meanings
of a word under a single category, streamlining their representation and making it easier to focus
on the most relevant senses for WSD tasks. This method prioritizes commonly used meanings while
filtering out less significant or overly specific ones, enhancing the efficiency and accuracy of WSD
systems. Constructing sense bags often relies on language dictionaries, supplemented by example
sentences to clarify each meaning. However, when example sentences are insufficient or absent, it
becomes challenging for the system to fully comprehend the intended sense within the bag. Ref.
[50] states that “well-defined sense groups can be of value in improving WSD by both humans and
machines”.

To tackle the complexity of semantic ambiguity in Turkish, our study employs a hybrid approach
that combines ChatGPT and human annotators to create and refine word sense bags. Our annotation
team consists of two experts, native speakers of the language in focus: the first is the lead author of
this article and a PhD candidate in NLP, and the second is a PhD holder in the same field. Both
annotators have extensive experience in computational linguistics and linguistic data annotation. To
quantify the consistency between annotators, we calculated Cohen’s kappa coefficient[10], which
measures agreement corrected for chance overlap. The resulting kappa value of 0.897 indicates very
strong agreement according to standard benchmarks. While the concept of reducing meanings
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into sense bags is not new, our approach leverages LLMs like ChatGPT in combination with human
annotators, which adds a novel layer to this process. ChatGPT is used to generate initial suggestions
for grouping related meanings of ambiguous words, drawing on large-scale language data to provide
a broad perspective. These suggestions are then reviewed by human annotators, who use their
linguistic intuition and expertise to adjust and validate the sense bags. The annotators assess the
accuracy of the groupings, determining whether additional meanings should be considered or
if the suggested meanings sufficiently cover all possible interpretations. Through this iterative
process, the list of meanings is refined and downsized, with cross-referencing examples helping to
consolidate meanings into a more manageable set, typically reducing each word to a maximum
of four or five primary senses. This hybrid approach ensures a balance between automation and
human insight, enabling the creation of robust and contextually accurate word sense bags. These
refined sense groupings serve as a foundation for building more effective WSD models tailored
to the Turkish language. By integrating sense bagging into the WSD process, we streamline the
handling of ambiguous words and improve the overall precision of language models. For example,
the verb “cik” (to go out) has 59 meanings in WordNet and 56 in the TDK. By applying our hybrid
approach, we consolidated these into 4 distinct meanings that encompass all 59 interpretations.

By using the hybrid approach outlined earlier, we successfully reduced the 13 meanings of the
word “ocak” to 4 primary senses:

— 1. Calendar Month: Refers to January, the first month of the year.
Example: “Ocak ay1 ¢ok soguk oluyor” (January is very cold.)

— 2. Cooking Appliance: Refers to a stove, oven, or fireplace used for cooking or heating.
Example: “Evden ¢ikarken ocagin altini kapatmay1 unutma.” (Don’t forget to turn off the
stove before leaving home.)

— 3. Mine or Quarry: Refers to a site where minerals, such as coal or marble, are extracted.
Example: “Babam komiir ocaginda ¢alisiyor” (My father works in a coal mine.)

— 4. Community, Family, Lineage: Refers to a group of soldiers serving together or a family/lin-
eage living as a unit.

Example: “Heniiz temelleri atilmayan kendi ocagim kurulmadan yikilmist:” (My own house-
hold was destroyed before it was even established.)

This methodology not only simplifies the disambiguation process, but also has the potential to
enhance the accuracy and efficiency of WSD systems. We believe that this approach will contribute
to future advancements in semantic ambiguity resolution for Turkish and support the development
of more reliable natural language processing tools. A key issue in this domain has been the lack of
sufficient example sentences to clarify meanings within sense bags, limiting system comprehension.
Our system addresses this challenge by generating new example sentences for each sense bag,
thereby improving contextual understanding and laying the groundwork for improved WSD
performance.

4 Analyses

This section first introduces the methodology and participants in Section 4.1, then provides an
analysis of the collected data in Section 4.2, and finally discusses error analysis in Section 4.3.

4.1 Methodology and Participants

The game was deployed in two phases: an initial 15-day period focused on 15 ambiguous nouns,
followed by a second 15-day phase that introduced 15 ambiguous verbs, as detailed in Table 2.
Testing these ambiguous words (15 nouns and 15 verbs) involved 2,917 participants and provided
valuable insights that significantly improved the game design. The game-play spanned 30 days,
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Fig. 7. DodoMe on Instagram.

from March 25 to April 23, 2024. The words featured in the game were selected based on their
propensity for ambiguity, as outlined in the study by [29]. A detailed list of the nouns and verbs,
along with their meaning frequencies, can be found in Table 2. To streamline the analysis, the
meanings for each word were reduced to a maximum of four or five, a process thoroughly described
in Section 3.4.

To reach a diverse audience, we launched an Instagram account named “@dodome_bot” and used
influencer networks alongside Instagram ads to promote our Telegram bot widely. This strategy
helped us gather a total of 1,527 followers, 90% of whom were female and 10% male. The largest age
groups were 40% aged between 25-34 and 34% aged between 35-44, with 29% residing in Istanbul,
Tirkiye. Detailed statistics are shown in Figure 7. While we lack comprehensive background details
about our followers or players, it is evident that they are real-world users, most of whom are not
academic researchers. Unlike previous crowdsourcing study, such as [17], which primarily engaged
students, Al communities, or academic participants, our approach utilized social media to reach a
more diverse and heterogeneous audience. This approach allowed us to include a broader mix of
contributors, bringing diverse perspectives into the data collection and annotation process.

In addition to deploying the game, announcements and daily updates were actively shared
on Instagram, garnering significant engagement. Over the 30-day period, the Instagram posts
received approximately ~360K views, ~256 likes, ~88 shares, and ~132 comments. From the start,
participants were informed that their involvement would contribute to the creation of a public
data resource. This transparency encouraged many users to support the project enthusiastically,
with several sharing the announcements from their own accounts, further amplifying visibility. To
boost participation, monetary rewards of 250 TL per day were offered, and these announcements
were also integrated into the game. The primary outreach was facilitated by a Turkish influencer
with approximately ~178K Instagram followers, 90% of whom are women aged between 25 and 44.
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Table 3. User Statistics

Statistic Turkish
Total # of users who played the game 2,917
... for only 1 day 1,028 (54%)
... for 2-3 days 584 (31%)
... for 4-7 days 215 (11%)
... for >= 7 days 75 (4%)
Crowd Type Anyone from Instagram Social Media

This network played a pivotal role in reaching a diverse audience, beyond the typical academic
or Al-based communities. Overall, the game attracted 2,917 players, and user statistics reveal that
nearly 13% of participants engaged with the game for more than seven days. Table 3 provides a
detailed breakdown of user demographics and engagement levels. As shown in Table 3, a total of
2,917 users subscribed to the game. Of these, 1,028 users (54% of total participants) played the game
for just 1 day during the 30-day period. Another 584 users (31%) engaged for 2-3 days, while 215
users (11%) played for 4-7 days. A smaller group of 75 users (4%) played the game for more than 7
days, representing the most dedicated players who consistently participated and frequently won
the daily monetary prizes. Detailed user statistics are further provided in Section 4.2.

In this study, we did not assume that users would always provide accurate examples of sentences
or review submissions honestly. To evaluate user performance and measure the quality of submitted
sentences, a phishing approach commonly used in crowdsourcing studies was adopted [47]. This
method involves presenting users with questions where the correct answer is known only to
moderators. For each ambiguous word (noun or verb), 10 phishing example sentences were carefully
prepared. Instead of relying on human annotators to manually assess the quality of submissions—a
costly and labor-intensive process—the system automatically evaluated user performance through
these phishing questions. The phishing sentences were meticulously selected by human annotators
to cover various meanings of the word. Some sentences were correctly labeled, while others were
intentionally mislabeled. During the review process, these phishing questions were randomly
presented to users. Users were expected to mark the sentence as correct if it was accurately
labeled and as incorrect if it was mislabeled. This system aimed to prevent users from intentionally
mislabeling sentences to gain points themselves or to lower another user’s score, ensuring a fair
and honest evaluation process. To maintain score integrity, users were required to review at least
10 sentences per day, with a minimum of 5 being phishing questions. This approach allowed us to
assess both the overall quality of the data and the individual performance of the user. If a user’s
daily performance based on phishing questions fell below 30%, they were temporarily banned from
the game to preserve data quality. Users who consistently scored below 30% for three consecutive
days were permanently removed from the game.

4.2 Data Analysis

During the 30-day period, we collected a total of 158,576 submissions and 465,787 reviews from
users for both Turkish nouns and verbs, as shown in Table 4. The game was played for 15 days
with nouns and 15 days with verbs. Of the total 158,576 submissions, 99,906 (63%) were for nouns,
while 58,670 (37%) were for verbs. Of the total 465,787 reviews, 344,980 (74%) were related to nouns,
and 120,807 (26%) were for verbs. This distribution aligns with feedback provided by participants
through comments and messages, indicating that playing with nouns was perceived as considerably
easier than playing with verbs. When we look at Table 4, the word “hava” (air) with its reduced 3
senses received a total of 11,395 example sentence submissions, making it the highest in the noun
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Table 4. Staticstics of the Collected WSD Data

Day Word Meaning Count Submission Count Review Count
1 acik (open) 4 6488 9368
1 baski (pressure) 3 8032 14573
3 bas (head) 4 3834 8904
4 derece (degree) 3 9304 58532
5 diinya (world) 4 11325 66458
6 el (hand) 3 10347 65095
7 g6z (eye) 4 6862 16387
NOUN 8 hat (line) 3 9062 29860
9 hava (air) 3 11395 24025
10 kaynak (resource) 4 5731 14334
11 kok (root) 4 2897 9559
12 kor (blindness) 3 5452 7545
13 ocak (stove) 4 3431 6460
14 yas (age) 5 3052 6070
15 yiiz (face) 3 2694 7810
16 acmak (to open) 6 2263 9236
17 almak (to take) 4 4330 9261
18 atmak (to throw) 4 4745 12947
19 bakmak (to look) 3 2049 4619
20 ¢evirmek (to turn) 3 3936 5086
21 ¢ikmak (to exit) 3 4320 7357
22 gecmek (to pass) 3 5317 13550
VERB 23 gelmek (to come) 3 5310 6632
24 girmek (to enter) 3 2117 4967
25 goérmek (to see) 2 3737 6910
26 kalmak (to stay) 3 3602 6553
27 olmak (to be) 3 5719 7982
28 siirmek (to drive) 4 3514 10920
29 vermek (to give) 3 4265 8487
30 yapmak (to do) 3 3446 6300
Total 158,576 465,787

category. However, when considering review counts, the word “diinya” (world) stands out with
66,458 reviews, the highest among nouns. The maximum number of submissions for verbs is 5,719
for the verb “olmak” (to be), while the highest number of reviews is 13,550 for the verb “ge¢mek”
(to pass).

In this section, we also present a detailed analysis of the data, including: (1) daily user engagement
statistics, showcasing the number of new users visiting the bot each day (Figure 8); (2) daily
submission and review trends (Figure 9); and (3) average review counts per word (Figure 10).
Figures 8(a) (nouns) and 8(b) (verbs) illustrate the daily count of new users who visit the bot,
regardless of whether they have actively started playing. These graphs reveal a significant influx of
users during the initial days of noun gameplay, largely driven by the crowd’s curiosity. Although the
number of new users gradually decreased during the verb phase, the game continued to attract new
players daily. This sustained engagement was fueled by sharing updates on social media, particularly
highlighting the monetary prizes won by players, which reignited interest and motivated new users
to join, creating a consistent influx of participants. As a result, the daily count of new users during
this phase averaged between 100 and 200 players.

Figure 9 shows the daily submission and review counts for both nouns and verbs. It also demon-
strates that the target of 100 submissions per ambiguous word was consistently met and often
exceeded for both tasks (nouns and verbs). On average, nouns received 6,660 submissions daily,
while verbs averaged 3,911. The average review count for nouns reached 22,998, compared with
8,053 for verbs. In the first days, the number of reviews was notably high, while submissions were
comparatively lower. However, on days with a high volume of samples, even a modest review

ACM Trans. Asian Low-Resour. Lang. Inf. Process., Vol. 24, No. 11, Article 130. Publication date: November 2025.



130:18 D. T. Selamet et al.

ot Statistics for verbs
200 Statistics for nouns 800
—— Players — Hayers
700 4 New players 700 A —— New players
6004 600
4
0 @ 500
g 500 )
& a
S 'S 400 4
'S 400 @
o -1
2 £ 300 1
5 300 4 z
z
200 4
200
A
100 4
o ) W¥
- B ———
0o——T——— T — T X X X ¥ X X X X X X X X X X X
X g o008 8T N B T ¥ X5 X 80N EEEEEEEEEEEEEEE
o © o > 2 > [} I*] il [ © - = = - = = - - =
Xﬁngg OEE§,¥¥S>;‘ gmmggéggaggoaga
€ T 8 s
Words Words
(a) Daily Player Count for Nouns (b) Daily Player Count for Verbs
Fig. 8. Daily play statistics.
Interaction statistics for nouns Interaction statistics for verbs
70000 70000
—— Submissions — Submissions
Reviews
— Reviews i
60000 1 ‘ 60000
«» 50000 @ 500007
S S
S 5
= ]
8 £ 40000
£ 40000 4 £
€ P
£ 5
s & 30000
= 30000 1 2
2 £
2 ]
E | | Z 20000
Z 20000 4 | \
| 10000
10000 | W /’\/—/_\/—;/\/\
- o
X X X v ¥ ¥ X X X ¥ x X X x x
B EEEE%EEE%EEE%EE
X g v 0 ® P N &£ © X X & X v N E E 13 E E E E
TP B gz ®EZETEEE SS Be® S 385838 °3 8§
8 g 3 2 s 8 3 g & S
© Words £ Words

(a) Daily Submission & Review Counts for Nouns  (b) Daily Submission & Review Counts for Verbs
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average ensured that many samples still received more than 3,000 submissions. Figure 10 illustrates
the average review counts per word for both nouns and verbs.

In calculating phishing statistics, we also evaluated user performance, as shown in Table 5.
This table presents the performance based on phishing questions of the top 10 users and all
users for nouns and verbs. Players who were banned and removed from the game due to low
performance are excluded from this analysis. The top 10 users were determined by their consistent
participation throughout the 30-day game period, and their average daily scores were used to
calculate their performance. The All Users category includes the statistics of all players except
those who were banned. According to Table 5, the performance of both top 10 users and all users
varies between nouns and verbs. At the end of the game, the average performance for nouns among
the top 10 users was 66%, while the average for all users was slightly higher at 67%. For verbs, the
average performance of the top 10 users was 52%, compared with 49% for all users. These statistics
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Table 5. Phishing Performances of Users
Phishing Performances of Users Phishing Performances of Users
Word % of Top 10 Users % of All Users Word % of Top 10 Users % of All Users
acik (open) 66 58 acmak (to open) 66 70
baski (pressure) 62 59 almak (to take) 58 62
bas (head) 68 66 atmak (to throw) 62 52
derece (degree) 64 75 bakmak (to look) 56 56
diinya (world) 58 74 ¢evirmek (to turn) 60 66
el (hand) 64 73 ¢ikmak (to exit) 54 58
g6z (eye) 82 70 gecmek (to pass) 54 55
NOUN hat (line) 64 76 VERB gelmek (to come) NaN NaN
hava (air) 64 73 girmek (to enter) 62 55
kaynak (resource) 72 73 gormek (to see) 16 11
kok (toot) 66 69 kalmak (to stay) 28 16
kor (blindness) 62 59 olmak (to be) 54 56
ocak (stove) 72 74 stirmek (to drive) 64 67
yas (age) 54 38 vermek (to give) 32 17
yiiz (face) 72 73 yapmak (to do) 56 50

provide insights into the success rates of the crowdsourced contributors and align with previously
presented findings, confirming the reliability and consistency of the collected data. Additionally,
this study statistically derived crowdsourcing success rates through the use of phishing questions,
demonstrating the effectiveness of this approach in evaluating the quality and performance of
user-generated data.

To further evaluate the reliability of the collected data, we conducted an inter-annotator agree-
ment analysis (IAAs) using the Cohen’s Kappa statistic[10]. Separate analyses were performed for
nouns and verbs. For instance, for nouns, the word “ocak” was analyzed based on its four primary
meanings, and we extracted ten example sentences with the most votes (three or more) for each
meaning. Similarly, for verbs, the word “Cikmak” was analyzed across three distinct meanings,
and ten example sentences with the highest votes were selected for each meaning. In total, 40
sentences were analyzed for nouns, and 30 sentences were analyzed for verbs. These sentences
were re-annotated by human annotators, and Cohen’s kappa statistics were calculated for nouns
and verbs. According to the results, for nouns, the unweighted kappa statistic was 0.9874, with a
95% confidence interval upper limit of 1.00, indicating almost perfect agreement (kappa between
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0.81 and 1.00). For verbs, the unweighted kappa statistic was 0.3651, with a 95% confidence inter-
val upper limit of 0.7157, corresponding to substantial agreement (kappa between 0.61 and 0.80).
These findings demonstrate that the data collected for both nouns and verbs are of high quality, as
indicated by the inter-annotator agreement metrics.

4.3 Error Analysis: Data Quality and Misuse Scenarios

During the gamified crowd-sourcing process for our 15 noun and 15 verb target words, we observed
several systematic error patterns. The situation arises not only from semantic misinterpretations of
the target word senses, but also from participants’ interaction behavior within the game interface.
We highlight two prominent cases below:

Repetitive and Low-Value Samples: For certain target words with highly common literal
senses (e.g., “baski” meaning pressure, printing or issue), some participants repeatedly submitted
essentially the same sentence with only minor alterations (e.g., “1. baski geldi” (1st issue has arrived)
/ “2. baski geldi” (2nd issue has arrived) / “3. baski geldi,” (3rd issue has arrived) with replacing “1st”
with “2nd,” “3rd,” and so on). Although superficially different, such examples did not add semantic
variation; instead, they overpopulated a single-sense category while reducing overall diversity. In
some cases, this behavior appeared malicious, as participants deliberately produced low-quality
repetitive examples. 1.25% of submissions for the target word “baski” fell in this category. Although
relatively rare, we identified the issue early and addressed it by applying a cosine similarity check: if
the similarity with a stored example exceeded 90%, the submission was rejected and the participant
warned, with repeated violations leading to temporary suspension. This mechanism effectively
prevented redundancy and preserved the richness of the dataset.

As a second type of error, we observed cases where the context provided by the participant
was insufficient to clearly disambiguate the sense. For instance, the sample “Baski geldi” could be
interpreted as either “The issue has arrived” or “Pressure has increased”. We observed that these
types of examples were grouped under the category of items disliked by crowd raters.

Automated Submissions via External Models: We also observed submission patterns where
sentences were generated and sent in an unrealistically short time frame, far faster than a human
could reasonably compose and submit them through the game interface. Upon backend inspection,
we inferred that one participant among all players (2,917) had connected an Al model to automate
responses. This posed the risk of flooding the dataset with machine-generated sentences lacking
genuine human semantic interpretation. To address this, we implemented a submission timer that
enforced a minimum interval between valid entries. Sentences sent faster than this threshold were
automatically discarded, and the participant was banned, preventing further automated submissions.
Repeated offenders would be similarly flagged for review, ensuring the integrity of the dataset.

5 Conclusion and Future Work

In this study, we introduced a novel gamified crowdsourcing approach to address long-standing
challenges in WSD data collection. Using a messaging bot structured as an asynchronous multiplayer
game, we engaged a diverse audience to generate and evaluate WSD examples, creating a rich and
reliable dataset. Our findings demonstrate that gamified crowdsourcing can effectively overcome
traditional obstacles, such as data scarcity and the imbalance between ambiguous and unambiguous
word samples, while also fostering sustained engagement among participants.

Our contributions are threefold: (1) the first-ever application of a crowd-creating and crowd-
rating gamified crowdsourcing approach for WSD, (2) the development of a new WSD dataset for
Turkish, and (3) the creation of a diverse dataset with potential applicability for multilingual WSD
research. The method not only accelerates the construction of the WSD corpus, but also ensures
high-quality labeled training data, crucial for advancing robust and precise language models.
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Performance evaluations further highlight this difference. Nouns achieved a higher average
performance rate of 73%, with accurate and well-structured data. Verbs, in contrast, presented
a more challenging task with a performance rate of 61%, likely due to their higher ambiguity
and increased potential for user error. Nonetheless, the overall reliability of the collected data
is evident (proven by Kappa statistics), with nouns offering stronger, high-quality results and
verbs contributing a solid yet more complex dataset. These performance insights confirm that
gamified crowdsourcing can successfully produce high-quality WSD datasets while balancing user
engagement and data integrity across different linguistic complexities. To ensure data quality, we
applied a two-step validation scheme: (1) peer rating, where participants scored each other’s entries,
and (2) phishing questions, where control items were used to assess participant reliability. To assess
annotation consistency, we calculated inter-annotator agreement separately for nouns and verbs,
yielding near-perfect and moderate agreement, respectively.
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