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Research	Article	

Cultural	dimensions	in	the	perception	of	success:	Comparative	
analysis	of	word	associations	across	languages	using	LLM	
word	embedding	Hayri Baytan Ozmen*a 
Faculty	of	Engineering	and	Natural	Sciences,	Uşak	University,	Uşak,	Türkiye.	
	

Article Info  Abstract	

Article History:   This study investigates how the concept of success is semantically associated with culturally salient attributes across nine languages using monolingual embeddingsderived from large language models. Twelve key attributes—effort, ambition, talent, collaboration, happiness, luck, creativity, discipline, education, status, wealth, and respect—were analyzed based on their cosine distances to “success.”Lower distances indicate stronger conceptual ties. Findings reveal that effort isuniversally central, appearing closest to success in all languages studied. Cultural nuances were evident: collaboration and ambition showed varying levels ofassociation, with collectivist cultures such as Chinese and Arabic emphasizingcollaboration, while individualistic cultures like Finnish and English highlighted ambition. Talent and happiness emerged as significant in specific contexts,particularly in Finnish, Russian, and Turkish corpora. Luck showed a stronger linkin European languages like German and Russian, suggesting higher attribution ofsuccess to chance. Conversely, external markers like status and wealth showedweaker associations overall. These results offer a data-driven, cross-linguistic perspective on how success is framed within different cultural value systems.  
© 2025 MIM Research Group. All rights reserved.
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1.	Introduction	Language extends far beyond its role as a mere medium of communication; it serves as a profound reflection of the cultural values and social paradigms intrinsic to the communities that speak it. Each language embodies the shared history, beliefs, and practices of a culture, thus acting as a repository of collective identity and a framework through which individuals understand their world. The interconnection between language and culture suggests that the words we choose to convey ideas are heavily laden with cultural significance, shaping and mirroring societal norms and values. The significance of this relationship is supported by traditional sociological frameworks, such as Hofstede’s dimensions of culture and the Inglehart–Welzel cultural map [1, 2]. Hofstede’s work elucidates how different cultures prioritize values differently, distinguishing between individualism and collectivism, uncertainty avoidance, power distance, masculinity versus femininity, long-term versus short-term orientation, and indulgence versus restraint [3]. These dimensions highlight that language is a vessel that 
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carries the weight of cultural priorities, influencing how foundational concepts such as “success” are perceived and articulated across different societies. Similarly, Inglehart and Welzel’s cultural map positions countries along various axes such as traditional versus secular-rational values and survival versus self-expression values [2]. This mapping enables scholars to uncover deeper patterns of cultural differentiation and resonance, providing a framework for analyzing how language encapsulates these broader existential orientations. As such, cultural values become manifest in linguistic expressions and word choices, highlighting the intersections between linguistic constructs and sociocultural frameworks. The sociological discourse surrounding culture and language emphasizes the importance of examining these constructs to gain nuanced insights into human behavior. McGuigan and Moran assert that cultural materialism facilitates a deeper understanding of social phenomena by linking cultural expressions to the specific socio-economic conditions and power dynamics from which they arise [4]. This reinforces the need for a holistic approach in understanding language as a cultural artifact; it is not only shaped by culture but also actively shapes cultural perceptions and behaviors. Furthermore, the exploration of how language reflects cultural values enhances our comprehension of cultural autonomy and the myriad ways in which social structures influence linguistic practices. Watts highlights how sociological investigations into culture demonstrate its dual role as both an independent variable, influencing social structures, and a dependent variable, shaped by prevailing social contexts [5]. Hence, analyzing word meanings and spaces in word meanings across languages provides an empirical basis for exploring these intricate cultural dynamics. 
1.1	Problem	Statement	and	Research	Question	The relationship between language and culture has long been recognized as a critical area of study, illuminating how linguistic constructs shape and reflect cultural values and social norms. Focusing specifically on the concept of "success," this research aims to quantitatively compare the semantic associations of success with relevant cultural concepts across distinct languages using word embeddings. Traditional frameworks for understanding culture, such as Hofstede’s cultural dimensions, provide foundational insights into how various dimensions, including individualism versus collectivism and uncertainty avoidance, can influence perceptions of success across different societies [6]. However, some scholars critique these dimensions for their limitations, arguing that they do not account for the complexities of language differences, religious influences, and political contexts which further nuance the cultural landscape [7, 8]. Understanding success through the lens of word embeddings allows for an empirical analysis of closely related concepts in different languages, thus transcending the boundaries of traditional cultural metrics. Previous studies have shown that applying Hofstede's dimensions in exploring cultural disparities in contextual perceptions can yield significant insights into behaviors and decision-making processes across cultures [9]. Considering the significant role of language in shaping cognitive frameworks, employing word embeddings can reveal underlying cultural associations and the linguistic constructs of success that may vary from one culture to another [7]. Word embeddings are a foundational tool in natural language processing (NLP) that represent words as dense vectors in a continuous multidimensional space, capturing semantic and syntactic relationships based on contextual similarity [10]. These embeddings are typically learned from large text corpora using neural network-based models and are encoded in matrices where each row corresponds to a word and its position 
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in the embedding space. In the context of social science research, such as cross-cultural studies of meaning, word embeddings allow for the quantitative comparison of concepts across languages by measuring the similarity between vectors [11]. This method facilitates the analysis of how abstract social constructs—like "success"—are conceptualized differently across cultures by examining their proximity to culturally loaded terms in high-dimensional space [12]. Importantly, embedding matrices provide a non-invasive, data-driven approach to mapping collective semantic associations, making them particularly suitable for exploring cultural dimensions in psychological and sociolinguistic research. By quantitatively assessing the distances between the word "success" and its culturally relevant counterparts, this study aims to deepen the understanding of how cultural contexts influence conceptual interpretations. Such analysis is vital not only for theoretical frameworks of cultural psychology and linguistic anthropology but also for practical applications in cross-cultural communication and international business where understanding diverse cultural perspectives can influence effectiveness and receptivity [13, 14]. Therefore, this research seeks to bridge the gap in existing literature by providing a quantitative foundation for exploring cultural differences in the conceptualization of success through word embeddings. The investigation into the cultural dimensions of the concept of "success" entails understanding various attributes that are strongly associated with success in different cultural contexts. Each culture may prioritize distinct characteristics in their definitions of success, highlighting the interplay between cultural and linguistic frameworks. Recognizing how these attributes manifest elucidates the diversity in societal values and aspirations, facilitating a deeper comprehension of what qualities individuals in different cultures consider essential for achieving success. Additionally, exploring how these associations differ across cultures unveils patterns of cultural divergence and convergence. By examining the embedding distances among word representations in different languages, the research will reveal specific linguistic nuances that illustrate varying cultural interpretations. This comparative analysis will not only illuminate the richness of cultural perspectives on success but also contribute to a broader understanding of how language captures these complexities. Through the lens of cross-cultural psychology, this inquiry aligns with the growing recognition that language acts as a significant cue for cultural mindsets, revealing underlying values and beliefs [15]. The insights gained from such an analysis will underline the intricate relationship between language and cultural identity, significantly enriching discussions on the sociology of culture and the psychological dimensions of human behavior [16]. In short, this research endeavors to uncover both the attributes associated with success in various cultures and the variances in these associations, thereby fostering a more nuanced understanding of how cultural values are reflected in language and how they influence perceptions of key concepts such as success. 
1.2	Overview	of	Methodology	To explore the culturally specific semantic associations of “success” across languages, this study utilizes monolingual word embeddings developed by Joulin et al. [17, 18]. These embeddings, trained on large-scale text corpora from Wikipedia and Common Crawl, represent words as dense vectors in high-dimensional semantic spaces. Crucially, they preserve both semantic similarity and subword information, making them especially effective for languages with rich morphology or less-resourced linguistic contexts. Each embedding space is language-specific, thereby capturing the nuanced ways in which semantic associations are shaped by the cultural and discursive patterns within that 
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language community [19, 20]. In this study, we select “success” as the anchor concept in each language and compute its semantic proximity to a curated list of culturally significant values and traits (e.g., ambition, effort, wealth, freedom, status, etc.). These concepts were uniformly translated across all target languages to ensure cross-linguistic comparability. The primary metric for quantifying these associations is the cosine similarity between word vectors. Cosine similarity is a normalized measure that captures the angle between two vectors, reflecting the direction of their semantic orientation irrespective of their magnitude [21].  This property makes cosine similarity particularly suitable for analyzing conceptual relatedness within high-dimensional vector spaces and has been widely applied in sociolinguistic and cultural NLP research [12, 22]. By using these vector-based measurements, closeness in semantic space is treated as a proxy for cultural salience or relevance. For example, if the word for “success” in a given language is closely aligned with “effort” or “wealth,” this is interpreted as indicative of a cultural valuation of those traits in relation to the concept of success. This method allows for a scalable, data-driven approach to examining cultural variation without relying on survey instruments or interpretive interviews. 
1.3	Novelty	and	Contribution	This study offers a novel interdisciplinary contribution at the intersection of computational linguistics, cultural sociology, and cross-cultural psychology. While prior research has employed word embeddings to trace historical language change [12], ideological shifts [22] or gender bias [23], few studies have leveraged monolingual embedding spaces as direct proxies for cross-cultural value systems. Core innovation lies in using static, language-specific embeddings—rather than multilingual or translation-aligned embeddings—as mirrors of cultural meaning-making. Unlike multilingual embeddings that are optimized for cross-language equivalence, monolingual embeddings preserve culture-specific usage patterns [19]. As such, they allow us to infer intra-cultural conceptual hierarchies with greater fidelity. Furthermore, while previous sociological research on values has relied heavily on surveys and questionnaires—methods which are resource-intensive and vulnerable to self-report bias—used approach offers a scalable, language-based proxy for cultural cognition [24, 25]. By mining large-scale linguistic data, we tap into naturally occurring discourse, capturing the implicit, everyday salience of concepts without needing direct elicitation. In addition, this study introduces a comparative framework for analyzing the semantic centrality of key success-related values across ten distinct linguistic-cultural contexts: Arabic, Chinese, English, Finnish, German, Hindi, Russian, Spanish, Turkish, and Japanese. To author knowledge, this is one of the first efforts to systematically map semantic models of success across such a wide and diverse range of languages using a unified, quantitative methodology. 

2.	Literature	Review	Recent advancements in computational linguistic methods, particularly through the use of word embeddings, have provided significant insights into the study of cultural narratives. Scholars have utilized these techniques to analyze semantic shifts and word association networks, revealing how language reflects and constructs cultural meanings over time. For instance, Deyne and Storms examined word associations through network and semantic properties, highlighting the small-world structure of word associations and its implications for understanding semantic relationships across cultures [26]. Their findings align with the 
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general consensus that language is inherently social and shaped by the cultural contexts in which it operates. Similarly, Utsumi's work on distributional semantic models emphasizes how word co-occurrence statistics can effectively model human semantic knowledge, thereby reflecting the influence of cultural frameworks on language use [27]. This aligns with the perspective presented by Steyvers and Tenenbaum, who found that large-scale semantic networks exhibit characteristics of complex, interconnected structures, effectively modeling language acquisition and semantic understanding [28]. Their exploration into the statistical properties of these networks reinforces the notion that cultural dynamics are deeply embedded in linguistic structures. The notion of semantic facilitation is also underscored by Griffiths et al., who employed network analysis to elucidate the connections within semantic networks, thereby illustrating the ways in which cultural narratives can be quantitatively assessed via computational methods [29]. The evolution of language and its ties to social constructs are evident in studies like those of Hills et al., who tracked the longitudinal analysis of semantic networks, providing insights into how cultural shifts influence word learning and usage over time [30]. Moreover, as demonstrated by Kovács et al. [31], the community structures within word association networks can reveal not only linguistic but also social and cultural categories, illustrating how networks of words reflect broader societal values and norms. Such analyses point to the vital role of network approaches in cultural studies, as they uncover hidden patterns and structures underlying language use, supporting the argument that language serves as a cultural artifact. The integration of computational linguistic methods with traditional cultural theories represents a fertile ground for generating new insights into language and culture. By combining large-scale text analysis with established theoretical frameworks, researchers have the opportunity to deepen their understanding of cultural phenomena. This interdisciplinary approach leverages the strengths of computational methodologies to address longstanding sociological inquiries regarding cultural narratives, social identities, and collective memory. For example, Hunter and Smith's application of network text analysis to film narratives demonstrates how linguistic techniques can reveal cultural codes embedded in storytelling, thereby linking computational analysis with sociological insights into genre conventions [32]. The findings from such studies suggest that language not only conveys meaning but also acts as a medium through which cultural values are negotiated and expressed. Emphasizing collaboration between computational methods and sociological inquiry, researchers like Guo et al. [33], have employed activation force-based measures to analyze complex networks, reflecting the interrelations between language and cognition as influenced by sociocultural factors. By recognizing that word associations and linguistic constructions are contingent upon cultural contexts, scholars can utilize computational techniques to unveil the subtleties of cultural discourse in ways that traditional qualitative methods may not fully capture. Ultimately, this integration paves the way for methodological innovations that can elucidate the dynamic interplay between language and culture. The combination of quantitative data analysis with theoretical substantiation helps illuminate how cultural constructs evolve and manifest linguistically. Studies utilizing approaches from both realms endorse the belief that computational methods can augment sociological 
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interpretations, yielding richer, multidimensional understandings of how we communicate and construct meaning within varied cultural landscapes. 
3.	Methodology	This study employs a computational linguistic approach to investigate how different cultures semantically associate the concept of "success" with various related terms. Using monolingual word embeddings for nine languages—Arabic, Chinese, English, Finnish, German, Hindi, Russian, Spanish, and Turkish—we analyze the relative semantic proximity of the word "success" to a set of culturally and conceptually relevant terms. 
3.1	Word	Selection	and	Translation	To ensure conceptual consistency across languages, we began with a canonical list of English words representing personal traits, social conditions, and life outcomes frequently associated with success. These included terms such as wealth, effort, education, discipline, luck, and others. For each target language, native-speaking collaborators or validated translation tools were used to generate semantically equivalent terms that reflect typical usage in that cultural and linguistic context. The complete set of words used in this study—including the main word for "success" and the corresponding related terms in each language—is presented in Appendix as Table A1. 
3.2	Embedding	Models	The analysis utilizes pre-trained monolingual word embeddings released by Joulin et al. [17], which are publicly available. Each language’s embeddings are trained independently on respective Common Crawl or Wikipedia corpora using subword information, allowing robust representation even for infrequent words. These embeddings reflect semantic similarity as encoded in the co-occurrence patterns within large-scale text data, which are taken here as proxies for culturally dominant narratives. To manage computational efficiency, only the vectors for the words of interest were loaded from each language’s embedding file. This selective loading strategy significantly reduced memory requirements while maintaining full fidelity for the analysis. 
3.3	Semantic	Similarity	Measurement	The core of the analysis involves computing the cosine distance between the vector representing the main word for "success" and the vectors of the associated terms within each language’s embedding space. Cosine distance, defined as one minus the cosine similarity, captures the angular difference between two word vectors and serves as a widely accepted metric for semantic dissimilarity. A smaller cosine distance indicates a closer semantic relationship between the two words in the given language corpus. By calculating the cosine distances between "success" and each associated term, we are able to construct a profile of conceptual proximity unique to each cultural-linguistic context. These profiles form the basis for both within-culture evaluations and cross-cultural comparisons that follow in the subsequent sections. 

4.	Results	This study analyzed the semantic associations between the concept of success and fifteen related terms across eight different languages using cosine distance values derived from vector representations. In the context of cosine distances, lower values indicate higher semantic similarity—i.e., a stronger association with the word “success”—while higher values denote weaker associations. The distances obtained as the result of the analyses are 
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given in Table A2 and related heatmap for visualization of data is given in Fig. 1. Darker values indicate closer relation for the heatmap. Across the eight languages analyzed—Arabic, Chinese, English, Finnish, German, Hindi, Russian, Spanish, and Turkish—some terms such as effort, ambition, and talent consistently showed lower distance values, suggesting a close semantic connection with success. In contrast, words like status, wealth, and respect tended to exhibit higher distances, indicating a weaker association with the concept. Table 1. Some common patterns for considered words Term Common Pattern Effort One of the most strongly associated terms across nearly all languages Ambition Consistently shows strong semantic connection, especially in Arabic, EnglishTalent Often appears among top associated terms in Finnish, Russian, TurkishLuck Highly associated in German, Russian, and English, less so in Asian languagesRespect, Status,  Wealth Frequently show weaker associations across most languages  

 Fig. 1. Heatmap of distance to success of associated words for difference languages. 
4.1	Language‐Specific	Observations	Arabic: Effort (0.6355), ambition (0.6364), and happiness (0.6384) were the most strongly linked with success. In contrast, respect (0.7496), wealth (0.7253), and status (0.6878) were among the least associated. Chinese: The closest associations appeared with effort (0.4872), collaboration (0.5739), and talent (0.5789). The highest distances—and thus weakest connections—were observed with creativity (0.8249), discipline (0.8845), and power (0.8123). English: Strongest semantic ties to success were found with ambition (0.5648), happiness (0.5727), and luck (0.6222). Less associated were status (0.7860), power (0.8180), and respect (0.7633). Finnish: This language showed a close clustering of strong associations, particularly with talent (0.4641), discipline (0.4947), and ambition (0.5104). Weakest associations included education (0.6279), luck (0.6270), and respect (0.6212). 
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German: Words like luck (0.4060), wealth (0.4541), and effort (0.4942) were most strongly connected to success. The weakest associations were with respect (0.6148), ambition (0.7866), and discipline (0.7487). Hindi: Closest associations occurred with effort (0.5482), happiness (0.5835), and ambition (0.6285). In contrast, discipline (0.7839), wealth (0.7812), and status (0.7498) showed the least similarity. Russian: Strongest links were seen with luck (0.4581), talent (0.4955), and happiness (0.5064). Higher distances—and weaker links—were recorded for discipline (0.8427), respect (0.6811), and status (0.6924). Spanish: Effort (0.5235), talent (0.5574), and ambition (0.6214) had the strongest semantic relations with success, while respect (0.7941), wealth (0.7703), and discipline (0.7741) were less connected. Turkish: Happiness (0.4565), talent (0.5597), and effort (0.5822) were most closely associated with success. Words like status (0.6570), respect (0.6499), and collaboration (0.6843) showed weaker ties. 
5.	Discussion	The semantic associations between success and related terms across eight languages reveal both universal and culturally specific patterns. Notably, concepts such as effort, ambition, and talent consistently exhibit strong associations with success, suggesting a shared emphasis on individual merit and personal achievement. Conversely, terms like status, wealth, and respect often show weaker associations, indicating that external markers of success may be less central in certain cultural contexts. 
Universal	Emphasis	on	Effort	and	Talent	Across the languages analyzed, effort emerges as one of the most strongly associated terms with success. This finding reflects the nearly universal endorsement of perseverance and hard work as key contributors to achievement [34]. Similarly, talent shows strong associations, particularly in Finnish, Russian, and Turkish contexts, suggesting that natural aptitude is also widely considered an important driver of success. These results align with Hofstede’s [35] framework, in which cultures with low power distance and high individualism often emphasize personal achievement and meritocracy. However, the consistent emphasis on effort and talent even in more collectivist cultures points to their global importance in perceptions of success. 
Cultural	Variations	in	Perceptions	of	Success	While some patterns are universal, notable cultural differences are evident. For example, luck shows a relatively strong association with success in the German and Russian contexts, indicating a belief in external and uncontrollable factors. This is consistent with prior findings suggesting that people in uncertainty-tolerant cultures may be more willing to attribute outcomes to chance or fate [36]. On the other hand, ambition is strongly associated with success in Arabic and English-speaking cultures. This reflects the cultural emphasis on individual initiative and goal-setting often observed in these societies [37]. In collectivist cultures, like those in parts of Asia, success is often viewed through the lens of communal harmony and collaboration rather than pure individual ambition [38]. 
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Alignment	with	Cultural	Models	of	Success	The observed semantic associations align with existing cultural models of success. In Latin American cultures, for example, ambition and striving for success are often valued within the bounds of family and community loyalty [39]. Meanwhile, in Chinese culture, the importance of guanxi—social networks and interpersonal connections—helps explain the relatively strong association between success and collaboration in the Chinese dataset [40]. These associations suggest that while effort and talent are broadly appreciated, cultural context significantly shapes how success is perceived, pursued, and achieved. 
Implications	for	Cross‐Cultural	Understanding	Understanding the cultural semantics of success is critical for global collaboration, international education, and multicultural organizational management. The universal appeal of effort and talent supports merit-based strategies across cultural boundaries. At the same time, recognizing culturally specific success indicators—such as collaboration in Chinese contexts or ambition in Arabic societies—can enhance intercultural empathy and effectiveness [41]. 

6.	Summary	&	Conclusion	This study employed monolingual Large Language Model embeddings to quantify how the concept of success is semantically related to twelve culturally salient attributes—effort, ambition, talent, collaboration, happiness, luck, creativity, discipline, education, status, wealth, and respect—across nine languages. Lower cosine distances indicate stronger associations with “success,” while higher distances denote weaker links. Summary of key findings may be listed as: 
● Universal Centrality of Effort: In every language, effort consistently appeared among the closest terms to success (e.g. Chinese 0.487; Spanish 0.524; German 0.494; Finnish 0.529). This underscores a near-universal cultural belief that perseverance and hard work are fundamental to achievement. 
● Cultural Variations in Collaboration and Ambition: Collaboration is most tightly bound to success in Finnish (0.522) and Chinese (0.574); and also ranks highly in Arabic (0.616), and English (0.663). This suggests that some cultures, especially those with more collectivist orientations, view cooperative effort as integral to success. 
● Ambition shows its strongest ties in Finnish (0.510), English (0.565), and Turkish (0.585), reflecting societies that prize individual drive and goal-setting. In contrast, Chinese (0.788) and Russian (0.685) place less semantic weight on ambition. 
● Talent and Happiness as Differentiators: Talent is exceptionally closely linked with success in Finnish (0.464), Russian (0.495), and Spanish (0.557) corpora, indicating that natural aptitude is viewed—sometimes even more than ambition—as a key success ingredient. 
● Happiness is most strongly associated in Turkish (0.456), English (0.573), Russian (0.506), and Finnish (0.541), pointing to cultures that incorporate well-being and personal fulfillment into their conceptualization of success. 
● Role of Luck in European Contexts: Luck exhibits its lowest cosine distances—and thus strongest semantic ties—in German (0.406) and Russian (0.458) texts, suggesting an attribution of success to chance or external circumstances more than in many Asian or Middle Eastern contexts. 
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● Weaker Links with External Markers: Across most languages, status and respect tend to have higher distances, indicating that material or socially granted markers are less semantically central to the notion of success than personal qualities and actions. 
● The universal prominence of effort aligns with cross-cultural theories that emphasize hard work as a near-universal virtue in goal attainment [34]. 
● Strong association in Chinese and Arabic contexts accords with these cultures’ collectivist orientations [38]. 
● The high semantic weight of ambition in English and Finnish reflects individualistic value systems, whereas its weaker association in Russian and Chinese embeddings mirrors their more collective or fate-oriented outlooks [35]. 
● The notable role of luck in German and Russian corpora supports findings that high-uncertainty-avoidance cultures sometimes acknowledge external influences on outcomes [36]. Overall, this computational analysis of word embeddings confirms that while certain values—particularly effort—are universally linked to success, other associations vary in ways that map onto established cultural dimensions. By quantifying these semantic patterns, we gain a nuanced, data-driven perspective on how different societies conceptualize success, complementing traditional sociological and psychological insights. However, this study has certain limitations that should be noted. Specifically, the semantic field analysis is restricted to individual lexical units rather than a broader network incorporating behavioral or experiential data. While this approach allows for precise lexical comparisons, it may not capture dynamic, context-dependent semantic relationships that might emerge in real-world usage or embodied cognition frameworks. Future research could extend this work by integrating behavioral datasets or experimental methods to explore how semantic fields operate within situated contexts. 
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Table A1. The list of used words and their assumed equivalents in considered languages English Spanish German Japanese Turkish Russian Arabic Chinese Finnish Hindi success éxito erfolg 成功 başarı успех نجاح 成功 menestys सफलता money dinero geld お金 para деньги مال 钱 raha धन status estatus status 地位 statü статус مكانة 地位 asema दजा१ effort esfuerzo anstrengung 努力 çaba усилие جهد 努力 ponnistus ঋयास ambition ambición ambition 志 hırs амбиция طموح 抱负 kunnianhimo महȕाकांा collaboration colaboración zusammenarbeit 協力 işbirliği сотрудничество تعاون 合作 yhteistyö सहयोग education educación bildung 教育 eğitim образование تعليم 教育 opetus िशा talent talento talent 才能 yetenek талант موهبة 才能 lahjakkuus ঋितभा creativity creatividad kreativität 創造力 yaratıcılık креативность إبداع 创造力 luovuus रचनाȏकताluck suerte glück 幸運 şans удача حظ 运气 tuuri भा discipline disciplina disziplin 規律 disiplin дисциплина انضباط 纪律 kurinalaisuus अनुशासन happiness felicidad Glück 幸福 mutluluk счастье سعادة 幸福 onnellisuus खुशी respect respeto respekt 尊敬 saygı уважение احترام 尊重 kunnioitus सʃान 



Ozmen	/	Research	&	Design	2(1)	(2025)	1‐15	
 

14 

Table A2. The cosine distance results for the considered words and languages Language Considered Word CosineDistance Language ConsideredWord Cosine Distance Arabic collaboration 0.616 Hindi effort 0.548 Arabic effort 0.636 Hindi happiness 0.584 Arabic ambition 0.636 Hindi collaboration 0.604 Arabic happiness 0.638 Hindi ambition 0.628 Arabic discipline 0.658 Hindi talent 0.682 Arabic talent 0.678 Hindi luck 0.689 Arabic creativity 0.684 Hindi education 0.691 Arabic status 0.688 Hindi respect 0.703 Arabic education 0.698 Hindi creativity 0.724 Arabic wealth 0.725 Hindi status 0.750 Arabic respect 0.750 Hindi wealth 0.781 Arabic luck 0.815 Hindi discipline 0.784 Chinese effort 0.487 Russian luck 0.458 Chinese collaboration 0.574 Russian talent 0.495 Chinese talent 0.579 Russian happiness 0.506 Chinese happiness 0.696 Russian wealth 0.559 Chinese respect 0.734 Russian creativity 0.613 Chinese luck 0.746 Russian collaboration 0.650 Chinese education 0.754 Russian respect 0.681 Chinese status 0.755 Russian ambition 0.685 Chinese ambition 0.788 Russian status 0.692 Chinese wealth 0.808 Russian effort 0.719 Chinese creativity 0.825 Russian education 0.731 Chinese discipline 0.885 Russian discipline 0.843 English ambition 0.565 Spanish effort 0.524 English happiness 0.573 Spanish talent 0.557 English luck 0.622 Spanish luck 0.598 English creativity 0.655 Spanish happiness 0.612 English effort 0.658 Spanish ambition 0.621 English talent 0.658 Spanish creativity 0.661 English collaboration 0.663 Spanish collaboration 0.678 English wealth 0.695 Spanish status 0.680 English education 0.750 Spanish wealth 0.770 English respect 0.763 Spanish discipline 0.774 English discipline 0.765 Spanish education 0.789 English status 0.786 Spanish respect 0.794 Finnish talent 0.464 Turkish happiness 0.456 Finnish discipline 0.495 Turkish creativity 0.531 
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Language Considered Word CosineDistance Language ConsideredWord Cosine Distance Finnish ambition 0.510 Turkish talent 0.560 Finnish collaboration 0.522 Turkish luck 0.567 Finnish effort 0.529 Turkish effort 0.582 Finnish happiness 0.541 Turkish ambition 0.585 Finnish status 0.575 Turkish wealth 0.590 Finnish wealth 0.584 Turkish discipline 0.591 Finnish respect 0.621 Turkish respect 0.650 Finnish luck 0.627 Turkish education 0.651 Finnish education 0.628 Turkish status 0.657 Finnish creativity 0.642 Turkish collaboration 0.684 German luck 0.406 German education 0.696 German wealth 0.454 German status 0.715 German effort 0.494 German talent 0.720 German collaboration 0.579 German happiness 0.734 German creativity 0.601 German discipline 0.749 German respect 0.615 German ambition 0.787 
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1.	Introduction	The rapid proliferation of digital technologies has catalyzed the transformation of many traditional sectors, and among the most prominently affected is the sports industry. In recent years, electronic sports (e-sports) have emerged not only as a competitive and recreational activity but also as a significant economic and cultural phenomenon within the digital ecosystem. Defined as organized video game competitions often broadcast to spectators via online platforms, e-sports encapsulate a hybrid identity combining elements of gaming, media, entertainment, and professional sport [1]. With millions of participants and an ever-expanding audience base, e-sports have evolved into a global industry supported by an elaborate infrastructure of game developers, players, teams, fans, and sponsors [2]. This growth has been paralleled by a strategic shift in marketing practices, particularly in how brands interact with and retain digital audiences. The promotion component of the marketing mix (4Ps); encompassing advertising, public relations, direct marketing, sponsorships, and sales promotions has become increasingly critical in the e-sports 
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landscape. Unlike traditional advertising models, e-sports marketing requires an adaptive, immersive, and behaviorally-informed approach to capture the attention and loyalty of digital-native users. It is within this context that the Hook Model, developed by Nir Eyal and Ryan Hoover (2014), offers an intriguing theoretical and practical framework [3]. The Hook Model presents a four-phase loop—Trigger, Action, Variable Reward, and Investment—designed to cultivate user habits and foster long-term engagement with digital products. While originally conceived for app development and behavioral product design, the model holds promising implications for digital marketing strategies, especially within environments such as e-sports where user engagement and behavioral reinforcement are central to both gameplay and brand interaction. This paper aims to explore the integration of the Hook Model into e-sports marketing, particularly through the lens of the promotion element of the marketing mix. By mapping the model’s components onto real-world promotional tactics used in the e-sports industry, the study endeavors to offer a novel interpretive framework for understanding and enhancing digital audience engagement. A key premise of this inquiry is that the Hook Model, when effectively embedded into marketing strategies, can provide a systematic method for increasing user retention, fostering community participation, and ultimately amplifying brand loyalty within the e-sports domain. To this end, the subsequent sections of the article will provide a conceptual overview of the e-sports ecosystem and its stakeholders, outline the theoretical underpinnings of the Hook Model, demonstrate the model's practical applicability within e-sports promotional strategies—drawing on examples such as Valorant—and engage in a critical discussion of the model's effectiveness, limitations, and implications for the future of digital sports marketing. 
2.		Literature	Review		The The intersection of e-sports, digital marketing, and behavioral design has attracted growing scholarly attention, driven by the convergence of entertainment technologies and participatory media cultures. To establish a comprehensive understanding of the topic, this section examines core areas of literature: the e-sports ecosystem, promotional strategies in digital marketing, and the theoretical foundations of the Hook Model. E-sports, once considered a niche subculture, has matured into a structured industry encompassing multiple stakeholders including game developers, players, professional teams, audiences, and sponsors. The ecosystem is anchored by competitive video games such as League of Legends, Valorant, and Counter-Strike, which provide the stage for organized tournaments and broadcasting events [1]. Game developers, in particular, hold significant control over content creation and monetization pathways. As Yükçü and Kaplanoğlu (2018) argue, these companies have evolved from mere content providers into multi-faceted digital entertainment corporations that integrate social media, influencer marketing, and community engagement into their core strategies [4]. The rise of mobile gaming, broadband access, and video streaming platforms like Twitch and YouTube Gaming has further intensified the reach and cultural relevance of e-sports. Akgöl (2019) notes that the industry's financial model is largely sustained by audience-driven revenue streams, including advertising, subscriptions, and sponsorships. These dynamics underscore the importance of understanding audience behavior and the mechanisms by which engagement can be both initiated and sustained [5]. In the context of e-sports, promotion—one of the 4Ps in the traditional marketing mix—is not just about advertising, but rather about creating immersive brand experiences. 
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Promotional strategies typically include live-streamed sponsorships, influencer partnerships, social media campaigns, virtual product placements, and gamified promotions [6]. The boundary between player, viewer, and consumer is often blurred, as audiences participate in real-time chats, fan economies, and user-generated content that feed back into the promotional ecosystem. Hutchins (2006) emphasizes that promotional content in e-sports is designed not only to inform but also to cultivate ritualistic user behavior. Unlike static media advertisements, e-sports promotions are dynamic and often embedded directly into the content of gameplay or stream narratives, making them more effective in shaping viewer perception and driving consumer action. This environment provides fertile ground for behavioral design frameworks such as the Hook Model to be operationalized [7]. Originally introduced in the field of product design, the Hook Model proposed by Eyal (2014) outlines a cyclical process that facilitates habit formation through four phases: Trigger, Action, Variable Reward, and Investment. Triggers—either external (e.g., notifications) or internal (e.g., emotional needs)—initiate user behavior. This is followed by a simple action, a variable reward that satisfies the user’s need, and a subsequent investment that increases the likelihood of repeating the cycle. The model has been widely adopted in the design of mobile apps, social media platforms, and digital services [3]. While empirical applications of the Hook Model have predominantly focused on user interface design, its relevance to digital marketing strategies has begun to emerge. Fogg (2009), whose Behavioral Model for Persuasive Design inspired the Hook Model, underscores the critical interplay between motivation, ability, and triggers in shaping user behavior. When viewed through a marketing lens, the Hook Model provides a framework for understanding how promotional strategies can foster habitual brand interactions, particularly in high-engagement environments like e-sports [8]. However, critiques of the model point to ethical concerns surrounding user manipulation and digital addiction, particularly in industries designed to maximize screen time and consumption [9]. This tension is especially salient in the e-sports context, where the user experience is gamified by design, and where promotional content is deeply entwined with entertainment. 
3.	The	E‐Sports	Ecosystem	and	Its	Stakeholders	The e-sports ecosystem is a complex, multi-layered network composed of various stakeholders who interact dynamically within a digital and often gamified environment. Understanding the functions and motivations of these stakeholders is essential for contextualizing how promotional strategies and behavioral engagement models, such as the Hook Model, can be effectively implemented. This section delineates the principal actors in the e-sports landscape: game developers, video games as platforms, individual players and teams, and spectators. Each plays a vital role in shaping the economic and cultural logic of the industry. 
3.1	Game	Developers	Game developers serve as the foundational pillars of the e-sports ecosystem. They are responsible not only for the creation and technical maintenance of e-sports titles but also for curating the broader user experience, including in-game economies, competitive structures, and digital community spaces. As the industry has matured, developers have had to transition from a product-centric to an experience-centric model of operation [4]. No longer limited to designing software, developers now strategically leverage digital marketing channels, sponsorships, and influencer partnerships to create emotionally 
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resonant and habit-forming experiences. For instance, Riot Games, the developer of League of Legends and Valorant, invests heavily in community engagement through seasonal events, limited-time content, and integrated promotional triggers—mechanisms that align with the Hook Model's emphasis on frequent and behaviorally potent interaction cycles. 
3.2	Video	Games	as	Interactive	Platforms	Video games within the e-sports domain function not just as leisure activities but as immersive media platforms. Their design incorporates interactive features such as real-time feedback, customizable avatars, progression systems, and social features—all of which serve as mechanisms of both user engagement and monetization [10]. These platforms act as living ecosystems where promotional activities are seamlessly embedded into gameplay experiences. In doing so, video games themselves become fertile grounds for behavior-shaping models such as the Hook Model to take root. For example, time-limited in-game promotions often trigger user engagement (Trigger), elicit a user action (Action), offer a randomized reward (Variable Reward), and encourage future investment in the form of in-game currency or time (Investment). 
3.3	Players	and	Teams	The role of players—both individual and team-based—is central to the e-sports industry. Players are not merely consumers of digital content but active participants who co-create the e-sports experience through their performances, interactions, and social media presence. Competitive players train rigorously, often in structured environments that mirror those of traditional sports teams, complete with coaches, analysts, and sponsorship contracts [1]. These players also serve as brand ambassadors and content creators, playing a dual role that merges competition with marketing. Their participation in events, product endorsements, and social streams often initiates Triggers in the Hook Model—encouraging fans and casual players alike to engage with promoted content or return to gameplay environments. 
3.4	Spectators	and	the	Audience	Economy	Spectators constitute the largest and arguably most economically vital component of the e-sports ecosystem. Their participation, while often passive in terms of gameplay, is highly active in terms of content consumption, community engagement, and monetization. As Akgöl (2019) emphasizes, e-sports is a "bottom-up" movement, heavily reliant on the interactive nature of platforms such as Twitch, YouTube Gaming, and Discord. These environments facilitate parasocial relationships, fan economies, and user-generated content, all of which amplify the reach and effectiveness of promotional efforts. Spectators are frequently subjected to external triggers—such as live notifications, influencer cues, or limited-time viewing rewards—that entice them into cycles of habitual engagement [5]. Moreover, spectators play a crucial role in the data economy of e-sports. Their clicks, view times, and spending behaviors are meticulously tracked and analyzed, allowing companies to optimize their promotional strategies using behavioral data. This feedback loop enhances the applicability of the Hook Model by enabling marketers to personalize and iterate on their engagement techniques, thereby reinforcing cycles of attention and loyalty. 

4.	The	Hook	Model	Explained	The Hook Model, developed by Nir Eyal and Ryan Hoover (2014), is a behavioral design framework intended to explain how digital products can create user habits by repeatedly engaging users through a four-phase cycle: Trigger, Action, Variable Reward, and Investment. Originally applied in the fields of app development and user experience design, 
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this model offers a compelling lens through which to understand the mechanisms of digital marketing—particularly in the context of e-sports, where user engagement is central to the ecosystem's sustainability. This section outlines each stage of the model, with conceptual depth and its relevance to marketing strategies in e-sports environments [3]. 
4.1	Trigger	Triggers are the initial cues that prompt a user to take action. These can be external, such as notifications, emails, advertisements, or social media alerts, or internal, arising from psychological states like boredom, loneliness, or a need for self-affirmation. • External Triggers in e-sports include push notifications about upcoming tournaments, limited-time in-game offers, or promotional emails from game developers. For example, a message like “Valorant Night Market is now live!” functions as an external trigger designed to draw players into the game environment. • Internal Triggers operate on emotional associations. A user feeling isolated might be internally triggered to open Twitch and watch their favorite streamer, seeking social connection or belonging [11]. These triggers are essential in e-sports marketing, as they initiate the behavioral loop that leads to user re-engagement with the game or content platform. 
4.2	Action	The action phase is the simplest behavior performed by the user in anticipation of a reward. For a behavior to occur, the user must have sufficient motivation, ability, and a strong enough trigger—an idea rooted in Fogg’s Behavior Model [8]. In the e-sports context, typical user actions include: • Logging into a game following a trigger. • Watching a live match on Twitch. • Commenting on a gameplay video. • Clicking on a promotional link to redeem an in-game bonus. The ease and frequency of these actions are designed to require minimal effort, reinforcing user engagement. For instance, developers often simplify login procedures or offer one-click access to promotional events to lower the barrier to entry. 
4.3	Variable	Reward	The variable reward phase is central to habit formation. Unlike fixed rewards, variable rewards introduce uncertainty and anticipation, making them more psychologically compelling. This concept draws on principles from behavioral psychology, particularly B.F. Skinner's work on operant conditioning. In e-sports, variable rewards are widely used and take several forms: • Loot boxes, seasonal chests, or daily login bonuses that offer randomized items. • Receiving exclusive skins or emotes by watching tournament streams. • Audience raffles or "drops" during live broadcasts. • Earning in-game currency after winning competitive matches. These rewards create dopaminergic anticipation—the uncertainty of what the user might receive drives them to repeat the action. Table 1 illustrates how variable rewards function in both gameplay and marketing domains within e-sports. 
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Table 1. Examples of Variable Rewards in E-Sports Context Context Variable Reward Type Example Gameplay Randomized loot Weapon skins from cases in Counter-Strike: Global Offensive Streaming Viewer drops Special item drop for watching a League of Legends final Promotions Limited-time reward Discount coupon for purchasing in-game currency Community Social feedback Likes or shoutouts from popular streamers 
4.4.	Investment	The final stage, investment, involves the user putting something of value—time, effort, data, money—into the product or experience. Investment increases the likelihood of future engagement because the user builds a psychological attachment to their progress or identity within the system. In e-sports, this is seen when players: • Level up their in-game avatars or characters. • Purchase battle passes or exclusive cosmetics. • Contribute to forums or fan communities. • Train and strategize with teams to improve competitive rankings. These investments are not merely sunk costs; they create a sense of ownership and commitment, making users more likely to return to the game or platform and re-enter the Hook cycle. This aligns with IKEA effect principles in behavioral economics, where individuals place higher value on self-crafted experiences [12]. 

5.	Mapping	the	Hook	Model	to	E‐Sports	Promotion	Strategies	The integration of the Hook Model into e-sports promotion strategies offers a powerful framework for cultivating sustained user engagement through iterative behavioral loops. Within the traditional 4Ps of marketing, promotion encompasses activities such as advertising, public relations, sales promotion, and direct marketing—each designed to inform, persuade, and remind target audiences. In the e-sports industry, where audience attention is fragmented and highly competitive, traditional promotional tactics alone are insufficient. Instead, brands and developers increasingly rely on behaviorally-informed promotion, where psychological engagement models like the Hook Model are embedded into campaign design. This section examines how each stage of the Hook Model can be operationalized through specific promotional mechanisms in the e-sports domain. 
5.1.	Triggers	in	Promotional	Channels	Promotional triggers in e-sports are frequently designed to capture user attention and initiate a behavioral sequence. These are executed through a combination of external cues (e.g., advertisements, event notifications, emails) and contextually embedded messages within games or streaming platforms. • Advertising campaigns for in-game events are distributed across platforms like YouTube, Twitch, and Discord. • Push notifications for promotions (e.g., “Double XP Weekend!”) prompt re-engagement. 
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• Social media countdowns to new seasons or events activate anticipation and emotional readiness. These triggers align with the initial phase of the Hook Model, encouraging users to begin a new cycle of interaction with the brand or platform. 
5.2.	User	Action	and	Ease	of	Engagement	Once triggered, the next step is to facilitate low-effort user actions. In e-sports promotions, the key is to make the desired behavior—such as watching a stream, entering a code, or joining a limited-time event—frictionless and rewarding. • Direct engagement includes participating in beta tests, entering sweepstakes, or clicking ads for discounts. • Micro-interactions such as following a sponsor on social media or registering for an online tournament act as simple but effective behavioral actions. By reducing the cognitive or procedural cost of action, marketers increase the likelihood that users will complete the behavior, as posited in Fogg's Behavior Model [8]. 
5.3.	Variable	Rewards	in	Promotional	Design	To maintain engagement, promotional efforts often include variable reward mechanisms, which introduce uncertainty and create a feedback loop of expectation and reinforcement. These rewards are not only tied to gameplay but also directly to promotional activities. Table 2. Examples of Variable Rewards in E-Sports Promotion Promotional Activity Variable Reward Mechanism Example Watching Sponsored Streams Random viewer rewards (“drops”) Exclusive in-game items for watching Valorant Champions Tour Engaging with Social Content Entry into randomized giveaways Limited-edition merchandise raffles via retweet campaigns Purchasing Promotional Bundles Mystery bonuses or bonus points Bonus loot boxes after purchase during seasonal events Participating in Surveys Entry into lucky draws Survey completions rewarded with chance to win gaming accessories This approach leverages the brain’s sensitivity to variable outcomes, keeping users psychologically invested and reinforcing promotional effectiveness. 
5.4.	Investment	through	Community	and	Customization	The final phase, investment, is encouraged when promotional strategies allow users to commit resources—time, money, effort—thereby increasing their emotional and behavioral stake in the ecosystem. In e-sports, investment mechanisms are often designed to build brand attachment and encourage repeated participation. • Progressive event systems (e.g., battle passes tied to promotional content) reward users who engage consistently over time. • Exclusive badges, tiers, or avatars associated with campaign participation (e.g., early backer skins or limited-time branding elements) promote identity alignment. 
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• User-generated content contests, sponsored by brands or game developers, allow fans to contribute and showcase their creativity, increasing perceived ownership. These investment-driven tactics result in more committed user bases who are more likely to re-enter the Hook loop, ensuring the longevity of the promotional strategy and the user’s relationship with the brand or product. 
5.5.	Integrated	Framework	Table 3 below provides a summary of how promotional elements in e-sports can be mapped to the four stages of the Hook Model. Table 3. Hook Model Aligned with E-Sports Promotion Strategies Hook Model Phase E-Sports Promotion Example Trigger Notifications about limited-time tournaments Action Clicking a link to watch a livestream or redeem a game code Variable Reward Randomized rewards for participation or viewing Investment Purchasing a bundle, creating content, or progressing a battle pass By embedding the Hook Model into e-sports promotional strategies, marketers are not only advertising a product or service—they are constructing habitual interaction architectures that blur the boundaries between gameplay, brand engagement, and community belonging. 

6.	Results	and	Discussion	The application of the Hook Model in e-sports promotional strategies provides an analytically robust and behaviorally intuitive framework for understanding and enhancing user engagement. However, while the model offers a coherent logic for structuring promotional efforts around habit formation, its real-world implementation within e-sports ecosystems invites both strategic promise and critical reflection. This section analyzes the effectiveness, limitations, and ethical implications of integrating the Hook Model into e-sports marketing, while also considering its broader impact on user behavior, brand loyalty, and the digital consumer experience. 
6.1.	Effectiveness	in	Driving	Engagement	and	Retention	One of the key strengths of the Hook Model lies in its capacity to increase user retention by tapping into psychological drivers of behavior. In the competitive attention economy of e-sports, the capacity to keep users “hooked” is essential. Games like Valorant and League of Legends do not merely rely on gameplay quality; they are supported by layered promotional ecosystems that use triggers (e.g., event alerts), encourage simple actions (e.g., log-ins), offer variable rewards (e.g., loot boxes, viewer drops), and demand investment (e.g., time, customization) [11]. This cycle not only strengthens the user’s engagement with the game but also deepens their relationship with peripheral entities—streamers, sponsors, and event organizers—thereby increasing brand touchpoints. Empirical evidence from marketing studies suggests that increased exposure and behavioral repetition enhance brand familiarity and positive sentiment [13]. Therefore, the Hook Model’s design logic dovetails effectively with the goals of e-sports marketers aiming to transform casual participants into loyal brand advocates. 
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6.2.	Scalability	and	Flexibility	of	the	Model	Another advantage of the Hook Model is its scalability across diverse promotional formats and user segments. Whether through micro-interactions on social media, gamified loyalty programs, or large-scale tournament campaigns, each stage of the Hook cycle can be tailored to suit the specific needs and behavioral profiles of different e-sports demographics. For example, casual players may be more responsive to frequent external triggers and small variable rewards (e.g., daily login bonuses), while competitive players might be more engaged through higher-stakes investments such as ranked tournaments or exclusive in-game assets. This adaptability allows developers and marketers to segment audiences and fine-tune promotional content accordingly, maximizing both reach and relevance. 
6.3.	Ethical	Concerns	and	Behavioral	Manipulation	Despite its strategic utility, the Hook Model also raises ethical questions, particularly regarding its potential to exploit cognitive biases and foster compulsive usage. The use of variable rewards—especially when linked to monetized mechanisms like loot boxes—has been criticized for mimicking the psychological triggers of gambling [14]. Critics argue that such systems risk encouraging excessive spending and unhealthy usage patterns, especially among younger or more vulnerable users.Furthermore, the investment phase may lead users to overcommit to a digital ecosystem, making it psychologically difficult to disengage without losing perceived value or status. This phenomenon, related to the sunk cost fallacy, reinforces behaviors that may not always align with users' best interests, particularly when combined with social pressure or fear of missing out (FOMO).These concerns necessitate a responsible marketing approach, wherein the Hook Model is applied with transparency and user well-being in mind. Game developers and marketers must balance commercial objectives with ethical design principles, incorporating opt-out mechanisms, spending limits, and informative disclosures about reward probabilities and promotional content. 
6.4.	Implications	for	Future	E‐Sports	Marketing	The successful application of the Hook Model in e-sports marketing highlights a broader shift toward behavior-driven design in digital strategy. As user data becomes more granular and accessible, marketing efforts will increasingly rely on predictive analytics and personalization algorithms to tailor each stage of the Hook cycle to individual users in real-time [15]. This direction opens new possibilities for automated engagement systems that dynamically adapt triggers, rewards, and investment paths based on user behavior. However, it also intensifies the ethical stakes, requiring the development of regulatory frameworks and industry standards to prevent exploitative practices. Moreover, the integration of the Hook Model invites further academic research. Longitudinal studies could investigate how long users remain in the engagement loop, what triggers lead to disengagement, and how variations in reward structure influence long-term brand perception. Exploring cross-cultural applications of the model could also yield insights into how different communities respond to behavioral marketing strategies within the global e-sports landscape. 

5.	Conclusions	The application of the Hook Model within the realm of e-sports marketing represents a significant shift in how digital engagement strategies are conceptualized, executed, and 
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evaluated. As demonstrated throughout this study, the four interconnected stages of the Hook Model—Trigger, Action, Variable Reward, and Investment—offer a psychologically grounded and operationally scalable framework for driving sustained user engagement across the e-sports ecosystem. From the perspective of promotion, one of the core components of the marketing mix, the integration of the Hook Model facilitates more than traditional audience outreach; it supports the creation of habitual user loops that transform spectators into participants, and casual players into brand-loyal community members. By embedding promotional triggers into gameplay mechanics, aligning simple user actions with reward structures, and designing systems that incentivize long-term investment, e-sports organizations and marketers are able to foster deeper and more enduring forms of engagement. The empirical and conceptual evidence presented suggests that this approach can increase brand affinity, enhance retention, and amplify the emotional resonance of digital campaigns. However, this success comes with clear ethical responsibilities. As the model intentionally leverages cognitive biases and psychological motivators, its misuse can lead to behavioral manipulation, excessive screen time, or compulsive monetization—issues particularly salient in a young and digitally immersed user base. Therefore, responsible implementation—guided by ethical design standards, transparency, and user consent—is paramount. In addition, the Hook Model’s utility extends beyond tactical campaign execution; it encourages a paradigm shift in marketing strategy, wherein behavioral science and digital design coalesce to create ecosystems that are not merely consumed but actively lived in. For the e-sports industry, which thrives on interactivity, community, and user participation, this model provides a lens through which to architect experiences that are both commercially effective and psychologically engaging. Future research might explore the long-term psychological effects of prolonged engagement through Hook-based systems, cross-cultural variations in behavioral response to such promotional tactics, and comparative effectiveness across different genres or platforms in the e-sports landscape. As e-sports continues to mature and diversify, the demand for data-informed yet ethically conscious promotional strategies will only grow. Ultimately, the fusion of the Hook Model with e-sports marketing marks an important development in the study of digital consumer behavior one that necessitates continuous reflection, innovation, and accountability. 
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Article History:   This conceptual study explores the educational potential of escape room gamesthrough a typological analysis of puzzle design. By categorizing puzzles intomental, physical, and meta types, the research outlines how each modalitysupports distinct cognitive, social, and affective skills-ranging from logical reasoning and spatial manipulation to collaboration and metacognition. Drawing on gamification theory, constructivist learning principles, and cognitivedevelopment frameworks, the paper positions escape rooms as transdisciplinarytools with applications in classroom instruction, corporate training, and therapeutic settings. The integration of emerging technologies such as Augmented Reality, Virtual Reality, and IoT-based systems further expands the scope and scalability of escape rooms in hybrid and digital learning environments. Key designconsiderations-such as puzzle clarity, logical progression, accessibility, and fail-safe mechanisms-are discussed as foundational to both educational effectivenessand user experience. Ultimately, this study argues that escape rooms represent acompelling pedagogical paradigm for 21st-century education, supporting lifelong learning through immersive, game-based experiences.  
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1.	Introduction	Puzzles have occupied a unique place in human history as structured challenges that test reasoning, memory, and logic. Originating in oral traditions and later transitioning into printed forms with the advent of mass media, puzzles have long been recognized not only as recreational tools but also as mediums for intellectual engagement [1]. In Turkey, the first known printed puzzle appeared in 1925 in the Resimli Mecmua, illustrating the early integration of cognitive games into literary and cultural contexts [2]. Over time, puzzles diversified into types such as crosswords, word-image associations, logic grids, and number-based games like Sudoku. Each type, despite differences in form and complexity, is designed to engage the solver in a process of problem recognition, hypothesis formulation, and solution testing-functions that align with core cognitive operations. Escape rooms have emerged as a dynamic evolution of this puzzle tradition, integrating various types of challenges within immersive and often narrative-driven environments. Originating in Japan and the United States in the early 2000s, escape rooms quickly gained international popularity, becoming both a recreational trend and an innovative pedagogical tool [3]. These experiences typically require participants to solve a series of puzzles within a time limit to "escape" from a themed room. Unlike traditional puzzles, which are often solitary and two-dimensional, escape room puzzles are multi-sensory, 
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collaborative, and sequentially structured within a game loop that includes clues, solutions, feedback, and rewards. Their application has expanded beyond entertainment into corporate training, therapeutic interventions, and-most notably-formal education [4]. This paper addresses a central research problem: How can different puzzle types in escape rooms enhance cognitive development and educational outcomes? While existing literature has examined escape rooms as engaging tools for learning [4, 5]. less attention has been paid to the typological structure of puzzles and how these contribute to specific learning domains such as critical thinking, spatial reasoning, and teamwork. This is particularly relevant as escape rooms become integrated into curricula and professional development programs, where the educational potential of different puzzle types-mental, physical, and meta-demands critical scrutiny. The purpose of this conceptual study is to categorize and analyze the various puzzle types used in escape rooms and to explore their contributions to cognitive, affective, and collaborative learning processes. The paper also aims to highlight design considerations and suggest ways in which these puzzles can be adapted or optimized for pedagogical contexts. As such, the significance of this research lies in its potential to inform educators, instructional designers, and game developers about how puzzle mechanics can be intentionally aligned with educational objectives. This paper is guided by the following research questions: 
 What are the defining characteristics of mental, physical, and meta puzzles used in escape rooms? 
 How do these puzzle types facilitate cognitive engagement, problem-solving, and knowledge retention? 
 In what ways can puzzle design be optimized to align with pedagogical goals and learner variability? 
 How can emerging digital technologies extend the applicability and effectiveness of escape room-based puzzles in education? By addressing these questions, this study contributes to the growing body of literature at the intersection of gamification, cognitive science, and instructional design, while offering a practical framework for educators seeking to implement escape room pedagogy in diverse learning environments. 

2.	Literature	Review	Gamification has emerged as a widely studied framework for enhancing motivation, engagement, and user experience in non-game contexts. Deterding, Dixon, Khaled, and Nacke [6] define gamification as "the use of game design elements in non-game contexts," emphasizing its potential to trigger intrinsic motivation through elements such as points, levels, feedback, and challenges. In educational contexts, gamification has been shown to support persistence, autonomy, and competence-all of which are central components in self-determination theory [7]. Escape rooms embody gamified learning environments by transforming educational content into interactive challenges, engaging learners in dynamic and participatory tasks. Hamari, Koivisto, and Sarsa [8] conducted a systematic literature review on gamification and found that game elements positively affect user engagement and motivation, although context-specific factors often mediate outcomes. In escape room settings, elements such as time constraints, feedback loops, and reward structures foster a sense of urgency and achievement, which can enhance both cognitive processing and emotional involvement. 
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These mechanics not only sustain engagement but also deepen learning by contextualizing abstract concepts in problem-solving scenarios. Constructivist learning theory posits that learners actively construct knowledge through experiences, interactions, and reflection rather than passively receiving information. Rooted in the works of Piaget and Vygotsky, this theory emphasizes the role of social interaction and contextualized problem-solving in the learning process. Escape rooms provide an ideal constructivist learning environment by immersing participants in problem spaces where knowledge must be built collaboratively and iteratively [9]. Game-based learning, particularly when supported by narrative and role-play, allows for experiential and situated learning-core tenets of constructivism [10]. As students solve puzzles and navigate escape room challenges, they engage in authentic learning tasks that require hypothesis testing, critical thinking, and adaptive reasoning. These activities align with Vygotsky’s [11] concept of the Zone of Proximal Development (ZPD), where learners perform tasks slightly beyond their individual capacity with the support of peers or facilitators, enhancing their learning potential. Puzzle-solving has long been recognized as a medium for cognitive development. Problem-solving activities play a significant role in the development of operational thinking in children. Puzzles promote logical reasoning, spatial manipulation, pattern recognition, and sequential processing-all of which are critical for cognitive growth. They also support executive function skills such as working memory, cognitive flexibility, and planning [12]. In the context of escape rooms, puzzles are not merely recreational; they function as cognitive tools embedded within authentic scenarios. The real-time nature of escape room gameplay heightens mental engagement, as players must continuously assess, interpret, and act upon clues. Vygotsky [11] highlighted that such scaffolded challenges promote higher-order thinking by encouraging learners to integrate prior knowledge with situational cues. Moreover, the collaborative nature of escape room puzzles enhances metacognitive awareness, as players reflect on their strategies, successes, and failures throughout the process. 
2.1	Classification	of	Puzzles	in	Learning	Contexts	Puzzles used in escape rooms can be categorized into distinct cognitive domains, aligning with Gardner’s theory of multiple intelligences [13]. Each puzzle type targets specific mental faculties, thereby supporting differentiated learning strategies. Verbal-Linguistic Puzzles: These include crosswords, riddles, and word associations. They require semantic processing, vocabulary knowledge, and verbal reasoning. Such puzzles are especially effective in language acquisition and literacy development, engaging learners in lexical analysis and syntactic decoding [5, 13]. Logical-Numerical Puzzles: Logic grids, Sudoku, and number sequences fall under this category. They are designed to stimulate deductive reasoning, pattern recognition, and mathematical reasoning. These puzzles support abstract thinking and are particularly beneficial in subjects like mathematics, physics, and computer science [13, 14]. Visual-Spatial Puzzles: These involve image-based tasks such as spot-the-difference games, jigsaw puzzles, and symbol decoding. Visual-spatial puzzles enhance learners’ ability to interpret visual information, recognize patterns, and navigate spatial relationships. They are useful in fields requiring visual literacy such as geography, architecture, and the arts [13]. Kinesthetic Puzzles: These require physical interaction with objects, including assembling parts, manipulating locks, or navigating physical mazes. Kinesthetic puzzles engage tactile 
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learners and promote procedural memory. In escape rooms, they may include tasks like physically unlocking a box using a code derived from other puzzles or aligning physical objects in a specific sequence to trigger a mechanism [14]. These categories not only illustrate the versatility of puzzle formats but also affirm their alignment with educational goals across disciplines. When intentionally integrated, puzzle typologies in escape rooms provide a rich platform for multi-sensory, interdisciplinary learning experiences. 
3.	Methodology	This study adopts a conceptual methodology aimed at constructing a typology of puzzles used in escape rooms and analyzing their pedagogical functions within gamified learning environments. Rather than employing empirical data collection, this approach synthesizes findings from existing scholarly and gray literature to form a theoretical framework connecting puzzle typologies with cognitive, affective, and collaborative learning outcomes. The purpose of this methodology is to offer a structured and transferable model that educators and instructional designers can utilize when integrating escape room puzzles into formal and informal learning settings. 
3.1	Puzzle	Categorization	Framework	The classification model developed in this paper is grounded in cognitive and educational psychology, particularly theories of multiple intelligences [13], constructivist learning [11], and gamification [6]. Puzzle types are categorized along two principal axes: 
 Cognitive Modality: The type of mental or physical process required to solve the puzzle. 
 Game Functionality: The role the puzzle plays in the overall escape room experience (e.g., linear progression, meta-clue synthesis, skill development) [5]. Based on this dual-axis model, four primary puzzle categories are established [3, 4, 14]: 
 Verbal-Linguistic Puzzles: Crosswords, riddles, and word games that rely on language comprehension and semantic reasoning. 
 Logical-Numerical Puzzles: Sequence problems, code-breaking, and mathematical grids like Sudoku, which activate logical deduction and numerical pattern recognition. 
 Visual-Spatial Puzzles: Hidden object games, map navigation, and symbolic decoding, engaging spatial awareness and pattern recognition. 
 Kinesthetic Puzzles: Tasks involving object manipulation, tactile clues, or bodily movement (e.g., rearranging physical items, unlocking boxes), which emphasize procedural and physical engagement. Each type is examined not in isolation but as part of a puzzle ecology-a sequential and thematically integrated system in which puzzles interact to form a holistic learning experience. This ecological approach also accounts for meta-puzzles, where previously solved puzzles contribute to a final, overarching solution. Meta-puzzles are positioned as higher-order integrators within the game structure and are often aligned with synthesis-level cognitive tasks from Bloom’s taxonomy [15]. 
3.2	Mapping	to	Educational	Outcomes	To establish the educational relevance of each puzzle type, this framework correlates puzzle modalities with measurable learning outcomes, drawing from established pedagogical taxonomies. The mapping is given in Table 1. 
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Table 1. Classification of puzzle types based on cognitive skills and associated educational outcomes. Puzzle type Primary cognitive skill Associated educational outcome Verbal-Linguistic Semantic processing Language acquisition, critical reading, vocabulary expansion Logical-Numerical Deductive reasoning Mathematical literacy, logical thinking Visual-Spatial Pattern recognition Visual literacy, diagram interpretation Kinesthetic Procedural memory, coordination Motor skills, experiential learning 
Meta-Puzzles Synthesis, strategy planning Higher-order reasoning, metacognition 

This alignment supports the construct validity of the typology in educational settings. For instance, verbal-linguistic puzzles can be used to teach foreign language vocabulary through narrative context, while logical-numerical puzzles are suited to reinforcing algorithmic thinking in programming courses. Moreover, the collaborative nature of many escape room puzzles encourages communication, teamwork, and leadership skills-key 21st-century competencies [16]. Each puzzle type also corresponds with specific game mechanics associated with gamification, such as progression systems (e.g., unlocking sequential puzzles), feedback loops (e.g., correct input triggers a new clue), and reward structures (e.g., discovering a key or storyline fragment). This integration is guided by gamification design principles, such as meaningful play, clear objectives, and intrinsic feedback [17]. By embedding educational content within these mechanics, puzzles transform passive learning into active exploration. The methodology thus not only categorizes puzzle types but also situates them within a broader framework of game-based pedagogy. This allows for the intentional design of escape rooms that align with learning outcomes, cognitive modalities, and motivational systems-making them replicable and adaptable across disciplines. 
4.	Puzzle	Typologies	and	Function	in	Escape	Rooms	The design and function of puzzles in escape rooms are integral to the overall gameplay experience, narrative coherence, and educational efficacy. Puzzle typologies-mental, physical, and meta-serve distinct but often interrelated cognitive and experiential functions. Their effective implementation depends on careful attention to game mechanics such as sequencing, theming, and hint systems. This section categorizes and examines these puzzle types, illustrating their role within the gamified escape room environment. 
4.1.	Mental	Puzzles	Mental puzzles are cognitively demanding tasks that involve reasoning, memory recall, language processing, or mathematical deduction. Common examples include code-breaking sequences, symbolic logic chains, riddles, number-letter ciphers, and linguistic decodings. These puzzles typically require players to infer solutions based on abstract representations or pattern identification. For instance, a numeric padlock with a three-digit code might be unlocked by solving a riddle embedded within the room’s narrative: "You see me rise, but never set. I brighten your day without a regret." The answer "sun" may correspond to a quantity indicated 
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visually (e.g., the number of suns in the room’s artwork), leading to a numeric input. In another case, a Caesar cipher might be used to encode a message that, when deciphered, provides a clue to the next step [18]. Designing mental puzzles requires ensuring thematic consistency-puzzles must feel like a natural part of the environment and story-and providing a layered hint system that avoids frustrating players. These puzzles often anchor the linear or non-linear progression of the game, and their difficulty should scale appropriately across the duration of the experience [18]. 
4.2.	Physical	Puzzles	Physical puzzles require interaction with tangible elements in the escape room space, engaging players through object manipulation, spatial reasoning, and sometimes motor coordination. They are designed to appeal to kinesthetic learners and provide tactile and immersive engagement. Examples include reassembling disassembled physical mechanisms, aligning movable objects to a specific configuration, or navigating physical challenges such as crawling through a laser grid without triggering sensors. One common design is a locked box that can be opened only when three statues in a room are rotated to face a particular direction, based on clues embedded in wall paintings. Another example is the classic “magnetic maze,” where players use a magnet under a table to guide a metallic ball through a labyrinth, revealing a code or key at the end [19].  These puzzles depend heavily on affordances-i.e., how intuitive it is for players to know what can be touched, moved, or interacted with. Effective physical puzzles integrate seamlessly with the room’s aesthetic design, reinforcing narrative immersion [19]. Importantly, physical puzzles must also be robust, given repeated physical use, and include resettable mechanisms for scalability in educational or commercial use. 
4.3.	Meta	Puzzles	Meta puzzles function as overarching challenges that require the integration of multiple prior puzzle solutions. They are typically positioned near the conclusion of the escape room experience and serve as synthesis tasks, demanding that players abstract and combine knowledge gained throughout the game. Meta puzzles are often non-obvious in nature and involve what Johnson [20] terms “correlation logic”-the linking of seemingly disparate elements into a cohesive solution. A representative meta puzzle might involve players collecting fragmented map pieces throughout the room, each obtained by solving smaller puzzles. Only once all fragments are acquired and assembled does the final exit route become clear. Another example is a multi-step logic puzzle in which players receive alphanumeric values from previous tasks, which must then be input in a specific order to trigger the final lock. These puzzles exemplify Bloom’s synthesis level, requiring players to recognize connections across knowledge domains and apply them strategically [15]. Their design must carefully balance difficulty and clarity, often using redundant clue structures to ensure solvability without compromising challenge. When successful, meta puzzles provide a climax to the narrative and gameplay arc, yielding a profound sense of achievement and closure. 
4.4.	Design	Considerations	Across	Puzzle	Types	Across all puzzle categories, three fundamental design elements are crucial for educational and experiential coherence: 
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 Hint Systems: Hints should be tiered, offering escalating levels of guidance without directly revealing answers. Automated hint delivery (e.g., time-based or triggered by incorrect input) can preserve immersion and reduce facilitator intervention. 
 Sequential Flow: Puzzle progression must be either linear-requiring puzzles to be solved in a specific order-or modular, allowing simultaneous task engagement. The structure chosen affects team dynamics and learning opportunities [5]. 
 Thematic Consistency: All puzzles should support the narrative arc of the escape room. Incongruous or overly abstract puzzles may break immersion and reduce the educational impact. For example, in a forensic science-themed room, puzzles based on DNA sequences or fingerprint matching reinforce subject-specific content, aligning gameplay with curricular objectives [4]. When well-implemented, the integration of mental, physical, and meta puzzles within a coherent game loop not only sustains engagement but also enables meaningful learning experiences that blend cognitive challenge, collaboration, and narrative immersion. 

5.	Educational	and	Institutional	Applications	 	Escape rooms have evolved from recreational pastimes into potent pedagogical and training tools across diverse educational and institutional settings. By embedding curriculum-aligned puzzles within immersive game environments, escape rooms facilitate experiential learning, formative assessment, and skills development. Their applications span formal education, corporate training, and professional development contexts, offering adaptable frameworks that can align with instructional goals across disciplines and industries [4]. 
5.1.	Application	in	Classrooms	The integration of escape rooms into classroom instruction has shown strong potential to enhance learner engagement and deepen content understanding, particularly in subjects such as science, mathematics, and language arts. Studies have demonstrated that escape room activities can increase student motivation, activate prior knowledge, and encourage collaborative problem-solving [4]. For example, in science classrooms, puzzles involving DNA sequences, periodic tables, or chemical bonding can be designed as challenges requiring application of theoretical knowledge. In mathematics, logic-based puzzles such as Sudoku, coordinate mapping, or sequence identification can reinforce concepts like spatial reasoning, algebra, or arithmetic. Classroom escape rooms can also be employed as review tools to consolidate learning before examinations or at the conclusion of instructional units. By transforming abstract or rote content into concrete and engaging tasks, these rooms promote long-term retention and provide real-time formative feedback. Furthermore, the social component of escape room collaboration enhances classroom cohesion and supports peer learning models aligned with constructivist pedagogy [10, 11]. 
5.2.	Use	in	Corporate	and	Professional	Training	In corporate and institutional contexts, escape rooms have been adapted as training simulations to develop competencies in communication, teamwork, leadership, and decision-making under pressure. The format is particularly effective for onboarding programs, team-building retreats, and executive development, where soft skills are critical. Unlike traditional workshops, escape rooms simulate real-world constraints-such as time pressure and information asymmetry-that compel participants to collaborate strategically, distribute roles, and adapt rapidly to emerging challenges [5]. 
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For example, a cybersecurity firm may employ a digital escape room simulating a data breach scenario, requiring participants to decode firewalls, trace threats, and apply company protocols. Healthcare organizations have similarly utilized medical-themed escape rooms to reinforce diagnostic reasoning, emergency response coordination, and ethical decision-making, fostering critical reflection through experiential learning [21]. Escape rooms also support interdisciplinary learning and professional upskilling by offering gamified environments where domain knowledge, procedural fluency, and interpersonal skills intersect. These experiences can be customized to specific industry standards, regulatory frameworks, or organizational values, making them a versatile and scalable tool for human resource development. 
5.3.	Integration	with	Formal	Assessments	Beyond training and review, escape rooms are increasingly employed as alternative assessment environments. They allow instructors to evaluate not only content mastery but also process skills such as collaboration, creativity, and resilience. The puzzle-solving nature of escape rooms aligns well with performance-based assessments, where students demonstrate learning through application rather than memorization [22]. Puzzle formats commonly used in escape rooms-such as matching terms to definitions, sequencing cause-effect relationships, identifying errors, or solving multiple-choice problems embedded in riddles-can be directly aligned with curriculum standards. These formats support a wide range of cognitive levels, from recall to synthesis, and offer a medium for differentiated assessment that accounts for diverse learner strengths. For example, a history-themed escape room might include a chronological sequencing puzzle requiring students to order major events leading up to a conflict. A biology escape room might include a matching puzzle associating organ systems with their functions, while an economics escape room might feature fill-in-the-blank puzzles interpreting market data. These task types correspond to familiar question structures used in traditional exams, yet their contextualization in game scenarios reduces test anxiety and increases engagement [22]. Additionally, digital escape rooms can incorporate automated data tracking, enabling instructors to gather analytics on problem-solving approaches, time management, and teamwork dynamics. This opens new possibilities for learning analytics-driven assessment and personalized feedback. 
5.4.	Puzzle	Formats	Suitable	for	Pedagogy	Specific puzzle formats are especially well-suited for educational adaptation due to their clarity, flexibility, and ease of assessment. These include [4, 22]: 
 Matching: Terms with definitions, causes with effects, formulas with outcomes. 
 Multiple Choice: Embedded in riddles or as part of a locked mechanism requiring the correct option. 
 Fill-in-the-Blanks: Often paired with visual or narrative clues; useful for language and content recall. 
 Cause-Effect Chains: Chronological or logical progression puzzles, ideal for history, science, or systems-based learning. 
 Error Detection: Identifying inaccuracies in a narrative or diagram, promoting critical reading and analysis. These formats can be delivered through both analog and digital means and can be embedded in either linear or modular puzzle sequences. Their integration within escape 
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room design supports both active learning and formative assessment, aligning well with 21st-century pedagogical priorities. 
6.	Technological	Integration	As escape rooms evolve beyond their physical constraints, digital technologies such as Augmented Reality (AR), Virtual Reality (VR), and Internet of Things (IoT) devices are reshaping puzzle design, interactivity, and scalability. These innovations not only expand the possibilities for immersion and narrative complexity but also increase accessibility and pedagogical relevance in formal and informal learning environments. However, the transition from analog to digital also introduces technical and instructional design challenges that must be critically evaluated [23, 24]. 
6.1.	Augmented	Reality	(AR)	in	Puzzle	Interaction	AR enables the layering of digital elements-such as images, text, and animations-over physical environments through devices like smartphones, tablets, or smart glasses. In escape room contexts, AR transforms static clues into dynamic, interactive content that can adapt based on user input or real-time environmental cues. For example, players might point a tablet camera at a bookshelf to reveal an invisible code overlaid digitally, or scan a QR marker to trigger a character’s holographic message offering the next clue [23]. This technology enhances spatial and contextual learning by integrating multimodal stimuli into puzzle interaction. It is particularly valuable in educational settings where AR-based puzzles can simulate scientific phenomena, historical reenactments, or language translation scenarios, allowing for authentic task engagement [23]. Moreover, AR reduces reliance on physical props, enabling modular and reusable puzzle components in hybrid learning spaces. Nevertheless, AR implementation requires a robust infrastructure, including stable internet connections, compatible hardware, and reliable software frameworks. User experience can be diminished by poor tracking accuracy, device incompatibility, or cognitive overload caused by excessive visual elements [24]. 
6.2.	Virtual	Reality	(VR)	for	Immersive	Puzzle‐Based	Storytelling	VR provides a fully immersive digital environment in which players can engage with puzzles and narratives beyond the limitations of physical space. Using head-mounted displays and motion controllers, learners can explore simulated environments, manipulate virtual objects, and interact with computer-generated avatars. In escape room scenarios, VR can simulate settings impractical in real life-such as deep-sea labs, ancient ruins, or space stations-thus broadening the thematic and instructional palette [25]. VR is particularly effective in promoting presence, a psychological state in which users feel physically and emotionally located within the virtual environment [26]. This presence amplifies cognitive engagement and can support learning in complex domains such as engineering, medicine, or environmental science. For instance, a chemistry VR escape room might require players to combine elements using a virtual periodic table to simulate a safe chemical reaction, reinforcing conceptual understanding through embodied interaction [25]. However, the immersive nature of VR also presents pedagogical and technical challenges. These include motion sickness, hardware cost, limited access, and the need for highly skilled instructional designers familiar with 3D modeling and game development platforms such as Unity or Unreal Engine [25]. Furthermore, VR experiences must be 
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carefully scaffolded to prevent cognitive overload and ensure that technological novelty does not overshadow learning objectives. 
6.3.	Robotics	and	IoT‐Based	Puzzles	Robotic elements and IoT devices enable the integration of responsive, programmable components into escape room environments. These might include electronic locks, sensors, motors, or voice-activated devices that respond to player actions. For example, solving a numeric puzzle on a touchscreen might trigger a servo motor to open a hidden compartment, or completing a sound-based task might cause a robot to deliver the next clue [27].  Such technology supports procedural learning, where students interact with systems that mimic real-world automation and control logic. This is particularly relevant in STEM education, where learners can experience embedded systems, coding, and mechanical feedback loops in a hands-on context [27]. In professional training, IoT-based puzzles can simulate operational environments, such as manufacturing lines or smart building systems. Despite these benefits, integrating robotics and IoT components requires significant planning, from circuit design and power management to firmware programming. Maintenance and reliability can become issues in high-use environments, especially where precise calibration is needed. Additionally, safety considerations must be addressed when physical machinery interacts with users. 
6.4.	Advantages	and	Challenges	of	Digitalizing	Escape	Room	Experiences	The digitalization of escape rooms offers several pedagogical and logistical advantages. Digitally enhanced puzzles are more easily scalable, modifiable, and distributable across physical or virtual locations. They allow for individualized learning paths, automatic data collection for assessment, and integration with Learning Management Systems (LMS). Moreover, digital platforms facilitate asynchronous learning, enabling remote and hybrid escape room experiences that accommodate diverse learner needs [22]. However, the transition to digital formats is not without trade-offs. Key challenges include [22, 25]: 
 Loss of tactile engagement: Kinesthetic learners may struggle in fully digital environments that lack physical manipulation. 
 Technical complexity: The design and deployment of AR/VR/IoT-enhanced puzzles demand interdisciplinary expertise. 
 Equity and access: Not all learners or institutions possess the necessary hardware or bandwidth to participate fully. 
 Design fatigue: Overuse or poorly integrated technology can lead to disengagement or distraction from learning goals. Ultimately, successful technological integration in escape room puzzles requires a balanced approach-one that enhances interactivity and learning outcomes without overwhelming users or compromising accessibility. 

7.	Design	Considerations	and	Best	Practices	Effective escape room design requires more than assembling engaging puzzles; it demands intentional planning to ensure pedagogical alignment, narrative coherence, and inclusive accessibility. Well-crafted escape rooms harmonize game mechanics with learning outcomes, emotional engagement, and logistical feasibility. This section presents best 
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practices for escape room puzzle design by focusing on four interrelated pillars: puzzle clarity and narrative relevance, logical progression, fail-safe operations, and inclusive access. 
7.1.	Puzzle	Clarity	and	Relevance	to	Story	One of the most critical elements of escape room design is the semantic and contextual clarity of puzzles. Puzzles must be intelligible within the constraints of the room’s theme and understandable to players with varying levels of prior knowledge. Ambiguity in language, unclear objectives, or confusing clues can disrupt player immersion and learning flow. Narrative integration enhances both engagement and cognitive alignment. Each puzzle should serve a story-driven function-advancing the plot, revealing character backstories, or simulating a critical moment in the scenario. For example, in a forensic-themed room, using fingerprint analysis as a puzzle not only reinforces scientific content but also sustains thematic immersion [5]. To maintain clarity, designers are encouraged to follow the "one puzzle, one purpose" principle-ensuring each puzzle has a specific role and avoids redundant or superfluous complexity. Instructions should be embedded in the environment through intuitive design elements such as color coding, spatial alignment, or symbolic cues rather than extensive written directions [5]. 
7.2.	Internal	Consistency	and	Logic	in	Puzzle	Progression	Escape rooms must exhibit internal logical coherence, where the sequence of puzzles follows a rational, consistent structure. Players should be able to anticipate, infer, and build upon previous solutions in a way that reflects problem-solving logic. Inconsistent mechanics, unpredictable difficulty spikes, or disconnected puzzles can lead to player frustration and disengagement. A well-designed escape room operates through either linear progression (where each puzzle unlocks the next in a strict order) or modular/non-linear progression (where puzzles can be solved in parallel but converge at a meta-puzzle or final challenge). Both models require clear signposting, i.e., visual or structural indicators that guide players through the experience without explicit instruction [3]. Moreover, each puzzle must contribute to a difficulty curve that balances challenge and reward. Cognitive load theory suggests that optimal puzzle progression should increase complexity gradually, allowing learners to consolidate foundational knowledge before tackling higher-order tasks [28]. 
7.3.	Testing	and	Contingency	Planning	Rigorous playtesting is essential to validate the functionality, fairness, and flow of puzzles. Every element-mechanical or digital-should be tested for usability, interpretability, and durability under repeated use. Common issues such as unclear clues, ambiguous solutions, or technical malfunctions can significantly undermine the learning experience [22]. Designers must also account for contingency scenarios, including mechanical failures, software crashes, or participant confusion. Backup plans may include [22]: 
 Duplicate copies of essential physical components (e.g., keys, props). 
 Manual overrides or hint triggers controlled by a facilitator. 
 Digital redundancies, such as parallel input methods (e.g., keypad and touchscreen). 
 Scripted interventions to maintain immersion while addressing breakdowns. 
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In educational contexts, where time constraints and learning objectives are non-negotiable, contingency planning ensures that the escape room remains functional and aligned with instructional goals regardless of unforeseen disruptions. 
7.4.	Accessibility	and	Inclusivity	in	Puzzle	Design	Designing for accessibility and inclusivity ensures that all participants, regardless of physical ability, cognitive style, or cultural background, can meaningfully engage with escape room activities. Inclusive design not only adheres to universal design principles but also enhances the pedagogical value by accommodating diverse learner needs [29].  Physical accessibility considerations include ensuring that puzzles do not rely on dexterity, fine motor skills, or mobility beyond what can be reasonably accommodated. For example, puzzles that require reaching high shelves or navigating narrow spaces should have alternative solutions or adjustments for participants with mobility impairments. Cognitive accessibility involves minimizing unnecessary complexity, avoiding culturally biased references, and ensuring clarity in instructions and expected actions. For example, riddles or wordplay that depend on idiomatic language may disadvantage non-native speakers and should be used judiciously or accompanied by visual scaffolds [22, 29]. Audio and visual elements should be multi-modal, allowing players to engage through alternative sensory channels. Providing written text along with sound cues, or tactile interfaces in addition to visual puzzles, can broaden accessibility [24]. Additionally, diversity and representation in character design, narratives, and scenarios help foster an inclusive environment that reflects a variety of identities and experiences. 

8.	Discussion	Escape rooms represent a convergence of game design, pedagogy, and experiential learning, with puzzle typologies acting as the primary mediators between engagement and educational value. As demonstrated across this paper, distinct puzzle categories-mental, physical, and meta-correspond to specific cognitive domains and foster a wide range of transferable skill sets [4, 22]. These puzzles, when intentionally designed and pedagogically aligned, serve not only to challenge but to transform how learners interact with content, collaborate with peers, and reflect on problem-solving processes. Each puzzle type cultivates a unique constellation of skills. Mental puzzles, such as logic chains and riddles, promote abstract reasoning, verbal fluency, and deductive logic. These tasks activate analytical thinking and require players to apply known principles to novel situations-skills central to academic success across disciplines. Physical puzzles, by contrast, engage procedural memory, spatial reasoning, and motor coordination. These tasks are invaluable in developing hands-on competencies, especially in STEM and vocational fields where physical manipulation of tools and systems is essential [27]. Meta puzzles, which demand the integration of multiple puzzle solutions into a comprehensive final task, foster high-level synthesis, strategic planning, and systems thinking, mirroring the cognitive demands of real-world problem-solving [15]. Beyond cognitive skills, all puzzle types encourage metacognitive reflection and soft skill development, including perseverance, adaptability, and collaborative communication. The social architecture of escape rooms necessitates that players share information, negotiate roles, and resolve conflicts in real-time-behaviors aligned with teamwork and leadership competencies essential in both academic and professional environments [22]. 
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8.1.	Escape	Rooms	as	Transdisciplinary	Tools	Escape rooms are inherently transdisciplinary, functioning across domains such as education, entertainment, corporate training, and therapeutic intervention. In education, their adaptability to curricular content makes them suitable for virtually any subject area, from history and biology to computer science and foreign languages. Their integration with assessment practices, differentiated instruction, and inclusive design enables application in primary, secondary, and tertiary contexts [4, 5]. In corporate and professional development settings, escape rooms serve as experiential simulations that replicate organizational dynamics under controlled stress conditions. These experiences are particularly effective in evaluating team cohesion, communication efficiency, and ethical decision-making. Similarly, escape rooms are increasingly explored in therapeutic contexts-especially in cognitive-behavioral therapy, trauma treatment, and occupational therapy-as controlled environments for practicing emotional regulation, social interaction, and motor functions [30].  The capacity of escape rooms to operate across these diverse contexts lies in their foundational design: they are modular, immersive, and outcome-oriented. When framed appropriately, puzzles become vessels for learning, self-discovery, and even rehabilitation-demonstrating that gamified experiences are not confined to entertainment but possess transformative potential across domains [29]. 
8.2.	Implications	for	Future	Educational	Technologies	and	Gamified	Platforms	As educational technology continues to evolve, escape rooms offer a compelling template for next-generation learning environments. Their reliance on narrative, challenge, and interactivity aligns with contemporary learning theories that emphasize learner agency, contextualization, and experiential depth. The integration of emerging technologies such as Augmented Reality (AR), Virtual Reality (VR), and Internet of Things (IoT) will further enhance the responsiveness, scalability, and personalization of escape room experiences [25]. Future gamified platforms inspired by escape room dynamics could serve as adaptive learning ecosystems, capable of real-time data tracking, performance analytics, and personalized scaffolding. These systems may incorporate AI-driven hints, dynamically adjusting difficulty levels, or offer alternate narrative paths based on learner choices, creating a hybrid of escape room gameplay and intelligent tutoring systems. However, realizing this vision requires interdisciplinary collaboration between educators, game designers, psychologists, and technologists. Challenges such as digital equity, cognitive overload, and sustainability must be addressed to ensure that technological enhancement does not overshadow educational intent. Additionally, research must continue to explore the longitudinal effects of escape room learning on knowledge retention, skill transfer, and learner motivation [22]. Ultimately, the escape room model embodies the core principles of 21st-century education: active learning, collaboration, problem-solving, and creativity. By continuing to evolve in tandem with educational technologies, escape rooms have the potential to become foundational structures in future learning paradigms. 

9.	Conclusion	This conceptual study has outlined a comprehensive framework for understanding escape room puzzles as multidimensional tools within gamified learning environments. By categorizing puzzles into mental, physical, and meta types, the paper demonstrated how 
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each puzzle modality supports distinct cognitive and affective skill sets, including problem-solving, collaboration, spatial reasoning, and strategic thinking. These puzzle typologies not only guide the design of engaging escape room experiences but also offer a pedagogical structure for aligning game mechanics with learning outcomes. The analysis has further emphasized the educational potential of escape rooms in both formal and informal contexts. From classroom instruction in STEM and humanities disciplines to corporate training and therapeutic interventions, escape rooms have proven adaptable to diverse learning needs. Their ability to integrate content mastery with 21st-century skills-such as creativity, teamwork, and metacognition-positions them as valuable assets in instructional design and competency-based education. As reviewed, escape rooms can function as assessment tools, motivation enhancers, and collaborative platforms that facilitate experiential and student-centered learning. Moreover, the study has mapped current technological trends transforming escape rooms into scalable, interactive, and immersive learning environments. The integration of Augmented Reality (AR), Virtual Reality (VR), and IoT-based puzzle mechanisms enables new levels of personalization, accessibility, and engagement. While these innovations introduce new complexities in design and deployment, they also expand the applicability of escape rooms in hybrid and remote learning models, aligning well with global shifts toward digital education infrastructure. Taken together, these contributions underscore the growing relevance of escape games as lifelong learning tools. In a world increasingly shaped by rapid technological change, information overload, and evolving workplace demands, escape rooms offer a flexible and engaging medium through which learners of all ages can develop essential cognitive, emotional, and social skills. Their narrative-driven, problem-based structure mirrors the complexities of real-world challenges, making them not only a tool for academic development but also a framework for personal and professional growth. As educational systems seek to foster deeper engagement and adaptability in learners, escape rooms-and the puzzle-based learning they promote-stand out as a pedagogical innovation with enduring relevance. Continued interdisciplinary research, combined with practitioner-driven experimentation, will be key to harnessing the full potential of escape rooms in shaping future-ready learners across all stages of life. 
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Article History:   Small Language Models (SLMs) offer a computationally efficient alternative toLarge Language Models (LLMs), enabling natural language processing (NLP)capabilities in resource-constrained and/or private environments such aspersonal computers, mobile devices, embedded systems, and real-time applications. However, SLMs face significant challenges related to factualhallucination, limited generalization, and degraded task performance due to theirreduced parameter capacity. This review provides a comparative analysis of current methods to mitigate hallucination and enhance performance in SLMs. Weconsider hallucination prevention techniques into five primary strategies:retrieval-augmented generation (RAG), instruction tuning and promptengineering, fact-checking and verification layers, calibration mechanisms, andfine-tuning with human feedback. In parallel, we explore performance enhancement methods including quantization, pruning, parameter-efficient tuning, knowledge distillation, mixture-of-experts architectures, and domain-adaptive training. A comparative evaluation highlights trade-offs between accuracy, compute efficiency, and deployment feasibility. We identify best-fit combinations of techniques for diverse real-world scenarios—ranging from mobile applications to safety-critical systems—and discuss integration challenges, sustainability concerns, and ethical implications. This work is aimed to introduceand compare methods for developing robust and efficient SLMs capable of reliabledeployment across varied NLP contexts.  
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1.	Introduction	Natural Language Processing (NLP) is a subfield of artificial intelligence concerned with the interaction between computers and human (natural) languages. Its development has spanned several decades, from rule-based symbolic approaches in the 1950s and 1960s to statistical models in the 1990s and, more recently, neural models that dominate the field today [1, 2]. Early systems relied heavily on handcrafted grammars and lexicons, which limited their scalability and adaptability. With the advent of machine learning, particularly supervised learning, NLP began leveraging large annotated corpora to learn statistical patterns for tasks such as part-of-speech tagging, named entity recognition, and machine translation. The transition to deep learning accompanied in the era of neural language models. Word embeddings such as Word2Vec [3] and GloVe [4] provided dense vector representations of 
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words, capturing semantic similarities. These were later surpassed by contextual embeddings produced by deep neural networks such as ELMo [5], BERT [6], and GPT [7, 8]. These models, especially the Transformer-based architectures, revolutionized NLP by enabling pretraining on massive text corpora followed by fine-tuning on specific downstream tasks. Large Language Models (LLMs) such as GPT-3 [9], PaLM [10] and GPT-4 [11] possess billions of parameters and exhibit emergent capabilities such as few-shot learning, reasoning, and dialogue generation. These models have become foundational in a variety of applications, including virtual assistants, summarization tools, and generative text engines. However, LLMs also face significant challenges. Main among them are computational inefficiency, high energy costs, and difficulties in deployment on edge devices [12]. Additionally, LLMs are known to hallucinate—i.e., generate fluent but factually incorrect or misleading outputs—which poses serious risks in real-world applications [13]. In response to the operational challenges posed by LLMs, the NLP community has seen renewed interest in Small Language Models (SLMs)—models with significantly fewer parameters that are tailored for efficient, cost-effective deployment. SLMs are often used in scenarios requiring low-latency inference, privacy preservation, or deployment on devices with limited computational resources such as personal computers, mobile phones or embedded systems [14]. Although smaller in size, SLMs can still achieve competitive performance on specific tasks when equipped with architectural and training optimizations [15]. However, SLMs are more prone to issues such as hallucination, reduced reasoning capacity, and brittleness across domains due to their limited parameter space. Addressing these issues is critical for expanding their utility and reliability in real-world applications. This review aims to provide a comprehensive overview of existing methods to prevent hallucination and enhance the performance of SLMs in NLP. Specifically, we: 
 Introduce and explain key hallucination mitigation techniques such as retrieval-augmented generation (RAG), instruction tuning, and post-hoc verification; 
 Examine performance enhancement strategies including parameter-efficient tuning (e.g., LoRA), quantization, pruning, and knowledge distillation; 
 Offer a detailed comparative analysis of these techniques based on their efficacy, computational cost, and suitability for different use cases; 
 Discuss when and how combinations of methods may be employed synergistically; 
 Address the question of whether the performance gains justify the additional resource overhead, particularly in low-resource environments. By focusing on SLMs, this review tries to fills a gap in the literature where most reviews tend to prioritize LLMs. We aim to equip researchers and practitioners with the insights needed to select and implement optimal strategies for building accurate, efficient, and responsible small language models. 

2.	Understanding	Hallucination	in	Language	Models	In the context of natural language generation (NLG), hallucination refers to the generation of output that is linguistically plausible but factually inaccurate, unverifiable, or misleading. Although hallucination affects models of all scales, its manifestations and impacts are often amplified in Small Language Models (SLMs) due to their reduced capacity and generalization ability [13]. 
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The taxonomy of hallucination can be divided broadly into two categories [16, 17]: 
 Intrinsic Hallucinations: These are errors introduced due to model misinterpretation or lack of understanding of the input context. The generated content contradicts or deviates from the input or ground truth. For example, in abstractive summarization, an intrinsic hallucination might involve the model fabricating an event that is not present in the source document. 
 Extrinsic Hallucinations: In these cases, the model generates information that is not explicitly supported or contradicted by the input. These statements may seem plausible but cannot be grounded in the provided data. This form of hallucination is particularly common when the model is prompted with underspecified queries or lacks external factual support. More recent studies have extended this classification to include fabricated references, nonsensical reasoning, and domain transfer hallucinations, especially in complex tasks such as dialogue generation, open-domain question answering, and summarization of long-form documents [18]. 
2.1	Causes	of	Hallucination	in	SLMs	While hallucination is a known issue even in large models like GPT-3 and PaLM, it is exacerbated in SLMs due to their constrained architecture, limited training data, and restricted contextual awareness[13]. Below are key contributing factors to hallucinations in SLMs: 
2.1.1	Limited	model	capacity	SLMs typically operate with tens to hundreds of millions of parameters, compared to the tens of billions in LLMs. This limitation reduces their ability to represent complex semantic relationships, long-range dependencies, and nuanced contextual signals [14]. As a result, SLMs often generalize poorly, especially in tasks requiring factual precision or cross-sentence coherence. 
2.1.2	Shallow	contextualization	and	shorter	attention	windows	Many SLMs are trained or fine-tuned with limited input context (e.g., 512 tokens or fewer), which constrains their ability to understand extended discourse or refer to multiple evidential sources. In multi-turn conversations or document-level summarization, this results in hallucinations due to the loss of grounding signals across segments [19]. 
2.1.3	Training	data	biases	and	incompleteness	Hallucinations often stem from gaps in training corpora or exposure to unreliable text [20]. Since SLMs are trained on a subset of what LLMs typically ingest, they may lack exposure to edge cases, rare facts, or formal domain-specific knowledge, increasing the risk of error in critical use cases such as biomedical NLP or legal summarization. 
2.1.4	Over‐reliance	on	statistical	priors	SLMs, like their larger counterparts, optimize the next-token prediction probability, leading them to generate text that is statistically probable rather than factually correct. This is particularly problematic when the model is asked for specific, non-frequent information that diverges from corpus norms, such as citing an uncommon journal article or describing niche technical concepts [21]. 
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2.1.5	Lack	of	external	grounding	Most SLMs do not include mechanisms for retrieval-augmented generation (RAG) or fact-checking modules that can verify their outputs against real-time knowledge sources. Without such grounding, these models are forced to rely solely on internal representations, increasing the likelihood of hallucinating when asked for factual information or summarizing ambiguous input [22]. 
2.1.6	Catastrophic	forgetting	in	fine‐tuning	When SLMs are fine-tuned for downstream tasks without care, they may "forget" previously learned knowledge due to the phenomenon of catastrophic forgetting [23]. This often results in hallucinations, especially when fine-tuning for domains with conflicting or newly introduced knowledge representations. 
2.2	Impacts	of	Hallucination	on	Downstream	Applications	The presence of hallucinations in SLM-generated content poses significant technical, ethical, and operational challenges, especially in applications where trust and accuracy are non-negotiable. In fields like medicine and law, where AI tools are increasingly deployed to generate summaries, case reports, or recommendations, hallucinated content can result in diagnostic errors, misinterpretation of legal precedents, and regulatory non-compliance  [24, 25]. SLMs deployed in low-resource clinical settings, if not robustly trained and evaluated, can propagate dangerous misinformation. When used in education, hallucinations can mislead learners with inaccurate explanations or fabricated references, undermining trust in automated tutoring systems or language learning assistants. These errors are often subtle and hard to detect, especially in SLMs trained on general-purpose data. For chatbots and digital assistants, hallucinations degrade user experience and erode trust. Users may take plausible-sounding but false statements at face value, particularly when the hallucinations are delivered fluently and confidently. In domains such as finance or insurance, this can have legal and reputational consequences [19]. Hallucinations contribute to content pollution when SLMs are used to generate or amplify content at scale, especially in social media or low-cost content farms. The ability of even small models to produce vast volumes of text means that low-quality or fabricated content can easily outpace human fact-checking and moderation efforts. 
2.3	Hallucination	Severity	in	Low‐Resource	vs.	High‐Resource	Settings	Hallucinations manifest with greater severity and frequency in low-resource environments, which include both data-scarce tasks and deployment scenarios with limited compute, memory, or connectivity. In such cases, the model's ability to access external grounding sources or undergo thorough fine-tuning is severely constrained. For example, in healthcare delivery in rural areas, SLMs may be deployed on mobile devices with minimal local data and no internet access. Without retrieval augmentation or updated knowledge bases, these models rely entirely on internal parameters trained on outdated or general-purpose corpora, thereby increasing their tendency to hallucinate  [19, 26]. In contrast, high-resource settings may integrate SLMs with supporting infrastructure like retrievers, validators, or human-in-the-loop supervision, allowing for multi-stage generation pipelines that mitigate hallucination. However, even in these settings, when computational priorities shift toward real-time response or user privacy, grounding mechanisms may be disabled, again increasing hallucination risk. This contrast suggests 
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that deployment context significantly shapes the impact of hallucinations, and that a one-size-fits-all solution is unlikely to suffice. Fine-grained trade-off analyses between computational cost, hallucination risk, and application criticality are necessary. 
2.4	Implications	for	Trust,	Safety,	and	Model	Evaluation	As hallucinations become a central concern in language model deployment, especially in SLMs intended for real-world use, the following implications must be considered: Even when hallucinations are rare, the inability to predict when a hallucination will occur erodes user trust. Trust calibration requires that users can distinguish between high- and low-confidence model responses, ideally through probabilistic output scores, uncertainty estimations, or fact-checking signals [27]. Unfortunately, most SLMs do not natively provide such mechanisms and must rely on auxiliary components. Current evaluation metrics like BLEU, ROUGE, or even BERTScore focus on fluency and lexical similarity, but fail to capture factual correctness [28]. Recent proposals such as FactCC [29], SummaC [30] and TruthfulQA [31] attempt to measure hallucination explicitly, but are primarily calibrated for large models. The lack of SLM-specific hallucination benchmarks limits both the diagnosis and mitigation of hallucination in these smaller models. For regulated industries or safety-critical applications, hallucinations may not only be unacceptable but also legally actionable. As such, regulatory bodies and enterprises are increasingly requiring explainability, traceability, and auditable decision-making in language models, including SLMs. This necessitates hallucination prevention not just as a technical fix but as part of a broader model governance strategy [32]. 

3.	Performance	Challenges	in	Small	Language	Models	

3.1	Memory	and	Computational	Constraints	A defining characteristic of Small Language Models (SLMs) is their architectural minimalism—typically comprising under a few billion to 500 million parameters, sometimes fewer than 100 million. While this parameter reduction provides benefits in terms of deployment efficiency, energy consumption, and latency, it inherently limits the model's ability to represent, store, and generalize over complex language patterns [14]. The compact size of SLMs reduces the breadth of linguistic and world knowledge that can be encoded in model weights. This becomes particularly evident in complex tasks requiring multiple reasoning steps, deep factual recall, or cross-document synthesis. Moreover, many SLMs must operate under stringent inference constraints in environments such as smartphones, microcontrollers, and edge devices. These settings often restrict the available RAM, storage bandwidth, and energy budget, forcing additional compromises like model quantization or the use of limited-context token windows [33]. Crucially, these limitations also restrict the use of advanced processing techniques such as ensemble methods, retrieval-augmented generation, or large-scale context chaining—all of which are feasible with LLMs but impractical or infeasible in SLM regimes [34]. As a result, SLMs often suffer from underfitting, especially in long-form text generation and tasks requiring structured reasoning. 
3.2	Limitations	in	Representation	and	Generalization	SLMs must learn to compress vast linguistic structures into compact parameter spaces, often resulting in weaker generalization performance on unseen or rare inputs. Unlike large models that possess significant capacity—allowing them to memorize and 
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interpolate from large corpora—SLMs operate near the threshold of their learning ability, making them more susceptible to data sparsity, task shift, and domain drift [35].  This leads to several concrete limitations: 
 Poor transfer learning: When pre-trained SLMs are adapted to new tasks or domains, they frequently exhibit catastrophic forgetting, where prior knowledge is overwritten by new information [23]. This is especially problematic in multi-domain deployments, where the same model must generalize across different styles, topics, or objectives. 
 Reduced contextual sensitivity: Due to smaller attention heads and fewer layers, SLMs often fail to model long-range dependencies in text, which are critical for tasks such as summarization, multi-hop question answering, or document-level sentiment analysis [36]. 
 Increased reliance on statistical priors: Because of insufficient learning capacity, SLMs tend to default to high-frequency or “safe” outputs from the training distribution, limiting creativity and adaptability in dynamic or evolving environments [37]. In practical applications, these limitations surface as bland, repetitive, or overly generic outputs, particularly in tasks requiring open-ended generation or abstraction beyond surface-level inputs. 
3.3	Trade‐offs	Between	Efficiency	and	Accuracy	A central tension in the design of SLMs is the trade-off between computational efficiency and model accuracy. While SLMs are designed to be lightweight and fast, these benefits often come at the cost of reduced performance on standard NLP benchmarks—especially on tasks requiring semantic nuance, factual grounding, or task-specific adaptation [38]. 
Trade‐off	1:	Latency	vs.	Expressivity	Models designed for fast response—such as those used in interactive systems or edge inference—are optimized for minimal latency, which often necessitates shallow networks, aggressive quantization, or pruning. These operations reduce the model’s expressive power and tend to impair output richness and contextual fidelity [39]. 
Trade‐off	2:	Generalization	vs.	Specialization	Highly compact SLMs trained for general use frequently underperform in domain-specific settings, such as legal, biomedical, or financial NLP [40]. Conversely, models fine-tuned for domain specificity may perform poorly on general language tasks [41]. Unlike LLMs, which can afford to retain multipurpose capacities, SLMs often face sharp trade-offs between domain specialization and task versatility [42, 43]. 
Trade‐off	3:	Interpretability	vs.	Optimization	Certain SLM configurations—such as those using low-rank approximations or distilled architectures—offer better interpretability due to their simpler structure, but may not perform optimally on complex tasks [14, 44]. This makes it challenging to strike a balance between transparency and task efficacy, particularly when explainability is a regulatory or business requirement. Overall, while SLMs hold promise for scalable and democratized NLP, their design is fundamentally constrained by these trade-offs. The implications are profound: achieving performance gains in SLMs requires clever engineering, tailored training regimens, and 
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often, external augmentation strategies—topics that will be discussed in subsequent sections. 
4.	Hallucination	Prevention	Techniques	The challenge of hallucination in Small Language Models (SLMs) has prompted a range of mitigation techniques. Unlike Large Language Models (LLMs), SLMs cannot rely on sheer scale to implicitly encode knowledge or reasoning paths. Instead, hallucination prevention in SLMs must be strategic, modular, and efficient, leveraging methods that compensate for their limited capacity. This section explores five key approaches used to address hallucination in SLMs. 
4.1	Knowledge	Grounding	and	Retrieval‐Augmented	Generation	(RAG)	Retrieval-Augmented Generation (RAG) is a prominent method that integrates SLMs with external knowledge sources to enhance factual consistency during generation. In this architecture, the model retrieves relevant documents or passages from a knowledge base in real time and tailors its generation on this external context [22]. This decouples the need to store factual knowledge within model parameters—an especially critical adaptation for SLMs with constrained capacity. For SLMs, retrieval modules are typically lightweight and may rely on sparse retrievers (e.g., BM25) or dense retrievers (e.g., DPR or ColBERT) [45–47]. When combined with efficient attention mechanisms (e.g., late fusion or shallow concatenation), RAG allows SLMs to produce more factually grounded outputs without expanding model size [22]. One implementation strategy involves embedding the retriever inside the inference pipeline, so each query dynamically retrieves the most relevant contexts. Studies have shown that even SLMs under 100M parameters can benefit from plug-and-play grounding, reducing hallucination rates in QA and summarization by 20–30% [19, 48]. However, RAG introduces dependencies on retrieval accuracy and latency, which may limit real-time applications or those operating in offline environments. 
4.2	Instruction	Tuning	and	Prompt	Engineering	Instruction tuning is a method where models are trained to follow task-specific prompts formulated as natural language instructions [49]. For SLMs, this technique enhances alignment with user intent and improves model behavior across tasks where factual accuracy is paramount. By carefully designing prompts—either manually or through automated prompt optimization—practitioners can steer the SLM toward safer, less hallucination-prone outputs. For example, explicitly instructing the model to “only answer if certain” or “cite supporting facts” can trigger internal constraints that limit speculative generation. Instruction tuning can be implemented through multi-task fine-tuning on datasets like FLAN, which include thousands of labeled instruction-following examples [50, 51]. For SLMs, this tuning process often yields disproportionate gains, effectively compressing task knowledge into fewer parameters and reducing hallucination without architectural changes. Prompt engineering, on the other hand, is a zero-shot or few-shot technique where hallucination is mitigated at inference time by controlling the prompt format, context framing, and output constraints [52]. Techniques such as prompt chaining, structured templates, and declarative framing have shown to reduce hallucination frequency, especially in summarization and QA tasks. 
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Nevertheless, instruction tuning requires access to curated datasets, and prompt engineering may lack robustness across diverse domains. 
4.3	Fact‐Checking	and	Post‐Generation	Verification	Another viable strategy for hallucination prevention is to evaluate and filter model outputs through automated fact-checking systems. These systems can operate as post-processing layers that assess whether a generated statement is supported by available evidence [53]. For SLMs, lightweight classifiers or entailment models—fine-tuned on verification datasets like FEVER or SciFact—can be used to score the factual consistency of generated text [54, 55]. This two-pass architecture ensures that hallucinated outputs are flagged, re-ranked, or rejected before delivery to users. Some frameworks also incorporate self-checking mechanisms, where the SLM itself is queried post-generation to verify its prior output. While promising, such methods require careful calibration to avoid recursive error propagation. In deployment settings where SLMs serve real users, incorporating feedback-based rejection sampling—where only outputs passing factuality filters are accepted—can significantly reduce the incidence of hallucination. However, this may increase latency or reduce generation fluency if over-applied. 
4.4	Calibration	Techniques	(e.g.,	Temperature	Scaling,	Confidence	Regularization)	Calibration techniques adjust the model’s output distribution to better reflect its confidence in generation, thereby reducing speculative or hallucinated completions. One common technique is temperature scaling, which adjusts the softmax temperature during decoding to control the diversity and randomness of generated outputs [56]. For SLMs, using lower temperatures typically results in more conservative and factually stable outputs, though sometimes at the cost of creativity or informativeness. Top-k or nucleus sampling (top-p) can further constrain the token space to probable completions, reducing hallucination risk. Another promising technique is confidence regularization during training, where the model is penalized for generating high-confidence outputs that are later found to be incorrect. These approaches aim to align confidence with correctness, allowing downstream components to use confidence scores as proxies for factual reliability [27]. For instance, calibrating confidence thresholds to trigger rejection or fallback queries can empower SLMs with error-aware control logic without altering the base architecture. 
4.5	Fine‐Tuning	with	Human	Feedback	Fine-tuning with human feedback represents a powerful technique for aligning SLM behavior with human expectations, especially for controlling hallucinations. The most widely studied method in this category is Reinforcement Learning from Human Feedback (RLHF), which trains the model not only to produce coherent responses, but also to prioritize outputs rated as helpful, harmless, and truthful by human annotators [57]. While RLHF has been predominantly applied to LLMs, its principles are transferable to SLMs with appropriate efficiency adaptations. Instead of full-scale reinforcement learning pipelines, SLMs can leverage simplified forms such as Direct Preference Optimization (DPO), which skips the reinforcement learning step and fine-tunes the model directly on preference pairs [58]. For hallucination prevention, the feedback signal focuses on factuality, coherence, and source fidelity. For example, annotators may rank responses based on factual correctness, 
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enabling the model to learn implicit representations of truthfulness. Once trained, the model internalizes these preferences and exhibits significantly lower hallucination rates, even under ambiguous or underspecified prompts. In low-resource settings where human annotation is limited, proxy signals such as automatic entailment scores or factual consistency metrics can be used to simulate feedback. This hybrid approach, though less precise than full human oversight, enables scalable alignment tuning of SLMs with factuality as a core training objective. However, RLHF and DPO are data-intensive and sensitive to annotation quality. Improper or biased preferences can lead to overfitting or suppression of valid alternative expressions. As such, they are most effective when paired with robust evaluation protocols and diverse human raters. 
5.	Performance	Enhancement	Techniques	Due to their constrained capacity, Small Language Models (SLMs) require tailored techniques to maximize their performance across diverse tasks. Unlike Large Language Models (LLMs), which benefit from sheer scale, SLMs must leverage parameter-efficient, resource-aware strategies to reach comparable utility. This section reviews five such methods, focusing on architecture optimization, training efficiency, and knowledge transfer. 
5.1	Quantization	and	Pruning	Quantization refers to the process of converting a model's weights and activations from high-precision (e.g., 32-bit floating point) to lower precision formats such as 8-bit, 4-bit, or even binary representations [15]. This reduces the model size and memory footprint, allowing for faster inference and deployment on edge devices without necessarily retraining the model from scratch. SLMs are particularly suited to quantization because their smaller architectures make quantization-aware training and fine-tuning more tractable. Empirical studies have shown that well-quantized SLMs can preserve over 95% of their original performance, even in dense generative tasks [59]. Pruning, on the other hand, involves removing redundant weights, attention heads, or entire layers based on importance scores. Methods such as magnitude pruning, structured pruning, and movement pruning can reduce the computational load and inference latency. For SLMs, pruning must be applied judiciously to avoid over-pruning, which can lead to severe degradation due to their limited redundancy [60]. Together, quantization and pruning serve as key enablers for real-time, low-power applications, including chatbots, mobile summarizers, and translation systems. 
5.2	Low‐Rank	Adaptation	and	Parameter‐Efficient	Fine‐Tuning	Low-Rank Adaptation (LoRA) is a fine-tuning technique that freezes the original model weights and injects small trainable matrices into specific layers [38]. This significantly reduces the number of trainable parameters—often by over 90%—while maintaining competitive performance across a wide range of tasks. LoRA is particularly impactful for SLMs because it allows for task-specific fine-tuning with minimal memory and compute cost, enabling a single base model to serve multiple use cases. For instance, fine-tuning a 100M parameter model with LoRA may only require adjusting a few million parameters, making it feasible even in low-resource or on-device settings. 
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Other parameter-efficient tuning (PET) methods include adapters, prefix-tuning, and (IA)3, each of which introduces small-scale modifications to model internals while preserving generalization [61–63]. These approaches not only improve modularity and task specialization, but also reduce the risk of catastrophic forgetting, making them ideal for multi-domain deployments [64]. PET techniques have been shown to outperform full fine-tuning in data-limited scenarios and exhibit strong transferability across domains, making them foundational to modern SLM pipelines [15, 19]. 
5.3	Knowledge	Distillation	from	LLMs	Knowledge distillation involves training a compact student model (e.g., an SLM) to imitate the behaviors, logits, or hidden representations of a larger, pretrained teacher model (e.g., an LLM). The goal is to transfer knowledge from high-capacity models into smaller, deployable ones [65]. In SLMs, distillation can take several forms: 
 Logit-based distillation, where the student learns to match the soft target distributions of the teacher. 
 Intermediate representation distillation, aligning hidden states or attention maps. 
 Response-based distillation, where the student mimics the outputs of the teacher in generative or classification tasks. Modern techniques such as TinyBERT and DistilBERT have shown that carefully distilled SLMs can achieve up to 97% of the teacher’s accuracy on GLUE benchmarks while being 40–60% faster [60, 66]. Distillation is especially useful when pretraining from scratch is infeasible, and when deploying models in latency-sensitive environments. However, distillation quality is highly dependent on teacher diversity, task alignment, and training signal richness. 
5.4	Mixture	of	Experts	(MoE)	for	SLMs	Although traditionally associated with LLMs, Mixture of Experts (MoE) architectures have recently been adapted for use in SLMs. MoE models consist of multiple expert subnetworks, with a gating mechanism that activates only a subset during inference, thereby increasing capacity without linearly increasing compute [67]. In the context of SLMs, sparse MoE architectures can be implemented by using small-scale expert modules specialized for tasks, domains, or languages. When only a few experts are active at each step, the effective model size grows, but the runtime cost remains constant. This enables SLMs to achieve LLM-level performance on specific subtasks while remaining efficient [68]. Some lightweight MoE models—such as Switch Transformers Lite—have demonstrated that even models with under 200M parameters can benefit from expert sparsity, especially in multitask learning and dialogue generation [68]. Key challenges remain in balancing expert usage and avoiding overfitting to particular experts, but the approach is promising for scalable SLM enhancement. 
5.5	Specialized	Training	Regimes	(Task‐specific	and	Domain‐adaptive)	Another impactful strategy for improving SLM performance is the use of specialized training regimes, tailored to either a specific task or a target domain. Since SLMs lack the overparameterization of LLMs, their ability to generalize broadly is constrained—making focused and deliberate training essential to maximize utility. 
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Task‐specific	fine‐tuning	SLMs can be fine-tuned on carefully curated task datasets (e.g., sentiment analysis, summarization, NER) using supervised learning. When the dataset is well-matched and of sufficient quality, even a low size model can approach or exceed LLM performance on narrow tasks [69]. Fine-tuning with task-specific loss functions, such as factuality-aware or span-based objectives, further optimizes model behavior toward the desired output format. 
Domain‐adaptive	pretraining	(DAPT)	In cases where the target domain differs significantly from general corpora (e.g., legal, medical, scientific text), Domain-Adaptive Pretraining helps by continuing pretraining on unlabeled in-domain data before fine-tuning. This enables the SLM to learn domain-specific vocabulary, syntax, and concepts that would otherwise be underrepresented in general training data [70]. DAPT is particularly effective for SLMs because it allows for efficient specialization without complete retraining. In biomedical applications, for example, BioBERT and SciBERT-style adaptations have produced significant gains using only modestly sized models [40, 71]. 
Multi‐task	and	Curriculum	Learning	Advanced regimes also include multi-task learning, where the model is trained simultaneously on related tasks (e.g., QA + summarization), and curriculum learning, where training progresses from simple to complex examples. These techniques help mitigate overfitting and promote better generalization—critical properties for underparameterized SLMs [72]. In all cases, the success of these regimes depends on the alignment between training data and deployment scenarios. SLMs are more brittle than LLMs under distribution shift, and thus require more careful data selection and evaluation. 

6.	Comparative	Analysis	This section synthesizes the techniques introduced in previous discussions by conducting a comparative analysis in terms of their effectiveness, computational efficiency, scalability, and applicability to real-world deployment of Small Language Models. Given the diversity of methods available, understanding which to use, when, and how to combine them is essential for researchers and engineers seeking to maximize both factual accuracy and functional performance under limited resources. Table 1 compares considered hallucination prevention and performance enhancement methods 
6.1	Resource	Requirements	vs.	Performance	Gains	The utility of a method often hinges on the performance gain it offers relative to its cost in resources—a central concern in SLM development. Techniques like LoRA, quantization, and instruction tuning strike a particularly favorable balance. LoRA enables up to 90% reduction in trainable parameters with minimal performance loss [38], while 8-bit quantization can reduce memory footprint by 4× with <2% degradation in accuracy [59]. By contrast, methods such as RLHF and RAG yield high returns in hallucination reduction but incur substantial compute and human annotation overheads. RLHF, for instance, requires thousands of preference-labeled instances and multiple optimization stages [57]. RAG’s dependence on real-time retrieval and memory access may disqualify it from edge-device deployments.  
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Table 1. Comparison of considered hallucination prevention and performance enhancement methods Method Category Advantages Disadvantages Typical Use CaseRetrieval-Augmented Generation (RAG) Hallucination Prevention Strong grounding; reduces factual errors; domain adaptable Requires external retriever and memory; slower inference QA, document summarization, open-domain tasks Instruction Tuning Hallucination Prevention Improves alignment and intent-following; reusable across tasks Needs curated datasets; sensitive to prompt phrasing Multi-task systems, APIs, general assistants Fact-checking/ Verification Hallucination Prevention Adds post-hoc quality control; modular Increases latency; may miss subtle hallucinations Critical domains (e.g., medical, legal) Calibration Techniques Hallucination Prevention Controls randomness; enhances output reliability Reduces diversity; requires tuning Controlled generation; high-stakes applications 
RLHF / DPO Hallucination Prevention Aligns outputs to human preferences; adaptable across models High annotation cost; risk of reward hacking Safety-critical dialogue, personal assistants Quantization & Pruning Performance Enhancement Reduces memory and compute; enables edge deployment Can degrade accuracy if aggressive Real-time applications, mobile devices LoRA / Parameter-Efficient Tuning Performance Enhancement Minimal resource use; enables fast adaptation Adds complexity to training pipeline Domain-specific or multi-task settings Knowledge Distillation Performance Enhancement Transfers LLM knowledge into compact models; scalable Dependent on teacher quality; less adaptable post-distillation Model compression, enterprise deployments Mixture of Experts (MoE) Performance Enhancement Expands capacity without linear compute growth Complex routing; hard to train and balance Specialized agents, multitask systems Domain-Adaptive & Task-Specific Tuning Performance Enhancement Highly effective in matched domains; easy to implement Narrow generalization; requires curated data Biomedical NLP, legal analysis, customer service   
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In low-resource or latency-sensitive environments, quantization, fact-checking with lightweight classifiers, and prompt engineering are often the only viable options. Meanwhile, infrastructure-rich settings (e.g., cloud services, research labs) can afford to implement more intensive techniques like RLHF or dynamic MoE routing for SLM orchestration. 
6.2	When	to	Use	What:	Use‐Case‐Driven	Combinations	Selecting and combining hallucination prevention and performance enhancement techniques depends heavily on the deployment context, available resources, and task criticality. While individual methods offer isolated benefits, their synergistic use often yields optimal performance. The following scenarios illustrate combinations of methods best suited for typical SLM applications: 
 Mobile or On-Device NLP Applications: For environments with severe compute and memory constraints, a combination of 8-bit quantization, structured pruning, and parameter-efficient fine-tuning (e.g., LoRA) allows for real-time inference with minimal loss in performance [15, 38]. Temperature tuning can be applied to suppress hallucinated content while preserving fluency. 
 Enterprise Question Answering Systems: Applications such as legal or technical support benefit from retrieval-augmented generation (RAG) combined with domain-adaptive pretraining [70] and instruction tuning [73]. For high-fidelity tasks, integrating post-hoc verification improves factual reliability, as shown in medical summarization and scientific QA contexts [53]. 
 Multi-Task Digital Assistants: Assistant models designed for varied conversational goals should employ LoRA or adapters for modular task specialization [64], augmented by multi-task instruction tuning and direct preference optimization (DPO) to reduce hallucination and align outputs with user expectations [58]. 
 Safety-Critical Applications (e.g., Healthcare, Finance): In these domains, hallucination poses legal and ethical risks. Here, low-temperature decoding, confidence regularization, and factuality-based filtering pipelines are essential. Fine-tuning with human-labeled preference datasets [57] further ensures output safety. 
 Content Creation and Education Tools: These applications may prioritize creativity and fluency but still require factual grounding. Distillation from high-performing LLMs and structured prompt engineering are effective here [14, 52, 66]. When available, RAG modules improve informativeness with minimal hallucination. Each of these combinations showcases the adaptability of SLMs when engineering constraints and task-specific needs are jointly considered. 
6.3	Scalability	and	Portability	Across	Platforms	and	Domains	The scalability and portability of hallucination prevention and performance enhancement methods vary significantly depending on their algorithmic structure and infrastructure dependency. 
 Highly Portable Methods: Techniques such as quantization, LoRA, and instruction tuning are architecturally non-invasive and computationally efficient, making them suitable for cross-platform deployment, including mobile, edge, and embedded devices [15, 38, 49]. Their lightweight implementation also facilitates deployment in environments with intermittent connectivity or offline constraints. 
 Limited Portability Techniques: Strategies like retrieval-augmented generation, reinforcement learning from human feedback (RLHF), and mixture-of-experts 
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(MoE) are resource-intensive and require supporting infrastructure (e.g., real-time retrieval databases, expert gating mechanisms, or human annotation loops). While effective in high-resource settings, they are challenging to scale to decentralized or embedded systems [57, 68]. 
 Cross-Domain Generalizability: Methods like instruction tuning, distillation, and multi-task fine-tuning have shown high generalizability across NLP benchmarks and languages [66, 74]. However, domain-adaptive pretraining remains critical for performance in specialized fields such as medicine or law, where general-domain pretraining is insufficient [70]. In summary, method selection should account for not only model size and accuracy, but also operational constraints such as target hardware, latency tolerance, and domain specificity. A modular, composable approach offers the best path toward scalable, efficient, and reliable SLM deployment. 

7.	Discussion	One of the most pressing challenges in optimizing Small Language Models (SLMs) is achieving compatibility among multiple performance and hallucination mitigation strategies. As shown in the prior sections, many techniques target different dimensions of model behavior—some modify the base architecture (e.g., pruning, LoRA), while others affect training procedures (e.g., instruction tuning, RLHF), and still others operate externally (e.g., fact-checkers, RAG modules). Successfully integrating these approaches requires attention to their interdependencies and interference potential. For example, deploying quantization alongside RAG may lead to mismatches between token embeddings and retrieval vectors unless carefully aligned [15]. Similarly, combining LoRA with RLHF necessitates tuning not only reward signals but also how and where LoRA adapters are applied—especially in transformer attention layers [38, 58]. There is also the question of interoperability across tools and pipelines. For instance, many fine-tuning and alignment strategies assume access to open-weight models and fine-grained control over layers. This poses a challenge when using proprietary or API-constrained SLMs, where only prompt-level tuning is possible. In such cases, prompt engineering and calibration become the only feasible levers, despite their lower ceiling on performance. Thus, the future of effective SLM deployment likely lies in modular, plug-and-play systems that allow for composable combinations of retrieval, tuning, and filtering techniques, each calibrated to the resource and risk profile of the application. 
7.1	Sustainability	and	Cost‐Efficiency	Considerations	While much of the focus in NLP research has been on maximizing performance, the rising emphasis on sustainability and cost-efficiency compels a re-evaluation of model design priorities. Large Language Models have been criticized for their carbon footprint, hardware demands, and data inefficiency [46]. In contrast, SLMs offer a promising alternative—but only if their enhancement techniques are themselves sustainable. Many of the most effective hallucination prevention and performance boosting methods—such as RLHF, RAG, or MoE—require significant training or infrastructure overhead, which can offset the lightweight benefits of the base model. A key direction for future work involves developing low-cost analogues of these methods that retain most of the 
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performance gains. For example, pseudo-labeling for alignment or factuality-aware pretraining might provide lightweight alternatives to human-in-the-loop approaches [21]. Moreover, SLM-centric design needs to shift toward lifecycle-aware modeling, where training, deployment, and continual learning are planned with compute budgets in mind. Techniques such as progressive freezing, dynamic fine-tuning, and on-device continual learning could allow for long-term use with minimal retraining [75]. 
7.2	Ethical	Considerations	and	Transparency	The deployment of SLMs—especially in high-stakes and consumer-facing contexts—raises important ethical questions, particularly around trust, transparency, and safety. Even though SLMs are less capable than LLMs, they can still produce hallucinated content that users mistake for truth, particularly due to their fluent style and confident tone [13]. This risk is magnified in applications involving children, vulnerable populations, or marginalized groups. One promising mitigation strategy is to embed factual confidence scores or disclaimers into model outputs—an approach shown to improve user calibration and reduce overreliance on model suggestions [27]. Moreover, transparency about model capabilities and limitations, including accuracy rates and hallucination tendencies, should be a standard component of model documentation [76]. From a governance perspective, organizations deploying SLMs should consider auditable logs of model decisions, especially when using post-generation filtering or human feedback integration. This is critical for ensuring accountability in regulated domains such as healthcare, finance, and education. Finally, the development of benchmark suites tailored for SLMs, particularly around factuality and task alignment, is needed. Current evaluation standards disproportionately favor LLMs and do not adequately reflect the real-world constraints or behaviors of smaller models. 
7.3	Future	Directions	in	SLM	Optimization	Several open research directions emerge from this review: 
 SLM-centric pretraining paradigms: Rather than distilling from LLMs or truncating larger architectures, future models could be trained from scratch using SLM-optimized curricula that prioritize factual grounding, compression efficiency, and domain relevance. 
 Neural-symbolic hybrids: Combining compact language models with symbolic reasoning engines or structured databases may offer improved reliability, especially in logic-heavy or tabular domains [77]. 
 Benchmarking under constraints: New evaluation datasets and leaderboards should be created that explicitly account for compute, memory, and latency limits, promoting fair and transparent comparisons of SLM capabilities. 
 Factuality-aware decoding strategies: Advances in controllable generation could empower SLMs to internally regulate hallucinations during output generation, obviating the need for post-processing in many contexts. Overall, the path forward involves rethinking NLP not only as a scale game, but as a systems optimization problem—balancing factuality, efficiency, and trust in constrained environments. 
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8.	Conclusion	This review has examined the hallucination prevention and performance enhancement techniques applicable to Small Language Models (SLMs), with an emphasis on their practical deployment in resource-constrained and real-world settings. In contrast to the dominant narrative centered on Large Language Models (LLMs), this paper highlights that SLMs—despite their limitations in capacity—can be made competent, trustworthy, and efficient through the careful application of modular and synergistic strategies. For hallucination mitigation, five major approaches were surveyed: retrieval-augmented generation (RAG), instruction tuning and prompt design, post-hoc fact-checking, calibration methods, and preference-based alignment such as RLHF or DPO. Each offers unique strengths and trade-offs. For performance enhancement, methods such as quantization, pruning, parameter-efficient tuning (e.g., LoRA), knowledge distillation, MoE architectures, and domain-adaptive training were reviewed. These strategies have demonstrated substantial gains in both efficiency and task performance, even in low-resource or real-time inference environments. In light of the comparative analysis no single method seems universally optimal. Rather, method selection should be driven by deployment requirements, such as latency, memory constraints, and domain specificity. Effective SLM pipelines often involve hybrid configurations, balancing accuracy with computational feasibility. Based on the findings, we offer the following recommendations for practitioners and researchers working with SLMs: 
 For On-Device Deployment: Prioritize quantization, pruning, and parameter-efficient fine-tuning to balance speed and accuracy. Use calibration techniques like temperature scaling to manage hallucination risk without incurring additional compute. 
 For Domain-Specific Applications: Apply domain-adaptive pretraining and instruction tuning. Where feasible, integrate lightweight retrieval modules or task-specific factuality filters. 
 For Critical Systems (e.g., medical, legal): Combine instruction tuning with output verification modules. Prefer conservative decoding strategies and, when possible, introduce RLHF or DPO to enforce user-aligned safety. 
 For Scalable Multi-Task Systems: Use LoRA with shared base models and task-specific adapters. Consider prompt standardization or instruction chaining to reduce hallucination and improve generalization. 
 For Model Development and Research: Invest in benchmarks and metrics tailored to SLMs—especially ones that emphasize factuality, robustness, and cost-performance balance. One of the important gaps in the current research landscape is the lack of standardized, publicly available benchmarks for evaluating SLMs on both factuality and efficiency metrics. Existing evaluation protocols tend to overfit the needs of LLMs, emphasizing scale-driven generalization and zero-shot capabilities. These metrics fail to capture the pragmatic trade-offs that dominate SLM usage—such as inference speed, memory use, and factual error rates in low-capacity regimes.  SLM-specific evaluation suites that incorporate the following may be beneficial for further advancement of the field: 
 Task coverage diversity, including both generative and discriminative benchmarks; 



Senel	and	Ozmen	/	Research	&	Design	2(1)	(2025)	45‐65	
 

61 

 Multi-domain factuality tests, ideally linked to human-annotated ground truths; 
 Efficiency-performance trade-off metrics, measuring energy consumption, latency, and model size against output quality; 
 Robustness to prompt variation and domain drift, assessing stability and hallucination under real-world noise. The development of such benchmarks may be regarded as important to advancing the responsible and effective deployment of SLMs in academic, commercial, and public-interest settings. 
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