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Abstract

This paper presents a literature-based synthesis of motivations for participating in biomedical ontology 

communities, viewed as metadata infrastructures. As generative AI transforms ontology curation into 

human-in-the-loop workflows, human engagement becomes essential for ensuring metadata quality. 

Using Self-Determination Theory and Activity Theory, it identifies four themes—intrinsic motivation, 

extrinsic motivation, community aspects, and human-AI collaboration—and analyzes their impact on 

autonomy, competence, and relatedness. Based on these themes, the study proposes practical implica

tions for provenance-enhanced verification, quality-based incentives, and collaborative environments 

to sustain metadata quality and ongoing contributions.
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1. Introduction

Ontologies are formal representations of concepts in a domain and their relation­

ships [1]. Given diverse data formats, ontologies help ensure interoperability by 

integrating heterogeneous data [2] and by ensuring information quality based on 

predefined rules [3]. In biomedical fields, ontologies serve as domain-specific metadata 

infrastructures for structuring knowledge [2]. For instance, biomedical ontology com­

munities, such as Observational Health Data Sciences and Informatics (OHDSI) [4], 

[5] and BioPortal [6], [7], have developed and integrated diverse ontologies to provide 

comprehensive knowledge.

Recently, generative AI (GenAI) tools, including Large Language Models (LLMs), have 

begun to assist with parts of ontology curation workflows [8], [9], [10], [11], [12]. 

However, while GenAI can automate initial extraction, humans still need to oversee and 

verify results to ensure accuracy and reliability [9]. Accordingly, biomedical ontology 

communities, such as Open Biomedical Ontologies (OBO) Foundry [13], continue to 

rely on voluntary contributions from biocurators and biomedical researchers to validate 

AI-generated content.

Given this continued reliance on human expertise [9], [14], [15], understanding 

what drives individuals to volunteer in these human-centered knowledge organizations 

is crucial. Prior work has either examined motivations in general online communi­

ties [16], [17], [18] and scientific platforms [7], [18], [19], [20] or focused on the 

technical development of biomedical ontologies [5], [6], [7]. This gap becomes even 

more critical as LLMs transform curation workflows, shifting human roles from manual 

creation to AI-assisted verification [9], [21]. While GenAI tools can automate infor­

Proceedings of DCMI 2026  | https://doi.org/10.23106/dcmi.952650833  | August 01, 2026 1

https://portal.issn.org/resource/ISSN/1939-1366
https://orcid.org/0009-0002-0125-7759
mailto:js25p@fsu.edu
mailto:js25p@fsu.edu
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.23106/dcmi.952650833


U
N

C
O

R
R

E
C

T
E
D

 

P
R

O
O

F

Motivations for Participating in Biomedical Ontology Communities within Human-AI Collaboration Seo, 2026

mation extraction, individuals’ psychological motivation remains critical for sustaining 

engagement in these communities and ensuring the quality of AI-generated content.

To address this gap, this study asks: What motivates individuals to participate in bio­

medical ontology communities in the GenAI era? Participants include curators (e.g., 

biocurators, clinical experts, and ontology developers) and users (e.g., biomedical re­

searchers, bioinformaticians, and data scientists), who engage with these communities 

for different purposes [7], [22], [23], [24]. For instance, curators focus on organizing 

and maintaining ontological content, while researchers primarily seek to discover and 

share new knowledge [24]. Recognizing this human-driven nature, this study examines 

how AI-mediated ontology curation impacts the motivational conditions necessary to 

sustain metadata quality.

2. Methodology

2.1. Theoretical Framework

To understand the motivations for volunteering in biomedical ontology communities, 

this study utilizes both Self-Determination Theory (SDT) and Activity Theory (AT).

2.1.1. Self-Determination Theory

SDT posits that human motivation is driven by three basic psychological needs—au­

tonomy, competence, and relatedness [25]. In biomedical ontology communities, SDT 

helps explain how curators and users experience volitional engagement (autonomy), 

expertise (competence), and a sense of belonging (relatedness) when building or using 

these metadata infrastructures. It also illuminates how intrinsic motivation, such as 

curiosity [15], [23] and altruism [17], [26], [27], coexist with extrinsic motivation, 

such as rewards [28], [29], [30], [31] and career development [17], [18]. Additionally, 

this can help understand how these motivations are maintained even when GenAI tools 

automate parts of ontology construction [9].

2.1.2. Activity Theory

AT is a sociotechnical framework that views human activity as a dynamically mediated 

process [32]. It provides a systematic way to understand how subjects (participants) 

interact with objects (the community’s goals) in the community (biomedical ontology 

communities). This interaction can be mediated by tools, such as GenAI, guided by 

established rules like community norms or policies, and structured through a division 

of labor among various experts [32]. According to AT, the GenAI tools could refigure 

the division of labor, shifting human work from manual metadata construction to 

supervising and validating AI-generated content [9].

Guided by this integrated framework, this study systematically reviews and analyzes 

the literature on human participation in these evolving communities.

Proceedings of DCMI 2026  | https://doi.org/10.23106/dcmi.952650833  | August 01, 2026 2

https://doi.org/10.23106/dcmi.952650833


U
N

C
O

R
R

E
C

T
E
D

 

P
R

O
O

F

Motivations for Participating in Biomedical Ontology Communities within Human-AI Collaboration Seo, 2026

Figure 1. A Synthesized Framework for AI-mediated Biomedical Ontology Communities.

2.2. Search Strategy

This literature review employed an iterative search strategy in Web of Science (WoS), 

Scopus, PubMed, and ACM Digital Library to identify peer-reviewed articles published 

between 2015 and 2026. The search terms were biomedical ontology, biocuration, moti

vation, community, and human-AI collaboration. This search was further supplemented 

by citation tracking. Studies on knowledge sharing and specific biomedical ontology 

communities, such as OHDSI, fell within the inclusion criteria; however, purely techni­

cal ontology engineering papers focusing on the development of individual biomedical 

ontologies were excluded during the title and abstract screening phase. Through this 

systematic screening process, 28 articles were finally selected for thematic content 

analysis. The detailed search strategy flow diagram is shown in Appendix A.

2.3. Data Analysis

Based on the theoretical framework, this study employed a hybrid approach to 

thematic content analysis, combining deductive and inductive coding to identify key 

themes. Specifically, SDT’s three needs—autonomy, competence, and relatedness—

captured individuals’ motivation, while AT guided the sociotechnical analysis of the 

community itself, GenAI tools, and shifting division of labor. Following this, themes were 

refined through an inductive approach: narrower subthemes—curiosity, enjoyment, 

and altruism—were grouped under the broader themes, such as Intrinsic Motivation. 

This iterative process ensured that both psychological and sociotechnical factors were 

systematically integrated.

3. Findings

As shown in Figure 1, the hybrid thematic analysis identified four major themes shaping 

participation in biomedical ontology communities: intrinsic motivation, extrinsic moti­

vation, community aspects, and human-AI collaboration.
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3.1. Intrinsic Motivation

Intrinsic motivation refers to engagement driven by inherent interest rather than 

external rewards [33]. Intrinsic motivation includes intellectual curiosity driven by 

information needs and satisfaction from sharing knowledge [15], [23], [27]. For 

instance, in the survey by [23], biocurators rated curiosity at 4.14 and enjoyment in 

solving complex problems at 4.39 (both on a 5-point scale). From an SDT perspective, 

curiosity reflects autonomy (self-directed exploration), and enjoyment of problem-solv­

ing reflects competence (experiencing expertise). Intrinsically motivated individuals 

demonstrate greater openness to diverse information sources and a willingness to 

explore conceptual connections, fostering creativity and flexible thinking [15].

Furthermore, altruism, which means the inherent desire to help others and contribute to 

the social good [26], serves as another powerful intrinsic driver. Driven by deeply held 

personal values, altruistic individuals are more likely to share tacit knowledge [27]. 

They also voluntarily contribute their expertise, effectively bridging individual intrinsic 

motivation with broader community engagement [17].

3.2. Extrinsic Motivation

Extrinsic motivation refers to doing activities to achieve separable outcomes, which 

differ from intrinsic motivation [33]. Extrinsic motivation encompasses both tangible 

rewards and social benefits, such as recognition and career development [30], [31]. For 

instance, micropublication systems effectively motivate participation through multiple 

incentives, such as citable publication credit, streamlined peer-review process, direct 

database integration, and professional recognition [30]. Similarly, transparent status 

systems motivate contributors through badges or rankings that publicly acknowledge 

their contributions [31].

However, excessive reliance on incentives can undermine autonomy [28]. When 

rewards are perceived as controlling, over-rewarding can shift individuals’ focus from 

voluntary participation to external pressure, threatening their sense of autonomy. For 

example, tying rewards to the quantity of actions can negatively affect attitudes toward 

knowledge sharing [28]. Consequently, extrinsic rewards play a crucial role in either 

supporting or undermining curators’ basic psychological needs.

3.3. Community Aspects

Community aspects focus on belonging and collaborative knowledge building. This 

theme draws on SDT’s relatedness and AT’s community component to explain how 

and why knowledge is collaboratively constructed. It includes fostering a sense of 

belonging [16], [17], [26], building social capital [26], [27], [29], and motivating 

collaboration and sustained engagement [7], [20], [34].

Interestingly, events like OHDSI’s "Study-a-thon" have successfully increased participa­

tion through structured, time-intensive collaborative formats [34]. These events help 

participants strengthen their social connections, fulfill their need for relatedness, 

and standardize the community’s tools and rules. Ultimately, these community-driven 
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interactions transform isolated or duplicated curation tasks into collective, shared 

achievements.

3.4. Human-AI Collaboration

Human-AI collaboration refers to the interaction and cooperation between individuals 

and AI to complete tasks efficiently [35]. GenAI presents both opportunities and chal­

lenges for biomedical ontology communities [8], [9], [11], [21], [36], [37]. On the one 

hand, these AI tools can rapidly extract concepts and suggest annotations, accelerating 

curation; on the other hand, LLMs have limitations, including hallucinations, deficient 

reasoning, and algorithmic bias [9], [11], [36], [37]. Thus, the role of human experts 

is shifting from creator to verifier [9].

While this shift enhances efficiency, it also challenges the traditional sense of compe­

tence. When human work is reduced to merely correcting AI errors, experts may 

feel that their intellectual contributions are diminished. This dynamic threatens their 

professional identity and intrinsic motivation, highlighting a critical tension between 

technological advancement and human psychological needs.

4. Discussion and Conclusion

This study shows that intrinsic and extrinsic motivations are crucial for sustaining 

engagement in biomedical ontology communities. While GenAI tools can improve 

efficiency, they risk constraining curators’ and users’ autonomy and reducing their 

sense of competence [38]. Therefore, sustaining volunteerism requires human-centered 

infrastructures that protect these psychological needs, which is fundamental to ensuring 

metadata quality.

To achieve this, community stakeholders should design workflows that support these 

motivational factors. First, communities should implement human-in-the-loop verifica­

tion systems in the curation process [21]. For instance, by indicating the provenance 

metadata [24] of AI or human contributions, curators can apply their expertise and 

maintain their professional identity. Second, incentive structures should emphasize 

the quality and impact of contributions rather than sheer volume [21], [30], [31]. 

Transparent status systems that showcase correction statistics or collaborative efforts 

can reinforce users’ competence without crowding out intrinsic motivation [31]. Third, 

establishing collaborative environments is essential to fulfill the psychological need for 

relatedness [39]. Infrastructures should provide shared spaces where users can share 

ontology curation tools and jointly discuss or verify AI-generated outputs [21]. Recog­

nizing these consensus-building efforts fosters mutual trust and sustains social capital 

within the community.

As an initial literature-based synthesis, this study has certain limitations. While the 

selected articles provided saturated qualitative insights, this synthesis may not capture 

the full diversity of ontology communities. Subsequent research should expand beyond 

successful cases like OHDSI and BioPortal to broader OntoPortal Alliance ecosystems, 

such as MedPortal, to capture more comprehensive motivational themes. Theoretically, 
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this study extends SDT and AT to AI-mediated ontology curation contexts. Building on 

this conceptual foundation, future work will employ empirical, mixed-methods studies 

with community members to examine how AI-mediated tools and incentive structures 

can best sustain human contributions in scientific communities.
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Appendix A. Search Strategy Flow Diagram

Figure A1. Search Strategy Flow Diagram.
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