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ABSTRACT

	Aims: Artificial intelligence (AI) is reshaping software development through automation, predictive analytics, and enhanced decision-making across the development lifecycle. However, AI adoption outcomes remain uneven and are influenced by a complex interplay of technological, organizational, and environmental factors. This study aims to systematically identify and synthesize the antecedents influencing AI adoption in software development using the Technology Organization Environment (TOE) framework.
Methodology:  A systematic literature review (SLR) was conducted following the PRISMA protocol. A total of 32 peer-reviewed journal articles published between 2015 and 2025 were selected and analyzed. The review applied thematic coding guided by the TOE framework to extract and categorize adoption-related factors into technological, organizational, and environmental dimensions.
Results: The analysis identified 92 distinct antecedents, comprising 31 technological, 34 organizational, and 27 environmental factors. Key technological determinants included relative advantage, compatibility, and security. Organizational factors such as top management support, organizational readiness, and human capital emerged as critical enablers. Environmental drivers, including competitive pressure, regulatory support, and ecosystem readiness, were less frequently examined. Contradictory findings were observed, particularly where security and compatibility functioned as both enablers and barriers depending on context.
Conclusion: The findings validate the TOE framework as an effective lens for analyzing AI adoption in software development. The study consolidates fragmented evidence, highlights contextual inconsistencies, and identifies underexplored environmental influences. The review provides theoretical insights for researchers and practical guidance for decision makers seeking to structure AI adoption strategies to enhance productivity in software development.
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1. INTRODUCTION

Artificial intelligence (AI) is a transformative force in software development, reshaping activities from requirements engineering to testing and maintenance. Studies show that AI-driven frameworks enhance scalability, performance, and productivity by automating repetitive tasks and enabling data-driven decision-making (Arshad et al., 2025; Sofian et al., 2022). Large language models (LLMs) have introduced new opportunities for coding assistance, debugging, and requirements analysis, though challenges persist regarding reliability, consistency, and interpretability(Ko and Kang, 2025; Li et al., 2024).

Systematic mappings highlight AI’s increasing presence in testing, fault prediction, and regression prioritization, with emerging applications in requirements analysis and conversational agents (Khan et al., 2024; Martinez-Garate et al., 2023). These applications demonstrate AI’s capacity to address productivity bottlenecks and quality assurance concerns. Empirical studies in SMEs, higher education, financial services, and the public sector further confirm momentum toward adoption and its strategic benefits (Bhardwaj et al., 2020; Badghish and Soomro, 2024; Xiang et al., 2023).

Adoption, however, remains uneven. Security and privacy concerns are major barriers in sensitive contexts such as HRM and higher education (Bhardwaj et al., 2020; Siradhana and Arora, 2024), yet function as enablers when safeguards and vendor assurances are trusted (Hsu and Lin, 2016). Complexity and compatibility also show inconsistent roles: compatibility typically supports integration (Gutierrez et al., 2015), but in retail SMEs it was negatively correlated with adoption as firms sought to move away from legacy systems (Lorente-Martínez et al., 2020). Leadership support is another mixed determinant. While top management advocacy is frequently highlighted as critical (Teh et al., 2024; Marei, 2023), in micro-enterprises leadership was less significant than individual-level factors like computer self-efficacy (Aligarh et al., 2023). These contradictions highlight the contextual variability of Technology–Organization–Environment (TOE) determinants across domains.

Generative AI compounds this complexity. Studies indicate that success requires not just technical capacity but also governance, training, and cultural readiness (Dilshan et al., 2024; Russo, 2024). Developers report barriers such as inadequate policies, insufficient training, and unclear financial responsibility, while supportive guidance and peer sharing act as enablers (Li et al., 2024). This reflects the challenge of aligning technological, organizational, and environmental conditions for sustainable adoption.	Comment by SEEMA MALIK: Repetition of citation, new researches can be explored 	Comment by SEEMA MALIK: 
Despite advances, scholarship remains fragmented. Prior reviews mapped AI techniques in software engineering (Sofian et al., 2022) and sectoral studies explored domain-specific adoption, but few integrate insights under a unified framework. Notably, limited work applies TOE to systematically compare drivers and barriers across contexts (Dwivedi et al., 2012; Awa et al., 2017). TOE remains a well-established integrative model in information systems, balancing internal and external influences (Dwivedi et al., 2012; Awa et al., 2017). Addressing this gap is crucial for understanding adoption contingencies.	Comment by SEEMA MALIK: Repetition of citation, new researches can be explored 

Accordingly, this study conducts a systematic literature review (SLR) of 33 papers published between 2015 and 2025, spanning empirical studies, conceptual frameworks, and mappings. Guided by TOE, it synthesizes technological, organizational, and environmental determinants of AI adoption in software development. Its contributions are threefold: consolidating adoption factors globally, identifying convergences and contradictions, and providing theoretical and practical insights. A systematic review ensures rigor and replicability, following established information systems protocols (Okoli and Schabram, 2012).

2. MATERIAL AND METHODS

2.1 Review Design

As per the recommendation of similar past studies (e.g. Chathuranga et al., 2023; De Silva et al., 2025; Dias et al., 2025; Dilhara et al., 2024; Fathima et al., 2024; Galappaththi et al., 2024; Hensman et al., 2024; Jayasinghe et al., 2023; Naseer et al., 2025; Ranasinghe et al., 2024; Wijesinghe et al., 2024), this study employs a Systematic Literature Review (SLR) to identify and categorize the antecedents influencing the adoption of AI in software development. A systematic approach was chosen over a narrative review to ensure rigor, replicability, and transparency in synthesizing evidence across multiple studies (Okoli and Schabram, 2012). The review followed the PRISMA protocol to ensure structured inclusion and exclusion, minimizing bias and maximizing coverage.

The review is guided by the Technology–Organization–Environment (TOE) framework (Dwivedi et al., 2012; Vithana et al., 2026), which has been widely applied in technology adoption research to examine how internal and external contexts jointly shape organizational decision-making (Awa et al., 2017). Through a multi-stage PRISMA process and thematic coding, fragmented findings were synthesized into a coherent evidence base that highlights key determinants and underexplored factors influencing AI adoption in software development.

2.2 SEARCH STRATEGY

A systematic search was conducted using Scopus, chosen for its comprehensive coverage of peer-reviewed literature in computer science and software engineering (Mongeon and Paul-Hus, 2016). The query combined keywords for the TOE framework and the software industry: (TITLE-ABS-KEY (toe OR technology–organization–environment)) AND (software AND industry) AND (LIMIT-TO(DOCTYPE,"ar")) AND (LIMIT-TO(EXACTKEYWORD,"Toe"))

The initial search retrieved 65,345 records. Filtering to journal articles reduced this to 51,190, and applying the “TOE” keyword narrowed it further to 9,743. Restricting to “software” and “industry” brought the results to 98. Applying a publication date filter (2015–2025) refined this to 85 studies. Final relevance screening through title, abstract, and full-text review produced 32 studies directly aligned with the review objectives.
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Fig. 1. Article screening process

2.3 Inclusion and Exclusion Criteria

To ensure methodological rigor, inclusion and exclusion criteria were systematically applied to guide the selection of studies, as summarized in Table 1.

Table 1. Inclusion and exclusion criteria
	Characteristic
	Inclusion Criteria
	Exclusion Criteria

	Type of Publication
	Peer-reviewed journal articles indexed in Scopus
	Non–peer-reviewed or non-Scopus sources

	Time period
	Published between 2015–2025
	Publications before 2015

	Language
	English
	Non-English publications

	Research Focus
	Explicit engagement with the TOE framework as a theoretical basis; focus on the software industry or directly relevant organizational technology adoption settings
	Studies mentioning TOE only superficially, without using it as a core framework; articles outside the software/IT domain.

	Content Type
	Empirical, conceptual, or theoretical papers that identify adoption factors
	Duplicate or overlapping studies already represented in the dataset




2.4 Data Extraction and Analysis

Data were extracted from the 32 selected studies using a standardized template, capturing bibliographic details, research context, methodology, and application of the TOE framework, along with identified technological, organizational, and environmental factors. The extracted antecedents were consolidated into frequency tables to assess their prominence and then organized within the three TOE dimensions.	Comment by SEEMA MALIK: Figure shows 33 articles are selected

To enhance clarity, factors were further synthesized into broader thematic categories, reducing fragmentation. This categorization enabled thematic analysis to interpret their collective influence on AI adoption in software development, highlighting the interplay of internal and external determinants.

2.5 Factor Coding and Thematic Synthesis

Following data extraction, an open coding process was applied to identify all adoption-related antecedents reported across the selected studies. This initial coding resulted in 92 distinct factors. To reduce redundancy and improve interpretability, axial coding was subsequently conducted to consolidate semantically overlapping factors. For example, closely related constructs such as data security, privacy risk, and compliance concerns were merged under broader thematic categories where conceptual similarity was evident.

The consolidated factors were then systematically mapped to the Technology, Organization, and Environment dimensions of the TOE framework. This mapping was guided by prior TOE-based taxonomies and adoption studies, ensuring conceptual alignment while preserving contextual nuance. The final categorization resulted in 31 technological, 34 organizational, and 27 environmental factors. Frequency counts were retained to indicate the relative prominence of each factor across studies, while thematic grouping enabled cross-contextual comparison and synthesis.

3. results and discussion

This review, based on 32 peer-reviewed studies identified through systematic screening, consolidated antecedents of AI adoption in software development under the TOE framework. In total, 92 distinct factors were extracted: 31 technological, 34 organizational, and 27 environmental. To reduce fragmentation, overlapping items were merged and synthesized into thematic categories.	Comment by SEEMA MALIK: Figure shows 33 studies are selected

3.1 Technological Factors

The technological dimension accounts for 31 factors grouped into eight thematic categories: Value & Performance, Compatibility & Integration, Usability & Complexity, Security & Risk, Technical Readiness & Assets, Trialability & Observability, Cost & Efficiency, and Scalability & Flexibility. Among these, relative advantage (13 studies) and security and privacy concerns (12 studies) were the most frequently cited determinants of adoption. Compatibility (10) and complexity (8) also emerged as strong predictors. Less frequently discussed were factors such as AI tool capability limits and licensing, though they highlight emerging concerns in practice.

Table 2. Technological factors
	Category
	Factors
	Frequency

	Value & Performance
	Relative Advantage
	13

	
	Performance/ quality
	6

	Compatibility & Integration
	Compatibility
	10

	
	Integration/ interoperability
	3

	Usability & Complexity
	Complexity
	8

	
	Ease of Use / Usability
	6

	
	UX/visualization/ergonomics
	5

	
	User motivation (habit/hedonic)
	2

	
	Expectancy/conditions (tech)
	3

	Security & Risk
	Security and privacy (risk)
	12

	
	Safety/compliance (tech)
	2

	Technical Readiness & Assets
	Tech readiness (infrastructure)
	7

	
	Human/skill readiness (tech)
	3

	
	Licensing/asset base
	1

	Trialability & Observability
	Trialability
	4

	
	Observability
	3

	Cost & Efficiency
	Cost / cost-effectiveness
	7

	Scalability & Flexibility
	Scalability/flexibility
	3

	Task/AI Capability Fit
	Task-technology fit
	2

	
	AI tool capability limits
	2



3.2 Organizational Factors

The organizational dimension yielded 34 factors, consolidated into nine categories: Leadership & Support, Readiness & Innovation, Human Capital & Training, IT Capability & Infrastructure, Financial Resources, Structure & Scale, Organizational Structure, Culture & Knowledge Sharing, and Policies & Governance. Top management support was the most frequently cited organizational determinant (16 studies), followed by organizational readiness (10) and human capital and training (8). Cultural and governance elements appeared less consistently but remain important contextual enablers.

Table 3. Organizational Factors
	Category
	Factors
	Frequency

	Leadership & Support
	Top Management Support
	16

	
	Leadership attitude
	3

	
	Leadership & knowledge
	2

	Organizational Readiness & Innovation
	Organizational Readiness
	10

	
	Innovation orientation
	1

	Human Capital & Training
	Human capital and training
	8

	
	HR readiness
	3

	IT Capability & Infra
	IT capability/infrastructure
	5

	Financial Resources
	Financial Resources
	6

	Structure & Scale
	Structure (size/project)
	8

	Organizational Structure
	Organizational Structure
	3

	Culture & Knowledge
	Organizational culture
	4

	
	Collaborative culture/knowledge
	4

	
	Knowledge diversity
	2

	Policies & Governance
	Policies & Governance
	4

	Change Management
	Change Management
	3

	Entrepreneurial Factors
	Entrepreneurial cognition
	2

	External Expertise
	External expertise/services
	2



3.3 Environmental Factors

The environmental dimension produced 27 factors, grouped into seven categories: Market & Industry Forces, Customer Factors, Ecosystem & Partners, Government & Regulation, Regulatory Uncertainty, Macro/National Readiness, Institutional Pressures, and External Support & Standards. Competitive and market pressures were the most frequently cited (13 studies), followed by government and regulatory support (7) and customer-related expectations (8). Institutional pressures such as mimetic, normative, and coercive influences appeared in fewer studies but underscore broader societal and institutional dynamics.

Table 4. Environmental Factors
	Category
	Factors
	Frequency

	Market & Industry Forces
	Market/competitive pressure
	13

	
	Industry/sector pressure
	5

	Customer Factors & Market Awareness
	Customer Factors
	8

	
	Market awareness/readiness
	2

	Ecosystem & Partners
	Ecosystem/partner pressure
	5

	
	Vendor/partner support
	4

	
	Industry bodies/associations
	2

	Government & Regulation
	Government/regulatory
	7

	
	Regulatory uncertainty
	3

	
	Macro/national readiness
	2

	Institutional Pressures
	Institutional/bandwagon
	3

	
	Institutional/coercive
	2

	
	Institutional/normative
	2

	
	Institutional/mimetic
	2

	External Support & Safety
		



External support
	4

	
	External training/support
	3

	
	Standards and safety
	3

	
	Technological environment
	2



3.4 DISCUSSION

3.4.1 Technological Factors Influencing AI Adoption in Software Development

Technological determinants are consistently central to adoption decisions. Relative advantage stands out as a strong predictor: Indonesian MSMEs showed significant positive effects of relative advantage on cloud adoption, which improved efficiency and sales (Aligarh et al., 2023). In the Malaysian FinTech sector, hybrid project management tools under Quality 4.0 reinforced adoption by demonstrating sustainable performance gains (Xiang et al., 2023). These cases confirm that adoption depends on visible, outcome-linked benefits.

Compatibility and integration are also influential. In the UK, cloud adoption decisions were shaped by compatibility with existing systems, while complexity acted as a barrier (Gutierrez et al., 2015). Yet, Spanish retail SMEs revealed a contrasting effect, where incompatibility with legacy systems encouraged adoption (Lorente-Martínez et al., 2020). Thus, compatibility is not universally positive but context-dependent, varying with incremental improvement versus radical transformation strategies.

Complexity and usability exhibit asymmetric roles. In Jordanian auditing firms, complexity of generalized audit software discouraged adoption despite favorable conditions (Marei, 2023). Conversely, in retail settings, “fun-to-use” features and enhanced service quality promoted adoption (Lorente-Martínez et al., 2020). Hence, in employee-facing or technical systems, complexity deters uptake, while in customer-facing tools, usability can offset challenges.

Security and privacy remain highly contextual. In Indian ITeS firms, HR data security concerns limited AI adoption (Siradhana and Arora, 2024). Indian universities adopting cloud-based e-learning likewise faced barriers unless government or vendor assurances reduced risk (Bhardwaj et al., 2020). By contrast, Taiwanese enterprises considered cloud a way to strengthen security, making it a positive adoption driver (Hsu and Lin, 2016). These divergences show that security can act as both barrier and enabler depending on trust, regulation, and data sensitivity.

Readiness and technical capacity are critical. Studies emphasize that strong IT infrastructure, competence, and skilled personnel broadened usage of internal audit analytics, leading to greater feature-level adoption and performance gains (Li et al., 2018). Conversely, insufficient training and weak readiness constrained augmented reality adoption in industrial settings (Masood and Egger, 2020).

Finally, trialability and observability reduce uncertainty. Conceptual models for cloud ERP in SMEs identified trialability as vital, enabling experimentation before full commitment (Razzaq et al., 2021). Blockchain adoption research in the DACH region showed observability of tangible results within ecosystems was essential for moving beyond pilots (Lustenberger et al., 2021). Similarly, for AI in software development, sandboxing and controlled pilots may play this role.

3.4.2 Organizational Factors Influencing AI Adoption in Software Development

Organizational dynamics are central in translating technical potential into actual adoption, with TOE taxonomies emphasizing readiness and leadership as critical mediators (Awa et al., 2017). Top management support (TMS) is one of the most widely cited drivers. In Malaysian SMEs, TMS mediated relationships between TOE factors and cloud adoption, where compatibility and cost-effectiveness only translated into adoption when reinforced by leadership commitment (Teh et al., 2024). Similarly, in Jordanian auditing firms, TMS significantly encouraged generalized audit software adoption, underscoring leadership advocacy for professional services (Marei, 2023). Yet findings are not uniform: in Indonesian MSMEs, TMS was statistically insignificant, with decision-making shaped more by individual-level factors such as computer self-efficacy and competitive pressure (Aligarh et al., 2023). These differences suggest leadership influence is stronger in structured SMEs but weaker in micro-enterprises, where owners directly control technology adoption.

Organizational readiness also plays a decisive role. In Jordanian SMEs, readiness defined by IT competence and resources positively predicted cloud adoption (Yaseen et al., 2023), while in audit firms readiness facilitated broader use (Marei, 2023). Conversely, in Indian higher education institutions, lack of internal competence compounded security concerns and slowed adoption (Bhardwaj et al., 2020). Thus, readiness reflects both resources and capacity-building, requiring investment in infrastructure and skills.

Human capital and training frequently emerge as enablers. In augmented reality adoption, inadequate training and work-organization adjustments constrained effectiveness despite favorable technology (Masood and Egger, 2020). In HRM, staff readiness and capability positively influenced AI adoption, reinforcing the need for sector-specific training (Siradhana and Arora, 2024). Without parallel investment in human capital, even advanced technologies risk underutilization.

Culture and knowledge sharing further shape adoption. A grounded theory study in software engineering linked resistance to the absence of clear guidelines and weak sharing culture, while structured guidance improved AI tool use (Li et al., 2024). In accounting, cultural inertia and skepticism slowed blockchain adoption despite its promise (Martins et al., 2016). These examples highlight that openness to experimentation and collaborative practices are as important as resources.

Governance mechanisms also matter. In Iraqi hospitals, organizational policies, such as CRM and social media guidelines, predicted social CRM adoption, whereas leadership knowledge was not significant (Jalal et al., 2021). This shows that formal governance structures can outweigh individual leadership traits. Firm size has mixed effects: larger UK firms were more likely to adopt cloud computing (Gutierrez et al., 2015), but in Jordan, size was weaker than managerial intent and cost factors (Gui et al., 2021).

Financial resources consistently influence adoption decisions. Spanish retail SMEs reported that perceptions of financial capacity shaped adoption alongside attitudes and innovativeness (Lorente-Martínez et al., 2020). Similarly, conceptual frameworks for cloud ERP adoption highlight financial readiness as critical for SME uptake (Razzaq et al., 2021). Limited access to capital remains a structural barrier, particularly in developing contexts.

Collectively, these findings demonstrate that organizational adoption depends on leadership, readiness, training, culture, governance, and resources, with outcomes highly contingent on firm size, structure, and sectoral context.

3.4.3 Environmental Factors Influencing AI Adoption in Software Development

The external environment strongly shapes organizational adoption of AI and related technologies, with competitive, customer, ecosystem, and regulatory forces exerting varying effects. Competitive and market pressures emerge as consistent drivers in some contexts. For instance, in Indonesian MSMEs, competitive pressure and bandwagon effects significantly predicted cloud adoption, as firms imitated peers to reduce uncertainty and maintain legitimacy (Aligarh et al., 2023). However, in Jordanian auditing firms, competitive pressure did not influence generalized audit software adoption, suggesting that rivalry is less relevant for niche or emerging technologies (Marei, 2023). This indicates that competition is more influential for commoditized or widely diffused technologies, while specialized tools depend on other determinants.

Customer expectations also play a decisive role. In Spanish retail SMEs, customer attitudes outweighed competitive and national readiness factors (Lorente-Martínez et al., 2020). Similarly, AI adoption in HRM was driven by demands for faster, more responsive talent acquisition, where vendor support amplified customer-driven pressures (Siradhana and Arora, 2024). These findings suggest that in customer-facing contexts, client expectations dominate adoption decisions, shifting the calculus from rival behavior to user satisfaction.

Ecosystem and partner support further enable adoption. Vendor assistance was a key enabler in HRM and higher education (Bhardwaj et al., 2020; Siradhana and Arora, 2024), offering not only technical integration but also risk mitigation. Blockchain studies in the DACH region introduced the concept of ecosystem readiness, where adoption depended on networks of regulators, partners, and stakeholders (Lustenberger et al., 2021). Likewise, cloud ERP frameworks highlighted that critical mass among peers and partners accelerates diffusion (Razzaq et al., 2021).

Government regulation and support function both positively and negatively. In India’s higher education sector, government backing mitigated institutional concerns and encouraged cloud adoption (Bhardwaj et al., 2020). Malaysian SMEs experienced stronger adoption intentions when regulatory compliance obligations were supported by top management (Eze et al., 2022). Conversely, blockchain adoption in accounting was hindered by regulatory uncertainty and fragmented standards, which suppressed investment (Martins et al., 2016). Thus, clear regulations stimulate adoption by reducing risk, whereas ambiguous frameworks deter uptake in trust-sensitive areas.

Institutional pressures including coercive, normative, and mimetic forces also reinforce environmental effects. SaaS diffusion studies demonstrated that institutional factors shaped both adoption intention and routinization, as firms pursued legitimacy within supply chains (Martins et al., 2016). Similarly, big data analytics in Malaysian manufacturing firms showed these pressures shaping adoption behaviors (Mukred et al., 2023).

Finally, external support and adherence to safety or professional standards influenced adoption. In industrial augmented reality, compliance with health and safety norms shaped implementation (Masood and Egger, 2020), while in audit analytics, professional standards guided application-level use (Li et al., 2018). Together, these findings illustrate that environmental influences extend beyond competition or regulation to include ecosystem readiness, institutional norms, and safety standards.

4. CONCLUSION

This study systematically reviewed 32 peer-reviewed articles on AI adoption in software development through the Technology–Organization–Environment (TOE) framework. It identified 92 antecedents, grouped into 31 technological, 34 organizational, and 27 environmental factors. Technological and organizational determinants dominated the literature, while environmental influences received comparatively less attention.

Key technological drivers included relative advantage, compatibility, and security, highlighting that adoption depends on clear performance gains, ease of integration, and risk management. Notably, security acted as both an enabler and a barrier, underscoring the need for contextual interpretation. Organizational factors such as top management support, readiness, human capital, and governance were critical in translating technological potential into adoption success, with leadership, resources, and workforce competence emerging as prerequisites. Environmental conditions, including competition, customer demands, vendor support, and regulation, also shaped adoption, though inconsistencies across contexts indicate this dimension requires deeper study.

The review reaffirms the TOE framework as a robust lens for analyzing AI adoption in software development. Practically, it provides decision makers with evidence to prioritize technological value and organizational readiness, while remaining aware of overlooked environmental influences. Limitations include reliance on secondary studies and frequency analysis, with future research needed to validate underexplored environmental drivers and cross-regional adoption dynamics.
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