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Small and medium-sized enterprises (SMEs) continue to struggle to translate sustainability 

goals into consistent performance outcomes due to fragmented processes, limited digital 

integration, and organizational constraints. Although digital technologies are increasingly 

promoted as enablers of sustainability, existing research provides a limited explanation of how 

enterprise resource planning (ERP) systems and artificial intelligence (AI) interact within SME 

transformation processes. This study develops a socio-technical model that explains the 

sequential and interdependent relationships among organizational readiness, ERP 

institutionalization, and AI-enabled adaptive capabilities in supporting SME sustainability. A 

systematic literature review (SLR) was conducted to synthesize evidence on sustainability 

barriers, ERP capabilities, AI capabilities, and socio-organizational conditions. These 

elements were integrated into a Technology Transformation Model based on ERP–AI 

capabilities and assessed through a structured expert-based evaluation. The findings indicate 

that ERP and AI contribute to sustainability through interdependent mechanisms: ERP 

functions as an integrative infrastructure that enables process coordination and data 

consistency, while AI builds upon these conditions to support predictive, optimization-driven, 

and adaptive decision-making. The results suggest that the effectiveness of digital technologies 

is conditional upon transformation sequencing and organizational readiness rather than 

inherent to technology adoption alone. This study offers a process-oriented framework to 

support sustainability planning, the sequencing of digital investments, and policy design for 

SME development. 
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1. INTRODUCTION

Small and medium-sized enterprises (SMEs) are a 

fundamental pillar of the global economy and play a critical 

role in advancing sustainable development. They constitute 

the majority of firms worldwide and contribute significantly to 

employment, productivity, and economic resilience, especially 

in emerging economies [1, 2]. Their size and systemic 

relevance make SMEs essential in meeting sustainability 

goals, including responsible production, environmental 

performance, and inclusive growth [3-5]. Despite their 

importance, SMEs face persistent challenges in translating 

sustainability goals into stable, measurable outcomes. 

A substantial body of literature indicates that sustainability 

challenges in SMEs are structural and multidimensional. 

Financial constraints, high implementation costs, and 

uncertainty about returns on sustainability investments limit 

the intensity of adoption [6-9]. Technological barriers, 

including low digital readiness, fragmented systems, and 

limited access to appropriate technologies, constrain process 

efficiency and environmental performance [10-13]. 

Organizational challenges, such as weak strategic alignment, 

informal structures, and limited process formalization, further 

reduce the scalability and consistency of sustainability 

initiatives [14-17]. In addition, knowledge-related limitations, 

including low sustainability literacy and weak learning 

capability, hinder effective decision-making and adaptive 

capacity [18-21]. Institutional factors, such as regulatory 

complexity, weak stakeholder support, and limited inter-

organizational collaboration, further constrain the integration 

of long-term sustainability [22-25]. These barriers interact 

cumulatively rather than independently, leading to persistent 

inefficiencies and inconsistent sustainability outcomes [16, 

25-27].

In response to these challenges, digital technologies have

increasingly been positioned as enablers of sustainability 

transformation in SMEs. Enterprise resource planning (ERP) 

systems provide capabilities related to process integration, 

data standardization, and operational control, enabling 

improved coordination, traceability, and resource 

management [28-30]. Artificial intelligence (AI), in contrast, 

offers advanced analytical capabilities, including pattern 
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recognition, prediction, optimization, and adaptive learning, 

supporting more proactive and data-driven decision-making 

[31-33]. Empirical studies suggest that these technologies can 

improve operational efficiency and sustainability performance 

when appropriately implemented [34, 35]. 

However, despite increasing digital adoption, SMEs 

continue to experience recurring implementation challenges. 

Advanced technologies such as AI are often introduced 

without sufficient organizational readiness or a reliable, 

integrated data infrastructure. Existing studies frequently 

examine ERP and AI as independent or parallel technological 

solutions, with ERP research focusing on integration and 

control, while AI studies emphasize analytics and automation 

[29, 35, 36]. This separation obscures a critical structural 

issue: AI applications depend on consistent, integrated data 

environments, which are typically established through ERP 

systems, while ERP systems alone are insufficient to support 

adaptive, learning-oriented decision-making. Consequently, 

current literature provides a limited explanation of how these 

technologies interact within a structured sustainability 

transformation process. 

More importantly, prior research often conceptualizes 

digital transformation as a discrete adoption event rather than 

a staged, conditional process [37, 38]. In practice, SMEs 

frequently adopt digital technologies in response to external 

pressures without sufficient alignment with organizational 

capabilities, leading to partial implementation, 

underutilization, and limited strategic impact. These patterns 

suggest that the effectiveness of digital technologies is not 

inherent to the technologies themselves, but depends on how 

they are sequenced and embedded within socio-organizational 

conditions. 

From a socio-technical systems (STS) perspective, 

organizational outcomes emerge from the interaction between 

social subsystems (such as leadership, defined as the process 

of influencing organizational direction; organizational 

capability, referring to the collective skills and processes that 

enable organizations to achieve their goals; and decision-

making structures, which are the systems that shape how 

organizational choices are made) and technical subsystems 

(such as digital infrastructures, defined as the technological 

backbone supporting digital activities, and analytical tools, 

which are software or systems supporting data analysis) [39-

41]. However, while this perspective provides a strong 

theoretical foundation, its application in SME sustainability 

research remains largely technology-neutral, offering a limited 

explanation of how specific technologies structure 

transformation processes or interact as distinct capability 

layers. 

This study addresses these limitations by developing a 

Technology Transformation Model. This model 

conceptualizes SME sustainability as a structured socio-

technical process. It is grounded in STS theory and 

operationalized through ERP and AI capability layers: socio-

organizational conditions serve as the enabling foundation, 

ERP provides an integrative infrastructure, and AI operates as 

an adaptive intelligence layer built on ERP-enabled data 

environments. 

The novelty of this study lies in its technology-specific and 

dependency-based transformation logic. Rather than 

introducing new constructs, this study redefines how existing 

constructs interact within the context of SME sustainability 

transformation. Specifically, ERP and AI are conceptualized 

as sequentially dependent layers rather than parallel 

technologies, where the effectiveness of AI depends on ERP-

enabled data integration, and ERP effectiveness depends on 

prior organizational readiness. This dependency-based and 

threshold-conditioned perspective provides a structured 

explanation for recurring digitalization challenges and uneven 

sustainability outcomes in SMEs. 

Methodologically, this study uses a systematic literature 

review (SLR) to synthesize evidence on sustainability barriers, 

ERP and AI capabilities, and socio-organizational conditions. 

Based on these findings, a structured expert assessment 

evaluates the conceptual coherence and practical plausibility 

of the proposed model. 

This study contributes to the literature in three ways. First, 

it advances STS research by introducing a transformation 

model that defines the interdependent roles of ERP and AI. 

Second, it extends SME digital transformation research by 

shifting from static adoption perspectives to a process-based 

understanding. Finally, it offers actionable insights for 

policymakers and practitioners by providing a logic for 

sequencing digital investments and aligning capabilities to 

support sustainability. 

2. LITERATURE REVIEW

2.1 The nature of sustainability in SMEs 

Sustainability in SMEs varies widely in practice and 

outcomes. This variation reflects SMEs’ limited capacity to 

integrate environmental, social, and economic objectives into 

core operations [25, 42]. In contrast to large organizations, 

which may have greater resources, SMEs often face resource 

constraints, informal structures, and fragmented processes, 

thereby limiting their ability to translate sustainability 

initiatives into lasting performance improvements [43, 44]. As 

a result, sustainability in SMEs is not a stable organizational 

capability but an emergent outcome shaped by internal 

conditions, operational practices, and context [45, 46]. Taken 

together, this view shifts the focus from isolated factors to the 

structural conditions that shape how sustainability is enacted 

within the organization. 

2.2 Socio-technical systems as an interaction mechanism 

The STS perspective explains organizational performance 

as the result of dynamic interactions between social and 

technical subsystems. It contrasts this with the effect of 

individual components [39, 47]. The social subsystem 

includes organizational readiness, capabilities, leadership, and 

decision-making structures. The technical subsystem 

comprises technologies, data systems, and operational 

processes [41]. Organizational effectiveness emerges from its 

alignment. Misalignment leads to inefficiencies, 

underutilization of technologies, and fragmented processes 

[40]. For SMEs, this perspective is relevant. Digital 

transformation initiatives often fail to deliver expected 

outcomes when technological adoption is not supported by 

organizational conditions and capabilities [48]. 

2.3 Conceptual positioning toward a dependency-based 

model 

Building on the socio-technical perspective, sustainability 

transformation in SMEs can be conceptualized as a structured 
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and interdependent process rather than a set of isolated 

interventions. Organizational readiness functions as a 

foundational condition that determines the effectiveness of 

technological systems, while enterprise systems provide the 

integration layer required for process coordination and data 

consistency [49]. AI extends this capability by enabling data-

driven decision-making, which directly influences 

sustainability outcomes [50]. This sequential and dependency-

based logic suggests that sustainability performance depends 

on the interaction and ordering of organizational and 

technological elements, rather than on their independent 

adoption. This conceptualization provides the basis for 

developing a model that explains both successful and 

unsuccessful conditions for transformation in SME 

sustainability [25, 45]. 

To operationalise this conceptual positioning, this study 

adopts an SLR to identify and integrate evidence across 

sustainability barriers, ERP capabilities, and AI capabilities, 

forming the basis for the development of a process-based 

transformation model. 

3. METHODOLOGY

3.1 Research design 

This study adopts an SLR to develop an integrative 

understanding of sustainability transformation in SMEs. The 

review is designed to identify, synthesise, and integrate three 

interrelated domains: (1) sustainability barriers in SMEs, (2) 

ERP capabilities in SME sustainability, and (3) AI capabilities 

in SME sustainability. 

The SLR follows PRISMA principles to ensure 

transparency, replicability, and methodological rigor. Unlike 

traditional single-theme reviews, this study employs a multi-

theme integrative approach to construct a process-based 

explanation of how SMEs transition from sustainability 

barriers to digitally enabled sustainability outcomes. 

Figure 1. PRISMA flow diagram 

3.2 Data source and retrieval procedure 

The primary data source was the Scopus database, selected 

for its comprehensive coverage of peer-reviewed literature in 

sustainability, information systems, and operations 

management. Search and retrieval were conducted using 

Publish or Perish, which facilitated: 

(1) structured query execution,

(2) metadata extraction,

(3) and dataset management.

The search was limited to publications between 2020 and 

2026, reflecting the most recent developments in ERP and AI 

adoption in SMEs. 

3.3 Search strategy and query formulation 

The search was conducted in January 2026 using three 

separate queries applied to TITLE-ABS-KEY fields in Scopus. 

Theme 1: Sustainability Barriers in SMEs 

(("sustainability barrier*" OR "barrier* to sustainability" 

OR "sustainability challenge*" OR "constraint* to 

sustainability" OR "obstacle* to sustainable practice*") AND 

("SME" OR "SMEs" OR "small and medium enterprise*" OR 

"small business*" OR "medium enterprise*") AND 

("sustainability" OR "sustainable development" OR 

"environmental performance" OR "social performance" OR 

"economic sustainability")) 

Theme 2: ERP and SME Sustainability 

(("enterprise resource planning" OR ERP OR "ERP 

system*" OR "ERP implementation") AND ("small and 

medium enterprise*" OR SMEs OR "small business*") AND 

("sustainability" OR "sustainable development" OR 

"environmental performance" OR "social performance" OR 

"economic sustainability" OR ESG)) 

Theme 3: AI and SME Sustainability 

(("artificial intelligence" OR AI OR "machine learning" OR 

"deep learning" OR "data analytics") AND ("small and 

medium enterprise*" OR SMEs OR "small business*") AND 

("sustainability" OR "sustainable development" OR 

"environmental performance" OR "social performance" OR 

"economic sustainability" OR ESG)) 

All queries were filtered using: 

(1) Publication year: 2020–2026

(2) Language: English

(3) Document type: articles and conference papers

The initial search yielded: 

(1) 200 records (Theme 1)

(2) 54 records (Theme 2)

(3) 200 records (Theme 3)

Total initial dataset: 454 records. 

3.4 De-duplication and data cleaning 

All records were exported and merged into a single dataset. 

Duplicate removal was conducted using: 

(1) DOI matching,

(2) title similarity,

(3) author and year verification.

After de-duplication, the dataset was reduced to 

approximately 410 unique records. 

3.5 Screening and selection process 

A three-stage screening procedure was applied: 
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Stage 1: Title Screening 

Articles were excluded if they: 

(1) did not involve SMEs,

(2) lacked sustainability context,

(3) or were purely technical.

Stage 2: Abstract Screening 

Articles were excluded if they: 

(1) focused only on large enterprises,

(2) lacked organisational relevance,

(3) or did not relate to ERP, AI, or sustainability

barriers.

Stage 3: Full-text Screening 

Full-text evaluation ensured: 

(1) conceptual relevance,

(2) analytical depth,

(3) and explicit linkage to sustainability outcomes.

3.6 Inclusion and exclusion criteria 

Inclusion Criteria 

(1) Peer-reviewed Scopus-indexed publications

(2) Explicit SME relevance

(3) Coverage of at least one thematic domain

(4) Linkage to sustainability outcomes.

Exclusion Criteria 

(1) Non-English publications

(2) Editorials and non-academic documents

(3) Studies focusing only on large firms

(4) Purely technical studies without organisational

context.

3.7 Core article selection criteria 

A final filtering stage was conducted to identify the core 

analytical dataset (52 articles) based on: 

(1) Conceptual Relevance: Articles must explicitly

address:

• sustainability barriers,

• ERP capabilities,

• AI capabilities in sustainability context.

(2) SME Focus: Priority was given to SME-specific

studies or those transferable to SMEs.

(3) Mechanism-Oriented Contribution: Only studies

explaining:

• why barriers occur,

• how ERP/AI operate,

• how outcomes emerge were retained.

(4) Analytical Depth: Studies must provide

empirical or strong conceptual contributions.

(5) Non-Redundancy: Redundant studies were

removed to maintain parsimony.

(6) Integration Potential: Articles contributing to

cross-theme integration were prioritised.

3.8 Final dataset composition 

Table 1. Systematic literature review (SLR) final dataset 

Theme Initial Final Core 

Barriers 200 20 

ERP 54 12 

AI 200 20 

Total 454 52 

These 52 articles constitute the final analytical corpus 

(Table 1). 

3.9 Data extraction and coding 

A structured coding framework was applied across all 

selected articles. Each study was coded into: 

(1) Sustainability barriers

(2) ERP capabilities

(3) AI capabilities

(4) Organisational conditions

(5) Sustainability outcomes

Coding was conducted iteratively using constant 

comparison to ensure consistency and conceptual clarity. 

3.10 Reliability and validation 

To enhance robustness: 

(1) coding was iteratively refined,

(2) discrepancies were resolved through analytical

discussion,

(3) categories were stabilised through repeated

comparison until saturation.

3.11 Analytical synthesis approach 

The synthesis followed a three-step approach: 

(1) Within-theme synthesis

• Barrier classification

• ERP capability identification

• AI capability mapping

(2) Cross-theme integration: Linking organisational

barriers, ERP systems, and AI capabilities

(3) Model development

• Constructing a process-based transformation 

framework

• Explaining how SMEs transition from barriers to

sustainability outcomes

3.12 Transparency and replicability 

To ensure transparency: 

(1) full search strings are provided,

(2) selection criteria are explicitly defined,

(3) dataset composition is clearly reported,

(4) and a PRISMA flow diagram (Figure 1)

illustrates the selection process.

3.13 Expert-based conceptual assessment 

To strengthen the conceptual robustness and practical 

relevance of the proposed Technology Transformation Model, 

an expert-based conceptual assessment was conducted 

following the SLR. This step aimed to evaluate the conceptual 

clarity, internal logical coherence, and practical plausibility of 

the model, particularly in representing the interdependent roles 

of socio-organisational conditions, ERP as an integrative 

infrastructure, and AI as an adaptive intelligence layer in SME 

sustainability transformation. This assessment serves as a 

structured conceptual appraisal rather than empirical 

validation, providing expert-informed support for the model’s 

integrity and applicability. 
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3.13.1 Expert panel composition 

The expert panel consisted of 10 experts selected using 

purposive sampling to ensure balanced representation across 

the socio-technical spectrum of SME sustainability. The panel 

included: 

(1) 3 academic experts in sustainability, STS, and

information systems,

(2) 4 SME practitioners with direct experience in

ERP and/or AI-enabled operations,

(3) 3 policy and institutional experts involved in

SME development and digital transformation

programs.

All experts had at least five years of relevant professional 

experience and demonstrated familiarity with sustainability-

oriented digital transformation in SMEs. 

3.13.2 Assessment procedure 

The assessment employed a single-round structured 

evaluation, appropriate for theory-driven conceptual model 

appraisal. Experts were provided with: 

(1) A visual representation of the proposed STS–

ERP–AI model,

(2) A concise explanation of each subsystem and

interrelationship,

(3) An evaluation instrument using a five-point

Likert scale ranging from 1 (strongly disagree)

to 5 (strongly agree).

Experts were asked to evaluate the model based on 7 criteria: 

(1) Does the proposed model appropriately place

socio–organisational readiness as the primary

foundation for SME sustainability

transformation?

(2) Is the conceptual role of ERP as an integrative

infrastructure for process alignment, data

consistency, and operational control clearly and

logically defined in the model?

(3) Is AI correctly positioned as an adaptive and

analytical layer that builds upon ERP-enabled

data structures rather than as a standalone

technology?

(4) Does the proposed transformation sequence

from socio–organisational foundations to ERP

adoption and subsequently to AI integration

reflect a coherent and theoretically sound logic?

(5) Do the interactions and feedback loops between

social and technical subsystems adequately

represent core STS principles?

(6) Is the inclusion of external stakeholders and

institutional support actors as contextual

enablers conceptually relevant for SME

sustainability transformation?

(7) Does the model clearly link ERP–AI-enabled

transformation to SME sustainability outcomes

aligned with the Sustainable Development Goals

(SDGs 8, 9, 12, and 13)?

The model was assessed using median and interquartile 

range (IQR) statistics. A model component was considered 

validated when: 

(1) the median score was ≥ 4.0, and

(2) The IQR was ≤ 1.0, an acceptable consensus.

Qualitative comments from experts were used to refine 

terminology, clarify feedback loops, and improve the 

articulation of socio-organisational and technical interactions 

without altering the model's core structure. 

4. RESULTS

4.1 Sustainability barriers in small and medium-sized 

enterprises 

The barriers presented in Table 2 indicate that sustainability 

challenges in SMEs are not isolated constraints but structurally 

interconnected limitations spanning financial, technological, 

organisational, knowledge, and institutional dimensions. 

Rather than operating independently, these barriers form a 

reinforcing system in which weaknesses in one domain 

amplify constraints in others. For example, limited financial 

capacity restricts technology adoption, while low digital 

readiness reduces the effectiveness of organisational and 

managerial improvements. This interconnected structure 

explains why sustainability initiatives in SMEs often fail to 

achieve consistent outcomes despite targeted interventions. 

Importantly, the presence of cross-cutting systemic barriers 

suggests that sustainability transformation cannot be 

addressed through single-dimensional solutions. Instead, it 

requires coordinated changes across organisational readiness, 

technological capability, and institutional support. This 

systemic perspective provides a critical foundation for 

understanding why fragmented or technology-first approaches 

frequently result in partial or unsustainable outcomes, thereby 

reinforcing the need for an integrated socio-technical 

transformation framework. 

Table 2. Sustainability barriers in small and medium-sized 

enterprises (SMEs) 

Barrier 

Category 
Core Issues 

Sustainability 

Consequence 
Refs. 

Financial 

Capital 

constraints, high 

investment cost, 

uncertain returns 

Delayed and 

low-intensity 

sustainability 

adoption 

[6-9] 

Technological 

Low digital 

readiness, 

fragmented 

systems, limited 

technology access 

Inefficient 

resource use 

and weak 

environmental 

performance 

[10-13] 

Organisational 

Weak structure, 

poor alignment, 

low process 

formalisation 

Inconsistent 

and non-

scalable 

implementation 

[14-17] 

Knowledge-

based 

Low literacy, 

limited 

managerial 

capability, weak 

learning systems 

Poor decision 

quality and low 

adaptability 

[18-21] 

Institutional 

Regulatory 

complexity, weak 

stakeholder and 

network support 

Slow adoption 

and weak 

institutionalisat

ion 

[22-25] 

Systemic 

(Cross-

cutting) 

Interdependent 

barriers across 

organisational and 

technological 

domains 

Persistent 

inefficiency 

and low 

sustainability 

integration 

[7, 10, 

11, 15, 

16, 18, 

21, 25] 

4.2 ERP-related capabilities 

Table 3 highlights that ERP capabilities function as a 

structural foundation that reorganises how processes, data, and 

operational control are managed within SMEs. Their 

contribution to sustainability emerges from the system-wide 
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integration and standardisation of activities rather than from 

isolated functionalities. Importantly, the effectiveness of ERP 

is conditional, as its benefits depend on the extent to which the 

system is properly adopted, configured, and embedded into 

organisational routines. This perspective indicates that ERP 

primarily acts as an enabling infrastructure that stabilises 

operations and supports consistent information flows. 

However, it does not directly generate adaptive or predictive 

capabilities. Instead, its role lies in creating the necessary 

conditions for more advanced, data-driven functions. This 

reinforces the view that ERP should be understood as a 

foundational layer in sustainability transformation, upon 

which higher-level analytical and decision-making 

capabilities can subsequently develop. 

 

4.3 AI-related capabilities 

 

Table 4 shows that AI capabilities extend beyond 

operational efficiency by enabling predictive, adaptive, and 

data-driven decision processes within SMEs. Unlike ERP, 

which primarily stabilises and integrates organisational 

processes, AI introduces dynamic capabilities that allow firms 

to anticipate changes, optimise resource use, and continuously 

refine sustainability strategies. This distinction highlights the 

complementary but fundamentally different roles of ERP and 

AI within sustainability transformation. 

However, the table also indicates that the effectiveness of 

AI is conditional and context-dependent. Its contribution relies 

heavily on the availability of structured, high-quality data and 

sufficient organisational readiness. Without these 

prerequisites, AI remains underutilised or fails to deliver 

meaningful sustainability impact. This reinforces the 

interpretation of AI as an advanced capability layer that builds 

upon prior digital and organisational foundations rather than 

functioning as an independent driver of sustainability. 

 

 

Table 3. ERP-related capabilities 

 
ERP Capability Function Implication Refs. 

Process Integration 
Integrates fragmented functions into a unified 

system 

Improved visibility and coordination of 

resource flows 
[51-53] 

Data Standardisation Standardises data structures and transactions Reliable reporting and traceability [28, 29, 35] 

Operational Control Enables monitoring and coordination of operations Reduced inefficiency and waste [34, 54, 55] 

Adoption Readiness Depends on organisational and user readiness Limited impact if poorly adopted [52, 56, 57] 

Infrastructure Flexibility Provides scalable and flexible ERP architecture Supports digital upgrading in SMEs [34, 35] 

Sustainability 

Configuration 
Aligns ERP with sustainability objectives 

Direct support for sustainable 

operations 
[29, 51] 

Institutionalisation Embeds ERP into organisational routines Enables long-term sustainability impact [53, 54] 

 

Table 4. AI-related capabilities 

 
AI Capability Function Implication References 

Analytics and Pattern 

Recognition 

Identifies patterns and inefficiencies in 

operational data 

Improved resource efficiency and risk 

identification 
[31-33, 58] 

Prediction and Forecasting 
Supports forward-looking and anticipatory 

decisions 
Reduced waste and improved planning [38, 59-61] 

Optimization and Decision 

Support 

Enhances decision quality and operational 

optimisation 
More efficient use of materials and energy [33, 36, 62] 

Adaptive Learning Capability Learns from data and improves over time Continuous performance improvement [63-65] 

Circular Economy Enablement 
Supports closed-loop and resource 

recovery processes 

Reduced material waste and improved 

circularity 
[62, 64, 66] 

Business Model Support 
Enables sustainability-oriented value 

creation 
Enhanced long-term competitiveness [36, 67, 68] 

Adoption and Readiness 

Conditions 

Depends on data quality and 

organisational readiness 
Limited impact under low digital maturity [37, 38, 69] 

Conceptual AI–Sustainability 

Framing 

Provides theoretical basis for AI in 

sustainability 

Strengthens linkage between AI and 

sustainability outcomes 
[58, 63, 65] 

 

4.4 Technology transformation model: Socio-technical 

structure and component roles 

 

Table 5 presents the structural configuration of the 

Technology Transformation Model, highlighting how 

sustainability outcomes emerge from the interaction of distinct 

yet interdependent subsystems. The model is organised as a 

layered transformation process, where socio-organisational 

conditions act as the enabling foundation, ERP establishes the 

structural and informational infrastructure, and AI introduces 

adaptive and predictive capabilities. External enablers 

function as contextual accelerators rather than primary drivers, 

supporting the transformation process through resources and 

institutional reinforcement. 

This configuration emphasises that sustainability outcomes 

are not directly generated by technology alone, but arise from 

the sequential and interdependent activation of these 

subsystems. The model, therefore, captures a technology-

structured transformation logic, in which each layer performs 

a distinct role while simultaneously enabling the effectiveness 

of subsequent layers. This perspective provides a coherent 

explanation of how digital technologies contribute to 

sustainability in SMEs beyond isolated or parallel adoption 

approaches. The synthesis of sustainability barriers, ERP 

capabilities, and AI capabilities provides the structural basis 

for constructing the Technology Transformation Model. 

 

4.5 Technology transformation model based on ERP–AI 

capabilities for small and medium-sized enterprises 

 

Figure 2 presents the Technology Transformation Model, 

which conceptualises SME sustainability as a structured 
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transformation process emerging from the interaction of socio- organisational and technological subsystems. 

Table 5. Technology transformation model structure 

Subsystem Components Role Refs. 

Social–Organisational 
Leadership, skills, readiness, sustainability 

orientation 

Foundational condition enabling or constraining 

technology utilisation 

[15, 16, 37, 

38] 

Technical Foundation 

(ERP) 

Process integration, data standardisation, 

operational control 

Provides structured infrastructure and data 

consistency 

[29, 51, 52, 

54] 

Advanced Adaptive 

System (AI) 

Analytics, prediction, optimisation, 

learning capability 
Enables adaptive and data-driven decision-making 

[31, 33, 36, 

62] 

External Enablers 
Government, institutions, finance, 

ecosystem support 

Supports and accelerates transformation through 

resources and legitimacy 
[8, 24, 25] 

Sustainability Outcomes 
Economic, environmental, and social 

performance 

Represents the outcome of the transformation 

process 

[28, 61, 

63] 

Figure 2. Technology transformation model: A socio-technical systems (STS) perspective on ERP–AI-enabled small and 

medium-sized enterprises (SMEs) sustainability 

The model is organised into three primary layers. The socio-

organisational subsystem acts as the enabling condition, 

shaping organisational readiness, leadership commitment, and 

capability development required for digital adoption. Building 

on this foundation, ERP functions as an integrative 

infrastructure that connects business processes, standardises 

data, and establishes operational control, thereby creating 

stable and traceable systems. AI subsequently operates as an 

adaptive intelligence layer that leverages ERP-enabled data to 

generate predictive insights, optimise resource allocation, and 

support dynamic decision-making. 

The model emphasises that sustainability outcomes do not 

arise from isolated technology adoption, but from the 

sequential activation of interdependent capabilities. ERP 

provides the structural and informational prerequisites 

necessary for AI utilisation, while AI extends these 

capabilities into adaptive and forward-looking sustainability 

management. This configuration implies that the effectiveness 

of digital technologies is conditional upon the proper 

sequencing of transformation stages, where misalignment 

between organisational readiness, ERP implementation, and 

AI utilisation may limit the realisation of sustainability 

outcomes. 

In addition, the model incorporates reinforcing feedback 

loops, including learning, performance, and legitimacy 

dynamics, which facilitate continuous capability development 

and institutionalisation over time. External enablers such as 

government, financial institutions, and technology providers 

function as contextual accelerators that support resource 

access and policy alignment, without acting as primary drivers 

of transformation. Overall, the model captures a technology-

structured transformation logic in which sustainability 

performance emerges from coordinated socio-technical 

interactions rather than standalone interventions. 

4.6 Model assessment results 

The expert-based assessment indicates a high level of 

agreement regarding the conceptual clarity, internal coherence, 

and practical relevance of the proposed Technology 

Transformation Model. All evaluation criteria achieved 

median scores of at least 4.0, with IQR values not exceeding 

1.0, suggesting a consistent level of expert consensus across 

domains (Table 6). The results provide conceptual support for 

the model’s structural logic, particularly the positioning of 

socio-organisational conditions as the enabling foundation, the 

role of ERP as an integrative infrastructure, and the function 

of AI as an adaptive analytical layer. Experts consistently 

recognised the sequential and interdependent nature of these 

components, indicating that the transformation pathway is 

perceived as theoretically sound and practically meaningful. 
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Table 6. Model assessment results 

Feedback 

Loop 

Focus of 

Validation 
Median IQR Result 

Organisational 

readiness – 

technology 

adoption 

Social readiness 

as a 

transformation 

foundation 

5.00 1.00 Valid 

ERP 

institutionalisa

tion 

ERP as 

integrative 

infrastructure 

4.00 1.00 Valid 

Data 

enablement 

ERP-enabled 

data for AI use 
5.00 0.05 Valid 

Adaptive 

intelligence 

AI-driven 

prediction and 

learning 

4.00 1.00 Valid 

Socio-

technical 

learning 

Social–technical 

interaction 

loops 

4.00 1.00 Valid 

Institutional 

support 

External 

stakeholder 

enabling role 

4.00 1.00 Valid 

Performance 

reinforcement 

Sustainability 

outcomes linked 

to SDGs 

5.00 0.05 Valid 

Furthermore, the inclusion of feedback mechanisms related 

to learning, capability accumulation, institutional 

reinforcement, and performance improvement was assessed as 

consistent with STS principles. These dynamics reinforce the 

interpretation of the model as a process-oriented 

representation of transformation rather than a static 

configuration of factors. Qualitative feedback was used to 

refine terminology and clarify the articulation of relationships 

and feedback loops, without altering the underlying 

transformation logic. Overall, the findings suggest that the 

model offers a coherent and contextually relevant 

representation of ERP–AI-enabled sustainability 

transformation in SMEs, while remaining a conceptual 

framework that requires further empirical examination. 

5. DISCUSSION

Building on the results of the SLR synthesis and model 

assessment, the following discussion interprets the findings in 

relation to prior literature. 

5.1 ERP and AI roles: Confirmed functions but 

repositioned structure 

The findings of this study support prior research that 

identifies ERP and AI as important enablers of sustainability 

in SMEs. ERP has been consistently associated with process 

integration, data standardization, and operational control, 

enabling improved coordination and resource efficiency [29, 

34, 52]. AI, in turn, contributes through predictive analytics, 

optimization, and adaptive decision-making, supporting more 

proactive sustainability practices [33, 58, 63]. These roles are 

also reflected in process-oriented studies, where integrated 

systems and analytical capabilities improve operational 

sustainability performance [70]. However, existing studies 

largely treat ERP and AI as parallel or functionally equivalent 

technologies. This assumption obscures a critical structural 

distinction. The present findings demonstrate that ERP and AI 

do not operate at the same analytical level. ERP functions as 

an infrastructural layer that stabilizes processes and data 

environments, whereas AI operates as an adaptive layer that 

depends on these structured conditions. This repositioning 

shifts the analytical focus from “what technologies do” to 

“how technologies are structurally organized,” providing a 

more precise explanation of their roles in sustainability 

transformation. 

5.2 From complementarity to conditional dependency 

The dominant view in the literature frames ERP and AI as 

complementary technologies that jointly enhance performance 

[29, 35]. While this interpretation is not incorrect, it is 

analytically insufficient. Complementarity assumes co-

existence, but does not explain activation conditions. The 

findings of this study demonstrate that the relationship 

between ERP and AI is not merely complementary but 

conditionally dependent. Specifically, AI effectiveness 

depends on ERP-enabled data integration, while ERP 

effectiveness depends on socio-organizational readiness. This 

introduces a directional and staged relationship that is largely 

absent in prior work. Empirical evidence on digital culture 

further reinforces this interpretation, showing that 

technological systems yield outcomes only when aligned with 

organizational context and behavioral conditions [71]. By 

converting complementarity into dependency, this study 

advances the literature from a static to a process-based 

understanding of digital transformation. 

5.3 Organizational readiness as a determinant, not a 

moderator 

Prior studies consistently highlight organizational 

readiness, leadership, and human capability as important 

factors in digital transformation [15, 37]. However, these 

factors are typically treated as contextual variables or 

moderators. The present findings challenge this positioning by 

demonstrating that organizational readiness is a determinant 

that shapes the viability of the entire transformation pathway. 

This interpretation is consistent with research on 

organizational sustainability, which emphasizes the role of 

internal systems, culture, and human resource practices in 

enabling long-term performance [72]. It is also aligned with 

conceptual frameworks that identify internal capability 

alignment as a prerequisite for sustainable SME 

transformation [73]. The contribution of this study lies in 

elevating organizational readiness from a supporting factor to 

a structural prerequisite that conditions both ERP 

institutionalization and AI effectiveness. 

5.4 Threshold logic: Explaining why digital 

transformation often fails 

This realignment of organizational readiness sets the stage 

for a deeper exploration of one of the central contributions of 

this study: the introduction of a threshold-based interpretation 

of digital transformation. Prior research often assumes that 

technology adoption leads to improved sustainability 

outcomes, although empirical findings remain inconsistent [7, 

16]. The present findings provide a clearer explanation of this 

inconsistency. Digital technologies do not generate outcomes 

automatically; they become effective only when minimum 

organizational and infrastructural conditions are achieved. 

This threshold logic is consistent with evidence showing that 
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SMEs face significant challenges in implementing 

sustainability systems, including reporting, governance, and 

institutionalization barriers [74]. More importantly, this 

perspective explains a recurring empirical anomaly: why 

similar technologies produce divergent outcomes across 

SMEs. The answer lies not in the technology itself, but in 

whether the required threshold conditions are met. This 

reasoning also helps explain the variability reported across the 

literature, bringing us to the question of transformation 

sequencing. 

5.5 Explaining variability in prior findings through 

transformation sequencing 

The literature on digital transformation in SMEs frequently 

reports uneven and sometimes contradictory outcomes, 

particularly in relation to sustainability performance and 

operational improvement, where similar technologies yield 

divergent results across contexts [38, 69, 75]. These 

inconsistencies are commonly attributed to contextual factors 

such as resource constraints or digital maturity, yet they 

remain insufficiently explained at a structural level. The 

findings of this study suggest that such variability is not 

merely contextual but fundamentally conditioned by 

transformation sequencing. Specifically, sustainability 

outcomes depend on whether socio-organisational readiness, 

ERP integration, and AI capability development occur in an 

aligned and sequential manner. When this sequence is 

disrupted, digital technologies operate below their functional 

potential, resulting in fragmented or unstable outcomes. By 

introducing sequencing as an explanatory mechanism, this 

study reframes previously fragmented findings into a coherent 

transformation logic, shifting the analytical focus from 

whether digital technologies work to under what conditions 

and in what sequence they generate meaningful sustainability 

outcomes. 

5.6 Advancing socio-technical systems toward technology-

specific modelling 

STS theory emphasises that organisational outcomes 

emerge from the interaction between social and technical 

subsystems, including organisational capabilities and 

technological infrastructures [40, 41]. While this perspective 

has been widely applied in SME sustainability research, its 

operationalisation often remains technology-neutral, treating 

the technical subsystem as a broad and undifferentiated 

category. As a result, prior studies tend to overlook how 

specific technologies contribute differently within 

transformation processes, limiting the ability to explain how 

ERP and AI shape sustainability outcomes in distinct yet 

interconnected ways. This study extends the STS perspective 

by introducing a technology-specific and dependency-based 

interpretation of transformation. ERP is conceptualised as an 

integrative infrastructure that enables data consistency and 

process stability, while AI functions as an adaptive layer that 

builds upon ERP-enabled data environments to support 

predictive and optimisation-oriented decision-making. This 

layered configuration suggests that digital transformation in 

SMEs is not an additive process of technology adoption, but a 

structured and conditional pathway in which technological 

effectiveness depends on sequential capability development. 

By reframing ERP and AI as interdependent rather than 

parallel technologies, this study provides a more precise 

explanation of how sustainability outcomes emerge under 

varying organisational and infrastructural conditions. 

6. CONCLUSIONS

This study develops a Technology Transformation Model 

that conceptualises SME sustainability as a structured socio-

technical process shaped by the interaction between 

organisational conditions, ERP capabilities, and AI-enabled 

adaptive functions. The findings confirm that ERP and AI 

contribute to sustainability, while demonstrating that their 

roles are sequentially interdependent rather than independent. 

In particular, ERP functions as an integrative infrastructure 

that enables data consistency and process stability, whereas AI 

builds on this foundation to support predictive and adaptive 

decision-making. By introducing a dependency-based and 

threshold-oriented perspective, the study provides a clearer 

explanation of how sustainability outcomes emerge and why 

digital transformation in SMEs often produces uneven results, 

shifting the focus from isolated technology adoption to 

structured transformation processes. 

This study has several limitations. First, the model is 

conceptual and derived from systematic literature synthesis 

combined with expert-based assessment, which does not allow 

for empirical verification of causal relationships. Second, the 

expert panel, while diverse, remains limited in size and may 

not fully capture the heterogeneity of SME contexts across 

sectors and regions. Third, the study focuses specifically on 

ERP and AI, which, although representative, may not 

encompass the full range of digital technologies influencing 

sustainability transformation. These limitations suggest that 

the findings should be interpreted as theoretically grounded 

propositions rather than empirically confirmed relationships. 

Future research should focus on empirically examining the 

proposed transformation logic using longitudinal or process-

based approaches to capture the dynamic nature of SME 

transformation. Expanding the model across different sectors 

and regional contexts would enhance its generalisability and 

practical relevance. In addition, integrating other emerging 

digital technologies and exploring alternative transformation 

pathways would provide a more comprehensive understanding 

of digital-enabled sustainability. Ultimately, advancing this 

line of research will be essential for bridging the gap between 

conceptual transformation frameworks and empirically 

grounded insights into how SMEs can effectively achieve 

sustainable outcomes through structured digital 

transformation. 
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Table A1 presents the complete list of 52 core articles 

included in the systematic literature review, detailing their 

thematic classification, focus areas, and analytical roles to 

ensure transparency and reproducibility of the study. 

 

 

Table A1. Complete list of 52 core articles 

 
No. Author(s) Year Theme Focus Area Analytical Role 

1 Musaad, A. 2020 Barriers Sustainability barriers in SMEs Failure mechanism 

2 Alayón, C. 2022 Barriers Sustainable manufacturing barriers Organisational constraint 

3 Neri, A. 2021 Barriers Sustainability implementation barriers Capability limitation 

4 Durrani, A. 2024 Barriers Environmental sustainability barriers Financial constraint 

5 Kumar, R. 2023 Barriers Industry 4.0 sustainability barriers Technological constraint 

6 Costache, C. 2021 Barriers Sustainability barriers and drivers Market constraint 

7 Tanco, M. 2021 Barriers Adoption challenges in SMEs Operational constraint 

8 Madrid-Guijarro, A. 2024 Barriers Sustainability strategy barriers Managerial limitation 

9 Moursellas, C. 2024 Barriers Sustainability transition barriers Institutional constraint 

10 Gonçalves, R. 2024 Barriers Supply chain sustainability barriers External constraint 

11 Mahmud, M. 2021 Barriers CSR barriers in SMEs Knowledge limitation 

12 Singh, R. 2022 Barriers Sustainability integration barriers Strategic constraint 

13 Olipp, F. 2024 Barriers Market-related sustainability barriers Demand constraint 

14 Narwane, V. 2022 Barriers Technological barriers in SMEs Digital limitation 

15 Azemi, Y. 2023 Barriers Financial barriers in sustainability Investment limitation 

16 Gupta, S. 2023 Barriers Data and system limitations Information constraint 

17 O’Leary, D. 2023 Barriers Sustainability decision barriers Managerial constraint 

18 Dugolli, M. 2021 Barriers Process-related barriers Operational limitation 

19 Elhusseiny, H. 2021 Barriers Knowledge barriers Learning limitation 

20 Iqbal, M. 2025 Barriers Capability barriers Skill limitation 

21 Sivaganthan, S.P. 2025 ERP ERP for SME sustainability Integration mechanism 

22 Nurdin, C. 2023 ERP ERP and circular economy Sustainability enabler 

23 Meiryani 2023 ERP ERP implementation Adoption mechanism 

24 Mishra, A.R. 2024 ERP Sustainable ERP systems Decision framework 

25 Ali, M. 2026 ERP ERP impact on performance Outcome driver 

26 Basu, A. 2024 ERP ERP adoption in SMEs Capability driver 

27 Siregar, T. 2022 ERP ERP post-implementation Performance gap 

28 Sarwono, R. 2025 ERP ERP-based operations Operational control 

29 Llivisaca-Villazhañay, J. 2025 ERP ERP drivers Transformation enabler 

30 Zheng, J. 2022 ERP ERP and BI Data integration 

31 Razzaq, A. 2021 ERP Cloud ERP Technology access 

32 Lacurezeanu, R. 2021 ERP Integrated systems System integration 

33 Benzidia, S. 2021 AI AI in supply chain Optimization 

34 Belhadi, A. 2020 AI AI in manufacturing Efficiency improvement 

35 Bag, S. 2021 AI AI and circular economy Sustainability driver 

36 Liu, Y. 2023 AI Digital capability Process optimisation 

37 Kristoffersen, E. 2021 AI Analytics capability Circular economy 

38 Sjödin, D. 2023 AI AI and business model Innovation driver 

39 Vaio, A. 2020 AI AI sustainability strategy Strategic enabler 

40 Kulkov, I. 2024 AI AI transformation Adaptive capability 
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41 Nishant, R. 2020 AI AI for sustainability Theoretical foundation 

42 Kar, A.K. 2022 AI AI systematic review Conceptual mapping 

43 Vinuesa, R. 2020 AI AI and SDGs Sustainability framework 

44 Goralski, M. 2020 AI AI and development Impact analysis 

45 Strohm, M. 2020 AI AI adoption barriers Constraint analysis 

46 Dora, M. 2022 AI AI adoption in SMEs Success factors 

47 Mhlanga, D. 2021 AI AI and SDGs Emerging economy insight 

48 Pham, Q. 2020 AI AI in energy Efficiency 

49 Magazzino, C. 2021 AI AI and energy Sustainability impact 

50 Chen, X. 2021 AI AI and environment Environmental optimisation 

51 Kamble, S. 2020 AI Industry 4.0 SMEs Readiness 

52 Denicolai, S. 2021 AI Digital readiness SMEs Capability 
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