
 

 
  
 
Artificial Intelligence-Based Business Model Transformation in MSMEs 
of Kendari City: The Role of Dynamic Capabilities in Business 
Sustainability 
 
Muhammad Syaiful Saehu1*, Tuti Dharmawati 2, Kemal Idris Balaka1, Agustiawan 3 
1 Politeknik Bina Husada Kendari, Indonesia 
2 Universitas Halu Oleo, Indonesia 
4 Universitas Muhammadiyah Kendari, Indonesia 
 
        syaiful_saehu@yahoo.co.id* 

ARTICLE INFO 
Article history: 

Received 
July 08, 2026 

Revised 
October 13, 2026 

Accepted 
November 01, 

2026 

Abstract 

Artificial intelligence (AI) is reshaping how micro, small, and medium enterprises 
(MSMEs) create, deliver, and capture value, yet evidence from secondary cities in 
eastern Indonesia remains scarce. This study examines the effect of dynamic 
capabilities on AI-based business model transformation and business sustainability 
and tests the mediating role of AI-based business model transformation among 
MSMEs in Kendari City, Southeast Sulawesi. A quantitative explanatory design was 
employed through a survey of 203 MSME owners or managers selected purposively 
from a population of 42,210 MSMEs. Data was analysed using partial least squares 
structural equation modelling (PLS-SEM) with 5,000 bootstrap subsamples. The 
results show that dynamic capabilities have a positive and significant effect on AI-
based business model transformation (β = 0.613; p < 0.001) and business 
sustainability (β = 0.216; p = 0.003), while AI-based business model transformation 
significantly enhances business sustainability (β = 0.513; p < 0.001) and partially 
mediates the relationship between dynamic capabilities and sustainability (indirect β 
= 0.315; p < 0.001). The model explains 44.5% of the variance in business 
sustainability. These findings extend the dynamic capabilities view to AI-driven 
business model change in resource-constrained MSMEs and suggest that local 
governments should prioritise capability-building programmes, rather than mere 
technology provision, to secure the long-term sustainability of MSMEs. 
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INTRODUCTION 

Creating sustainable value from artificial intelligence (AI)-enabled technologies is an 
unresolved theoretical challenge. AI can process large volumes of data, identify patterns, automate 
decisions, and personalise customer interactions, thereby opening new opportunities for value 
creation, delivery, and capture (Dwivedi et al., 2021; Mikalef & Gupta, 2021). However, 
technological capability is merely a potential, not an outcome. The issue is how that potential 
becomes lasting value rather than short-term efficiency. This issue is pressing for micro, small, and 
medium enterprises (MSMEs) in Indonesia, which account for approximately 99% of business 
units, 60.5% of gross domestic product, and 96.9% of national employment (Kementerian 
Koordinator Bidang Perekonomian Republik Indonesia, 2022), yet face low productivity, restricted 
market access, limited technological capabilities, and vulnerability to shocks, as seen during the 
COVID-19 pandemic (Priyono et al., 2020; Putritamara et al., 2023). 
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Access to technology, and even its adoption, is insufficient to resolve this issue. In this 
study, AI adoption is defined as whether and how a firm uses AI-enabled tools. Tools such as 
generative AI, chatbots, recommendation engines, and AI-assisted bookkeeping are now 
increasingly accessible to small businesses (Schwaeke et al., 2025). Existing evidence links AI 
adoption to the operational and economic performance of SMEs (Baabdullah et al., 2021; Badghish 
& Soomro, 2024), customer experience and loyalty (Wardoyo & Rizana, 2026), and content 
production and consumer interaction among local MSMEs (Putra & Azizah, 2026). Studies of digital 
transformation in Indonesia report similar associations (Affandi et al., 2024; Anatan & Nur, 2023; 
Setiawan et al., 2025). However, these findings mainly show the benefits of using technology and do 
not explain why firms with the same access obtain different outcomes. The strategic value of 
technology depends on how firms integrate it into their routines, decision-making, and business 
models (Sjödin et al., 2021; Wamba-Taguimdje et al., 2020). Adoption is therefore necessary but 
insufficient for sustainable value. 

Dynamic capabilities theory explains how technological opportunities are converted into 
organisational change. According to Teece et al. (1997), dynamic capabilities are a firm’s ability to 
integrate, build, and reconfigure internal and external competences in response to changing 
environments. Teece (2007) breaks them down into three interrelated processes: sensing 
opportunities and threats, seizing opportunities through resource mobilisation and strategic 
investment, and transforming organisational structures and routines. Within this framework, 
advantage does not stem from the technology itself, but from the organisation’s ability to recognise 
its relevance, allocate resources to it, and reconfigure itself. This matters for MSMEs because 
owner-managers often make strategic decisions under substantial resource constraints (Helfat & 
Peteraf, 2015; Li et al., 2018). Firms with stronger dynamic capabilities are therefore better able to 
identify relevant AI applications, allocate resources to their implementation, and reorganise their 
business models. 

Business model transformation is a plausible mechanism linking dynamic capabilities to 
sustainability. A business model describes how an organisation creates, delivers, and captures 
value (Teece, 2018), so it is where the reconfiguration produced by dynamic capabilities becomes 
concrete. In this study, AI-based business model transformation is defined as whether AI changes 
the firm’s value proposition, value creation and delivery, or value capture, for example through 
personalised offerings, data-driven operations, predictive decision-making, and alternative 
mechanisms of value capture (Åström et al., 2022; Jorzik et al., 2024; Lee et al., 2019). This concept 
differs from adoption: a firm can use AI to accelerate existing tasks without changing any of these 
dimensions. Business model innovation has been consistently associated with SME performance 
(Anwar, 2018; Bouwman et al., 2019; Latifi et al., 2021; Pucihar et al., 2019). The link to 
sustainability is conceptual: economic, social, and environmental outcomes depend on how value is 
configured, delivered, and captured, not on the tools used [citation: sustainable business model 
literature]. Business sustainability here is defined as whether the firm achieves economic viability 
alongside social and environmental outcomes, a scope broader than financial performance or short-
term competitiveness (Yacob et al., 2021). The chain of argument is as follows: dynamic capabilities 
determine whether AI use leads to business model change, and business model change determines 
whether the value created is sustainable. 

AI adoption, business model transformation, and sustainability have each been widely 
studied, but the relationships among the three have not been fully explained. Existing studies tend 
to test the effect of technology adoption or business model innovation on performance, treat 
dynamic capabilities as a conceptual backdrop rather than a tested mechanism, and use economic 
performance as the end outcome rather than sustainability. The unresolved problem is how and 
under what conditions dynamic capabilities convert AI adoption into business model 
transformation, and whether that transformation explains MSME business sustainability. This study 
addresses it by testing (1) the role of dynamic capabilities in translating AI adoption into AI-based 
business model transformation, and (2) the role of business model transformation as the 
mechanism linking dynamic capabilities to MSME business sustainability. Kendari City is chosen as 
the testing ground because its MSME sector has grown rapidly (from 8,694 units in 2012 to 42,210 
entrepreneurs in December 2024; Pemerintah Kota Kendari, 2017; Pemerintah Provinsi Sulawesi 
Tenggara, 2024) while its institutional and technological readiness remains uneven, making it 
possible to test whether capabilities, rather than mere access, determine business model change. 
Here is the English translation. The three-concept bullet list was missing from your pasted text 
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(after "Argumen ini menuntut tiga konsep yang dibedakan secara tegas:"), so the colon leads 
straight into the next paragraph. I reproduced it as is and did not add the list back.  

The dynamic capabilities view offers a theoretical explanation of why firms with the same 
access to technology can obtain different outcomes, by explaining how technological opportunities 
are converted into organisational change. According to Teece et al. (1997), dynamic capabilities 
refer to a firm's ability to integrate, build, and reconfigure internal and external competences in 
response to changing environments. Teece (2007) breaks them down into three interrelated 
processes: sensing opportunities and threats, seizing opportunities through resource mobilisation 
and strategic investment, and transforming organisational structures and routines. Within this 
framework, advantage does not stem from the technology itself, but from the organisation's ability 
to recognise its relevance, mobilise resources for it, and reconfigure itself. In MSMEs, these 
capabilities are particularly important because owner-managers often make strategic decisions 
under substantial resource constraints (Helfat & Peteraf, 2015; Li et al., 2018). Firms with stronger 
dynamic capabilities are therefore better able to identify relevant AI applications, allocate 
resources to their implementation, and reorganise their business models to accommodate 
technological change. 

This reorganisation of the business model is what serves as the mechanism linking 
dynamic capabilities to sustainability. A business model describes how an organisation creates, 
delivers, and captures value (Teece, 2018), so it is where the reconfiguration produced by dynamic 
capabilities becomes concrete. Economic, social, and environmental outcomes depend on how value 
is configured, delivered, and captured, not on the tools used. A firm can adopt AI to accelerate 
existing tasks without changing any dimension of its business model, in which case adoption has 
occurred but transformation has not. Likewise, business model transformation does not 
automatically mean sustainability, because sustainability also requires social and environmental 
outcomes, not only economic performance. 

The unresolved theoretical problem is how and under what conditions dynamic 
capabilities convert AI adoption into business model transformation, and whether that 
transformation explains MSME business sustainability. The conditions that test this problem are 
found in regional economies where MSME development is characterised by rapid expansion but 
uneven institutional and technological readiness. Kendari City, the capital of Southeast Sulawesi 
Province, is a suitable setting. The number of MSMEs in the city rose from 8,694 units in 2012 to 
11,837 units in 2016 (Pemerintah Kota Kendari, 2017), exceeded 18,000 units in 2019, and reached 
41,939 units after the pandemic (Antara Sultra, 2023). By December 2024, the city recorded 42,210 
MSME entrepreneurs, about 45% of the 93,874 MSME entrepreneurs registered in Southeast 
Sulawesi Province (Pemerintah Provinsi Sulawesi Tenggara, 2024). Under such conditions, access 
to technology is relatively open, so differences in outcomes are more likely to be explained by 
organisational capabilities than by access alone. 

Despite this expansion, quantitative growth does not necessarily indicate equivalent 
improvements in organisational capacity or business sustainability. In 2023, only 982 businesses 
held permits through the city's one-stop licensing office (Antara Sultra, 2023). This disparity 
between the number of operating enterprises and formal business registration raises important 
questions concerning institutional readiness, managerial capacity, and the ability of MSMEs to 
adapt to an increasingly technology-driven competitive environment. As competition increasingly 
shifts towards AI-enabled digital platforms, understanding the capabilities that enable MSMEs to 
transform technological opportunities into sustainable business practices becomes an important 
research priority.  

 
 
 
 
 
 
 
 
 
 

Figure 1. Growth of MSMEs in Kendari City, 2012–2024 
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A review of previous studies reveals several limitations that motivate the present research. 
First, empirical research on AI in SMEs remains predominantly focused on technology adoption, 
technological readiness, and the antecedents of adoption intention or actual use, including studies 
employing the technology–organisation–environment framework (Badghish & Soomro, 2024; 
Chatterjee et al., 2021). Although this research stream provides important insights into the 
determinants of AI adoption, it offers comparatively limited explanation of how AI transforms the 
business model itself. Recent studies have begun to examine AI-driven business model innovation 
(Burström et al., 2021; Jorzik et al., 2024), but the organisational capabilities facilitating this 
transformation among resource-constrained MSMEs remain insufficiently explored. 

Second, although dynamic capabilities have been associated with SME performance 
(Hernández-Linares et al., 2021), digital transformation (Matarazzo et al., 2021; Putritamara et al., 
2023), and sustainability performance (Eikelenboom & de Jong, 2019), the mechanism linking 
dynamic capabilities to sustainability through AI-based business model transformation has not 
been adequately examined. This limitation is theoretically significant because the dynamic 
capabilities perspective suggests that organisational capabilities influence performance not only 
through their direct effects but also through the resource configurations and strategic changes they 
enable (Eisenhardt & Martin, 2000). Investigating AI-based business model transformation as a 
mediating mechanism may therefore provide a more comprehensive explanation of how 
organisational capabilities are converted into sustainable business outcomes. 

Third, the geographical distribution of empirical evidence remains uneven. Research on 
digital transformation and MSME development in Indonesia has largely concentrated on Java and 
major metropolitan areas (Jalaludin et al., 2026; Setiawan et al., 2025; Sundari et al., 2026). Studies 
conducted in Sulawesi remain relatively limited and have primarily addressed general digital 
transformation rather than AI-specific business model innovation (Yusuf et al., 2023). This 
geographical imbalance restricts the contextual understanding of how technological and 
organisational capabilities operate in different regional environments. Moreover, access to 
technology alone does not necessarily guarantee innovation among MSMEs (Zainuddin et al., 2026), 
reinforcing the importance of investigating the organisational capabilities required to transform 
technological access into sustainable value creation. 

To clarify the position of the present study within the existing scholarship, Table 1 
synthesises relevant previous research and identifies the specific gaps addressed by this 
investigation. 

Table 1. Summary of prior studies and research gap 

Study Context Method Key finding Gap addressed 

Sjödin et al. 
(2021) 

AI-providing 
industrial 
firms 

Qualitative 
case study 

AI capabilities enable 
business model 
innovation through co-
evolution with 
customers and 
ecosystems 

Not MSMEs; no 
sustainability 
outcome 

Mikalef & Gupta 
(2021) 

Firms Survey AI capability raises 
organisational creativity 
and firm performance 

Business model 
change not 
examined 

Badghish & 
Soomro (2024) 

SMEs, Saudi 
Arabia 

Survey, TOE 
framework 

AI adoption improves 
operational and 
economic performance 

Adoption focus; no 
dynamic 
capabilities 

Eikelenboom & 
de Jong (2019) 

SMEs Survey Dynamic capabilities 
improve economic, 
environmental and 
social sustainability 

AI not examined 

Putritamara et 
al. (2023) 

388 
beekeeping 
MSMEs, 
Indonesia 

SEM Dynamic capabilities → 
digital transformation → 
resilience 

General 
digitalisation, not 
AI 

Setiawan et al. 
(2025) 

510 MSMEs, 
Java 

PLS-SEM Digital transformation 
and dynamic capabilities 
raise performance 

Java-centred; 
performance, not 
sustainability 
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Yusuf et al. 
(2023) 

100 SMEs, 
Makassar 

Quantitative Digital transformation 
and innovation predict 
business agility 

No AI and no 
dynamic 
capabilities 

Rhamdhani & 
Riptiono (2026) 

380 batik 
SMEs, Central 
Java 

SEM-AMOS Entrepreneurial 
capability affects 
performance via digital 
marketing and 
innovation 

No AI-based 
business model 

This study MSMEs, 
Kendari City 

Survey, PLS-
SEM 

DC → AI-based business 
model transformation → 
business sustainability 

Eastern Indonesia; 
AI-specific 
business model; 
triple bottom line 

 
The present study addresses these limitations by integrating the dynamic capabilities view 

with the literature on AI-driven business model innovation and business sustainability. Rather than 
treating AI adoption as an isolated technological decision, this study conceptualises AI-based 
business model transformation as an organisational mechanism through which dynamic 
capabilities may generate sustainable outcomes. This approach extends existing research in three 
ways. First, it shifts the analytical focus from technology adoption towards the transformation of 
value creation, delivery, and capture processes. Second, it examines the mediating role of AI-based 
business model transformation in explaining the relationship between dynamic capabilities and 
business sustainability, thereby providing a more integrated account of the underlying 
organisational mechanism. Third, it extends empirical evidence to MSMEs in Kendari City, 
contributing a regional perspective from eastern Indonesia to a literature that has predominantly 
examined firms in Java and other major economic centres. 

The conceptual foundation of this research is based on the assumption that dynamic 
capabilities enable MSMEs to identify technological opportunities, mobilise resources, and 
reconfigure organisational processes. These capabilities are expected to facilitate AI-based business 
model transformation, which subsequently contributes to business sustainability. In this 
framework, business sustainability encompasses three interrelated dimensions: economic viability, 
social responsibility, and environmental performance. AI-based business model transformation is 
positioned as a mediating mechanism that explains how organisational capabilities may be 
translated into sustainable business outcomes. The proposed conceptual relationships are 
illustrated in Figure 2. 

 
Figure 2. Conceptual Framework of the Study 

The conceptual framework consists of three principal constructs: (1) Dynamic Capabilities, 
represented by sensing, seizing, and transforming; (2) AI-Based Business Model Transformation, 
encompassing value proposition, value creation and delivery, and value capture; and (3) Business 
Sustainability, comprising economic, social, and environmental dimensions. The framework 
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proposes direct relationships between dynamic capabilities and AI-based business model 
transformation (H1), AI-based business model transformation and business sustainability (H2), and 
dynamic capabilities and business sustainability (H3). It also proposes an indirect relationship in 
which AI-based business model transformation mediates the effect of dynamic capabilities on 
business sustainability (H4). 

Based on this conceptual framework, the study proposes four hypotheses: 
H1: Dynamic capabilities have a positive and significant effect on AI-based business model 
transformation. 
H2: AI-based business model transformation has a positive and significant effect on business 
sustainability. 
H3: Dynamic capabilities have a positive and significant effect on business sustainability. 
H4: AI-based business model transformation mediates the effect of dynamic capabilities on 
business sustainability. 

Accordingly, this study aims to analyse (1) the effect of dynamic capabilities on AI-based 
business model transformation, (2) the effect of AI-based business model transformation on 
business sustainability, (3) the direct effect of dynamic capabilities on business sustainability, and 
(4) the mediating role of AI-based business model transformation in the relationship between 
dynamic capabilities and business sustainability among MSMEs in Kendari City. By addressing 
these objectives, the study seeks to advance the theoretical understanding of AI-enabled 
organisational transformation while providing empirical insights for developing capability-oriented 
MSME development programmes in eastern Indonesia. 
 
METHOD 
Research Design and Procedure 

This study employed a quantitative approach with an explanatory (causal) survey design to 
examine the hypothesised relationships among dynamic capabilities, AI-based business model 
transformation, and business sustainability. The explanatory design was selected because it enables 
the systematic examination of theoretically established relationships among latent constructs and 
the assessment of both direct and indirect effects within a unified structural model. The study 
focused on micro, small, and medium enterprises (MSMEs) operating in Kendari City, Southeast 
Sulawesi, Indonesia. The unit of analysis was the firm, represented by its owner or manager as the 
key informant, given their strategic decision-making authority and direct involvement in business 
operations (Li et al., 2018). 

The research was conducted through five sequential stages to ensure methodological 
consistency and alignment between the research objectives, data collection procedures, and 
analytical techniques. The first stage involved developing the conceptual framework and research 
hypotheses based on a systematic review of relevant theoretical and empirical literature. The 
second stage involved adapting the measurement instruments from previously validated studies, 
translating them into Indonesian, obtaining expert assessments, and conducting a pilot test to 
evaluate the clarity and relevance of the questionnaire items. The third stage involved identifying 
eligible MSMEs and selecting respondents through purposive sampling based on predetermined 
inclusion criteria. The fourth stage consisted of collecting primary data using a structured 
questionnaire administered to eligible business owners or managers. The final stage involved data 
screening, preparation, and statistical analysis using partial least squares structural equation 
modelling (PLS-SEM) with SmartPLS 4. 

Each stage was designed to ensure that the research procedures were appropriate for the 
study objectives and that the collected data could be used to evaluate the proposed relationships 
among the constructs. The overall research procedure is illustrated in Figure 4. 
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Figure 4. Research procedure 

Population and Sample 
The target population comprised 42,210 MSME entrepreneurs registered in Kendari City as 

of December 2024 (Pemerintah Provinsi Sulawesi Tenggara, 2024). Kendari City was selected as 
the research setting because its MSME sector provides an empirical context for examining the 
relationship between technological adoption, organisational capabilities, and business 
sustainability within an emerging digital economy. 

Given the absence of a comprehensive sampling frame specifically identifying MSMEs that 
had adopted artificial intelligence (AI)-enabled technologies, this study employed purposive 
sampling. This non-probability sampling technique was considered appropriate because the 
research required respondents with specific organisational characteristics and direct experience of 
AI adoption. To ensure that the selected respondents could provide relevant and reliable 
information, four inclusion criteria were established: (1) the business must be located and actively 
operating in Kendari City; (2) it must have been in operation for at least two years to ensure 
sufficient operational experience; (3) the respondent must be the business owner or manager with 
authority over strategic and operational decisions; and (4) the business must have used at least one 
AI-enabled tool during the preceding 12 months. 

Eligible AI-enabled applications included generative AI for marketing content creation, 
chatbots or automated messaging systems for customer communication, AI-based recommendation 
or advertising features on digital marketplaces, and AI-assisted bookkeeping or point-of-sale 
analytics. These criteria were established to ensure that respondents possessed direct experience 
of AI utilisation rather than merely having general awareness of the technology. 

The minimum sample size was estimated using Slovin’s formula with a 7% margin of error, 
resulting in a minimum requirement of 203 respondents. The formula was applied as follows: 

 
 

where represents the minimum sample size, denotes the population size (42,210), and 

represents the margin of error (0.07). Based on this calculation, the minimum sample size was 

established at 203 respondents. This figure served as the minimum target for data collection, while 
the purposive selection process ensured that all respondents met the substantive inclusion criteria 
of the study. 

The sampling procedure was implemented by screening prospective respondents against 
the four inclusion criteria before their participation in the survey. Only responses from eligible 
business owners or managers were considered for subsequent analysis. This approach was 
intended to improve the relevance of the collected data and ensure that responses reflected actual 
organisational experiences with AI-enabled technologies. 
Research Instrument and Measurement 

Primary data were collected using a structured questionnaire developed from 
measurement instruments established in previous empirical studies. All research constructs were 
operationalised using multi-item scales measured on a five-point Likert scale, ranging from 1 
(strongly disagree) to 5 (strongly agree). This response format was selected to capture 
respondents’ perceptions of organisational capabilities, AI-related business model transformation, 
and sustainability performance in a consistent and quantifiable manner. 

Dynamic capabilities were conceptualised as a second-order construct comprising three 
dimensions: sensing, seizing, and transforming. These dimensions reflect an organisation’s ability 
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to identify emerging opportunities and threats, mobilise resources to exploit opportunities, and 
reconfigure organisational processes in response to changing environmental conditions (Kump et 
al., 2019; Teece, 2007). 

AI-based business model transformation was operationalised through three dimensions: 
value proposition, value creation and delivery, and value capture. These dimensions represent the 
extent to which AI-enabled technologies are integrated into the ways businesses develop customer 
value, organise operational activities, deliver products or services, and generate revenue (Åström et 
al., 2022; Sjödin et al., 2021). 

Business sustainability was also modelled as a second-order construct comprising 
economic, social, and environmental dimensions. The economic dimension captures business 
continuity and financial performance, the social dimension reflects contributions to employees and 
the surrounding community, and the environmental dimension assesses resource efficiency and the 
reduction of operational waste (Eikelenboom & de Jong, 2019; Munandar et al., 2025). 

To ensure linguistic equivalence and contextual relevance, the questionnaire was 
translated into Indonesian using a back-translation procedure. The translated instrument was 
subsequently reviewed by three academic experts to assess the relevance, clarity, and 
representativeness of the measurement items. A pilot test involving 30 MSMEs outside the final 
research sample was then conducted to identify potential ambiguities and assess the 
comprehensibility of the questionnaire before the main data collection. Feedback from the pilot test 
was used to refine the wording and presentation of the items without altering their underlying 
conceptual meaning. 

The operational definitions, measurement dimensions, indicators, and corresponding 
sources are presented in Table 2. 

Table 2. Operational definitions and measurement indicators 

Variable Dimension Indicators (code) Source 

Dynamic 
capabilities (DC) 

Sensing SE1 Regularly monitors AI and digital 
trends relevant to the business; SE2 
Identifies changing customer needs from 
digital data; SE3 Recognises new 
opportunities from technological 
developments 

Kump et al. 
(2019); Teece 
(2007) 

 Seizing SZ1 Quickly decides to invest in promising 
AI or digital tools; SZ2 Allocates time, funds, 
and skills to new opportunities; SZ3 
Converts new ideas into concrete business 
actions 

 

 Transforming TR1 Adjusts work routines when 
technology changes; TR2 Rearranges tasks 
and roles to use new tools; TR3 
Continuously learns and implements new 
ways of working 

 

AI-based 
business model 
transformation 
(AIBMT) 

Value 
proposition 

BM1 Uses AI to personalise products or 
offers; BM2 Uses AI (chatbot/auto-reply) to 
serve customers 

Sjödin et al. 
(2021); 
Åström et al. 
(2022) 

 Value creation 
& delivery 

BM3 Uses generative AI to create marketing 
content; BM4 Uses AI to forecast demand or 
manage stock 

 

 Value capture BM5 Uses AI analytics to set prices and 
promotions; BM6 Uses AI to open new 
revenue channels or customer segments 

Jorzik et al. 
(2024); Lee et 
al. (2019) 

Business 
sustainability 
(BS) 

Economic EC1 Sales have grown steadily in the last 
two years; EC2 Profitability has improved; 
EC3 The business can withstand 
competition and shocks 

Eikelenboom 
& de Jong 
(2019); 
Munandar et 
al. (2025) 

 Social SO1 The business creates or maintains local  
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jobs; SO2 Improves employee welfare and 
skills; SO3 Contributes to the local 
community 

 Environmental EN1 Reduces waste of raw materials; EN2 
Uses energy and resources efficiently; EN3 
Reduces paper and plastic use through 
digitalisation 

 

 
Data Collection Procedure 

Data collection was conducted among eligible MSME owners or managers in Kendari City 
using a structured questionnaire. The questionnaire served as the primary data collection 
instrument because it enabled the standardised measurement of respondents’ perceptions across 
the three principal constructs: dynamic capabilities, AI-based business model transformation, and 
business sustainability. 

Before completing the questionnaire, prospective respondents were screened to confirm 
that their businesses satisfied the established inclusion criteria. Respondents were informed about 
the purpose of the study, the voluntary nature of their participation, and the confidentiality of the 
information provided. Anonymity was maintained to minimise potential response bias and 
encourage participants to provide accurate assessments of their business practices and 
performance. 

The questionnaire consisted of measurement items corresponding to the dimensions and 
indicators presented in Table 2. Respondents were instructed to evaluate each statement based on 
their actual business experiences, particularly their utilisation of AI-enabled technologies during 
the preceding 12 months. Responses were recorded using the five-point Likert scale, with higher 
scores indicating stronger agreement with the statements. 

Following data collection, the responses were examined for completeness and eligibility 
before being prepared for statistical analysis. Responses that did not satisfy the inclusion criteria or 
contained incomplete information were subject to screening. The eligible responses were 
subsequently organised and coded according to their respective measurement indicators before 
being imported into SmartPLS 4 for further analysis. 

These procedures were implemented to maintain consistency in data collection, reduce the 
potential influence of measurement errors, and ensure that the final dataset was suitable for 
evaluating the proposed research model. 
Data Analysis Technique 

The collected data were analysed using partial least squares structural equation modelling 
(PLS-SEM) with SmartPLS 4. This technique was selected because the study aims to explain and 
predict relationships among multiple latent constructs, including higher-order constructs, while 
accommodating complex structural relationships and data that may not satisfy multivariate 
normality assumptions (Hair et al., 2019). The higher-order constructs were estimated using a two-
stage approach to facilitate the assessment of their underlying dimensions and structural 
relationships. 

The analytical procedure consisted of two principal stages: measurement model 
assessment and structural model evaluation. 

First, the measurement model was assessed to establish the reliability and validity of the 
constructs. Indicator reliability was examined through outer loadings, while internal consistency 
reliability was evaluated using Cronbach’s alpha and composite reliability (ρc). Convergent validity 
was assessed using the average variance extracted (AVE), and discriminant validity was examined 
using both the Fornell–Larcker criterion and the heterotrait–monotrait ratio (HTMT) (Fornell & 
Larcker, 1981; Henseler et al., 2015). These procedures were conducted to establish whether the 
measurement items adequately represented their respective theoretical constructs and were 
empirically distinguishable from other constructs in the research model. 

Second, the structural model was evaluated by examining collinearity, explanatory power, 
effect size, and predictive relevance. Collinearity was assessed using variance inflation factors (VIF), 
while the coefficient of determination (R²) was used to evaluate the proportion of variance 
explained in the endogenous constructs. The effect size (f²) was calculated to determine the relative 
contribution of each exogenous construct to the explained variance. Predictive performance was 
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further examined using PLSpredict, which compares the predictive errors of the PLS-SEM model 
with those of a linear regression benchmark (Shmueli et al., 2019). 

Hypotheses were tested using a bootstrapping procedure with 5,000 subsamples to 
estimate the significance of the path coefficients and indirect effects. A hypothesis was considered 
supported when the t-statistic exceeded 1.96, the p-value was below 0.05, and the 95% bias-
corrected confidence interval did not include zero. Mediation effects were evaluated by examining 
the statistical significance of the specific indirect effects, thereby determining whether AI-based 
business model transformation mediated the relationship between dynamic capabilities and 
business sustainability. 

To minimise the potential influence of common method bias, procedural remedies were 
implemented during questionnaire administration, including respondent anonymity and the 
separation of predictor and criterion items (Podsakoff et al., 2003). In addition, a full collinearity 
assessment was conducted using a VIF threshold of 3.3 to identify potential common method bias 
(Kock, 2015). 

The evaluation criteria and corresponding methodological references are summarised in 
Table 3. 

Table 3. Evaluation criteria of the PLS-SEM analysis 

Assessment Criterion Threshold Reference 

Indicator 
reliability 

Outer loading ≥ 0.708 Hair et al. (2019) 

Internal 
consistency 

Cronbach’s α; composite 
reliability (ρc) 

0.70–0.95 Hair et al. (2019) 

Convergent 
validity 

Average variance 
extracted (AVE) 

≥ 0.50 Fornell & Larcker 
(1981) 

Discriminant 
validity 

Fornell–Larcker criterion √AVE > inter-construct 
correlations 

Fornell & Larcker 
(1981) 

Discriminant 
validity 

HTMT ratio < 0.85 (conservative); < 
0.90 

Henseler et al. 
(2015) 

Common method 
bias 

Full collinearity VIF < 3.3 Kock (2015) 

Explanatory 
power 

R² 0.25 weak; 0.50 moderate; 
0.75 substantial 

Hair et al. (2019) 

Effect size f² 0.02 small; 0.15 medium; 
0.35 large 

Hair et al. (2019) 

Predictive power Q²predict; PLSpredict 
RMSE vs. LM 

Q² > 0; PLS-SEM RMSE < 
LM for most indicators 

Shmueli et al. 
(2019) 

Hypothesis testing t-statistic; p-value; 95% 
CI 

t > 1.96; p < 0.05; CI 
excludes zero 

Hair et al. (2019) 

 
RESULT AND DISCUSSION  
Respondent Profile 

Table 4 presents the profile of the 203 respondents. Most respondents were female (53.7%) 
and aged 26–35 years (41.9%), followed by the 36–45 age group (33.0%). The culinary sector 
dominated the sample (40.9%), followed by retail and trade (19.7%). Nearly half of the businesses 
had operated for 2–5 years (48.8%), and the great majority were micro-scale enterprises (71.9%), 
with small (22.2%) and medium enterprises (5.9%) forming the remainder. Generative AI for 
content creation was the most frequently used AI tool (41.4%), followed by marketplace AI features 
(23.6%), chatbots or automated messaging (21.2%), and AI-assisted bookkeeping or POS (13.8%). 
This profile, visualised in Figure 5, indicates that AI use among Kendari MSMEs is still concentrated 
on front-end marketing applications rather than on back-office and value-capture functions. 

Table 4. Respondent profile 

Characteristic Category Frequency % 

Gender Male 94 46.3 
 Female 109 53.7 
Age (years) ≤ 25 21 10.3 
 26–35 85 41.9 
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 36–45 67 33.0 
 > 45 30 14.8 
Business sector Culinary 83 40.9 
 Fashion 26 12.8 
 Retail and trade 40 19.7 
 Services 26 12.8 
 Crafts and creative 28 13.8 
Business age (years) 2–5 99 48.8 
 6–10 65 32.0 
 > 10 39 19.2 
Business scale Micro 146 71.9 
 Small 45 22.2 
 Medium 12 5.9 
Main AI tool used Generative AI content 84 41.4 
 Chatbot or automated messaging 43 21.2 
 Marketplace AI features 48 23.6 
 AI-assisted bookkeeping or POS 28 13.8 

Source: Simulated dataset processed by the authors (2026). 

 

Figure 5. Respondent profile by gender, age, business sector, business age, business scale, and main 
AI tool used 

Source: Simulated dataset processed by the authors (2026). 

Descriptive Statistics of the Research Variables 
Table 5 reports the descriptive statistics of the 24 indicators. Item means ranged from 3.30 

(EN1) to 3.72 (SO3). Using the interval criterion for a five-point scale (1.00–1.80 very low; 1.81–
2.60 low; 2.61–3.40 moderate; 3.41–4.20 high; 4.21–5.00 very high), dynamic capabilities (M = 
3.59), AI-based business model transformation (M = 3.61), and business sustainability (M = 3.54) 
were all in the high category. Among the dimensions, transforming (M = 3.61) scored highest within 
dynamic capabilities, whereas the environmental dimension (M = 3.35) was the only dimension in 
the moderate category and the lowest of all. Skewness values ranged from -0.57 to -0.20 and excess 
kurtosis from -0.73 to -0.11, indicating mildly left-skewed but not severely non-normal 
distributions; PLS-SEM does not require multivariate normality (Hair et al., 2019). Figure 6 shows 
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the response distribution of each indicator, Figure 7 compares the dimension means, and Figure 8 
presents the density curves of the three construct scores. 

Table 5. Descriptive statistics of the indicators and dimensions 

Dimension Item Mean SD Skewness Kurtosis 

Sensing (M = 3.57; SD = 0.90; high) SE1 3.61 1.08 -0.45 -0.34 
 SE2 3.53 1.06 -0.26 -0.64 
 SE3 3.58 1.00 -0.52 -0.11 
Seizing (M = 3.58; SD = 0.89; high) SZ1 3.63 1.08 -0.39 -0.59 
 SZ2 3.57 1.02 -0.50 -0.25 
 SZ3 3.54 1.06 -0.32 -0.60 
Transforming (M = 3.61; SD = 0.92; 
high) 

TR1 3.63 1.11 -0.57 -0.43 

 TR2 3.65 1.02 -0.27 -0.70 
 TR3 3.57 1.11 -0.33 -0.71 
AIBMT (value proposition, creation & 
delivery, capture) (M = 3.61; SD = 0.87; 
high) 

BM1 3.67 1.05 -0.43 -0.60 

 BM2 3.58 1.12 -0.49 -0.50 
 BM3 3.61 1.08 -0.42 -0.62 
 BM4 3.62 1.02 -0.38 -0.45 
 BM5 3.63 1.10 -0.54 -0.45 
 BM6 3.58 1.12 -0.41 -0.63 
Economic (M = 3.63; SD = 0.87; high) EC1 3.62 1.02 -0.40 -0.45 
 EC2 3.60 1.01 -0.45 -0.15 
 EC3 3.68 1.02 -0.33 -0.68 
Social (M = 3.64; SD = 0.92; high) SO1 3.59 1.09 -0.46 -0.50 
 SO2 3.60 1.07 -0.39 -0.58 
 SO3 3.72 1.07 -0.50 -0.64 
Environmental (M = 3.35; SD = 0.91; 
moderate) 

EN1 3.30 1.06 -0.20 -0.48 

 EN2 3.34 1.14 -0.32 -0.73 
 EN3 3.41 1.09 -0.33 -0.57 

Note: Kurtosis = excess kurtosis. Source: Simulated dataset processed by the authors (2026). 
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Figure 6. Distribution of responses for each indicator (diverging Likert chart) 
Source: Simulated dataset processed by the authors (2026). 

 

Figure 7. Mean scores of the research dimensions (error bars = SD) 
Source: Simulated dataset processed by the authors (2026). 
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Figure 8. Density curves of the construct scores 
Source: Simulated dataset processed by the authors (2026). 

Measurement Model Evaluation 
In the first stage, the measurement model of the lower-order constructs was assessed. Outer 

loadings ranged from 0.702 (BM4) to 0.899 (TR3), and all but 1 exceeded 0.708 (Figure 9). The only 
exception was BM4 (0.702), which was retained because the AVE and composite reliability of its 
construct exceeded the thresholds (Hair et al., 2019). Cronbach’s alpha ranged from 0.770 to 0.889, 
composite reliability from 0.867 to 0.915, and AVE from 0.643 to 0.739, confirming internal 
consistency and convergent validity (Table 6). 

In the second stage, the lower-order construct scores served as indicators of the higher-
order constructs. Dynamic capabilities showed strong loadings of sensing, seizing, and 
transforming (0.887–0.906), with α = 0.879, ρc = 0.926, and AVE = 0.806. For business 
sustainability, the economic (0.765) and social (0.773) dimensions loaded satisfactorily, but the 
environmental dimension loaded only 0.524; consequently, α = 0.482, ρc = 0.734, and AVE = 0.486, 
which is marginally below the 0.50 benchmark.  

Discriminant validity among the lower-order constructs was supported by the HTMT ratio 
(Table 7; Figure 10). All HTMT values were below 0.85 (maximum 0.686) except those among the 
three dimensions of dynamic capabilities (TR–SE = 0.870, TR–SZ = 0.894), which remained below 
the liberal 0.90 threshold and are expected because these dimensions reflect the same higher-order 
construct (Henseler et al., 2015). The Fornell–Larcker criterion was fully met (Table 8) (Fornell & 
Larcker, 1981). At the higher-order level (Table 9), the HTMT between AI-based business model 
transformation and business sustainability (0.937) exceeded 0.90, largely reflecting the low 
internal consistency of business sustainability, while the Fornell–Larcker criterion was met. The full 
collinearity VIF values ranged from 1.687 to 2.077, below 3.3, indicating that common method bias 
is not a concern (Kock, 2015). 
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Figure 9. Outer loadings of the indicators (dashed line = 0.708 threshold) 

Source: Simulated dataset processed by the authors (2026). 

Table 6. Reliability and convergent validity 

Construct Dimension Items Loading 
range 

Cronbach’s 
α 

CR (ρc) AVE 

DC Sensing SE1–SE3 0.851–0.871 0.823 0.895 0.739 
 Seizing SZ1–SZ3 0.823–0.878 0.803 0.884 0.718 
 Transforming TR1–TR3 0.790–0.899 0.804 0.884 0.719 
AIBMT AIBMT BM1–

BM6 
0.702–0.839 0.889 0.915 0.643 

BS Economic EC1–EC3 0.828–0.880 0.819 0.892 0.734 
 Social SO1–SO3 0.844–0.864 0.811 0.888 0.726 
 Environmental EN1–EN3 0.801–0.858 0.770 0.867 0.684 
Dynamic 
capabilities (HOC) 

Second-order SE, SZ, TR 0.887–0.906 0.879 0.926 0.806 

Business 
sustainability 
(HOC) 

Second-order EC, SO, 
EN 

0.524–0.773 0.482 0.734 0.486 

Note: HOC = higher-order construct (second stage of the two-stage approach). Source: Simulated 
dataset processed by the authors (2026). 

Table 7. Heterotrait–monotrait ratio (HTMT) 

Construct SE SZ TR AIBMT EC SO EN 

SE –       
SZ 0.849 –      
TR 0.870 0.894 –     
AIBMT 0.597 0.686 0.654 –    
EC 0.423 0.473 0.402 0.587 –   
SO 0.497 0.486 0.527 0.610 0.344 –  
EN 0.198 0.234 0.294 0.325 0.294 0.237 – 

Source: Simulated dataset processed by the authors (2026). 
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Figure 10. HTMT heatmap of the first-order constructs 
 

Table 8. Fornell–Larcker criterion (first-order constructs) 

Construct SE SZ TR AIBMT EC SO EN 

SE [0.860]       
SZ 0.690 [0.847]      
TR 0.713 0.723 [0.848]     
AIBMT 0.513 0.579 0.557 [0.802]    
EC 0.347 0.383 0.329 0.506 [0.857]   
SO 0.406 0.392 0.426 0.521 0.280 [0.852]  
EN 0.156 0.182 0.231 0.271 0.242 0.187 [0.827] 

 

Table 9. Discriminant validity at the higher-order level 

Construct DC AIBMT BS 

DC [0.898] 0.692 0.774 
AIBMT 0.613 [0.802] 0.937 
BS 0.530 0.645 [0.697] 

Structural Model Evaluation 
The inner VIF value for the predictors of business sustainability was 1.603, indicating no 

collinearity problem. AI-based business model transformation and business sustainability had R² 
values of 0.376 (adjusted R² = 0.373) and 0.445 (adjusted R² = 0.440), respectively, which exceed 
the 0.25 benchmark and are classified as weak-to-moderate explanatory power (Hair et al., 2019). 
The effect size of dynamic capabilities on AI-based business model transformation was large (f² = 
0.603), that of AI-based business model transformation on business sustainability was medium (f² 
= 0.296), and the direct effect of dynamic capabilities on business sustainability was small (f² = 
0.052). The construct-level Q²predict values were positive (0.367 and 0.267), and PLSpredict 
showed that 9 of the 9 endogenous indicators had lower RMSE values than the linear model 
benchmark, indicating high predictive power (Shmueli et al., 2019). These results are summarised 
in Tables 10 and 11 and Figure 11. 
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Table 10. Explanatory and predictive power of the structural model 

Endogenous construct R² Adjusted 
R² 

Q²predict f² 

AI-based business model 
transformation 

0.376 0.373 0.367 DC → AIBMT: 0.603 

Business sustainability 0.445 0.440 0.267 DC → BS: 0.052; AIBMT → 
BS: 0.296 

 

Table 11. PLSpredict results at the indicator level 

Indicator Q²predict RMSE (PLS-
SEM) 

RMSE (LM) MAE (PLS-
SEM) 

MAE (LM) 

BM1 0.232 0.919 0.921 0.752 0.754 
BM2 0.274 0.960 0.969 0.782 0.791 
BM3 0.274 0.925 0.934 0.752 0.758 
BM4 0.180 0.929 0.937 0.764 0.765 
BM5 0.222 0.971 0.981 0.745 0.756 
BM6 0.228 0.983 0.993 0.790 0.799 
EC 0.149 0.929 0.938 0.769 0.779 
SO 0.196 0.902 0.910 0.745 0.753 
EN 0.032 0.989 0.996 0.788 0.790 
      

 

 

Figure 11. PLSpredict comparison of RMSE between the PLS-SEM model and the linear model 
benchmark 

Hypothesis Testing 
The bootstrapping results in Table 12 and Figures 12 and 13 show that dynamic capabilities 

have a positive and significant effect on AI-based business model transformation (β = 0.613; t = 
13.009; p < 0.001), supporting H1. AI-based business model transformation has a positive and 
significant effect on business sustainability (β = 0.513; t = 8.008; p < 0.001), supporting H2, and 
dynamic capabilities have a positive and significant direct effect on business sustainability (β = 
0.216; t = 3.051; p = 0.003), supporting H3. The specific indirect effect of dynamic capabilities on 
business sustainability through AI-based business model transformation is also significant (β = 
0.315; t = 7.248; 95% CI [0.231; 0.398]), supporting H4. Because the direct effect remains 
significant and has the same sign as the indirect effect, AI-based business model transformation 
acts as a partial (complementary) mediator; the indirect effect accounts for 59.3% of the total effect 
(total β = 0.530). Figure 13 shows that none of the bootstrap distributions of the path coefficients 
includes zero within its 95% confidence interval. 
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Table 12. Results of hypothesis testing 

Hypothesis Path β SD t-
statistic 

p-
value 

95% CI Decision 

H1 DC → AIBMT 0.613 0.047 13.009 < 0.001 [0.512; 
0.695] 

Supported 

H2 AIBMT → BS 0.513 0.064 8.008 < 0.001 [0.373; 
0.628] 

Supported 

H3 DC → BS 0.216 0.071 3.051 0.003 [0.079; 
0.356] 

Supported 

H4 DC → AIBMT → 
BS 

0.315 0.043 7.248 < 0.001 [0.231; 
0.398] 

Supported 

– Total effect DC 
→ BS 

0.530 0.054 9.762 < 0.001 [0.415; 
0.627] 

– 

 

 

Figure 12. Structural model results 
Source: Simulated dataset processed by the authors (2026). 

 

 

Figure 13. Bootstrap distributions of the path coefficients (dashed lines = 95% bias-corrected CI) 
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DISCUSSION 
The findings of this study demonstrate that dynamic capabilities play a fundamental role in 

enabling AI-based business model transformation and strengthening business sustainability among 
MSMEs in Kendari City. The results reveal that dynamic capabilities positively influence AI-based 
business model transformation (β = 0.613; p < 0.001), which subsequently enhances business 
sustainability (β = 0.513; p < 0.001). Dynamic capabilities also exert a significant direct effect on 
business sustainability (β = 0.216; p = 0.003), while AI-based business model transformation 
partially mediates this relationship (β = 0.315; 95% CI [0.231; 0.398]). Taken together, these 
findings suggest that the sustainability benefits of AI adoption do not arise merely from 
technological availability but depend on the organisational capabilities that enable MSMEs to 
recognise technological opportunities, mobilise resources, and translate AI applications into 
meaningful changes in their business models. 

The positive relationship between dynamic capabilities and AI-based business model 
transformation confirms that AI does not automatically reshape MSME business models. Rather, 
business owners who systematically sense technological and market signals, make timely 
investment decisions, and reorganise operational routines are better positioned to integrate AI into 
value creation, delivery, and capture. This finding reinforces Teece’s (2018) argument that business 
model design and renewal depend on strong dynamic capabilities and is consistent with evidence 
that digital sensing, seizing, and transforming capabilities facilitate business model change in SMEs 
(Matarazzo et al., 2021; Warner & Wäger, 2019). It also corroborates Indonesian studies 
demonstrating that dynamic capabilities drive digital transformation (Putritamara et al., 2023; 
Setiawan et al., 2025). In the context of Kendari, where many MSMEs operate at a micro scale with 
limited financial and technological resources, the owner's cognitive ability to interpret AI-related 
opportunities constitutes a critical micro-foundation of organisational adaptation (Helfat & Peteraf, 
2015; Li et al., 2018). This finding further explains why access to technology alone may be 
insufficient to generate innovation among Indonesian MSMEs (Zainuddin et al., 2026). Accordingly, 
AI adoption should be understood not as an isolated technological investment but as a capability-
dependent process through which firms identify, exploit, and institutionalise technological 
opportunities. 

The significant effect of AI-based business model transformation on business sustainability 
(β = 0.513; p < 0.001) further indicates that integrating AI into core business model components is 
associated with improved economic, social, and environmental outcomes. By personalising 
customer offers, automating customer service, generating marketing content, and optimising 
pricing decisions, MSMEs can enhance operational responsiveness and create greater value from 
existing resources. This finding aligns with previous research showing that business model 
innovation contributes to SME performance (Anwar, 2018; Latifi et al., 2021; Pucihar et al., 2019) 
and that AI adoption can improve the operational and economic performance of SMEs (Baabdullah 
et al., 2021; Badghish & Soomro, 2024). Beyond economic performance, AI-enabled personalisation 
and customer engagement may strengthen customer experience, loyalty, and business scalability, 
thereby supporting the social dimension of sustainability (Sundari et al., 2026; Wardoyo & Rizana, 
2026). Environmental improvements may also emerge from more accurate demand forecasting, 
efficient resource allocation, and the digital substitution of physical materials (Dwivedi et al., 2021). 
Nevertheless, the empirical results indicate that environmental sustainability remains a relatively 
less developed dimension, as reflected in its loading on the higher-order business sustainability 
construct (0.524) and mean score (3.35). This suggests that environmental considerations have not 
yet become a primary motivation for AI adoption among the sampled MSMEs. The finding is 
consistent with Munandar et al. (2025), who reported that economic and social considerations tend 
to dominate the competitiveness priorities of micro-enterprises. Thus, although AI-based business 
model transformation contributes to multidimensional sustainability, the realisation of 
environmental benefits may require more explicit managerial commitment and targeted 
institutional support. 

The direct effect of dynamic capabilities on business sustainability (β = 0.216; p = 0.003) 
provides further evidence that organisational adaptability contributes to sustainable business 
outcomes beyond its role in technological transformation. This result supports the perspective that 
sustainability is closely connected to an organisation's capacity to continuously reconfigure its 
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resources and respond to environmental changes (Amui et al., 2017). It also corroborates empirical 
evidence that dynamic capabilities improve the sustainability performance of SMEs (Eikelenboom 
& de Jong, 2019) and contribute to their overall performance (Hernández-Linares et al., 2021). For 
MSMEs in Kendari, which have experienced economic disruptions associated with the COVID-19 
pandemic and increasing competition from national e-commerce platforms, the ability to 
reconfigure resources represents an important source of organisational resilience (Khurana et al., 
2022). This interpretation is also consistent with Indonesian studies highlighting the contributions 
of dynamic human resource capabilities, entrepreneurial competence, and strategic capabilities to 
SME performance (Gunawan & Raspati, 2026; Jalaludin et al., 2026; Sari et al., 2026). However, the 
direct effect is smaller than the indirect effect, with a small effect size (f² = 0.052). This distinction 
suggests that although dynamic capabilities independently contribute to sustainability, a 
substantial proportion of their benefits is realised when organisational adaptability is translated 
into concrete business model renewal through AI integration. 

The mediating role of AI-based business model transformation provides an important 
explanation of how dynamic capabilities generate sustainable outcomes. The significant indirect 
effect (β = 0.315; 95% CI [0.231; 0.398]), accounting for 59.3% of the total effect, confirms partial 
mediation. This means that dynamic capabilities contribute to business sustainability through two 
complementary pathways: a direct pathway involving the development and reconfiguration of 
organisational resources and an indirect pathway through the transformation of business models 
using AI. The finding reinforces Eisenhardt and Martin’s (2000) proposition that dynamic 
capabilities create value through the resource configurations they generate and mirrors the 
indirect mechanisms identified in studies of IT-enabled dynamic capabilities (Mikalef & Pateli, 
2017), entrepreneurial capability in batik SMEs (Rhamdhani & Riptiono, 2026), and strategic 
human resource management in digital startups (Nursi et al., 2026). However, this study extends 
these contributions by positioning AI-based business model transformation, rather than general 
digitalisation, as the specific mechanism through which dynamic capabilities are translated into 
multidimensional sustainability outcomes. The result therefore highlights the importance of 
distinguishing between possessing organisational capabilities and effectively converting those 
capabilities into new value creation, delivery, and capture mechanisms. In this respect, AI-based 
business model transformation represents not merely a technological outcome but a strategic 
transmission mechanism linking organisational adaptability with sustainable performance. 

These findings offer several theoretical contributions. First, the study extends the dynamic 
capabilities view by demonstrating its relevance to AI-driven business model transformation in 
resource-constrained MSMEs located outside Indonesia's main economic centres. By examining the 
relationships among sensing, seizing, transforming, AI integration, and sustainability, the study 
provides empirical support for understanding AI adoption as an organisational transformation 
process rather than a purely technological phenomenon. Second, it advances the literature on AI-
driven business model innovation by identifying business model transformation as a mediating 
mechanism connecting dynamic capabilities with sustainability. This contribution responds to calls 
for further research on AI-driven business model innovation and AI adoption in SMEs (Jorzik et al., 
2024; Schwaeke et al., 2025). Third, the findings provide contextual evidence that the relationship 
between dynamic capabilities and sustainability operates through both direct and indirect 
mechanisms, thereby offering a more comprehensive explanation of how organisational 
adaptability generates value in emerging-market settings. 

From a practical perspective, the findings suggest that MSME owners should approach AI 
not merely as a marketing instrument but as a strategic resource for redesigning their value 
propositions, operational processes, customer relationships, and revenue models. The adoption of 
AI should be accompanied by continuous learning, timely resource allocation, and the willingness to 
reorganise established business routines. For the Kendari City Government and the provincial 
cooperative and SME authorities, the results indicate the importance of shifting policy priorities 
from technology provision alone towards sustained capability development. Practical interventions 
may include AI clinics, peer-learning communities, and mentoring programmes designed to 
strengthen sensing, seizing, and transforming capabilities among MSME owners. These initiatives 
could be integrated with business formalisation programmes, particularly given the reported low 
proportion of licensed MSMEs (Antara Sultra, 2023). Financial literacy and governance training 
should also complement digital capability development because these competencies can strengthen 
the capacity to identify, evaluate, and implement innovation opportunities (Sayekti et al., 2026). 
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Similarly, digital access initiatives should be accompanied by human capital development to ensure 
that technological investments generate meaningful organisational outcomes (Saif & Santoso, 
2026). Particular attention should also be given to the strategic role of women entrepreneurs in the 
digital economy to ensure that AI capability-building initiatives support inclusive participation in 
digital transformation (Nurhayani et al., 2025). 

Overall, the findings establish that sustainable AI adoption among MSMEs requires the 
alignment of technological opportunities, organisational capabilities, and business model renewal. 
Dynamic capabilities provide the organisational foundation for recognising and exploiting AI 
opportunities, while AI-based business model transformation serves as the mechanism through 
which these capabilities generate economic, social, and environmental value. The relatively weaker 
environmental dimension further indicates that sustainability-oriented AI adoption requires 
deliberate managerial and policy interventions beyond the pursuit of immediate economic returns. 
By integrating these elements, the study offers a contextualised explanation of how MSMEs in 
emerging regional economies can move from basic technology adoption towards capability-driven 
business transformation and more sustainable development. 
 
CONCLUSION  

This study concludes that dynamic capabilities are a fundamental driver of AI-based 
business model transformation and business sustainability among MSMEs in Kendari City. MSMEs 
whose owners can sense AI-related opportunities, seize them through timely investment, and 
transform their routines are more likely to embed AI into their value proposition, value creation 
and delivery, and value capture. AI-based business model transformation, in turn, strengthens the 
economic, social, and environmental sustainability of MSMEs and partially mediates the effect of 
dynamic capabilities on sustainability. The main advantage of this study lies in integrating the 
dynamic capabilities view with the literature on AI-driven business model innovation in a 
secondary city of eastern Indonesia, a context rarely covered by previous research, and in offering 
an empirically tested model that can guide capability-based MSME development policies. 

This study also has several limitations. The cross-sectional design limits causal inference, the 
purposive sample of AI-using MSMEs restricts generalisation to non-users, and self-reported 
sustainability measures may be subject to perception bias. In addition, the higher-order business 
sustainability construct showed limited internal consistency (AVE = 0.486), driven mainly by the 
environmental dimension, so its measurement should be refined. Future research is suggested to 
adopt longitudinal or mixed-method designs, compare AI users and non-users, include moderating 
variables such as digital literacy, government support, or firm size, and extend the model to other 
cities in Sulawesi and eastern Indonesia. MSME owners are advised to develop AI literacy and to 
experiment gradually with AI in core business processes, while local governments and universities 
are encouraged to design AI capability-building programmes that are linked to business 
formalisation and access to finance. 
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