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ABSTRACT 
Objective: The DKI Jakarta government program targets 80% of MSMEs to go digital by 2025, but empirical evidence on whether the use of artificial intelligence (AI) actually improves business performance is still inconsistent, especially in developing countries. This study examines the relationship between AI usage intensity and business performance by including company size variation as a contingency condition. 
Method: A quantitative approach was used, with data collected from 300 MSME owners/managers in five administrative areas of DKI Jakarta (Central, North, South, East, West Jakarta) who had adopted at least one AI tool (e.g., ChatGPT, Meta Ads, inventory bot) in the last three months. The Technology Acceptance Model (TAM) was expanded with the construct of company size (micro, small, medium). Structural Equation Modeling (SEM) maximum likelihood analysis was used with the Full-Information Maximum Likelihood (FIML) feature to handle missing data. 
Results: The model showed excellent fit (χ²/df = 1.13; CFI = 0.993; RMSEA = 0.021; SRMR = 0.018). Surprisingly, AI usage intensity did not significantly affect business performance (β = 0.085; p = 0.113). Company size had a strong direct effect on performance; small companies had an indirect effect on performance through AI usage, while medium-sized companies did not show a significant effect on that pathway. The mediating effect of AI usage was insignificant on both measures. 
Implications: The “adoption without impact” paradox indicates that the availability of complementary resources (dynamic capabilities, digital infrastructure, human resource skills) is the main determinant of AI value creation. Policy programs need to integrate management training and infrastructure funding, not just provide access to technology. 
Originality – This study is the first quantitative test to show the insignificant effect of AI use on the performance of SMEs in ASEAN using a contingency SEM-TAM approach. 
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1. INTRODUCTION  
Jakarta contributes 17.2% of the national GDP and is home to 495,000 micro, small, and medium enterprises (MSMEs) (BPS-DKI Jakarta, 2023). The DKI Jakarta government launched the Jakarta Smart City & SME Digital Leap 2025 program, which targets 80% of MSMEs to adopt digital technology, including artificial intelligence (AI), to increase competitiveness. However, Jakarta's MSME AI readiness index (42%) is still far below Singapore (71%) and Malaysia (58%) (ASEAN, 2023). This readiness gap raises an important question: does the adoption and use of AI really improve MSME business performance, or does it create an “adoption paradox” in resource-constrained environments?
Global evidence provides mixed results. The OECD (2021) shows that AI can increase the productivity of manufacturing SMEs by 15–25% in developed countries, but only when supported by adequate analytical capabilities and data infrastructure. This indicates that technology alone is not enough; the quality of complementary resources determines value creation. In developing countries, the uneven distribution of digital infrastructure increases the risk that AI adoption will not automatically lead to improved performance.
The classic Technology Acceptance Model (TAM) (Davis, 1989) explains adoption behavior through perceived usefulness and perceived ease of use, which influence behavioral intention and ultimately actual use. However, the majority of research stops at the intention level, without testing whether the intensity of actual use is related to organizational performance. A meta-analysis by Dwivedi et al. (2023) of 147 articles found that only 37% of studies tested the relationship between actual use and performance. This confirms a methodological gap in the post-adoption TAM literature, particularly regarding the role of actual technology use in creating business value.
The context of MSMEs in Jakarta reinforces the urgency to examine this gap. According to the Resource-Based View (RBV), technology only creates competitive advantage when combined with complementary assets that are rare and difficult to imitate (Barney, 1991; UNCTAD, 2021). In practice, many micro and small MSMEs in Jakarta face limitations in capital, internet bandwidth, and analytical skills. A survey by the Jakarta Cooperative and SME Agency (2023) found that 46% of SMEs still operate with internet speeds of <10 Mbps, and 63% do not have data backup procedures. Without adequate infrastructure, the intensity of AI use is often not translated into task-technology fit that is relevant to business processes (Goodhue & Thompson, 1995).
Previous research in various countries highlights similar findings. Badghish & Soomro (2024) show that AI adoption only improves the sustainable performance of Saudi SMEs when combined with managerial dynamic capabilities. Hansen & Bøgh (2021) found that Danish manufacturing SMEs that implemented AI–IoT only succeeded in reducing defect rates if they already had lean process knowledge. Venkatesh (2022) also emphasizes that organizational factors and managerial interventions (e.g., training, incentives) influence whether AI use actually has an impact, so that intensive use without adequate absorptive capacity tends not to produce performance.
The OECD meta-analysis literature (2022) even shows that the effect of AI on productivity is size-dependent: micro and small MSMEs need external support mechanisms (subsidies, mentoring, training) for AI adoption to be effective. Conversely, medium MSMEs have higher absorptive capacity because they are able to build data pipelines and cross-functional teams. Thus, company size has the potential to be an important contingency factor that moderates the relationship between AI usage intensity and business performance.
Based on this background, this study proposes two main research questions:
· RQ1: Does AI usage intensity have a positive effect on the business performance of MSMEs in Jakarta?
· RQ2: Does company size strengthen or weaken this relationship?

This research has a dual contribution. Theoretically, this study expands TAM by incorporating the contingency variable of company size, as well as integrating the RBV perspective to explain the paradox of AI adoption in the context of limited resources. Methodologically, this study examines the relationship between actual use and performance using a Covariance-Based Structural Equation Modeling (CB-SEM) approach based on Full Information Maximum Likelihood (FIML). With a sample of 300 SMEs in Jakarta, this study provides the first quantitative evidence in ASEAN that emphasizes the role of complementary conditions and company size in determining the business value of AI. This adds to the literature on information computing and statistics by showing that post-adoption TAM testing requires a rigorous SEM approach to verify the real impact of technology in a developing economy context.

2. LITERATURE REVIEW AND HYPOTHESIS DEVELOPMENT  
2.1 Technology Acceptance Model (TAM)  
The Technology Acceptance Model (TAM) explains that perceived usefulness (PU) and perceived ease of use (PEOU) influence behavioral intention, which in turn influences actual use (Davis, 1989). This model is widely used to examine technology adoption in various contexts, but the majority of research stops at the intention stage and rarely tests the relationship between actual use and performance (Dwivedi et al., 2023).
In the context of AI, post-adoption studies emphasize that usage intensity is an important predictor of organizational performance. Duan, Edwards, & Dwivedi (2019) show that actual AI usage improves decision quality only when supported by data governance and analytical skills. Badghish & Soomro (2024) also find that in Saudi SMEs, AI usage intensity improves sustainable performance, particularly through dynamic capabilities.
This study expands TAM by focusing the analysis on the post-adoption relationship, namely from AI usage intensity to business performance, using Covariance-Based SEM in the context of Jakarta MSMEs.

2.2. Resource-Based View (RBV) and Task-Technology Fit (TTF)
The Resource-Based View (RBV) argues that competitive advantage arises from a bundle of resources that are scarce, difficult to imitate, and non-substitutable (Barney, 1991). In the context of AI, successful implementation depends on complementary assets, such as quality data, analytical skills, cloud infrastructure, and a culture of knowledge sharing (Hansen & Bøgh, 2021; UNCTAD, 2021). Without these assets, technology does not generate economic rents.
In line with RBV, the Task-Technology Fit (TTF) theory asserts that technology only improves performance when it is appropriate for the task at hand (Goodhue & Thompson, 1995). In MSMEs, the fit between AI and business processes mediates the relationship between usage intensity and performance. Without high TTF, usage intensity becomes meaningless, as organizations are unable to absorb the value of the adopted technology.
2.3. Company Size as a Size Variable (Main Effect)
Micro and small SMEs often face the liability of smallness: limited capital, time, and access to AI talent. The OECD (2022) emphasizes that the impact of AI on productivity is size-dependent, where micro SMEs require external support mechanisms, while larger SMEs have greater capacity to build data pipelines and cross-functional teams.
The results of this study (SEM-TAM220805) show that company size does not significantly moderate the relationship between AI usage intensity and business performance. Therefore, company size is treated as a direct effect on business performance (main effect).
2.4. Hypothesis
Based on the above literature review, there are several consistent patterns of findings. First, previous studies show that AI usage intensity has the potential to improve organizational performance, although this effect often depends on complementary conditions such as data quality, analytical skills, and task-technology fit. Thus, further empirical testing is needed in the context of emerging markets, particularly MSMEs in Jakarta, to confirm whether these mechanisms apply.
Second, company size has long been viewed as an important factor in adopting and utilizing digital technology. RBV literature and OECD studies emphasize that larger companies have a higher capacity to absorb the benefits of technology, while micro and small companies are often constrained by the liability of smallness. However, the results of SEM analysis in this study show that company size does not function as a moderator, but rather as a direct explanatory factor for variations in business performance.
Based on this theoretical foundation, and considering the empirical findings from this study's data, the research hypotheses are formulated as follows:
· H1: The intensity of AI use has a positive effect on the business performance of MSMEs in Jakarta.
· H2: Company size has a positive effect on the business performance of MSMEs in Jakarta.

3. METHODOLOGY  
This study uses a quantitative-positivist approach with a cross-sectional survey design. The main objective is to examine the causal relationship between the intensity of AI use and the business performance of MSMEs, as well as the moderating effect of company size. The analysis was conducted using covariance-based structural equation modeling (CB-SEM) because the model is confirmatory and the data is ordinal (Hair et al., 2019).
3.1 Population and Sample
Population: 495 thousand MSMEs registered in DKI Jakarta (BPS-DKI Jakarta, 2023). A minimum sample of 263 was calculated using the Rao-soft tool (margin of error 5%, power 80%) in accordance with the recommendations of Krejcie & Morgan (1970). Sampling technique: stratified proportionate based on region (5 municipalities) and sector (trade, food, creative services). Online (Google Forms) and offline (drop-off) questionnaires were distributed from June to July 2024. A total of 300 valid questionnaires were collected.
3.2 Operational Definitions and Instruments
· AI Usage Intensity (3 items, α = 0.81): frequency, duration, and variety of AI features used per week (5-point Likert scale; 1 = Strongly Disagree, 5 = Strongly Agree; adapted from Davis, 1989).
· Business Performance (3 items, α = 0.85): growth in turnover, profit, and number of customers vs. last year (5-point scale; adapted from Liang et al., 2022).
· Company Size: micro (≤4 employees), small (5–19), medium (20–99) categories based on Law No. 20/2008.
· Controls: business age (years) and sector (retail, food, creative services).
All constructs use a 5-point Likert scale (1 = Strongly Disagree, 5 = Strongly Agree).
3.3 Validity and Reliability Tests
· Convergent validity: outer loading ≥ 0.60 and significant (p < 0.001) (Hair et al., 2019).
· Internal reliability: Cronbach α ≥ 0.70 (Nunnally & Bernstein, 1994).
· Common method bias: Harman single-factor 42% (< 50%) and marker-variable test (Podsakoff et al., 2003).
3.4 Data Analysis
The model was tested using covariance-based structural equation modeling (CB-SEM) with Maximum Likelihood Estimation (MLE) in JASP 0.18. Missing data were handled using Full-Information Maximum Likelihood (FIML). Goodness-of-fit criteria:
· χ²/df < 3.00
· CFI ≥ 0.95
· RMSEA ≤ 0.08
· SRMR ≤ 0.08 (Hu & Bentler, 1999; Hair et al., 2019)
Mediation tests were conducted using bias-corrected bootstrap 5,000 replications to calculate confidence intervals according to CB-SEM standards (Hayes, 2018). Post-hoc power analysis showed power > 0.80 for effect β = 0.15 (medium).

4. RESULTS  
4.1. Measurement Model Evaluation (Outer Model)
Before testing the structural relationships, the measurement model was evaluated to ensure construct validity and reliability. Table 4.1 shows that all indicators have outer loadings ≥ 0.68 and are significant at p < 0.001. The AVE values of all constructs are above 0.50, indicating adequate convergent validity (Hair et al., 2019). Internal reliability is also met, with Cronbach's α and Composite Reliability both above the threshold of 0.70 (Nunnally & Bernstein, 1994).
Thus, no indicators were eliminated because all met the validity and reliability requirements.
Table 4.1. Summary of Construct Validity & Reliability
	Construct
	Cronbach α
	Composite Reliability
	AVE
	Lowest Loading 

	Using_AI
	0,81
	0,87
	0,69
	0,68

	Performance_Business
	0,85
	0,89
	0,73
	0,71


Source: JASP 0.18 output (processed by the author, 2024)

4.2. Goodness-of-Fit of the Structural Model
The next step was to evaluate the adequacy of the structural model. The goodness-of-fit test results in Table 4.2 indicate excellent model fit. The χ²/df value = 1.13 (<3.00) indicates good fit. Furthermore, the CFI = 0.993 and TLI = 0.996 both exceed the ≥ 0.95 criterion, thus meeting the standards for excellent fit (Hu & Bentler, 1999). The RMSEA = 0.021 with a 90% CI of 0.000–0.085, and the SRMR = 0.018 (<0.08), also indicate very adequate model fit (Bentler, 1990).
Overall, the combination of various fit indices indicates that the estimated model represents the data very well.
Table 4.2. Model Fit Indices
	Index
	Score
	Criteria
	Note

	χ²/df
	1,13
	< 3,00
	Baik

	CFI
	0,993
	≥ 0,95
	Baik

	TLI
	0,996
	≥ 0,95
	Baik

	RMSEA
	0,021
	≤ 0,08
	Baik

	SRMR
	0,018
	≤ 0,08
	Baik


Source: JASP 0.18 output (processed by the author, 2024)

4.3. Hypothesis Testing (Path Coefficients)
After confirming the suitability of the model, hypothesis testing was conducted with a focus on path coefficients. The results (Table 4.3) show that:
· H1: The path from AI_Usage → Business_Performance produced a coefficient of β = 0.085 with p = 0.113. This effect is not significant, so the intensity of AI usage has not been proven to directly improve the business performance of MSMEs in Jakarta. This finding is consistent with the study by Duan et al. (2019), which emphasizes the importance of complementary assets for AI usage to truly create value.
· The effect of company size on performance: both small SMEs (β = 0.446, p < 0.001) and medium-sized SMEs (β = 0.548, p < 0.001) have a significant positive effect on business performance. This supports the literature that firm size is directly related to the capacity to achieve performance through technology adoption (Hermanto et al., 2024; Wang & Zhang, 2025).
· The effect of firm size on AI usage: Small SMEs show a significant influence on the intensity of AI usage (β = 0.269, p < 0.001). Conversely, in medium SMEs, the effect is not significant (β = 0.091, p = 0.181), indicating that AI usage is not solely influenced by size, but also by other factors such as resource readiness and organizational culture.
Table 4.3. Summary of Path Coefficients
	Path
	β
	SE
	z
	p
	95 % CI
	Description

	H1: AI_Usage → Business_Performance
	0,085
	0,053
	1,60
	0,113
	[-0,020; 0,189]
	Not significant

	Small → Business_Performance
	0,446
	0,040
	11,15
	< 0,001
	[0,368; 0,524]
	Significant

	Medium → Business_Performance
	0,548
	0,034
	16,12
	< 0,001
	[0,481; 0,615]
	Significant

	Small → AI_Usage
	0,269
	0,066
	4,08
	< 0,001
	[0,140; 0,398]
	Significant

	Medium → AI_Usage
	0,091
	0,068
	1,34
	0,181
	[-0,042; 0,224]
	Not significant


Source: JASP 0.18 output (processed by the author, 2024)

4.4. Testing for Mediation Effects
The next analysis assessed whether AI use mediates the relationship between firm size and business performance. Bootstrap results (5,000 replications) in Table 4.4 show that both mediation paths are insignificant (p > 0.10). Thus, AI use does not function as the primary mechanism transmitting the effect of firm size on performance. This supports the argument in the RBV that complementary assets, not simply the intensity of technology use, will determine whether AI adoption provides tangible benefits (Barney, 1991; UNCTAD, 2021).

Table 4.4. Summary of Mediation Effects (Bootstrap 5,000 replications)
	Mediation Path
	β
	SE
	z
	p
	95 % BC CI
	Description

	Small → AI_Usage → Business_Performance  
	0,023
	0,016
	1,44
	0,144
	[-0,008; 0,053]
	Not significant

	Medium → AI_Usage → Business_Performance
	0,008
	0,008
	1,02
	0,308
	[-0,007; 0,022]
	Not significant


Source: JASP 0.18 output (processed by the author, 2024)

4.5. Coefficient of Determination (R²)
In addition, the R² value shows the explanatory power of the model. A total of 7.4% of the variance in AI usage intensity is explained by company size, while 46.9% of the variance in business performance is explained by company size and AI usage intensity. The R² value for business performance can be categorized as moderate to strong (Chin, 1998), indicating that the model is able to explain almost half of the variation in the business performance of Jakarta MSMEs.

5. DISCUSSION  
5.1. Main Interpretation: The AI Adoption Paradox in Jakarta MSMEs
The test results show that H1 is rejected: the intensity of AI use does not have a significant effect on the business performance of Jakarta MSMEs (β = 0.085; p = 0.113). This finding confirms the adoption paradox phenomenon: the adoption of advanced technology does not automatically translate into improved performance without the support of complementary resources (Barney, 1991; UNCTAD, 2021).
Duan, Edwards, & Dwivedi (2019) emphasize that actual AI use only improves decision quality when organizations have data governance and analytical skills. In the context of Jakarta's micro SMEs, limitations in infrastructure and human resources (Jakarta Provincial ICT Survey, 2023) explain why usage intensity has not yet contributed significantly to performance.
From the Task-Technology Fit perspective (Goodhue & Thompson, 1995), intensive AI usage without adequate fit risks becoming a routine operational activity, “button pushing” without a feedback loop that leads to process improvement. The R² value of AI_Usage = 0.074 reinforces the impression that company size only slightly explains the variation in usage intensity; other factors, such as organizational capabilities, digital culture, and ecosystem networks, are more likely to be decisive (Li et al., 2018; Hermanto et al., 2024).
Furthermore, the study by Badghish & Soomro (2024) shows that dynamic capabilities are a key mediator: without these capabilities, AI usage intensity is difficult to convert into sustainable performance. The current findings reinforce this literature: AI adoption needs to be viewed as part of an organizational capability system, not as a single input that guarantees results.

5.2. The Role of Firm Size as a Direct Contingency
Analysis shows that firm size directly influences performance but does not moderate the relationship between AI usage → performance (moderation is not significant in your data). In other words, the size effect emerges as a main effect.
For small SMEs, a positive effect on AI usage was found (β = 0.269; p < 0.001), but the mediating path of AI usage → performance was not significant (mediation β = 0.023; p = 0.144). This indicates that small SMEs tend to adopt easily accessible AI solutions (cloud apps, chatbots), but limitations in capital, human resources, and capabilities make such adoption less impactful on actual performance (UNCTAD, 2021; OECD, 2022).
For medium-sized SMEs, AI usage is not significantly correlated (β = 0.091; p = 0.181), but medium size has a strong direct effect on performance (β = 0.548; p < 0.001). Interpretation: Medium-sized SMEs have alternative resources, operational scale, marketing networks, and organizational structures that contribute more to performance than simply the intensity of AI usage. This is in line with the findings of Li et al. (2018), which emphasize the role of entrepreneurial capabilities and organizational context in the digital transformation process of SMEs, not just the intensity of technology usage itself.
In summary, the data shows that: (a) adoption/usage intensity is not sufficient to drive performance without complementary capabilities; (b) company size affects performance through a direct channel (resource/access), not through moderation of AI usage in this sample.
5.3 Theoretical Contribution
This study makes an important contribution to the development of the Technology Acceptance Model (TAM) in a post-adoption context. For more than three decades, TAM has been widely used to explain the intention to use technology, but relatively few studies have examined the actual use → performance pathway (Rosli, 2022). The results of this study show that the intensity of AI use does not have a significant effect on the business performance of MSMEs in Jakarta, thereby strengthening the argument that the TAM model needs to be expanded with an additional theoretical framework.
First, these findings support the Resource-Based View (RBV) perspective that technology can only generate performance advantages when accompanied by complementary resources such as analytical skills, data governance, and digital infrastructure (Barney, 1991; Duan et al., 2019). In other words, usage intensity alone is insufficient to explain performance without complementary assets.
Second, company size was found to directly influence performance, although it did not function as a moderator. This is consistent with the OECD (2021) finding that SME digitalization is size-dependent, with small businesses often facing resource constraints (liability of smallness) that limit their use of technology.
Third, this study highlights the importance of combining TAM with the RBV lens and size contingency when applied in emerging markets. Thus, the post-adoption model cannot be viewed solely from the perspective of individual behavior, but must consider the organizational context, resource constraints, and environmental conditions (Dwivedi et al., 2023; Li et al., 2018).
Overall, this study enriches the literature by emphasizing that technology adoption should be understood as a process tied to organizational capacity and environment, rather than simply an individual usage decision.
5.4 Policy Implications & Management Practices
The results of this study also have important implications for public policy and MSME management. Local government support programs such as the Jakarta AI-SME Voucher 2.0 should not stop at license subsidies, but should be designed as a comprehensive resource-enablement package (UNCTAD, 2021).
First, intensive mentoring for at least three months is needed, focusing on practical application, setting key performance indicators (KPIs), and feedback loop mechanisms. This step helps improve task-technology fit so that AI adoption is not merely routine use but truly supports core business processes (Goodhue & Thompson, 1995).
Second, digital infrastructure support needs to be a priority, for example in the form of cloud credits and subsidies for adequate internet connection speeds. Without a basic data pipeline, AI usage is difficult to integrate into daily business processes (OECD, 2021).
Third, program budget allocation needs to be strategically directed. As research shows that small SMEs tend to be more interested in adopting AI (β = 0.269) but are constrained by limited resources, at least 60% of the budget should be allocated to this group.
Finally, the effectiveness of interventions must be measured through measurable ROI indicators. Mentoring should report weekly business benefits so that MSME managers can see concrete evidence of digital investment. This is in line with the findings of the OECD (2021) and Hermanto et al. (2024) that absorptive capacity is a determining factor for AI to truly provide added value.
5.5. Research Limitations
Every study has limitations that need to be noted so that the results can be understood proportionally. This study is no exception.
First, this study has a cross-sectional design, which does not allow for capturing the dynamics of changes in AI usage intensity over time. In fact, recent literature emphasizes that the MSME digitalization process is gradual and requires a long adaptation period (Zhao et al., 2025). Therefore, longitudinal research is needed to observe the AI usage trajectory in the medium and long term.
Second, business performance data was collected through self-reported instruments, which are prone to memory bias and perception bias. The use of more objective performance indicators, such as official turnover from tax returns or verified financial reports, would increase the external validity of the research results.
Third, this study does not distinguish between the types of AI tools used. However, the impact of AI can vary depending on the category of use: chatbots, predictive analytics, or computer vision may have different contributions to performance (Duan et al., 2019). Future research needs to group AI tools to capture more specific variations in effects.
Fourth, the research sample was limited to the retail, food, and creative services sectors in Jakarta. The results of this study may not be generalizable to other sectors, such as manufacturing or agriculture, which have different business process characteristics (OECD, 2021).
Thus, although this study makes a significant contribution, its results need to be interpreted with caution, especially regarding cross-sector generalization, AI categories, and long-term dynamics.
5.6. Future Research Agenda
The limitations outlined above pave the way for the next research agenda.
First, objective data-based longitudinal research needs to be conducted. In line with the OECD (2021) recommendation, a study with two time points (T1 and T2) over 8–12 months would be better at capturing AI usage patterns over time (usage trajectory). Additionally, using tax returns or official financial statements as performance indicators would reduce subjective bias and enhance the credibility of results.
Second, a new conceptual framework needs to be developed that integrates TAM, RBV, and digital infrastructure, for example through what could be called an AI Resource-Enablement Framework. This model could include indicators such as cloud readiness index, mentor availability, and regulatory sandbox. Empirical testing could be conducted using multigroup CB-SEM (e.g., comparing small vs. medium SMEs) to explore whether resource prerequisites can strengthen the path from AI usage to performance.
Third, future research is advised to adopt a mixed-methods approach. Quantitative analysis through CB-SEM can provide an overview of the pattern of variable relationships, while case study-based qualitative studies can delve into the internal mechanisms—how successful small MSMEs are able to convert AI usage into performance improvement. This approach allows researchers to understand not only whether AI has an impact, but also how that impact is created (Li et al., 2018; Wang & Zhang, 2025).
Thus, the future research agenda will be more comprehensive in answering critical questions that remain open: how AI usage evolves over time, how variations in AI types affect performance, and what factors bridge adoption to sustainable business value.

6. CONCLUSION  
This study examines the AI adoption paradox in 300 Jakarta SMEs using the TAM model expanded by RBV and company size as contingency variables. CB-SEM results show that AI usage intensity does not significantly affect business performance, supporting the view that advanced technology does not automatically generate advantages without complementary resources. Conversely, company size emerges as a stronger direct predictor of performance, both for small and medium SMEs, while the mediating path of AI usage proves insignificant.
These findings have two main implications. First, theoretically, this study expands the post-adoption TAM literature by demonstrating the importance of integrating the RBV perspective and considering organizational contingency factors such as company size. Thus, this study confirms that usage intensity will only create value when supported by organizational capabilities and supporting resources. Second, practically, the results emphasize the need for comprehensive policy interventions, not just technology license subsidies. Support programs for SMEs should focus on increasing absorptive capacity through training, mentoring, and adequate digital infrastructure, with priority given to small businesses that have a high interest in adoption but are constrained by resources.
As with other studies, this study has limitations, including the cross-sectional nature of the data, the use of self-reported performance indicators, and limited sector coverage. Therefore, future research is recommended to adopt a longitudinal design, utilize objective performance data, and apply a mixed-methods approach to explore the mechanisms of converting AI usage into business value.
Overall, the main conclusion of this study is that AI adoption will only be effective if accompanied by dynamic capabilities, digital infrastructure support, and comprehensive public policies. Without these, the intensity of technology use tends to be insufficient to generate sustainable competitive advantages for MSMEs in developing markets.
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