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ABSTRACT

This study aims to analyze the role of artificial intelligence (AI) adoption, , and information quality in improving e-commerce adoption and marketing performance of MSMEs. AI supports digital transformation through automation, data analysis and personalization of marketing strategies. Business owners' confidence plays a role in the adoption of new technologies, while the quality of relevant information aids effective decision-making. The survey method involved 222 MSME respondents in Palopo City, with data analysis using Partial Least Squares-based Structural Equation Modeling. The results showed that AI adoption has a significant effect on e-commerce adoption (p < 0.05), which in turn has a positive impact on marketing performance. Self-confidence increases technology adoption, while information quality strengthens users' trust in digital platforms although the impact on marketing performance is not directly significant. This study confirms the importance of synergy between AI adoption, , and information quality in creating innovative and efficient marketing strategies for MSMEs. The results of the study are expected to be a reference in developing digital transformation strategies for MSMEs.

	sustainable.	

[bookmark: PERKENALAN]INTRODUCTION
The use of technology has become one of the main drivers in digital transformation in various sectors, including micro, small and medium enterprises (MSMEs). Technologies such as artificial intelligence (AI) and e-commerce offer great opportunities for MSMEs to improve their competitiveness in an increasingly competitive market. AI enables business process automation, complex data analysis, and data-driven decision-making more quickly and accurately (Jelahut et al., 2021). , e-commerce allows MSMEs to expand their market reach, reduce geographical barriers, and increase accessibility to global consumers. The combination of these two technologies provides advantages

strategic significance for MSMEs in facing the challenges of modern markets (Arroyabe et al., 2024).
Business owners' self-confidence is also an important factor in influencing the decision to adopt new technology. Individuals with high self-confidence tend to be more risk-taking and more optimistic about the success of technology adoption (Blanchard et al., 2020). In addition, the quality of information obtained through various technological sources is a key element in business decision making. Relevant, accurate, and reliable information increases business confidence in new technologies and supports the implementation of more effective strategies (Adju et al., 2022).
While the potential benefits of AI and e-commerce adoption have been widely discussed in various studies, there is a gap in understanding how a combination of factors such as confidence, information quality, and technology adoption can holistically affect MSME marketing performance. Previous studies have focused more on the direct effects of each factor without highlighting the indirect relationships or interactions between these factors in the context of MSMEs. In addition, empirical studies on the mediating role of e-commerce adoption in the relationship between these variables and marketing performance are limited (Salah & Ayyash, 2024).
This research offers novelty by integrating the three main factors of AI adoption, confidence, and information quality into one comprehensive research framework. The purpose of this study is to analyze the direct and indirect relationships between these variables on the marketing performance of MSMEs, with e-commerce adoption as a mediating variable (Fonseka et al., 2022). The results of this study are expected to provide theoretical and practical contributions in the development of technology adoption strategies by MSMEs and become a reference for policy makers in supporting the digital transformation of MSMEs.

[bookmark: Adopsi_Kecerdasan_Buatan_(AI)]Artificial Intelligence (AI) Adoption

The adoption of artificial intelligence (AI) has become one of the main elements of digital transformation in various sectors, including MSMEs. AI technology enables automation of routine tasks, analysis of complex data, and personalization of marketing strategies. In the context of MSMEs, AI adoption provides strategic benefits such as operational efficiency, reduction of human errors, and improved customer experience through AI-based recommendation systems and chatbots (Hicham et al., 2023). Research by highlights that AI enables organizations to leverage data for better decision-making, thereby increasing competitiveness in the market. However, AI adoption also presents challenges, especially for MSMEs that often face  constraints. Factors such as high investment costs, limited technical skills, and resistance to change are major barriers. In this context, the organization's technological readiness and external support, including from the government and educational institutions, are key factors for successful AI implementation (Kian, 2021).
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[bookmark: Kepercayaan_Diri_(Self_Confidence)]Self Confidence
[bookmark: Kepercayaan_diri_memainkan_peran_penting]Self-confidence plays an important role in the technology adoption process, especially among MSME players. High self-confidence allows individuals to take risks and try new innovations, such as the adoption of AI and e-commerce. Bandura (1997), through his theory of self-confidence, explains that self-confidence serves as a catalyst that encourages businesses to face challenges and take advantage of technological opportunities. Business actors with high levels of self-confidence tend to be more optimistic about the results to be achieved, despite facing initial barriers such as technological complexity and market uncertainty (Markus et al., 2020). Research shows that simulation-based training programs can increase the self-confidence of MSME actors, which in turn accelerates the process of adopting new technologies.  addition, support from the business community or mentors can help increase , so that businesses are better prepared to face the risks associated with technology (Hollenbeck & Hall, 2004).
Information Quality

Information quality is one of the crucial elements in making effective business decisions. Accurate, relevant and reliable information provides a strong basis for businesses to understand market trends, customer needs and innovation opportunities (Tragandi et al., 2024). In the context of e-commerce adoption, good information quality increases businesses' trust in technology, thus encouraging them to utilize digital platforms more optimally. According to Rogers' (2003) Diffusion of Innovation theory, high-quality information is one of the important attributes that influence technology adoption decisions. Studies by show that information quality has a direct impact on the level of user satisfaction with digital platforms, which in turn affects the level of sustainability of technology adoption (Salah & Ayyash, 2024). However, MSME players often face the challenge of information overload, which can hinder their ability to filter and utilize relevant information. Solutions such as big data analytics and machine learning can help simplify the process of analyzing information, resulting in actionable insights.
E-commerce Adoption

The adoption of e-commerce has become one of the key strategies for MSMEs to overcome geographical limitations and expand their market reach. E-commerce technology allows businesses to reach new customers, reduce distribution costs, and increase product or service accessibility (Fonseka et al., 2022). The e-commerce adoption process involves stages such as technology introduction, trial, and full integration into business operations. Research shows that e-commerce provides benefits in the form of increased marketing efficiency and revenue growth. For example, through digital platforms, MSME players can collect customer data, monitor market trends, and offer a more personalized customer experience. However, e-commerce adoption requires readiness in terms of technological infrastructure, data management capabilities, and effective digital marketing strategies (Nurjaman, 2022). Other challenges are data security and platform maintenance costs, which often become obstacles for MSMEs in utilizing e- commerce to its full potential.
5. Marketing Performance
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Marketing performance is defined as an organization's ability to achieve marketing objectives such as increased revenue, customer satisfaction, and market share growth (Sindania & Hartono, 2022). In the context of digital transformation, technologies such as AI and e-commerce play an important role in improving the efficiency and effectiveness of marketing strategies. According to research by, digital technology helps organizations improve online marketing capabilities, such as market segmentation, content personalization, and digital campaign management. The use of technology also enables real-time data analysis, allowing businesses to respond more quickly and appropriately to market changes. However, the success of a marketing strategy depends not only on technology, but also on human factors, such as confidence and the ability to manage relevant information (Rahmawati et al., 2019).
Hypothesis Development
AI Adoption and E-Commerce Adoption

[bookmark: Dalam_konteks_e-commerce,_AI_memainkan_p]In the context of e-commerce, AI plays an important role in improving business efficiency and performance by analyzing customer data to generate insights that can be applied in strategic decision-making For example, AI can be used to provide recommendation systems, predict market trends, and manage customer service through chatbots, all of which contribute to a better customer experience (Salah & Ayyash, 2024). Research shows that the use of AI in e-commerce significantly improves operational efficiency, reduces human errors, and helps in accelerating business processes. Research shows that the adoption of AI in e-commerce not only improves business performance but also accelerates the digital transformation of small and medium-sized enterprises (SMEs) (Ayob, 2021). The combination of AI and e-commerce creates a dynamic ecosystem, where the adoption of more advanced technologies results in greater benefits, such as increased customer satisfaction, loyalty, and market competitiveness. We thus propose the following hypothesis:
[bookmark: H1:_Diduga_Adopsi_AI_mempunyai_pengaruh_]H1: It is suspected that AI adoption has a positive and significant influence on e-commerce adoption.
AI Adoption and Marketing Performance
The relationship between (AI) adoption and marketing performance can be explained through the Resource-Based View (RBV), which states that a firm's competitive advantage depends on resources that are valuable, rare, difficult to imitate, and irreplaceable. In the context of AI, these resources include technological infrastructure, data, skills, and the organization's ability to leverage technology effectively (Fonseka et al., 2022). However, while AI has the potential to improve performance through operational efficiency, data-driven decision-making, and personalized marketing strategies, there are several limitations that explain why this relationship may not be significant. AI adoption and marketing performance may be insignificant for several reasons related to both internal and external limitations of the firm (Chen et al., 2022). Internally, although Artificial Intelligence (AI) has great potential to improve operational efficiency, many companies face challenges in effectively utilizing AI capabilities. Research shows that AI adoption requires a combination of resources such as technology infrastructure, workforce skills, and a well-thought-out implementation strategy. If any of these elements are missing, the potential for AI to have a direct impact on marketing performance will be hampered (Gregory et al., 2019).  addition, AI-based decisions require good data management and organizational creativity, which are often not optimally integrated in many companies. Externally, the impact of AI adoption on marketing performance may also be limited by factors such as regulatory constraints, changing consumer preferences, and competition.

[bookmark: H2:_Diduga_Adopsi_AI_mempunyai_pengaruh_]H2: It is suspected that AI adoption has a negative and insignificant effect on marketing performance.
E- Commerce Adoption and Marketing Performance
E-commerce plays an important role in supporting market orientation by providing tools and platforms to collect customer data, monitor market trends, and interact directly with consumers. It states that companies with strong market orientation tend to be more innovative and responsive to consumer needs (Salah & Ayyash, 2024). With e-commerce, companies can offer a more personalized customer experience, easier access to products, and faster delivery, all of which contribute to improved marketing performance. E-commerce adoption has a positive and significant impact on marketing performance because it allows companies to expand market reach, increase operational efficiency, and improve customer experience (Octavia et al., 2020). In the context of small and medium-sized enterprises (SMEs), e-commerce helps companies overcome resource and infrastructure limitations by providing a cost-effective platform to sell products and services online. By utilizing digital technology, SMEs can convey product information widely, increase sales, and allow consumers to access products and prices easily. Research shows that e-commerce adoption is directly related to increased sales turnover, marketing efficiency, and business competitiveness in the global market.
[bookmark: H3:_Diduga_Adopsi_e-commerce_mempunyai_p]H3: It is suspected that e-commerce adoption has a positive and significant influence on performance.
Marketing.

Self-Confidence and E- Commerce Adoption
[bookmark: Kepercayaan_diri_berperan_penting_dalam_]Self-confidence plays an important role in increasing perceived behavioral control, which is a person's belief in their ability to successfully adopt technology (Adju et al., 2022). When individuals or businesses believe that they are capable of learning and operating an e-commerce platform, they tend to have a positive attitude towards technology, which in turn increases their intention to adopt it. Research shows that a positive attitude towards e-commerce supported by strong self-confidence significantly increases the likelihood of technology adoption. Self-confidence has a positive and significant relationship with e-commerce adoption because confident individuals tend to be more open to innovation and technological change (Fonseka et al., 2022). In a business context, self-confidence makes businesses feel capable of learning, implementing and managing e-commerce systems that may require new skills or business process adjustments. With , businesses are also more willing to take risks in technology investment, which is one of the important factors in successful e-commerce adoption (Lala et al., 2002). In addition, self-confidence helps overcome the fear of failure that is often an obstacle in making technology-related decisions. As a result, confident businesses tend to see e-commerce as an opportunity to improve their competitiveness and efficiency, resulting in a significant increase in technology adoption.
[bookmark: H4:_Diduga_Kepercayaan_diri_mempunyai_pe]H4: It is suspected that self-confidence has a positive and significant influence on e-commerce adoption.

Self-Confidence and Marketing Performance


Individuals with high self-confidence tend to attribute their success to internal factors, such as ability and effort, rather than to external factors such as luck. In marketing, this positive attribution encourages individuals to believe in their ability to design and execute effective marketing strategies (Hollenbeck & Hall, 2004). Self-confidence helps them to continuously learn from successes and failures, thus improving their ability to make better decisions in the future. In other words, confident individuals tend to take more initiative and utilize market opportunities more strategically, which contributes to better marketing performance (Sindania & Hartono, 2022). Self-confidence and marketing performance have a positive and significant relationship because self-confidence influences the ability of an individual or marketing team to act with confidence, innovation and resilience in the face of market challenges.
[bookmark: H5:_Diduga_Kepercayaan_diri_mempunyai_pe]H5: It is suspected that self-confidence has a positive and significant influence on performance.
Marketing.

Information Quality and E- Commerce Adoption
[bookmark: Kualitas_informasi_yang_tinggi_termasuk_]High information quality including accuracy, relevance, consistency, and timeliness helps users make better decisions (Muawanah & Trisnaningsih, 2022). In the context of e-commerce, high-quality information allows consumers to evaluate products or services with more , thus encouraging them to adopt e-commerce platforms. Clear and reliable information, such as customer reviews, product specifications, and return policies, reduces the uncertainty that is often a barrier to online transactions. When users feel they have enough information to make informed decisions, they tend to trust e-commerce platforms more (Rahmawati et al., 2019). The relationship between information quality and e-commerce adoption is positive and significant because high-quality information helps reduce consumers' perceived risk and increases trust in digital transactions. Overall, high information quality serves as a catalyst to increase consumers' usability, convenience, and trust in e-commerce platforms, which theoretically explains the positive and significant relationship between information quality and e-commerce adoption.
[bookmark: H6:_Diduga_Kualitas_informasi_media_sosi]H6: It is suspected that the quality of social media information has a positive and significant influence on e-commerce adoption.
Information Quality and Marketing Performance
When the information provided in a marketing context is too much or too complex, consumers can feel overwhelmed (Muawanah & Trisnaningsih, 2022). This results in their inability to process the information effectively, thereby reducing the positive impact of information quality on marketing performance. Although information quality is important, its impact on marketing performance depends on the context, mode of delivery, and the extent to which the information is relevant and understandable to the target market. If these factors are not met, information quality does not necessarily contribute significantly to improved marketing performance. Theoretically, it shows that information quality alone is not enough to ensure good marketing performance (Rahmawati et al., 2019). Other factors such as relevance, context of reception by the audience, and the organization's ability to utilize the information become key elements that determine marketing success. When these elements are not met, the relationship between information quality and marketing performance becomes insignificant or even negative.

[bookmark: H7:_Diduga_Kualitas_informasi_mempunyai_]H7: It is suspected that information quality has a negative and insignificant effect on marketing performance.
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METHODS
Population and Sample
This study included all SMEs in Palopo City, totaling 15,759 people as the population. Social media helped identify respondents through snowball sampling techniques. There were 275 respondents from Palopo City who agreed to participate in the study. However, this study only received 222 responses. In the initial analysis, the study excluded 50 incomplete responses. Thus, the study had a response rate of 80.72%. According to the survey methodology, a response rate exceeding 15% is considered acceptable. Therefore, this study has collected 222 responses and met all the requirements. Based on information about the characteristics of the research sample (table 1), the sample consisted of MSME players with female gender (0.53%). Furthermore, with a description of age 21-25 years (0.55%). Furthermore, the level of education is SMA / SMK (0.48%). Furthermore, the duration you usually use AI in a day is 1>2 hours (0.32%).%). In general, the duration of AI use ranges from 1 to 2 hours. Next, the types of umkm businesses managed by others (0.54%). Next is business turnover (0.39%). Next, the times when you usually use AI for business activities in one day during the day (0.45%).

Table 1: Description of Respondents	
Percentage
	Variables
	Percentage (%)
	Variables
	%

	Type gender	Types of	business	MSMES	that

	
	
	managed
	

	Male
	103 (0,46%)
	Services
	33 (0,14%)

	Female
	119 (0,53%)
	Culinary
	16 (0,7%)

	
	
	Trade
	50 (0,22%)

	
	
	Manufacturing
	4 (0,1%)

	
	
	Others
	121 (0,54%)

	Age
	
	Business Turnover
	

	15-20 yrs
	40 (0,18%)
	< Rp.500,000
	49 (0,22%)

	21-25 yrs
	122 (0,55%)
	Rp.1,000,000 - Rp.5,000,000
	87 (0,39%)

	26-30 yrs
	44 (0,20%)
	Rp.6,000,000 - Rp.10,000,000
	33 (0,15%)

	31-40 yrs
	9 (0,4%)
	Rp.11,000,000
	52 (0,23%)

	41-50 yrs
	5 (0,2%)
	
	

	Level education	Time-time	usually	you

	
	
	using AI to
	

	SMP
	6 (0,2%)
	business activities in one day
	

	SMA/SMK
	107 (0,48%)
	Morning (06:00 - 10:00)
	51 (0,23%)

	Diploma (D3)
	16 (0,17%)
	Daytime (11:00 - 15:00)
	99 (0,45%)

	Bachelor (S1)
	86 (0,39%)
	Afternoon (16:00 - 18:00)
	77 (0,35%)

	Master (S2)
	16 (0,7%)
	Nighttime (18:00 - 00:00)
	73 (33%)

	The duration you usually use
AI in a day

	< 1 hour
	49 (0,22%)

	1> 2 hours
	70 (0,32%)

	2> 3 hours
	53 (0,24%)

	4 hours
	52 (0,23%)


Measurement Items and Scale
Measurement items and scales are key components of quantitative research that often influence research results. Appropriate measurement items should be able to capture the concept of the construct being measured. The same measurement items were used in previous empirical research. Due to the complexity of scale development, the use of existing measurement items is usually considered more practical than creating new measurement items. AI adoption (AI); Trust KD); Information quality (KI); E-commerce adoption (AE); Marketing performance (KP) are measured using a seven-point Likert scale ranging from 1 (strongly disagree) to 7 (strongly ).

Table 2: Item Measurement
Construct	Loading
AI adoption Adapted from Chen et al. (2015), (Hansen & Bøgh, 2021; Ulas, 2019), Dwivedi et al. (2023), Rebs et al. (2019); α= 0.897; CR= 0.927; AVE= 0.762
E-commerce	0.835
Information systems	0.912
Customer Experience	0.892
supply chain	0.851
Self-confidence (KD) Adapted from Blanchard et al. (2002), (Compte & Postlewaite, 2005), Caplin and Leahy's
(2001), Brunnermeier and Parker's (2005); α= 0.873; CR= 0.913; AVE= 0.724
Motivation	0.836
Performance	0.837
Ego utility	0.870
Anticipatory utility	0.860
Information Quality (IQ) Adapted from Lala et al. (2002), Shaked and Sutton (1982),
(Moizer, 1986; Sutton and Lampe, 1991; Sutton, 1993), (Craig, 2000); α= 0.890; =
0.923; AVE= 0.749
Web trust	0.812
Process understanding	0.889
increased confidence	0.896
Better businnes bureau (BBB) online	0.862
Adoption of E-commerce (AE) Adopted from Shemi, A. P., & Procter, C. (2018), Juste, R., &
Milyung, P. (2016), (Razavi & AbAziz, 2017), Ginta, G. (2014); α= 0.913; CR= 0.938; AVE
= 0.792
Stages of e-commerce development	0.874
E-commerce adoption model	0.885
Stages of growth for E-businnes	0.898
E-commerce maturity model	0.903
Marketing Performance (KP) Adopted from (Thomas, 2009; Xia & Zhang, 2010), (Shoham, 1998), (Brouthers,
2013), Chang et al. (2010); α= 0.859; CR= 0.904; AVE= 0.703
Online marketing capabilities (OMC)	0.873
Investment development (ROI)	0.843
Revenue growth	0.869
Sales growth	0.858
Data Collection Procedure
This study used several steps in the data collection procedure. First, in the development of the questionnaire, this study applied the reverse translation procedure from English to Bahasa Indonesia and back to English. This aims to ensure the clarity of the questionnaire content. Second, after obtaining the final version of the questionnaire, an initial pilot test was conducted by sending the questionnaire to 50 respondents for preliminary data analysis. This procedure minimized potential biases that could affect the validity of the research results. This stage includes calculating possible measurement errors in the survey method, such as method bias, response bias, and social desirability bias, to improve the quality of the survey, as well as ensuring the questionnaire is understood by the respondents. Third, the main research was conducted by distributing questionnaires through social media and email.
This deployment was followed by a notification via text message to ensure that
questionnaires sent have been received by the respondents. This method is considered one of the best methods to reach a wide range of respondents at a low cost and in a timely manner.

Brief. To increase the response rate, at the end of every month during the study period, we sent an email to the respondents as a reminder. To keep the respondents' personal data confidential, we ensured that their names and identities would not be disclosed in this study. Data collection was conducted during the period October 2024 to December 2024.

RESULTS AND DISCUSSION
RESULTS
We use Partial Least Squares (PLS) Structural Equation Modeling (SEM) to
analyze research data and test research hypotheses (see Figure 2). PLS has a better ability to model simultaneous relationships between all latent constructs. In , this method can handle measurement error in the structural model. This is the reason for choosing this method.
PLS-SEM is also very accurate in predicting, especially for complex research. In , this technique is very useful in situations where theory is limited or structural models are difficult to formulate (James et al., 2024).
The following are the criteria for evaluating the structural model (outer model) using SEM- PLS:
· Reliability testing through composite reliability and Cronbach's alpha value
· Convergent validity which can be observed through factor loadings and average value of variance extracted (AVE); and
· Discriminant validity which can be seen from the correlation between latent constructs and the square root value of AVE.
 addition, a reliability test was conducted on the measurement model, or outer model, to ensure that the instrument measures the construct accurately, consistently, and precisely. We used composite reliability, Cronbach's alpha, and rho_c to measure reliability. The test results show that the values of all indicators are greater than the recommended value (>0.70) (James et al., 2024). , it can be concluded that the data used has a satisfactory level of reliability (see Table 3).
A rule of thumb (if the value is more than 0.60) is used to test convergent validity, which indicates how closely the measures (real variables) of a construct are related (Hamid et al., 2022). We achieve this by comparing the loading factor values with a certain number. The results show that the factor loadings for all constructs are higher than the recommended values.  addition, the AVE value for each construct is higher than the recommended threshold (if it is more than 0.50), which means that convergent validity is acceptable.
There are two methods used to assess discriminate validity. Starting with the Fornell-Larcker (1981) criterion, which requires the square root of the AVE of each structure to be greater than the
correlation with other structures. Furthermore, we used the Heterotrait-Monotrait Ratio (HTMT) as an additional method to evaluate discriminant validity in variance-based SEM. HTMT is considered more sensitive than other methods for finding discriminant validity. (Henseler et al., 2015).

Fornell-Larcker and HTMT support the constructs used in this study. This is because the HTMT value between two constructs must be less than 0.90 to indicate discriminant validity (see 3).
Structural model
The criteria used to assess the structural model (inner model) using SEM-PLS are as follows:
· R-squared is used for dependent constructs; and
· To determine the significance value, a bootstrapping procedure is carried out (t value greater than (>1.96) and significance level greater than 5%).
· The results of the evaluation of the structural model (inner model) conducted through the bootstrapping procedure to test the hypotheses proposed in this study are presented in (Table 4).
We assessed the quality of the structural model using the R and Q values for the dependent latent constructs. We use the Q2 value to determine the predictive ability of the model. A value of 0.75 means a strong model, 0.50 means moderate, and 0.25 means weak (Latan et al., 2021). The Q2 value is also used to determine the predictive relevance of the model: a Q2 value of> 0 indicates that the model has predictive relevance, while a Q2 value < 0 indicates that the model has no predictive relevance.
It was found that the R² value for the confidence construct was 0.285, which means that the variability of confidence, which can be explained by the variables of information quality, system quality, and social media marketing activities in the model, amounted to 28.5% and fell into the category of weak models.  addition, the Q2 value, the trust construct is 0.251> 0, and the user satisfaction construct is 0.541 > 0, which means that the model has predictive relevance.
On the other hand, the R Square value of the user satisfaction construct is 0.675, which means that the variability of user satisfaction that can be explained by the variables of information quality, system quality, social media marketing activities, and trust in the model is 67.5% and is included in the moderate model category.
Table 3: Reliability, Convergent and Discriminant Validity

	Construction
	1
	2
	3
	4
	5

	AI adoption (AI) (1)
	0.762
	0.762
	0.310
	0.291
	0.164

	E-commerce (AE) Adoption (2)
	0.322
	0.322
	0.890
	0.452
	0.637

	Self-Confidence (KD) (3)
	0.340
	0.340
	0.724
	0.851
	0.746

	Marketing Performance (KP) (4)
	0.304
	0.304
	0.860
	0.703
	0.839

	Information Quality (KI) (5)
	0.727
	0.727
	0.408
	0.321
	0.749


Notes: The value sulla diagonale in corsivo is the quadrato della variza media esstratta (AVE) in ciascun fattore. The diagonal value is equal to the correlation and the value and the diagonal value are equal to the HTMT. 1 etherotrait- monotrait, confidence interval of the criterion escluso 1; HTML (Henseler et al., 2015)

Table 4: Hypothesis Testing
	Hypothesis
	Relationship
	Coefficient
	T
	R2
	Q2
	p-Value
	Decision

	
	
	Path
	Statistics
	Square
	
	
	




	Direct effect
	
	
	
	
	

	H1
	AI → AE
	0.362
	6.595**
	0.000**
	Supported

	
	
	
	
	
	No

	H2
	AI → KP
	-0.084
	1.634ns
	0.102ns
	supported

	H3
	AE→ KP
	0.403
	5.149**
	0.000**
	Supported

	H4
	KD→ AE
	0.45
	6.126**
	0.000**
	Supported

	H5
	KD→ KP
	0.553
	7.443**
	0.000**
	Supported

	H6
	KI → AE
	0.288
	3.256**
	0.001**
	Supported

	
	
	
	
	
	No

	H7
	KI → KP
	0.099
	1.743ns
	0.081ns
	supported

	
Indirect effect

	
	AI→→
	
	
	
	
	
	

	
	KP
	0.146
	4.143**
	
	
	0.000**
	Supported

	
	KD→→
	
	
	
	
	
	

	
	KP
KI→→
	0.181
	3.796**
	
	
	0.000**
	Supported

	
	KP
	0.116
	2.641**
	
	
	0.008**
	Supported

	
	AE
	
	
	0.285
	0.259
	
	

	
	KP
	
	
	0.675
	0.541
	
	

	Effect
	
	
	
	
	
	
	

	Total
	
	
	
	
	
	
	

	
	AI→ KP
	0.146
	4.143
	
	
	0.000**
	

	
	KD→ KP
	0.181
	3.796
	
	
	0.000**
	

	
	KI → KP
	-0.116
	2.641
	
	
	0.008**
	



Notes: ** Statistically significant at 5%; ns not significant. The R2 value is usually 0.75 for the strong category, 0.50 for the medium category, and 0.25 for the weak category. A Q2 value higher than 0 indicates that the model has predictive relevance, while a Q2 value that is (more) lower indicates that the model has no predictive relevance.
Path coefficient analysis using PLS method and bootstrapping technique shows that from the results of (H1), AI adoption has a positive and significant effect on e-commerce adoption (β=0.362; p<0.05). For (H2), AI adoption has a negative and insignificant effect on marketing performance (β = - 0.084; p>0.05). For (H3), e-commerce adoption has a positive and significant effect on marketing performance (β=0.403; p<0.05). Furthermore, for (H4), self-confidence has a positive and significant effect on e-commerce adoption (β=0.450; p>0.05). Furthermore, for (H5), confidence has a significant positive effect on marketing performance (β=0.553; p<0.05). For (H6), information quality has a positive and significant influence on e-commerce adoption (β=0.453; p<0.05). Then for (H7), the information quality construct has a negative and insignificant effect on e-commerce adoption (β = -0.099; p>0.05).
Overall, the study supported its hypotheses, with other hypotheses not significantly affecting the findings of the analysis.
DISCUSSION
The purpose of this study is to analyze the direct and indirect relationships between these variables and the marketing performance of MSMEs, with the adoption of e-commerce.


as a mediating variable (Fonseka et al., 2022). Based on the results of data analysis conducted with SmartPLS, this study found several important findings that will be discussed in the theoretical and practical framework.

The Role of AI Adoption in Increasing E-Commerce Adoption in MSMEs
Artificial Intelligence (AI) has become an important element in digital transformation in the MSME sector, particularly in facilitating e-commerce adoption. AI adoption enables automation of operational processes and data analytics, which contributes to efficiency and effectiveness in decision-making. Based on the technology-organization-environment theory, technology readiness is a critical success factor for AI adoption. Previous research by Davis (1989) in the Technology Acceptance Model (TAM) theory also supports that the perceived ease of use and benefits of AI are the main factors that motivate MSME players to integrate AI into their e-commerce platforms. AI, such as chatbots and prediction algorithms, help MSMEs to improve customer experience by providing more personalized and responsive services. For example, AI-based chatbots can answer customer queries in real time, thus increasing customer satisfaction and loyalty. In addition, AI enables customer behavior analysis to understand market preferences and needs.

These results are consistent with research conducted by Kumar et al. (2022), who found that AI drives marketing efficiency by increasing the relevance of promotional campaigns. However, the main challenges in AI adoption involve high investment costs and limited technical skills among MSME players. Therefore, the role of the government and educational institutions is crucial in providing training as well as access to AI technologies at affordable costs. The practical implication of AI adoption is to increase digital market penetration and enable MSMEs to compete in the global market.

Self-Confidence as a Moderator Factor in AI Adoption

Self-efficacy plays an important role in the decision-making process of MSME players to adopt new technologies such as AI. Self-efficacy, which refers to an individual's belief in their ability to achieve certain goals, is a catalyst in overcoming resistance to change. Bandura (1997) in his theory of self-efficacy explains that individuals with high levels of confidence are more likely to try new things and face challenges proactively. In the context of MSMEs, self-confidence affects the extent to which business actors are able to explore the potential of AI in improving their business performance. MSME players who believe in their ability to learn and use AI show higher levels of technology adoption. Research by Zhang et al. (2021) showed that simulation-based training can increase the self-efficacy of MSME players, which in turn accelerates the technology adoption process.  addition, self-efficacy is also closely related to prior experience and knowledge. MSME players with experience using digital technology tend to have higher confidence in adopting AI. However, less confident businesses face psychological barriers, such as fear of failure and technological complexity. Therefore, inclusive approaches, such as providing mentorship programs and practical guidance, can help overcome these barriers.

Information Quality and Its Relevance to E-Commerce Adoption

Information quality is a key element in ensuring successful e-commerce adoption. Accurate, relevant and up-to-date information provides a strong basis for MSME players to make strategic decisions. In the Diffusion of Innovation theory (Rogers, 2003), the attribute of reliable information is one of the main factors in influencing the adoption rate of new technology. The availability of quality information helps MSMEs understand the benefits, risks and how to use e-commerce effectively. For example, MSME players who have access to market data and consumer trends can develop more targeted marketing strategies. The study by Lee et al. (2020) shows that the quality of information affects the level of user satisfaction with e-commerce platforms, which has an impact on the sustainability of technology adoption. However, the challenge faced by MSMEs is the difficulty in filtering valid information amidst the flood of data (information overload). Therefore, a platform that can present organized and relevant information to support decision-making is needed. The use of technologies such as big data and machine learning can help MSMEs in analyzing data efficiently, resulting in meaningful and actionable insights.

The Relationship between AI Adoption, , and Information Quality to MSME Marketing Performance


The synergy between AI adoption, , and information quality has a significant impact on MSME marketing performance. AI plays a role in automating marketing processes, such as market segmentation and content personalization, which improves the efficiency and effectiveness of marketing campaigns. The confidence of MSME players is a driving factor in utilizing AI optimally, while the quality of information ensures that the marketing strategies developed are based on valid data. Research by Nguyen et al. (2023) shows that the combination of these three variables increases innovation in MSME marketing strategies. For example, the use of AI for customer data analytics allows MSME players to identify new market opportunities, while information quality helps them design relevant strategies. Confidence is a decisive element in taking measured risks to implement these strategies. Nonetheless, this success is not without its challenges. MSME players need to overcome internal barriers, such as limited resources and resistance to change, as well as external barriers, such as intense market competition. Therefore, a holistic approach that includes capacity building, access to technology, and policy support is needed to increase AI adoption, confidence, and information quality among MSME players.

CONCLUSION

This study provides insight into the role of artificial intelligence (AI) adoption, , and information quality in improving e-commerce adoption and its impact on MSME marketing performance. The results show that AI adoption significantly influences e-commerce adoption, which in turn contributes positively to marketing performance. AI technology enables business process automation, complex data analysis, and personalization of marketing strategies, providing MSMEs with the efficiency they need to compete in the digital marketplace. However, the direct influence of AI on marketing performance was found to be insignificant, indicating the importance of other supporting factors to optimize its benefits. The self-confidence of MSME players was also found to be an important factor in driving technology adoption. Individuals with high levels of confidence are more willing to take risks, including trying new innovations such as AI and e-commerce. Strong self-confidence helps businesses overcome psychological challenges such as fear of failure, making the adoption of digital technology easier. Information quality is another important element that influences business decisions. Relevant, accurate and reliable information supports MSMEs in understanding the benefits of technology and designing effective marketing strategies. Information quality significantly drives e-commerce adoption by providing a basis for better decision-making. However, the direct impact of information quality on marketing performance is not significant, confirming that this factor requires support from other elements to generate optimal impact. The synergy between AI adoption, confidence, and information quality forms an innovative ecosystem and supports the marketing performance of MSMEs.

LIMITATIONS

This research has several limitations. The geographical coverage is limited to MSMEs in Palopo City, making the results less representative of other regions. The non-probability sampling method may result in selection bias, while the cross-sectional approach does not capture long-term changes. The focus on the main variables-AI adoption, confidence, and information quality-limits the analysis of other factors such as organizational culture and external support. External factors, such as government policies and market situations, were also not explored. Survey data that

relying on respondents' self-reports is prone to perception bias. This limitation is an opportunity for further research with a broader and more in-depth approach.
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