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Abstract– This study examines the influence of Big Data 

Analytics Capability on Purchase Intention in e-commerce by 

considering the mediating roles of AI-Driven Personalisation and 

Trust in Artificial Intelligence. A quantitative explanatory 

approach was adopted using Partial Least Squares Structural 

Equation Modelling (PLS-SEM) with data collected from 343 

Ecuadorian consumers who had recently purchased through e-

commerce platforms using artificial intelligence tools. The findings 

reveal that Big Data Analytics Capability positively influences AI-

Driven Personalisation and Trust in Artificial Intelligence, while 

AI-Driven Personalisation also strengthens Trust in Artificial 

Intelligence. Furthermore, Trust in Artificial Intelligence has a 

positive effect on Purchase Intention. These results demonstrate 

that the strategic value of Big Data lies not only in data 

management but also in its ability to generate actionable knowledge 

that enables personalised experiences and strengthens consumer 

trust. The study contributes to the literature by providing empirical 

evidence from an emerging Latin American market and offers 

practical implications for firms adopting artificial intelligence in e-

commerce.  

Keywords-- Big Data; Personalisation; Trust in Artificial 

Intelligence; Purchase Intention.  

 

I.  INTRODUCTION  

E-commerce has become one of the main drivers of the 

global digital economy, transforming how consumers search 

for information, evaluate alternatives, and make purchasing 

decisions [1]. According to [2], global e-commerce market 

revenues are projected to reach USD 3.88 trillion in 2026, 

growing at an annual rate of 6.84%, surpassing USD 5.05 

trillion by 2030 and exceeding 4.1 billion users. This 

expansion has intensified competition among firms, which 

increasingly rely on data-driven technologies to better 

understand consumer behaviour and deliver more efficient and 

personalised shopping experiences [3]. 

Machine learning algorithms, recommender systems, and 

generative artificial intelligence enable firms to analyze vast 

amounts of data and transform them into personalised 

recommendations, dynamic promotions, and shopping 

experiences tailored to individual consumer preferences [4]. 

Consequently, companies no longer compete solely with their 

ability to collect data but on their capability to develop 

analytical competencies that transform Big Data into 

intelligent decisions capable of creating customer value and 

strengthening customer relationships [5]. 

In Latin America, this digital transformation is 

progressing even faster than the global average. According to 

[6], e-commerce in the region is growing at a rate 1.5 times 

higher than the global average, while approximately 84% of 

online purchases are completed through smartphones. This 

environment has encouraged the expansion of international 

platforms such as Amazon, SHEIN, and Walmart, while also 

strengthening domestic companies that incorporate artificial 

intelligence solutions to enhance the customer experience [7]. 

However, rapid technological development also raises an 

important challenge: understanding the mechanisms through 

which Big Data analytics capability translates into higher 

consumer purchase intention [8]. 

Although Big Data analytics capability has become a 

strategic resource for improving business competitiveness, 

empirical evidence remains limited [9]. Most existing studies 

have focused on technological, organisational, or data 

management issues, whereas relatively few have examined 

how these capabilities are perceived by consumers and how 

they influence purchasing decisions [10]. Likewise, although 

AI-driven personalisation has attracted growing attention in 

digital marketing research, limited evidence explains the 

mechanism through which it strengthens consumers' trust in 

artificial intelligence and subsequently influences purchase 

intention, particularly within emerging Latin American 

markets [11]. 

The Ecuadorian context provides a particularly relevant 

setting for addressing this research problem. The rapid growth 

of e-commerce, widespread internet penetration, and extensive 

use of social media have accelerated the adoption of artificial 

intelligence technologies in the retail sector [12]. According to 

[13], approximately 32% of Ecuadorian consumers have used 

artificial intelligence tools, such as virtual assistants or 

chatbots, to receive recommendations during online shopping. 

Likewise, Ecuador records more than 17.3 million TikTok 

users, 7.4 million Instagram users, and 7.3 million Facebook 

users, primarily concentrated in Guayaquil and Quito, 

reflecting an environment characterised by extensive data 

generation and increasing interaction between consumers and 

digital platforms [14]. 

Against this background, the objective of this study is to 

examine the influence of Big Data Analytics Capability on 

Purchase Intention in e-commerce by considering the roles of 

AI-Driven Personalisation and Trust in Artificial Intelligence 

as explanatory mechanisms of consumer behaviour. 

This study contributes to the literature in three ways. 

First, it integrates Big Data Analytics Capability, AI-Driven 

Personalisation, and Trust in Artificial Intelligence into a 

single explanatory model of consumer behaviour in e-
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commerce. Second, it provides empirical evidence from the 

consumer perspective in an emerging Latin American market, 

helping to address the limited evidence available in this 

context. Finally, it offers practical implications for firms by 

demonstrating that the strategic value of Big Data depends not 

only on data availability but also on the capability to transform 

it, through artificial intelligence, into personalised experiences 

that strengthen consumer trust and increase purchase intention.  

II. LITERATURE REVIEW 

A. Big Data Analytics Capability as an Antecedent of AI-

Driven Personalisation and Trust in Artificial Intelligence  

Big Data Analytics Capability has emerged as one of the 

most important strategic capabilities for organisations 

operating in digital environments, enabling them to collect, 

integrate, and interpret large volumes of data generated across 

multiple consumer touchpoints [15]. Beyond data availability, 

this capability reflects a firm's ability to transform data into 

actionable knowledge that supports decision-making and 

creates customer value [16]. In e-commerce, these capabilities 

facilitate a deeper understanding of consumers' behavioural 

patterns, preferences, and needs, thereby providing the 

foundation for the development of advanced artificial 

intelligence strategies [17]. 

In this context, artificial intelligence has significantly 

increased the strategic value of Big Data by employing 

algorithms capable of processing information in real time to 

deliver personalised recommendations, content, and 

experiences tailored to individual consumers [18]. 

Consequently, AI-driven personalisation largely depends on 

the quality of organisational data and the analytical capability 

with which firms manage them [19]. According to [20], 

organisations with stronger analytical capabilities develop 

more accurate, relevant, and dynamic personalisation systems, 

thereby improving user experience and enhancing business 

competitiveness. From the consumer perspective, such 

personalisation increases the perception that firms understand 

individual needs, leading to more efficient and satisfying 

interactions throughout the purchasing process [21]. 

Furthermore, Big Data Analytics Capability may directly 

strengthen consumers' trust in artificial intelligence [22]. 

When intelligent systems generate recommendations that are 

consistent, timely, and aligned with individual preferences, 

consumers perceive automated decisions as more accurate and 

trustworthy, thereby reducing the uncertainty associated with 

intelligent technologies [23]. In this sense, trust is not 

developed solely through the existence of artificial intelligence 

algorithms but also through the perception that these 

algorithms effectively utilise available information to deliver 

useful and reliable outcomes [24]. Therefore, stronger Big 

Data Analytics Capability represents an important antecedent 

of both AI-driven personalisation and trust in artificial 

intelligence. 

Based on these arguments, the following hypotheses are 

proposed: 

H1. Big Data Analytics Capability positively and 

significantly influences AI-Driven Personalisation. 

H2. Big Data Analytics Capability positively and 

significantly influences Trust in Artificial Intelligence.  

B. The Influence of AI-Driven Personalisation on Trust in 

Artificial Intelligence 

AI-driven personalisation has transformed the way firms 

interact with consumers in digital environments [25]. Unlike 

traditional segmentation strategies, artificial intelligence 

systems continuously analyze users' behaviour, preferences, 

and browsing history to adapt recommendations, promotions, 

and content in real time for each individual [26]. This 

continuous learning capability enables firms to deliver more 

relevant and efficient experiences, thereby increasing 

consumers' perceived value throughout the purchasing process 

[27]. 

According to [28], personalisation is one of the primary 

mechanisms through which consumers develop trust in 

intelligent systems. When AI-generated recommendations are 

perceived as accurate, useful, and aligned with individual 

needs, consumers experience lower uncertainty regarding 

automated decisions and become more willing to accept 

technology-generated recommendations [29]. In this regard, 

trust depends not merely on the use of artificial intelligence 

but on the perception that it consistently delivers relevant and 

beneficial outcomes for users [30]. 

Recent empirical studies demonstrate that effective 

personalisation strengthens perceptions of competence, 

reliability, and credibility in intelligent systems, all of which 

represent essential dimensions in the development of trust in 

artificial intelligence [31]. Consequently, when consumers 

perceive that recommendations effectively match their 

preferences and needs, they develop greater confidence in 

artificial intelligence as a reliable assistant during the 

purchasing process, thereby fostering a stronger relationship 

between consumers and digital platforms [32]. 

Based on these arguments, the following hypothesis is 

proposed: 

H3. AI-Driven Personalisation positively and significantly 

influences Trust in Artificial Intelligence.  

C. The Influence of Trust in Artificial Intelligence on 

Purchase Intention 

Trust has long been recognised as one of the key 

determinants of consumer behaviour in digital environments 

because it reduces the uncertainty inherent in transactions 

conducted through technological platforms [33]. In the context 

of artificial intelligence, trust becomes even more critical, as 

consumers delegate part of their decision-making process to 

algorithms capable of recommending products, responding to 

enquiries, and personalising shopping experiences [34]. 

Consequently, the acceptance of these technologies depends 

on consumers' perceptions that intelligent systems operate in a 

reliable, competent, and user-oriented manner [30].  

Recent empirical evidence indicates that higher levels of 

trust in artificial intelligence increase consumers' willingness 

to follow AI-generated recommendations and use them as 



6th LACCEI International Multiconference on Entrepreneurship, Innovation and Regional Development - LEIRD 2026. “Capability-Based 

Entrepreneurship: Artificial Intelligence and Innovation for Scaling into the New Global Economy” - Virtual Edition, December 1 – 3, 2026                                 3 

decision-support tools throughout the purchasing process [35]. 

When consumers perceive that artificial intelligence provides 

accurate, objective, and useful information, perceived risk 

decreases while the likelihood of purchasing through digital 

platforms increases [36]. Conversely, low levels of trust 

constrain the adoption of intelligent technologies, thereby 

limiting their ability to influence purchasing decisions [37]. 

From this perspective, trust in artificial intelligence 

represents a psychological mechanism linking firms' 

technological capabilities with consumers' behavioural 

responses [38]. Therefore, the greater the trust consumers 

place in the artificial intelligence systems employed by e-

commerce platforms, the stronger their purchase intention will 

be [39]. 

Based on the theoretical and empirical evidence presented 

above, the following hypothesis is proposed: 

H4. Trust in Artificial Intelligence positively and 

significantly influences Purchase Intention.  

III. METHODOLOGY  

This study adopted a quantitative explanatory research 

design to examine the influence of Big Data Analytics 

Capability on Purchase Intention by considering the roles of 

AI-Driven Personalisation and Trust in Artificial Intelligence 

within the e-commerce context. To test the proposed 

hypotheses, Partial Least Squares Structural Equation 

Modelling (PLS-SEM) was employed using SmartPLS 4 

software [40]. This technique is particularly appropriate for 

prediction-oriented research and the analysis of causal 

relationships among latent variables, while simultaneously 

assessing both the measurement and structural models [41]. 

The target population comprised Ecuadorian consumers 

aged 18 years or older who had purchased products through e-

commerce platforms during the previous six months and had 

used websites or mobile applications incorporating artificial 

intelligence tools, such as personalised product 

recommendations, virtual assistants, or chatbots. The final 

sample consisted of 343 consumers selected through non-

probability convenience sampling because of the accessibility 

of participants with recent digital shopping experience. Data 

were collected between March and May 2026 using an online 

questionnaire distributed through various digital platforms. 

The questionnaire consisted of 23 questions. Two were 

screening questions to verify that respondents had purchased 

through e-commerce platforms and interacted with artificial 

intelligence tools during the six months preceding the study, 

four collected socio-demographic information, and 17 items 

measured the four constructs examined: Big Data Analytics 

Capability (5 items) [15; 18], AI-Driven Personalisation (4 

items) [30; 26], Trust in Artificial Intelligence (4 items) [35], 

and Purchase Intention (4 items) [39]. All items were 

measured using a five-point Likert scale ranging from 1 

("Strongly disagree") to 5 ("Strongly agree"). Before data 

collection, a pre-test was conducted to assess the clarity and 

comprehensibility of the questionnaire. The measurement 

scales were adapted from previous studies on Big Data 

analytics, artificial intelligence, and consumer behaviour. 

Furthermore, data analysis followed the PLS-SEM 

guidelines proposed by [40] and [41]. First, the measurement 

model was assessed by examining internal consistency 

(Cronbach's Alpha and Composite Reliability), convergent 

validity (Average Variance Extracted [AVE]), and 

discriminant validity (Fornell–Larcker criterion and the 

Heterotrait–Monotrait ratio [HTMT]). Subsequently, the 

structural model was evaluated by assessing collinearity 

(Variance Inflation Factor [VIF]), bootstrapping with 5,000 

resamples, the coefficient of determination (R²), and 

predictive relevance (Q²).  

 

A. Sample Characteristics  

Sample characterisation represents a fundamental stage in 

quantitative research, as it describes the participants' profile 

and verifies the suitability of the data for addressing the 

research objective. Accordingly, Table 1 presents the socio-

demographic profile and purchasing behaviour of the 343 

consumers included in this study. The results indicate a 

predominance of male respondents (56.3%), participants aged 

between 26 and 35 years (35.9%), and consumers with a 

university degree (50.4%). In addition, most respondents 

reported purchasing through e-commerce platforms two or 

three times per month (34.7%), confirming their recent 

experience in digital shopping environments.  

 
TABLE 1 

SAMPLE CHARACTERIZATION 

Gender N % 

Male 193 56.3 

Female 150 43.7 

Age N % 

18–25 years 82 23.9 

26–35 years 123 35.9 

36–45 years 76 22.2 

46–55 years 42 12.2 

56 years or older 20 5.8 

Educational Level N % 

Secondary education 51 14.9 

Technical/Technological 

education 
68 19.8 

University degree 173 50.4 

Postgraduate degree 51 14.9 

Purchase Frequency 

on E-commerce 

Platforms 

N % 

Less than once a month 67 19.5 

Once a month 98 28.6 

Two or three times a 

month 
119 34.7 

More than three times a 

month 
59 17.2 

Note. Authors' own elaboration based on data collected through the 

administered questionnaire. 

B. Measurement Model Assessment: Reliability and Validity 

of the Constructs  
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The measurement model was assessed following the 

guidelines proposed by [40], examining indicator reliability, 

internal consistency, convergent validity, and discriminant 

validity. During this stage, indicator PI4, corresponding to the 

Purchase Intention construct, was removed because its factor 

loading was below the recommended threshold of 0.70, which 

could have compromised the reliability and convergent 

validity of the model. After removing this indicator, the 

measurement model was re-estimated. 

As shown in Table 2, the standardised factor loadings 

ranged from 0.702 to 0.885, exceeding the recommended 

minimum threshold of 0.70, thereby demonstrating 

satisfactory indicator reliability [42]. Likewise, Cronbach's 

Alpha coefficients ranged from 0.739 to 0.886, whereas 

Composite Reliability (ρC) values ranged from 0.836 to 0.917, 

confirming adequate internal consistency across all constructs. 

Regarding convergent validity, the Average Variance 

Extracted (AVE) ranged from 0.560 to 0.693, exceeding the 

recommended threshold of 0.50, indicating that each construct 

explained more than 50% of the variance of its corresponding 

indicators [40]. 

Overall, these findings demonstrate that the measurement 

model exhibits satisfactory reliability and convergent validity, 

supporting the subsequent assessment of discriminant validity 

and, ultimately, the evaluation of the structural model.      
TABLE 2 

MEASUREMENT MODEL ASSESSMENT: INDICATOR RELIABILITY, 

INTERNAL CONSISTENCY, AND CONVERGENT VALIDITY  

Construct

s 

Factor 

Loadin

g 

Cronb

ach's 

Alpha 

Composi

te 

Reliabilit

y (ρA) 

Composite 

Reliability (ρC) 

Aver

age 

Vari

ance 

Extr

acte

d 

(AV

E) 

Big Data 

Analytics 

Capabilit

y 

BD10.

819 
0.886 0.886 0.917 

0.68

8 

 
BD2 

0.843 
    

 
BD3 
0.853 

    

 
BD4 

0.860 
    

 
BD5 

0.767 
    

AI-Driven 

Personalis

ation 

PER1 

0.786 
0.739 0.742 0.836 

0.56

0 

 
PER2 

0.702 
    

 
PER3 

0.743 
    

 
PER4 

0.761 
    

Trust in 

Artificial 

Intelligen

ce 

TRU1 

0.814 
0.831 0.833 0.887 

0.66

3 

 TRU2     

0.836 

 
TRU3 

0.818 
    

 
TRU4 

0.789 
    

Purchase 

Intention 

PI 

0.881 
0.774 0.789 0.871 

0.69

3 

 
PI2 

0.885 
    

 
PI3 

0.722 
    

Note. α = Cronbach's Alpha; ρA and ρC = Composite Reliability; 
AVE = Average Variance Extracted. 

As the next stage of the measurement model assessment, 

discriminant validity was evaluated using the Fornell–Larcker 

criterion [43] and the Heterotrait–Monotrait Ratio (HTMT) 

proposed by [44]. These complementary procedures are 

widely recommended to assess discriminant validity in PLS-

SEM models. As presented in Table 3, the square root of the 

Average Variance Extracted (AVE), reported along the 

diagonal, exceeded the inter-construct correlations in every 

case. Likewise, all HTMT values, reported above the diagonal, 

ranged from 0.080 to 0.735, remaining below the 

recommended threshold of 0.85. Taken together, these 

findings confirm that the measurement model demonstrates 

satisfactory discriminant validity.  
TABLE 3 

DISCRIMINANT VALIDITY ASSESSMENT USING THE FORNELL–

LARCKER CRITERION AND HTMT 

Constructs 

Big Data 

Analytics 

Capability 

AI-

Driven 

Personali

sation 

Trust in 

Artificial 

Intelligenc

e 

Purchase 

Intention 

Big Data 

Analytics 

Capability 

0.829 0.336 0.735 0.194 

AI-Driven 

Personalisati

on 

0.280 0.749 0.440 0.080 

Trust in 

Artificial 

Intelligence 

0.632 0.349 0.814 0.163 

Purchase 

Intention 
0.160 0.005 0.132 0.833 

Note . Diagonal values represent √AVE; lower and upper diagonal values 

indicate Fornell–Larcker correlations and HTMT ratios, respectively. 

 

C. Hypothesis Testing  

After confirming the absence of collinearity issues, the 

hypotheses were tested following the recommendations of [40] 

and [41] using a bootstrapping procedure with 5,000 

subsamples. As shown in Table 4, all the proposed structural 

relationships were statistically significant (p < 0.05); therefore, 

the four hypotheses were supported. 

Specifically, Big Data Analytics Capability had a positive 

and significant effect on AI-Driven Personalisation (β = 0.280; 

t = 5.283; p < 0.001), supporting H1. Likewise, this construct 

exhibited the strongest direct effect in the model on Trust in 

Artificial Intelligence (β = 0.580; t = 13.423; p < 0.001), 

supporting H2. 
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AI-Driven Personalisation also had a positive and 

significant influence on Trust in Artificial Intelligence (β = 

0.186; t = 3.904; p < 0.001), providing support for H3. Finally, 

Trust in Artificial Intelligence had a positive and significant 

effect on Purchase Intention (β = 0.132; t = 2.642; p = 0.008), 

supporting H4. Overall, these findings provide empirical 

support for the proposed conceptual model and indicate that 

trust plays an important role in explaining purchase intention 

in AI-enabled e-commerce contexts.  
TABLE 4 

HYPOTHESIS TESTING OF THE STRUCTURAL MODEL 

Hypothesis β M SD t p VIF 

H1. Big Data 

Analytics 

Capability → 

AI-Driven 

Personalisati
on 

0.280 0.285 0.053 5.283 < 

0.00

1 

1.000 

H2. Big Data 

Analytics 

Capability → 

Trust in 

Artificial 

Intelligence 

0.580 0.581 0.043 13.423 

< 

0.00

1 

1.085 

H3. AI-

Driven 

Personalisati

on → Trust 

in Artificial 

Intelligence 

0.186 0.186 0.048 3.904 

< 

0.00

1 

1.085 

H4. Trust in 

Artificial 

Intelligence 

→ Purchase 

Intention 

0.132 0.144 0.050 2.642 
0.00

8 
1.000 

Note. β = standardised path coefficient; M = sample mean; SD = standard 

deviation; VIF = Variance Inflation Factor. R²: PER = 0.078; TRU = 0.432; PI 

= 0.017. Q²predict: PER = 0.068; TRU = 0.392; PI = 0.017. 

Additionally, Figure 1 graphically presents the estimated 

structural model, showing the proposed structural 

relationships, standardised path coefficients (β), indicator 

loadings, and the explanatory power (R²) of the endogenous 

constructs.  

 

 
 

Fig 1. Estimated PLS-SEM Structural Model 

Note. The figure presents the standardised path coefficients (β), indicator 

loadings, and R² values for the endogenous constructs. 

 

IV. DISCUSSION  

This study examined how Big Data Analytics Capability 

influences Purchase Intention by considering the roles of AI-

Driven Personalisation and Trust in Artificial Intelligence 

within the e-commerce context. Overall, the findings support 

the proposed conceptual model and demonstrate that the 

ability to transform data into actionable knowledge provides 

the foundation for developing personalised experiences that 

strengthen consumer trust and encourage purchasing 

behaviour. These findings extend the existing literature on 

consumer behaviour in emerging markets by providing an 

integrated explanation of the strategic value generated by Big 

Data and artificial intelligence in Ecuadorian e-commerce. 

First, the results supporting H1 confirm that Big Data 

Analytics Capability enhances AI-Driven Personalisation. 

This finding is consistent with [15], who argue that the value 

of Big Data depends on its ability to generate actionable 

knowledge, and with [8], who identify advanced analytics as 

the foundation for intelligent recommendation systems. 

Likewise, [20] demonstrate that organisations with stronger 

analytical capabilities implement more accurate marketing 

strategies. These findings suggest that effective 

personalisation depends not only on artificial intelligence itself 

but also on the quality of the information supporting its 

algorithms. Therefore, this study demonstrates that Big Data 

Analytics Capability represents the strategic resource enabling 

personalised experiences and constitutes the starting point of 

the proposed model. 

Second, the findings for H2 indicate that Big Data 

Analytics Capability directly strengthens Trust in Artificial 

Intelligence. This result is consistent with [22], who argue that 

trust increases when algorithms provide accurate and useful 

recommendations, and with [23], who highlight the 

importance of response consistency in promoting the 

acceptance of intelligent systems. Similarly, [24] show that 

transparency in data processing enhances the credibility of 

artificial intelligence. From a theoretical perspective, these 

findings suggest that trust develops when consumers perceive 

that data are transformed into reliable decisions. 

Consequently, this study extends previous research by 

demonstrating that Big Data Analytics Capability is a direct 

antecedent of trust rather than merely an antecedent of 

personalisation. 

Third, the results supporting H3 show that AI-Driven 

Personalisation increases Trust in Artificial Intelligence. This 

finding agrees with, [28] who argue that personalised 

recommendations reduce consumer uncertainty, and with [26], 

who demonstrate that personalisation improves customer 

experience through more relevant interactions. Likewise, [31] 

identify perceived reliability as a key factor in strengthening 

trust in intelligent systems. These findings suggest that 

personalisation creates value when consumers perceive that 

recommendations genuinely reflect their preferences and 

needs. Therefore, this study provides evidence that AI-driven 

personalisation represents a psychological mechanism linking 
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technological capabilities with the development of trust in 

artificial intelligence. 

Finally, the findings for H4 confirm that Trust in 

Artificial Intelligence positively influences Purchase Intention 

in e-commerce platforms. This result is consistent with [34], 

who identify trust as a determinant of intelligent technology 

adoption, as well as with [35], who demonstrate that trust 

reduces perceived risk during decision-making. Similarly, [39] 

argue that trust enables AI-based experiences to translate into 

purchasing behaviour. From a theoretical perspective, these 

findings indicate that trust represents the mechanism through 

which technological capabilities generate favourable 

behavioural responses. Therefore, this study confirms that 

strengthening consumer trust is essential for increasing 

purchase intention in digital environments. 

Taken together, the findings indicate that Big Data 

Analytics Capability is the strategic resource driving the 

proposed model by enabling personalised experiences and 

strengthening consumer trust in artificial intelligence. This 

perspective complements previous studies that examined these 

relationships independently by integrating them into a causal 

sequence that explains consumer behaviour in e-commerce. 

Accordingly, the strategic value of Big Data lies not merely in 

data availability but in an organisation's capability to 

transform data into actionable knowledge that strengthens trust 

and increases purchase intention. Consequently, this study 

extends the digital marketing and artificial intelligence 

literature by providing empirical evidence from Ecuadorian 

consumers and contributing to a better understanding of 

consumer behaviour in emerging Latin American markets.  

V. CONCLUSIONS 

This study examined the influence of Big Data Analytics 

Capability on Purchase Intention in e-commerce by 

considering the roles of AI-Driven Personalisation and Trust 

in Artificial Intelligence. The findings confirm that the ability 

to transform data into actionable knowledge represents a 

strategic resource for developing personalised experiences that 

strengthen consumer trust and enhance purchase intention. 

Overall, the study demonstrates that the strategic value of Big 

Data extends beyond data management, becoming a key 

capability for creating competitive advantages through 

artificial intelligence applications in emerging digital markets. 

This research makes three contributions to the literature. 

First, it integrates Big Data Analytics Capability, AI-Driven 

Personalisation, Trust in Artificial Intelligence, and Purchase 

Intention into a single explanatory model. Second, it provides 

empirical evidence from the consumer perspective, 

complementing previous studies that have primarily focused 

on organisational and technological capabilities. Finally, it 

extends the understanding of artificial intelligence adoption in 

e-commerce by providing evidence from Ecuador, thereby 

enriching the literature on digital marketing and consumer 

behaviour in emerging Latin American markets. 

The findings suggest that organisations should regard Big 

Data as a strategic capability for generating knowledge rather 

than merely as a mechanism for storing information. 

Accordingly, firms should invest in analytical infrastructures 

that enable the development of artificial intelligence systems 

capable of delivering accurate and personalised 

recommendations. Furthermore, organisations should 

strengthen transparency regarding data usage and algorithmic 

processes to enhance consumer trust. These actions can 

improve the acceptance of intelligent technologies, strengthen 

the shopping experience, and generate sustainable competitive 

advantages in e-commerce environments. 

Future research could extend the proposed model by 

incorporating variables related to algorithmic transparency, 

privacy, perceived risk, and digital literacy to provide a deeper 

understanding of artificial intelligence adoption in e-

commerce. Comparative studies across different Latin 

American countries would also help identify potential cultural 

differences in consumer behaviour. Finally, future research 

could evaluate more comprehensive models incorporating 

moderating variables, such as age, digital experience, and 

purchase frequency, to further explain the factors influencing 

the adoption of artificial intelligence systems in e-commerce.  
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