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ABSTRACT 

 
Despite the importance of artificial intelligence (AI) technologies in improving customer relationships, AI usage 

in enabling customer relationship management (CRM) capabilities and, in turn, enhancing CRM performance has not 

yet been investigated. This study from the IT-enabled organizational capabilities perspective investigates the impact 

of AI usage on CRM performance and the mediating effect of CRM capabilities. We tested our core proposition and 

theory-driven research model using data collected from a sample of 193 e-commerce enterprises in China. The 

empirical results indicate that AI usage positively impacts CRM performance and that CRM capabilities positively 

mediate their relationship. Thus, this paper contributes to IS research with an eloquent theoretical explanation and 

strong empirical evidence on why e-commerce enterprises deploy AI initiatives to improve their CRM capabilities 

and performance. 
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1. Introduction 

Stable customer relationships are a vital strategic resource for enterprises in a customer-dominated market (Li et 

al., 2020; Guerola Navarro et al., 2021). Especially in e-commerce enterprises, due to the wide variety and fungibility 

of online products, customer loyalty and retention rate is insufficient, leading to low customer relationship 

management (CRM) performance (Chandra and Kumar, 2018; Komarek et al., 2020; Zhang et al., 2020; Zhao et al., 

2021). Strengthening customer relationships and improving CRM performance are significant measures for the 

competitive advantage of e-commerce enterprises. Artificial intelligence (AI) is an idiosyncratic new digital 

technology widely used in CRM to provide competitive advantages (Saura et al., 2021). Enterprises utilize AI 

technologies (such as chatbots, customer feature recognition, and intelligent agent) to manage different marketing 
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activities, to acquire, retain, and manage strong customer relationships. AI can manage and analyze a large volume of 

customer data to generate insights that improve firms’ decision-making and timely responses to customer needs 

(Johnson et al., 2022). AI can also offer personalized recommendations to consumers, reducing the cost of information 

searches and improving the match between consumers and products (Olan et al., 2022). All in all, AI in marketing 

applications provides an interactive environment that can swiftly meet customers’ demands and create an immense 

pool of loyal customers for businesses, improving CRM performance. 

Although increasingly more managers have recognized the importance of AI technology, knowledge is still 

limited due to the gap existing in the current literature. Previous studies have presented inconsistent conclusions 

regarding the impact of AI usage on CRM performance. Some researchers have indicated that AI usage provides 

customers with rich and reliable information, personalized customization, and accurate problem-solving methods, thus 

improving customer satisfaction (Li and Mao, 2015; Saura et al., 2021; Johnson et al., 2022; Li and Xu, 2022; Nazir 

et al., 2023; Rahman et al., 2023), while others argue that AI usage reduces consumer autonomy or causes users to 

feel that interactions are insincere, thereby reducing favorability and purchase intention (Go and Sundar, 2019; Mikalef 

and Gupta, 2021; Cao et al., 2023; Jan et al., 2023). From IT-enabled organizational capabilities perspective, this 

inconsistency can be explained by mediation processes that translate AI usage into CRM performance. CRM 

capabilities are the ability of enterprises to maintain long-term customer relationships and gain customer-level profits 

(Guerola Navarro et al., 2021). It can improve customer satisfaction, loyalty, and retention can by retaining key 

customers, enhancing value customers, and exploring potential customers (Demlehner et al., 2021). Moreover, AI 

usage can help e-commerce enterprises quickly learn, judge, and make decisions based on large-scale data, gain insight 

into customer needs, and improve CRM capabilities (Li and Xu, 2022). To wit, CRM capabilities may play a mediating 

role between AI usage and CRM performance, but empirical evidence of its role as a mediator is scarce. Therefore, 

we intend to explore it further in this paper. 

To address the above research gaps, we draw on the perspective of IT-enabled organizational capabilities to 

develop a model that explores the impact of AI usage on CRM performance in e-commerce enterprises and the 

mediating role of CRM capabilities between them. This study makes two key contributions. First, it expands the 

information systems (IS) research on the business value of IT by providing empirical evidence on how e-commerce 

enterprises leverage AI to facilitate CRM performance. Second, it provides a novel lens for revealing how AI usage 

(i.e. Specific IT) positively influences CRM performance in e-commerce enterprises by the mediation role of CRM 

capabilities (i.e. organizational capabilities).  

 

2. Theoretical Background and Related Research  

2.1. IT-enabled Organizational Capabilities Perspective 

The IT-enabled organizational capabilities perspective proposes IT resources and capabilities as the enabling 

factors to develop organizational capabilities, thus affecting firm performance (Benitez et al., 2018a; Turel et al., 2019). 

This theoretical perspective emphasizes how IT creates business value through the mediating variables (Braojos et al., 

2020). Prior IS research consistent with this perspective has found that risk management capabilities(Lin et al., 2022), 

platform digitization capability (Benitez et al., 2022), knowledge exploration and knowledge exploitation (Castillo et 

al., 2021), and absorptive capacity (Liu et al., 2013) are organizational capabilities through which IT influences firm 

performance. In the context of this research, AI usage, as IT usage, reflects the enterprise's IT resources (Ghasemaghaei 

et al., 2017; Ghasemaghaei and Turel, 2021). CRM capabilities refer to the ability of enterprises to integrate and 

allocate resources to maintain customer relationships, which is considered as organizational capabilities to efficiently 

solve the problem of enterprise customer relationship (Wang and Feng, 2012; Guerola-Navarro et al., 2021). E-

commerce enterprises develop organizational capabilities (e.g. CRM capabilities) by leveraging IT resources (e.g. AI 

usage), thus improving CRM performance. Therefore, we draw on this perspective to propose the impact of AI usage 

on CRM performance through CRM capabilities. 

2.2. AI Usage 

With its full empowerment, AI has become a significant area of research in almost every field, including 

engineering, medicine, business management, science, law, and marketing (Johnson et al., 2022). Some have defined 

it as using computers to simulate intelligent human behavior, including human learning, judgment, and decision-

making (Shankar, 2018; Spanaki et al., 2021). Others defined it as a system that correctly interprets external data and 

can achieve specified goals and tasks by gaining insights from data (Libai et al., 2020). In our study,  AI is defined as 

the process of learning and expressing knowledge, and its core is enabling machines to reason and perform related 

activities, such as decision-making, problem-solving, and learning (Olan et al., 2022). AI usage refers to utilizing AI 

technology in marketing activities to achieve specific goals and tasks, including improving user experience, optimizing 

decision-making, and enhancing content marketing (Verma et al., 2021). AI technology can analyze data with high 

speed, quantity, and diversity, and process complex cognition, relationships, and structures by changing or replacing 
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conventional human tasks (Verma et al., 2021). The effect of AI usage on an enterprise’s competitive advantage has 

long been an academic concern. Prior research suggests that embedded digital technology such as AI, in organizational 

processes can optimally improve organizational performance (Fosso Wamba, 2022; Olan et al., 2022). Researchers 

have found that AI usage can create digital options, optimize decisions, enhance productivity, and control costs, 

improving business performance (Demlehner et al., 2021; Dondapati et al., 2022). Moreover, it can optimize marketing 

decision-making, improve the consumer experience, help build trust, and positively impact firm performance (Wamba-

Taguimdje et al., 2020; Saura et al., 2021; Badawi et al., 2022). However, negative studies have also found that AI 

programming ignores consumers’ uniqueness, and data-driven algorithms bring the risk of information disclosure, 

thus causing consumer resistance and adverse effects on enterprises’ performance (Longoni et al., 2019; Brougham 

and Haar, 2020). In this sense, we are cognizant that there is no consistent research conclusion on the impact of AI 

usage on enterprise performance, and the mechanisms are unknown. Therefore, more research on the effects of AI 

usage on enterprise performance is warranted. 

2.3. CRM Capabilities 

CRM capabilities refer to the ability of enterprises to build continuous customer relationships by allocating 

organizational resources to meet different consumer needs, including key customers, value customers, and inactive 

customers (Hung et al., 2010; Guerola-Navarro et al., 2021). CRM capabilities reflect the enterprise through the 

resource allocation of various departments to insight consumer demand, and perception response to market 

opportunities and threats (Foltean et al., 2019). In a data-driven age, the core of CRM capabilities is to provide decision 

support for enterprises by mining customer data, thus satisfying customer needs and establishing long-term and 

mutually beneficial relationships (Li et al., 2019). AI can combine big data, the Internet of Things, and deep learning 

to scientifically analyze large amounts of customer data and provide decisions and solutions in milliseconds (Li and 

Xu, 2022). AI usage can give technical support for CRM, ensuring that enterprises’ activities are closely aligned with 

customers’ needs, thereby facilitating the formation of CRM capabilities. Further, CRM capabilities can improve 

enterprise performance by improving customer loyalty, shortening the product cycle, and reducing customer 

development and transaction costs (Dalla Pozza et al., 2018; Foltean et al., 2019). In this way, CRM capabilities 

mediate between AI usage and enterprise performance, but empirical research is lacking. Consequently, we explore it 

further in this paper. 

According to Wang and Feng (2012), CRM capabilities have three facets: customer interaction management 

capability, customer relationship upgrading capability, and customer win-back capability. Customer interaction 

management capability refers to firms’ skills to identify, acquire, and retain profitable customers (Guerola-Navarro et 

al., 2021). Customer relationship upgrading capability refers to the skills that firms use for up-selling (selling more 

expensive items or upgrades) and cross-selling (selling additional products or services) to existing customers based 

on scientific customer data analysis (Guerola Navarro et al., 2021). Customer win-back capability is a firm’s skills to 

re-establish relationships with lost or inactive but profitable customers (Wang and Feng, 2012). 

2.4. CRM Performance 

Enterprise performance is a measure of the degree to which an enterprise achieves its goals and is also the final 

result of the operation (Fosso et al., 2017; Gupta et al., 2020). This study considers CRM performance from the 

perspective of customer relationships in e-commerce enterprises. CRM performance refers to the degree to which 

customers are willing to maintain a long-term relationship with the enterprise and includes customer satisfaction, 

customer loyalty, and customer retention (Dalla Pozza et al., 2018; Zhang et al., 2020). Superior CRM performance 

enables enterprises to better understand customer needs, find market opportunities, and gain competitive advantages 

(Guerola-Navarro et al., 2021). According to scholars, digital technology is a powerful driver of CRM performance. 

Zhang et al., (2020) indicated that as an enterprise resource, big data analytical intelligence enables enterprises to 

develop mass customization capability, thus positively impacting CRM performance. Trainor et al., (2014) pointed 

out that social media technology use and customer-centric management can drive social CRM capabilities that lead to 

customer satisfaction, loyalty, and retention. Li and Xu (2022) found that AI improves customer retention and 

satisfaction through human-machine interaction and precise advertising. Although many studies have explored the 

impact of digital technologies on CRM performance, they mainly focus on enterprises in the general industry, and 

there are few studies on enterprises in specific sectors (e.g., e-commerce enterprises). In practice, the variety of online 

products and strong substitutability lead to low customer retention and loyalty for e-commerce enterprises. Using 

digital technology to help enterprises develop customer relationships and improve CRM performance is vital for e-

commerce enterprises (Wang et al., 2022). Therefore, this study develops a theoretical model of AI-driven CRM 

capabilities to improve CRM performance for e-commerce enterprises. 

 

3. Research Model and Hypotheses 

From perspective of the IT-enabled organizational capabilities, this study develops a theoretical model that 



Journal of Electronic Commerce Research, VOL 24, NO 1, 2023 

Page 71 

explores the impact of AI usage on CRM performance in e-commerce enterprises. The research model is shown in 

Figure 1. 
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Figure 1: Research Model 

 
3.1. AI usage and CRM Capabilities 

AI is based on powerful information integration and efficient coordination to respond quickly to customer needs, 

enabling collaboration across levels and departments to achieve sustained customer relationships (Di Vaio et al., 2020; 

Guerola Navarro et al., 2021). This process is a transition from IT technology (e.g., AI usage) to organizational 

capabilities (e.g., CRM capabilities), reflecting IT- enabled organizational capabilities perspective. In detail, through 

system algorithms, AI can standardize frequently asked questions and automatically provide satisfactory answers for 

customers to solve their problems in real-time and improve customer satisfaction (Brougham and Haar, 2020). Second, 

AI builds a consumption model for a single customer by accurately analyzing customer behavior data, including 

searches, favorites, likes, comments, forwarding, dropdowns, and swipes (Foltean et al., 2019). Then, through 

association analysis, e-commerce enterprises can identify the product content consumers may be interested in and 

push it to them to achieve precision marketing (Johnson et al., 2022). Furthermore, AI can help enterprises analyze 

customers' historical transaction records and demographic information, identify patterns leading to customer churn, 

and predict the churn tendency of existing customers before taking corresponding measures to retain them (Li and Xu, 

2022). All in all, AI usage enables the development of CRM capabilities across departments, including product 

development, marketing, and after-sales, to meet dynamic customer needs. Therefore, we hypothesize the following:  

H1: AI usage has a positive impact on CRM capabilities in e-commerce enterprises. 

3.2. CRM Capabilities and Performance 

CRM capabilities enable e-commerce enterprises to configure and reorganize internal and external resources, 

proactively utilize, analyze and manage customer data and quickly respond to customer needs (Foltean et al., 2019). 

CRM capabilities can enable e-commerce enterprises to fully grasp customer information, including customer 

feedback, personalized needs, and consumer preferences, and improve products and services, promoting CRM 

performance (Dalla Pozza et al., 2018). To be clear, customer interaction management capability can help e-commerce 

enterprises identify critical customers, form stable partnerships and credit relationships, and improve customer 

stickiness (Wang et al., 2016). Second, e-commerce enterprises with a high customer relationship upgrading capability 

can sell high-quality related products and services to customers through cross-selling and additional selling, increasing 

purchase frequency and improving satisfaction (Guerola Navarro et al., 2021). Third, customer win-back capability 

can monitor the current situation and the reasons for customer loss and quickly find operational links that need to be 

improved to re-establish trust with lost customers (Li et al., 2019). In short, the three dimensions of CRM capabilities 

can respond to customer needs in different aspects of e-commerce enterprises, thereby enhancing CRM performance. 

Hence, we hypothesize the following: 

H2: CRM capabilities have a positive impact on CRM performance in e-commerce enterprises. 

3.3. AI Usage and CRM Performance 

The development of customer relationships is a dynamic process; AI usage can help e-commerce enterprises to 

find new customers, retain existing customers, and achieve effective communication with customers (Li and Xu, 2022). 

Specifically, AI technology can analyze chaotic data from social networks, databases, and search engines to gain 

insights into individual buying habits and preferences and target customers (Johnson et al., 2022). In the purchase 
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phase, AI provides customers with accurate product information and consulting services and responds to customer 

doubts, thus promoting the cross-selling and up-selling of products (Demlehner et al., 2021). In the post-sale phase, 

AI could also standardize frequently asked questions and automatically provide satisfactory answers to solve 

customers’ problems in real-time and improve customer satisfaction (Di Vaio et al., 2020). In addition, e-commerce 

enterprises can use AI technology to conduct customer satisfaction surveys and identify potential emotions (e.g., happy, 

sad, calm, or angry) to monitor customer churn and achieve customer care (Chatterjee et al., 2021). In summary, AI 

usage can support digitization in e-commerce enterprises, optimize decision-making, and help enterprises understand 

consumer behavior, which is crucial for e-commerce enterprises to stabilize customer relations and improve customer 

service quality. Accordingly, we hypothesize the following: 

H3: AI usage has a positive impact on CRM performance in e-commerce enterprises. 

 

4. Research Design  

4.1. Scale Development 

This study includes five key variables: AI usage, customer interaction management capability, customer 

relationship upgrading capability, customer win-back capability, and CRM performance. To ensure content validity, 

the measurement items were taken from extant literature and modified in the context of e-commerce enterprises to fit 

the needs of this study (see appendix). AI usage was measured by four items adapted from Libai et al. (2020) and 

Shankar (2018); customer interaction management capability was measured by five items, customer relationship 

upgrading capability was measured by four items, customer win-back capability was measured by four items, all of 

which were adapted from Foltean et al. (2019) and Wang and Feng (2012);  CRM performance was measured by five 

items adapted from Trainor et al. (2014). Moreover, we compared the relevant literature to obtain major control 

variables that may have potential confounding effects on CRM performance (Li, 2022; Li et al., 2022; Ye et al., 2022). 

Control variables in the present research included firms’ region which was measured as the location of the firm, firm 

size which was measured as the number of employees, and AI experience which was measured as the number of years 

the firm has used AI. Since the survey was conducted in China, we followed the forward-backward translation method 

to develop the Chinese questionnaire. First, the questionnaire was translated into Chinese by a co-author whose native 

language was Chinese. Second, three other bilingual doctoral students back-translated the Chinese items into English 

and compared the two versions, modifying the wording differences for the accuracy of the Chinese items. Finally, we 

pretested the questionnaire with 30 students majoring in artificial intelligence and refined the wording of the scale 

according to their feedback to form the final questionnaire.  

4.2. Data Collection 

Agricultural e-commerce is booming in China and has attracted extensive attention from industry and academia. 

We conducted an online questionnaire on e-commerce enterprises from the database of the Department of Agriculture 

and Rural Affairs of China and sold agricultural products. Each enterprise selected a key informant, and we sent a 

questionnaire to the target respondents in May 2021. After three weeks, 211 completed questionnaires were collected. 

We excluded 18 questionnaires, including those with answer times of less than one minute or more than 30 minutes 

and those whose enterprises did not use AI, and 193 valid questionnaires were collected. To thank them for their 

participation, respondents who completed the questionnaire received a red envelope of 10–20 yuan. Table 1 presents 

the characteristics of the sample. Among the sample surveyed, 83.3% were small- and medium-sized enterprises, and 

most (76.7%) of the enterprises were located in China's eastern, northern, and southern regions. Moreover, regarding 

AI usage, 14% within a year. 44.6% for 1-3 years, 21.2% for 4-5 years, and 20.2% for 5 years. 

 
Table 1: Statistical Characteristics of the Sample Enterprises (N = 193) 

Attributes Option Frequency Percentage 

Firms’ region 

East China 67 34.7 

South China 46 23.8 

Central China 32 16.6 

North China 35 18.2 

Others 13 6.7 

Firm size 

<50 18 9.3 

50–200 54 28.0 

201–500 51 26.4 

501–1000 32 16.6 

>1000 38 16.7 

AI experience (years) Never used 0 0.0 
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<1 27 14.0 

1–3 86 44.6 

4–5 41 21.2 

>5 39 20.2 

 
5. Empirical Analysis and Results 

5.1. Common Method Bias Assessment  

We utilized the marker variable technique proposed by Lindell and Whitney (2001) to control for common method 

bias. In this study, gender was considered to have no relationship with any variable in the model and was used as a 

marker variable (Ghasemaghaei and Calic, 2020). We then added gender as an exogenous variable to predict each 

endogenous construct in the research model and compared the models with and without marker variables (Hua et al., 

2020). Table 2 shows that there were no significant correlations between the marker variable and each endogenous 

variable, and the significant paths in the baseline model remained significant after adding the marker variable. 

Therefore, common method bias was not a problem in this study. 

 

Table 2: Common Method Bias Assessment 

 
Baseline model 

(without marker variable) 

Adjusted model 

(with marker variable) 

AI usage →CRM capabilities 0.566*** 00.564*** 

CRM capabilities → CRM 

performance 
0.656*** 0.628*** 

AI usage → CRM capabilities 0.167* 0.851** 

Maker → CRM capabilities  -0.003 

Maker → CRM performance  0.028 

 
5.2. Measurement Model Evaluation 

ADANCO is software that is widely adopted for variance based structural equation modeling including abundant 

statistical techniques, such as partial least squares (PLS) path modeling, ordinary least squares (OLS), consistent PLS, 

and bootstrapping, providing a bootstrap-based goodness of overall model fit and model diagnostics (Benitez et al., 

2020a; Benitez et al., 2020b). In recent years, ADANCO has been consistently used in IS research (Lin et al., 2021; 

Benitez et al., 2022; Hou et al., 2022).  

Variance-based PLS (e.g., ADANCO) is more suitable for our study than covariance-based SEM. First, PLS has 

advantages in the model estimation of small to medium sample sizes (Yu et al., 2018). In this research, our sample 

size of 193 is not large, which is sufficient for the use of the PLS technique. Second, PLS does not require identical 

distribution of residuals (Liu et al., 2018). To examine the coefficients of skewness and kurtosis, we found that our 

sample data does not fully follow the normal distribution.  

In addition, all constructs in this study were considered composite constructs (Benitez et al., 2020a; Benitez et al., 

2020b), we used advanced analysis for composites (ADANCO) to estimate the proposed model. Table 3 shows the 

results of the measurement model assessment. The values of variance inflation factors (VIFs) ranged from 1.085 to 

1.383, less than the cutoff score of 10, suggesting that multicollinearity was not a problem. All indicator weights were 

significant (from 0.145*** to 0.566***), and all indicator loadings ranged from 0.482** to 0.860***. Thus, our constructs 

have good measurement properties. 

We also performed a confirmatory composite analysis to evaluate the goodness of fit of our saturated model at 

first- and second-order levels (Table 4). The results show that standardized root means squared residuals (SRMR) 

were 0.054 and 0.042, and both values were lower than the threshold of 0.080, and SRMR, dULS, and dG were within 

the 95% and 99% quantiles of bootstrap discrepancies, indicating that the proposed model has good general 

measurement properties.  
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Table 3: Measurement Model Assessment 

Variables Item Loading Weight VIF 

AI usage 

AIU1 0.675*** 0.430*** 1.136 

AIU2 0.614*** 0.287** 1.185 

AIU3 0.641*** 0.290** 1.219 

AIU4 0.715*** 0.486*** 1.124 

Customer interaction 

management capability 

CIMC1 0.636*** 0.413*** 1.130 

CIMC2 0.620*** 0.363*** 1.135 

CIMC3 0.603*** 0.274*** 1.261 

CIMC4 0.580*** 0.357*** 1.085 

CIMC5 0.641*** 0.219*** 1.383 

Customer relationship 

upgrading capability 

CRUC1 0.706*** 0.374*** 1.229 

CRUC2 0.693*** 0.259*** 1.473 

CRUC3 0.860*** 0.566*** 1.341 

CRUC4 0.482** 0.145*** 1.251 

Customer win-back 

capability 

CWBC1 0.751*** 0.466*** 1.206 

CWBC2 0.751*** 0.365*** 1.351 

CWBC3 0.491*** 0.208*** 1.106 

CWBC4 0.706*** 0.389*** 1.244 

CRM performance 

CRMP1 0.614*** 0.275*** 1.194 

CRMP2 0.705*** 0.389*** 1.285 

CRMP3 0.627*** 0.206** 1.351 

CRMP4 0.641*** 0.314*** 1.227 

CRMP5 0.611*** 0.371*** 1.111 

 
Table 4: Confirmatory Composite Analysis 

Discrepancy First-order level Second-order level 

 Value HI99 Conclusion Value HI95 Conclusion 

SRMR 0.054 0.059 Supported 0.042 0.043 Supported 

dULS 0.269 0.318 Supported 0.136 0.147 Supported 

dG 0.097 0.114 Supported 0.063 0.064 Supported 

 
5.3. Structural Model Evaluation 

We evaluated the path coefficient (β), significance level, R2, adjusted R2, and effect size (f2) for the structural 

model. The results showed that all hypotheses were supported. Specifically, AI usage positively affected CRM 

capabilities (β = 0.566, p < 0.001), supporting H1. CRM capabilities positively affected CRM performance (β = 0.658, 

p < 0.001), supporting H2. AI usage positively affected CRM performance (β = 0.148, p < 0.05), supporting H3. In 

addition, we used firms’ region, firm size, and AI experience as control variables to test their impact on CRM 

performance. We found that firms’ region (β = -0.010, ns), firm size (β = -0.019, ns), and AI experience (β = 0.068, 
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ns) had no significant effect on CRM performance. 

The R2 values of CRM performance was 0.592, indicating good explanatory power. Furthermore, f2 values ranged 

from 0.035 to 0.709, indicating moderate-to-strong effect sizes in our hypothesized significant relationships. We also 

evaluated the goodness of fit for the structural model. SRMR, dULS, and dG were all within the standard range, 

indicating a good fit between the model and the data. Overall, the results show that our structural model is statistically 

robust. Table 5 summarizes the results of the final test. 

 
Table 5: Structural Model Assessment 

Beta coefficient Research model 

AI usage → CRM capabilities (H1) 0.566*** (9.101) [0.406, 0.726] 

CRM capabilities → CRM performance (H2) 0.658*** (11.323) [0.049, 0.421] 

AI usage → CRM performance (H3) 0.148* (2.106) [-0.023, 0.342] 

firms’ region → CRM performance (CV) -0.010 (-0.194) [-0.144, 0.124] 

Firm size → CRM performance (CV) -0.019 (-0.364) [-0.159, 0.127] 

AI experience → CRM performance (CV) 0.068 (1.208) [-0.083, 0.222] 

Endogenous variable R2 Adjusted R2 

CRM capabilities 0.320 0.317 

CRM performance 0.592 0.578 

Discrepancy Value HI95 

SRMR 0.044 0.049 

dULS 0.268 0.327 

dG 0.096 0.119 

f2 

AI usage → CRM capabilities (H1) 0.471 

CRM capabilities → CRM performance (H2) 0.709 

AI usage → CRM performance (H3) 0.035 

Note: t-values are presented in parentheses. Confidence intervals are presented in square brackets. *p<0.05, **p<0.01, 
***p<0.001. CV=control variable. 

 
5.4. Mediating Effect Testing 

Mediating effects were tested by examining whether the indirect effects of independent on dependent variables 

were significant. The results are shown in Table 6. The indirect and direct effects of the relationship between AI usage 

and CRM performance were significant, indicating that CRM capabilities were a partial mediator between them. 

 

Table 6: Mediating Effects Assessment 
Effect Indirect effect Direct effect Total effect 

AI usage → CRM 

performance 

0.372*** (6.110) 

[0.232, 0.545] 

0.148* (2.106) 

[-0.023, 0.342] 

0.520 (7.818) 

[0.359, 0.695] 

Note: t-values are presented in parentheses. Confidence intervals are presented in square brackets. *p<0.05, **p<0.01, 
***p<0.001. 

 
5.5. Test of Robustness 

Three alternative models were estimated to test the robustness of the proposed model. The results are shown in 

Table 7. In the first alternative model, we assumed that AI usage affected CRM performance through three dimensions 
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of CRM capabilities (mediating variables were customer interaction management capability, customer relationship 

upgrading capability, and customer win-back capability). The results showed that the SRMR, dULS, and dG were not 

in the 95% and 99% quantiles of bootstrap discrepancies, indicating that the model fit of alternative model 1 was 

insufficient. Therefore, the baseline model was better than alternative model 1. In alternative model 2, we considered 

that CRM capabilities directly affected CRM performance, and AI usage moderated the relationship between them. 

The empirical results showed that AI usage had no moderating effect. Thus, the baseline model is better than alternative 

model 2. In alternative model 3, both AI usage and CRM capabilities directly affected CRM performance. The SRMR 

value of alternative model 3 was greater than the baseline model. Accordingly, the results showed that the baseline 

model was better. On balance, these alternative models are not statistically better than the proposed research model, 

so the proposed research model is preferred. 

 

Table 7: Test of Robustness 

Beta coefficient Baseline model Alternative 1 Alternative 2 Alternative 3 

AI usage → CRM 

capabilities (H1) 

0.566*** 

(9.068)  
0.177** 

 (2.789) 
 

CRM capabilities → 

CRM performance (H2) 

0.656*** 

(11.663) 
 

0.667*** 

 (12.299) 

0.651*** 

 (12.348) 

AI usage → CRM 

performance (H3) 

0.167* 

(2.367) 
  

0.187** 

 (2.900) 

AI usage → Customer 

interaction management 

capability 

 
0.485*** 

 (6.548) 
  

AI usage → Customer 

relationship upgrading 

capability 

 
0.489*** 

 (7.382) 
  

AI usage → Customer 

win-back capability 
 

0.507***  

(7.593) 
  

Customer interaction 

management capability → 

CRM performance 

 
0.355*** 

 (5.016) 
  

Customer relationship 

upgrading capability → 

CRM performance 

 
0.143* 

 (2.381) 
  

Customer win-back 

capability → CRM 

performance 

 
0.399***  

(5.197) 
  

AI usage * CRM 

capabilities → CRM 

performance 

  
0.017 

 (0.365) 
 

Endogenous variable R2 
Adjusted 

R2 
R2 

Adjusted 

R2 
R2 

Adjusted 

R2 
R2 

Adjusted 

R2 

CRM capabilities 0.320 0.316     0.383 0.376 

Customer interaction 

management capability 
  0.235 0.231   0.423 0.422 

Customer relationship 

upgrading capability 
  0.239 0.235     

Customer win-back 

capability 
  0.257 0.253     

CRM performance 0.582 0.578 0.599 0.592 0.593 0.587   

Discrepancy Value HI95 Value  HI99 Value  HI95 Value  HI95 
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SRMR 0.042 0.043 0.064 0.063 0.044 0.051 0.045 0.046 

dULS 0.136 0.147 1.020 0.988 0.177 0.238 0.156 0.164 

dG 0.063 0.064 0.365 0.356 0.073 0.086 0.065 0.065 

Note: t-values are presented in parentheses; *p<0.05, **p<0.01, ***p<0.001  

 
6. Discussion and Contributions 

6.1. Key Findings 

First, our findings highlight that AI usage positively affects CRM capabilities in e-commerce enterprises. Previous 

studies have focused on the impact of information technology use (e.g., social media) on CRM capabilities (Foltean 

et al., 2019), ignoring the importance of digital technology use (e.g., AI usage). We extend previous research and 

empirically confirm the positive impact of AI usage on CRM capabilities. This demonstrates that AI usage is a vital 

foundation for e-commerce enterprises to cultivate CRM capabilities. E-commerce enterprises use AI technology for 

content sales system recommendations and robot interaction, thus improving enterprise customer interaction 

management, relationship management, and win-back capability. 

Second, we found that CRM capabilities positively affect CRM in e-commerce enterprises. This finding extends 

the research of Trainor et al. (2014), who found that social media-driven CRM capabilities had a positive association 

with customer relationship performance. This study examines the impact of AI-driven CRM capabilities on CRM 

performance in the context of digitization. It shows that e-commerce enterprises can effectively allocate and combine 

resources and CRM elements to achieve the goal of CRM by building CRM capabilities in a dynamic environment, 

thus improving customer satisfaction and loyalty. 

Third, we discovered that AI usage positively affected CRM performance in e-commerce enterprises. While AI 

has great potential business value, there has been a rather inconsistent understanding in the literature (Mikalef and 

Gupta, 2021). We enrich the existing research by examining the effects of AI usage on CRM performance in e-

commerce enterprises. This indicates that enterprises’ integration of AI technology into marketing can further improve 

efficiency and boost performance. AI usage enables e-commerce enterprises to automatically integrate and analyze 

big data on production, processing, distribution, and sales; identify opportunities and threats; and make swift decisions 

in response to consumer needs, thereby improving CRM performance. 

Fourth, the results indicate that CRM capabilities partially mediate the effects of AI usage and CRM performance 

in e-commerce enterprises. This finding supports the research of Braojos et al. (2020), which postulates that 

organizations obtain firm performance through the  IT-driven knowledge absorptive capacity and knowledge 

desorptive capacity. From the view of the IT-enabled organizational capabilities, enterprises utilize IT technology to 

develop organizational capabilities and gain competitive advantages. Consequently, the findings reinforce the view 

that IT-enabled organizational capabilities lead to enterprise performance. 

6.2. Theoretical Contributions 

This article contributes to the IS literature in two ways. First, from a theoretical perspective, examining the impact 

of AI usage on CRM performance has been a critical research topic (Li and Xu, 2022). Yet, there is no consensus on 

whether AI usage improves or impedes CRM performance. Most prior studies indicate that AI usage has a positive 

effect on CRM performance (Collins et al., 2021; Li and Xu, 2022), while others have found that AI has delivered 

minimal to no business impact so far (Mikalef and Gupta, 2021). Scholars argue that AI usage ignores individual 

uniqueness and initiative, and reduces customer satisfaction and retention (Longoni et al., 2019; Verma et al., 2021). 

In short, although most previous analyses find that AI usage is generally positive across studies, they also show that 

AI usage might reduce CRM performance. Thus, there is still a limited understanding of AI usage and how it relates 

to CRM performance. To fill this gap, this study examined the impact of AI usage on CRM performance. The results 

show that AI usage not only had a positive effect on CRM performance but also positively affected CRM capabilities 

and in turn improved CRM performance. This finding enriches IS studies on the value of AI, providing a novel lens 

for enterprises using AI to improve CRM performance. 

Second, scholars believe that using AI to achieve CRM performance is not always simple, and there may be 

undiscovered mechanisms between them (Foltean et al., 2019; Li and Xu, 2022). However, its internal mechanism has 

remained unclear. This study adds to the growing body of knowledge in the field of AI-driven CRM by conceptualizing 

CRM capabilities (customer interaction management capability, customer relationship upgrading capability, and 

customer win-back capability) to guide enterprises to better maintain positive customer relations. More specifically, 

customer interaction management capability, customer relationship upgrading capability, and customer win-back 

capability all add CRM capabilities to enterprises. Enterprises can enhance CRM capabilities by retaining profitable 

customers, upselling existing customers, and establishing contact with lost and inactive customers, thus improving 

customer loyalty and satisfaction. This view could explain one possible reason for the conflicting findings about the 
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business value of AI in enterprises. This study provides a possible mechanism for a better understanding of how the 

presence of AI usage within e-commerce enterprises can improve CRM. 

6.3. Practical Implications 

This study provides two practical insights. First, the results indicate that to better achieve CRM performance, e-

commerce enterprises should make full use of AI technology to accelerate the construction of AI-driven CRM. E-

commerce enterprises can employ AI technology to streamline decision-making, make intelligent recommendations, 

simplify decisions, and improve customer satisfaction and loyalty. In practice, Shenzhen Pagoda Industrial (Group) 

Corporation is a success story. Pagoda Industrial (Group) Corporation, a leading fruit firm in China, has surpassed 2 

billion yuan in online sales since launching its WeChat mini-program in 2018. Through the use of AI recommendation 

systems and system algorithms, Pagoda’s small program provides personalized services and timely interactions for 

consumers, which has been appreciated by the majority of its consumers. As a result, the total number of users of the 

small program exceeded 34 million, won the Magic Lamp award for three consecutive years, and was named the best 

small program of the year. Thus, e-commerce enterprises should develop strategic plans for AI usage, build AI skills 

training platforms, and promote a digital corporate culture. 

Second, since CRM capabilities play a mediating role between AI usage and CRM performance, the development 

of CRM capabilities cannot be ignored. E-commerce enterprises with a high level of CRM capabilities can customize 

marketing strategies according to the different needs of existing customers, new customers, and lost customers to meet 

the personalized needs of consumers and improve customer satisfaction and loyalty. Pagoda Industrial (Group) 

Corporation has also built a big data platform + AI, making it a retail super brain. First, enterprises form big data 

platforms by integrating enterprise data from procurement, production, sales, and members. Afterward, they use AI 

technology for smart ordering, real-time pricing, facial recognition, and sales forecasting to optimize each link, 

improve CRM capabilities, and ultimately achieve a positive outcome. Thus, e-commerce enterprises should 

strengthen the construction of an AI-driven CRM platform, improve the platform system, and create a digital culture, 

thereby facilitating the formation of CRM capabilities. 

6.4. Limitations and Future Research 

Several inevitable limitations exist in this study. First, although the model explains 58.2% of the variance in CRM 

performance, other related factors were not fully considered, and need to be studied in the future. Second, AI usage to 

improve CRM performance is a long-term goal, and it may not be possible to fully comprehend this mechanism based 

on static models and cross-sectional data, so it is necessary to conduct longitudinal empirical analyses in future studies. 

Third, enterprise digitization usually adopts a variety of digital technologies, such as big data analysis, blockchain, 

and the Internet of Things. Therefore, we should explore the impact of AI technology and other digital technologies 

on CRM performance in the future. Fourth, the CRM relationships and performance of different enterprises using AI 

may vary by industry. Thus, we should examine the heterogeneity of industries in future studies. Fifth, our study only 

looks at the impact of the use of AI on CRM from a business perspective but ignores the perspective of the most 

important group, the consumer. Consequently, we should further explore it from the consumer perspective in future 

research. 
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Appendix. Measurement Scales of the Key Constructs 

 

Code Indicator Source 

AI usage (AIU)  

 

Shankar 

(2018) 

and Libai 

et al. 

(2020) 

AIU1 
Our enterprise uses AI to build personalized recommendation 

systems to improve user experience. 

AIU2 
Our enterprise uses AI to simplify the decision-making 

process. 

AIU3 Our enterprise uses AI to enhance effective content marketing. 

AIU4 
Our enterprise uses AI to communicate with customers at any 

time. 

Customer interaction 

management capability 

(CIMC) 

 

Wang 

and Feng 

(2012) 

and 

Foltean 

et al. 

(2019) 

CIMC1 
Our enterprise regularly meets customers by learning their 

current and potential needs for new products. 

CIMC2 
Our enterprise is good at creating relationships with key 

customers. 

CIMC3 
Our enterprise maintains interactive two-way communication 

with our customers. 

CIMC4 

Our enterprise has a continual dialogue with each customer 

and uses well-developed methods to improve our 

relationships. 

CIMC5 
Our enterprise is good at maintaining relationships with key 

customers. 

Customer relationship 

upgrading capability (CRUC) 
 

CRUC1 
Our enterprise measures customer satisfaction systematically 

and frequently. 

CRUC2 
Our enterprise has formalized procedures for up-selling to 

valuable customers. 

CRUC3 
Our enterprise has formalized procedures for cross-selling to 

valuable customers. 

CRUC4 
Our enterprise tries to systematically extend our “share of 

customers” with high-value customers. 

Customer win-back 

capability (CWBC) 
 

CWBC1 
Our enterprise apologizes or compensates in time for the 

inconvenience or loss that we bring to customers. 

CWBC2 

Our enterprise has a systematic process/approach to re-

establish relationships with valued lost customers and inactive 

customers. 

CWBC3 

When our enterprise finds that customers are unhappy with the 

appropriateness of our product or service, it takes corrective 

action immediately. 

CWBC4 
Our enterprise maintains positive relationships with migrating 

or unattractive customers. 

CRM performance (CRMP)  

Trainor 

et al. 

(2014) 

CRMP1 
Compared with competitors, our customers have worked with 

our enterprise for a long time. 

CRMP2 
Compared with competitors, once we get new customers, they 

tend to stay with our enterprise. 
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CRMP3 
Compared with competitors, our customers are very loyal to 

our enterprise. 

CRMP4 
Compared with competitors, our customers are satisfied with 

our enterprise. 

CRMP5 
Compared with competitors, customer retention is very 

important to our enterprise. 

 


