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Abstract 

Artificial intelligence marketing (AIM) has received intense interest but achieved mixed 

anecdotal results in recent years. This study addresses three substantive research questions that 

are important for managers and researchers to understand AIM investment and integration 

outcomes:  1) how does AIM investment affect performance? 2) what are the mechanisms that 

enable AIM investment’s contribution to firm performance? 3) what are the factors that moderate 

AIM investment on firm performance? Employing large-scale data collected from various 

sources in the US and China involving over 9,000 public and private companies over four years, 

and investigated across two studies, the authors find that AIM investment has a U-shaped impact 

on firm performance. The mediation mechanisms suggest that AIM investment impacts firm 

performance via 1) an increasing impact on customer acquisition; 2) an inverted U-shaped effect 

on customer service cost; and 3) a U-shaped effect on customer satisfaction. The findings 

demonstrate that internal and external environmental factors and firm capability factors can 

either enable or constrain AIM investment on firm performance. The research highlights the 

disruptive nature of AIM integration and the need for firms to develop complementary assets in 

order to minimize disruption and reap the promised performance gains. 

 

Keywords: artificial intelligence marketing, business process innovation, firm capability, 

employee resistance, customer acquisition, customer satisfaction, customer service cost 
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Introduction 

Artificial intelligence marketing (AIM) is a method of leveraging big data and advanced analytic 

solutions based on artificial intelligence (AI) to gain insights about the marketplace and to 

anticipate and adapt to existing and future customer needs (Agrawal, Gans, and Goldfarb 2018).  

Extant research in AI and machine learning techniques with marketing applications includes 

understanding online word-of-mouth (WOM) and brand association via text mining (Netzer et al. 

2012, Tirunillai and Tellis  2014), providing fully-automated methods to monitor brand-related 

messages on Twitter (Culotta and Cutler 2016), producing a new method of preference elicitation 

for complex products (Huang and Luo 2016) and sales forecasting (Liu et al. 2016).  Further, AIM 

has created adaptive websites to anticipate customer needs (Hauser, Liberali, and Urban 2014, 

Schwartz et al. 2016), provided personalized product recommendations via unstructured online 

textual reviews (Ansari, Li, and Zhang 2018), and identified and targeted customer motives (Luo 

et al. 2019, Leung, Paolacci, and Puntoni 2019).  

               By identifying patterns from large datasets through machine learning and predictive 

algorithms, AIM can glean deep insights about current and prospective customers to generate 

targeted and personalized product recommendations, content, communication, acquisition 

strategies, and manage the customer experience (Power 2017, CMO Survey 2019, Sutton 2018). 

As AIM promises fast, accurate, repeatable, and low-cost decisions by approaching human-like 

intelligence, business executives have high expectations for AIM to boost firm performance 

(Agrawal, Gans, and Goldfarb 2018). Accordingly, in 2019, there is already a 27% increase in AIM 

implementation into companies’ marketing toolkits over the previous year, and marketers expect 

higher levels of implementation in the coming three years (CMO survey 2019).       

               However, some are concerned that, as promising as AIM might sound, many decision-

makers could fall victim to the potential hype of AIM, and misunderstand how it can meaningfully 

improve business performance (Bloomberg 2019). Already, there has been confusion and mixed 
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results regarding AIM’s potential to improve performance, and most companies struggle to make 

progress developing capabilities to integrate AIM into business processes. For instance, 41% of 

CEOs reported that they are not at all prepared to make use of new data analytic tools, and only 

4% said that they are “to a large extent” prepared (IBM 2018). Recent evidence highlights AI 

failures (Hosanagar and Saxena 2017, Herper 2017), gaps between firms’ ambition and execution 

(Ransbotham et al. 2017), and a general “post-AI-hype sobering” (Waters 2018). Further, AI may 

introduce a host of problems including hidden biases, costs, and challenges for upholding fairness, 

accountability, transparency, and, consequently, trust in AI-based decisions and firm performance 

(Abdul et al. 2018).  Such mistakes can be especially costly if AIM integration requires significant 

modifications to existing business processes or development of other capabilities that the company 

currently does not possess (O'Neill, Pouder and Buchholtz 1998). Therefore, a deeper 

understanding of how and when AIM improves firm performance is warranted.  

               Given these promises and challenges of AIM, this study addresses the following question: 

how, why, and when does AIM investment affect firm performance? First, how does AIM investment 

affect firm performance? Firms must choose between investing early in emerging technology to 

capture market share and reap the performance benefits or delaying investment (in hopes of market 

clarity) at the risk of being too late to hold a viable competitive position. Second, why does AIM 

investment have certain outcomes? Mediation analysis of the specific dimensions and patterns that 

lead to performance increases are especially critical for firms to create a set of KPIs to monitor 

before and during AIM implementation. Third, when do contextual factors and capabilities 

determine AIM’s impact on firm performance? This is a critical question for firms hoping to garner 

the potential benefits of an emerging technology. However, successful adoptions in AIM can be 

hindered by ambiguity regarding enabling and constraining factors.  

               We address these issues by developing a research framework rooted in the organizational 

contextual theory and capability perspective for marketing excellence (Moorman and Day 2016). 
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Our research design involves large-scale, multi-year data collection efforts from the U.S. and 

China which have been triangulated through multiple sources.  

    We contribute to the literature in three areas:  First,  despite the strong interest in AIM, 

large-scale empirical evidence on the relationship between AIM investment and firm performance 

has yet to be addressed. Our study presents a holistic theoretical framework regarding the benefits 

of AIM investment and empirically investigates the performance implications of AIM investment 

in diverse contexts. We argue that though AIM investment has potential benefits, the initial cost 

for adopting AIM, such as employee training and developing complementary assets, can be quite 

high and disruptive to the organization. We thus hypothesize and empirically demonstrate a U-

shaped relationship between AIM investment and firm performance, and highlight the fact that 

AIM investment does not produce immediate results. 

                 Second, our study sheds light on the factors that mediate the relationship between 

AIM investment and performance through a customer-centric lens, i.e., routes for the value 

creation role of AIM investment. Our results demonstrate that AIM is especially useful and 

scalable for customer acquisition. However, while AIM is useful for increasing satisfaction for 

existing customers and for reducing customer service cost, it does not produce immediate 

performance outcomes as there is a delay for firms to fully integrate AIM into their marketing 

processes. Such short-term “growing pains” can be substantial, and haphazard integration could 

result in negative performance outcomes. Therefore, we highlight that firms not only need to be 

committed in their AIM investment, but should be prepared to closely track the three customer-

related measures – customer service cost, customer satisfaction, and customer acquisition – and 

devote energy to mitigate issues arising from existing customers and service operations. 

               Third, we cut through the hype that AIM can be a silver-bullet solution for all firms and 

show which conditions are fertile for AIM and how firms need to synchronize their internal 

capabilities before undertaking AIM investments. Our research identifies a set of internal and 
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external factors that can enable or constrain the AIM investment advantage and suggests that 

AIM investment can only enhance firm performance when certain conditions are met. 

Specifically, our results suggest that employee resistance to change, technology velocity, industry 

competition, and marketing analytics capability deficiency erode AIM investment on firm 

performance, whereas customer privacy protection comprehensiveness, marketing capability, and 

technological capability enhance the effect of AIM investments. Our post-hoc analysis highlights 

firms’ average profit lift from AIM investment on firm profitability under relatively low, 

moderate, and high levels of these moderators: while the average performances across firms are 

positive (that is, AIM is generally useful), there exist profitability differences across the 

moderators. Managerially, understanding the conditions in which AIM affects firm performance 

can help firms set realistic expectations and prepare organizations for successful AIM 

integration. 

 

Conceptual Framework and Hypotheses 

Moorman and Day (2016) argue that performance excellence in marketing organizations relies 

on several building blocks such as marketing input, people, capabilities, mindfulness of 

environmental conditions, and customer outcomes such as customer satisfaction and customer 

value creation. Building on this framework, we develop a conceptual framework that links AIM 

investment to two sets of enabling and constraining factors. The first set includes internal and 

external environmental factors and the second set contains firm capabilities. We further examine 

the performance link through the lens of customer outcomes including customer acquisition, 

customer satisfaction and customer service cost. 

Our research framework is depicted in Figure 1. We now form hypotheses on how, why 

and when AIM investment impacts firm performance. 
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Insert Figure 1 here  

 

How Does AIM Investment Impact Firm Performance? 

Firms often expect AIM investments to generate immediate results for marketing tasks and 

performance improvements (Agrawal, Gans, and Goldfarb 2018, Gartner 2019). However, AIM 

introduces discontinuous changes that fundamentally disrupt other aspects of the organization such 

as time-honored approaches, organizational culture and learning. These changes could 

fundamentally alter a firm's existing set of capabilities, assets, and knowledge. In order to improve 

services and products to customers via AIM, firms have to incur costs stemming from 

orchestrating, reconfiguring, and upgrading their capabilities, assets and knowledge bases (Helfat 

et al. 2009), whose renewal may often be imperfect and very costly (Capron and Hulland 1999, 

Nelson and Winter 1982, Cohen and Levinthal 1990). These costs include but are not limited to 

core rigidities (Leonard-Barton 1992), limited internal communication channels (Henderson and 

Clark 1990), and social pressures (Hannan and Freeman 1984). For example, the deployment of 

AI technology often blocks the critical employee learning opportunities from customers (Beane 

2019). Given the fact that many employees are not fully familiar with AIM technologies, 

introducing them to the firm requires changes in business processes and coordination, and could 

increase the likelihood of making mistakes. For example, AIM models are extremely hungry for 

data, errors in data set selection or data quality can readily snowball and either throw a project off-

target or take it in different directions because reality has changed. 

               Discontinuous changes in AIM may also require employees from different areas of the 

company to learn how to adapt to unexpected changes. Adapting to changes requires new training, 

which takes resources, time and a persistently focused strategy. That is, the introduction of 

radically new technologies AIM often requires radically different approaches to learning so that 

people in the organization can establish a common understanding of the new operational norm. 
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However, introducing changes to many aspects of the organization can be slow and uncertain, and 

it faces formidable cultural and organizational barriers such as the difficulties associated with 

overcoming managers' mental models (e.g., Tripsas and Gavetti 2000). For example, marketing 

and relationship managers who pride themselves on being attuned to customers may reject the 

notion that a machine could have better ideas about what customers want (Fountaine, McCarthy, 

and Saleh 2019). New technology can also perpetuate legacy-based managerial mindsets and 

approaches rather than inspiring groundbreaking means of guiding decision making. The legacy 

technologies and mindsets are major barriers to firms’ business process innovation efforts, and 

AIM may also mask the symptoms of faulty processes and hidden problems.  

               Because of the uncertainty stemming from costs, cultural, and organizational barriers, 

AIM investment might not perform as has been expected and could take a more prolonged and 

more persistent investment than originally planned. For example, UPS’ ORION routing system 

transforms the traditional business model, all the way from top management to front line workers, 

and more time and resources were spent on change management with the company’s drivers than 

any other activity in the decade-long project (Rosenbush and Stevens 2015). However, as firms 

learn more about how to work with AI to improve their businesses, AIM investment might initially 

underperform the expectation, but it will become increasingly capable of delivering performance 

improvement as firms commit to higher levels effort. We hypothesize: 

               H1: AIM investment has a U-shaped impact on firm performance. 

Why Does AIM Investment Impact Firm Performance: the Mediating Mechanisms 

Firm performance from a marketing lens essentially deals with three facets – 1) revenue generation 

from new customers, 2) revenue generation from existing customers, and 3) the cost of servicing 

these customers. Accordingly, AIM can potentially address these through improved abilities in 

customer acquisition, customer satisfaction (a proxy for customer retention and repurchase), and 

reduced customer service cost through automating service requests via technologies such as 
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chatbots (PwC 2018). Given this logic, we next describe our hypotheses on how AIM affects each 

one of the three facets. 

Customer acquisition (revenue generation from new customers).  AIM investment can enable firms 

to better acquire customers in several ways. First,  through better gathering and analysis of external 

data and faster and targeted improvements of its current offerings, firms can reach new customer 

segments than their current customer base, and the automation process can handle more leads. 

Second, better behavioral analysis of customers enables firms to acquire more customers from 

existing segments. Third, throughout the acquisition process, AI can be used to anticipate inquiry 

behaviors and curate personalized content and acquisition offerings, thus improving the conversion 

rate of the leads and the productivity of the customer onboarding staff. We hypothesize:  

               H2: AIM investment has a positive impact on customer acquisition.  

Customer service cost (cost-saving).  Although AIM has the potential to reduce customer service 

cost, it can also introduce short-term disruptions. When firms attempt to integrate AIM into their 

marketing process, they have to reconfigure current business processes, redeploy current assets, 

and either re-train current employees (Sakhartov and Folta 2014) or hire additional 

knowledgeable employees. However, asset redeployment is costly (Capron and Hulland 1999) 

due to certain level of asset specificity to fit the existing business process (Williamson, 1985), 

mobility barriers (Caves and Porter 1977), asset isolating mechanisms (Rumelt 1984), existing 

asset commitment (Ghemawat 1991), and organizational inertia (Hannan and Freeman 1984). 

For example, as sales force have developed specific buyer relationships during long periods of 

time and embody tacit knowledge about specific products and market conditions (Capron and 

Hulland 1999), disrupting their use is costly. Hiring and training new employees may require 

significant time to develop and apply the requisite knowledge in their new organizational settings 

(Kor, Mahoney, Siemsen, and Tan 2016). Customer service cost may further be stimulated by the 
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need to restructure and maintain effective communication, information processing and effective 

linkages between different organizational units that facilitate the delivery of products.   

               Applying new AIM technology also requires firms to develop other complementary 

assets such as new marketing communication capabilities, new brand identities, and new 

distribution channels, all of which involve investments in interrelated and co-specialized resources 

(Capron and Hulland 1999). These costs are unavoidable regardless of whether firms choose to 

outsource AIM (Wernerfelt 2016) or develop the capabilities in-house (Williamson 1985). 

Furthermore, integration and revamping the business process are often more complicated than 

initially planned, so there is a higher probability of cost overruns and delays in reaping the benefits. 

All these activities impose costs on the firm in ways that inhibit it from reaping the benefits of new 

technologies immediately. Therefore, all of the above factors suggest that the cost-saving from 

AIM will only be realized after firms have committed significant resources and patience, and they 

should expect disruptions and customer service cost overruns in the initial investment stages. We 

hypothesize: 

               H3: AIM investment initially increases, then decreases customer service cost. 

Customer satisfaction (revenue generation from existing customers).  For revenue generation 

from existing customers, we focus on customer satisfaction as it is an essential marketing metric, 

influencing over half (53%) of all marketing mix decisions and serving as a strong proxy for 

customer retention and repurchase (Mintz et al. 2019).   

               AIM can improve customer satisfaction as follows: First, it can enhance brand 

experiences and fulfill customer expectations through real-time interactions with rich dynamic 

content through entertainment, social presence, and sensory appeal such as texts, voices, visuals 

across multiple touchpoints (Bleier, Harmeling, and Palmatier 2019).  Real-time interactions 

allow more efficient use of customer time and provide customers better service and rich 

interaction experiences. Second, AIM enables firms to gain insights into consumer behavior by 
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sorting and analyzing large amounts of data to streamline the customer interaction process, 

anticipate problems and enhance the customer journey, resulting in reduced purchase friction 

(Eckhardt et al. 2019). Third, AIM can produce individualized and just-in-time product and 

service offerings, which better meets customers’ latent demand and improves customer delight 

(Ansari, Li, and Zhang 2018). 

               Despite various benefits associated with AIM, discontinuous changes in marketing 

technology might disrupt services to existing customers. Unlike new customers, existing 

customers have habits, expectations and familiarity with the extant business process, which is 

often performed through human-based service contacts. The customers might get used to the 

firms’ existing service practices, routines and policies. Shifting away from these established 

marketing routes will annoy existing customers who constitute a significant portion of market 

performance (Yuksel and Mryteza 2009). New marketing practices may also threaten the identity 

of existing customers in purchase and consumption (Leung, Paolacci, and Puntoni 2019). Thus, 

the disruption requires current customers to refamiliarize themselves with the new interfaces and 

new interaction protocols, which can result in short-term frustration. Also, many consumers have 

negative preconceptions towards algorithms and believe that machines are not as good, accurate, 

or empathetic as human service staff. Luo et al. (2019) show that AI initially lowers customer 

satisfaction and perception of service quality when customers think they are being serviced by a 

robot, but consumers like it after repeated exposures and positive outcomes. Therefore, repeated 

exposures and “retraining” of existing customers to overcome these biases are needed in the new 

AIM environment to establish new norms and habits.  

               Moreover, the capacity of firms might not allow them to optimize service for large 

numbers customers in the short run. A shortage in critical resources required to conduct customer 

service tasks can disrupt existing customer service operations. An analogous example is the 

situation in which a firm has to develop new sets of activities to cope with the competitors’ 
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promotional campaigns and has to drastically deviate from its best route and engage in 

unwillingly activities such as reducing service to its customers, resulting in suboptimal 

performance.  

               Third, although personalization and improved service can yield more orders and 

inquiries, it also puts strain on current employees. As frontline service employees go through 

training and migration of new customer service paradigms, capacity limits suggests their 

effectiveness would decrease when they are forced to split their time, attention and efforts 

between tasks related to increased customer orders and engagement with the firm (Di Mascio 

2010, Korschun, Bhattacharya, and Scott 2014). The disruption of existing operations due to the 

shortage in resources coupled with the redeployment of resources could lower the quality of 

customer service. These factors might outweigh the benefits of AIM in the short term until they 

get better in the long run. We hypothesize: 

               H4: AIM investment initially decreases, then increases customer satisfaction. 

When AIM Investment Impacts Firm Performance: the Moderating Factors 

To examine the factors that moderate AIM’s impact on firm performance, we first look at the 

internal and external environmental factors in the areas of firm cultures, policies, and industry 

dynamics. We then examine firm capabilities needed for AIM success.   

Environmental Conditions   

Environmental conditions in which a firm operates are important in determining the returns to a 

firm’s resource investments (Atuahene-Gima 2005, Day 2011, Feng, Morgan, and Rego 2015, 

Moorman and Day 2016), and resource investment should have greater value when deployed in 

ways that are consistent with the environment (Kozlenkova, Samaha, and Palmatier 2014, 

Moorman and Slotegraaf 1999). We investigate two internal environmental factors (customer 

privacy protection comprehensiveness and employee resistance to change) and two external 

environmental factors (technological velocity and industry competition). 
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Customer privacy protection comprehensiveness. Consumer privacy protection 

comprehensiveness refers to the firm having a set of clearly articulated policies (i.e., data practice, 

security measures, and implementation) that guide how the firm uses and protects consumer data 

privacy-related information. As AIM relies more heavily on the “digital breadcrumbs” consumers 

leave behind, firms’ data usage processes can raise privacy concerns due to risk for data breaches 

(Martin, Borah, and Palmatier 2017), data persistence, data repurposing, data manipulation, and 

data spillovers (Tucker 2017).  

               When a firm is transparent with customers regarding data sharing, data disclosures, data 

security and implementation procedures, customers gain a sense of control, empowerment, and 

confidence (Schlosser, White, and Lloyd 2006). Accordingly, firms that implement privacy 

protecting practices will experience positive performance under the condition that they align data 

privacy practices across all aspects of the firm (Martin and Murphy 2017). In contrast, when a 

firm has inadequate data privacy practices, consumers harbor heightened feelings of violation 

and deteriorating trust towards the firm (Martin, Borah, and Palmatier 2017). Good data privacy 

management practice such as transparency and control can suppress the negative effects of 

customer data vulnerability and makes customers more likely to buy from these firms (Tsai et al. 

2011). Thus, marketers can use privacy protection as a source of superior value-add to 

consumers (Casadesus-Masanell and Hervas-Drane 2015) and as a competitive advantage 

(Agrawal, Gans, and Goldfarb 2018). We hypothesize:  

               H5: Consumer privacy protection comprehensiveness positively moderates the impact  

                      of AIM investment on firm performance.  

Employee resistance to change.  Resistance to change refers to an individual’s inclination to resist 

changes in organizations (Oreg et al. 2008, Soenen,  Melkonian, and Ambrose 2017). Despite the 

potential benefits of AIM, employees have concerns regarding job replacement, the need to learn 

new skills, increases in work demands, loss of control, fear of failure, and disruption of plans. 
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Individuals with a high dispositional resistance to change tend to be attached to the status quo and 

unwilling to consider alternative ideas and perspectives. The more dispositional resistance the 

employees have towards AIM, the less likely they will dedicate to engage in AI marketing related 

work. All these factors can create an emotional riptide resulting in heightened levels of anxiety 

and resistance to AIM technology. If employees do not see the personal benefits of AIM technology, 

they would be less likely to voluntarily initiate changes and more likely to form negative attitudes 

toward the changes they encounter (e.g., Oreg 2006).We hypothesize: 

H6: Employee resistance to change negatively moderates the impact of AIM investment   

                   on firm performance. 

Technology velocity.  Technology velocity is the rate at which new technologies and 

opportunities emerge and disappear in a particular industry (Day 2011). High technology 

velocity environments are characterized by high rates of new product introductions, rapid 

competitive activities, customer behavior changes, and frequent replacements of technological 

paradigms. High technology velocity makes competitive advantage hard to build because firms 

cannot protect the benefits from existing products and processes (Eisenhardt and Martin  2000). 

Rapid technology changes and short opportunity windows will make existing technologies 

obsolete before reaping the benefits from these technologies. 

               Regarding AIM, high technology velocity creates difficulties for firms to learn from 

past  experience  because  existing technologies and strategic actions become outdated  quickly,  

so  that  similar  actions and technologies can no longer produce expected results. Firms that 

reside in industries with high technology velocity will see the competitive advantage of their 

existing investment quickly diminish. In this case, firms “become increasingly vulnerable to 

change in their environments … Knowledge about and use of old competencies can inhibit 

efforts to change” (Levinthal and March 1993). Inhibition of efforts to change may cause delays 

in investing in the new generation of AIM technologies, and firms may be left with only a small 

Marketing Science Institute Working Paper Series 14



number of viable competitive action alternatives (Bluedorn and Martin 2008). This, in turn, 

hampers the ability of the firm to embrace new opportunities and creation of competitive 

advantage, causing firm performance to suffer.  We hypothesize: 

               H7: High technology velocity negatively moderates the impact of AIM investment on            

                      firm performance.   

Industry Competition.  Firms invest in AIM to gain competitive advantage. However, valuable 

AIM resources and advantages are subject to competitive imitation. Rivals in the same industry 

are motivated to employ similar AIM technologies, and knowledge spillovers and imitation will 

accordingly diminish the advantages associated with AIM technology. A negative effect of 

industry competition on AIM investment occurs. We hypothesize: 

               H8: Industry competition diminishes the impact of AIM investment on firm  

                      performance.   

Firm capabilities 

Firm performance requires knowledge that cannot be reduced and captured by the purely technical 

aspect of data analytics and machine learning (Davenport 2016, Borison and Hamm 2010). The 

performance advantages of AIM investment depends on complementary assets as their synergistic 

interactions can increase a firm’s effectiveness and/or efficiency in resource deployment 

(Kozlenkova et al. 2014, Moorman and Slotegraaf 1999, Moorman and Day 2016). We discuss 

three critical capabilities that govern the success of technology integration with business processes 

in the marketing domain – marketing capability, technological capability, and deficiency in 

marketing analytic capability. 

Marketing capability.  Marketing capability is the ability of the firm to efficiently transform its 

marketing resources into sales revenue (Dutta, Narasimhan, and Rajiv 1999). Firms with strong 

marketing capability can efficiently exploit customer opportunities and resolve customer problems 

based on their superior ability to understand consumer needs (Moorman and Day 2016). Once 
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AIM is deployed,  a strong marketing capability can help the firm closely match customer needs 

and rapidly deliver the offerings to customers to satisfy their needs. That is, marketing capability 

will act upon the diagnostic and predictive power of AIM investment to meet customer needs. 

Also, a strong marketing capability enables the firm to identify new customers, supplementing the 

efficiency and scale of AIM in customer acquisition (Krasnikov and Jayachandran 2008). Finally, 

firms with strong marketing capabilities are more adaptable – they have a superior understanding 

of changes in market conditions, customer preferences, and the ability to respond to these changes 

(Feng, Morgan, and Rego 2015). This ability can help firms to efficiently transform insights from 

their AIM investments into marketing objectives such as new products, services, and other 

enhancements to the existing business model. We hypothesize: 

               H9: Marketing capability positively moderates the impact of AIM investment 

                      on firm performance.        

Technological capability. Technological capability is the capacity of an organization to convert 

its technological resources into technological output (Dutta, Narasimhan, and Rajiv 1999; Feng, 

Morgan, and Rego 2015, Moorman and Slotegraaf 1999). Different from marketing capability, 

which suggests business prowess and customer insightfulness, technological capability suggests 

technical prowess and capacity. When technological capability is strong, a firm can comfortably 

and quickly digest the technical insights from its AIM investment and translate them into outputs 

to capitalize on market opportunities. We hypothesize: 

               H10: Technological capability positively moderates the impact of AIM investment 

                        on firm performance. 

Deficiency in marketing analytics capability.  Marketing analytics capability is the ability of a 

firm’s technology-enabled and model-supported approach to harness customer and market data, 

obtain insights into marketing performance, maximize the effectiveness of instruments of 

marketing control, and optimize firms’ return on investment (Germann, Lilien, and Rangaswamy 
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2013, Wedel and Kannan 2016). This suggests that if a firm has strong marketing analytics 

capability, it is fluent in AIM techniques to build and maintain customer relationships, 

personalize the marketing mix, and automate marketing processes. Lacking this capability 

hinders firms’ efforts to extract useful insights from their consumer data. Without this ability, 

developing consumer segments and personalizing content is difficult. That is, AIM investment 

would not produce the desired results if the firm lacks the marketing analytics skills to draw 

appropriate conclusions from the analysis of large data sets based on AIM investment (Germann, 

Lilien, and Rangaswamy 2013).  We hypothesize: 

               H11: Deficiency in marketing analytics capability negatively moderates the impact of  

                        AIM  investment on firm performance.                    

Method 

To test our hypotheses, we conducted large scale data collection over several years from firms in 

the United States and China. These countries provide the ideal context as China and North 

America lead the way in AI advances and are projected to receive almost 70% of the potential 

global GDP growth, valued at $15.7 trillion, from AI by the year 2030 (PwC 2018).   

Research Setting and Data Collection: Study 1 

The data for the first study was collected in the US. Because these data are not available from a 

single source, we manually assembled a unique panel data set, which can help avoid common 

method bias by using separate sources for key independent and dependent variables (Mithas, 

Krishnan, and Fornell 2005).  

               To attain a list of firms that have actively invested in AIM, we worked with an 

industrial marketing research leader who tracks AI investment and performance outcomes of 

firms in different industries. This firm provided a commercial list of 3978 firms that included 

both public and private firms that have engaged in AIM investment. In years 2016, 2017, and 

2018, the research firm supplied us with the amount of the AIM investment, the number of 
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customers served each year, performance in terms of net profit, and firm characteristic 

information. In order to collect additional information for the studied variables in this research, 

we accordingly collaborated with the research firm and conducted surveys during these three 

years. 

               Each year, we sent the same questionnaire to managers to collect information such as 

firm characteristics, generic firm strategy differentiation, cost focus and technology velocity. We 

also sent a short questionnaire to 50 randomly selected employees of each sampled company to 

collect information on employee resistance to change. Through multiple rounds of reminders in 

mail and email, 870 matched questionnaires were collected in the year 2016, 731 in the year 

2017, and 890 in the year 2018. Missing value forced us to drop about 50-90 surveys from each 

round. We verified firm characteristics information via public available sources such as media 

reports, firm websites, Hoovers’s company profile and COMPUSTAT. We also employed other 

approaches such as trained coders to create information for variable customer privacy protection. 

We excluded surveys that were not matched across each round (for example, respondents 

answered the survey in 2016, but not in 2017 and 2018) and eliminated samples that did not 

match information from public available sources. We also collected information from sources 

such as COMPUSTAT for variables such as industry growth rate and market size. Matching 

information from different verified sources, we retained 446 matched usable firm samples for our 

final analysis. This response rate is comparable to other studies for data collection targeted at 

executives in the US (Kashyap and Murtha 2017, Menon et al., 1999). The samples were from a 

variety of industries with varying industry dynamics such as IT and telecommunication, 

aerospace, pharmaceuticals, bio-tech, automotive, machinery, chemicals, electrical equipment 

and components, business services, consumer goods, utilities, retail, wholesale, and insurance.     

                We compared our final sample with the non-respondent firms on firm characteristic 

variables such as firm size, firm age, and firm asset size and found no significant differences. We 
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also compared early- versus late-responding firms across all study variables and found no 

significant differences (Armstrong and Overton 1977). A confirmatory factor analysis (CFA) of 

the latent constructs suggests that fit statistics (comparative fit index [CFI] = .96; Tucker–Lewis 

index [TLI] = .96; root mean square error of approximation [RMSEA] = .04) meet or exceed 

established guidelines and the items underlying each latent construct display statistically 

significant loadings (the lowest t-statistic is 7.18). The average variance extracted (AVE) and 

composite reliability (CR) scores computed for each construct exceed benchmark guidelines, 

suggesting strong convergent and discriminant validity. Thus, constructs in our study yield 

satisfactory psychometric properties (Fornell and Larcker 1981). 

Dependent and Independent Variables: Study 1 

Firm performance is measured by net profit, which reflects the profitability of AIM investment 

because it includes both the revenue and costs of the investment. AIM investment includes the 

monetary amount spent on big data analytics, machine learning in marketing and related costs 

such as equipment.  

Mediator Variable: Study 1 

Customer acquisition is the log-scaled net customer increase over prior year. That is, 

Customer Acquisition = ln(Num of Customers𝑖𝑖𝑖𝑖) −  ln(Num of Customer𝑖𝑖𝑖𝑖−1) .  

Moderator Variables: Study 1 

To measure customer privacy protection comprehensiveness each year, three paid coders blind to 

the study independently reviewed the documents and evaluated each companies’ consumer 

protection policy on a 7-point three-item scale. The coders evaluated clear and concise 

information about data practices; building security into products including proper authentication, 

reasonable security measures and carefully considered default settings; and requiring the use of 

safeguards to ensure the confidentiality and security of customer data privacy.   

               To measure employee resistance to change we used Oreg’s (2003) 17-item scale. 
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Research has demonstrated the validity and reliability of this construct in a variety of contexts 

under both voluntary and imposed conditions across many countries (e.g., Oreg et al. 2008, 

Soenen,  Melkonian, and Ambrose 2017). Participants rated their extent of agreement on a seven-

point scale, anchored with “strongly disagree” to “strongly agree.”  This scale composes of four 

dimensions: Routine seeking involves the extent to which one enjoys and seeks out stable and 

routine environments (The measures are: I generally consider changes to be a negative thing; I’ll 

take a routine day over a day full of unexpected events any time; I like to do the same old things 

rather than try new and different ones; Whenever my life forms a stable routine, I look for ways 

to change it (reverse); I’d rather be bored than surprised).  Emotional reaction reflects the extent 

to which individuals feel stressed and uncomfortable in response to imposed change (The 

measures are: If I were to be informed that there’s going to be a significant change regarding the 

way things are done at the firm, I would probably feel stressed; When I am informed of a change 

of plans, I tense up a bit; When things don’t go according to plans, it stresses me out; If my boss 

changed the criteria for evaluating employees, it would probably make me feel uncomfortable 

even if I thought I’d do just as well without having to do any extra work; If in the middle of the 

work year, I were to be informed that there’s going to be a change in the schedule of deadlines, 

prior to knowing what the change actually is, I would probably presume that the change is for the 

worse).  Short-term focus involves the degree to which individuals are preoccupied with the 

short-term inconveniences versus the potential long-term benefits of the change (The measures 

are: Changing plans seems like a real hassle to me; When someone pressures me to change 

something, I tend to resist it even if I think the change may ultimately benefit me; Once I’ve 

made plans, I’m not likely to change them; Often, I feel a bit uncomfortable even about changes 

that may potentially improve my life).  Finally, cognitive rigidity represents a form of 

stubbornness and an unwillingness to consider alternative ideas and perspectives (The measures 

are: I don’t change my mind easily; I often change my mind (reverse); My views are very 
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consistent over time). 

               We adapt Jaworski and Kohli (1993) and Atuahene-Gima (2005) to measure technology 

velocity: It is difficult to forecast technology developments in our industry; A large number of 

new product ideas have been made possible through technological breakthroughs in our industry; 

The rate of technological change in our industry is high; The rate of new technology introduction 

in our industry is fast.  We use the Herfindahl–Hirschman Index (HHI) to measure industry 

competition. This variable takes the form: 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 (𝐻𝐻𝐻𝐻𝐼𝐼) =  ∑ 𝐼𝐼2𝑖𝑖,𝑘𝑘,𝑖𝑖−1
𝑁𝑁
1 , where 

𝑁𝑁 is the number of firms, 𝐼𝐼𝑖𝑖,𝑘𝑘,𝑖𝑖−1 is the market share of firm 𝐼𝐼 in the 𝑘𝑘 industry at year 𝐼𝐼 − 1.  

Control Variables: Study 1      

           We control for firm size, firm age, firm asset size, R&D input, market size, market growth, whether 

AIM is outsourced or not, differentiation and cost focus to partial out alternative explanations. 

Firm characteristic variables are triangulated with Compustat, annual survey, the data provider, 

and other public sources such as Hoovers’s company profile, firm websites, and news reports. We 

employ the scales by Zott and Amit (2009) to measure differentiation and cost-focus. For 

differentiation, we have four items: offering specialized products; innovations in product delivery; 

offering distinctive products; and offering unique products not offered by competitors. For cost-

focus, we also have four items: leadership in developing operating procedures relative to 

competitors; operating efficiency relative to competitors; emphasizing economies of scale and 

scope with our operation; and minimizing product-related expenditures.  

Research Context and Data Collection: Study 2 

Our data for the second study was collected from China. We used three sources: Shanghai Stock 

Exchange list (listed 1520 firms), Shenzhen Stock Exchange list (listed 2,180 firms), and China 

high-tech lists from 169 China High-Tech Zones located in 31 provinces of China. The sampling 

framework from three different sources provided us a large representative sample representing 

companies of different natures from diverse industries, brands, and products. The Shanghai stock 
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exchange had a total market capitalization of its listed companies of US$ 5.01 trillion as of 

August 2019. The Shenzhen stock exchange had a market capitalization of its listed companies 

of US$3.51 trillion as of August 2019. The high-tech zones yielded a net profit of US$ 31 billion, 

and US$1.38 trillion in goods and services in 2017, and exported goods and services valued at 

$478 billion. We used public traded companies because the information from the various sources 

can be easily verified. We used China's high-tech list because information regarding some of the 

research variables from these companies is readily available from various public sources such as 

yearbooks of company profiles, various yearly statistics from government statistic bureaus, tax 

documents from different government agencies and entities. Altogether, working closely with a 

large Chinese market research company, we collected yearly data from 9334 firms in 33 

industries with 28,198 observations, from 2015 to 2018.    

               We collected firm characteristic variables from public sources such as stock exchange 

data, government agency records, firm internal records, firm websites, and firm profile websites. 

We collected financial data from firm tax files through tax files from different government 

agencies. We collected information regarding AIM investment, insufficiency in marketing 

analytics capability, differentiation, and cost focus from our annual surveys. Each year, the 

researchers and the market research company recruited approximately 800 research assistants 

from major Chinese universities in each province to help with data collection. The trained 

research assistants made appointments with at least five managers of each sample firm and asked 

these managers to provide information regarding the studied variables. After the respondents 

finished the questionnaires, the research assistants collected the questionnaire on site. We used 

averages from the respondents’ scores as our measures for these variables. We offered anonymity 

and confidentiality to reduce socially desirable responses and ensure the quality and reliability of 

the data (Podsakoff, et al. 2003; Atuahene-Gima 2005). Each year, the research company helped 

each sample firm implement questionnaires to its customers to measure customer satisfaction.           
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              A CFA shows that our latent constructs meet psychometric properties (Cronbach 

reliability index ranges from .73-.92, CFI = .97; TLI = .94; RMSEA = .03, AVE ranges 

from .59-.82, CR from .79-.95, standardized factor loadings are significant and high, providing 

evidence of convergent validity).  

Dependent and Independent Variables: Study 2 

As in study 1, our dependent variable firm performance is measured by net profit and our 

independent variable AIM investment is measured by the monetary amount invested in big data 

analytics and machine learning related marketing technology.  

Mediator Variables: Study 2 

Customer satisfaction is a customer’s overall evaluation of the performance of an offering to date 

(Johnson and Fornell 1991). We use the average customer satisfaction measures from customer 

ratings to measure customer satisfaction. The satisfaction questions are the same as those used in 

prior customer satisfaction research (Fornell et al. 1996, Gustafsson, Johnson, and Roos 2005): (1) 

Overall satisfaction (1 = “very dissatisfied,” 7 = “very satisfied”); (2) Expectancy disconfirmation 

(1 = “falls short of expectations,” 7 = “exceeds expectations”); (3) Performance versus the 

customer’s ideal company in the category (1 = “not very close to ideal company,” 7 = “very close 

to ideal company”). Customer service cost refers to total cost related to service discounts, customer 

returns, customer service staff cost, customer service technology cost, and allocation of customer 

service fixed overhead.  

Moderator Variables: Study 2 

Consistent with the extant literature (Dutta, Narasimhan, and Rajiv 1999, Feng, Morgan, and 

Rego 2015), we measure marketing capability employing an input-output stochastic frontier 

approach. Specifically, we write the frontier equation as the following to measure marketing 

capability: 

                     ln(Sales)it = 𝑎𝑎0𝑚𝑚 + 𝑎𝑎1𝑚𝑚 ln(𝑀𝑀𝑎𝑎𝐼𝐼𝑘𝑘𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑀𝑀𝐸𝐸𝑥𝑥𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼)𝑖𝑖𝑖𝑖 + 𝑎𝑎2𝑚𝑚 ln(𝑀𝑀𝑎𝑎𝐼𝐼𝑘𝑘𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑀𝑀𝑀𝑀𝐼𝐼𝑀𝑀𝐼𝐼𝐼𝐼𝑀𝑀𝑎𝑎𝑀𝑀𝑀𝑀𝐼𝐼)𝑖𝑖𝑖𝑖 +

 ln(Sales)it−1 + ∑ 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑚𝑚 − 𝜂𝜂𝑖𝑖𝑖𝑖𝑚𝑚  
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where 𝑆𝑆𝑎𝑎𝑀𝑀𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖 is the total sales,  𝑀𝑀𝑎𝑎𝐼𝐼𝑘𝑘𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑀𝑀𝐸𝐸𝑥𝑥𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖 includes total discretionary expenses 

such as advertising and selling, general, and administrative expenses, 𝑀𝑀𝑎𝑎𝐼𝐼𝑘𝑘𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑀𝑀𝑀𝑀𝐼𝐼𝑀𝑀𝐼𝐼𝐼𝐼𝑀𝑀𝑎𝑎𝑀𝑀𝑀𝑀𝐼𝐼𝑖𝑖𝑖𝑖 

includes total resources dedicated toward maintaining customer relationships, Salesit−1 is prior 

year sales, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖 is industry dummies, 𝜀𝜀𝑖𝑖𝑖𝑖𝑚𝑚 is idiosyncratic error, 𝜂𝜂𝑖𝑖𝑖𝑖𝑚𝑚 is a marketing 

inefficiency error component.  

We use the following formula to measure technological capability: 

             ln(TechnologyOutput)it = 𝑎𝑎0𝑟𝑟 + 𝑎𝑎1𝑟𝑟 ln(𝑀𝑀&𝐷𝐷𝑆𝑆𝐼𝐼𝐼𝐼𝑀𝑀𝑘𝑘)𝑖𝑖𝑖𝑖 + 𝑎𝑎2𝑟𝑟 ln(PatentStock)𝑖𝑖𝑖𝑖−1 + ∑ 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑟𝑟 − 𝜂𝜂𝑖𝑖𝑖𝑖𝑟𝑟  ,  

where 𝑇𝑇𝐼𝐼𝑀𝑀ℎ𝐼𝐼𝐼𝐼𝑀𝑀𝐼𝐼𝑀𝑀𝐼𝐼𝑛𝑛𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖 is the patent count of firm i in year t, 𝑀𝑀&𝐷𝐷𝑆𝑆𝐼𝐼𝐼𝐼𝑀𝑀𝑘𝑘𝑖𝑖𝑖𝑖 is the R&D 

input of firm i in year t, 𝑃𝑃𝑎𝑎𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑆𝑆𝐼𝐼𝐼𝐼𝑀𝑀𝑘𝑘𝑖𝑖𝑖𝑖−1 is the stock of patent output of prior year; 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖 is 

industry dummies, 𝜀𝜀𝑖𝑖𝑖𝑖𝑟𝑟  is idiosyncratic error, and 𝜂𝜂𝑖𝑖𝑖𝑖𝑟𝑟 is a technological inefficiency error 

component. R&D input is from various regulatory agencies and public sources in China. The 

patent data is from published patent yearbooks by the Chinese patent office. This approach is 

consistent with Feng, Morgan, and Rego (2015) measuring of technological capability.   

               We use a four-item 1-7 scale adapted from (Germann, Lilien, and Rangaswamy 2013) 

to measure deficiency in marketing analytics capability. These four items are: (1) Many people 

in our firm are skeptical of analytics-based results; (2) Our people are not very good at 

identifying and employing the appropriate marketing analysis tool given the problem at hand; (3) 

Our people do not master many different quantitative marketing analytic tools and techniques; 

(4) We rarely use analytics to support decisions in the following areas (average score across 12 

areas to choose from [pricing, promotion and discount management, sales-force planning, 

segmentation, targeting, product positioning, developing annual budgets, advertising, marketing 

mix allocation, new product development, long-term strategic planning, sales forecasting] plus 

two open-ended areas).        

Control Variables: Study 2   
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Our control variable for study 2 overlapped with study 1. The measures for these variables are 

the same as in study 1.      

Analysis and Results 

Model Specification: Study 1 

We hypothesize that AI marketing investment has a U-shaped impact on firm profitability. We 

include several control variables to address alternative explanations. However, firms may 

anticipate the efficacy of their AIM investment performance outcomes and thus strategically 

make AIM investment decisions. Other unobserved and omitted variables could also affect firms’ 

AIM investment decisions, creating endogeneity concerns (Rossi 2014).    

               In order to alleviate the potential endogeneity in AIM investment decisions, we use a 

control function approach to avoid potential bias accounting for unobservable factors and 

omitted variables (Petrin and Train 2010). Following Chintagunta, Gopinath, and Venkatraman 

(2010), and Sridhar et al. (2016), we create an instrument variable peer AIM investment (i.e. 

industry average AIM investment) based on the assumption that industry investment levels 

remain unaffected by firm-level idiosyncratic shocks and cannot correlate strongly with the 

residuals (Lev and Sougiannis 1996). The peer AIM investment is a plausible instrument in that 

firms compete in similar industry conditions and share similar expectations are likely to be 

mimetic and adopt prevalent industry practices. It is unlikely that our instrumental variable 

would relate to a focal firm’s omitted variables and consequently the error term since it is 

difficult for competitors to act collectively against a single firm. We first regress the endogenous 

variable on its instrument and other exogenous variables to estimate the residuals, which provide 

a control function correction in estimation as in equation (1). This approach allows us to 

establish that the endogenous regressor is no longer correlated with the error term and can lead to 

the assumption of independence (Sridhar et al. 2016). To explicitly account for the direction of 

causality, following the approach recommended by Hsiao (2014) and Wooldridge (2010), we use 
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independent variables in the prior period to predict the performance outcomes of the focal firm in 

the current period. Specifically, we specify our estimation model as the following:  

        FirmPerformanceit =  a0 + b1AIMInvestmentit−1  +   b2AIMInvestment𝐼𝐼𝐼𝐼−1
2  + b3FirmPerformance𝐼𝐼𝐼𝐼−1 +

b4CustomerAcquisition𝐼𝐼𝐼𝐼−1 + b5ConsumerPrivacyProtectionit−1 +

  b6EmployeeResistanceToChangeit−1+ b7TechnologyVelocityit−1+ b8IndustryCompetitionit−1 +

b9AIMInvestmentit−1 × ConsumerPrivacyProtectionit−1+ b10AIMInvestmentit−1 ×

EmployeeResistanceToChangeit−1 +  b11AIMInvestmentit−1 × TechnologyVelocityit−1 +

 b12AIMInvestmentit−1 × IndustryCompetitionit−1 + b13FirmSizeit−1 + b14FirmAgeit−1 +

b15AssetSizeit+b16CostFocusit + b17Diferenciationit + b18MarketGrowthit + b19MarketSizeit +

b20R&Dit + b21Industryi + b22Yearj +εit 

(1) 

where subscript i represents the firm and subscript t represents the calendar year, it − 1 is the 

subscript for each lagged variable, and εit is the error term. We estimate AIM investment as: 

  AIMInvestmentit =  a0,AIMInvestment + a1,   AIMInvestmentPeerAIMInvestmentit−1  +   ∑ ak,𝑘𝑘=1
𝑘𝑘 AIMInvestment ×

Exogenous𝐼𝐼𝐼𝐼−1  + 𝜇𝜇𝐼𝐼𝐼𝐼,AIMInvestment  

(2) 

where PeerAIMInvestmentit−1 is the peer instrument for AIMInvestment, ∑ ak𝑘𝑘=1
𝑘𝑘  captures the 

impact of the set of exogenous variables, Exogenous𝑖𝑖𝑖𝑖−1 is the vector of exogenous variables 

including the control variables, and 𝜇𝜇𝑖𝑖𝑖𝑖,   AIMInvestment  is the error term.  

                It is worth noting that AIM investment might also be made because managers have 

private information about its efficacy, captured by β in a typical regression equation (slope 

endogeneity). To correct for slope endogeneity, consistent with Luan and Sridhar (2010), we 

include the interactions between the residual and its endogenous regressor. Integrating 

information from equation (2) and slope endogeneity adjustment, equation (1) can be rewritten as 

        FirmPerformanceit =  a0 + b1AIMInvestmentit−1  +   b2AIMInvestment𝐼𝐼𝐼𝐼−1
2  + b3FirmPerformance𝐼𝐼𝐼𝐼−1 +

b4CustomerAcquisition𝐼𝐼𝐼𝐼−1 + b5ConsumerPrivacyProtectionit−1 +

  b6EmployeeResistanceToChangeit−1+ b7TechnologyVelocityit−1+ b8IndustryCompetitionit−1 +
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b9AIMInvestmentit−1 × ConsumerPrivacyProtectionit−1+ b10AIMInvestmentit−1 ×

EmployeeResistanceToChangeit−1 +  b11AIMInvestmentit−1 × TechnologyVelocityit−1 +

 b12AIMInvestmentit−1 × IndustryCompetitionit−1 + b13FirmSizeit−1 + b14FirmAgeit−1 +

b15AssetSizeit+b16CostFocusit + b17Diferenciationit + b18MarketGrowthit + b19MarketSizeit +

b20R&Dit + b19Industryi + b21Yearj +εit+ ∑ 𝜁𝜁𝑚𝑚 �
�̂�𝜇𝐼𝐼𝐼𝐼,𝐴𝐴𝐼𝐼𝑀𝑀𝐼𝐼𝐼𝐼𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼   

�̂�𝜇𝐼𝐼𝐼𝐼,𝐴𝐴𝐼𝐼𝑀𝑀𝐼𝐼𝐼𝐼𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼   × AIMInvestment
�2

𝑚𝑚=1  

(3) 

Where �̂�𝜇𝑖𝑖𝑖𝑖,𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝑚𝑚𝐴𝐴𝐴𝐴𝑖𝑖    is the residual from equation (2) and 𝜁𝜁𝑚𝑚captures the coefficient of the 

residual and its interaction.  

Results: Study 1 

Table 1 reports descriptive statistics and variable correlations for study 1. Table 2 presents the 

results of the proposed models for study 1. In all our models for analysis, VIF is less than 10. 

Results in Model 1 are clustered at the firm ID. 

 

Insert Table 1 about here 

Insert Table 2 about here   

 

               Hypothesis 1 posits that AIM investment has an inverted U-shaped relationship with 

firm performance. This hypothesis is supported by the evidence reported in Model 1 as co-

efficient of AIM investment squared is highly significant (b = .016, p < .05) and the coefficient 

for AIM investment is in the right direction (b = − .149, p > .05). The AIM investment on firm 

profitability is plotted in Web appendix 1 Figure 1.  

               Turning to mediation effect, as illustrated by the Model 1(1) and Model 1(2) 

respectively, customer acquisition (b = .627, p < .05) positively affects firm profitability and 

AIM investment (b = .014, p > .05 for AIM investment, b = .003, p < .05 for AIM investment 

squared) has an increasing impact on customer acquisition. Thus H2 is supported. This is also a 

Marketing Science Institute Working Paper Series 27



surprising finding since we assume a positive association between AIM investment and firm 

performance. Web appendix 1 Figure 2 graphically presents the impact of AIM investment on 

customer acquisition. 

               As to the interaction effect, the estimates in Model 1 suggest a positive and significant 

interaction between AIM investment and customer privacy protection comprehensiveness (b = 

.051, p < .05), a negative and significant interaction between AIM investment and employee 

resistance to change (b = − .029, p < .05), AIM investment and technology velocity (b = − .028, 

p < .05), and AIM investment and technology velocity (b = − .018, p < .001). These results lend 

support to H5, H6, H7, and H8 respectively. Web appendix 1 Figures 2, 3, 4, and 5 graphically 

depict these results.    

                 The prior profit might influence the current AIM investment. In order to alleviate this 

issue, we include previous year’s profit in our estimation model. Model 1(2) in Table 2 shows 

that the results remain consistent. Results in Model 2 are clustered at the locations where firms 

are stationed. The results are similar to Model 1, suggesting that our results are robust.      

Model Specification: Study 2 

We posit a U-shaped relationship between AIM investment and firm performance. Therefore, we 

include a squared term for AIM investment. Our data panel is short and wide (four years and 

many observations), and the data can be viewed as clustered on the individual unit. For such 

data, one can base inference on panel robust standard errors that do not require specifying a 

model for the error correlation (Cameron and Trivedi 2005). Moreover, for short and wide 

panels, generalized least squares using robust errors yield asymptotically correct standard errors 

even in the presence of heteroscedasticity and serial correlation (Cameron and Trivedi 2009, 

Kripfganz 2016). The robust-clustered standard error calculation, which is a generalization of the 

sandwich method of calculating heteroscedasticity-robust errors (Baum, Nichols, & Schaffer, 

2010), also helps address concerns about firm-level heteroscedasticity. The robust cluster method 
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assumes there is a correlation between observations of specific firms. Incorporation into a cluster 

implies that the observations are independent across firms, but not necessarily within firms. It 

calculates the variance in standard error for each firm separately and hence corrects for the 

possible deviation in standard error terms. Thus, we employ generalized least squares using 

robust errors clustered by firm ID to analyze our data and do hypotheses testing. We specify the 

following model: 

                       FirmPerformanceit =  a0 + b1AIMInvestmentit−1  +   b2AIMInvestment𝐼𝐼𝐼𝐼−1
2  +

+b3CustomerSatisfaction𝐼𝐼𝐼𝐼−1 + b4CustomerServiceCostit−1 +

  b5MarketingCapabilityit−1+ b6TechnologicalCapabilityit−1+ b7DeficiencyInBusinessAnalyticsCapabilityyit−1 +

b8AIMInvestmentit−1 × MarketingCapabilitit−1+ b9AIMInvestmentit−1 × TechnologicalCapabilityit−1 +

+ b10AIMInvestmentit−1 × DeficiencyInBusinessAnalyticsCapabilityit−1 + b11FirmSizeit−1 + b12FirmAgeit−1 +

b13AssetSizeit+b14CostFocusit + b15Diferenciationit + b16Industryi + b17Yearj +εit 

(4) 

where a0 are firm-specific intercepts to account for unobserved firm-level heterogeneity, 

subscript i represents the firm and subscript t represents the calendar year, it − 1 is the subscript 

for each lagged variable, and εit is the error term. The industry and year dummy variables allow 

us to control for heterogeneity (Dotzel, Shankar, and Berry 2013).                

Results: Study 2 

Table 3 summarizes descriptive statistics and variable correlations for study 2. Table 4 presents 

the estimation results of the proposed models for study 2. The models show that all coefficients 

involving AIM investment on firm profitability are consistent across equations. In all models, the 

variance inflation factors (VIFs) do not exceed ten (The highest VIF 7.39 is the AIM investment 

squared), suggesting that multicollinearity is not a concern for the validity of our results. 

 

Insert Table 3 about here 

Insert Table 4 about here 
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 Model 1 is our base model, which only includes AIM investment and control variables. The 

coefficient for AIM investment (b = −.099, p < .001) is negative and significant, whereas the 

coefficient for its quadratic term (b = .033, p < .001) is positive and significant, suggesting a 

convex relationship between AIM investment and firm performance. Web appendix 1 Figure 7 

plots the marginal effect of AIM investment on firm profitability. This again supports H1. In Model 

2, we add moderation terms marketing capability, technological capability, and deficiency in 

marketing analytics capability, and their interaction terms with AIM investment into the equation 

along with all variables included in Model 1.  

               As Model 2 shows, the interaction between AIM investment and marketing capability (b 

= .016, p < .001), and AIM investment and technological capability (b = .003, p < .001) are positive 

and significant. These results are consistent with H9 and H10, respectively. The equation also 

demonstrates a strongly negative and significant interaction term between AIM investment and 

insufficiency in marketing analytics capability (b = −.002, p < .05) on firm profitability. This 

supports H11. We graphically present these results in Web appendix 1 Figures 8, 9, and 10, 

respectively, which plot the marginal effect of AIM investment through marketing capability, 

technological capability, and insufficiency in marketing analytics capability at the 95 percent 

confidence interval against firm profitability. 

               In Model 3(1), we add two mediators, customer service cost and customer satisfaction, 

into the model along with all the variables included in Model 2. The results are consistent with 

Model 2 on all hypothesized relationships. The model comparison suggests that adding moderating 

and mediating variables greatly improves the explanatory power of the model. For example, 

Akaike’s Information Criterion (AIC statistic) of model evaluation suggests that adding both 

moderators and mediators into the model is better because the corresponding AIC value 

(−42178.51) is smaller than (−12818.97 and 18526.89 for Model 2 and Model 1 respectively) that 
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of the models without these terms. Bayesian Information Criterion (BIC) statistics (in Model 1, 2, 

and 3) show similar results.  

               The results in Model 3(1) show that the effect of customer service cost on firm 

performance is positive and significant (b = .012, p < .001). The Model 3(1) also illustrates that 

customer satisfaction is positive and significantly related to firm performance (b = .323, p < .001). 

Model 3(2) suggests that AIM investment and customer service cost has a concave relationship on 

firm profitability (b = 1.751, p < .001 for AIM investment and b = −.097, p < .001 for AIM squared). 

Model 3(3) indicates that the relationship between AIM investment and customer satisfaction is 

convex (b = −.118, p < .001 for AIM investment and b =.020, p < .001 for AIM squared). These 

results jointly demonstrate that customer service cost and customer satisfaction mediate the 

relationship between AIM investment and firm performance respectively. Web appendix 1 Figures 

11 and 12 respectively plots these results. Thus, H3 and H4 are supported. 

Robustness checks 

We perform additional robustness tests under alternative specifications. In Model 4, we add the 

lagged dependent variable to establish stronger predictive causality (Hsiao 2014, Wooldridge 

2010). The results remain similar to Model 3.  

               In Model 5, we employ an instrumental variable approach. A crucial condition for such 

estimation is the inclusion of an instrumental variable (IV), which is correlated with the second 

stage DV only through its correlation with the first stage variable. The two-stage least-squares 

technique enables accounting for the correlation in the disturbance term across equations. We use 

peer AIM investment as the instrumental variable for AIM investment. As in study 1, industry 

average AIM investment may influence a focal firm’s investment but may not directly affect its 

firm performance, making it a good exclusion variable. An industry is a much larger entity to 

influence any one company’s firm performance. Model property statistics suggest that our 

instrument is not weak (F-statistics are much higher than the critical value of 10 (Stock et al. 2002). 

Marketing Science Institute Working Paper Series 31



In Model 5(2), the Hansen test does not reject the null hypothesis that the instrument is exogenous: 

Hansen’s J = 4.703 (p > .19). The two-stage least-squares model results, as indicated by Model 5, 

are similar to Model 3 and Model 4. These tests suggest that our results are robust.  

Discussion 

Artificial Intelligence (AI) technologies for marketing are about to reach the “peak of inflated 

expectations” for managers, AI entrepreneurs, and researchers (Gartner 2019). This study 

attempts to answer how, why and when AIM investment impacts firm performance. The study 

contributes to the emerging stream of research on AIM and firm performance to elucidate 

mechanisms and conditions under which AIM investment affects firm performance.  

Theoretical Implications 

The study underscores the complex curvilinear performance effects of AIM investment on firm 

performance. The relationship between AIM investment and firm performance is not straight-

forward. The results suggest that initial AIM investment does not necessarily improve firm 

profitability, and the positive effect on firm performance occurs only when the investment passes 

a threshold. We argue that the U-shaped relationship between AIM investment and firm 

performance is due to organizational and business process integration costs related to new 

technology such as the redeployment of firm assets, the employment and training of 

professionals, and the establishment of internal learning and coordination systems. These factors 

disrupt the existing operations of company practices. Given that AIM technologies are new, 

introducing these technologies can increase the likelihood of making mistakes in marketing 

decision making, which leads to the inefficient orchestration of resources. Our research thus 

affords a better understanding of AIM investment and firm performance.    

               Importantly, this study identifies three mediating factors in the relationship between 

AIM investment and firm performance. Although customer outcomes have been a topic of 

significant research in marketing in domains of CRM (e.g., Palmatier et al. 2006, Reinartz, 
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Krafft, and Hoyer 2004), the linkage between a firm’s AIM investment decision and customer 

outcome is not clear. Our research accordingly fills this gap. Through our mediation analyses, we 

find that although AIM investment can attract large numbers of customers, initial AIM 

investment can increase customer service cost. Meanwhile, the introduction of new marketing 

technologies may disrupt current customer service practices, which may reduce customer 

satisfaction. The inversed U-shaped and U-shaped relationship between AIM investment on 

customer service cost and customer satisfaction thus offer explanations about the U-shaped 

relationship between AIM investment and firm performance. The findings regarding the rather 

complex relationship between AIM investment, customer satisfaction, and customer service cost 

on firm performance offer a better appreciation of how AIM investment drives performance 

outcomes. 

               In addition, this study identifies several constraining factors and enabling factors. First, 

we highlight the value of capabilities in enabling firms to amplify the benefits associated with 

organizational actions. Consistent with extant studies that highlight the importance of marketing 

capabilities in firm performance, we find that the effects of AIM investment are contingent upon 

firm capabilities such as technological capability and marketing analytics capability. Empirically, 

our findings suggest that to achieve desirable outcomes from AIM investment, firms need to also 

develop complementary assets such as marketing, technological, and marketing analytics 

capabilities. 

               Our finding is consistent with Krasnikov and Jayachandran (2008), who suggests that 

marketing capability has the highest impact on firm performance among different types of firm 

capabilities. Differing from Krasnikov and Jayachandran (2008), our findings suggest that 

marketing capability on performance is increasing as suggested by Model 0 in Table 4. Our 

finding is also different from Saboo, Kumar, and Anand (2017), who suggests that marketing 
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capability is less impactful than that of operations capability. The divergent findings suggest that 

contextual differences play a role in capabilities’ performance output (Moorman and Day 2016).  

    Our finding regarding the role of the relatively new concept of marketing analytics 

capability is especially timely. Though the importance of marketing analytics capability has been 

emphasized by some scholars (Germann, Lilien, and Rangaswamy 2013, Wedel and Kannan 

2016), our research is among the few studies that empirically demonstrate the importance of 

marketing analytics capability in the relationship between AIM investment and firm 

performance.  

               Our second set of enabling and constraining factors deals with contextual forces as 

suggested by excellence in marketing (e.g., Moorman and Day 2016). The result suggests that 

firm internal cultural environment such as employee resistance to change hinders the impact of 

AIM investment on firm performance. This finding is noteworthy given that new technology 

introduction always requires employees to change their attitude toward the orchestration of 

changes needed for competitive advantage.  

               As more firms introduce AIM related technologies into their operational practices, 

consumers have concerns for their data privacy (Martin and Murphy 2017). Consistent with 

extant research (Martin, Borah, and Palmatier 2017) and viewed through a new research lens, we 

illustrate that having a core set of consumer privacy protection increases the impact of AIM 

investment on firm performance. Thus, customer privacy protection comprehensiveness offers 

credible signals of firm AIM strategy and therefore increases the trust of customers to buy from 

the firms employing AIM.  

               The findings regarding that technology velocity and industry competition erode the 

impact of AIM investment suggest that firms operating in fast-changing technological and 

competitive environments face hard choices in selecting and benefiting from emerging business 

innovation technologies to improve competitive standing. Our results substantiate the insightful 
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conjectures by Moorman and Day (2016), and Day (2011) that organizations have to stay 

mindful and vigilant to their operational environment for marketing excellence. All in all, the 

above findings offer rich insights regarding the impact of environmental conditions in the 

relationship between AIM investment and firm performance.   

Managerial Implications  

Emerging AIM technologies provide executives heightened hopes for a silver-bullet solution to 

achieve marketing excellence. Our research cuts through the hype and paints a more somber 

picture. We show that AIM by no means produces an immediate result or, necessarily, a positive 

one either. In order to build sustainable advantage from AIM investment, firms have to make 

other complementary resource investments.  

               Updating firms’ resource base, knowledge base, and capability base takes time and 

commitment. The cost of introducing AIM technologies into the firm is high given organizational 

rigidity, asset specificity, firm’s focus on its existing volume of customers, trial and error 

learning cycles, and many other hidden factors. Thus, managers must be cautious walking into 

the AIM investment decision. If they are not willing to make a concerted organizational effort 

involving capabilities, policies, and culture, then they might not be ready for AIM investment, 

and doing so blindly and haphazardly can cause negative results.  

               Sometimes, firms don’t have a choice  – they might eventually have to adopt new AIM 

technologies for survival in the marketplace. In those cases, managers have to be aware that such 

investment must be accompanied by sufficient complementary capabilities and resources. As 

such, the time lag between these complementary assets and the decision to adopt AIM is crucial - 

while some internal environments require shorter time to change (i.e., data privacy policy), 

organizational cultural issues and capabilities can take much longer to develop. In the post-hoc 

analysis of Table 5, we use the estimated parameters to calculate firms’ average profit lift from 

AIM investment on firm profitability under relatively low, moderate, and high levels of one 
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moderator at a time, while holding other moderators at the mean. While the average 

performances across firms are positive (that is, AIM is generally useful), the table highlights 

stark profitability differences across the moderators. For example, firms with high privacy 

protection could yield an additional $13 million in profit from AIM investment compared to 

those with low levels of protection. Similarly, a culture of low employee resistance to change can 

yield a profit lif that is six times larger than one with high resistance to change. Likewise,  the 

relative levels of capabilities all impact the firm’s AIM investment profit.  

 

Insert Table 5 about here 

 

Managerially, understanding the conditions in which AIM affects firm performance can 

help firms set realistic expectations and prepare organizations for successful AIM integration. 

Therefore, firms that are not thinking seriously about AIM today should start initiating these 

capability developments and cultural changes internally, in order to be ready for AIM integration 

in the future. It is interesting in the post-hoc analysis to see that the biggest moderators come 

from organizational policy and cultural factors and less so from capabilities. This could be due to 

the fact that as SaaS mature and the technological implementation barriers continue to go down 

firms experience a convergence in these capabilities. However, culture and policies require more 

conscious efforts and strategic commitment from the leaders, hence we see a stronger diversity in 

these respects.  The good news is that firms do have control. Although some individuals and 

societies could have dispositional resistance to change, organizational cultures could be nurtured 

to discourage attachment to the status quo and to encourage employees to embrace new 

technologies and perspectives.  Entrepreneurial company mottos such as “move fast and break 

things” can be seen as the opposite culture than those of stagnant and bureaucratic organizations. 

The good news for firms is that while changing company culture takes time and commitment, it 
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is within the control of the firm.  For instance, to overcome employee resistance, firms planning 

to integrate AIM can restructure their compensation plans to be more employee-inclusive, and 

provide bonuses for teams that successfully meet the integration goals, or allocate a portion of 

the increased profit on profit-sharing compensation. 

               Our research on customer outcomes suggests that these are the key metrics that 

managers should track. Managers have to be patient for their AIM investment on return as 

introducing new technologies into the firm causes short term disruptions, especially for existing 

customers. As existing customers make up a large portion of firms’ value and dissatisfied 

customers could be hard to win back, managers need to be proactive and carefully transition 

existing customers through the new business process to avoid frustration and service hiccups. 

Accordingly, resources and employee focus should be directed to making sure the initial dip in 

existing customer satisfaction is as quick and as shallow as possible. 

Limitations and Future Research 

The theoretical and practical implications should be read in observation of the limitations of this 

research. First, our research suggests that introducing AIM into firms has significant yet delayed 

benefits, but it also means changes in other parts of the organization such as updating firm 

capabilities, changing organizational culture and leadership practice accordingly. Such changes, 

however, incur significant costs. Future research can look into the cost of updating capabilities 

and organizational changes. Such research would offer meaningful holistic policy implications 

for firms. Second, we attempt to build panel data. However, our panel is short and wide. Future 

research can build longer panels to replicate the results of this study. Third, we focused squarely 

on AIM as a business innovation as it is rapidly growing, is of intense current debate, and could 

be central to near-future marketing practice. However, there are other AI innovations that can be 

integrated into firms’ existing processes (e.g., shorter supply chain, fraud detection) to boost 

performance from other mechanisms governed by other moderators. More can be done in this 
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line of research such as identifying other boundary conditions and mediating mechanisms in 

order to produce a more comprehensive picture of business innovation integrations. 
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Table 1      Descriptive Statistics and Correlation Table (Study 1) 

Note: †p<.1, *p<.05, **p<.01, ***p<.001

Variables Mean SD 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

1. Frim profitability 
.692 .297 1.00               

2. AIM investment 
4.554 2.022 .095* 1.00              

3. Consumer 
Privacy protection 
comprehensiveness 

3.138 .419 .013* .028 1.00             

4. Employee 
resistance to change 4.295 .985 −.311*** .113*** .163*** 1.00            

5. Technology 
velocity 2.167 .885 −.081** .152*** −.049* .050 1.00           

6. Customer 
acquisition 10.271 1.628 .109*** .259*** .132*** .369*** −.132*** 1.00          

7. Firm size 4.256 1.622 −.104** .239*** .138*** .233*** −.176*** 158*** 1.00         

8. Firm age 2.755 .755 −.030 .004 138*** .166*** −.145*** .158*** .154*** 1.00        

9. Asset size 9.603 1.673 .097** .197*** .136*** .369*** −.175*** 191*** .194*** 181*** 1.00       

10. R&D 2.121 1.089 .091** .173*** .152*** .356*** −.146*** .173*** .182*** .128*** .176*** 1.00      

11. Market size 10.354 1.271 .119** −.054 .120*** .139** −.043 .147*** .142*** .115*** .151*** .217*** 1.00     

12. Market growth .057 .034 .092* −.089* .189*** .235*** −.138*** .279*** .277*** .224*** .290*** .291*** .156*** 1.00    

13. Cost focus 3.696 .699 .094* .196*** .135*** .264*** −.179*** .188*** .193*** .161*** .194*** .182*** .246*** .282*** 1.00   

14. Differentiation 3.713 .689 .098* .207*** .231*** .168*** −.178*** .290*** .287*** .176*** .299*** .174*** .153*** .294*** .172*** 1.00  

15. Industry 
competition .124 .191 .016 −.349*** −.071** .003 −.176*** .063* −.047* .199*** .001 −.050* −.141*** .115*** −.003 .001 1.00 
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Table 2    Regression Results of AIM Investment on Firm Profitability (Study 1) 

  
 
Model 1(1) 
 

 
Model 1(2) 
 

 
Model 1(3) 
 

 
Model 1(4) 
 

 
Model 2(1) 
 

 
Model 2(2) 
 

 
Model 2(3) 
 

Model 2(4) 

Dependent variables 

 Firm profit 
(Clustered 
at Firm ID) 

Customer 
acquisition 
(Clustered at 
firm ID) 

Firm profit 
(Lagged 
dependent 
variable 
estimation,  
Clustered at 
Firm ID) 

Customer 
acquisition 
( Lagged 
dependent 
variable 
estimation, 
Clustered at 
firm ID) 

Firm profit 
(Clustered at 
Firm ID) 

Customer 
acquisition 
(Clustered at 
firm ID) 

Firm profit 
( Lagged 
dependent 
variable 
estimation, 
Clustered 
at firm 
location) 

Customer 
acquisition 
( Lagged 
dependent 
variable 
estimation, 
Clustered at 
firm 
location) 

Main predictors 
 
Hypotheses 

  
 

   
  

     AIM investment  −.149 
(.130) 

−.015 
(.020) 

−.123 
(.106) 

.017 
(.021) 

−.149 
(.118) 

.014 
(.019) 

−.103 
(.114) 

.017 
(.019) 

    AIM investment 2 H1 .015* 
(.006) 

.003* 
(.0009) 

.012* 
(.005) 

.003* 
(.0009) 

.016* 
(.006) 

.003*** 
(.0008) 

.013* 
(.005) 

.003*** 
(.0008) 

    Lagged (one year) firm  
            profit  

   .879*** 
(.274) 

−.056 
(.061) 

  .879* 
(.284) 

−.057 
(.054) 

Moderators           

     Consumer privacy  
           protection  

 .135 
(.121) 

.014 
(.017) 

.150 
(.121) 

.015 
(.017) 

.134† 
(.074) 

.014 
(.014) 

.150* 
(.070) 

.015 
(.014) 

     Employee resistance to  
           change 

 −.093 
(.088) 

−.009 
(.011) 

−.112 
(.085) 

−.008 
(.011) 

−.093 
(.088) 

−.009 
(.011) 

−.112 
(.085) 

−.007 
(.011) 

     Industry Competition  −.415 
(.633) 

−.139 
(.110) 

−.056 
(1.817) 

−.157 
(.1118) 

−.415 
(.617) 

−.139 
(.102) 

−.019 
(.060) 

−.157 
(.106) 

     Technology velocity   −.129 
(.079) 

−.129 
(.079) 

−.014 
(.018) 

−.013 
(.018) 

−.129 
(.077) 

−.014 
(.015) 

−.112 
(.073) 

−.013 
(.015) 

Mediators          

     Customer acquisition H2 .627* 
(.254) 

 .724* 
(.327) 

 .628* 
(.227) 

 .724* 
(.307) 

 

Moderation relationship  
             

         

     AIM investment  
       × Consumer privacy  protection  
             comprehensiveness 

H5 .051* 
(.024) 

.006* 
(.002) 

.054* 
(.023) 

.007* 
(.003) 

.051* 
(.017) 

.006* 
(.003) 

.054*** 
(.015) 

.007* 
(.003) 

      AIM investment  
        × Employee resistance  to change 

H6 −.033* 
(.014) 

−.002 
(.002) 

−.033* 
(.014) 

−.002 
(.002) 

−.029* 
(.014) 

−.002 
(.002) 

−.033* 
(.014) 

−.001 
(.002) 
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  Notes: 1. Columns contain estimated coefficients and their associated standard errors (in parentheses).                                      

                 2. †p<.1, *p<.05, **p<.01, ***p<.001 

 

 

 

 

      AIM ×  Technology velocity H7 −.028* 
(.013) 

−.0008 
(.003) 

−.026* 
(.013) 

.0007 
(.003) 

−.027* 
(.012) 

.0008 
(.002) 

−.026* 
(.012) 

.0007 
(.002) 

      AIM ×  Industry competition H8 −.018*** 
(.003) 

−.020 
(.023) 

−.061*** 
(.012) 

.022 
(.024) 

.020 
(.020) 

−.018*** 
(.004) 

−.063*** 
(.012) 

.023 
(.020) 

Control Variables          

     Firm size (Full-time employees)  −1.272† 
(.691) 

−1.552† 
(.086) 

−1.173† 
(.648) 

−1.536* 
(.092) 

−1.272† 
(.670) 

−1.552*** 
(.073) 

−1.173*** 
(.628) 

−1.536* 
(.079) 

     Firm age  −.024 
(.035) 

−.002 
(.008) 

−.029 
(.034) 

−.003 
(.008) 

−.024 
(.037) 

−.003 
(.006) 

−.029 
(.035) 

−.003 
(.005) 

     Asset size  .624 
(.626) 

.723*** 
(.119) 

.265 
(.626) 

.695*** 
(.125) 

.624 
(.651) 

.723*** 
(.087) 

.265 
(.643) 

.696*** 
(.095) 

      R&D  .248 
(.239) 

.303*** 
(.041) 

.134 
(.242) 

.295*** 
(.042) 

.248 
(.237) 

.303*** 
(.036) 

.134 
(.234) 

.295*** 
(.036) 

     Tech or not  −.099 
(.065) 

−.028 
(.013) 

−.086 
(.061) 

.029* 
(.012) 

−.099 
(.057) 

−.028 
(.012) 

−.086† 
(.053) 

−.029* 
(.011) 

     Outsource AI marketing  
            or not 

 −.015 
(.060) 

−.022* 
(.011) 

−.086 
(.060) 

−.023* 
(.011) 

−.015 
(.058) 

−.022* 
(.009) 

−.007 
(.059) 

−.023* 
(.009) 

     Market size  .012 
(.025) 

.004 
(.005) 

.009 
(.024) 

.004 
(.005) 

.012 
(.021) 

.003 
(.005) 

.008 
(.019) 

.004 
(.005) 

     Market growth  .576 
(.957) 

.804*** 
(.185) 

.619 
(.974) 

.716* 
(.227) 

.576 
(1.005) 

.804*** 
(.165) 

.619 
(1.031) 

.716*** 
(.201) 

     Cost focus  .342 
(.657) 

.157 
(.177) 

.113 
(.641) 

.139 
(.178) 

.342 
(.610) 

.157 
(.140) 

.113 
(.592) 

.139 
(.140) 

     Differentiation  .810 
(1.288) 

1.097*** 
(.287) 

.033 
(1.323) 

1.035*** 
(.291) 

.810 
(1.363) 

1.097*** 
(.230) 

.033 
(1.359) 

1.035*** 
(.233) 

 Intercept  −4.766 
(3.485) 

7.732*** 
(.474) 

−2.026 
(3.206) 

7.696*** 
(.480) 

−4.766 
(3.544) 

7.733*** 
(.369) 

−2.026 
(3.255) 

7.696*** 
(.378) 

Model Properties          

     R2  .182 .18 .214 .19 .182 .182 .214 .19 

     F  2.81*** 18418.01*** 4.12*** 15653.05*** 3.73*** 42737.41*** 5.08*** 39398.03*** 

    N  446 446 446 446 446 446 446 446 

Akaike information criterion (AIC)  55.836 −774.969 48.755 −774.454 55.836 −774.969 48.755 −774.454 

Bayesian information criterion (BIC)  130.794 −702.497 127.120 −698.532 130.794 −702.497 127.120 −698.532 
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Table 3      Descriptive Statistics and Correlation Table (Study 2) 

Note: †p<.1, *p<.05, **p<.01, ***p<.001 
 
 
 
 
 
 
 
 
 

Variables Mean SD 1 2 3 4 5 6 7 8 9 10 11 12 

1. Firm profitability 
.721 .390 1.00            

2. AIM investment 
1.659 1.625 .256*** 1.00           

3. Customer service cost 2.970 2.586 .215*** .174*** 1.00          
4. Customer satisfaction 1.859 .989 .151*** .195*** .154*** 1.00         
5. Marketing capability 1.711 .958 .162*** .155*** .133*** .174*** 1.00        

6. Technological capability 7.923 .821 .101*** .122*** .121*** .103*** .104*** 1.00       

7. Deficiency in marketing 
analytics capability 5.665 .683 .005 .011* .013** .007 .008 .005 1.00      

8. Firm size 3.608 .535 −.004 .005 .006 −.003 −.004 −.002 .215*** 1.00     
9. Firm age 2.582 .374 −.001 .004 .003 .001 .001 −.002 .301*** .153*** 1.00    
10. Asset size 8.186 .952 .007 .008 .009 .007 .006 .003 .113*** .333*** .134*** 1.00   

11.  Cost focus 3.725 2.948 .398*** .126*** .153*** .136*** .195*** .121 .010† .003 −.001 .004 1.00  

12. Differentiation 5.787 .666 .006* .018** .018** .019** .017** .006 .164*** .042** .214*** .142*** .017** 1.00 
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Table 4     Regression Results of AIM Investment on Firm Profitability (Study 2) 

  Model 0 Model 1 Model 2 
 

Model 3(1) 
 

Model  3(2) 
 

Model 3(3) 
 

Model 4(1) 
(Lagged 
dependent 
variable 
estimation) 

Model 4(2) 
(Lagged 
dependent 
variable 
estimation 
 
 

Model 4(3) 
(Lagged 
dependent 
variable 
estimation) 
 

Model 5(1) 
(IV (2SLS) 
estimation) 
 

Model 5(2) 
(IV (2SLS) 
estimation) 
 

Model 5(3) 
(IV (2SLS) 
estimation) 
 

Model 5(4) 
(IV (2SLS) 
estimation) 
 

Dependent variables 
 Firm 

profitability 
Firm 
Profitability 

Firm 
Profitability 

Firm 
Profitability 

Customer 
satisfaction 

Customer 
service cost 

Firm 
Profitability 

Customer 
satisfaction 

Customer 
service cost 
 

Firm 
Profitability 

Firm 
Profitability 

Customer 
satisfaction 
 

Customer 
service cost 
 

Independent 
variables 

 
 

 
 

 
    

     

Main predictors 
 
H1-10  

 
 

 
    

 Second 
stage 
results 

Second stage 
results 

Second 
stage 
results 

Second stage 
results 

     AIM investment  −.033*** 
(.005) 

−.099*** 
(.012) 

−.075*** 
(.013) 

−.052 
(.008) 

−.118*** 
(.014) 

1.751*** 
(.057) 

−.054*** 
(.009) 

−.115*** 
(.014) 

1.752*** 
(.017) 

−.066*** 
(.010) 

.044*** 
(.008) 

−.134*** 
(.018) 

2.377*** 
(.025) 

    AIM investment 2 H1 .002*** 
(.0009) 

.033*** 
(.002) 

.003*** 
(.001) 

.001* 
(.0006) 

.020*** 
(.002) 

−.097*** 
(.002) 

.001* 
(.0006) 

.018*** 
(002) 

−.097*** 
(.002) 

.006*** 
(001) 

.002* 
(.0007) 

.022*** 
(.002) 

−.139*** 
(.003) 

    Lagged (one year) 
firm profitability  

       .030*** 
(.004) 

166*** 
(.015) 

.012 
(.009) 

    

Mediators               

    Customer service 
cost 

H3   
 .012*** 

(.002)   .013*** 
(.002)  

  .013*** 
(.002) 

  

    Customer 
satisfaction 

H4   
 .323*** 

(.003)   .325*** 
(.003)  

  .323*** 
(.003) 

  

Moderators                

     Marketing 
capability  

 .187*** 
(.008) 

 .317*** 
(.004) 

.050*** 
(.003) 

.883*** 
(.006) 

−.031*** 
(.004) 

.052** 
(.004) 

.860*** 
(.005) 

−.033*** 
(.004) 

.320*** 
(.005) 

.051*** 
(.003) 

.881*** 
(.006) 

−.079*** 
(.004) 

     Technological 
capability 

 .017*** 
(.006) 

 .018* 
(.009) 

.0008 
(.006) 

.054* 
(.022) 

.083*** 
(.019) 

.015* 
(.002) 

.056* 
(.022) 

.084*** 
(.019) 

.058*** 
(.004) 

.018*** 
(.002) 

.118*** 
(.010) 

.052*** 
(.009) 

      Deficiency in 
marketing analytics    
capability 

 −.006* 
(.003) 

 −.002* 
(.001) 

−.003 
(.002) 

−.021* 
(.009) 

−.008 
(.007) 

−.003 
(.002) 

−.021* 
(.008) 

.008 
(.007) 

−.001 
(.003) 

−.003 
(.002) 

−.021* 
(.009) 

.011 
(.008) 

     Marketing 
capability2  

 .038*** 
(.002) 

            

     Technological 
capability2 

 .002 
(.002) 
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      Deficiency in 
marketing analytics    
capability2 

 −.0009 
(.009) 

            

Moderation 
relationship  
             

   
      

 
 

   

        AIM  ×  
Marketing  capability 

H9   .016*** 
(.002) 

.008*** 
(.001) 

  .008*** 
(.001) 

  .014*** 
(.002) 

.008*** 
(.001) 

  

        AIM ×             
Technological 
capability 

H10   .003*** 
(.001) 

.001* 
(.0005) 

  .001** 
(.006) 

  .0003** 
(.0001) 

.003* 
(.0008) 

  

        AIM ×   
Deficiency in 
marketing analytics         
capability  

H11   −.002* 
(.001) 

−.002* 
(.0007) 

  −.002* 
(.0008) 

  −.002* 
(.0008) 

−.002*** 
(.0005) 

  

Instrument variables               

        Peer AIM 
investment 

   
      

     

Control Variables               

     Firm size  .001 
(.003) 

−.002 
(.006) 

.001 
(.004) 

.0009 
(.002) 

.0006 
(.008) 

.002 
(.007) 

.0009 
(.002) 

.0007 
(.008) 

.002 
(.007) 

.0006 
(.002) 

.0009 
(.002) 

0004 
(.009) 

.001 
(.008) 

     Firm age  −.004 
(.005) 

−.005 
(.010) 

−.004 
(.005) 

−.003 
(.003) 

−.0004 
(.003) 

−.004 
(.011) 

−.003 
(.003) 

−.002 
(.013) 

−.004 
(.011) 

−.001 
(.002) 

−.003 
(.003) 

.0002 
(.014) 

−.008 
(.012) 

     Asset size   .005* 
(.002) 

.001 
(.003) 

.004* 
(.002) 

.001 
(.001) 

.008 
(.05) 

.003 
(.004) 

.001 
(.001) 

.008 
(.005) 

.003 
(.004) 

.004* 
(.002) 

.001 
(.001) 

.008 
(.005) 

.0001 
(.0015) 

     Cost focus  .006*** 
(.001) 

.036*** 
(.003) 

.008*** 
(.002) 

.0009 
(.0008) 

.017*** 
(.004) 

.143*** 
(.005) 

.003* 
(.0009) 

.006 
(.004) 

142*** 
(.005) 

.002 
(.002) 

.001 
(.0009) 

.025*** 
(.005) 

−.081*** 
(.007) 

     Differentiation   .003 
(.003) 

.006 
(.004) 

.004 
(.003) 

−.001 
(.001) 

.015* 
(.007) 

−.007 
(.005) 

−.001 
(.001) 

.015* 
(.007) 

−.007 
 (.005) 

.011*** 
(.002) 

−.001 
(.002) 

.016* 
(.007) 

−.008 
(.006) 

     Industrial 
dummies 

 Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes yes 

Year               
     2016  −.010* 

(.003) 
−.037*** 
(.004) 

−.009* 
(.004) 

−.003 
(.002) 

−.018† 
(.009) 

−.012 
(.008) 

−.003 
(.002) 

−.017† 
(.009) 

−.012 
(.008) 

na na na na 

     2017  .008 
(.005) 

−.037*** 
(.005) 

.009† 
(.006) 

−.002 
(.003) 

.034* 
(.014) 

−.018 
(.012) 

−.004 
(.003) 

.041* 
(.014) 

−.017 
(.012) 

na na na na 

     2018   .036 
(.007) 

−.016* 
(.005) 

.036*** 
(.007) 

.017*** 
(.004) 

.051* 
(.018) 

.042*** 
(.016) 

.016*** 
(.005) 

.056* 
(.018) 

.042* 
(.016) na na na na 

 Intercept   .628*** 
(.034) 

.055 
(.052) 

.030 
(.031) 

−.005 
(.124) 

−.358*** 
(.105) 

−.030 
(.032) 

−.022 
(.123) 

−.359*** 
(.105) 

−.168*** 
(.033) 

−.073*** 
(.019) 

−.248*** 
(.076) 

−.033 
(.078) 

Model Properties     
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                      Notes: 1. Columns contain estimated coefficients and their associated standard errors (in parentheses).                                      

                                   2. †p<.1, *p<.05, **p<.01, ***p<.001 

     R2  .772 .273 .759 .913 .770 .976 .913 .772 .976     

     F  931.93*** 91.78*** 675.87*** 2822.34*** 805.20*** 34492.00*** 2736.52*** 900.88*** 31451.51*** 709.13*** 2973.31*** 832.90*** 5243.47 

Akaike information 
criterion (AIC) 

 −14626.17 18171.83 −13223.56 −42178.51 38455.74 28447.03 −42313.89 38217.01 28428.45 −13115.7 −42087.39 38492.65 35500.51 

Bayesian information 
criterion (BIC) 

 −14222.06 18526.89 −12818.97 −41757.4 38835.57 28826.85 −41884.52 38605.09 28841.3 −12735.87 −41691.05 38847.71 35855.56 

    N  28,198 28,198 28,198 28,198 28,198 28,198 28,198 28,198 28,198 28,198 28,198 28,198 28,198 

     Centered  R2    
 

 
  

 
 

 .756 .912 .769 .969 

     Uncentered  R2    
 

 
  

 
 

 .945 .980 .949 .986 

     Kleibergen-Paap rk 
LM statistic 

   
 

 
  

 
 

 1161.111 1478.416 2287.553 2287.553 

     Cragg-Donald 
Wald F statistic 

   
 

 
  

 
 

 9724.688 1.1e+04 4449.499 4449.499 

     Kleibergen-Paap rk 
Wald F  statistic            

   
 

 
    

 1613.199 1783.314 1366.263 1366.263 

     Hansen J statistic    
 

 
   

  4.237 
Chi- q(2) 
(p > .12) 

4.703 
Chi-sq(2) 
(p > .19) 

2.056 
Chi- sq(2) 
(p > .35) 

3.365 
Chi- q(2) 
(p > .28) 
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Table 5      Firm Profitability at Low, Moderate, and High Level of Moderators via AI investment (unit, $10 million dollars) 
 
  

 Firm Profitability 

 Low Moderate High 

     Consumer privacy protection  0.606 1.253 1.972 

     Employee resistance to change 1.823 .441 .298 

     Industry Competition −.054 −.168 −.346 

     Technology velocity  −.120 −.203 −.523 

     Marketing capability  .405 .592 .742 

     Technological capability .534 .798 .882 

     Deficiency in marketing analytics capability .717 .481 .246 
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FIGURE 1     Conceptual Framework
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Web Appendix 1 

 

Figure 1 AIM investment and Firm Profitability 

 

Figure 2     AIM investment and Customer Acquisition 
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Figure 3     Interaction Effect of AIM investment and Customer privacy protection 

Comprehensiveness on Firm Profitability 

 
Figure 4     Interaction Effect of AIM investment and Employee Resistance to Change on 

Firm Profitability 
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Figure 5     Interaction Effect of AIM investment and Technology Velocity  

on Firm Profitability 

 
Figure 6     Interaction Effect of AIM investment and Industry Competition 

 on Firm Profitability 
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Figure 7    AIM investment and Firm Profitability 

 

Figure 8     Interaction effect of Marketing Capability and AIM Investment on Firm 
Performance 
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Figure 9     Interaction effect of Technological Capability and AIM Investment on Firm 

Performance 

  
Figure 10     Interaction effect of Deficiency in Marketing Analytics Capability (MAC) and 

AIM Investment on Firm Performance 
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Figure 11     AIM investment and Customer Satisfaction 

 

Figure 12     AIM investment and Customer Service Cost 
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