Web Appendix 1. Summary of Current AI Marketing Applications

	AI Applications
	Description
	Customer Journey Stage
	Primary Customer Experience Dimensions
	Outcomes
	Sample Papers

	Customer and Market Insights
	AI is used to analyze the large quantities of both qualitative and quantitative data from social media, customer transactions, and other sources to generate customer and market knowledge, such as consumer sentiment, consumer preferences, customer narratives, and crisis detection.
	Pre-purchase/ Purchase/ Post-purchase
	Intellectual/ affective
	Customer need knowledge, market knowledge, marketing metrics
	Dzyabura and Hauser (2011); Huang and Luo (2016); Liu et al. (2020); Liu and Tobia (2018); Ma and Sun (2020)

	Ad Targeting and Placement
	AI is used to optimize the placement and targeting of advertising messages to consumers in order to maximize consumer responses and revenue.
	Pre-purchase
	Intellectual/ behavioral
	Click-throughs, purchases or purchase intention, sales, advertising revenue
	Danaher et al. (2020); Rafieian and Yoganarasimhan (2021); Watts and Adriano (2021)

	Ad Content Creation
	AI is used to generate advertising creatives or customize advertising messages based on individual differences or real-time responses.
	Pre-purchase
	Intellectual/ affective
	Click-throughs, purchases or purchase intention, sales
	Chen et al. (2019); Deng et al. (2019); Liu et al. (2018); Vakratsas and Wang (2020)

	Product Recommendations
	AI is used to predict individual consumer preferences and recommend the most suitable products to consumers.
	Pre-purchase
	Intellectual/ behavioral
	Click-throughs, purchases, sales
	Buettner (2017); Marchand and Marx (2021)

	Sales and sales training
	AI is used to automate the sales process and increase sales productivity, either through AI sales agents or through AI-based selection and training of human sales agents.
	Pre-purchase/ Purchase
	Intellectual/ behavioral
	Sales success, salesperson performance, salesperson satisfaction
	Luo et al. (2019); Luo et al. (2021); Singh et al. (2019); Syam and Sharma (2018)

	Service Chatbot or Robot Interaction
	Virtual and embodied AI agents are used to interact with consumers in lieu of or in addition to human service agents.
	Purchase/ Post-purchase
	Intellectual/ affective
	Service quality, customer satisfaction, adoption intention
	Belanche et al. (in press); Huang and Rust (2018); van Doorn et al. (2017)

	Customer relationship management
	AI is used to manage long-term customer relationships, such as customer prioritization and customer churn detection and management.
	Pre-purchase/ Purchase/ Post-purchase
	Intellectual/ behavioral
	Customer retention/ churn, customer lifetime value, profit
	Ascarza (2018); Lemmens and Gupta (2020); Libai et al. (2020)
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Web Appendix 2. Experimental Scenarios
	High-Empathy AI Script
	High-Empathy Human Script

	Agent: Good afternoon, Emma. I am a customer service chatbot. How can I help you today?  
Emma: I would like to return a pair of shoes I bought recently. The shoes fit fine, but the sole is much harder than it looked on the website. They really hurt my feet.  
Agent: Ouch! I'm sorry that the shoes are uncomfortable for you. I see the order in your account history. Could you please verify that this is the right order number: 396785?  
Emma: Yes. That's the one.  
Agent: Just a moment please.  
Agent: I see that you usually request package pickup for your returns. Would you like us to pick up your return this time too?  
Emma: Yep.  
Agent: OK. I have created your return. You can find the return instruction and the return shipping label at https://www.canteberry.com/returns/rma.html?id=396785.  
Emma: Thank you. I wish the shoes had worked. I really love the look.   
Agent: I found this other pair of shoes we just got. They look very similar to the ones you bought, but with EVA outsoles and memory foam in the foot bed. They should be very comfortable.   
Agent: Here's the product link: https://www.canteberry.com/women/shoes/382647.html.   
Emma: These look nice! Thank you!  
Agent: So happy you like them, Emma! 😃  
Agent: Can I help you with anything else today?  
Emma: Not right now. Thanks again.
Agent: No problem at all. Glad we were able to find a solution. Have a nice day. 🙂
	Agent: Good afternoon, Emma. My name is James. How can I help you today?  
Emma: I would like to return a pair of shoes I bought recently. The shoes fit fine, but the sole is much harder than it looked on the website. They really hurt my feet.  
Agent: Ouch! I'm sorry that the shoes are uncomfortable for you. I see the order in your account history. Could you please verify that this is the right order number: 396785?  
Emma: Yes. That's the one.  
Agent: Just a moment please.  
Agent: I see that you usually request package pickup for your returns. Would you like for us to pick up your return this time too?   
Emma: Yep.  
Agent: OK. I have created your return. You can find the return instruction and the return shipping label at https://www.canteberry.com/returns/rma.html?id=396785.    
Emma: Thank you. I wish the shoes had worked. I really love the look.  
Agent: I found this other pair of shoes we just got. They look very similar to the ones you bought, but with EVA outsoles and memory foam in the foot bed. They should be very comfortable.   
Agent: Here's the product link: https://www.canteberry.com/women/shoes/382647.html.   
Emma: These look nice! Thank you!  
Agent: You are very welcome, Emma! 😃  
Agent: Can I help you with anything else today?   
Emma: Not right now. Thanks again.   
Agent: No problem at all. Glad we were able to find a solution. Have a nice day. 🙂

	Low-Empathy AI Script
	Low-Empathy Human Script

	Agent: Good afternoon, Emma. I am a customer service chatbot. How can I help you today?  
Emma: I would like to return a pair of shoes I bought recently. The shoes fit fine, but the sole is much harder than it looked on the website. They really hurt my feet.  
Agent: What is your order number?  
Emma: It's 396785.  
Agent: Just a moment please.  
Agent: How would you like to send back the package: dropping off the package at an authorized shipping provider or having it picked up?  
Emma: Pick up please.    
Agent: I have created your return. The return instruction and the return shipping label are at https://www.canteberry.com/returns/rma.html?id=396785.    
Emma: Thank you. I wish the shoes had worked. I really love the look. Do you have something similar but with a softer sole?  
Agent: This other pair of shoes we just got are similar, but with EVA outsoles and memory foam in the foot bed.  
Agent: Here's the product link: https://www.canteberry.com/women/shoes/382647.html.  
Emma: These look nice! Thank you!  
Agent: You are welcome.  
Agent: Can I help you with anything else today?  
Emma: Not right now. Thanks again.  
Agent: You are welcome. Thank you for being a customer. Goodbye.
	Agent: Good afternoon, Emma. My name is James. How can I help you today?  
Emma: I would like to return a pair of shoes I bought recently. The shoes fit fine, but the sole is much harder than it looked on the website. They really hurt my feet.  
Agent: I can assist you with that. Could you please provide your order number?  
Emma: It's 396785.  
Agent: Just a moment please.  
Agent: How would you like to send back the package: dropping off the package at an authorized shipping provider or having it picked up?  
Emma: Pick up please.  
Agent: I have created your return. The return instruction and the return shipping label are at https://www.canteberry.com/returns/rma.html?id=396785.  
Emma: Thank you. I wish the shoes had worked. I really love the look. Do you have something similar but with a softer sole?  
Agent: This other pair of shoes we just got are similar, but with EVA outsoles and memory foam in the foot bed.  
Agent: Here's the product link: https://www.canteberry.com/women/shoes/382647.html.  
Emma: These look nice! Thank you!  
Agent: You are welcome.    
Agent: Can I help you with anything else today?    
Emma: Not right now. Thanks again.    
Agent: You are welcome. Thank you for being a customer. Goodbye.


Note: The links in the script are fictional and not clickable by the participants.

Web Appendix 3.  Reliability and Validity of the Measures
	To examine the reliability and validity of the measures, we ran a confirmatory factor analysis (CFA) of the 18 items representing perspective-taking, empathic concern, emotional contagion, affective customer experience quality, social customer experience activation, and social customer experience quality. Each item was set to load on its pre-defined factor. We employed the maximum likelihood method using AMOS 26.0.
	The model fit results showed a significant chi-square statistic (χ2 120=268.48, p < .001), due to the sensibility of the likelihood ratio test to sample size and the basis on the central chi-square distribution (Hair et al. 2006). The other fit indices suggested an excellent model fit: comparative fit index (CFI) = .98, normed fit index (NFI) = .95, Tucker–Lewis index (TLI) = .97, root mean square error of approximation (RMSEA) = .049, and parsimony normed fit index (PNFI) = .76. Convergent validity was established by the strength of standardized factor loadings, with all t values being statistically significant (see Table 1).
Table 1. CFA results

	Constructs
	Items
	β†
	p

	Perspective -taking
(Davis 1983; McBane 1995)
	· This agent tried to understand the customer better by imagining how things look from his/her perspective.
	.85
	***

	
	· This agent tried to "put her/himself in the customer's shoes".
	.89
	***

	
	· This agent tried to imagine how s/he would think in the customer's place.
	.88
	***

	Empathic concern
(Davis 1983; McBane 1995)
	· This agent recognized the customer's emotions.
	.84
	***

	
	· This agent expressed concerns about the customer's experience.
	.79
	***

	
	· This agent tried to make the customer feel better.
	.82
	***

	Emotional contagion
(Stiff et al. 1988; Wieseke et al. 2012)
	· This agent easily got affected by the customer's emotions.
	.75
	***

	
	· This agent seemed to feel bad when the customer was sad or disappointed.
	.85
	***

	
	· It worried this agent when the customer was distressed.
	.79
	***

	Affective customer experience quality
(Brakus et al. 2009; Verleye 2015)
	· This service experience put the customer in a better mood.
	.84
	***

	
	· The customer felt relieved at the end of the service encounter.
	.82
	***

	
	· This customer experience felt pleasant.
	.77
	***

	Social customer experience activation
(Kaptein et al. 2011)
	· The customer experienced a social interaction with the agent.
	.85
	***

	
	· I would consider this service encounter a social experience.
	.91
	***

	
	· The customer and the agent interacted socially.
	.89
	***

	Social customer experience quality
(Gefan and Straub 2003)
	· The customer experienced a sense of human contact with this agent.
	.83
	***

	
	· The customer received a sense of human warmth from this agent.
	.88
	***

	
	· The customer experienced a sense of human sensitivity with this agent.
	.87
	***


† Standardized coefficients. ***p < 0.001
The average variance extracted (AVE) for each construct exceeded the suggested cut off of.50, and all composite reliability (CR) scores were above 0.70 (Hair et al. 2006). We assessed discriminant validity by comparing the square root of the AVE for each construct with the correlations among constructs (Fornell and Larcker 1981). In all cases, the square root of the AVE for the constructs exceeded the inter-construct correlations, supporting discriminant validity (Table 2). In sum, all constructs’ measures showed adequate measurement properties.
Table 2. Discriminant validity
	Constructs
	CR
	AVE
	1
	2
	3
	4
	5
	6

	1. PT
	.91
	.77
	.88
	
	
	
	
	

	2. EC
	.86
	.67
	.81
	.82
	
	
	
	

	3. EM
	.84
	.64
	.70
	.75
	.80
	
	
	

	4. ACXQ
	.85
	.66
	.55
	.64
	.41
	.81
	
	

	5. SCXA
	.92
	.78
	.55
	.62
	.54
	.56
	.88
	

	6. SCXQ
	.89
	.74
	.71
	.70
	.63
	.72
	.80
	.86



PT=perspective-taking; EC=empathic concern; EM=emotional contagion; ACXQ=affective customer experience quality; SCXA=social customer experience activation; SCXQ=social customer experience quality; CR=composite reliability; AVE=average variance extracted. Value on the diagonal is the square root of AVE.
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Web Appendix 4. Suggestions on How to Deal with Thorny Empirical Issues When Studying Artificial Empathy in Marketing
To facilitate future empirical work on artificial empathy, in this web appendix we offer some suggestions on how to deal with potentially thorny empirical issues when studying artificial empathy in a marketing context.
Manipulating artificial empathy
The biggest challenge in studying artificial empathy is likely the manipulation of the stimuli. There are two mechanisms marketing scholars can consider: non-technical solution and technical solution. In our pilot test, we opted for the first, non-technical solution by manipulating the level of empathy in an experimental setting. Participants read hypothetical scenarios that portrayed a human-AI interaction episode, then were asked to report their assessment of the hypothetical interaction. This approach has been adopted in marketing (e.g., Liu and Sundar 2018) due to the ease of implementation and the ability to control other aspects of the interaction. The downside is the imagined nature of the experimental stimuli, which may not capture respondents’ true perceptions especially given that many consumers do not yet have much experience interacting with an AI agent. 
Another non-technical solution is to use a remote human confederate disguised as an AI agent to provide a flexible and experiential simulation of a human-machine interaction, often referred to as the “Wizard of Oz” method (Paiva et al. 2017). The Empathic Futures Experiment[footnoteRef:1], for example, utilized real humans to interact with participants who thought they were chatting with an empathic AI agent via a mobile app (Dial 2018). As another example, Ho et al. (2018) used this approach to study individuals’ self-disclosure behavior while interacting with a “chatbot”. To make this approach believable to participants, it is important that the confederate adjust his or her linguistic style to better mimic the way computers are expected to communicate. [1:  See http://www.empathicfutures.com/. The project has produced a large archive of human-machine interaction data, consisting of transcripts of real interactions that occurred during the project. The archive is available on the project website and may be helpful to marketing studies of artificial empathy.] 

	The "real" embodiment of artificial empathy in an AI agent requires advanced technology with complex systems, which is likely beyond the technological expertise of marketing researchers. This may necessitate industry collaboration or interdisciplinary work involving researchers from computer science, robotics, and other related fields. But besides seeking collaboration, there are other mechanisms through which technical barriers can be lowered or entirely circumvented to allow marketing researchers to implement artificial empathy in an empirical setting. We present a few possibilities below.
One approach is to leverage existing tools and templates to facilitate the implementation of artificial empathy. For embodied physical AI agents, programmable humanoid robots such as NAO[footnoteRef:2], Pepper[footnoteRef:3], and Furhat[footnoteRef:4] have all been used frequently to research human-robot interactions (e.g., Tsiourti et al. 2019). Furhat, for example, is a human-like social robotic head capable of voice conversation, head movements, and a wide range of facial expressions. Its face and voice can be customized to represent different genders, ethnicities, and personalities. To make programming Furhat more accessible to a less-technical audience, the platform comes with pre-built expressions and a visual programming interface allowing drag-and-drop programming using Google Blockly. With some programming-related training, it is conceivable that marketing scholars can leverage the platform to study the implementation and effects of artificial empathy. [2:  https://www.softbankrobotics.com/emea/en/nao]  [3:  https://www.softbankrobotics.com/emea/en/pepper]  [4:  https://furhatrobotics.com/docs/furhatx-introduction.pdf] 

For virtual implementation, marketing researchers can use a simulated robot or a virtual agent on a computer screen (e.g., Seo et al. 2015). The use of virtual reality in a simulated human-AI interaction has also been suggested as an attractive alternative (Liu et al. 2017). At the entry level, a chatbot can be used to study artificial empathy in the text modality. For example, prior research on empathic medical assistance has created chatbots with Python using the Chat module, which is part of the National Language Toolkit (Daher et al. 2021). Currently, a number of open-source and commercial platforms are available to create such chatbots fairly easily (e.g. RASA, Botkit, Botsify, Chatfuel, IBM Watson Assistant, and Google’s DialogFlow) (see Adamopoulou and Moussiades 2020 for a complete list).
Measuring artificial empathy
Another important issue in studying artificial empathy empirically is the measurement of the construct. This measurement issue arises out of two scenarios: to check the successful manipulation of artificial empathy in an experiment, or to study the construct as user perception or experience. Although multiple measures of empathy exist for interpersonal interactions, currently there is no widely accepted way of measuring artificial empathy. Based on existing empathy and AI research, there are two measurement alternatives: individual self-reported measures and dyadic concordance measures. As for the former, we should note an important distinction among measures of empathy as one’s personality trait (e.g., how empathic someone usually is), as evoked empathy in a situation (e.g., how much empathy is felt after watching an advertisement), and as perceived empathy in someone else’s behavior (e.g., customer perception of a salesperson’s empathy level). This last category of measures is the most relevant to artificial empathy research as we are interested in how empathic a user perceives an AI agent to be. The measure we used in the pilot study belonged to this category.
An individual self-reported measure of artificial empathy captures consumers’ perceived empathy of an AI agent through standard rating scales. Currently a scale specifically addressing empathy in the AI context does not exist. In our pilot study, we adapted empathy measurement items used in human empathy research to reflect our multidimensional conceptualization of artificial empathy. The results suggest good reliability and fit for the nine-item three-dimensional scale. Its validity needs to be further assessed in future research. An alternative multidimensional scale of empathy is the RoPE (Robot’s Perceived Empathy) scale (Charrier et al. 2019). It has 18 items that measures both a robot’s ability for empathic understanding (e.g., “The robot knows me and my needs”) and its ability to formulate empathic responses (e.g., “The robot comforts me when I am upset”). Only preliminary work has been done so far to develop the RoPE scale. Its validity and other psychometric properties need to be further validated.
A few unidimensional scales of empathy have also been used in previous marketing research. The most common one is the empathy subscale of the Barrett-Lennard Relationship Inventory (Barrett-Lennard 2015). This empathy subscale is a general purpose 16-item unidimensional scale that measures perceived empathy in different kinds of interpersonal relationships. It has been used in several existing marketing studies (e.g., Pettijohn et al. 1995), but its suitability for AI-enabled marketing interactions remains to be tested. Marketing scholars have also adapted the empathy dimension of the SERVQUAL to assess AI agents' empathy (e.g., Nguyen and Malik 2021). The empathy dimension of SERVQUAL addresses comprehensiveness and flexibility, which vaguely approximates perspective-taking. Finally, Plank et al. (1996) developed a short six-item unidimensional scale to measure perceived empathy in sales encounters. It has been adapted to measure perceived empathy in consumer interaction with service robots (Pozharliev et al. 2021).
Besides perceived empathy measures reported by individuals, the empathy literature has also used dyadic concordance measures that require data from both interacting parties to gauge the presence of empathy in an interaction. The basic idea is that a successful empathic interaction should be manifested in correlated responses between the two parties. One example of this is the assessment of empathic accuracy (Ickes 1997), which is often operationalized as the correlation between perceivers’ rating of targets’ affective states and targets’ reports of their own states (Zaki and Ochsner 2011). To apply this approach to artificial empathy, researchers need to capture two pairs of data streams: (1) user ratings of their own emotions versus user emotions recognized by the AI agent, and (2) user ratings of the AI agent’s emotions versus the emotions the AI agent intends to simulate. Correlation between the two types of data within each pair would form a measure of empathy for the consumer-AI interaction. Previous empathy research has also used concordances in physiological responses (e.g., heart rate and skin conductance) between two interacting parties to measure empathy (Kleinbub et al. 2019; Marci et al. 2005). Obviously an AI agent does not have real physiological responses. But it is possible to translate the intended emotions of an AI agent into physiological equivalents in order to derive a quasi-physiological concordance measure of empathy in a consumer-AI interaction.
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