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Consumer and AI Co-creation: When and Why Humans Improve AI Creation. 

Firms nowadays have been increasingly leveraging artificial intelligence to personalize products 

and services for consumers, saving considerable consumer effort. This paper investigates 

whether firms should nudge consumer participation in conjunction with AI creation. Using a 

large-scale field experiment involving 128,153 consumers, we find that a simple nudge can 

increase participation by 12%, and the induced participation significantly increases purchases by 

22%. To understand the mechanisms underlying the observed main effects, we manipulate the 

nudge in a second experiment. The experiment suggests: (1) the nudge increases purchase not via 

increasing attention, (2) nudging is more effective than mandating participation, and (3) both the 

IKEA effect (effort leads to love) and private preference effect (human effort helps consumers 

reveal preference) explain the benefits of consumer participation. To examine the interplay 

between AI and nudge, we manipulate both AI and nudge in a third experiment. We discover that 

AI-consumer co-creation leads to the highest purchase and revisit intentions: only having AI 

creation or nudging participation is not sufficient for enticing purchase or revisit. Our research 

contributes to the literature on human-AI relationship and sheds light on when and why 

consumer participation complements AI creation. 

 

Keywords: Artificial intelligence, Consumer participation, Co-creation, Human-AI relation, 

Experiment  
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Artificial Intelligence (AI) is increasingly helping consumers in product creation and 

service customization. For example, StitchFix uses AI algorithms to generate personalized 

styling recommendations. Instagram’s and Snapchat’s augmented reality filters immediately 

enhance AI-recognized human faces in consumer videos. AI algorithms of the photo product site 

Collage.com automatically generate the layout, a beautifully arranged collage, customized based 

on the aspect ratios and sizes of the set of photos uploaded by a consumer. Amazon has long 

established the machine-learned “nudges” – alerting third-party sellers on Marketplace about 

opportunities to avoid going out-of-stock, add selection that’s selling, and sharpen their prices to 

be more competitive – which translate to billions in increased sales to sellers (Amazon 2014).  

Meanwhile, many companies embracing AI in product creation suffer from a high 

dropout rate. For example, on Collage.com, among millions of visitors per year, 95% drop out in 

the photo product creation process. Because AI prepares the creation for consumers, consumers 

may be less engaged. Unlike a lab setting (e.g., Franke et al. 2010; Moreau et al. 2011) where 

consumers stay to finish the creation, they can easily quit in the field if they do not enjoy the 

experience. Therefore, it is critical to increase engagement for such companies. However, given 

the effectiveness of AI creation, it is unclear whether companies should actively seek out more 

consumer participation to activate an AI-consumer co-creation process. 

Prior research (e.g., Franke and Piller 2004; Franke et al. 2010; Moreau et al. 2011; 

Moreau and Herd 2009) has extensively examined company-consumer co-creation, where the 

consumers customize products using company provided design toolkits. The literature finds that 

company-consumer co-creation can be a double-edged sword. There are two potential benefits of 

consumer participation. First, participation may activate consumers’ awareness of being the 

creator (Franke et al. 2010; Troye and Supphellen 2012) and signal competence (Mochon et al. 
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2012), leading to a higher valuation of co-created products, often referred as IKEA effect 

(Norton et al. 2012). Second, participation helps reveal consumer preferences that may not be 

easily transferred to a company (Franke and Piller 2004), thus increasing the preference match, 

which we refer to as “private preference effect”. On the negative side, participation requires 

additional efforts of consumers. It may also increase the perceived complexity of product 

creation, leading to confusion and negatively affecting the utility consumers derived from 

customization (Dellaert and Stremersch 2005; Huffman and Kahn 1998; Randall et al. 2007).   

 However, research on AI-consumer co-creation has been sparse. The most related 

discussions are about the human-AI relationship. There is a massive debate on whether 

automation will bring more risks or benefits to humanity (e.g., Galeon 2017; Lee 2018; 

Morgenstern 2016). Economists, sociologists, and computer scientists mainly take a producers’ 

perspective (e.g., Autor 2015; Brynjolfsson and Mitchell 2017; Erikson 1986) and discuss the 

implications of machinery for workers, unemployment, and social welfare. From a similar 

perspective, marketing literature has documented that AI can help humans in areas such as 

translation (Brynjolfsson et al. 2019), loan default prediction (Fu et al. 2019), and job candidates 

screening (Cowgill 2020). Meanwhile, other research finds AI may not help in tasks such as 

subjective judgment (Agrawal et al. 2018) and non-discriminatory ad distribution (Lambrecht 

and Tucker 2019). Several behavioral studies (Dietvorst et al. 2015; Leung et al. 2018; Mende et 

al. 2019) find machines can be less desirable than human service providers.  

Closely related to our research, a few recent literature review papers (Ma and Sun 2020; 

Proserpio et al. 2019) suggest that there could be synergies between AI and humans. An example 

is Timoshenko and Hauser (2019) that propose a human-machine hybrid approach for identifying 

customer needs: an algorithm efficiently selects informative content from consumer reviews for 
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human analysts’ summarization. Burnap et al. (2019) provide another example of human-

machine collaboration in industrial designs where algorithms generate automotive designs for 

designers’ consideration. 

In this research, we take a different perspective from consumer empowerment and 

examine when consumers can help in the era of AI-facilitated consumption. Specifically, we aim 

to address the following questions: 

Q1. Should firms nudge consumer participation in conjunction with AI creation?  

Q2. When and why can such AI-consumer co-creation improve purchase outcomes?  

Q3. What is the interplay between AI and nudging consumer participation? 

To address these questions, we conduct a large-scale field experiment and two Amazon 

Mechanical Turk (MTurk) experiments. In Study 1, we collaborated with Collage.com, a leading 

e-commerce platform for customized photo products, and implemented a randomized field 

experiment to examine Q1 and Q2. Collage uses AI algorithms to automatically create photo 

products customized to the set of photos uploaded by consumers. In the experiment, 128,153 

consumers were randomly assigned to the control and nudge groups. While the control group did 

not receive any nudge, the nudge group received a nudge to add their customizations to the AI-

created photo product. Identifying the causal effects of consumer participation is empirically 

challenging with observational data because consumers may endogenously participate in the 

design process. Therefore, we leverage the random assignment of a nudge as an instrument for 

consumer participation and use the LATE framework (Angrist and Imbens 1994) for clear 

identification.  

Our field experiment suggests that inviting consumer participation is highly effective in 

improving purchase outcomes within AI-aided creation. We find that a simple nudge can 
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increase consumer participation by 12%, and the induced participation, along with the AI 

creation, increases the conversion rate by 22%. Combing these two effects, actively nudging 

consumer participation in conjunction with AI creation lifts the conversion rate by 19% relative 

to the control condition. Moreover, we explore the heterogeneity in the treatment effects. We 

discover that nudging consumer participation above and beyond AI creation is more helpful 

when the product is more complex, when consumers have prior creation experience on the 

platform, and when consumers have low opportunity costs of time. 

Although the field experiment exhibits external validity and provides immediate 

managerial implications, we cannot ask consumers questions in a field experiment. Therefore, 

we further supplement the field experiment with two Mturk experiments to delve into the 

mechanisms underlying the AI-consumer co-creation process.  

The primary goal of Study 2 is to manipulate the nudge to understand why AI-consumer 

co-creation can improve conversion (Q2). Specifically, by comparing nudging participation and 

nudging attention, Study 2 rules out the alternative explanation that the nudge increase purchase 

via increasing attention rather than participation. Additionally, to garner precise managerial 

insight, Study 2 investigates whether it is better to nudge participation subtly or mandate 

participation. Prior lab experiments studying implications of company-consumer co-creation 

(e.g., Franke and Schreier 2010; Franke et al. 2010; Norton et al. 2012) typically instructed all 

consumers in the treatment condition to participate in the creation (i.e., mandate participation). 

Our results show that nudging participation leads to higher purchase and revisit intentions than 

does mandating participation, potentially because the nudge allows for consumer opt-in.  Study 2 

also directly examines potential mechanisms underlying the observed positive effect of consumer 
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participation and suggests that both the IKEA effect and private preference effect are potentially 

at play. 

While Studies 1 and 2 focus on effects of nudging consumer participation, Study 3 

further investigates the interplay between AI and the nudge (Q3). When AI is off, consumers are 

constrained to allocate substantive effort on basic creation tasks. In this case, nudging additional  

participation may not further engage consumers and improve the creation. When AI is on, AI 

helps consumers with basic tasks by preparing initial creations for consumers. The initial 

creations can be regarded as starting solutions that substantially simplify product creation 

(Hildebrand et al. 2014). Hence, AI may help consumers concentrate on the value-added parts 

and enhance the AI creation. By manipulating both AI and nudge, Study 3 demonstrates that the 

AI and nudge have a positive interaction. AI-consumer co-creation leads to increased purchase 

and revisit intentions, while only having AI creation or nudging participation is not sufficient for 

enticing purchase or revisit.  

Our research extends the company-consumer co-creation literature to the context of AI-

consumer co-creation. While AI-aided creation saves consumer efforts, it may also bring 

negative effects such as reducing engagement and the IKEA effect. We discover that an effective 

method to abate the dropout rate for platforms embracing AI for customization is to nudge 

consumer participation in conjunction with AI creation. Participation allows consumers to better 

incorporate their preferences and appreciate their efforts, translating to higher conversion rates.  

The research also contributes to the human-AI relationship by focusing on the AI-

consumer relationship. Most existing research on implications of AI takes consumers as passive 

recipients of the technology. Our research focuses on the potential of empowering the consumers 

in AI applications. We find that AI and consumers can be collaborators: AI can help consumer 
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participation by simplifying the creation process, while consumers can enhance the AI creation 

with human customizations.  

INSTITUTIONAL SETTING 

We carry out the empirical investigation on Collage.com. On this website, consumers can 

upload and manipulate photos that can be printed on products such as blankets, phone cases, and 

mugs. Collage provides AI support to facilitate photo product creation — a one-click automatic 

collage layout engine that generates a visually appealing collage with suggested placement and 

sizes for each photo of the set of photos uploaded by the consumer (see Figure 1 for an example).  

Collage.com holds two US patents on the AI engine (Borders and Golden 2010, 2013). 

The engine is composed of algorithms that consider the number of photos, photo attributes (e.g., 

aspect ratio and size), photo placement specified by consumers (e.g., resize and swap photos), 

and big data analysis of the consumer experience and feedback. AI support saves consumers 

considerable effort in creation. Consumers can purchase the AI created product directly, and 

many customers do so. In today’s marketplace, several other companies also employ similar AI 

engines to create customized products for consumers, such as Google Photos, Snapfish, and 

Allyourphotos.  

Collage also allows consumers to further customize the AI creation. As illustrated in 

Figure 1, to the left of the AI-created collage, there are four major customization options: 

“Designs”, “Background”, “Text”, and “Photo fit”. We conducted three experiments on 

Collage.com. Table 1 presents an overview of the studies. 
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STUDY 1 RANDOMIZED FILED EXPERIMENT  

Experiment Design  

We designed and implemented the randomized field experiment on Collage.com from 

December 8, 2018 to December 17, 2018. We employed a randomized between-subjects design 

at the individual consumer level. 128,153 website visitors who initiated a product creation during 

the experiment period were randomly assigned to the control or nudge conditions, among whom 

63,680 consumers were assigned to the control condition, and 64,473 consumers were assigned 

to the nudge condition. 

During the experiment period, consumers in the control group did not receive any nudge. 

The nudge group would see an animated blue dot bouncing under the “Designs” tab (as 

presented in Figure 2), after photos were uploaded and the AI engine generated the initial 

creation. Other than this, the two versions of the web page showed an identical design interface, 

with no difference in functionality or procedures. The nudge belongs to the cognitively oriented 

nudges (Cadario and Chandon 2020), which enhances the visibility of the Designs tab to 

encourage consumer participation conditional on AI creation. 

Table 2 compares the consumer characteristics across the experimental conditions at the 

beginning of the field experiment, showing consumer characteristics are similar across 

conditions and attesting to the validity of our randomization procedure. There were no 

concurrent experiments on the websites during the experiment period. 

Data  

We collect data from two primary sources. First, we collect detailed data on consumers 

and projects during the field experiment, including the consumers’ test group assignment, 

interaction with the four customization options, and purchase outcomes, as well as the number of 
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photos in each project. Second, we augment the field experiment data with company archival 

data, including prior project creation, purchase, and registration history for each consumer in the 

experiment. We define the key variables in Table 3. Summary statistics of these variables are in 

Table 4.  

Additionally, we collect household income data. Collage does not possess consumer 

income data. Hence we worked with TowerData, a public third-party data vendor, and appended 

such information for a random subset of consumers (25,669 consumers) involved in the field 

experiment using consumer provided email addresses, inspired by Jung et al. (2020). The data 

vendor legally offers detailed information on the demographics of each matched email address. 

In the end, the household income information can be appended for 26% of the subset of 

consumers. See Table A1 in Appendix A for summary statistics of household income. 

Model 

In field experiments in marketing, the realized treatment often differs from the 

company’s intention to treat. As in Sun et al. (2019), a firm, interested in learning the effect of 

app adoption on dollar spending, conducted an experiment where it randomly sent notifications 

to consumers for app adoption. However, only a subset of consumers installed the app after 

receiving the notification. In our setting, whether a consumer in the nudge group participates in 

conjunction with the AI creation also subjects to consumers’ self-selection.  

Adopting the terminology of Angrist et al. (1996), there can be three types of consumers 

in our setting, depending on their compliance with the nudge. We define participation, 

𝑝𝑎𝑟𝑡𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖, as the clicking any of the four customization options, because we find that 

consumers in the nudge condition significantly increase clicking of all the four customization 

options on a similar magnitude (detail in Table 5). Consumers who would participate organically 
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in the AI-aided creation are referred to as “always-takers”. Consumers who would not participate 

no matter whether there is a nudge are called “never-takers”. The remaining consumers are 

“compliers”: they would not participate if they were in the control condition, but would 

participate if they were in the nudge condition. Because these “compliers” are whom firms can 

influence through external interventions, it is vital for firms to quantify the causal effect for these 

compliers. 

 Identifying the causal effect of participation for the compliers is challenging because we 

cannot differentiate always-takers, never-takers, and compliers at an individual level. Simply 

comparing purchase outcomes for consumers who participated and consumers who did not 

participate would be subject to self-selection bias in participation. For example, consumers who 

like self-designed products may be more likely to participate and also more likely to purchase the 

products.  

Therefore, to solve this problem, we leverage the random assignment of the nudge as an 

instrument for consumer participation, as suggested by Angrist et al. (1996). Prior research (e.g., 

Gordon et al. 2019; Johnson et al. 2017; Sun et al. 2019) has also adopted this approach for 

causal identification when consumers self-select into treatment. Specifically, we identify the 

compliance and the causal effect of induced participation on purchase for compliers, with the 

Two-Stage least squares (2SLS) specified in Equation (1) and (2).  

(1) Compliance                   

𝑝𝑎𝑟𝑡𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 = 𝛼0 + 𝛼1𝑛𝑢𝑑𝑔𝑒𝑖 + 𝜶2 ∙ 𝑿𝑖 + 𝑒1𝑖 

(2) LATE                               

𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖 = 𝛽0 + 𝛽1𝑝𝑎𝑟𝑡𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 + 𝜷2 ∙ 𝑿𝑖 + 𝑒2𝑖 
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𝑝𝑎𝑟𝑡𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 includes both organic and induced participation (i.e., participation of both 

always-takers and compliers). [𝑒1𝑖, 𝑒2𝑖] follows a multivariate normal distribution. 𝑒1𝑖 and 𝑒2𝑖 are 

correlated because some unobserved factors (e.g., fondness of self-designed products) can affect 

both participation and purchase. 𝑛𝑢𝑑𝑔𝑒𝑖 is not correlated with both 𝑒1𝑖 and 𝑒2𝑖, because the 

nudge is randomly assigned. 𝑿𝑖 are exogenous control variables, including consumer prior 

purchase and registration status. 𝑛𝑢𝑑𝑔𝑒𝑖 is treated as the instrumental variable for 𝑝𝑎𝑟𝑡𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖.  

In the first stage, 𝛼1 in Equation (1) quantifies how much the nudge increases 

participation (compliance). A key assumption in economic applications of instrumental variables 

requires that 𝛼1 differs from zero (Stock and Watson 2007). Results regarding compliance in 

next section show this assumption is satisfied. The predicted participation, 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ 𝑖, of 

this regression is retained. The variation in 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ 𝑖 reflects the participation induced by 

the nudge (e.g., participation of compliers). For example, assume 𝜶2 ∙ 𝑿𝑖 = 0 for simplicity. For 

a consumer in the control group, 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ 𝑖 would be 𝛼0 = 0.5. For a consumer in the 

nudge group, 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ 𝑖 would be 𝛼0 + 𝛼1 = 0.56 (details in next section). 

In the second stage, we regress 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖 on the predicted participation, 

𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ 𝑖, from the first stage, under the exclusion restriction assumption (Stock and 

Watson 2007) that the nudge affects purchase through participation. We examined this 

assumption in study 2, and the results indicate that the assumption is satisfied (details in Study 

2). Because the nudge does not correlate with 𝑒2𝑖,  𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ 𝑖 is also not correlated with 

𝑒2𝑖. Therefore, the 2SLS estimator of 𝛽1 would be unbiased. 

Angrist et al. (1996) have approved that 𝛽1 is essentially the local average treatment 

effect of participation on purchase for compliers (LATE), under the additional assumption of 

monotonicity (Angrist and Imbens 1994). Monotonicity requires that the probability of 
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participation is increasing when a consumer is nudged (i.e., 𝑝𝑎𝑟𝑡𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖,𝑛𝑢𝑑𝑔𝑒 ≥

 𝑝𝑎𝑟𝑡𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖,𝑐𝑜𝑛𝑡𝑟𝑜𝑙). Our nudge enhances the Designs tab’s visibility, encouraging 

participation conditional on AI creation, as confirmed by a positive 𝛼1 (details in next section). 

Thus the assumption is satisfied in our context. 

Another quantity that could be of interest for companies is the total effect of the random 

assignment of the nudge on purchase (intention to treat, ITT). Namely, the mean difference in 

purchase between the control and nudge conditions. ITT is affected by both the share of 

compliers and the effect of induced participation on purchase (LATE). Within the 2SLS 

framework, Angrist and Imbens (1994) show that the causal effects have the relationship in 

Equation (3).  

(3)                                Total effect (ITT) = compliance  LATE 

We illustrate the relationship between compliance, LATE, and ITT in Figure 3.  

Should firms nudge consumer participation in conjunction with AI creation? 

We first test whether the nudge increases consumer participation above and beyond AI 

initial creation with Equation (1). Overall the estimation result in the left panel of Table 6 shows 

that our nudge effectively increases 6% of consumers to participate above and beyond AI 

creation. Namely 6% of consumers are compliers. As demonstrated in Figure 3, 50% of 

consumers participated in the control conditions. The nudge boosts participation by 12% relative 

to the control condition.  

We then analyze whether induced consumer participation conditional on AI creation 

impacts purchases using the second stage of the 2SLS specified in Equation (2). The estimation 

result in the right panel of Table 6 shows that, for the 6% compliers, the induced participation 

increases the probability of purchase by a margin of 22% (LATE). The average price of products 
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on the platform is about $50. Thus a 22% increase in conversion rate means $50*22%$10 

revenue increase per complier. 

After quantifying compliance and LATE, we calculate the total effect of nudging 

participation on purchases (ITT), using Equation (3). The calculation shows the nudge increases 

the purchase rate significantly by =6%*22%=1.3%, about $0.6 revenue increase per visitor. It is 

worth noting that this 1.3% increase is for all visitors, not just compliers. The purchase rate in the 

control condition is 7%. With such a low baseline purchase rate, the relative lift of the purchase 

rate by the nudge is 19%, which is quite considerable. The magnitude of the increase is 

economically significant, amounting to a multi-million-dollar revenue increase for the firm if the 

intervention is scaled to all visitors on the platform. 

The above results establish that inviting consumer participation within AI-aided creation 

has a positive impact on purchase in general. In Appendix A Table A2, we provide robustness 

checks for compliance, LATE, and ITT using Logit and a control function approach (Petrin and 

Train 2010). The results are qualitatively the same. 

When can such AI-consumer co-creation improve purchase outcomes? 

The helpfulness of consumer participation within AI-aided creation may vary 

significantly for different products and consumers. From prior literature, we identify three key 

moderators: product complexity, consumer prior product creation experience on the platform, 

and consumer opportunity costs of time. We explain them in the following. 

Product complexity is associated with the number of attributes and attribute levels within 

each attribute (Huang and Luo 2016; Park et al. 2008). When the product is more complex, there 

would be more possible product configurations. Because consumer preference is a ranking of all 

the possible configurations (Kohli et al. 2019), it could be harder for the company to infer 
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consumer preferences when there are more possible configurations. Hence, we conjecture that 

nudging consumer participation to reveal their preferences would be more helpful when the 

product is more complex. 

 Prior experiences help consumers accumulate knowledge of the product creation process 

on a platform. Thus, consumers with prior experience may have better insights into their 

preferences and better abilities to translate preferences into product attributes (Franke et al. 

2009), potentially benefiting more from participation. In contrast, consumers without prior 

experience may be more likely to suffer from information overload and perceive higher creation 

complexity when nudged for participation. For example, research has documented that 

consumers with prior experience can quickly learn product feature knowledge to improve their 

creations (Sun et al. 2017), while novices can be more likely to experience confusion in product 

creation (Huffman and Kahn 1998; Randall et al. 2007). Therefore, we expect consumers with 

prior creation experience on the platform to benefit more from participation within AI-aided 

creation.  

While the above two factors moderate the benefits consumers derive from participation, 

opportunity costs of time may vary the cost associated with participation. Concerning product 

creation cost for consumers, prior research (e.g., Dellaert and Stremersch 2005; Moreau and 

Dahl 2005; Randall et al. 2007) has mostly focused on reducing consumer effort, for example, 

via simplified choice set and a need-based system. The opportunity costs of time consumers have 

to forgo outside creation has been understudied. Based on the economic theory of opportunity 

costs (Green 1894), we conjecture that consumers with higher opportunity costs of time might be 

less likely to benefit from participation because they are more likely to be turned off by 

complexity involved in self customization. 
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As such, we first use the field experiment data to investigate the moderating roles of 

product complexity and prior experience. We then use matched data from TowerData to explore 

the moderating role of opportunity costs of time.  

Product Complexity. In our setting, we use the number of photos included in a project as 

a proxy for product complexity. We define three levels of complexity: 1 photo, 2-9 photos, and 

10 photos. We manipulated the cutoffs in Study 2, and the results are consistent with what we 

discover here. 

We study how the product complexity moderates the compliance and LATE, using the 

2SLS specification in Equation (4). Here we use project-level data because product complexity is 

a project characteristic. Recall that the randomization is at the consumer level. Namely, all 

projects of a consumer will face the same experimental condition. 54% of consumers had only 

one project in the field experiment. [𝜖1𝑖𝑝, 𝜖2𝑖𝑝] follows a multivariate normal distribution. 

Because 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖𝑝 is potentially correlated with 𝜖2𝑖𝑝, we use 𝑛𝑢𝑑𝑔𝑒𝑖𝑝 as the instrument 

for 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖𝑝. We estimate Equation (4) on three subsamples of data: projects with 1 

photo, projects with 2-9 photos, and projects with 10 photos. Because LATE identification 

involves using the random assignment of the nudge as an instrument, using interactions of the 

number of photos and participation requires additional instruments. Thus estimation on 

subsamples is a simple solution and connects closely with the LATE framework. 

(4)                       𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖𝑝 = 𝛾10 + 𝛾11𝑛𝑢𝑑𝑔𝑒𝑖𝑝 + 𝜸12 ∙ 𝑿𝑖 + 𝜖1𝑖𝑝,  

                          𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖𝑝 = 𝛾20 + 𝛾21𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖𝑝 + 𝜸22 ∙ 𝑿𝑖 + 𝜖2𝑖𝑝, 

for projects with 1 photo, 2-9 photos, 10 photos, respectively. 

The results are presented in the top panel of Table 7. The nudge increases consumer 

participation above and beyond AI creation for all projects, and the magnitude is larger for 
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projects with more photos. Interestingly, for LATE, the induced consumer participation 

conditional on AI creation only increases the conversion rate for projects with at least mid-levels 

of complexity (2 photos). It is most useful for projects with high levels of complexity (10 

photos). The results are consistent with our conjecture.  

Based on the results above, because the nudge leads to higher compliance and a larger 

increase in conversion rate for the compliers (LATE) when products are more complex, using 

Equation (3), we can conclude that the total effect of our nudge (ITT) increases with the level of 

product complexity.  

Consumer Prior Experience. We characterize consumer prior experience, 𝑝𝑟𝑖𝑜𝑟𝐸𝑥𝑝𝑖, 

based on whether the consumer had designed a project on this platform before the experiment. 

As shown in Table 4, 24% of consumers involved in the field experiment had had prior 

experience.  

In the following, we analyze how consumer prior experience moderates the compliance 

and effect of induced consumer participation on purchase (LATE). We estimate Equation (1) - 

(2) using a 2SLS procedure on two subsets of the data: consumers with/without prior project 

creation experience. The results are presented in the middle panel of Table 7. We find that 

consumers with prior experience are slightly less likely to participate when being nudged, 

potentially because they have tried the customization options before. Interestingly, for LATE, 

consumers with prior experience have a substantially larger increase in purchase rate.  

Using Equation (3), the total boost of our nudge on purchase rate (ITT) is 

0.0482*0.38=1.8% for consumers with prior experience, and 0.0632*0.172=1.1% for consumers 

without prior experience. Recall that the baseline purchase rate is only 7%. The estimates suggest 
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that nudging consumer participation jointly with AI creation is more effective for consumers 

with prior experience. 

Opportunity Costs of Time. We use household income data as a proxy for consumer 

opportunity costs of time. We fully knowledge household income may not be a perfect measure 

of consumer opportunity costs of time. For example, only one person in the house may have a 

full-time job. Therefore, later in Study 2, we survey consumers for their opportunity costs of time 

to have a more accurate measure. 

We estimate Equation (1) - (2) on two subsets of the data matched with TowerData: 

consumers with high/low household income. We define high or low income by a median split. 

The median household income is 50k-75k, so we define low income as <=75k and high income 

as >75k. We also control matched demographics, including age, gender, marriage, education, 

occupation, homeownership, and presence of children. 

The bottom panel of Table 7 presents the estimation results. We find consumers in both 

income groups are willing to participate with a nudge, with low-income consumers having a 

slightly higher compliance rate. Interestingly, the induced participation in conjunction with AI 

creation significantly increases the purchase rate for low-income consumers but not for high-

income consumers. The results provide some suggestive evidence that the effectiveness of 

activating AI-consumer co-creation decreases with consumer opportunity costs of time.  

Discussions of Study 1 

In Study 1 we quantify the causal impacts of activating AI-consumer co-creation with a 

nudge and answer when inviting consumer participation within AI-aided creation would be more 

effective. The field experiment shows that our nudge significantly increases consumer 

participation by a margin of 6%. The induced consumer participation, along with AI creation, 
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increases purchase rate by 22% for each complier (LATE). Thus the nudge leads to a total 19% 

increase in purchase rate for each visitor on average relative to the control condition (ITT). 

Moreover, we find consumers with more complex projects or lower opportunity costs of time are 

more likely to comply with our nudge and also more likely to increase purchase.  However, 

consumers with prior experience are less likely to comply with our nudge but more likely to 

increase purchase because of participation. 

The field experiment provides useful managerial implications with a large number of 

consumers and presents good external validity. However, it is not designed to shed light on the 

underlying mechanisms of the observed main effects. First, related to the nudge and exclusion 

restriction of LATE identification, the nudge may increase consumer attention, which in turn 

increases purchase. Another managerial relevant question related to the nudge is whether 

mandating participation above and beyond AI creation leads to equal or better results than the 

nudge. Second, Study 1 does not explicitly examine the potential reasons underlying the positive 

effect of induced participation on purchase: IKEA effect and private preference effect. Third, the 

product complexity measure may be potentially endogenous because consumers may change the 

number of photos during participation. Additionally, the household income is not a flawless 

proxy for opportunity costs of time. As such, we explore these questions further in Study 2. 

STUDY 2 

Procedure 

We conduct Study 2 on MTurk. Study 2 was implemented one month before the 2019 

Christmas holiday. Consumers were asked to create a holiday card on Collage.com. We 

incorporate incentive alignment (e.g., Ding 2007; Ding et al. 2005, 2011; Huang and Luo 2016) 

in the experiment, so the participants would be incentivized to design the product carefully and 
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truthfully. Consumers were informed that they had a 10% probability of winning a deck of cards 

designed by themselves (the total value is about $16) in addition to the usual MTurk payment.  

The primary purpose of Study 2 is to manipulate types of nudges. Therefore, the 

experiment employs a 4-by-1 between-subjects design, as demonstrated in Figure 4: control, 

nudge participation, nudge attention, and mandate participation. Consumers in control condition 

do not receive any nudge. In the nudge participation condition, we employ a red arrow randomly 

pointing to one of Designs, Background, Text, and Photo fit tabs. In Study 1, the nudge is a blue 

dot under Designs tab. The nudge design here provides a robustness check. To examine the 

alternative hypothesis that the nudge may increase purchases via increasing attention, we employ 

a nudge attention condition: a red arrow points to the middle of the design area. To compare the 

effect of nudging and mandating participation, we design a mandate participate condition. The 

mandate participation condition is the same as the nudge participation condition, except that in 

the mandate participation condition, we also ask consumers to take a screenshot indicating they 

have clicked the tab pointed to by the red arrow to make sure they participate.  

To make the number of photos included in a project exogenous, we randomly ask 

participants in each condition to use 2, 4, or 8 photos in their creation. We prepared 20 holiday-

themed photos (details in Appendix B Figure A1) for them to choose from.  

Upon completing the design stage, we collect measures for two dependent variables: 

purchase and revisit intentions. We asked participants to answer the questions, “How likely 

would you buy the cards with your own money?” (purchase intention) and “How likely are you 

going to consider Collage.com for future purchases of photo products?” (revisit intention). The 

questions are on a 7-point Liker scale. 
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Moreover, to understand the reasons underlying the observed positive effect of the nudge 

in Study 1, we asked participants two questions regarding the IKEA effect (in the spirit of 

Norton et al. 2012): “To what extent do you think your effort in creating the cards is rewarding?” 

and “To what extent do you think your effort to customize the cards makes you like the product 

more?”. We also asked two questions about the private preference effect (similar to Randall et al. 

2007): “To what extent did the platform allow you to create the cards to satisfy your needs or 

preference?” and “To what extent did the card created by yourself allow you to customize the 

message you want to send?”. All the above questions are on a 7-point Likert scale.  

Furthermore, to collect a better measure of opportunity costs of time, we asked 

participants a question, “Suppose someone offers you an extra hour of work suitable for your 

skills this past month. At what hourly wage rate above which would you be willing to work? 

<=$10, $11-15, $16-20, $21-25, $26-30, $31-50, $50-70, >$70” (Luo et al. 2013). Lastly, 

consumers went through attention checks.  

We collected a final sample of 493 responses of consumers in the US (52.73% female), 

with about 123 respondents in each experimental condition. To measure consumer participation, 

we also complement the response data with Collage company’s clickstream event record. The 

major advantage of the company field data is that it keeps track of real consumer decisions to 

participate in addition to AI creation during the creation process.  

Results 

The Role of Nudging Consumer Participation. We first discuss the effects of nudging 

participation. Table 8 demonstrates the results of nudging participation. It shows that nudging 

participation significantly increases participation above and beyond AI creation compared to the 
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control group. Additionally, Table 8 shows that induced participation significantly increases 

purchase and revisit intentions. The results here replicate our findings in Study 1. 

Table 9 presents the results of nudging attention. The results demonstrate that nudging 

attention does not impact participation. Importantly, nudging attention does not impact purchase 

and revisit intentions, neither. The results rule out the alternative explanation that the nudge 

increases purchase through increasing consumer attention. 

 Table 10 presents the results of mandating participation. For compliance, mandating 

participation increases participation conditional on AI creation significantly. As expected, 

mandating participation leads to more participation compared to nudging participation. For 

LATE, the mandated participation significantly increase purchase intention over the control 

condition, but the effect magnitude is smaller than that of nudged participation. Interestingly, 

mandated participation does not significantly increases revisit intention.  

Therefore the results suggest that nudging participation works better than mandating 

participation. The difference is probably because the nudge allows consumers to opt-in the co-

creation with AI while the mandate does not. In the nudge condition, only consumers who can 

benefit from participation will participate. In the mandate condition, all consumers will 

participate, even when participation leads to more costs than benefits. In such a case, consumers 

might still want to purchase the product because of effort justification, but would be less likely to 

consider the website for future purchases. Therefore, our findings suggest that firms should let 

consumers opt into co-creation rather than mandating participation. 

Reasons for the Positive Effect of Nudging Participation on Purchase and Revisit 

Intentions. We examine two potential reasons: IKEA effect and private preference effect. As the 

answers for the two questions regarding the IKEA effect are highly coherent (Cronbach’s 
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α=0.86), we take an average of the two measures. Similarly, we also average the two 

measurements regarding the private preference effect (Cronbach’s α=0.75).  

  We find that the nudge participation condition has a stronger IKEA effect compared to 

the control group (Mcontrol=5.162, Mnudge participation=5.616; t=2.518, p=0.012), suggesting that 

nudging participation helps consumers appreciate their effort better. We also discover that the 

nudge participation condition has a larger private preference effect than does the control group 

(Mcontrol=4.825, Mnudge participation=5.168; t=1.890, p=0.059), indicating that participation can 

improve the AI creation by increasing the match between the product and consumer preference. 

We also perform bootstrap-based mediation tests (Hayes 2017), employing the IKEA 

effect and private preference effect as the mediators between induced participation and 

purchase/revisit intention. Specifically, we use observations of control and nudge participation 

conditions (N=260) and run 500 simulations to approximate each mediation effect’s sampling 

distribution. In each simulation, we randomly sample N=260 observations with replacement 

from the same dataset to compute the mediation effect. The advantage of the bootstrapping 

approach is that it bypasses the questionable distribution assumptions of traditional mediation 

tests and enables an accurate test of the mediation effect, even in small samples (Preacher and 

Hayes 2008).   

The mediation analysis shows that the IKEA effect significantly mediates the effects of 

nudged participation above and beyond AI creation on purchase intention (p=0.017) and revisit 

intention (p=0.018). The private preference effect also significantly mediates the effects of 

nudged participation above and beyond AI creation on purchase intention (p=0.051) and revisit 

intention (p=0.090). Figure 5 demonstrates the mediation map. The direct effects of induced 

participation on purchase and revisit intentions are not statistically significant after controlling 
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for IKEA effect and private preference effect, indicating the two effects completely mediate the 

positive effects of induced participation. 

Moderating Roles of Product Complexity and Consumer Opportunity Costs of Time. 

Table 9 shows that nudge attention condition is not significantly different from the control 

condition. To increase statistical power for testing moderations using subsamples of data, we 

combine the nudge attention and control conditions as the new control and compare it with the 

nudge participation condition. 

We first verify whether product complexity moderates compliance to the nudge and the 

effect of induced consumer participation above and beyond AI creation on purchase and revisit 

intentions. The top panel of Table 11 presents the results. Consistent with Study 1, we find that 

consumers are more likely to comply with the nudge when the projects have more photos. 

Moreover, the induced participation conditional on AI creation only increases purchase intention 

for projects with mid (4 photos) and high (8 photos) levels of complexity. Additionally, the induced 

participation only improves revisit intention for projects with a high level of complexity. The 

results conform with our findings in Study 1 that in general AI-consumer co-creation is more 

beneficial for projects with more photos.  

We then analyze the moderating role of consumer opportunity costs of time. We 

dichotomize the opportunity costs of time by a median split. The median of hourly opportunity 

costs of time is $16-20, so we define high opportunity costs of time as >$20 and low opportunity 

costs of time as <=$20. The results are presented in the bottom panel of Table 11. The results 

show that both types of consumers respond to the nudge, and consumers with low opportunity 

costs are 3% higher in the compliance rate. Interestingly, the induced consumer participation 

above and beyond AI creation only increases purchase and revisit intentions for consumers with 
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low opportunity costs of time. The results confirm the finding in Study 1 that the effectiveness of 

AI-consumer co-creation decreases with consumer opportunity costs of time. 

Discussions of Study 2 

Study 2 complements Study 1 in three aspects. First, Study 2 manipulates the nudge. 

Specifically, Study 2 examines the exclusion restriction for the LATE identification and rules out 

the alternative explanation that the nudge increases purchase through increasing attention. 

Additionally, the nudge is better than mandating consumer participation within AI-aided 

creation. Second, Study 2 presents some suggestive evidence that both the IKEA effect and 

private preference effect drive the positive effect of activating AI-consumer co-creation. Third, 

Study 2 provides robustness checks for the moderating roles of product complexity and 

consumer opportunity costs of time, and shows that the effectiveness of activating AI-consumer 

co-creation increases with product complexity and decreases with consumer opportunity costs of 

time. 

 An important managerial implication from Studies 1 and 2 is that nudging consumer 

participation can boost purchases within AI-aided creation. However, AI is always on in all 

experimental conditions. Therefore, in Study 3, we manipulate the presence of both AI and 

nudge to investigate whether the effect of nudging consumer participation is different when AI is 

on versus off.  

STUDY 3 

Procedure 

The experiment was conducted on Mturk in June 2020. We asked respondents to create a 

mug as a symbol of kindness and encouragement during the COVID-19 pandemic on 
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Collage.com. We also incorporated incentive alignment in this experiment. Respondents were 

informed that they had a 10% probability of winning the mug designed by themselves (the total 

value is about $13) in addition to the usual MTurk payment. Respondents were asked to choose 

10 photos from 20 photos with the theme of love and encouragement (details in Appendix C 

Figure A2).  

The primary purpose of Study 3 is to manipulate the presence of both AI and the nudge. 

Hence, Study 3 employs a 2 (AI off vs. AI on) – by – 2 (no nudge vs. nudge) between-subject 

design. During the design stage, in the AI-off conditions, the respondents had to make the 

collage themselves — adjusting the locations and sizes of chosen photos manually. In the AI-on 

conditions, the AI engine automatically laid out a collage customized to the set of chosen photos. 

In the no-nudge conditions, respondents did not receive any nudge for participation. In the nudge 

conditions, a red arrow pointed to the four customization options, similar to the nudge in Study 

2.  

Upon completing the mug creation, respondents were surveyed for their purchase and 

revisit intentions in the same manner as in Study 2. We also collected measures for IKEA effect 

and private preference effect using the same questions as in Study 2. We collected a final sample 

of 383 respondents in the US (41.78% female), with about 96 respondents in each experimental 

condition.  

Results 

Here we focus on the interaction between AI and nudge in their effects on purchase and 

revisit intentions. Therefore, we include the nudge, AI, and their interaction as the independent 

variables, and treat purchase and revisit intentions as the dependent variables. We also estimate 
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the effects on the IKEA effect and private preference effect to understand the underlying 

mechanisms. We summarize the results in Table 12. 

First and foremost, we discover that nudging participation and AI creation have a positive 

interaction. The results show that the nudge has a significantly more positive effect on purchase 

and revisit intentions when AI is on compared to when AI is off. Additionally, the IKEA effect 

and private preference effect induced by nudging participation are stronger when AI is on versus 

when AI is off. It is possible that because AI liberates consumers from basic photo layout tasks, 

it allows consumers to focus on high-level customization. Hence, consumer participation is more 

efficient and effective when AI is on, leading to better creation experience and preference match. 

The results suggest that nudging consumer participation can lead to better outcomes when AI is 

on compared to when AI is off. 

Secondly, nudging participation does not increase the purchase and revisit intentions 

when AI is off. The nudge also does not lead to a significant IKEA effect or private preference 

effect when AI is off. When AI is off, creating a satisfactory layout of photos can be complicated 

and time-consuming for consumers. In this situation, nudging consumer customization, in 

addition to their photo layout task, cannot further engage consumers in the creation process. 

Moreover, because consumers are constrained in the basic task, they cannot effectively 

concentrate on the high-level customization, discounting the benefit from the private preference 

effect.  

Lastly, turning on AI does not necessarily increase the purchase and revisit intentions. 

Although AI simplifies the photo layout process, it also reduces consumer engagement in the 

creation process, thus significantly lessening the IKEA effect, as indicated in Table 12. In 

addition, the results show that AI does not significantly increase preference match. This result 
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suggests that for the basic photo layout task, AI can provide initial creations with quality similar 

to consumers’ photo collage. 

Discussions of Study 3 

Study 3 illustrates that there are synergies between consumer participation and AI. AI 

support helps consumers in basic tasks, allowing consumers to focus on high-level creation, 

which helps them reveal their preferences and appreciate their own effort. Hence the 

combination of AI and nudging participation significantly improves purchase and revisit 

intentions. Only having AI or nudging is not sufficient for increasing purchases and revisits. 

CONCLUSIONS 

In this research, we examine the potential of empowering consumers in AI-aided creation. 

Specifically, we study whether companies should nudge consumer participation within the 

context of AI-aided creation, when and why such AI-consumer co-creation improves purchase 

outcomes, and what the interplay is between AI and nudging consumer participation. We find 

that a subtle nudge can significantly increase consumer participation in the co-creation process, 

and the induced participation, along with AI creation, can substantially improve purchase 

outcomes. Therefore, inviting consumer participation in conjunction with AI creation can bring 

significant economic benefits for firms employing AI in product creation. Furthermore, we 

discover that inviting consumer participation above and beyond AI creation is more helpful when 

the product is more complex, when consumers have prior creation experience on the platform, 

and when consumers have low opportunity costs of time. 

The collected evidence suggests that the benefits of inviting consumer participation 

within AI-aided creation could be twofold: the IKEA effect where efforts lead to love and private 

preference effect where participation helps reveal consumer preferences. Additionally, we 
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discover that AI can enhance such benefits of consumer participation. The AI-consumer co-

creation leads to a substantial increase in the purchase and revisit intentions, while only having 

AI or nudging cannot boost purchase or revisit. 

This research has several contributions. First, this research broadens the literature about 

company-consumer co-creation. We discover that even when AI customizes creation for 

consumers, firms can still improve consumer experience by actively inviting participation. To 

our knowledge, this research is among the earliest studies to examine the implications of user 

engagement by actively inviting participation in conjunction with AI creation. Second, our 

research adds to the human-AI relationship literature by focusing on the consumer-AI 

relationship. Consumers are not just passive recipients of AI technology. Consumers and AI can 

be collaborators. Consumers can enhance AI creations by investing their effort in the creation 

and increasing product preference fit. AI helps consumers by freeing up their effort in basic tasks 

for high-level touch-ups. Lastly, by documenting simple nudges for participation can boost 

conversion rates in the field, our research generates actionable implications for firms in the era of 

AI-facilitated consumption. 
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Table 1 Overview of Studies 

Study Context Product type AI Nudge 

1 Field Choose your own  On Nudge participation on/off 

2 Mturk Holiday card On 
Nudge participation, nudge attention, 

mandate participation, or no nudge 

3 Mturk Mug On/off Nudge participation on/off 

 

 

Table 2 Study 1 Randomization Check 
 Control Nudge P-value 

Created projects before 24.13% 24.32% 0.450 

Purchased product before  10.44% 10.44% 0.987 

Purchased voucher before  6.88% 6.93% 0.722 

New registration  75.05% 74.99% 0.807 

P-value is calculated with a t-test. *** p ≤ 0.01, **p ≤ 0.05, *p≤0.10 

 

 

Table 3 Definitions of Variables 

Variable Definition 

Consumer level (𝒊) 

𝑛𝑢𝑑𝑔𝑒𝑖  𝑛𝑢𝑑𝑔𝑒𝑖=1 if consumer 𝑖 was in the nudge condition; 𝑛𝑢𝑑𝑔𝑒𝑖=0 otherwise. 

𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖  𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 = 1 if consumer 𝑖 clicked any of Designs, Background, 

Text, and Photo fit tabs in the experiment; 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 = 0 otherwise. 

𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖  𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖 = 1 if consumer 𝑖 made a purchase during the experiment; 

𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖 = 0 otherwise. 

𝑝𝑟𝑖𝑜𝑟𝐸𝑥𝑝𝑖  𝑝𝑟𝑖𝑜𝑟𝐸𝑥𝑝𝑖 = 1 if consumer 𝑖 created any project on Collage.com before the 

experiment; 𝑝𝑟𝑖𝑜𝑟𝐸𝑥𝑝𝑖 = 0 otherwise. 

𝑝𝑟𝑖𝑜𝑟𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖   𝑝𝑟𝑖𝑜𝑟𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖  = 1 if consumer 𝑖 purchased any product on Collage.com 

before the experiment; 𝑝𝑟𝑖𝑜𝑟𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖 = 0 otherwise. 

𝑝𝑟𝑖𝑜𝑟𝑉𝑜𝑢𝑐ℎ𝑒𝑟𝑖  𝑝𝑟𝑖𝑜𝑟𝑉𝑜𝑢𝑐ℎ𝑒𝑟𝑖 = 1 if consumer 𝑖 purchased any voucher on Collage.com 

before the experiment; 𝑝𝑟𝑖𝑜𝑟𝑉𝑜𝑢𝑐ℎ𝑒𝑟𝑖  = 0 otherwise. 

𝑛𝑒𝑤𝑅𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑖  𝑛𝑒𝑤𝑅𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑖 = 1 if consumer 𝑖 registered during the experiment; 

𝑛𝑒𝑤𝑅𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑖 = 0 otherwise. 

Project level (𝒑) 

𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖𝑝  𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖𝑝 = 1 if project 𝑝 of consumer 𝑖 is converted to an order; 

𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖𝑝 = 0 otherwise. 
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Table 4 Study 1 Summary Statistics of Variables 

Variable Mean Standard deviation Minimum Maximum 

Consumer level     

𝑛𝑢𝑑𝑔𝑒𝑖  0.503 0.500 0 1 

𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖  0.527 0.499 0 1 

𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖  0.077 0.266 0 1 

𝑝𝑟𝑖𝑜𝑟𝐸𝑥𝑝𝑖  0.242 0.428 0 1 

𝑝𝑟𝑖𝑜𝑟𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖   0.104 0.306 0 1 

𝑝𝑟𝑖𝑜𝑟𝑉𝑜𝑢𝑐ℎ𝑒𝑟𝑖  0.069 0.254 0 1 

𝑛𝑒𝑤𝑅𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑖  0.750 0.433 0 1 

Project level     

𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖𝑝  0.068 0.252 0 1 

 

 

Table 5 Study 1 Clicking of Customization Options Across Control and Nudge Groups 
 Control Nudge P-value 

% clicked Designs 19.11% 23.21% <2e-16 *** 

% clicked Background 31.18% 34.26% <2e-16 *** 

% clicked Text 15.93% 17.65% <2e-16 *** 

% clicked Photo fit 43.65% 49.82% <2e-16 *** 

P-value is calculated by a t-test. *** p ≤ 0.01, **p ≤ 0.05, *p≤0.10 

 

 

Table 6 Study 1 Effect of Inviting Consumer Participation 

Compliance LATE 

DV 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 DV 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖 

(Intercept) 0.516 *** (Intercept) -0.0196 

 (0.0038)  (0.0136) 

𝑛𝑢𝑑𝑔𝑒𝑖  0.0598 *** 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖̂   0.216 *** 

 (0.00278)  (0.0247) 

𝑋𝑖 controlled Yes 𝑋𝑖 controlled Yes 

N 128153 N 128153 

𝑋𝑖 = (𝑝𝑟𝑖𝑜𝑟𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖 , 𝑝𝑟𝑖𝑜𝑟𝑉𝑜𝑢𝑐ℎ𝑒𝑟𝑖 , 𝑛𝑒𝑤𝑅𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑖)  

*** p ≤ 0.01, **p ≤ 0.05, *p≤0.1. Standard errors in parentheses. 
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Table 7 Study 1 Product Complexity, Prior Experience, and Opportunity of Time 

Moderates Compliance and LATE 

Moderator Subsample  Compliance (s.e.)  LATE (s.e.)  N 

Num. of photos 

1  0.0336 *** (0.00382)  0.0122 (0.0157)  61792 

2-9  0.0642 *** (0.00331)  0.209 *** (0.0414)  58754 

10  0.0997 *** (0.00434)  0.247 *** (0.0300)  37819 

Prior experience 
Yes  0.0485 *** (0.00561)  0.381 *** (0.0740)  31046 

No  0.0632 *** (0.00319)  0.172 *** (0.0248)  97107 

Income 
High  0.0558 ** (0.0235)  0.447 (0.290)  1801 

Low  0.0707 *** (0.0143)  0.231 * (0.126)  4794 

*** p ≤ 0.01, **p ≤ 0.05, *p≤0.10. Standard errors in parentheses. 

For each estimation, 𝑋𝑖 = (𝑝𝑟𝑖𝑜𝑟𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖 , 𝑝𝑟𝑖𝑜𝑟𝑉𝑜𝑢𝑐ℎ𝑒𝑟𝑖 , 𝑛𝑒𝑤𝑅𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑖) is controlled.  

 

 

 

Table 8 Study 2 Effect of Nudging Participation 

Compliance LATE 

DV 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 DV 
Purchase  

intention 

Revisit  

intention 

(Intercept) 0.518 *** (Intercept) 2.58 *** 3.60 *** 

 (0.0397)  (0.514) (0.504) 

Nudge participation 0.339 *** 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ 𝑖  1.84 *** 1.62 ** 

 (0.053)  (0.707) (0.692) 

N 260 N 260 260 

*** p ≤ 0.01, **p ≤ 0.05, *p≤0.10. Standard errors in parentheses. 

Only control and nudge participation conditions. 

 

 

 

Table 9 Study 2 Effect of Nudging Attention 

DV 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 Purchase intention Revisit intention 

(Intercept) 0.518 *** 3.54 *** 4.44 *** 

 (0.0468) (0.175) (0.18) 

Nudge attention -0.0849 0.157 0.34 

 (0.0678) (0.253) (0.26) 

N 218 218 218 

*** p ≤ 0.01, **p ≤ 0.05, *p≤0.10. Standard errors in parentheses.  

Only control and nudge attention conditions. 
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Table 10 Study 2 Effect of Mandating Participation 

Compliance LATE 

DV 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 DV 
Purchase  

intention 

Revisit  

intention 

(Intercept) 0.518 *** (Intercept) 3 *** 4.2 *** 

 (0.0322)  (0.413) (0.436) 

Mandate participation 0.482 *** 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ 𝑖  1.03 ** 0.457 

 (0.0442)  (0.51) (0.539) 

N 243 N 243 243 

*** p ≤ 0.01, **p ≤ 0.05, *p≤0.10. Standard errors in parentheses. 

Only control and mandate participation conditions. 

 

 

Table 11 Study 2 Product Complexity and Opportunity Costs of Time Moderates 

Compliance and LATE 

Moderator Subsample Compliance (s.e.) 

 LATE (s.e.)  

N 
 

Purchase  

intention 

Revisit  

intention 
 

Num. of photos 
2 0.252 *** (0.0822)  -0.0945 (1.43) 0.196 (1.45)  128 

4 0.382 *** (0.0831)  2.71 *** (0.883) 1.000 (0.931)  117 

8 0.534 *** (0.0790)  1.15 * (0.664) 1.22 ** (0.579)  119 

Opportunity 

costs of time 

High 0.357 *** (0.0804)  0.187 (0.942) 0.0815 (0.910)  132 

Low 0.393 *** (0.0597)  2.09 *** (0.646) 1.48 ** (0.640)  232 

*** p ≤ 0.01, **p ≤ 0.05, *p≤0.10. Standard errors in parentheses. 

 

 

Table 12 Study 3 AI Enhances the Effect of Nudging Participation 

DV 
Purchase  

intention 

Revisit  

intention 

IKEA  

effect 

Private  

preference  

effect 

(Intercept) 4.12 *** 4.97 *** 5.06 *** 5.16 *** 
 (0.181) (0.149) (0.134) (0.126) 

Nudge 0.181 0.138 0.0905 0.012 
 (0.261) (0.215) (0.193) (0.181) 

AI on -0.12 0.0404 -0.315 * 0.00667 
 (0.259) (0.213) (0.191) (0.18) 

Nudge*AI on 0.883 ** 0.554 * 1.03 *** 0.603 ** 
 (0.371) (0.305) (0.274) (0.258) 

N 383 383 383 383 

*** p ≤ 0.01, **p ≤ 0.05, *p≤0.10. Standard errors in parentheses.  
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Figure 1 One Collage Generated by the AI Engine of Collage.com 

 
 

 

 

Figure 2 Experimental Conditions in Study 1 
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AI automatic layoutPhotos

Designs

Background

Text

Photo fit

12

Nudge for
consumer participation

Photos

Background

Designs

Text

Photo Fit

Control Nudge

Photos

Background

Designs

Text

Photo Fit



 37 

Figure 3 Relation Between Three Types of Causal Effects: Compliance, LATE, and ITT 

 
 

 

Figure 4 Study 2 Experimental Conditions 

Control 

 

Nudge participation* 

 

Nudge attention 

 

Mandate participation*a 

 

*We randomly nudge/mandate clicking of Designs, Background, Text, and Photo fit options.  

a Respondents were asked to upload a screenshot indicating clicking the customization option. 

 

 

Figure 5 Study 2 Mediation Analysis 

 
*** p ≤ 0.01, **p ≤ 0.05, *p≤0.10.   
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Appendix A. Study 1 Randomized Field Experiment 

 

Table A1 Study 1 Summary Statistics of Matched Household Income Data 

Household income level Proportion Household income level Proportion 

0-15k 4.24% 100k-125k 8.29% 

15k-25k 7.01% 125k-150k 0.19% 

25k-35k 9.15% 150k-175k 1.83% 

35k-50k 23.63% 175k-200k 1.36% 

50k-75k 28.65% 200k-250k 1.17% 

75k-100k 13.43% 250k+ 0.97% 

 

 
 

Table A2 Study 1 Robustness Checks Using Logit 

DV 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 DV 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖 DV 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖 

(Intercept) 0.0648 *** (Intercept) -4.75 *** (Intercept) -2.33 *** 

 (0.0154)  (0.202)  (0.0264) 

𝑛𝑢𝑑𝑔𝑒𝑖  0.241 *** 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖  3.82 *** 𝑛𝑢𝑑𝑔𝑒𝑖  0.185 *** 

 (0.0112)  (0.364)  (0.0212) 

  Residual as control -1.62 ***   

   (0.364)   

𝑋𝑖 controlled Yes 𝑋𝑖 controlled Yes 𝑋𝑖 controlled Yes 

N 128153 N 128153 N 128153 

𝑋𝑖 = (𝑝𝑟𝑖𝑜𝑟𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖 , 𝑝𝑟𝑖𝑜𝑟𝑉𝑜𝑢𝑐ℎ𝑒𝑟𝑖 , 𝑛𝑒𝑤𝑅𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑖)  

*** p ≤ 0.01, **p ≤ 0.05, *p≤0.10. Standard errors in parentheses. 

Because 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 is endogenous and Logit is nonlinear, the middle panel is estimated 

with a control function approach (Petrin and Train 2010). Specifically, the model is estimated in 

two steps. First, the 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 variable is regressed on 𝑛𝑢𝑑𝑔𝑒𝑖 and 𝑋𝑖 as in Equation (1). 

The residuals of this regression (“Residual as control” in the mid panel) are retained. Second, 

estimate the Logit model of 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖 on 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖, 𝑋𝑖, and the residual from the first 

step. 
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Appendix B. Study 2  

Figure A1 Photos for Study 2  

 
  



 40 

Appendix C. Study 3  

Figure A2 Photos for Study 3  
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