Web Appendix 1: Quotes and examples of big data marketing affordances from interviews (Study 1a)
	Company and Informant
	Example of Quotes on the three Big Data Marketing Affordances

	
	Customer Behavior 
Pattern Spotting
	Real-Time 
Market Responsiveness
	Data-Driven 
Market Ambidexterity

	Informant Roles: 
(1) Head of Business Development & Partnerships
(2) Head of Customer Retention

Areas of responsibility (for marketing):
(1) Full responsibility on product management, new product development, market intelligence, partnerships
(2) Digital marketing, CRM

Context: 
Firm A is a platform that connects local transport companies for the management of interregional and city-to-city coach routes. It does not own coaches but forms partnerships with transport companies, which in turn operate the coaches. It operates in more than 25 countries, with 2,500 destinations and over 400,000 daily connections.
	“We track how customers engage with our out of home offline campaigns, for example fliers, local events, festivals, sporting events, and fairs. We link each of these activities to a unique discount code, which must be indicated when buying tickets online. Therefore, we know how much the individual out of home activities performed and we can consequently modify or adjust them or even eliminate them for the next time. They also serve in a predictive way. For example, if in a city of 200,000 people we have historical data on discount codes that tell us that some activities performed well or better than others did, we are able to predict what will work when we launch a new route in a city with similar characteristics.” 
	“Having daily data, when the capacity of a coach for a specific route is very low compared to the average, promotions are activated in real-time to stimulate demand. The main one is price, but the same happens with the ‘add-ons’ promotions: extra luggage, insurance, sales of individual seats, premium seats, and in some countries on-board food and drinks. We built our own analytics for these specific decisions based on the requests received at the time of booking, the type of route, and the analysis of online customer feedback.” 
	“We heavily rely on data to identify new routes and destinations to add to our offer…our new routes are defined on the basis of various data sources: first, we look for Google trends data on the most frequent searches of routes that do not yet exist. We then combine these with demographic data relating to the geographical areas of reference, the economic data relating to the income of those areas, any tourist attraction through tourist accommodation data, together with other types of data, for example the presence of large universities or large factories.”

	Informant Role:
Operational Excellence Senior Manager

Areas of responsibility (for marketing):
Big data/IoT marketing projects 
Digital marketing projects
Technology scouting for marketing initiatives

Context:
Firm B is a luxury brand structured in four main divisions: jewelry (the biggest and most relevant), leather goods, perfumes, and hotels. The Operational Excellence Unit realizes technology-based digital innovations to support product marketing and communication.
	“An intelligent model was created that scans photos posted on social media and detects all the photos with [BRAND] leather goods…a supplementary information deriving from these photographs is on counterfeiting. In fact, it is possible to identify patterns of use of certain products in certain geographies that allow you to understand - comparing them with the data of the actual sale of the products in those geographies - if the products are real or counterfeit.”
	“For the last three years, all [BRAND] leather goods have near-field communication technology, so if placed near a smartphone, they allow anyone tap on the product and activate various types of content. The [APP NAME] is based on three axes: temporal, geographical, and product …the content is activated in real-time depending on where the consumer is located, what type of product she tapped, and when.” 
	“Using the same data and analytics, the model provides us with information about other products with which our products are used and matched. For example, a bag can be combined with a foulard or with a skirt. These results allow us to identify potential line extensions or category extensions. We are not in the process of using this information for such strategies yet. However, it would become more likely in the near future.”

	Informant Role:
Principal

Areas of responsibility (for marketing):
IT/Tech-Marketing projects for service companies

Context:
Firm C is an international consulting company specialized in digital transformation of large and complex businesses. 
	“For the largest mobile telephone service company of the country, we developed a tool to predict the behavior of the fixed and mobile customer base…so we designed and implemented a data analytics tool that processes, analyses, and helps interpret a series of signals from each enterprise customer that indicate churn risk in the next future.”


	“We designed a speech analytics tool to identify and propose tailored actions to retain significant segments of the customer base. This is for a large utility company…their call center agents receive suggestions in real-time for pre-approved offers and tactics based on the details revealed by customers during voice calls. For the same company, we developed a tool to provide a more effective assistance service related to invoicing. By combining data about conversations with the call center, email complaining, and behavioral data like delays in payments or requests for instalments, the company is able to associate each customer to a cluster, and provide call center agents a guide to handle calls with clients regarding invoicing.”
	“We used AI on past customers and services data, together with customer surveys and Design Thinking. We also supported the creation of new customer services based on past customer experiences and satisfaction data…in one project we helped a large digital TV platform, to design a set on new value propositions for their B-to-B customers…bars, restaurants, retail outlets where their programs are shown on TV screens. We developed an AI-based tool that for each outlet collects data from review-websites, like Tripadvisor… pictures posted by the outlet owners on social network etc… and provides a view of the relevance of certain TV programs for that outlet, allowing the company to design a personalized offering.”

	Informant Role:
Head of Strategy, Payments Division (until October 2019: Group Head of Innovation)

Areas of responsibility (for marketing):
New business ventures, including marketing intelligence, business insight for NPD, full marketing responsibility for new projects (previously, responsible for all group digital & data-based marketing projects)

Context
Firm D competes in two industries through two separate business units: gaming and payments. The first was the original one. The second was developed as an extension of payments systems for gamers. The business unit Gaming is structured in three sub-units: online gaming, retail (gaming in physical outlets), and state lotteries sold via concessions. The business unit Payments offers proximity banking services, that is, payments related to taxes, fines, invoices, made by individuals through proximity retail outlets.
	“We use data for our predictive marketing, mainly predictive campaigns in our gaming division. By analyzing online behaviors of millions of gamers, we came up with a clustering of our customer base, of around 100 different clusters. Therefore, a gamer who is associated to a cluster – that is, a set of previous behaviors - is targeted with a specific campaign, that can be a cross-selling campaign, or an upselling, or a new product trial one.”
	“Our current system is not able yet to provide us with real-time data. In fact, data in our behavioral database are updated at time -1 (the day before). Now we are developing a data lake that will provide us with real time data. Therefore, we will be able to design a set of next best actions that will be far more powerful than our actual campaign system. Today, we are able to address 100 clusters of behaviors. In the near future, we will be able to address each individual customer, in a real 1-to-1 marketing.”
	“Originally, we were the providers of merchants where people went to play games or to pay bills, council taxes, etc. For thousands of small outlets, payments are made through the same cash registers used for all payments in the outlet. Therefore, we started offering a subscription model to merchants: with a monthly fee, they can have the cash register, the software, and the technical assistance. Now we are able to collect data about all their sales. This means not only the amount spent in the outlet but also the basket of products, the hour of the day, etc. Therefore, now we started offering sort of an ERP for small business, allowing the merchant not only to have a daily report of sales, but a system allowing her to manage the electronic invoicing system, warehouse planning, refurbishing etc. This is a completely new business for us, and it is completely data-driven.”

	Informant Role:
Head of Innovation

Area of responsibility (for marketing):
Disruptive market innovation, new product development, tech-based/data-driven marketing projects

Context:
Firm E is owned by the country Chambers of Commerce and offers services to the associates and to the open market through two different business units, with around 1,000 employees. It manages the country Business Register and all services relies on data generated by the register. The business unit competing on the open market offers services in the B-to-B market (clients are players in global business information arena) and B-to-C one (clients are companies, professionals and citizens searching for business information).
Firm E does not have a formal marketing unit. Marketing activities are carried out by the Innovation team (strategic marketing) and the Commercial teams (market activation) within the two business units. 
	“We had evidence of a 30% drop-out rate of users of the business register at the initial steps of the registration. We analyzed behavioral data of the specific paths that users go through during the registration and identified the critical points associated with the drop-out. Then, we designed a conversational interface with vocal assistant providing help during the registration session. We tested different versions and we came up with the current one, that helped us decreasing impressively the drop-out rate.”
	“Some of the interactions that users have with the business register have to comply with laws and regulations. Many users lack the knowledge that actually refers to the corporate law, so they call our assistance to ask for help. We collected data in the last two years about the subject of the requests. We designed an algorithm that has been trained with the thousands of requests and the appropriate responses based on the country corporate law. In the next few weeks, this new service will be delivered and provide users with real time support regarding every registration that must follow a formal procedure.”
	“The experience we gained with the conversational interface developed for the business register gave us an insight about the different pain points of potential users of a business information website. Since our clients are exactly these business information providers, we offered them the tool we developed to solve our problem and we opened a new line of business.”


Notes: The data collection took place in Italian. All statements were professionally translated from verbatim transcripts.
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Web Appendix 2: Affordance Grouping (Study 1a)
	Second-Order Affordance Themes
	Frequency
	Percentage

	Total related themes
	98
	81.0%

	Theme 1: Customer behavior pattern spotting
	56
	46.2%

	Theme 2: Real-time market responsiveness
	14
	11.6%

	Theme 3: Data-driven market ambidexterity
	14
	11.6%

	Theme 4: Service innovation
	14
	11.6%

	Total other themes
	23
	19.0%

	Theme 5: Sales management
	9
	7.4%

	Theme 6. Pricing
	3
	2.5%

	Theme 7: General (no theme)
	11
	9.1%

	
	
	

	First-Order Affordance Grouping
	Frequency
	Percentage

	1. Customer behavior pattern spotting
	56
	46.2%

	Identification of customer behavior
	19
	15.7%

	Targeted promotion/advertising
	6
	5.0%

	Churn analysis
	5
	4.1%

	Product usage analysis
	5
	4.1%

	Identification of customer needs
	4
	3.3%

	Behavioral segmentation
	3
	2.5%

	Identification of sales prospects
	3
	2.5%

	Personalized customer experience
	2
	1.7%

	Predictive analytics on customers
	2
	1.7%

	Clustering customer base
	1
	0.8%

	Identification of competitors' behavior
	1
	0.8%

	Predicting customer behavior
	1
	0.8%

	Analysis of customer satisfaction
	1
	0.8%

	Competitive analysis
	1
	0.8%

	Pain point analysis
	1
	0.8%

	Encourage customer desired behavior
	1
	0.8%

	2. Real-time market responsiveness
	14
	11.6%

	Real-time campaign management
	4
	3.3%

	Real-time customization of online content
	2
	1.7%

	Real time network analysis
	1
	0.8%

	Real-time analysis of discount redemption
	1
	0.8%

	Real-time customer behavior
	1
	0.8%

	Real-time online usage analysis
	1
	0.8%

	Real-time price comparison
	1
	0.8%

	Real-time promotions
	1
	0.8%

	Real-time sentiment analysis
	1
	0.8%

	Real-time user experience personalization
	1
	0.8%

	3. Data-driven market ambidexterity
	14
	11.6%

	Identification of business development opportunities
	5
	4.1%

	Identification of market trends
	4
	3.3%

	Cross/up selling
	2
	1.7%

	Understanding and analyzing the service channel
	1
	0.8%

	Sector diversification
	1
	0.8%

	Targeted services for customers clusters
	1
	0.8%

	4. Service innovation
	14
	11.6%

	New service development
	10
	8.3%

	Service improvement
	4
	3.3%

	5. Sales management
	9
	7.4%

	Monitor sales process
	3
	2.5%

	Sales channel analysis
	2
	1.7%

	Post sales analysis
	2
	1.7%

	Technology-led sales
	1
	0.8%

	Sales forecast
	1
	0.8%

	6. Pricing
	3
	2.5%

	Pricing analysis
	3
	2.5%

	7. General (no theme)
	11
	9.1%

	Forecasting
	2
	1.7%

	Customer acquisition
	1
	0.8%

	Data-driven decision making
	1
	0.8%

	Identification of best practices
	1
	0.8%

	Analysis for investment in venture capital on big data supplier 
	1
	0.8%

	Find maintenance patterns
	1
	0.8%

	Company reorganization by product category
	1
	0.8%

	Creation of proprietary stores
	1
	0.8%

	Product quality analysis
	1
	0.8%


Notes: We asked 53 marketing managers to list the top five marketing actions enabled by big data technologies and analytics in their company.
Web Appendix 3: Exploratory factor analyses for big data marketing affordances in all studies
	
	Study 1b
	Study 1c
	Study 2 (T1)
	Study 2 (T2)

	
	Factor 1
	Factor 2
	Factor 3
	Factor 1
	Factor 2
	Factor 3
	Factor 1
	Factor 2
	Factor 3
	Factor 1
	Factor 2
	Factor 3

	Customer Behavior Pattern Spotting

	PS1
	.71
	.35
	.22
	.84
	.28
	.28
	.74
	.17
	.27
	.74
	.14
	.24

	PS2
	.79
	.28
	.20
	.82
	.32
	.30
	.80
	.31
	.14
	.84
	.23
	.14

	PS3
	.89
	.12
	.29
	.83
	.29
	.32
	.87
	.17
	.15
	.88
	.08
	.22

	PS4
	.71
	.28
	.26
	.83
	.26
	.39
	.73
	.23
	.25
	.69
	.35
	.21

	Real-Time Market Responsiveness

	RT1
	.26
	.87
	.12
	.32
	.82
	.22
	.25
	.87
	.27
	.22
	.88
	.27

	RT2
	.20
	.92
	.22
	.22
	.91
	.22
	.22
	.91
	.24
	.18
	.91
	.29

	RT3
	.24
	.86
	.28
	.20
	.89
	.25
	.22
	.90
	.24
	.18
	.88
	.31

	RT4
	.49
	.63
	.21
	.35
	.76
	.25
	.30
	.80
	.29
	.25
	.81
	.30

	Data-Driven Market Ambidexterity

	MA1
	.23
	.16
	.81
	.42
	.18
	.79
	.16
	.26
	.83
	.13
	.35
	.79

	MA2
	.16
	.23
	.87
	.32
	.24
	.81
	.25
	.22
	.85
	.29
	.22
	.82

	MA3
	.29
	.20
	.86
	.32
	.23
	.81
	.20
	.24
	.84
	.26
	.27
	.80

	MA4
	.27
	.17
	.87
	.17
	.28
	.75
	.23
	.24
	.83
	.24
	.30
	.81



Web Appendix 4. Confirmatory factor analyses and scale reliability for big data marketing affordances in all studies
	
	Study 1b
	Study 1c
	Study 2 (T1)
	Study 2 (T2)

	
	α
	AVE
	Item Reliabilities
	α
	AVE
	Item Reliabilities
	α
	AVE
	Item Reliabilities
	α
	AVE
	Item Reliabilities

	Customer Behavior Pattern Spotting

	
	.88
	.66
	
	.95
	.84
	
	.86
	.62
	
	.85
	.62
	

	PS1
	
	
	.66
	
	
	.80
	
	
	.60
	
	
	.64

	PS2
	
	
	.67
	
	
	.83
	
	
	.72
	
	
	.74

	PS3
	
	
	.83
	
	
	.82
	
	
	.73
	
	
	.77

	PS4
	
	
	.68
	
	
	.90
	
	
	.52
	
	
	.55

	Real-time market responsiveness

	
	.92
	.76
	
	.94
	.79
	
	.96
	.85
	
	.96
	.85
	

	RT1
	
	
	.75
	
	
	.77
	
	
	.86
	
	
	.88

	RT2
	
	
	.93
	
	
	.90
	
	
	.94
	
	
	.95

	RT3
	
	
	.83
	
	
	.84
	
	
	.90
	
	
	.88

	RT4
	
	
	.71
	
	
	.68
	
	
	.72
	
	
	.70

	Data-Driven Market Ambidexterity

	
	.93
	.76
	
	.90
	.70
	
	.92
	.74
	
	.91
	.71
	

	MA1
	
	
	.63
	
	
	.83
	
	
	.69
	
	
	.66

	MA2
	
	
	.76
	
	
	.76
	
	
	.79
	
	
	.73

	MA3
	
	
	.86
	
	
	.75
	
	
	.75
	
	
	.70

	MA4
	
	
	.81
	
	
	.74
	
	
	.74
	
	
	.75

	χ(51)
	
	
	109.58
	
	
	77.58
	
	
	105.53
	
	
	92.31

	CFI
	
	
	.95
	
	
	.98
	
	
	.97
	
	
	.96

	TLI
	
	
	.93
	
	
	.98
	
	
	.96
	
	
	.95

	RMSEA
	
	
	.10
	
	
	.07
	
	
	.08
	
	
	.09

	SRMR
	
	
	.07
	
	
	.04
	
	
	.04
	
	
	.06




Web Appendix 5. Inter-construct correlations and descriptive statistics in Study 1c
	
	
	1
	2
	3
	4
	5
	6

	1.
	Customer behavior pattern spotting
	.92
	
	
	
	
	

	2.
	Real-time market responsiveness
	.702
	.84
	
	
	
	

	3.
	Data-driven market ambidexterity
	.632
	.580
	.89
	
	
	

	4.
	Big data availability
	.422
	.302
	.449
	.81
	
	

	5.
	Data oriented culture
	.323
	.368
	.289
	.386
	.87
	

	6.
	Marketing-IT collaboration
	.307
	.332
	.192
	.313
	.589
	.87

	
	N
	121
	121
	121
	121
	121
	121

	
	Mean
	3.022
	2.707
	3.193
	3.694
	3.961
	3.354

	
	Std. Deviation
	1.239
	1.225
	1.237
	1.059
	1.481
	1.068

	
	Cronbach’s Alpha
	.95
	.90
	.94
	.85
	.96
	.91

	
	Average Variance Extracted
	.84
	.70
	.79
	.65
	.76
	.75


Notes: Correlations r > .18 are significant at the .05 level (two-tailed). The square root of the AVE is in italics.


Web Appendix 6. Two-step approach to account for potential endogeneity
In the first step, we corrected for each endogenous regressor by introducing a discrete, unobserved latent instrumental variable with (m > 1) categories that partitions its variance into endogenous (possibly correlated with the error term) and exogenous (uncorrelated with the error term) components. Accordingly, we specified the following equation:
	(1)
	,



where f is the subscript for the firm; Xf  denotes the endogenous regressor;  represents the (m × 1) vector of category means;  is the unobserved discrete instrument that partitions the sample into m groups (where m > 1), such that  is uncorrelated with  and ; and  refers to the error residual that may correlate with the error terms . To obtain, we performed latent class clustering, which splits Xf  into a manifest variable from a finite mixture of distributions. For an m-cluster model, we can then predict every value of X as:
	(2)
	



where ϴ1, ϴ2, … , ϴm is the latent cluster mean vector that makes up Xf ;  is the predicted probability that a value X belongs to cluster k. We used the adapted Akaike Information Criterion (AIC3) to determine the number of clusters m: 
	(3)
	,


where L(ϴ|c) is the value of the maximized log-likelihood function of the model with M clusters and kc is the effective number of parameters required to estimate this model. Because latent classes are computed by assuming that  is uncorrelated with the error terms in Equations 4a to 4e,  is the unobserved discrete instrument. We thus replace Xf  with  and add the error residuals as additional control variables. In the second step, our estimations are as follows:
	(4a)
	

	(4b)
	

	(4c)
	

	(4d)
	

	(4e)

	


where BDI is big data investments; CBS is customer behavior pattern spotting; RTM is real-time market responsiveness; DDM is data-driven market ambidexterity; SEI is service innovation; DSI is digitalization of the service industry; BDP is perceptions of big data performance; CON is a vector of control variables; the f subscript indicates the firm; αi are constant intercept terms and  represents latent support points on the intercept of big data performance where the value of K is empirically determined on the basis of model fit; γ indicates regression coefficients; the corrected variables , , , , and  represent predicted values from the LIV corrections in Equation 1;  are the additional error terms from the LIV corrections;  is the inverse Mills ratio from the first stage probit model, εf  denote error terms, which we assume to be normally distributed, and  denotes the error term for support point k. 

Web Appendix 7: First stage probit model
	
	Availability of T2 Data

	
	Parameter 
estimates
	Standard 
errors

	Big data investments
	.587
	(.223)***

	Customer behavior pattern spotting
	-.088
	(.160)

	Real-time market responsiveness
	-.210
	(.129)

	Data-driven market ambidexterity
	.023
	(.142)

	Big data availability
	.470
	(.198)**

	Data oriented culture
	-.072
	(.313)

	Marketing-IT collaboration
	-.460
	(.257)*

	Number of data specialists
	-.124
	(.126)

	B2B vs.B2C focus
	1.816
	(.623)***

	Service mix
	-1.300
	(.543)**

	Firm size
	-.013
	(.105)

	Firm age
	-.178
	(.214)

	
	
	

	Pseudo R2
	.197

	Wald χ2
	40.30 (12), p < .01


Notes: ***p < .01, **p < .05, *p < .10. Significance is based on two-tailed tests, standard errors in parentheses.

