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Abstract 

The Facebook-Cambridge Analytica data scandal shows evidence that there is no such thing as a 

free lunch in the digital world. Online platform companies exchange “free” goods and services for 

consumer data, reaping potentially significant economic benefits by monetizing those data. Phrases 

such as “free goods” are misnomers. Welfare analysis on digital goods or services without 

considering the value of data can mislead policy analysis. In this research, we classify online 

platforms into eight major types based on underlying business models, and conduct case studies to 

analyze data activities related to each type. We show how online platform companies take steps to 

create the value of data, and present the data value chain to show how the value of data varies by 

step. We find that online platform companies can vary in the degree of vertical integration in the 

data value chain, and the variation can determine how they monetize their data and how much 

economic benefits they can capture. Unlike R&D that may depreciate due to obsolescence, data 

can produce new values through data fusion, a unique feature that can create unprecedented 

challenges in measurements. Our initial estimation shows that the value of data can be tremendous. 

Moreover, online platform companies can capture most benefits of the data, because they create 

the value of data and consumers lack knowledge to value their own data. Lastly, the Internet of 

Things, the trend of 5G, and the emerging online-to-offline transition are accelerating the speed of 

data accumulation. The valuation of data will have important policy implications for investment, 

trade, and growth.  
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1. Introduction  

Because of improved programming capabilities and the rapid price decline of information 

technology hardware and services, new business models have emerged, and many of them are 

embodied in different types of online platforms. For example, online resource sharing platforms, 

such as Uber and Airbnb, increase the efficiency of underutilized assets and lower the consumption 

prices of the services. Online e-commerce platforms, such as Amazon Marketplace, have greatly 

reduced transaction costs for many small and medium sized enterprises to sell products across 

states and across borders. Online platforms, mostly created and run by young companies, are 

physical-asset-light but have grown fast and deeply disrupted many industries. A prominent 

example is Airbnb, a company that has only 1.7% of the employee size of Marriott International, 

the world’s largest hotel chain, but more listed properties than the top five global hotel brands 

combined (Hartmans, 2017). Moreover, the size and scale of online platforms have been growing 

rapidly. For example, a recent Brookings’ study based on Census data shows that the U.S. 

ridesharing service has been experiencing a hyper-growth rate and is predicted to take over the 

taxi services in the near future (Hathaway and Muro, 2017). The trend exhibits a fast growth of 

the online platform economy across the globe. According to the European Commission (2015), 

between 2001 and 2011, online platforms accounted for 55% of GDP growth in the U.S. and 30% 

of GDP growth in the European Union.  

Most online platforms have been providing digital goods and services to consumers at 

seemingly zero monetary cost, and economists have been trying to measure the welfare effects 

related to “free” digital goods and services. For example, by conducting experiments on how much 

monetary compensation a respondent will accept to give up a range of free digital goods and 

services for a certain amount of time, Brynjolfsson et al. (2018) estimate that Wikipedia in the U.S. 
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alone creates US $50 billion consumer surplus per year. However, the Facebook-Cambridge 

Analytica data scandal shows evidence that there is no such thing as a free lunch in the digital 

world (Bloomberg, 2018). Consumers, in fact, exchange their personal data ownership for “free” 

digital goods and services. As large data holders, online platform companies like Google and 

Facebook can reap potentially significant economic benefits by conducting analytics on their data 

and/or licensing the use of the data to third parties. Therefore, phrases such as “free goods” are 

misnomers. Welfare analysis on digital goods and services without considering the value of data 

can mislead policy analysis.  

Online platform companies are physical-asset-light but can be extremely profitable. These 

companies have collected copious amounts of rich data through their online platforms, monetized 

the data, and created a tremendous amount of value from data.  For example, Booking Holdings, 

the world’s leading online travel platform company, reported a gross profit margin of 98% in 2017 

and an average 95% in the past three years (SEC, 2017). At its headquarters in Amsterdam, the 

Netherlands, Booking has 1,800 engineers, which accounts for 90% of its employees (Yin, 2018). 

While being a data company, Booking outsources its data centers to take advantage of cheap cloud 

computing services (SEC, 2017). Another example is Facebook: when it went public in 2011, the 

value of its total assets was reported at US $6.3 billion, but the market valuation reached as high 

as US $104 billion (SEC, 2012). The huge gap between the value of its total assets and the market 

valuation, US $ 97.7 billion, should be accounted for by the value of its intangible assets, including 

the value of data. Facebook provides free social media services to users and in exchange collects 

data from users. It conducts analytics on user data to provide third parties with data targeting 

services, currently mainly data targeted advertising. In 2017, Facebook reported an advertising 
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revenue of US $39.9 billion, and their 40% of the annual revenue growth rate was mainly driven 

by growth from advertising revenue (Forbes, 2017).  

How big is the value of data possessed by online platform companies? Two examples can help 

us visualize the size of the value of data. The first example is Apple. Recently, Bloomberg 

Businessweek reports that because app developers need to pay Apple 30% commission of their 

sales to get access to Apple’s consumer data, Apple has earned US $42.8 billion in revenue in the 

past decade by sharing the consumer data with app developers (Frier, 2018). The second example 

is ITA Software versus Farecast. ITA Software is a large airline reservation network and collects 

the detailed transaction data of U.S. airline tickets. When Farecast was an independent company, 

it purchased data from ITA Software and conducted analytics to predict the trend of airfares 

(Mayer-Schonberger and Cukier, 2014). Farecast was acquired by Microsoft in 2006 for US $110 

million. However, ITA Software, the data owner, was acquired by Google two years later for US 

$700 million. The difference in the acquisition prices of the two firms indicates that data can 

potentially be more valuable than analytics capabilities. As explained by Lee (2018), in the age of 

AI implementation, data will be the core to govern the overall power and accuracy of an algorithm 

once computing power and engineering talent have reached a certain level. Moreover, how firms 

utilize their data analytics to monetize the data relies on the underlying business models, as shown 

in Google’s purchase. When Google purchased ITA Software, it should have a business plan on 

how to monetize the data. In 2011, three years after the purchase of ITA Software, Google 

launched the Google Flights online service, which has become the most popular flight search 

online platform in the United States (Whitmore, 2018).  

The substantial market valuation of data shown in the ITA versus Farecast example 

highlights the importance of measuring data activities related to online platforms. The 
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measurement of the market valuation of data at the national, industry, and corporate levels will be 

important for economic statistics and public policy, such as trade or growth policy for data-driven 

digital goods and services, as well as corporate strategies, such as whether to outsource the work 

of data analytics.   

Online platforms can differ in their underlying business models. The underlying business 

models determine what type of data they collect, how data flow within online platform networks, 

how online platform companies monetize the data, and what consumers can get by exchanging 

their data. Therefore, we need to classify online platforms based on their underlying business 

model so that we can explore the data activities related to them and measure the value of data 

online platform companies possess. Moreover, unlike tangible capital, data, one type of intangibles, 

do not wear and tear. Furthermore, unlike regular intangibles, such as R&D assets, which may 

depreciate due to obsolescence, the aggregation and recombination of data can create new value. 

These unique features of data pose measurement challenges to capture the value of data. Lastly, it 

is well known that it is difficult to get data and/or information from online platform companies 

(Demunter, 2018).  

In this paper, we classify online platforms into eight major types based on underlying 

business models, and conduct case studies to analyze data activities associated with each type of 

online platforms. Our analysis considers the dimensions of business models, data flow, value 

creation for consumers, value creation for third parties, and how online platform companies 

monetize their data. We show how online platform companies take steps to create the value of data, 

and present a data value chain to show how the value of data varies by step. We find that online 

platform companies can vary in the degree of vertical integration in the data value chain, and the 

variation can determine how they monetize their data and how much economic benefits they can 
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capture. Unlike R&D that may depreciate due to obsolescence, data can produce new value through 

data fusion, a unique feature that can create unprecedented challenges in measurement. Our initial 

estimation shows that the value of data can be tremendous. Moreover, online platform companies 

can capture most benefits of the data, because they create the value of data and consumers lack 

knowledge to value their own data. 

In what follows, section 2 describes the typology of online platforms and data activities 

associated with online platforms. Section 3 discusses the mechanism that creates the value of data, 

data value chain, and measurement issues related to the value of data. Section 4 proposes 

approaches to estimate the value of data related to the case studies in the eight types of online 

platforms. Section 5 discusses welfare. Section 6 concludes.  

2. Typology of Online Platforms and Data Activities  

2.1 Definition of Online Platform  

In this research, we adopt the European Commission (2015) broader definition of online 

platform. The European Commission (2015) defines an online platform as “an undertaking 

operating in two- or multi-sided markets, which uses the internet to enable interactions between 

two or more distinct but interdependent groups of users so as to generate value for at least one of 

the groups. Certain platforms also qualify as intermediary service providers.” Note that because 

its 2015 definition is too general for regulatory purposes, the European Commission (2017) refines 

its original definition by specifying the underlying business models. Online platforms are defined 

as digital platforms that “enable consumers to find online information and businesses to exploit 

the advantages of e-commerce. Online platforms share key characteristics, including 1) the use of 

information and communication technologies to facilitate interactions between users, 2) the 
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collection and use of data about these interactions, and (3) network effects which make the use of 

the platforms with most users most valuable to other users.”  

2.2 Typology of Online Platforms and Data Activities  

A few studies have attempted to provide a typology of online platforms (Demunter, 2018; 

van de Ven, 2018; Chen et al., 2018). In this research, our goal is to classify online platforms in 

order to help measure the value of data related to them. Based on the underlying business models, 

we classify online platforms into eight major types and conduct case studies to examine their data 

activities. Each type of online platform can be further classified into sub-categories in terms of the 

type of demand and supply sides, i.e., business to business (B2B), business to consumer (B2C), or 

consumer to consumer (C2C). Due to the serious limitation in publicly accessible information, we 

focus on the companies for which some public data or reports are available. In addition, to seek 

growth, online platform companies may expand their existing business models from covering one 

type of online platform to multiple types. This is similar to the situation where a firm conducts 

businesses in multiple industries. That is, we may see online platform companies develop hybrid 

online platforms that cover several basic types of online platforms that we classify below.  

Despite some complications that can go in the classification of online platforms, it is useful 

to establish a set of basic types of online platforms, aiding the understanding underlying business 

models and the data activities involved. We identify eight major types of online platforms as 

follows:  

Type I: E-commerce Online Platform  

Type II: Online Resource Sharing Platform  

Type III: E-financial Service Online Platform  

Type IV: Online Social Network Service Platform  



 

8 

 

Type V: Online Auction or Matching Platform  

Type VI: Online Competitive Crowdsourcing Platform 

Type VII: Online Noncompetitive Crowdsourcing Platform  

Type VIII: Online Search Platform  

 For each type of online platforms, we conduct a case study to examine its underlying 

business model, data flow, value creation for consumers, value creation for third parties, and how 

an online platform company monetize its data.  

2.2.1 Type I: E-commerce Online Platform 

The first type of online platforms is the e-commerce online platform, and our case study is 

Amazon Marketplace (see Figure 1). Amazon Marketplace is an online platform that facilitates 

sales between consumers and third-party sellers. On the one hand, it offers consumers a place to 

purchase a wide range of products from more selections with cheaper prices. On the other hand, it 

allows third-party sellers to access one of the world’s largest e-commerce markets in a cost-

effective and time-efficient manner.   

Amazon charges third-party sellers a commission of approximately 30% of their sales 

(WSJ, 2018). The commission pays for not only the cost of accessing one of the world’s large e-

commerce markets but also the cost of “basic” access to Amazon’s consumer data. For example, 

when a consumer purchases a goods by cash in an offline supermarket, the supermarket and the 

third-party seller that offers the goods do not obtain data about the consumer. However, if the 

customer pays by a credit or debit card, the supermarket but not the third-party seller will have 

some data about the consumer. By contrast, when a consumer purchases a goods online through 

Amazon Marketplace, not only Amazon but also the third-party seller can acquire the consumer 

data. Nonetheless, there is a difference in terms of the degree and the details of the data. The third-
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party seller can get the data displayed in the transaction; on the other hand, Amazon can obtain 

consumer data beyond the transaction data, including browsing history and clickstreams. Moreover, 

Amazon has all transaction data related to third-party sellers.  

In terms of data flow, Amazon collects data on clickstreams, purchases, reviews, and 

locations from consumers.4 Then, it conducts analytics on those data to provide data-targeting 

services to third-party sellers. For example, based on the geolocation data of consumers and 

demand forecast, it can provide third-party sellers logistics consulting services such as where to 

build the warehouse. Bond (2018) reports that Amazon offers corporate clients a premium data 

services, which include demand and trend forecasts, and the price for such premium data service 

starts from $100,000 per year. In addition, Amazon gathers information of consumer price 

sensitivity by funding discounts on third-party products (Bond, 2018). Combining this price 

sensitivity data and other data, Amazon can conduct detailed profiling of each consumer and 

provide data-driven pricing strategy services to third-party sellers.  

In 2017, e-commerce accounts for 10% of U.S. retail sales, and Amazon has 43% of the 

market share of the U.S. e-commerce market (Molla, 2017). In addition, 50.5% of its e-commerce 

sales are conducted through its third-party sellers on Amazon Marketplace (Statista, 2018). Given 

the fact that the 2017 sales for Amazon Marketplace is US $139.5 billion and that Amazon charges 

third party sellers a 30% commission on their sales, Amazon’s annual revenue from the 

commission is estimated around US $41.8 billion (Amazon 10K report). While growing fast, 

Amazon’s annual data targeted advertising revenue amounted only to US $3 billion in 2017, or a 

                                                           
4 Note that online platform companies can also collect data from third-party sellers such as where they ship the 

products if they choose to fulfill the orders by themselves. When online platform companies provide data targeting 

services, they can incorporate the profile of their third-party sellers.  
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mere 2.2% of its total revenue in that year. Compared to Facebook and Google, Amazon does not 

rely on advertising revenue. 

 

Figure 1: Type I: E-commerce Online Platform  

Case Study: Amazon Marketplace 

2.2.2 Type II: Online Resource Sharing Platform  

Type II is the online resource sharing platform, and our case study is Booking.com (see 

Figure 2). Booking.com is a leading online travel sharing platform that facilitates sales between 

consumers and property owners. On the one hand, it offers consumers a place to reserve rooms 

from many properties with discounted rates. On the other hand, it allows hotels or property owners 

to access one of the world’s largest online travel markets and to reduce the inventory of their highly 
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perishable goods or monetize their underutilized private rooms. It charges a 15% commission of 

the sales revenue from third-party sellers.   

In terms of data flow, Booking.com collects data on clickstreams, purchases, reviews, and 

locations from consumers. It also conducts analytics on these data to provide third-party sellers 

data targeting services, such as pricing strategy, demand forecast, and consulting services. It was 

reported that Booking.com’s data analytics service on pricing strategy on average increased third-

party sellers sales revenue by 7% (Yin, 2018). In 2017, Booking.com had 28.9 million listed 

properties at 1,137,791 destinations in 229 countries.  The total number of its listed available 

private rooms is larger than that of Airbnb. Given the fact that Booking.com charges third-party 

sellers a 15% commission on their sales revenue, the 2017 revenue from commissions alone is 

around US $11.8 billion. Booking Holdings, as an online platform company, is a data company. 

At its Amsterdam headquarters, 90% of employees are software engineers. The company 

outsources its data centers and benefits from cheap cloud computing services, another business 

strategy that makes it physical-asset-light but extremely profitable. Based on public financial 

statements, its gross profit margin was 98% in 2017 and maintained an average of 95% in past 

three years. 

What is the difference between Booking.com and Marriott International, the world’s largest 

hotel chain and also a middleman in the hotel industry? In the early 1980s, Marriott invented a 

business model by licensing its franchise and providing management services to real estate 

developers who own hotel properties. However, the number of its listed properties is far fewer than 

those of online travel platform companies like Airbnb and Booking.com, which can reach a much 

broader range of property owners. Moreover, its 2017 gross profit margin, 16%, is far less than the 

98% of Booking Holdings. 
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Figure 2: Type II: Online Resource Sharing Platform 

Case Study: Booking.com 

 

2.2.3 Type III: E-financial Service Online Platform  

Type III is the e-financial service online platform, and our case study is Ant Financial (see 

Figure 3). Ant Financial is China’s biggest online financial platform that facilitates financial 

transactions among financial institutions, merchants, and consumers. On the one hand, it offers 

consumers and microbusinesses a way to get access the credit where was previously unavailable. 

On the other hand, it allows financial institutions to reach customers who previously have no credit 

history. To date, there are 870 million active users globally and the majority of them are in China.  
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In terms of data flow, Ant Financial collects data on clickstreams, daily consumption and 

lending behaviors, locations, and bank account information from consumers. It conducts analytics 

on those data to provide services to financial institutions such as credit ranking. Currently, its third-

party institutions include more than 200 banks, 60 insurance companies, and over 700,000 stores. 

In addition, it offers data targeting demand and credit scoring services to vendors such as hotels. 

The reported revenue from Alipay, its online payment platform, is US $1 billion. It should be noted 

that consumers pay zero cost to Alipay. 

 

Figure 3: Type III: E-financial Service Online Platform 

Case Study: Ant Financial 

2.2.4 Type IV: Online Social Network Service Platform  
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Type IV is the social network service online platform, and our case study is LinkedIn (see 

Figure 4). LinkedIn is a leading business and employment-oriented service platform that facilitates 

professional networking. On the one hand, it allows individuals to post their resumes and to 

connect with professional friends. The professional network may facilitate their job search. On the 

other hand, it allows employers to post jobs and to search potential candidates. To date, there are 

500 million users in over 200 countries.   

In terms of data flow, LinkedIn collects data on clickstreams, work experience, 

qualifications, professional networks, work preference, and views from its members. LinkedIn 

then sells access to its member data to recruiters and sales professionals. Before it was acquired 

by Microsoft in December 2016, the majority of its revenue came from selling access to its member 

data, and its revenue in 2015 was US $2.99 billion. In December 2016, Microsoft purchased 

LinkedIn for US $26.4 billion.  

2.2.5 Type V: Online Auction or Matching Platform  

Type V is the online auction or matching platform, and our case study is eBay (see Figure 

5). eBay is a leading online auction platform that facilitates consumer-to-consumer, business-to-

consumer, and business-to-business sales.5 It is free for buyers to use, but sellers are charged fees 

for listing items after a limited number of free listings and charged again after the items are sold. 

On the one hand, it provides the buyer with a convenient and cheaper way to purchase products 

                                                           
5 Some characteristics of eBay are similar to those in the type of e-commerce online platform. However, a separate 

category is necessary to characterize online platform companies such as eHarmony, which detailed data are not 

publicly available for inclusion in this study.  
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and/or special collection items. On the other hand, it allows sellers to get access to a big online 

auction demand market. To date, there are 175 million active users in over 30 countries.   

In terms of the data flow, eBay collects data on clickstreams, bidding histories, and 

payment histories from users. It then conducts analytics on those data to sell data targeting services. 

It is reported that eBay has already experienced significant business successes through its data 

analytics. It currently employs 5,000 data analysts.  

 

 

Figure 4: Type IV: Online Social Network Service Platform 

Case Study: LinkedIn 
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Figure 5: Type V: Online Auction/Matching Platform  

Case Study: eBay 

 

2.2.6 Type VI: Online Competitive Crowdsourcing Platform 

Type VI is the online competitive crowdsourcing platform, and our case study is on 

Topcoder (see Figure 6). An online crowdsourcing platform is a marketplace where an individual 

or organization can solicit solutions to a certain problem from a large group of outside experts. If 

the crowdsourcing involves monetary compensation, it is called competitive crowdsourcing. 

Otherwise, it is called non-competitive crowdsourcing (Chen, 2018).  

Topcoder is a popular competitive crowdsourcing platform that organizes the contests on 

behalf of its clients and sets up the competition rules and rewards. It solicits solutions from its 
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registered members and awards the best solution. The community is formed by designers, 

developers, data scientists, and competitive programmers. On the one hand, the registered 

members can get benefits of lower search costs to find suitable contests, learning opportunities 

through participating in contests, opportunities to conduct challenging work, potentially earning 

fame such as becoming the “most valuable player,” and possibly earning monetary rewards. On 

the other hand, it provides a cheaper, faster, and more flexible way for companies to seek solutions. 

In addition, it allows them to tap into a large group of outside experts but pay only for the best 

solution. It was reported that researchers from Harvard Medical School, Harvard Business School, 

and London Business School successfully used the Topcoder Community to solve complex 

biological problems (Wikipedia, 2018). In a Topcoder challenge to solve a biology-related big-

data problem, the best algorithm created by the competitors not only can give more accurate results 

but is also 1,000 times faster than what was previously available. According to Deloitte (2016), 

85% of the top global brands have used crowdsourcing in the past decade. 

In terms of the data flow, Topcoder collects data on talents, ideas, and locations from its 

community. Today, Topcoder has over 1 million registered members. It can use data to solicit 

businesses and earn commissions based on awards. The clients include big organizations such as 

NASA, Eli Lilly, Harvard Medical School, and IBM. In 2016, Wipro, one of the world’s largest 

outsourcing firms, purchased Topcoder for US $500 million. 

2.2.7 Type VII: Online Noncompetitive Crowdsourcing Platform  

Type VII is the noncompetitive crowdsourcing platform, and our case study is Waze (see 

Figure 7). Waze is a popular noncompetitive crowdsourcing platform that facilitates data sharing 

among drivers. Drivers report accidents, traffic jams, speed and other information about road 
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conditions. It provides drivers with real-time traffic updates, routing, nearby cheapest fuel prices, 

and other location-specific alerts. 

 

Figure 6: Type VI: Online Competitive Crowdsourcing Platform  

Case Study: Topcoder 

 

In terms of the data flow, Waze collects data on map data, travel times, traffic information, 

and locations from drivers. It then conducts analytics on those data to provide data targeting 

services. For example, Waze can use data on traffic flow to provide a pricing strategy service for 

billboard owners. In 2013, Google bought Waze for US $1.3 billion to add social data to its 

mapping business (Cohan, 2013). 
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Figure 7: Type VII: Online Noncompetitive Crowdsourcing Platform  

Case Study: Waze 

 

2.2.8 Type VIII: Online Search Platform  

Type VIII is the online search platform, and our case study is Google Search (see Figure 

8). Google Search is the most popular online platform in the world. On the one hand, it provides 

individuals a free, convenient, and relevant way to get information instantly. On the other hand, it 

allows advertisers and content providers to reach a large user base. In addition, the data targeting 

ads can increase advertisers’ returns on investments (ROI). It also allows content providers to add 

search functionality to their webpages and monetize their content. Given the high degree of 
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integration of Google Play with other Google services, especially Google Search, content is likely 

to be more easily found with direct links to Google Play, thereby driving more transactions. 

In terms of data flow, Google Search collects data on search terms, revealed preferences, 

browsing behaviors, locations, demographics, languages, etc., from users. It then conducts 

analytics on those data to provide its corporate clients data targeting services, such as targeted 

advertising and better demand forecast or marketing. Currently, most of its revenues are from the 

data targeting advertising revenue. For example, in 2017, Booking Holdings paid Google US $3 

billion for AdWords advertising, a part of Google’s advertising revenue of US $95.4 billion. 

 

Figure 8: Type VIII: Online Search Platform 

Case Study: Google Search 
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3. Data Value Chain and Measurement Issues in Valuing Data 

From Section 2, we understand the basic business model underlying in each type of online 

platforms and data activities associated with each of them, including the data flow, and how an 

online platform company monetizes its data. Data, a type of intangibles, do not wear and tear. 

Moreover, unlike regular intangibles, such as R&D assets, which may depreciate due to 

obsolescence and market competition (Li and Hall, 2018), the aggregation and recombination of 

data can create new value. That is, new value can be created through ways such as data fusion 

and/or a creation of new data-driven business models. 

 

Figure 9: Creation of the Value of Data 

Figure 9 illustrates how the value of data is created by online platform companies based on 

our understanding derived from Section 2. In general, online platform companies collect data from 

users and third parties, and use two ways to monetize the data. One way is to license access to the 

data to clients, such as data analytics firms. Because it is highly unlikely for one company to unveil 
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the full potential of data, firms such as Twitter may tend to license access to their data to outside 

companies. The other way is to provide data targeting services to clients, such as third-party sellers. 

This option requires internal technical skills in data fusion, data analytics, and subject matter 

experts to produce a data-driven business plan for a data targeting service that can produce revenue 

for the firm. From the chart in Figure 9, we can see that the value of data is created through either 

sales of access to data or sales of data targeting services. Depending on the combined capabilities 

of their technical skills on data fusion and analytics and business experts, online platform 

companies can offer a variety of data targeting services that produce revenues. Even within the 

same type of online platforms, companies can vary by the data targeting services they offer.  

Since new values of data can be re-created through data fusion, including the fusion of 

different types of independent datasets, data do not depreciate differently by the type of data. New 

values of data can also be re-created through innovations in data-driven business models. These 

unique features of data pose measurement challenges to capture the value of data. For example, 

using cost-based approach, such as using the salaries of data analysts and/or data centers as a 

measure of the value of data, is likely to significantly underestimate the value. Because of the 

cheap cloud computing services offered by companies like Microsoft and Amazon, many online 

platform companies outsource their data centers, as discussed previously in the case study on 

Booking Holdings. The costs of collecting and storing data through data centers are relatively 

small as shown in the case of Booking Holdings, which is a asset-light but highly profitable 

company and has a gross profit margin of 98% in 2017. 

Figure 9 also shows steps by which firms create the value of data, and how the value varies 

by step is illustrated in Figure 10. Visconti et al. (2017) define the data value chain by the following 

five stages: data creation and collection, data storage, data processing (data fusion and analytics), 
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consumption (data visualization and sharing), and monetization (business model). They also give 

a value on a scale of one to five to each stage, representing the relative amount of the value of data 

created in each stage. Note that these relative values are not meant to be exact measurements, but 

they are still useful in understanding how each stage contributes to the value of data. In the stages 

of data collection and storage, the value of data is a mere one. The value of data can increase to 

two in the stage of data processing and to three in the stage of data visualization and sharing. In 

the final stage of monetization, a data-driven business model under an online platform can create 

much more value of data. In other words, the data itself may not contain much value, and the 

majority of the value is generated when a firm has a data-driven business model, which is a 

business plan that contains monetization-driven organizational planning and cash flow forecasts.  

 

Source: Visconti et al. (2017) 

Figure 10: Data Value Chain 

We can use two examples to explain the concept of data value chain and vertical integration 

within the chain. The first example is ITA Software-Farecast-Google Flights described in Section 
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1. Before being purchased by Google, ITA Software focused its business on the first two stages of 

the data value chain and licensed the use of its data to companies such as Farecast. Farecast focused 

its business on the third to fifth stages by providing data-driven prediction services of airfares to 

consumers. After acquiring ITA Software, Google has obtained the highest degree of vertical 

integration in this data value chain. Another example is Twitter. Unlike Google or Amazon, 

Twitter does not have sufficient in-house data analytics capabilities and/or the capabilities to fully 

vertically integrate in the data value chain. Even though it had a tremendous amount of data, it 

chose to sell access to its user data to third-party analytics companies before 2010. Later, when 

data targeted advertising services became a popular monetization strategy, Twitter also adopted 

this business model to monetize its data in 2010. In the first quarter of 2018, 12.3% of Twitter’s 

sales comes from selling access to its user data, and the rest of its revenue comes from data targeted 

advertising revenue, another way to sell the data in the form of advertisement. In addition, Bary 

(2018) reported that the growth of Twitter’s earnings relied on selling its user data, which is one 

of the two main drivers behind its solid growth in the first quarter of 2018 and reached US $90 

million with a high margin and fast growth. In fact, Twitter has four companies as its “official data 

resellers” that have direct access to all tweets data (Beers, 2018). An understanding of the data 

value chain can help identify the right approach to measure the value of data.  

Three of the existing approaches can be useful in measuring the value of data: the cost-

based approach, the market-based approach (Slotin, 2018), and the income-based approach. As 

mentioned earlier, due to the unique feature of how the value of data is created, a cost-based 

approach can seriously underestimate the value of data. On the other hand, Akerd and Samani 

(2018) point out that the assumption that the value of data captured only by sales figures may 

understate the overall value of a transaction to the benefits of the buyer – and to the detriment of 
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the seller during a merger or acquisition. That is, a firm’s inability to evaluate the value of data 

can result in mispriced products. Moreover, it is impossible to visualize all the possible ways that 

we can employ the data in the future, especially when significant value can be created through data 

fusion. All the above considerations imply that both the market-based and income-based 

approaches are better options even though they may still underestimate the value of data. In this 

study, we consider new and more rigorous approaches of estimating the value of data, and the 

methodology is described in the next Section. 

4. Measurement of the Value of Data: Methodology and Case Studies  

  As shown in Section 2, the underlying business models of online platform companies 

determine what data they collect, how data flow, and what value of data they create. This part of 

investments heavily relied on online platform companies’ investments in business models, which 

can be measured by their investments in organizational capital. To measure intangibles, 

economists generally encounter the problems that there is no arms-length market for most 

intangibles and that the majority of them are developed for a firm’s own use. Following earlier 

research, we use the sales, general, and administrative (SG&A) expense as a proxy for a firm’s 

investment in organizational capital (Lev and Radhakrishnan, 2005; Eisfeldt and Papanikolaou, 

2013; Brynjolfsson et al., 2018). Firms report this expense in their annual income statements. It 

includes most of the expenditures that generate organizational capital, such as employee training 

costs, brand enhancement activities, consulting fees, and the installation and management costs of 

supply chains, and so on. Because SG&A expenditures may include some items that are unrelated 

to improving a firm’s organizational efficiency, people might question whether it is a valid 

measure of a firm’s investment in organizational capital. Eisfeldt and Papanikolaou (2013) use 



 

26 

 

five ways to validate their measure, and the results show that four out of five ways clearly support 

this approach.  

Moreover, the inefficiency of the investment in organizational capital by definition should 

show in the depreciation rate of organizational capital. That is, if a firm’s investment in 

organizational capital has a lot of inefficiency, the value of its organizational capital cannot be 

maintained well, which implies that it will have a higher depreciation rate of organizational capital.  

As shown in Li (2015), across U.S. high-tech industries, market leaders in general have a smaller 

depreciation rate than their followers. In this research, we adopt the R&D depreciation model 

developed by Li and Hall (2018) to estimate the depreciation rates of the organizational capital for 

four online platform companies, including Amazon, Booking Holdings, eBay, and Google, for 

which public data are available. Following Hall (1998), we use the perpetual inventory method to 

construct the stocks of organizational capital and the associated growth rates for the four firms.  

Table 1: Measurement of the Value of Data: Case Studies 

Type of Online 

Platform 

Company Annual Commission or 

Licensing Access to Data 

Value Based on Data-

driven Business Model 

Merger & Acquisition 

Price 

E-commerce Amazon Commission Revenue: US $41.8 

billion (2017) 

Premium Data Service Revenue: 

US $18 billion (2018)* 

US $125 billion; Annual 

Growth Rate: 35% 

 

Online Resource 

Sharing 

Booking US $11.8 billion (2017) US $15.7 billion; Annual 

Growth Rate: 40% 

 

E-financial Service Ant Financial No public financial statement.   

Social Network 

Service 

LinkedIn US $2.99 billion (2015)**  US $26.4 billion by 

Microsoft in 2016 

Auction/Matching eBay  US $16 billion; Annual 

Growth Rate: 30% 

 

Competitive 

Crowdsourcing 

Topcoder No public financial statement.  US $500 million by 

Wipro in 2016 

Non-competitive 

Crowdsourcing 

Waze No public financial statement.  US $1.3 billion by 

Google in 2013 

Search Google US $95.4 billion (2017)*** US $48.2 billion; Annual 

Growth Rate: 21.8% 

 

* Assume third-party sellers with annual sales over US$10 million order the premium data service. There are 19% of 

third-party sellers that have sales over US $10 million per year.  

 

**Most of the revenue number from selling access to the data of its members to recruiters and sales professionals.  

 

*** Data targeting service revenue: Data targeted advertising revenue 
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Table 1 shows the estimated results based on this approach (see column 4th), annual 

commission or licensing revenue, and merger & acquisition prices associated with our case studies. 

For example, Amazon’s estimated annual commission derived from data is US $41.8 billion, and 

the estimated value of data derived from a data-driven business model is US $125 billion. These 

are estimates based on Amazon’s financial statements.  

Table 2: Merger & Acquisition Cases by Amazon 

Year Acquired 

Firm 

Purchased 

Price 

Purchased Price 

/Amazon Market 

Cap 

Business Country Purpose of M&A 

2009 Zappos US $1.2 billion 0.0228 Online shoe and 

apparel retailer 

USA Data 

2014 Twitch US $0.97 billion 0.0062 Live streaming, 

streaming video 

USA Data 

2017 Whole Foods US $13.7 billion 0.0281 Supermarket 

chain 

USA Online to Offline; 

Data 

2018 Ring US $1.8 billion 0.0023 Home security USA Smart Home 

2018 PillPack US $1 billion 0.0011 Pharmacy USA Data 

 

Table 3: Merger & Acquisition Cases by eBay 

Year Acquired 

Firm 

Purchased 

Price 

Purchased Price 

/eBay Market 

Cap 

Business Country Purpose of 

M&A 

2002 PayPal US $1.5 billion 0.1834 E-commerce 

payment systems 

USA Data 

2009 Skype US $2.6 billion 0.1163 Software for voice & 

video calls 

Luxembourg Data 

2008 Bill Me Later US $1.2 billion 0.1228 Electronic commerce USA Data 

2011 GSI Commerce US $2.4 billion 0.1423 Marketing/fulfillment USA Data Analytics 

 

Table 4: Merger & Acquisition Cases by Google 

Year Acquired 

Firm 

Purchased Price Purchased Price 

/Google Market Cap 

Business Country Purpose of 

M&A 

2006 Youtube US $1.65 billion 0.0124 Video sharing USA Data 

2007 DoubleClick US $3.1 billion 0.0212 Online advertising USA Data Analytics 

2012 Motorola US $12.5 billion 0.0692 Mobile device 

manufacturer 

USA Data Device 

2013 Waze US $1.3 billion 0.0044 GPS navigation 

software 

Israel Data 

2014 Nest Labs US $3.2 billion 0.0077 Home automation USA IoT; Data 

2018 HTC US $1.1 billion 0.0015 Talent and 

intellectual 

property licenses 

Taiwan Data Device 
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 Tables 2 to 4 list the merger and acquisition (M&A) history of Amazon, eBay, and Google, 

respectively. These tables show that the purpose in the majority of the M&A cases is related to 

data, indicating that these online platform companies are aggressively expanding the types of data 

in their collections. In addition, the purchased prices of those M&A cases can provide an indication 

on how those online platform companies value the data owned by the acquired firms.  

Lastly, we have also used a difference-in-difference method and the state space model to 

assess the causality between the M&A and the stock prices of the acquiring firm in each of these 

cases (Varian, 2014; Scott and Varian, 2014; Brodersen et al., 2015). We do not find any 

statistically significant causality effect, and the reason may be due to the size of the deal being too 

small to affect the market cap of the acquiring firm. More research on alternative methods to 

identify the causality effect and the change of stock prices will be explored.  

5. Discussion on Welfare 

Many online platforms have been providing digital goods and/or services to consumers at 

zero monetary cost in exchange for consumers’ data. As large data holders, online platform 

companies can monetize data by conducting analytics on the data to provide data targeting services 

and/or licensing the use of the data to third parties. Welfare analysis on digital goods and services 

without considering the value of data can mislead policy analysis.  

For example, transactions through an e-commerce online platform can generate a 

tremendous amount of data. Whereas a transaction itself creates a conventional economic benefit 

known as gains from trade, the data generated through the transaction also contains economic 

value. The value of such transaction data has traditionally been accumulated within a firm as firm-

specific knowledge on consumers, business partners and employees. The specific knowledge 

derived from the value of transaction data can then be utilized for various management departments, 
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such as marketing, procurement, and human resource, within a firm. However, transaction data 

collected through online platforms are accumulated digitally and can, nowadays, easily be 

recombined and aggregated with other types of data. This new and unique nature of digital data 

allows an online platform company to utilize it to a degree that far exceeds its offline counterparts 

not only in scale but also in scope, as shown in the case study on Booking.com and Marriott 

International (see Section 2.2.2).  

The economic value and welfare implications of those transaction data can be discussed in 

two scenarios, depending on whether or not the identity of a consumer who engages in the 

transaction is disclosed. The first scenario considers the condition where the correspondence 

between a service provider and a consumer is established may cause potential welfare loss such as 

identity theft or privacy breach as reviewed in Acquisti et al. (2016), where they provide a 

summary of event-study estimations of the economic impact of data security breaches.  

A more subtle effect is dynamic price discrimination. For example, online platform 

companies can provide data targeting pricing strategy services for third-party sellers. Based on a 

consumer’s data on past transaction records and clickstreams, an online platform company can 

suggest a third-party seller to raise its product price for a specific customer whose data reveal that 

he or she would accept the higher price. An extensive review by Acquisti et al. (2016) concludes 

that “the evidence of systematic and diffuse individual online price discrimination is, currently, 

scarce.” It is reported, however, Booking.com can on average increase the revenue of its corporate 

clients by 7% through the data-driven pricing strategy service provided to its third-party sellers.  

Price discrimination does not necessarily imply welfare loss. Price discrimination does 

reduce consumer surplus by reducing the margin between the consumer’s willingness to pay and 

the purchase price. However, the reduced consumer surplus merely transfers to the firm as an 
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increased profit, and, in a general equilibrium, the firm’s increased profit is distributed to 

households as income. Therefore, the price-discriminated customer loses its consumer surplus, 

while households in the economy as a whole receive the equivalent value of additional income. 

The price discrimination can also be redistributive. Provided that a high-income consumer 

tends to have a higher willingness to pay for goods or services, the price discrimination results in 

a transfer from high-income households to the representative household. If the firm’s increased 

profits are distributed equally among households, the resulting distribution may become more 

egalitarian than before. However, if the increased profits accrue to only a handful of entrepreneurs, 

the transfer through the price discrimination does not necessarily lead to a more equal distribution. 

The resulting distribution depends on the ownership of emerging business models. 

The second scenario considers the condition where the identity of an observed consumer 

who engages in the transaction is not revealed to or used by the service provider. For example, a 

consumer can enjoy the benefits gained by revealing his or her attributes, but the provider of the 

goods or services cannot identify the customer as a person. In this case, as long as the customer 

has an option of staying in the status quo in receiving conventional goods and services, the 

customer bears no surplus costs in supplying his or her attributes and transaction records as an 

observation in data. Namely, the marginal cost of data provision is zero in the case where 

anonymity is preserved. 

A single data point that a data subject provides under anonymity has little value. However, 

a collection of observations generates a value that cannot be matched by a single data point. That 

is because a collection of data can reveal statistical regularities. In this sense, an observation of 

customer data has a positive externality: a single observation does not have a value, but a collection 

of them potentially does. This type of externality might be called “data network effect” mentioned 
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by lawyers and regulators, which was dismissed by Varian (2018) as a misnomer of learning-by-

doing. 

In terms of the statistical value of data, Varian (2018) argues that it exhibits decreasing 

returns to scale, citing that an increase in the size of training data attains only diminishing gains in 

prediction accuracy. This is true for an objective with a single dimension. However, an extension 

of data to multiple dimensions may not suffer decreasing returns. For example, merging the data 

on two attributes of households will enhance the prediction power on both attributes. Thus, as far 

as a household is a “statistical” subject, a collection of data is likely to have a positive welfare 

effect. This is the case where a household can access the knowledge generated by the data without 

disclosing its identity. A person and a firm will share the increased value added.  

In addition to the business-to-consumer redistribution effect we have discussed above, a 

business-to-business redistribution effect may arise as a result of an accumulation of valuable 

data. An accumulation of data and an emergence of new online platform business models may 

cause business-stealing effects and negatively affect incumbent firms, a creative destruction 

phenomenon analyzed by Li, Nirei and Yamana (2018) for the U.S. and Japan’s hospitality and 

transportation industries. In our analysis, an emergence of new online platform business models 

speeds up an economic obsolescence of conventional business models. As a result, the 

accumulated intangible capital of conventional businesses depreciates faster.  

The creative destruction process has a redistributive effect, but it does not necessarily imply 

welfare loss. For example, an online platform company can accumulate a tremendous amount of 

data that provides a great competitive advantage and render the business model of its conventional 

competitors obsolete. Consequently, the consumer surplus, income and rent generated by the 

conventional business decline, and the consumer surplus, income and rent generated by new 
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business increase. Li, Nirei, and Yamana (2018) estimate a lower bound of the redistributed value 

by conducting case studies on the gains and loss of firms’ market valuations. 

Lastly, data are information goods and act like knowledge. Therefore, many arguments 

on knowledge can apply to data as well. A negative externality on data production is a duplicated 

investment, or the “stepping on toes effect” (Jones and Williams, 2000). A firm’s data generation 

may overlap with those by other firms, which causes a duplicated investment and pure welfare 

loss. In fact, Jones and Tonetti (2018) argue that, because data is non-rival, there are potentially 

large gains by sharing data, the information externality effect of data. 

6. Conclusion 

Online platform companies are data companies. They provide “free” digital goods and 

services to consumers in exchange for a tremendous amount of data from consumers. They are 

normally asset-light but can be extremely profitable. Online platforms can differ in the underlying 

business model, which determines what types of data they collect, how data flow within online 

platform networks, how online platform companies monetize the data, and what consumers get 

from exchanging their data. In this research, based on the underlying business models, we classify 

online platforms into eight major types. To understand data activities in each type of online 

platforms, we conduct case studies to analyze each type of online platforms from the dimensions 

of business models, data flow, value creation for consumers, value creation for third-party sellers, 

and monetization of data. Then, based on the case studies for the eight types of online platforms, 

we derive a flow chart to show the steps by which online platform companies create the value of 

data. We also present the data value chain to demonstrate how the value of data varies by step.  
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 We find that online platform companies can differ in terms of their degrees of vertical 

integration in the data value chain, which determines how they monetize their data. For example, 

unlike Google and Amazon, Twitter has a much lower degree of vertical integration in the data 

value chain and reportedly has 12.3% of its revenue from licensing the use of its user data to data 

analytics firms (Bary, 2018). That is, online platform companies can monetize their data by 

licensing the use of data and/or providing data targeting services, but how much economic benefits 

an online platform company can capture may depend on its degree of vertical integration in the 

data value chain. As shown in Section 3, online platform companies with business plans to 

monetize their data can produce much greater values of data than do those that outsource data 

analytics work. More importantly, online platform companies are at the forefront of AI adoption, 

and data is one of the few critical ingredients for these companies to create data-driven digital 

goods and services (Brynjolfsson et al., 2018; Lee, 2018). With current cheap computing power 

and an adequate supply of AI engineers, online platform companies with a higher degree of vertical 

integration in the data value chain can benefit more from data. Furthermore, their businesses can 

be strengthened by the virtuous cycle between deep learning’s relationship with data described by 

Lee (2018). That is, more data can lead to better digital goods and services, which in turn attracts 

more users to their online platforms, generating even more data that further improve their digital 

goods and services. 

 Data, a type of intangibles, do not wear and tear. Moreover, unlike regular intangibles, such 

as R&D assets, which may depreciate due to obsolescence, data can produce new values through 

the aggregation and recombination of data. These unique features of data pose significant 

challenges to firms and statistical agencies in measuring the value of data. In this study, we propose 

a way to estimate the value of data for the representative firms in the eight types of online platforms. 
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The initial results indicate that the value of data can be significant: For example, the value of 

Amazon’s data can account for 16% of Amazon’s market valuation and has an annual growth rate 

of 35%. However, because some online platform companies are private, we do not have the data 

to perform the same estimation for all the firms in our case studies, which is an area left for future 

work. In addition, the current depreciation model assumes decreasing marginal returns to data-

driven business model investments. Future research could modify the model to incorporate the 

increasing marginal returns to the investments. Moreover, we review the guidelines of the 2008 

System of National Accounts in Appendix B and discuss how the guidelines can apply to the 

measurement of the value of data. 

Currently, there is no definitive answer to the welfare implications of online platforms and data. 

For example, on the one hand, we find that online platform companies can offer data-driven pricing 

strategies for its corporate clients, such as price discrimination strategies based on consumers’ data 

on clickstreams and past transactions, to maximize their revenues, as shown in the Booking case. 

On the other hand, the households in the economy as a whole can receive the equivalent value of 

additional income. In addition, the price discrimination can be redistributive. If the firm’s 

increased profits are distributed equally among households, the resulting distribution may become 

more egalitarian than before. However, if the increased profits accrue to only a handful of 

entrepreneurs, the transfer through price discrimination does not necessarily lead to a more equal 

distribution. The resulting distribution depends on the ownership of emerging business models. 

 Online platforms are evolving rapidly. To seek growth, online platform companies may 

expand their existing business models from covering one type of online platform to multiple types. 

This is similar to the situation where a firm conducts businesses in multiple industries. That is, we 

may see online platform companies develop hybrid online platforms that cover several basic types 
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of online platforms that we classify below. Also, the degree of hybrid platforms can vary across 

countries. As explained by Lee (2018), a few Chinese online platform companies have developed 

super online platforms where each of them, such as Tencent’s WeChat, bundles many online 

platform functionalities similar to Facebook, Uber, Expedia, PayPel, Amazon, LimeBike, and 

more combined, an outcome that can be called as “The App Constellation Model.” In contract, 

most U.S. online platforms are less hybrid and focus on original business models. More research 

is needed to understand the impacts of the rapidly evolving trend of online platforms in areas 

including data collection, market competition, and consumer welfare.  

 Lastly, data is like new oil. At present, the pipelines of new oil are controlled by online 

platform companies. In the future, blockchain technology may allow each consumer to have his or 

her own pipeline, to take control of their ownership, and to decide whether and how to sell personal 

data to AI companies, online platform companies or advertising companies. However, given the 

fact that the creation of the value of data takes place on the company side and depends on data 

analytics and business experts to build a business plan to monetize data, consumers are not in a 

position to understand the value of their personal data. Nevertheless, how fast various industries 

can adopt blockchain technology may affect the future competition of online platform companies. 

At present, data volume doubles every three years (Mayer-Schonberger and Cukier, 2014), but the 

internet of things (IoT), the trend of 5G, and the emerging online-to-offline transition are rapidly 

accelerating the accumulation speed of data types and volume.  Therefore, it is very important to 

develop feasible methodologies to measure the value of data. The valuation of data is not only 

important at the firm level but also at the national level. At the firm level, a proper valuation of 

data is important for firms to derive important investment and outsourcing decisions on data, how 

to monetize them, and gain a competitive edge through data. At the national level, it is important 
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for National Accounts to incorporate this increasingly important new asset into the calculation of 

GDP and productivity growth. Moreover, countries are different in terms of the ownership of 

personal data, for example, Europe’s new data protection rule, the General Data Protection 

Regulation, and China’s extreme openness of personal data. Additionally, the U.S. allows foreign 

firms to collect personal data in the U.S. but China prohibits it. How do the differences in data 

policy affect trade? Given the existence of the virtuous cycle between deep learning’s relationship 

with data, the degree of openness of a country’s data policy may affect relative competitiveness 

between domestic and foreign firms. Therefore, the valuation of data will provide important policy 

implications for trade and growth. 
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Appendix A: Depreciation Model of Business R&D Capital 

Li and Hall (2018) develop a depreciation model to estimate U.S. business R&D capital. 

The premise of the model is that R&D capital depreciates because its contribution to a firm’s profit 

declines over time and the main driving forces for the decline are the pace of technological progress 

and the degree of industry competition. The model can apply to other intangible capitals as long 

as the data on investments and sales are available. Below is the brief summary of the model.  

A profit-maximizing firm will invest in R&D such that the expected marginal benefit 

equals the marginal cost. That is, in each period t, a firm will choose an R&D investment amount 

to maximize the net present value of the expected returns to R&D investment:  
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where Rt is the R&D investment amount in period t, qt is the sales in period t, I(Rt) is the profit rate 

due to R&D investment, δ is the R&D depreciation rate, and r is the cost of capital. The parameter 

d is the gestation lag and is assumed to be an integer which is no less than 0. R&D investment in 

period t will contribute to the profits in later periods but at a geometrically declining rate. They 

assume that the sales q for periods later than t grows at a constant growth rate, 𝑔 . That is, 

 1t

j

t jq q g   . This assumption is consistent with the fact that the U.S. output of most R&D 

intensive industries grows fairly smoothly over time.  

To resolve the issue that the prices of most R&D assets are generally unobservable, the 

study defines  I(R) as a concave function: 
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with I’’(R) < 0., 𝐼′(𝑅) =
𝐼Ω

𝜃
exp(

−𝑅

𝜃
) > 0, 𝐼′(0) =

𝐼Ω

𝜃
, and lim

𝑅→∞
𝐼(𝑅) = 𝐼Ω. This functional form 

has few parameters but nevertheless shows the desired concavity with respect to R. In this, the 

approach is similar to that adopted by Cohen and Klepper (1996), who show that when there are 

fixed costs to an R&D program and firms have multiple projects, the resulting R&D productivity 

will be heterogeneous across firms and self-selection will ensure that the observed productivity of 

R&D will vary negatively with firm size. The model incorporates the assumption of diminishing 

marginal returns to R&D investment implied by their assumptions, which is more realistic than 

the traditional assumption of constant returns to scale (Griliches, 1996). In addition, the model 

implicitly assumes that innovation is incremental, which is appropriate for industry aggregate 

R&D, most of which is performed by large established firms.  

The function I includes a parameter   that defines the investment scale for increases in 

R&D and acts as a deflator to capture the increasing time trend of R&D investment as a component 

of investment in many industries. The value of  can vary from industry to industry, allowing 

different R&D investment scales for different industries.  

Using this function for the profitability of R&D, the R&D investment model becomes the 

following: 
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Note that they have assumed that d, r, and δ are known to the firm at time t. Because   varies over 

time, they model the time-dependent feature of    by  0 1
t

t G   , where 𝐺is the growth rate 
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of t. To estimate G, they assume that the growth pattern of industry’s R&D investment and its 

R&D investment scale are similar and they estimate G by fitting the data for R&D investment to 

the equation,  0 1
t

tR R G  . Using this assumption, Equation (3) becomes:  
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Note that because of their assumptions of constant growth in sales and R&D, there is no longer 

any role for uncertainty in this equation, and therefore no error term. Assuming profit 

maximization, the optimal choice of 𝑅𝑡  implies the following first order condition: 

𝜕𝜋𝑡
𝜕𝑅𝑡

=
(1 + 𝐺)𝑡

𝐼Ω
𝜃0𝑒𝑥𝑝 [

𝑅𝑡
𝜃0(1 + 𝐺)𝑡

] +
𝑞𝑡(1 + 𝑔)𝑑

(1 + 𝑟)𝑑−1(𝑟 + 𝛿 − 𝑔 + 𝑔𝛿)
= 0(5) 

For estimation, they add a disturbance to this equation (reflecting the fact that it will not hold 

identically for all industries in all years) and then estimate 0 and the depreciation rate . 
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Appendix B: The Guideline of the 2008 System of National Accounts on 

Database and the Measurement of the Value of Data 

As described in Section 3, a data value chain has five defined sequential steps: creation 

(data capture), storage (data warehouse), processing (data mining and fusion), consumption 

(visualization and sharing), and monetization (business plan). The stage of creation includes both 

raw data capture and experimental data collection (e.g. A/B testing). The value of data in the stages 

of creation and storage remains low due to the facts that data can be unprocessed regardless of 

whether or not the data is structured, and that storage hardly increases the value. Even in those two 

stages, online platform companies can monetize the raw data by licensing the use of those data, 

such as in the case study of Twitter.  

According to the 2008 System of National Accounts (SNA) recommendations on databases, 

the cost of preparing data in the appropriate format is included in the cost of the database but not 

the cost of acquiring or producing the data (SNA, 2008). In these two stages, online platform 

companies’ investments in collecting and storing data, such as data centers, cloud computing, and 

software, will not count in the calculation of the value of data. In the third stage associated with 

data processing, the value of data can be increased by data fusion and data analytics. Nonetheless, 

its output is still not ready for immediate use. This part of investment in the preparation of data 

should be counted by the investment in software and the costs of data scientists and analysts.  

 In the last two stages of the data value chain associated with consumption and monetization, 

the value of data jump to the second highest and highest levels (see Figure 10). From Sections 2 

and 3, we understand that online platform companies can monetize their data through two major 

channels: licensing access to data and creating data-driven business models, i.e., selling the data 
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in different forms of businesses, such as a demand forecast. In paragraph 10.112 of the 2008 SNA, 

it is stated that “Database may be developed exclusively for own use or for sale as an entity or for 

sale by means of a license to access the information contained. The standard conditions apply for 

when an own-use database, a purchased database or the license to access a database constitutes an 

asset.” In addition, in paragraph 10.114 of the 2008 SNA states that “Database for sale should be 

valued at their market price, which includes the value of the information content.” Based on those 

two guidelines, licensing access to data and data targeting services offered by online platform 

companies should be included in the value of data.  

Moreover, in paragraph 10.113 of the 2008 SNA states that “The creation of a database 

will generally have to be estimated by a sum-of-costs approach. … Other costs will include …, an 

estimate of the capital services of the asset used in developing the database, …” As shown in 

Section 2, the underlying business models of online platform companies determine what data they 

collect, how data flow, and what value of data they create. This part of investments is not included 

in the software investment and heavily relies on online platform companies’ investments in 

business models. For example, Booking Holdings’ high gross profit margins (see Section 2.2.2) 

indicate that the company is extremely physical-asset-light but intangible-capital intensive (Li, 

Nirei and Yamana, 2018).  

 


