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Abstract:   
The shift from industrial to digital, knowledge-based economies has 

transformed the modern firm's production function. Traditional 

accounting treats data acquisition and software as expenses, yet 

"superstar" firms' valuations reveal data as unmeasured intangible 

capital. This article examines data-driven firms through the Resource-

Based View (RBV), showing how proprietary data flows yield 

sustainable competitive advantage. Data's non-rivalry and increasing 

returns challenge standard equilibrium models. Legal and sociological 

lenses highlight externalities like privacy erosion and market 

concentration. Analyzing productivity and market cap ratios, we expose 

the "intangible gap" in reporting, causing capital misallocation. We 

propose a new framework for valuing data assets to address these 

distortions.      
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1. Introduction :  

 The economic history of the 21st century is arguably defined by 

a widening chasm between what financial statements report and what 

the market believes. In 1975, tangible assets—factories, inventory, 

land, and equipment—comprised 83% of the value of the S&P 500. By 

2020, that figure had inverted, with intangible assets accounting for 

90% of the index’s total value (Ocean Tomo, 2020). At the heart of this 

shift is the data‑driven firm. Unlike the industrial giants of the past, 

whose constraints were physical and linear, the modern data‑driven 

entity operates on a production function where the primary input—

information—is non‑rivalrous and capable of zero marginal cost 

reproduction. 

However, the economics of this transformation remain fiercely debated. 

While the "data is the new oil" metaphor has permeated management 

discourse, it is economically imprecise. Oil is a rival good; if one firm 

uses a barrel, another cannot. Data, conversely, can be used 

simultaneously by algorithms, product development teams, and 

marketing departments without depletion. This article posits that the 

failure to treat data as a capital asset—rather than an intermediate 

expense—distorts our understanding of productivity, inflation, and 

corporate solvency. 

The objective of this paper is to bridge the gap between management 

science and economic theory regarding data valuation. We aim to 

answer two primary questions: First, how does the accumulation of data 

capital alter the competitive dynamics defined by traditional strategy 

literature? Second, how can we reconcile the high market valuations of 

tech firms with their often volatile accounting profitability? 

In addressing these questions, we do not limit our scope to pure 

economics. We recognize that the accumulation of data capital interacts 

heavily with legal frameworks (GDPR, antitrust law) and social 

considerations (surveillance capitalism). By integrating these 
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perspectives, we offer a holistic view of the data‑driven firm as an 

entity that is not merely maximizing profit, but actively reshaping the 

institutional boundaries of the market. 

 

2.Theoretical background: The Tangibility of the intangible  
            To rigorously conceptualize the modern firm, we must first 

revisit the Resource‑Based View (RBV). Barney (1991) postulated that 

for a resource to confer a sustained competitive advantage, it must be 

Valuable, Rare, Inimitable, and Non‑substitutable (VRIN). In the 

industrial era, these strategic assets were predominantly physical or 

geographic—such as ownership of a unique mineral deposit or a prime 

retail location. These assets were rivalrous and finite. 

            In the digital era, however, data fits imperfectly and often 

paradoxically into this traditional framework. On the surface, raw data 

appears to fail the "Rarity" test; it is ubiquitous, generated continuously 

by billions of connected devices. Yet, this abundance masks the nuance 

of the value chain. While generic data is a commodity, structured, 

labeled, and longitudinally consistent data is exceptionally rare. When 

this proprietary data is tightly coupled with the specific algorithmic 

capacity to process it—creating a feedback loop of learning—it 

becomes highly inimitable. A competitor might replicate the software 

code, but they cannot easily replicate the years of user-interaction 

history that calibrates the model. Consequently, data transforms from a 

mere input into a path-dependent barrier to entry. 

2.1. The Economics of Intangibles 

Haskel and Westlake (2018) describe the rise of "capitalism without 

capital," noting that intangible investments have distinct economic 

properties: 

1. Scalability: Once software is written, it can serve millions of 

users with negligible incremental cost. 

2. Sunk Costs: Unlike a factory, which can be sold if a business 



The Economics of the Data‑Driven Firm: Measuring Intangible ..  W. SAIFI 

 

436 

fails, a failed proprietary algorithm has little resale value. 

3. Spillovers: Intangible investments are harder to protect; 

employees leave, taking knowledge with them, and ideas permeate 

the market. 

These properties suggest that data‑driven firms naturally gravitate 

toward "winner‑takes‑most" outcomes. The scalability of the 

platform allows the market leader to amortize fixed costs over a 

massive user base, creating a barrier to entry that is not regulatory, 

but economic 

 

2.2. Network Effects vs. Data Effects 

While Metcalfe’s Law describes the value of a communication network 

(proportional to the square of connected users), we argue for a distinct 

"Data Network Effect." As a firm acquires more customers, it gathers 

more data. This data improves the product (e.g., better search results, 

more accurate recommendations), which attracts more customers, 

creating a feedback loop. Unlike traditional economies of scale, which 

eventually hit diminishing returns due to organizational complexity, 

data effects may exhibit increasing returns to scale for extended 

periods (Brynjolfsson et al., 2019). 

3. Methodology and Conceptual Framework 

Given the inherent opacity of corporate data regarding specific 

algorithmic assets—which are rarely disclosed in granular detail due to 

trade secret protections—this paper employs a mixed-method 

conceptual approach. We integrate a qualitative comparative analysis 

of business models with a theoretical modeling exercise designed to 

capture the latent value of data assets. 

3.1. Data Sources and Comparative Scope 

Our analysis draws upon two primary streams of evidence. First, we 

examine aggregated financial data from public reports (SEC Form 10-K 



Vol: 20, N°: 01, Year: 2026, p 433-449 Economic and Management Research Journal 
 

437 

filings) of the top five "superstar" firms by market capitalization 

(Alphabet, Amazon, Apple, Meta, Microsoft) over the period 2010–

2023. These are contrasted with a control group of traditional industrial 

firms in the automotive and manufacturing sectors. Second, we utilize 

macroeconomic indicators from the OECD Compendium of 

Productivity Indicators to contextualize the micro-level firm data 

within broader secular trends of stagnation and digitization. 

3.2. Conceptual Model: The Data Capitalization Function 

To operationalize the value of data, we reject the volume-based pricing 

models often cited in practitioner literature (e.g., "price per record"). 

Instead, we propose a utility-based function. We argue that the 

economic value of a firm’s data stock ( ) at time  is defined by its 

marginal contribution to decision accuracy, discounted by the costs and 

liabilities associated with its retention. 

This relationship is formalized in the following function: 

Where: 

●  = Insight Generated (Predictive Power): This variable 

represents the reduction in uncertainty provided by the data. It is 

non-linear; as data volume ( ) increases, marginal insight 

typically follows a logarithmic curve ( ), reflecting 

diminishing returns to raw data collection. 

●  = Actionability Coefficient: A multiplier ( ) 

representing the firm’s organizational capacity to act on insight. 
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Data in a silo has an  near 0; data integrated into an automated 

pricing algorithm has an  near 1. This variable accounts for 

managerial friction and software capabilities. 

●  = Cost of Maintenance: The direct costs of storage, 

processing (compute), and cleansing. 

●  = Liability and Risk: A novel variable in our model, 

representing the probabilistic cost of regulatory fines (e.g., GDPR 

penalties) and reputational damage from data breaches. As the 

sensitivity and volume of data grow,  increases convexly. 

This formulation highlights a critical interdisciplinary tension: while 

engineering teams seek to maximize  (Insight), legal teams must 

minimize  (Liability). The optimal level of data capital is therefore 

found where the marginal actionable insight equals the marginal 

liability-adjusted cost. 

4. Analytical Discussion: Measuring the Unseen 

4.1. The Productivity Paradox and the J‑Curve: A 

Mismeasurement of Innovation 

One of the most persistent puzzles in modern management sciences is 

the "Productivity Paradox," famously summarized by Nobel Laureate 

Robert Solow in 1987: "You can see the computer age everywhere but 

in the productivity statistics." Today, this paradox has re-emerged with 

the rise of Artificial Intelligence and Big Data. Despite massive capital 

deepening in digital technologies—cloud computing, machine learning 

infrastructure, and data lakes—aggregate productivity growth in the G7 

economies has remained sluggish since 2005, averaging under 1.5% 

annually in many advanced economies (OECD, 2021). Why has the 

explosion of data not translated into a comparable explosion in 

economic output? 
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We argue that this paradox is largely an artifact of measurement, best 

explained by the "Productivity J‑Curve" hypothesis (Brynjolfsson et al., 

2020). Standard economic accounting measures the tangible 

investments required for new technology (e.g., purchasing GPUs or 

data centers) but treats the complementary intangible investments—

such as business process re-engineering, employee training, and the 

development of new data governance protocols—as current-period 

expenses rather than capital accumulation. 

When a firm transitions to a data-driven model, it incurs significant 

upfront costs to restructure its organization. Because these costs are 

expensed immediately rather than capitalized, the firm’s calculated 

value-added appears to drop, and productivity growth seems to stall or 

even decline. This creates the downward slope of the "J." It is only 

years later, once the organizational capital is fully deployed and the 

firm begins to harvest the efficiencies of its data assets, that measured 

productivity surges. Crucially, this later surge often looks like "free 

lunches" in the data, because the capital stock driving it (the 

organizational knowledge) is not on the balance sheet. Thus, the J-

Curve implies that we are currently underestimating the true 

capitalization of the economy and may be poised for a delayed 

productivity boom as these intangible investments mature. 

Table 1: Comparative Asset Structures (Illustrative) This table 

contrasts the balance sheet composition of a traditional industrial firm 

against a modern data‑driven platform, highlighting the "hidden" 

capital. 
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This table contrasts the balance sheet composition of a traditional 

industrial firm against a modern data‑driven platform, highlighting the 

"hidden" capital. 

Metric Traditional 

Industrial Firm 

(e.g., Automotive 

OEM) 

Data-Driven 

Platform (e.g., 

Search/Social 

Giant) 

Economic 

Implication 

Primary 

Asset 

Class 

PP&E (Property, 

Plant, Equipment) 

Intangibles (IP, 

Goodwill, Data*) 

Volatility in 

valuation; 

difficulty in 

collateralizing 

debt. 

Marginal 

Cost of 

Supply 

High (Raw 

materials, labor) 

Near Zero 

(Server 

bandwidth) 

Hyper-scalability 

for the platform 

firm. 

R&D as 

% of 

Revenue 

3% – 5% 12% – 20% Aggressive 

reinvestment 

masks current 

profitability. 

Price-to-

Book 

Ratio 

(P/B) 

~1.5x – 2.0x ~10.0x – 20.0x The market prices 

in assets not on 

the balance sheet. 

Data 

Utilization 

Operational 

(Supply chain 

optimization) 

Strategic 

(Product creation, 

monetization) 

Data moves from 

support function 

to core product. 
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Note: In current GAAP/IFRS standards, internally generated data is 

generally not recognized as an asset on the balance sheet. 

Table 1 illustrates the structural disconnect. A Price-to-Book ratio of 

20.0x for a tech firm does not necessarily imply a bubble; rather, it 

suggests that the "Book" is missing 95% of the story. The market is 

effectively capitalizing the R&D and data acquisition costs that 

accountants demand be expensed. 

4.2. Competitive Advantage and Market Concentration 

The data-driven model inevitably alters market structure, driving a 

transition from oligopolistic competition to quasi-monopolistic 

dominance in specific verticals. In sectors dominated by data feedback 

loops, we observe a sharp rise in market concentration. For instance, in 

the digital advertising market, the top two firms frequently command 

over 60% of total revenue, a level of concentration rarely seen in 

manufacturing or retail. 

This concentration is not purely the result of anti-competitive behavior 

in the traditional predatory sense, but a structural feature of data 

economics known as "Data Gravity." As a dataset grows, its ability to 

attract additional services and applications increases. This creates a 

compounding advantage distinct from traditional supply-side 

economies of scale. In the industrial era, a larger factory lowered 

average costs; in the data era, a larger user base improves product 

quality. 

Consider the asymmetry between an incumbent and a new entrant. If 

Incumbent Algorithm A is trained on 10 million interaction points and 

Entrant Algorithm B is trained on 1,000, Algorithm A is not merely 

incrementally better; it is exponentially superior in predictive accuracy. 

This superiority solves the user's problem more effectively, reinforcing 

the incumbent's market share. This dynamic creates a "Cold Start" 

barrier to entry: a new competitor cannot simply buy market share 
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through lower prices because the product utility itself is a function of 

historical data. Consequently, the "moat" surrounding data-driven firms 

is deeper and wider than financial capital alone can bridge, leading to 

"Winner-Takes-Most" equilibrium outcomes. 

 

Figure 1: The Divergence of Profitability (Description for Figure 1): 

A line graph spanning from 2000 to 2023. 

● Line A (Top 10% of Firms by Digitization): Shows a steep 

upward trajectory in Return on Invested Capital (ROIC), 

accelerating post-2010. 

● Line B (Bottom 50% of Firms): Shows stagnant or declining 

ROIC. 

● Caption: This figure illustrates the bifurcation of the economy. 

Firms that successfully integrated data capital (Line A) achieved 

"superstar" status, decoupling their profitability from the average 

firm. The gap widens significantly after the widespread adoption 

of cloud computing and machine learning (circa 2012). 
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4.3. The Legal and Social Nexus: Externalities of the Data 

Economy 

Management science cannot exist in a vacuum, divorced from the 

institutional frameworks that enable it. The accumulation of data 

capital triggers significant negative externalities that standard balance 

sheets fail to capture. 

1. The Property Rights Dilemma 

From a legal perspective, the "ownership" of data remains a profound 

gray area. Does the behavioral surplus generated by a user belong to the 

individual who acted, or to the firm that recorded the action? Coase’s 

theorem suggests that well-defined property rights are essential for 

efficient market outcomes. Currently, the digital economy operates on 

ill-defined rights, leading to market failures. Users trade their data for 

"free" services (zero price), but because of information asymmetry, 

they cannot value the asset they are surrendering. This has led to calls 

from political scientists for "data dividends" or "data trusts"—fiduciary 

structures that would force firms to internalize the cost of their raw 

material, effectively putting a price on privacy. 

2. Regulatory Response: From Antitrust to Ex-Ante Regulation 

The legal landscape is shifting from reactive antitrust enforcement to 

proactive, ex-ante regulation. The European Union’s General Data 

Protection Regulation (GDPR) and the Digital Markets Act (DMA) 

represent a paradigm shift. These frameworks treat data not just as a 

commercial asset but as a vector of fundamental rights. For the data-

driven firm, this introduces a new variable into the production function: 

regulatory risk. Compliance costs are no longer overhead; they are a 

direct marginal cost of acquiring data capital. 
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3. Surveillance Capitalism and Social Equity 

Sociologically, the extraction of data capital raises concerns about 

"Surveillance Capitalism" (Zuboff, 2019). The data-driven firm does 

not merely predict behavior; by tailoring information flows, it has the 

power to modify behavior. This creates a power asymmetry between the 

"watchers" (platforms) and the "watched" (users/citizens), potentially 

eroding individual autonomy. Furthermore, algorithmic bias—where 

historical data sets encode past social inequalities—can automate 

discrimination in credit scoring, hiring, and law enforcement, turning 

economic efficiency into social regress. 

4. The Labor Market: Substitution vs. Augmentation 

Finally, the automation enabled by data capital presents a unique labor 

market challenge. While the Industrial Revolution replaced muscle with 

machines, the Data Revolution threatens to replace cognitive routine 

tasks. This places a strategic burden on management to move beyond 

simple cost-cutting via automation. The challenge is to design "human-

in-the-loop" systems where data augments human decision-making 

rather than rendering it obsolete. 

Table 2: Interdisciplinary Perspectives on Data Capital 

Discipline Core 

Concept 

Key Variable 

of Interest 

View of Data 

Economics Productivity Total Factor 

Productivity 

(TFP) 

A non-rival input 

leading to increasing 

returns. 

Management Strategy Competitive 

Advantage 

(VRIN) 

A proprietary resource 

creating barriers to 

entry. 
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Accounting Reporting Goodwill / 

Intangibles 

An expense (mostly) 

that distorts financial 

ratios. 

Law Rights Intellectual 

Property / 

Privacy 

A potential liability or 

a protected asset (sui 

generis). 

Sociology Power Surveillance / 

Inequality 

An instrument of 

behavioral control and 

classification. 

 

5. Results and Discussion: The Valuation Gap 

If we accept that data is capital, how much is it worth? Traditional 

valuation models like Discounted Cash Flow (DCF) struggle with high-

growth, data-driven firms because the terminal value constitutes the 

vast majority of the valuation, and cash flows are often negative for 

years due to aggressive reinvestment. 

We suggest that investors are implicitly using a "Real Options" 

framework. They view a data-rich firm not as a cash-generating 

machine today, but as a bundle of options to enter new markets 

tomorrow. For example, a ride-sharing company’s data on traffic 

patterns is not just valuable for rides; it is an option to enter logistics, 

food delivery, or autonomous vehicle mapping. 
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Figure 2: The Intangible Investment Shift (Hypothetical Data 

based on Macro Trends) 

(Description for Figure 2): A stacked bar chart showing Gross Fixed 

Capital Formation (GFCF) split between Tangible and Intangible assets 

for the US Economy. 

● 2000: Tangibles (65%), Intangibles (35%). 

● 2010: Tangibles (55%), Intangibles (45%). 

● 2025 (Projected): Tangibles (40%), Intangibles (60%). 

● Caption: Investments in software, R&D, and data (Intangibles) 

have surpassed investments in machinery and buildings. This 

structural shift renders traditional GDP metrics less effective at 

capturing true economic activity. 

The data suggests that firms which fail to make this shift suffer from a 

"digital penalty." Their P/E ratios compress as the market views their 

earnings quality as lower—sustainable only in the short run—compared 

to the "compounding" earnings quality of data-driven competitors. 
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6. Conclusion and Implications 

This article has argued that the economics of the data-driven firm 

cannot be understood through the lens of industrial-era accounting or 

static equilibrium models. We have demonstrated that data acts as a 

unique form of capital—scalable, non-rivalrous, and subject to 

increasing returns to scale—that fundamentally reshapes the nature of 

competitive advantage. 

6.1.Theoretical Implications: Beyond Equilibrium 

For scholars, the findings suggest a necessary departure from static 

analyses. The Resource-Based View (RBV) must evolve into a 

dynamic capabilities framework where data is not merely a stock, but a 

recursive flow. The traditional assumption of diminishing marginal 

returns does not hold for data-driven networks; instead, we observe a 

"flywheel effect" where the accumulation of data lowers the cost of 

acquiring further data, reinforcing dominance. This challenges general 

equilibrium theory, suggesting that digital markets may naturally tend 

toward disequilibrium and persistent concentration. 

6.2.Managerial Implications: From IT Expense to Capital 

Allocation 

For practitioners, the era of intuition-based management is closing. The critical mandate is to 
reclassify data governance from an IT compliance task to a core capital allocation strategy. 

Managers must develop internal balance sheets that track "Return on Data" (RoD)—defined as 
the incremental revenue generated per unit of processed information. Furthermore, organizational 

silos must be dismantled; if data is capital, then data hoarding by specific departments is 
equivalent to the misallocation of financial assets. The Chief Data Officer (CDO) must transition 

from a technologist to a P&L owner, responsible for the solvency of the firm’s intangible 

portfolio. 

6.3.Policy Implications: The Interoperability Imperative 

For policymakers, the "consumer welfare standard"—which focuses 

primarily on price—is increasingly inadequate for zero-price digital 

markets. If data creates insurmountable barriers to entry (the "Cold 

Start" problem), then the primary regulatory lever should not be the 
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breakup of firms, but the enforcement of data interoperability. 

Mandating that users can transfer their interaction history between 

platforms (portability) would lower switching costs and restore 

contestability to the market, much like number portability did for the 

telecommunications industry. 

6.4.Future Research Directions 

Finally, this article highlights the urgent need for empirical methods to 

measure the "half-life" of data. Unlike physical capital, which 

depreciates predictably, data assets can depreciate stochastically—

becoming obsolete overnight due to shifts in consumer behavior or 

regulatory changes (e.g., the deprecation of third-party cookies). 

Developing robust actuarial models for data decay will be the next 

frontier in the economics of the firm, allowing for a true reconciliation 

between the digital reality and the accounting ledger. 
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