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Executive Summary

The valuation problem

Corporate value creation has shifted decisively toward intangible assets, but financial reporting still captures only a fraction of the
resources that drive enterprise value. Ocean Tomo [47] reports that intangible assets represented approximately 92% of S&P 500
market value at the end of 2025, compared with 17% in 1975. Data is one of the most strategically important components of this
intangible economy, yet also one of the most difficult to evaluate. It is non-rival, reusable, context-dependent, and often produced
as a by-product of operational transactions rather than acquired in a clean market exchange [34] [61]. These characteristics make
data economically powerful, but they also make it hard to recognize on balance sheets, price in transactions, or govern as a finan-
cial asset [8] [12].

This tension raises a central question: how should organizations account for and value data as an asset? Two extreme responses
are equally unsatisfactory: ignoring data simply because it fails traditional recognition tests, or capitalizing all internally generated
data at fair value despite the measurement difficulties described above. A more defensible approach is a layered valuation architec-
ture that matches the method to the purpose: conservative accounting recognition where existing criteria are met, richer disclosure
for material data resources, transaction-based evidence drawn from licensing and M&A, and internal management valuation to
guide investment, monetization, and governance decisions [8] [30] [32].

What this whitepaper contributes

This whitepaper provides a practitioner-oriented framework for understanding, measuring, and realizing the economic value of
enterprise data assets. It integrates evidence from accounting standards, investor surveys, academic economics, information sys-
tems research, purchase price allocations, Al licensing deals, and emerging data-sharing regulation [8] [9] [34] [38].

The central argument is deliberately bounded: data can be a material enterprise asset, but its value is not intrinsic. Data becomes

valuable when it is legally usable, technically accessible, of high-quality, analytically exploitable, embedded in workflows, and com-
bined with complementary organizational capabilities [2] [6] [35] [46].

Key Findings

Dimension Findings
Valuation gap The macro evidence on intangibles is strong, but it must not be equated mechanically with data value. The most
robust claim is that financial reporting underrepresents intangible value drivers, including but not limited to data
(8] [47].
Accounting IAS 38 and U.S. GAAP recognize only narrow categories of internally generated intangibles. The current reform tra-
treatment jectory is disclosure-first rather than broad immediate recognition of internally generated data assets [12] [30] [60].
Economic value Data is non-rival and reusable, but marginal returns often decline once learning thresholds are reached. Data network

effects exist, but they are conditional on freshness, exclusivity, model learning, and complementary assets [25] [34]
[61].




Dimension Findings

Valuation methods Cost, income, market, real options, and Shapley-based approaches are all useful, but each answers a different
valuation question. No single method establishes a universal fair value for data [23] [32] [38].

Transactions M&A and licensing markets reveal data value indirectly. Data is often absorbed into customer relationships, databas-
es, developed technology, or goodwill rather than reported as a standalone data asset [14] [40] [44].

GenAl Generative Al has created visible price signals for rights-cleared content and expert-labeled training data, but these
prices are contract-specific and should not be generalized into universal per-record valuations [52] [53] [64].

Future trajectory By 2035, data valuation is likely to operate across three layers: accounting and disclosure, internal management
valuation, and transaction-based market pricing [8] [30].

Definitions used throughout this whitepaper

Data refers to observations, signals, records, or structured information generated or collected in business processes [34] [61]. Data
alone is not necessarily an asset in an accounting or valuation sense [8].

Data asset is an identifiable dataset, database, or data stream that an enterprise controls or has the legal right to use and that can
generate economic benefits for the enterprise or another party [29] [32].

Data resource refers to a governed, documented, and purpose-bound data source that may be eligible for internal management
valuation, disclosure, or, in limited circumstances, accounting recognition [30] [45].

Data product refers to a governed bundle of data, metadata, access interfaces, documentation, quality controls, and service
commitments designed for internal or external users [11] [28].

Data rights refer to legal, contractual, or technical permissions to access, process, share, sell, or use data for specific purposes [19]
[20].

Data value refers to the economic contribution of data under a specified purpose, user, method, and rights regime. It is therefore
always context-dependent rather than universal [32] [38].



Contents

EXECUTIVE SUMMAIY ....eeiiiieiiieeieeeeser e e e ssss e s s sms s sss e s s ne s e s smn e s s mne s s sme s e s an e s e s ane s ensmnesannnesesnnnesnsnnens 2

1. The Valuation Gap — Why Data Is Hard t0 See........ccccoiriririrrnsinn e
1.1. From intangible dominance to data-specific valuation
1.2. Accounting standards as structural Darriers ............coocoiiiiiii e
1.3. Investor demand for better diSCIOSUre..........c.oiiiiiiiii e
1.4, Standard-SettiNg traJECtONY......couiiiiiiie it 8
1.5, Strategic IMPlICATIONS .....oiiii i 8

2. How Data Creates Value — Lifecycle Dynamics, Returns, and Decay

2.1. Why “data is the new oil” is analytically misleading ............

2.2. Startup phase: threshold effects and option value...............cooviviiiiiiiiiiccece e
2.3. Scale-up phase: learning effects and diminishing returns...............cc.coeeeiiiiiiccec e 1
2.4. Maturity phase: complementarity, reusability, and architecture...........ccccoccoviiiiiiiiiii 1
2.5. Data decay and USefUl ife ... ..o 1
2.6. Data gravity and architeCtUre ........oiiiiiie e 12

3. Valuation Methodologies. What Each Method Can and Cannot Answer
3.1, The central valuation problem ... ... .o e
3.2. Cost approach: replacement or reproduction COSt ..........oovviiiiiiieiieeee e
3.3. Income approach and MEEM ......c.iiiiiiiiiiii e
3.4, ReliEf-FrOmM-TOYAIY ...ooviiiiii e
3.5. Market approach........
3.6. Real options valuation
3.7. Data Shapley and contribution-based valuation
3.8. Method selection framework

4. Data in Transactions.

How Value BEcoOmMES ViSible.......coccciiireeiciere e ssse s ssr s ssse s e s ssn e s sne s mn e s s e e s mn s smne s
4.1. The PPA visibility paradox
4.2. Data-driven M&A premiums are conditional
4.3, CautioNary tranSACTIONS ........ii ittt ettt e e
4.4, SUbsCription data ULIHITIES .....ccveiiiiii e
4.5. GenAl licensing as @ NeW PriCe SIGNal ........ooiiiiiiiiiiiii e
4.6. Expert data and post-training Markets..........ccooiiiiiiiiiiiii e
4.7. Data as collateral and structured finance

5. Data Sharing, Regulation, and

Federated Value Creation ... s s s s 22
5.1. Data spaces and value without central data ownership ........ccccocooiiiiiiiiiii e 22
5.2, EU Data AT i e e 22
5.3. European Health Data SPacCe .......c..oiiiiiiiiiioi et 23

5.4. Contribution-based compensation in data @COSYSTEMS ........cceiiiiiiiiiiiiiieeee e 23



6. A Decision Framework for Enterprise Data Valuation.........ccccevericinniessenssessssesssesssseeeeens 25

6.1. Step 1: Define the valuation OBJECT.......cc.coiiiii i 25
6.2. Step 2: Define the valuation PUIPOSE. .......cuiiiiiiii e 25
6.3. Step 3: Assess rights and CONSTrAINTS ......oviiiiiiiiiii e 25
6.4. Step 4: Assess quality, freshness, and ProvENANCE ...........ocvviiiiiiiiiieee e 25
6.5. Step 5: Identify the value Mechanism ...........cooiiiiiiii e 25
6.6. Step 6: Select and triangulate Methods .........cc.oiiiiiii e 26
6.7. Step 7: Convert valuation int0 QOVEIMENCE .......ooiuiiiiiiiiie e 26
6.8. Enterprise Data Valuation CanVas .........ceoiuiiiiiiiiiiie et 26
28 1 4 =00 02 o e 2o o N 29
7.0, Three-layer arChiteCUIE ........ii e 29
7.2. What data is likely to command @ premilMm ........ccoooiiiiiiiiiie e 29
7.3, Managerial IMPEIALIVES ........iiiiiiii ettt 29
CONCLUSION: From Data Hype to Data DisCipline........cccurverrrnimmnnsininses s ssee s 31

L] =] =) 4 L= 33






1. The Valuation Gap — Why Data Is
Hard to See

1.1. From intangible dominance to data-specific valuation

The rise of intangible assets is one of the defining features of modern capital markets. Ocean Tomo’s 2025 intangible asset market value
study reports that approximately 92% of S&P 500 market value was intangible at the end of 2025, continuing a decades-long shift from
tangible to intangible value drivers [47]. This shift creates a legitimate concern for investors and boards because many strategic resources are
not fully captured by traditional balance-sheet accounting [8] [39].

The analytical bridge from “intangibles” to “data” must, however, be made carefully. Intangibles include brands, patents, software, custom-
er relationships, human capital, organizational routines, network effects, and goodwill, and only some of this value is attributable to data
[32] [39]. Data valuation therefore requires a narrower question: which data resources can be identified, controlled or legally used, economi-
cally linked to benefits, and valued with a method appropriate to the decision at hand [12] [32]?

Macroeconomic estimates also require caution. Recent work suggests that the value of data is economically material, but the estimated
magnitude depends heavily on whether the analyst measures data investment, data rents, unpaid data flows, or productivity effects [9] [48].
Data rents are estimated at approximately 2.2% of U.S. GDP and, when combined with investment in data assets of approximately 0.7% of
GDP, yield a total contribution approaching 3% of U.S. GDP [7] [9].

1.2. Accounting standards as structural barriers

Under IAS 38, an intangible asset must be identifiable, controlled by the entity, and expected to generate probable future eco-
nomic benefits [29]. However, internally developed brands, mastheads, publishing titles, customer lists, and comparable items do
not qualify for recognition because the related expenditure cannot be reliably separated from the broader costs of developing the
business as a whole [12] [29].

This creates a structural barrier for data. Internally generated data is often intertwined with software, customer relationships,
operational processes, and analytic models, making it difficult to isolate as a separable asset [12] [32]. Privacy and data-protection
regimes also complicate the meaning of “control” because enterprises may have rights to process or use data for specific opera-
tions without owning it in a property-law sense [18] [19].

IFRS and U.S. GAAP differ in their treatment of development expenditure, but both remain conservative relative to the economic
role of data. Under IFRS, development expenditure can be capitalized only when six cumulative criteria are met. These include
demonstrating technical feasibility, an intention and ability to complete and use or sell the asset, probable future economic
benefits, sufficient resources to complete the project, and the ability to measure the related costs reliably [12] [29]. Under U.S.
GAAP, internally generated intangible development costs are generally expensed unless specific software guidance applies [12].
This results in many companies reporting non-GAAP earnings that are often times higher compared to GAAP earnings and the
question if a company is making profit or a loss is becoming increasingly difficult to answer [24].

The result is not that accounting standards are “wrong” in a simple sense. The result is that financial statements are designed for
reliability, comparability, and auditability, while data value is often contextual, probabilistic, and dependent on future uses that
cannot be reliably measured at the time of collection [8] [28] [32].



1.3. Investor demand for better disclosure

Investor demand for better information on intangibles is well documented [24] [56]. A CFA Institute survey of investment profes-

sionals found that 86% of respondents needed better disclosures regarding intangibles, while only 39% found current intangible
disclosures useful for valuation purposes. Furthermore, the survey revealed that 91% of respondents considered better disclosure
of internally generated intangibles beneficial, and 87% supported a sequenced approach in which improved disclosure precedes

broader recognition [8].

This evidence supports a disclosure-first agenda. Investors do not necessarily need all data resources to be recognized at manage-
ment-estimated fair value on the balance sheet; they need decision-useful information about data-related investments, gover-
nance, scale, quality, risk, monetization, and assumptions [8] [60].

A practical disclosure package for material data resources could include: capitalized and expensed data-related costs, description
of major data resources, data provenance, governance and access rights, monetization channels, useful life assumptions, cyber-
security and privacy risks, and key operating metrics such as active data products, APl usage, refresh frequency, or data-quality
indicators [2] [8] [32].

1.4. Standard-setting trajectory

The IASB has an active project on intangible assets, but it has not yet decided to introduce broad balance-sheet recognition for
internally generated data assets [30]. The UK Endorsement Board has also conducted extensive research on intangibles and con-
tinues to monitor international developments, but the evidence suggests an improvement in reporting and disclosure rather than
immediate wholesale capitalization [60].

China represents the most visible jurisdictional experiment with enterprise data resources. The Ministry of Finance of the People’s
Republic of China [45] issued interim provisions on the accounting treatment of enterprise data resources that took effect in 2024,
allowing qualified data resources to be presented under existing categories such as intangible assets or inventories when recogni-
tion criteria are met. This approach is significant because it operationalizes data-resource accounting, but it remains conservative
because recognition still depends on existing asset criteria and reliable measurement.

The global direction is therefore best characterized as cautious experimentation. The most likely near-term path is richer disclosure,
better disaggregation, more explicit useful-life and governance assumptions, and selective recognition where existing criteria can
be met [8] [30] [32].

1.5. Strategic implications

For CFOs, the valuation gap means that data-intensive investments may create economic value without producing a corresponding
balance-sheet asset [8] [39]. For boards, it means that data governance is not merely a compliance issue but a capital-allocation
and fiduciary issue [8]. For investors, it means that reported book value is often a weak proxy for the value of data-rich enterprises
[39] [47]. For acquirers, it means that data due diligence must examine rights, provenance, quality, integration feasibility, and mon-
etization rather than relying only on accounting labels [36] [50].

The key implication is not that every company should put data on the balance sheet. The key implication is that every data-inten-
sive company should know which data resources matter, how they create value, which rights attach to them, how quickly they
decay, and which valuation method is appropriate for the decision being made [32] [38].






2. How Data Creates Value — Lifecycle
Dynamics, Returns, and Decay

2.1. Why “data is the new oil” is analytically misleading

The oil metaphor is misleading because oil is rival and consumed in use, while data is non-rival and can be reused across applica-
tions without being depleted. Data can also be recombined with other datasets, models, and organizational routines, which gives
it potential for increasing returns under the right conditions [34] [61].

Non-rivalry does not mean that more data always creates more value. Varian [61] argues that data often exhibits declining mar-
ginal returns, because the first observations may substantially improve learning while later observations of the same type add little
incremental predictive power. This is why data valuation must distinguish between volume, variety, freshness, exclusivity, quality,
legal usability, and complementarity [25] [28] [61].

2.2. Startup phase: threshold effects and option value

In early-stage firms, data value often arises from threshold effects. A company may need enough observations, users, transactions,
or labeled examples before a recommendation system, risk model, routing tool, or automation system becomes useful [25] [61].

At this stage, a dataset may generate limited current revenue while still having substantial option value due to its potential use in
future model development, product-market fit, or partnership-based monetization [10].

Waze illustrates the strategic logic of a data network effect, although the acquisition value should not be interpreted as a pure
data price. Users generated real-time traffic and route information, which improved the service, attracted more users, and
increased the supply of fresh mobility data. Google’s acquisition of Waze was therefore consistent with a data-network-effect
thesis, but the transaction also included brand, technology, team, user community, and strategic integration value [66].

The valuation implication is that real options logic is often more suitable than a conventional DCF for early-stage data resources.
A DCF may undervalue a dataset that has uncertain but potentially high future use, while a real options approach recognizes the
flexibility to deploy, combine, license, or abandon the data later [10] [59].



2.3. Scale-up phase: learning effects and diminishing
returns

In the scale-up phase, data can become a growth engine when product usage generates data, data improves model performance,
improved performance attracts additional usage, and the loop reinforces itself. This mechanism is the foundation of data network
effects and is visible in digital platforms, routing applications, recommendation engines, and advertising systems [25] [61].

The empirical and theoretical literature cautions against treating this mechanism as automatic. Data network effects are stron-
gest when additional data improves a shared model or service for many users, not merely when it personalizes a service for one
user [25] [61]. The effect is also stronger when data is fresh, difficult to replicate, legally usable, and paired with superior analytics
capability [6] [35].

The valuation implication is that income-based methods become more plausible once data contributes to identifiable cash flows.
However, forecasts should model saturation and declining marginal returns rather than assuming that data volume creates linear or
exponential value indefinitely [32] [61].

2.4. Maturity phase: complementarity, reusability, and
architecture

In mature enterprises, the marginal value of additional homogeneous records often declines. What matters more is whether data is
fresh, high-quality, reusable, rights-cleared, semantically interoperable, and embedded in operational or customer workflows [46]
[61].

Mature data assets also create value through complementarity. Brynjolfsson and Hitt show that IT value depends heavily on com-
plementary organizational investments such as process redesign, skills, and organizational change [6]. Kohli, Grover [35] emphasize
that IT value materializes through actual usage, not through technical availability alone. Mithas, Ramasubbu, Sambamurthy [46]
show that IT capability improves firm performance through customer management, process management, and performance man-
agement capabilities.

The valuation implication is that a mature data estate should not be valued simply by storage volume or number of records. It
should be valued by its contribution to revenue, cost reduction, risk reduction, decision quality, compliance, customer retention, or
market access [32] [38].

2.5. Data decay and useful life

The value of data decays at different rates depending on the use case. Mobility, advertising, fraud-detection, and short-term
behavioral data typically lose value quickly because current information is more useful than older observations [61]. Credit, clinical,
industrial, and longitudinal datasets may retain value for years, but their predictive utility still depends on refresh cycles, regime
changes, and model retraining [49] [67].

The practical point is that accounting useful life, technical data retention, and economic value may decay according to different
timelines. A credit database may have a 10-15-year useful life for purchase price allocation purposes because it is continuously
updated and embedded in workflows, while individual records may lose their predictive value much faster [14] [58]. Valuation
models must therefore distinguish between the value of a continuously maintained database and the value of a static historical
data extract [32].



Data Type

Typical Valuation Logic

Valuation Implications

Real-time mobility
and routing data

Freshness dominates because current conditions change
quickly [61].

Useful life can be minutes or hours for operational routing;
historical archives may still support planning models.

Advertising and
purchase-intent data

Recent behavior often matters more than large historical
stocks [61].

Short amortization, flow-based pricing, or operating-ex-
pense treatment may be more defensible than long-lived
capitalization.

Credit and financial
behavior data

Historical patterns matter, but fresh transactions
improve predictive power [49] [67].

Continuously refreshed databases can justify longer useful
lives than static extracts.

Clinical and EHR data

Longitudinal history can be valuable, but clinical rele-
vance depends on context, protocols, and population
changes [51].

Useful life should be tied to use case, regulatory basis, and
model updating.

Industrial loT and
equipment data

Value depends on asset context, sensor quality, failure
modes, and integration with maintenance workflows
[42].

Real options and process-value approaches are often more
appropriate than per-record pricing.

2.6. Data gravity and architecture

Data gravity describes the tendency for applications, analytics, and services to move toward large data concentrations because
moving large volumes of data can be costly, slow, risky, or constrained by regulation [13] [41]. The concept is especially relevant for
cloud architecture, M&A integration, and federated data-sharing ecosystems [13].

For valuation, data gravity matters because it can create both value and lock-in. A deeply embedded data estate can increase
switching costs and strengthen competitive advantage, but it can also increase migration costs, cloud egress costs, integration
complexity, and regulatory risk [13] [68].






3. Valuation Methodologies. What Each
Method Can and Cannot Answer

3.1. The central valuation problem

Data rarely produces value alone. It produces value with software, models, domain expertise, processes, brand, distribution,
customer relationships, and organizational adoption [6] [35]. This creates the central valuation problem: isolating the economic
contribution of data from the contribution of the surrounding system.

Because of this isolation problem, data valuation should always begin with the valuation purpose. A data asset may need to be
valued for accounting recognition, purchase price allocation, internal investment decisions, data-sharing compensation, litigation,
insurance, collateralization, or licensing [32] [38]. Each purpose implies different standards of evidence, different assumptions, and
different acceptable methods [32].

3.2. Cost approach: replacement or reproduction cost

The cost approach estimates what it would cost to reproduce or replace a data asset, including collection, acquisition, cleaning,
labeling, structuring, storage, documentation, and quality assurance [32] [38]. It is most useful when future cash flows are difficult
to isolate, when the data is early-stage, or when the objective is to establish a conservative floor value [32].

The limitation is that cost does not equal value. A dataset that cost little to collect may create large economic value if it is unique
and legally usable, while a costly dataset may be worthless if it is obsolete, duplicative, non-compliant, or unused [32] [38].

3.3. Income approach and MEEM

The income approach values an asset by estimating the present value of expected future economic benefits attributable to that
asset [32]. The multi-period excess earnings method (MEEM) is commonly used when an intangible asset is the primary driver of
an identifiable revenue stream. The method isolates the earnings attributable to that asset by deducting contributory asset charges
for the other assets required to generate the cash flows [32] [36].

MEEM can be appropriate for credit databases, subscription data products, or data-rich platforms where revenue can be linked
to a specific database or data service [14] [58]. Its limitation is that contributory asset charges are judgment-sensitive, and small
changes in assumptions can materially change the residual earnings attributed to the data asset [32].

3.4. Relief-from-royalty

The relief-from-royalty method estimates the value of an asset by asking what royalty the company would have paid to license
an equivalent asset from a third party [32]. The method is most appropriate when the data is identifiable and separable, can be
licensed independently, and reliable evidence from comparable licensing transactions is available [32] [50].



This method is useful for content databases, market data, reference data, and data products with external licensing analogues
(e.g., Bloomberg, n. d. [4]). Its limitation is that there is no deep, transparent, standardized royalty-rate market for most enterprise
datasets, so the valuer must often use imperfect proxies [32] [50].

3.5. Market approach

The market approach values data by reference to comparable transactions or observable market prices [32]. It is attractive because
market evidence can discipline management assumptions, but it is difficult because data transactions are often private, bundled,
and contract-specific [32] [48].

Al licensing deals have improved price visibility for some rights-cleared content and expert-labeled data, but those deals should not
be generalized into universal per-record values because they bundle access, rights, freshness, exclusivity, brand, legal certainty, and
strategic partnership effects [52] [64].

3.6. Real options valuation

Real options valuation is appropriate when current cash flows are limited but future uses are uncertain and potentially valuable [10]

[59]. Data can create options to build new models, enter markets, support automation, partner in data spaces, or license insights
later [10] [28] [27].

The limitation is that real options valuation requires assumptions about volatility, time horizon, exercise costs, and future oppor-
tunity values that are often difficult to observe for non-traded data assets [10] [32]. For this reason, real options analysis is often
more useful as a strategic decision tool than as a precise external reporting number [10].



3.7. Data Shapley and contribution-based valuation

Data Shapley applies the Shapley value from cooperative game theory to estimate the marginal contribution of individual data
points or data providers to model performance [23]. It is particularly relevant in collaborative machine-learning settings, federated
data spaces, and data consortiums where multiple parties contribute data to a shared outcome [1] [23] [27].

Exact Shapley computation is computationally expensive because it requires evaluating many possible subsets of data, so practical
approaches use approximation methods such as Monte Carlo sampling, KNN-Shapley, Beta Shapley, or distributional variants [23]

[33][37].

Data Shapley is powerful for fairness, contribution allocation, and model-quality diagnostics, but it does not establish a universal
market price for data. The value changes with the model, performance metric, data distribution, and use case [23] [37].

3.8. Method selection framework

Valuation question Preferred method Rationale

What did it cost to recreate the dataset? Cost approach Establishes a conservative floor where future benefits
are uncertain.

What cash flows are attributable to the data asset? Income approach / MEEM  Useful where data drives an identifiable revenue stream.
What would licensing equivalent data cost? Relief-from-royalty Useful where licensing analogues exist.
What do comparable transactions imply? Market approach Useful where transparent and comparable transactions
exist.
What future strategic flexibility does data create? Real-options valuation Useful for early-stage and uncertain future use cases.
How should value be allocated among contributors? ~ Data Shapley Useful in collaborative ML and data-space settings.
[10] [23] [32] [50]

In practice, robust valuation requires triangulation. The analysis should justify the selected method, consider relevant alternatives,
identify the key assumptions, and assess how changes in those assumptions affect the result [32].






4. Data In Transactions.
How Value Becomes Visible

4.1. The PPA visibility paradox

M&A is one of the few contexts in which data value can become visible, but public accounting rarely labels it simply as “data.”
In purchase price allocations, data-related value is often embedded in databases, credit files, customer relationships, developed
technology, user base, or goodwill [14] [44] [58].

Microsoft’s acquisition of LinkedIn illustrates the point. Microsoft framed the acquisition strategically as the combination of the
Microsoft Graph and the LinkedIn Graph, but the purchase price allocation reported customer-related intangible assets and
goodwill rather than a standalone “data asset” line item. The data logic was strategically central, but the accounting label did not
isolate data as a separate asset [44].

Mastercard'’s acquisition of Finicity similarly shows that data access can be a core deal rationale without producing a separate data
line item in public PPA disclosure. Mastercard described Finicity as strengthening its open-banking platform, but the accounting
disclosures grouped acquired intangible assets into developed technology and customer relationships [40].

The implication is that practitioners should not equate absence of a data line item with absence of data value. They should instead
examine how data value is embedded in customer relationships, software, technology, network effects, and goodwill [32] [36].

4.2. Data-driven M&A premiums are conditional

The evidence does not support a universal rule that more data equals a higher acquisition multiple. Data creates deal value when
it is monetizable, exclusive or difficult to replicate, legally usable, strategically complementary to the acquirer, and operationally
integrable [36].

Academic research on data-driven M&A indicates that a target’s data orientation may influence acquisition activity. However,
positive announcement returns and acquisition premiums are not automatic and depend on the circumstances of the transaction.
Buyers with established Al capabilities may realize greater value from data-rich targets where the acquired data complements their
existing resources and operating capabilities. This does not imply that the market consistently reflects the value of data through a
distinct upfront acquisition premium [54].

4.3. Cautionary transactions

Data-related deal logic can fail when strategic complementarity is weak. eBay’s acquisition of Skype illustrates how user-network
and communication assets may fail to create expected synergies when they do not fit the acquirer’s core transaction workflows
[16]. Microsoft’s aQuantive impairment illustrates the risk that audience data, ad technology, and online marketing capabilities may
underperform when market position and integration capability are insufficient [43].

Verizon's Oath impairment after AOL and Yahoo acquisitions illustrates how data-driven advertising theses can be undermined by
integration difficulty, platform dependency, privacy constraints, and competitive pressure [63].



These cases do not prove that data lacks value. They prove that data value is conditional on strategic fit, governance, rights, inte-
gration, and execution.

4.4. Subscription data utilities

Some firms make data value visible through recurring subscription or transaction pricing. Bloomberg, Experian, Verisk, Dun & Brad-
street, S&P Global, LSEG, and LiveRamp monetize proprietary data through access, analytics, workflow integration, and decision
support [4] [15] [21] [62].

These companies demonstrate that durable data value is rarely just a file sale. It is typically a bundled proposition combining data
coverage, freshness, identifiers, quality assurance, analytics, workflow integration, service support, and trust. The valuation lesson
is that the most defensible data businesses convert data into recurring decision infrastructure. High retention, recurring revenue,
embedded workflow usage, and hard-to-replicate data sourcing are stronger indicators of data value than raw data volume [15]
[62].

4.5. GenAl licensing as a new price signal

Generative Al has created visible demand for rights-cleared, high-quality, fresh, and domain-specific data. Reuters reported that
OpenAl signed a content agreement with News Corp, while The Wall Street Journal reported that the agreement was valued at
more than $250 million over five years [52] [64]. Press reporting also indicated that Reddit’s data licensing agreement with Google
was approximately $60 million per year, while the financial terms of OpenAl's later Reddit partnership were not publicly disclosed
[57]. An involuntary price signal emerged from Anthropic’s $1.5 billion copyright settlement with authors over the use of unli-
censed training data [5].

These deals should be interpreted as contract-specific bundles rather than clean per-record prices. They combine rights to access
current and archived content, legal certainty, attribution, retrieval or display rights, strategic partnership effects, and model-im-
provement value [52] [64].

Taken together, these transactions and settlements suggest that generative Al is accelerating price discovery for legally usable
data. They do not, however, establish a generalizable market price for enterprise data, as the observed amounts reflect highly
specific rights, risk allocations, and strategic contexts [5] [32] [52].

4.6. Expert data and post-training markets

The market for expert labeling and post-training data is becoming increasingly important. Reuters reported that Turing, an Al start-
up, tripled revenue to approximately $300 million as Al labs increased demand for expert human data and evaluation services [53].
This suggests that the scarcity premium in Al is shifting toward data that is specialized, verified, rights-cleared, expert-generated,
or useful for evaluation and alignment [53] [65].

Synthetic data does not eliminate the value of real data. Research on model collapse shows that recursive training on generated
data can degrade model quality by eroding rare but important features of the original distribution [65]. Synthetic data is valuable
as augmentation, privacy-preserving simulation, and low-resource support, but it increases rather than eliminates the importance
of trusted ground-truth data [55] [65].



4.7. Data as collateral and structured finance

Data can support financing when it is embedded in cash-generating assets such as loyalty programs, subscriptions, receivables,
or recurring customer relationships. Airline loyalty-program financings during the COVID-19 crisis demonstrated how customer
data, loyalty economics, and partner cash flows can support secured financing structures [3].

These examples should not be read as pure “data-backed lending”. The collateral package typically includes intellectual property,
contracts, cash flows, customer relationships, and operating systems, with data as an important enabling component [3]. Pure
data collateralization remains a frontier area because lenders need reliable rights, liquidation pathways,

valuation evidence, and enforceable security structures [32] [36].






5. Data Sharing, Regulation, and
Federated Value Creation

5.1. Data spaces and value without central data ownership

European data spaces are designed to enable data sharing without requiring central ownership of all data. They rely on federated
governance, standardized contracts, identity, access control, usage policies, and interoperability mechanisms [17] [19] [27].

In federated contexts, value is often created through access, reciprocity, compliance, ecosystem coordination, and process opti-
mization rather than direct sale of datasets [26] [27]. This makes traditional market pricing difficult but increases the relevance of
contribution-based, contractual, and operational valuation methods [1] [23].

5.2. EU Data Act

The EU Data Act sets out rules on access to and use of the data generated by connected products and their related services. Its
core framework has applied since 12 September 2025, though individual obligations take effect later: the requirement to design
products so that data is “accessible by default” applies only to products placed on the market after 12 September 2026, and

the phase-out of switching charges for cloud services takes effect from 12 January 2027. The Data Act does not create a blanket
duty to share data: it gives users the right to access the data generated by their device free of charge and to have it shared with a
third party of their choosing, while personal data and — to a certain extent — trade secrets remain protected. Where a company is
legally obliged to share data with a party other than the user of connected products or related services, either under the Data Act
or any other law, data holders can charge compensation for the shared data. However, that data must be made available on fair,
reasonable, non-discriminatory and transparent terms.



The Data Act changes valuation because it limits how this mandated data access can be priced, thereby constraining the ability to
charge “monopoly-style” prices for data that others are legally entitled to receive. Users of connected product and related services
are entitled to data access free of charge. In all other cases of mandatory data sharing, compensation must be reasonable and
non-discriminatory and, in the ordinary commercial case, may include a reasonable margin, subject to the Data Act’s FRAND and
non-discrimination requirements. Only where the recipient is an SME with no larger affiliated group, or a not-for-profit research
organisation, is compensation capped at the costs directly related to making the data available — with no margin. Importantly,
this compensation is not a price for the data as an asset, and the Data Act grants data holders no new right to exploit the data.
For management, this means that, for data covered by these obligations, pricing shifts toward transparent FRAND-models rather
than open-market pricing, while purely voluntary data deals and data that a company genuinely infers or derives through its own
proprietary algorithms remain outside these constraints and can still be commercialised freely.

5.3. European Health Data Space

The European Health Data Space (EDHS) establishes a framework for primary and secondary use of electronic health data across
the EU. For secondary use, health data access bodies are expected to mediate access for research, innovation, policy-making, and
regulatory purposes, subject to safeguards and approval procedures [20].

The EHDS illustrates a broader principle: when data has high public-interest value, regulation may prioritize controlled access, safe-
guards, and public-benefit reuse, while safeguarding rather than eliminating private intellectual-property and trade-secret rights.
This can reduce some private monetization opportunities. For instance, by prohibiting advertising, marketing, and detrimental
insurance uses, and by capping fees at cost, while increasing the societal and innovation value of data resources [20].

5.4. Contribution-based compensation in data ecosystems

Collaborative data ecosystems require fair rules for allocating costs, benefits, and rights to increase market efficiency [28] [27].
Data Shapley and related cooperative-game-theoretic tools can help estimate marginal contributions to model performance, but
they must be complemented by legal agreements, governance rules, and operational metrics [1] [23] [27].

A practical compensation framework should distinguish between contribution to model performance, contribution to operational
value, data preparation costs, compliance burden, quality assurance, and risk exposure [19] [32]. Mathematical fairness alone is
insufficient because ecosystem participants also require enforceable contracts, trust, auditability, and dispute resolution [1] [19]
[27].






6. A Decision Framework for Enterprise
Data Valuation

6.1. Step 1: Define the valuation object

The first step is to specify whether the valuation concerns raw data, a curated dataset, a continuously refreshed database, a data
product, access rights, a model trained on data, or a broader data-enabled business capability [32] [38] Without this definition,
valuation results will be ambiguous and potentially misleading [32].

6.2. Step 2: Define the valuation purpose

The second step is to define the purpose: “including but not limited to acquisitions, mergers and sales of businesses, taxation,
litigation, insolvency proceedings, and financial reporting” [32], potentially also collateralization and ecosystem compensation [26]
[27]. A value estimate that is appropriate for internal portfolio prioritization may not be appropriate for audited financial state-
ments or secured lending [32].

6.3. Step 3: Assess rights and constraints

The third step is to assess rights. Data has value only if the organization has legal and practical ability to use it for the relevant
purpose [18] [19]. The rights review should cover consent, contracts, purpose limitation, trade secrets, IP restrictions, cross-border
transfer, sector-specific rules, retention obligations, and data-subject rights [18] [50].

6.4. Step 4: Assess quality, freshness, and provenance

The fourth step is to assess data quality. Provenance, completeness, accuracy, timeliness, lineage, metadata, bias, representative-
ness, and refresh frequency materially affect data value [22] [31]. Poor quality can destroy value through wrong decisions, model
degradation, compliance failures, or user mistrust [2] [28] [65].

6.5. Step 5: Identify the value mechanism

The fifth step is to identify how the data creates value. Common mechanisms include revenue generation, cost reduction, risk
reduction, compliance enablement, customer retention, product personalization, operational automation, ecosystem access, Al
training, and strategic optionality [38] [46]. For external purposes, the most promising target market must be identified [50].



6.6. Step 6: Select and triangulate methods

The sixth step is to select valuation methods that match the object and purpose. Replacement cost may establish a floor, income
methods may estimate cash-flow contribution, relief-from-royalty may use licensing analogues, market methods may benchmark
transactions, real options analysis may capture flexibility, and Data Shapley may allocate collaborative contribution [10] [23] [32]
[50].

6.7. Step 7: Convert valuation into governance

The final step is to connect valuation to governance. High-value data resources should have accountable owners, documented
rights, lifecycle controls, quality metrics, access policies, security classification, retention rules, and periodic impairment or rel-
evance reviews [27] [31] [32]. Valuation without governance creates false precision; governance without valuation can weaken
accountability [8] [38].

6.8. Enterprise Data Valuation Canvas

Question Evidence Output

What exactly is being valued?  Dataset, database, data product, access right, model, or capability. Defined valuation object.
Who can use it and for what?  Contracts, privacy basis, licenses, access controls, purpose limitations. Rights and constraints map.
How does it create value? Revenue, cost, risk, compliance, Al, optionality, ecosystem participation. Value mechanism statement.
How durable is the value? Freshness, quality, decay, refresh cost, useful life Useful-life and decay

assumptions.

Which method fits? Cost, income, market, RfR, real options, Shapley. Valuation method and
sensitivity range.

How should it be governed? Ownership, lineage, controls, monitoring, security, audit. Data asset governance plan.




A Decision Framework for Enterprise Data Valuation

Figure 1. Enterprise Data Valuation Framework






/. The 2035 Horizon

7.1.  Three-layer architecture

The most plausible trajectory is a three-layer architecture rather than a single universal data-asset balance sheet. The first layer is
accounting and disclosure, where recognition remains conservative but note disclosures and disaggregation improve [8] [30]. The
second layer is internal management valuation, where firms use data asset registers, product P&Ls, investment cases, and gover-
nance metrics to allocate capital and accountability [27] [31] [38]. The third layer is transaction-based pricing, where Al licensing,
data marketplaces, M&A, data-sharing agreements, and collateral structures generate market evidence [19] [32] [52].

This is a scenario, not a prediction. Standard-setters may move more slowly, regulators may constrain monetization, synthetic data
may alter substitution dynamics, and litigation may reshape the economics of training data [30] [65].

7.2. What data is likely to command a premium

The most valuable data in 2035 is unlikely to be generic, stale, or weakly governed. It is more likely to be fresh, rights-cleared,
domain-specific, difficult to replicate, embedded in workflows, and accompanied by strong provenance and metadata [32] [53]
[65].

The premium categories are likely to include: real-time operational data, regulated-domain data with lawful access, expert-gener-
ated or expert-validated data, rare-event data, longitudinal ground-truth data, high-quality evaluation datasets, and data products
embedded in critical decision workflows [53] [62] [65].

The value of generic data is more likely to decrease. Synthetic data, web-scale pretraining, open data, and regulatory access rights
can reduce scarcity rents for datasets that are easy to approximate or substitute [19] [65].

7.3. Managerial imperatives

Executives should treat data valuation as a management discipline rather than a one-off finance exercise. The practical impera-
tives are to inventory material data resources, clarify rights, measure quality and freshness, link data to business outcomes, select
appropriate valuation methods, disclose material assumptions where relevant, and assign board-level accountability for high-value
data assets [8] [31] [32].

The organizations that benefit most will not be those that claim the largest data balance-sheet number. They will be those that
can prove that their data is usable, governed, legally robust, analytically productive, and strategically embedded [6] [8] [35].






CONCLUSION:
From Data Hype to Data Discipline

Data valuation is moving from metaphor to method. The statement that “data is valuable” is no longer enough. Enterprises must
specify which data, under which rights, for which use case, with which quality, over which useful life, and by which valuation
method [32] [38].

The discipline is still immature. Accounting recognition remains narrow, transaction evidence remains sparse, and many internal
valuations still confuse data volume with value [8] [30]. But the direction is clear: data assets are becoming more visible through
investor demand, Al licensing contracts, purchase price allocations, data-sharing regulation, and internal governance systems [8]

[19] [52].

The central managerial lesson is that data value is not inherent. It is produced by the interaction of data, rights, quality, models,
workflows, governance, and complementary organizational capabilities [6] [35] [46]. The companies that master this interaction
will value acquisitions more accurately, allocate capital more effectively, govern risk more rigorously, and convert data into defensi-
ble strategic advantage [8] [32].
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