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Introduction

The purpose of economic measurement is to guide decision-makers, government and private sector
alike. Yet even after some decades of technological transformation the structure and trends in
consumption and production in modern economies are all but invisible in the available statistics. About
four fifths of the advanced economies can now be characterized as ‘hard to measure’ (Griliches 1994,
Coyle 2024 forthcoming). This indicates the need for a different approach, a need made even more
acute by the rapid development and deployment of Al currently, and potentially others (innovations
such as quantum and biomedical technologies, or processes such as additive or bio-manufacturing) in
the short to medium term.

The challenges for statisticians are two-fold. One type is data collection. Existing classifications of
sectors or occupations map poorly onto current production and consumption patterns, and there is
resistance to updating classifications in ways that are not backward-compatible or suitable for low-
and middle-income economies. Many researchers have begun to use a range of innovative data
collection techniques, in arrangements with private data companies, or methods such as web-scraping
or processing open satellite data (e.g. Donaldson & Storeygard 2016, Einav & Levin 2014). Statistical
agencies are endeavouring to agree better data access with the tech companies, with limited success.
For example, there is no official index of the price of cloud computing services because the companies
do not provide data, so the available indices are constructed from web-scraped prices (Byrne et al
2024, Coyle & Nguyen 2019, Coyle & Hampton 2024). The use of cloud services, not capitalized in
company accounts, has shifted business expenditure from capital investment to intermediate
consumption, but the scale is unknown. Recent research taking an engineering-based approach to the
cost of computation — using two different methods to incorporate developments in Al — shows that
the pace of decline has been substantially greater than any official price index (Byrne et al 2023, Coyle
& Hampton 2023). In any case, official statistics in these technology domains are generally not timely
enough for decision purposes. New measurement systems are essential to fill the empirical gaps.

This White Paper is concerned, though, with the second type of challenge, which is conceptual. It
suggests a framework for measuring the economic value of new technologies such as Al, given that
general purpose technologies cause structural shifts in the economy. It also highlights some key
economic research questions.

The economic value of Al

At the heart of understanding economic progress is the process of turning resources into valued goods
and services. One analytical building block is the production function. The KLEMS approach (Jorgenson
and Griliches (1967), Jorgenson et al (1987), Schreyer & Pilat (2001)) has become a standard growth
accounting tool representing this. It is incomplete: first, because it provides a year-by-year snapshot
that does not capture the dynamic process especially as it requires the assumption of constant returns



to scale, whereas process innovations are important sources of productivity growth, involving
inherently increasing returns (Table 1); secondly, because it omits structural change in consumption.

Table 1: Examples of productivity growth from process innovation

Process Date Key technology
American system of manufactures early C19 machine tools
Factory system mid-late C19  steam, rail

Assembly line early C20 electricity

Lean manufacturing late C20 telecoms, early digital
Production networks late C20- C21 ICTs

Digital platforms (production & consumption) early C21 ICTs, Al

Novel manufacturing processes mid C21 Al, additive, bio

Author’s own, from Coyle 2025 forthcoming.

Nevertheless, KLEMS offers a useful starting point. The variables will be indexed by sector/firm and by
time period t. Rates of growth in aggregate inputs and gross output are weighted averages of their
individual components, with the weights given by relative shares of each component in the total. If we
assume technology is Hicks-neutral (that is, increasing the marginal productivity of all inputs equally),
then differentiating the production function with respect to time and using log rates of change gives
the familiar decomposition equation:

dInA/dt=dIn Y/dt—skd In K/dt —sa d In Ka/dt —s.d In L/dt —sm d In M/dt

(Note, if value added measures are used rather than gross output, the weights s are the factor shares
in value added; but this will overstate the rate of TFP growth by a factor of the inverse of the share of
value added in gross output; as this has been declining, the degree of over-statement will have
increased over time.)

Here Al capital has been distinguished from other capital. Existing produced capital measures in
principle account for the physical infrastructure of Al, such as servers, chips and data centers, although
there is a need for more focus on collection and development of these capital stock and services data;
here the separate category highlights the distinctive new intangible capitals: models and data. There
is a growing research literature and statistical effort on measurement of intangible capitals, of which
this is a natural extension (Corrado et al 2022). Measurement of the models’ intangible capital services
is a new area, requiring joint work with Al experts, but there is considerable collection under way of
useful benchmarks (re Stanford overview). There is a little more progress on the measurement of the
value of data (see Coyle & Manley 2023 for a recent survey). Again, this is ripe for further development.
In work in progress, Coyle & Gamberi (in progress) are piloting an approach taking advantage of the
Shannon entropy measure when noise is added to a dataset.



However, this gives us a first snapshot. The next step is to consider the information enabled by using
Al as an input to a knowledge production function, in an endogenous growth framework. A standard
formulation is:

AAt/At = O.HAt_At

where H is the stock of human capital and 6>0 is generally interpreted as a research productivity
parameter. Empirical applications have focused on codified knowledge, or conventionally measured
skills, but tacit know-how and socially-embedded capabilities (‘organisational capital’) would equally
drive knowledge production and growth, either through H or the parameter 6. In the context of Al and
other new technologies, Lane (2023) has underlined the need to measure exactly these aspects and
provided a framework for statistical implementation. A related question not addressed by labour
market and skills data is the organisational capital of firms: what is it that distinguishes Al users from
non-Al users. A number of researchers (e.g. Gal et al 2019, Cathles 2020, Brynjolfsson 2021, Coyle et
al 2022) have linked growing productivity dispersion at firm level to differential use of digital tools of
various kinds, so there is an open question about the barriers to adoption. This is an open part of the
research agenda, where data collection depends on better understanding the organisational or tacit
knowledge barriers to Al use (Bessen 2022).

The final step in this economic value framework poses the biggest conceptual challenge, and | believe
this is a wide-open research question. It concerns the link from production to consumption and how
to value the use of Al in the economy at the level of final demand. The issue is how the revenues
counted inside the production boundary are to be converted into estimates of the ‘real’ economy, or
in other words the deflators. There is a massive literature on the well-known challenges of constructing
price indices, particularly when there are large changes in patterns of output and consumption, or
increased variety and many new goods and services, as now (Diewert et al 2009, Coyle 2024a
forthcoming). Similarly, issues arising from the (incorrect) assumption of homothetic demand to
construct the indices generally used by statistical agencies are well known (Stapleford 2009).

The new challenge stems from changes in consumption technologies. Abdirahman et al (2022) noted
that the constructed price index for telecommunications services in the UK varied enormously
depending on whether revenue or volume weights are selected for combining specific service prices
into the sectoral index. Telecoms companies charge a higher price per byte of data for traditional
services such as fixed line calls and SMS. The explosion of data use means that a volume-weighted
sector price index plunges, while a revenue-weighted index declines more modestly. Which is correct?
Neither. We would not want to attribute real economic value to the fact that operators price
differentiate among similar services (eg. SMS versus WhatsApp), which is the case with revenue
weights. Nor would we want to attribute equal value to every byte because what consumers care about
is the content of the bytes. The conceptual challenge is that the product demanded is a bundle of
telecoms services, data center services, device services and (sometimes free) content services. While
some work (see Byrne & Corrado 2019 on consumer device services and e.g. Brynjolfsson et al 2019,
Coyle & Nguyen 2023 on free online services) has looked at the separate elements, there remains an
open question about how to conceptualize and categorize the relevant economic activities. One
promising suggestion (Hulten & Nakamura 2020) is to use Lancaster’s (1966) framework to



conceptualize a ‘consumption technology’ shift. In any case a starting point is to identify the underlying
data needs to explore the relevant ‘services’ consumers value.

Summary

This White Paper has proposed using standard economic models to establish an input to output
measurement framework for Al. It would be applicable with modification to other general purpose
technologies. Table 2 summarizes the stages and data needs.

Table 2 Summary of framework and data needs

Production KLEMS Intangible Al capital (value of
models, data); enhance
collection of physical Al capital
data (eg data centers, fibre
networks). Price indices.

Knowledge production Endogenous growth process Research & skills, employment
& wages in Al; organisational
capabilities (eg by
management survey).

Demand & Consumption Consumption technology Consumer device purchase,
data usage by category. Price

indices.

However, there remain some open deep economic questions in order to understand why and how new
general purpose technologies mean the major part of the advanced economies is ‘hard to measure’.
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