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Abstract

This paper studies whether digitalization raises labor-augmenting productivity and how that, in
turn, shapes labor’s share of income. We develop a framework for estimating factor-biased productivity
in an unrestricted translog production technology that does not impose homothetic separability
between capital and other inputs. The framework also accommodates imperfect competition, allowing
markups to enter the measurement of productivity and labor share. Using firm-level data on 2,795
Spanish manufacturing firms across 10 industries from 2000 to 2019, we find that digitalization
increases labor-augmenting productivity in most industries, although the magnitude of the effect
varies substantially across sectors. Digitalization also raises Hicks-neutral productivity more uniformly
across industries. We then show that digitalization has, on average, a positive effect on labor share,
even though growth in labor-augmenting productivity itself tends to reduce labor’s share by lowering
the amount of labor required for production. A decomposition of labor share shows that materials
intensity and labor-augmenting productivity growth are the main forces behind its decline over time,
while digitalization partly offsets this decline through its positive effect on worker performance. The
results suggest that digitalization in manufacturing is not purely labor-displacing; in many sectors, it

improves worker efficiency and can support labor’s share of income.
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1 Introduction

Digitalization has transformed production in manufacturing. Firms increasingly rely on industrial robots,

numerically controlled machines, software systems, and other digital technologies to organize production,
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coordinate supply chains, and improve decision-making. A large literature shows that these technologies
can raise productivity, but we still know much less about how they do so. In particular, there is limited
evidence on whether digitalization primarily operates through Hicks-neutral efficiency gains or through
labor-augmenting technical change that raises the effective productivity of workers. Distinguishing
between these channels is important because they have different implications for firms’ input choices, the
demand for labor, and the distribution of income between labor and capital.

This distinction is central to understanding the evolution of labor share. Over the past several
decades, concerns about digitalization and automation have often been framed in terms of labor displace-
ment and declining labor shares. Yet digitalization need not reduce labor’s role in production. If digital
technologies complement workers by making them more productive, then digitalization may operate
through a labor-augmenting channel even when firms use fewer labor hours. In that case, digitalization
can simultaneously raise worker productivity, increase firm performance, and affect labor share in ways
that are not captured by conventional factor-neutral productivity measures. These questions are especially
relevant in manufacturing, where digital adoption has accelerated and where changes in production
technology can alter both productivity and the functional distribution of income.

In this paper, we study the effect of digitalization on labor-augmenting productivity in Spanish
manufacturing firms and examine how this channel relates to Hicks-neutral productivity, labor-augmenting
productivity, labor share, and the decomposition of labor share over time. To do so, we develop a framework
for estimating factor-biased productivity in an unrestricted translog production function that does not
impose homothetic separability between capital and other inputs. The framework allows labor-augmenting
productivity and Hicks-neutral productivity to be separately identified, and it accommodates imperfect
competition by incorporating markups through an estimated inverse demand system. Using firm-level
data from the Encuesta sobre Estrategias Empresariales (ESEE) covering 2,795 firms across 10 industries
from 2000 to 2019, we estimate how a multidimensional digitalization index affects labor-augmenting
productivity, Hicks-neutral productivity, and labor share.

The paper delivers three main findings. First, digitalization raises labor-augmenting productivity
in most industries, implying that digital technologies improve the effective productivity of workers rather
than simply replacing them. Second, digitalization also increases Hicks-neutral productivity, with this
effect appearing more uniform across industries than the labor-augmenting channel. Third, digitalization
has, on average, a positive effect on labor share, even though labor-augmenting productivity growth itself
tends to reduce labor share by lowering the quantity of labor required to produce a given level of output.
A decomposition of labor share shows that materials intensity and labor-augmenting productivity growth
are the main forces behind the decline in labor share over time, while digitalization partly offsets that
decline through its positive effect on worker performance.

The main contribution of the paper is to place labor-augmenting productivity at the center of
the analysis of digitalization. Much of the existing literature studies digitalization through total factor

productivity or other factor-neutral measures, which do not distinguish whether digital technologies



raise output by improving the efficiency of all inputs or by specifically enhancing the effectiveness of
labor. By separating these channels, this paper shows that digitalization can be pro-worker even when
it reduces labor hours. This distinction matters for interpreting the consequences of digital adoption
for employment, wages, and labor’s share of income. Methodologically, the paper also contributes by
showing how factor-biased productivity can be estimated in a flexible translog setting without imposing
homothetic separability, while allowing for imperfect competition and markups.

The focus on Spanish manufacturing is useful for two reasons. First, the ESEE provides unusually
rich information on firms’ digital practices, allowing digitalization to be measured as a multidimensional
phenomenon rather than through a single proxy such as robot adoption or internet use. Second, Spanish
manufacturing offers an informative setting for studying labor-augmenting technical change because firms
operate in industries with substantial variation in digital adoption, input intensity, and labor use. Over
the sample period, digitalization rose steadily while labor share displayed substantial heterogeneity across
industries, making it possible to study whether digitalization systematically altered the productivity of
labor and the distribution of income.

This paper contributes to three strands of literature. First, it contributes to the literature on
digitalization and productivity by showing that digitalization affects not only overall efficiency but also
the direction of technical change. Second, it contributes to the literature on factor-biased productivity by
developing an estimation framework that allows rich interactions among inputs in a translog technology
without imposing homothetic separability. Third, it contributes to the literature on labor share by
identifying the role of labor-augmenting productivity and digitalization in shaping its evolution over time.

The remainder of the paper is organized as follows. Section 2 documents trends in digitalization and
labor share across Spanish manufacturing industries. Section 3 reviews the related literature. Section 4
describes the data and the construction of the digitalization measures. Section 5 presents the model.
Section 6 discusses identification and estimation. Section 7 reports the empirical results. Section 8

concludes.

2 Trends in Digitalization and Labor Share

This section presents descriptive evidence on the evolution of digitalization and labor share in Spanish
manufacturing. The purpose is twofold. First, it documents the broad patterns that motivate the paper’s
focus on digitalization and labor-augmenting productivity. Second, it shows that the relationship between
digitalization and labor share is not straightforward in the raw data and therefore requires an econometric
framework that can distinguish labor-augmenting productivity from Hicks-neutral productivity and other
forces shaping the distribution of income between labor and capital.

Figure 1 plots the average labor share in Spanish manufacturing over time. The labor share is
relatively stable at about 0.25 in the early 2000s, rises sharply during the Great Recession to a peak of
roughly 0.29 around 2010, and then trends downward through the late 2010s, reaching a low near 0.24



before ending around 0.25-0.26 by 2020. This pattern is broadly consistent with the view that labor
share tends to rise during downturns, when output contracts faster than wages and employment adjust,
and then declines as firms restructure production in the recovery period.

Over the same period, Figure 2 shows that the composite digitalization index increases markedly,
rising from approximately 0.42 in the early 2000s to about 0.62 by 2020. The increase is especially
rapid in the first half of the sample, when the index jumps to roughly 0.59, reflecting the diffusion
of foundational digital technologies across firms. Digitalization then continues to rise more gradually,
reaching a mid-2010s peak close to 0.65 before stabilizing at a relatively high level.

Taken together, these two aggregate series suggest that rising digitalization coincided with a period
in which labor share first increased and then declined. On its own, this pattern does not reveal whether
digitalization reduced labor’s role in production or instead improved worker productivity while other
forces pushed labor share downward. To shed light on this distinction, Figures 3 and 4 separately examine
the evolution of labor hours and wages per hour.

Average labor hours decline substantially over the sample period, falling from about 340,000 hours
in the early 2000s to roughly 220,000-230,000 hours by 2020. By contrast, average wages per hour rise
steadily from about 14.5 euros to approximately 22 euros over the same period. The decline in labor hours
is quantitatively much larger than the increase in hourly wages, helping to explain the downward drift in
labor share after its post-crisis peak. This pattern is consistent with a labor-augmenting interpretation
of digitalization: firms may require fewer labor hours to produce a given level of output because digital
technologies increase the effective productivity of workers, even as the remaining workers command higher
wages.

Viewed through this lens, the aggregate evidence points toward complementarity between labor
and digital technologies rather than pure substitution. If capital and digital tools were simply replacing
workers, one would expect declining labor hours to be associated mainly with displacement. Instead, the
simultaneous decline in labor hours and rise in hourly wages suggests that digitalization may be raising
worker efficiency and enabling firms to operate with fewer but more productive workers. These aggregate
trends cannot establish causality, but they provide suggestive evidence that labor-augmenting technical

change may be an important channel through which digitalization affects production and labor share.
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Aggregate trends mask substantial heterogeneity across industries. Figure 5 therefore plots the
evolution of digitalization and labor share across the ten manufacturing sub-industries in our sample.
These industry patterns are useful because they show that both digital adoption and labor share vary
systematically across sectors, which motivates our industry-level and firm-level analysis below.

Consider first the labor-share panel in Figure 5. Several patterns stand out. First, labor shares
display a pronounced countercyclical spike around 2008-2009, coinciding with the onset of the Global
Financial Crisis. This spike is particularly sharp in Metals and Metal Products, Non-Metallic Minerals,
and Electrical Goods, where labor shares rise to approximately 0.33-0.35. Second, after this crisis-induced
increase, most industries experience a gradual decline in labor share through the early 2010s, reflecting
the prolonged post-crisis adjustment and the effects of labor-market restructuring. Third, there is
meaningful cross-industry heterogeneity throughout the sample. Chemical Products and Food, Drink,
and Tobacco consistently exhibit the lowest labor shares, typically between 0.20 and 0.24, indicating
their relatively capital- and materials-intensive production structures. By contrast, Agricultural and
Industrial Machinery and Textile, Leather, and Shoes generally maintain higher labor shares, often above
0.28, reflecting greater reliance on labor in production. By the latter part of the sample, most industries
converge toward a narrower range of roughly 0.25 to 0.28, though Food, Drink, and Tobacco remains a
notable low-labor-share outlier.

The digitalization panel in Figure 5 reveals a different but equally important set of patterns.
Digitalization rises rapidly and broadly across all industries between 2000 and 2005, with the average
index increasing from roughly 0.40 to around 0.60. This early jump reflects the widespread adoption of
foundational digital technologies, including internet connectivity, basic software systems, and digitally
enabled coordination practices. After this initial convergence, industries begin to diverge more clearly.
Chemical Products and Metals and Metal Products emerge as the most digitally intensive industries,
with index values reaching about 0.68 to 0.70 by the mid-2010s. Electrical Goods and Agricultural and
Industrial Machinery also display relatively high levels of digitalization. At the lower end, Food, Drink,
and Tobacco and Textile, Leather, and Shoes adopt digital technologies more gradually, although they

too reach index values above 0.60 by the end of the sample period.



A joint reading of the two panels suggests an inverse relationship between digitalization and
labor share at the industry level. Industries with the strongest increases in digitalization, such as
Chemical Products and Metals and Metal Products, also tend to exhibit lower or declining labor shares,
whereas industries with slower digitalization growth, such as Textile, Leather, and Shoes, maintain
comparatively higher labor shares. This pattern is informative but not conclusive. It may reflect the
effect of digitalization itself, but it may also capture differences in materials intensity, market power,
production technology, or other industry-specific factors. For that reason, the descriptive evidence should
not be interpreted as establishing a causal effect. Instead, it motivates the central empirical question of
the paper: whether digitalization increases labor-augmenting productivity and, through that channel,

alters the evolution of labor share.
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Figure 5: Digitalization and Labor Share Trends (2000-2019). Data sourced from the ESEE manufacturing
survey.

Overall, the descriptive evidence points to three facts that guide the analysis that follows. First,



digitalization rose sharply in Spanish manufacturing during the sample period. Second, labor share
declined in many industries, especially after the post-crisis peak. Third, the simultaneous decline in labor
hours and rise in hourly wages is consistent with a labor-augmenting channel in which digitalization
increases worker efficiency even as firms use fewer labor hours. The remainder of the paper develops and

estimates a framework that allows these channels to be quantified more formally.

3 Related Literature

This study contributes to three strands of literature: production function estimation, factor-augmenting
technical change and labor share dynamics, and the effects of digitalization and Al on productivities.

A substantial and growing body of literature has examined the impact of digitalization and
information and communication technologies (ICT) on productivity (Nucci et al., 2013; Cardona et al.,
2013; Brynjolfsson & Yang, 1996; Brynjolfsson & Hitt, 2000; Baily, 2002; Dedrick et al., 2003; Melville
et al., 2004; Stiroh, 2005; Draca et al., 2008; Holt & Jamison, 2009). Much of these literatures find
that digitalization is associated with higher productivity (Nucci et al., 2013; Cardona et al., 2013; Holt
& Jamison, 2009). However, the evidence is far from unanimous. Several studies, including Acemoglu
et al. (2014), DeStefano et al. (2018), Haller & Lyons (2015), Bertschek et al. (2015), and Colombo
et al. (2013), find no significant relationship between digitalization and productivity. Acemoglu et al.
(2014) investigate the effect of digital technology intensity on labor productivity in U.S. manufacturing
industries and finds no statistically significant effect except in the computer-producing sector.

Among studies that do find positive effects, methodological approaches vary considerably. Nucci
et al. (2013) employ difference-in-differences and propensity score matching using Italian manufacturing
survey data from 2016-2018. Gal et al. (2019) use a control function approach and similarly report
positive effects of digitalization on TFP. Anderton et al. (2023) examine the relationship using a panel
dataset from EU countries and confirm a positive association. Cusolito (2020) investigates the impact
using firm-level data from 82 developing countries drawn from the World Bank Enterprise Survey.

A common limitation across these studies is that most rely on total factor productivity (TFP)
or other aggregate productivity measures that do not distinguish between Hicks-neutral and factor-
augmenting components of technological change. At the same time, a parallel strand of literature
estimates firm-level markups using production-based methods that require reliable output elasticities,
raising concerns when technology operates through multiple dimensions simultaneously.

A further limitation concerns the measurement of digitalization itself. Most studies rely on single
indicators, such as ICT spending or IT capital stock, as proxies for digitalization (Bresnahan et al., 2002;
Brynjolfsson & Hitt, 1996; Bertschek & Kaiser, 2004; Hempell, 2005; Baily & Lawrence, 2001; Stiroh,
1998, 2002; Morrison, 1997; Gordon, 2000; Jorgenson & Stiroh, 1999; Oliner & Sichel, 2000; Jorgenson,
2001). This approach is unlikely to capture the multifaceted nature of digital transformation within

organizations, a concern echoed by earlier work highlighting the data limitations inherent in measuring



digitalization (Black & Lynch, 2001; Greenan & Mairesse, 2000; Loveman, 1994). In contrast, the richness
of our dataset enables us to incorporate 14 distinct digitalization variables to construct a comprehensive
index. Following Anén Higon & Bonvin (2023), we further decompose this index into four dimensions: IT
technological components, digital-related human capital, automation, and interaction with stakeholders.
This multidimensional approach provides a more robust characterization of digitalization compared to
prior studies and allows us to examine how digitalization affects both neutral and non-neutral productivity
as well as the labor share.

A large body of work on firm-level productivity estimation has focused on factor-neutral productivity.
Classic contributions include OP, LP, ACF, and GNR. These studies employ control-function approaches
to address the endogeneity of unobserved productivity, using investment, materials, or other intermediate
inputs as proxies. GNR departs from this convention by using the input share to identify a subset of
parameters and relying on timing assumptions about productivity dynamics to identify the remainder.

Empirical work on factor-augmenting productivity is more limited but growing. A key motivation
for this line of research is that estimating only factor-neutral productivity, while ignoring the possibility
that technical change may be biased toward particular inputs, can distort inference about productivity
and its evolution. Much of the existing literature on biased technical change relies on constant elasticity
of substitution (CES) structures and often assumes homothetic separability of capital from other inputs.
While convenient, this assumption restricts the interactions among inputs in the production process.
Studies such as Zhang (2019), Raval (2019), and Demirer (2025) have examined biased technological
change, but all rely on CES production technologies. This widespread reliance on CES specifications,
without sufficient consideration of more flexible alternatives, represents a notable gap in the empirical
literature.

More recent studies have begun to relax some of these restrictions by adopting more flexible
functional forms. Malikov et al. (2020) and Doraszelski & Jaumandreu (2019) estimate factor-augmenting
productivity using translog production functions, but still impose homothetic separability on the capital
input. While preparing this paper, we became aware of a contemporaneous working paper by Zhao
et al. (2024) that also attempts to estimate factor-augmenting productivity without imposing homothetic
separability in a translog framework. Our approach differs from theirs in several respects. First, we
accommodate imperfectly competitive product markets by integrating a demand-side estimation step
that recovers markups, whereas their framework assumes perfect competition. Second, we develop a
labor share decomposition framework that isolates the contributions of markups, input intensities, and
labor-augmenting productivity to changes in the labor share, and further decomposes the productivity
channel into digitalization, persistence, and innovation components; an analytical apparatus that has no
counterpart in their paper. Third, our three-stage procedure combines IV-GMM for the quasi-differenced
share equations and nonlinear least squares for the capital block, in contrast to their use of 2SLS, which
offers efficiency gains under heteroskedasticity through the optimal GMM weighting matrix. Finally,

we apply the framework to examine how a multidimensional digitalization index shapes both factor-



augmenting and Hicks-neutral productivity and the labor share of income in Spanish manufacturing;
empirical questions that lie outside the scope of their analysis.

Acemoglu (2003) examined the determinants of factor-augmenting technical change, modeling the
invention of new production technologies as a deliberate action, and argued that long-run technological
change is labor-biased. His model also shows that, as the economy moves away from the balanced growth
path, technical change in the production process can be capital-augmenting. He recommends that the
reasons why technical change may be labor-augmenting should be further investigated.

The literature on the effect of digitalization on the labor share remains limited. However, there is
a growing body of literature on the effects of digitalization on Chinese firms. Liu et al. (2025) examine
the effect of digital innovation on the labor share using Chinese firm-level data spanning 2000 to 2021.
They define the labor share as the ratio of cash compensation to employees over enterprise value added.
Their findings reveal a positive impact of digitalization on the labor share, with the effect being more
pronounced among firms characterized by advanced technologies, greater market power, state ownership,
and fewer financing constraints. Similarly, Li et al. (2024) investigate the impact of digital transformation
on the labor share in China between 2007 and 2020, finding that enterprise digital transformation
improves the labor share through two channels: expanding employment opportunities and increasing the
share of highly skilled labor. Also Li et al. (2025) found a positive effect of digitalization on the labor
share of income

In developed economies, Doraszelski & Jaumandreu (2018) (DJ) examine the bias of technological
change using a CES production framework that allows for both factor-neutral and factor-nonneutral
productivity, imposing homothetic separability of capital from other inputs. Using Spanish manufacturing
data for 1990-2006, they find evidence that technological change is biased toward labor, with labor-
augmenting productivity and Hicks-neutral productivity each contributing about 1.5% to annual output
growth. Decomposing the labor share into its underlying components, they show that labor-biased
technological change is associated with a decline in the labor share over time. Their counterfactual
exercises suggest that, absent labor-augmenting technical change, the labor share would have remained
roughly stable. Based on these results, they argue that labor-biased technological change is a primary
driver of the decline in the aggregate labor share in the Spanish manufacturing industry. We use the same
Spanish manufacturing dataset as DJ, but our sample period spans 2000-2019. Our methodology also
differs: we estimate a translog production function and do not impose homothetic separability, allowing
for richer interactions among inputs.

Oberfield & Raval (2021) develop a model to estimate the elasticity of substitution between capital
and labor using plant-level data. They estimate an aggregate elasticity of substitution of approximately
0.7 over the period 1972-2007 and an average plant-level elasticity of about 0.5. They find that biased
technological change accounts for most of the downward shift in the labor share in U.S. manufacturing
since. In contrast, changes in factor prices alone explain relatively little of the decline.

Kerspien et al. (2026) contend that changes in capital composition have driven the decline in labor’s
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share since 1980. Specifically, they point to a falling capital-output ratio of buildings and a high elasticity
of substitution between machinery and labor (o > 1), which, coupled with falling machinery prices, shifts
income away from labor and toward capital owners. Karabarbounis & Neiman (2014) also document
the global decline in labor share since the 1980s and argue that the primary cause is the decline in the
relative price of capital goods, often attributed to advances in information technology, which encouraged
firms to shift away from labor toward capital. They estimate that the lower price of investment goods
contributed about half of the decline. Their framework relates the labor share of income to markups,
capital-augmenting technology, and the rental rate of capital. In contrast, our study relates the labor
share of gross output to markups, the output elasticity of capital, and labor-augmenting technology.
By developing a novel approach to estimating factor-nonneutral technology within a flexible translog
production function without imposing homothetic separability, we contribute to the growing literature
on factor-nonneutral technological change. Within a unified framework, this paper examines the effects
of digitalization on Hicks-neutral productivity, factor-augmenting productivity, the labor share, and
markups, thereby bridging several strands of the production economics literature that have largely

proceeded in isolation.

4 Data

This study uses firm-level data from Spanish manufacturing sectors, sourced from the Encuesta Sobre
Estrategias Empresariales (ESEE), administered by Spain’s Ministry of Industry. Our analysis covers the
period from 2000 to 2019. The survey included a random radom sample of SME companies employing
between 1 and 200 workers. All firms with 200 or more employees are invited to participate in the survey.
To address potential attrition bias, survey administrators regularly include new firms using the same
sampling criteria as the baseline year, thereby preserving the sample’s representativeness over time. The
dataset contains comprehensive information on outputs, inputs, digitalization practices, price variations
in inputs and outputs, and other operational activities at the firm level.

Our dataset selects firms with at least 3 years of data, yielding 2,795 firms across 10 industries
and 23,252 observations. Table 1 reports the sample size across the 10 industries in our study. In this
section, we explain how prices and digitalization variables are constructed. We also remove outliers from
the dataset by limiting the observations to firms with at least 10 staff and removing the 1% tail.

Regarding price data, the ESEE reports price variations rather than absolute price levels for both
materials and sales. Following the methodology outlined by Jaumandreu & Lin (2018), we construct
Paasche price indices for both input and output to address this limitation .

Our output variable is measured as the value of goods and services produced, deflated by an
output price index constructed using the Paasche index formula. We construct the capital stock using

the perpetual inventory method (PIM) with an assumed annual depreciation rate of 15%, consistent

'For details about the price index construction, see Jaumandreu & Lin (2018)
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with standard practice in the manufacturing productivity literature. We construct capital through

Kji1 = (1-9) PiiflKJ't + Ij;. Investment Ij; is chosen in period ¢ but becomes effective in period
t + 1. We update the value of the past capital stock using the manufacturers’ investment price index Pj.
Real-term capital is obtained by deflating capital at current replacement values by the investment price
index. %‘:

The materials input captures total intermediate consumption, comprising raw materials, energy,
and purchased services. We deflate nominal intermediate consumption expenditures using an intermediate
consumption price index constructed from the price variations of intermediate inputs reported in the
ESEE dataset. This approach ensures that our materials variable reflects quantities rather than value
changes driven by price fluctuations.

Labor input is measured in two dimensions. The quantity of labor is captured by total hours.
In contrast, the price of labor services is proxied by the hourly wage rate, calculated as total labor
compensation divided by total hours worked. This decomposition allows us to separately identify the
effects of changes in labor quantity and labor quality or efficiency on production outcomes.

While the ESEE dataset originally classifies firms into 20 industrial categories, we aggregate these
into 10 broader industry groups following the International Standard Industrial Classification (ISIC)
framework. This reclassification enhances sample sizes within each industry, improving the precision of
our industry-specific estimates while maintaining meaningful sectoral distinctions that reflect differences

in production technology and market structure.

4.1 Digitalization Indices

To construct our digitalization index, we employ the same method and underlying variables employed
by Calvino et al. (2018) and Anén Higon & Bonvin (2023). The construction of the index, rather
than using a single variable, is based on the belief that digitalization is complex and multidimensional,
and that it should be represented with multidimensional indices rather than single variables, as most
literature does. The sub-indices identified by Calvino et al. (2018) are organized into four thematic
sub-indices: information technology (IT) infrastructure, digitalization-related human capital, automation
intensity, and digital stakeholder interaction. In addition, we include a set of supplementary digitalization
variables that do not neatly fit into any single sub-index but reflect meaningful aspects of a firm’s digital
engagement. Together, these components constitute the overall digitalization index.

IT infrastructure captures a firm’s investment in core information technology. Specifically, it includes
investment in computer equipment and the employment of software programmers. These variables proxy
for the extent to which the firm has built the foundational digital infrastructure necessary to support
broader digitalization efforts. Digitalization-Related Human Capital reflects a firm’s commitment to
building digital competencies among its workforce. It is measured by the firm’s external expenditure

on IT-related training. This dimension recognizes that hardware and software investments alone are
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insufficient; the effective deployment of digital technologies requires a workforce with adequate digital
skills.

Automation Intensity captures the degree to which a firm has integrated advanced automation
technologies into its production processes. It encompasses the use of industrial robotics, computer
numerical control (CNC) machine tools, computer-aided design (CAD) systems, flexible manufacturing
systems, and local area networks (LAN). Collectively, these variables reflect the firm’s capacity to leverage
programmable and networked technologies to enhance production efficiency.

Digital Stakeholder Interaction measures the extent to which firms employ digital channels in their
interactions with external stakeholders. It includes whether the firm owns an internet domain, maintains
a corporate website, and conducts online sales to both businesses (B2B) and consumers (B2C). This
dimension captures the outward-facing, market-oriented component of a firm’s digitalization strategy.
Beyond the four sub-indices, we incorporate additional variables that capture other facets of firm-level
digitalization. These include purchases from online suppliers and the firm’s self-reported assessment of the
internet’s impact on its sales. While these variables do not map directly onto a single thematic sub-index,
they contribute to a more comprehensive characterization of the firm’s overall digital engagement. They
are therefore included in the construction of the aggregate digitalization index. The table in the appendix
compares our digitalization categorization with Calvino et al. (2018).

We follow the procedure proposed by Calvino et al. (2018) and adopted by Anon Higon & Bonvin
(2023) to construct our composite digitalization index. The construction proceeds in several steps designed
to ensure comparability across variables measured on different scales.

First, monetary variables are converted into capital stocks using the perpetual inventory method
and expressed as ratios to their industry-year means. Each observation is then assigned a score based
on the decile of the distribution to which it belongs, and the resulting values are rescaled to the [0, 1]
interval. Second, categorical variables that are observed only at four-year intervals, namely, the use of
robots, computer-aided design (CAD), flexible manufacturing systems, and local area networks (LANs),
are extrapolated to annual frequency for the next three years and subsequently normalized to the [0, 1]
range. The remaining binary categorical variables require no further transformation.

This procedure yields 14 harmonized variables, each bounded between 0 and 1. To obtain a
synthetic digitalization index, we aggregate these variables as an unweighted sum and then normalize it
to the [0, 1] interval. Values close to 0 indicate that a firm exhibits a low degree of digitalization in a

given period, while values close to 1 reflect a high degree of digital technology adoption.

4.2 Descriptive Statistics

Table 1 presents the descriptive statistics of the key variables used in the estimation, disaggregated across
ten manufacturing sub-industries in Spain over the period 2000 to 2019. The pooled sample reveals

substantial heterogeneity in firm size and input usage across industries. Average real output across all
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industries is approximately 38.58 million euros, while real capital and real materials average 19.34 million
and 29.39 million euros, respectively. The large standard deviations relative to the means across all three
variables indicate considerable within-industry dispersion in firm scale, a pattern consistent with the
well-documented heterogeneity in firm productivity within narrowly defined manufacturing sectors.

Among the sub-industries, Transport Equipment stands out as the largest in terms of average real
output (68.20 million euros), real capital (32.92 million euros), and labor input (538,063 hours), reflecting
the capital-intensive and scale-dependent nature of vehicle and equipment manufacturing. Chemical
Products ranks second in output and materials usage, with an average real output of 56.55 million euros
and a real materials use of 43.52 million euros. At the other end of the spectrum, Textile, Leather, and
Shoes and Timber and Furniture represent the smallest sub-industries, with average real output of 11.04
million and 13.75 million euros, respectively. These industries also exhibit the lowest average labor hours
and capital stocks, consistent with their reliance on smaller, labor-intensive production processes.

Wage levels display meaningful variation across industries. The highest average wages are observed
in Agricultural and Industrial Machinery (22.31 euros per hour) and Chemical Products (22.20 euros
per hour), both technology-intensive sectors that typically employ higher-skilled workers. In contrast,
Textile, Leather, and Shoes reports the lowest average wage at 13.28 euros per hour, followed by Timber
and Furniture at 14.69 euros per hour. The pooled average wage of 18.93 euros per hour with a standard
deviation of 7.58 suggests notable cross-firm dispersion in labor compensation, likely driven by differences
in skill composition and collective bargaining arrangements.

The output and materials price indices are centered close to unity across all sub-industries, indicating
that the deflation procedure has effectively normalized nominal values to real terms. The output price
index ranges from 1.009 in Transport Equipment to 1.036 in Textile, Leather, and Shoes, while the
materials price index varies between 0.994 in Food, Drink, and Tobacco and 1.005 in Transport Equipment.
The relatively modest standard deviations of these indices confirm limited dispersion in firm-level price
movements within each industry.

The factor cost shares reveal informative patterns regarding input composition. The average labor
share across all industries is 0.260, while the materials share averages 0.666, indicating that materials
constitute the dominant cost component in Spanish manufacturing. Food, Drink, and Tobacco exhibits
the lowest labor share (0.202) and the highest materials share (0.715), consistent with the raw-material-
intensive nature of food processing. Conversely, Metal and Metal Products and Timber and Furniture
display relatively higher labor shares at 0.297 and 0.295, respectively, reflecting more labor-intensive
production technologies. These cost-share patterns are broadly consistent with stylized facts in the
production economics literature and provide an important foundation for the subsequent estimation of

factor-augmenting productivity and for labor-share decomposition.
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Table 1: Descriptive Statistics by Industry
Industry Ty K T'm Labor Hours Wages Dy DPm Sy, SM
All Industries 38,577 19,335 29,385 294,463 18.93 1.025 1.000 0.260 0.666
(78,151) (36,863) (63,097) (466,286) (7.58) (0.108) (0.149) (0.138) (0.148)
Agric. & Ind. Machinery 28,922 13,197 20,982 268,707 22.31 1.032 1.004 0.282 0.644
(46,220) (20,365) (36,401) (384,327) (6.72) (0.089) (0.129) (0.125) (0.145)
Chemical Products 56,554 26,809 43,517 344,649 22.20 1.026 0.998 0.217 0.701
(96,625) (45,106) (79,099) (465,645) (8.52) (0.130) (0.163) (0.104) (0.127)
Electrical Goods 45,101 22,497 34,096 367,501 20.46 1.017 1.002 0.287 0.654
(85,836) (39,787) (68,743) (530,100) (6.81) (0.113) (0.148) (0.134) (0.147)
Food, Drink, & Tobacco 50,382 21,930 41,322 323,917 16.37 1.027 0.994 0.202 0.715
(98,726) (39,036) (83,251) (539,855) (6.52) (0.110) (0.159) (0.134) (0.154)
Metal & Metal Products 34,446 16,603 26,888 248,852 20.04 1.027 1.004 0.297 0.629
(75,645) (34,480) (63,234) (395,523) (6.75) (0.121) (0.186) (0.153) (0.157)
Non-Metallic Minerals 37,276 24,652 26,039 310,833 18.90 1.021 1.001 0.265 0.650
(75,757)  (44,925) (55,470) (475,695) (7.34) (0.111) (0.120) (0.138) (0.138)
Paper & Paper Products 29,198 19,623 21,153 232,497 20.34 1.023 1.001 0.271 0.632
(54,011) (37,090) (41,235) (355,769) (7.38) (0.101) (0.134) (0.127) (0.141)
Textile, Leather, & Shoes 11,041 6,521 7,851 179,346 13.28 1.036 1.001 0.282 0.663
(20,344) (12,196) (14,114) (318,819) (6.87) (0.092) (0.118) (0.146) (0.153)
Timber & Furniture 13,751 7,659 9,938 177,971 14.69 1.028 0.996 0.295 0.653
(31,087) (15,058) (24,281) (319,904) (5.10) (0.084) (0.115) (0.129) (0.131)
Transport Equipment 68,199 32,916 49,374 538,063 21.74 1.009 1.005 0.252 0.678
(96,597) (47,274) (71,988) (686,185) (7.01) (0.076) (0.136) (0.129) (0.144)

Notes: Standard deviations are reported in parentheses. Real output (r,), real capital (K), and real materials (r,,) are expressed in thousands of euros.
Labor hours are annual total hours. Wages are in euros per hour. p, and p,, are output and materials price indices, respectively. s; and sj; denote
labor and materials cost shares of revenue.



5 Model

The existing literature on factor-biased productivity has predominantly relied on constant elasticity
of substitution (CES) production functions. However, the CES specification imposes constant input
elasticities and cannot capture potential interactions between factors when estimating the direction and
magnitude of productivity shifts. A few recent studies ((Doraszelski & Jaumandreu, 2018; Malikov et al.,
2024) have made progress by estimating factor-augmenting productivity using flexible functional forms
that generate observation-specific elasticities. Nevertheless, these approaches maintain the assumption
of homothetic separability between capital and other inputs, which may be overly restrictive in many
production contexts.

This study contributes to the literature by identifying production function parameters using a
translog specification that allows for non-homothetic production technology. Importantly, our framework
does not impose homothetic separability on capital, permitting richer patterns of input substitution and
complementarity. We further relax the assumption of perfect competition by allowing firms to operate in
imperfectly competitive output markets, thereby affecting the estimation of the production function and
the interpretation of measured productivity changes.

We state our technological function in equation 1.

Yiy = F(Kit, Lj;, My) et (1)
LY, = Ly e“Lot (2)

In equation (1), Yi, LY, and M;; are observed output, labor, and materials, respectively, Kj; is derived
from the perpetual investment model then multiply by capacity utilization, F(.) is the technology we
want to model, wy, ;+ and w;; are labor and factor neutral productivity, respectively. In our model, the
firm has two choice variables available when deciding on the production of goods and services: labor L;;
and materials M;;. These two variables enter the firm’s profit maximization problem as flexible inputs
whose values are determined in the current period. The capital K;; and w;; are the state variables in
the model. Let Py = P(Yj, zit) be an inverse demand with shifters z;;. The objective of the firm is to
maximize profit

Iy = P(Yi, zie) F'(-) et — Wr Ly — WhagiMi. (3)

in choosing the variable inputs M and L. This gives us the following first-order conditions (FOC).
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FOC w.or.t. M

waF() w ai _
P(-)e ra +e F()aM—WM
LOWF() F()  ,  dmP() omy P
= PO Ty amar (4)
= F()e*P(ery + F(-)e¥ep(:) -eyy = Wy M
WM
= 6*M><(1+6p):]§47Y:SM
where
OlnF() F(-) 0lmY F() _ 0lnP()

omM M _owmM M M T T omy
Similarly, the FOC w.r.t. L is:

OF () LOP
P(") 5L ¢ + F()e 8—L—WL
OlnF(-) olmL* F() LOIP()
POSmz ome 2 ¢ TPV g =M (5)
o P()e el + F()e¥ep - et = WJ_QL
WL
= ep x(1+ep)= PLY =S5

where
OlmF() F() 0lmY F()
omL* L* ommL* L* L

Since we use panel data, we attach the 7 and ¢ subscripts for firm and time. Thus, sp7i = Wag 2 My

PiYit
and sz, ;s = M%:;/Lt” are the cost shares of material and labor in output, respectively. Finally, ep;; = g}ﬁl;?z
is the inverse price elasticity of demand.

Using the panel subscripts ¢ and ¢, the FOCs in (4) and (5) are written as
sait = (1+ epat)ehsins (6)
spit = (1+epit)er - (7)

Where €}, ;, and €7 ;, are the output elasticities of materials and labor that include labor augmenting

productivity as part of their components, they are defined in equation (9) and (10) below. The technology

is specified as an unrestricted translog, viz.,

In F(Ky, Lj, My) = Bo + P In Ky + B, In L}, + Bar In My
+ 3B (In Ki)? + 3B (In L) + 2 Barar (In My,)?

+ Brr In Ky 111th + Bra In Ky In My + Bprr In My, lan‘t. (8)
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Therefore,

57\4,#, = ({)E?lrllnj\i = Bn + By In My + Broyr In Ky + By In L,

= (Bm + Bun In My + Br v In Ky + BarrIn L) + Burwrits (9)
ELit = gllnnlg =0+ BrrInLj, + B In Ky + Barr In My

= (B + BreInLiy+ Bk Kip 4+ BurIn My) + Brrwr . (10)

emit = By +Buyv In Mg+ Breas In K+ Bz In Ly, €Lt = Br+PBrrIn Ly + Barr In M+ Brr, In K.

The last equalities use In L}, = In Lz + wp, it.

From the FOC we let it = 1 +cpj;. Then (6)(7) imply

st = Oit enrit + Oit By wr i, (from (9)) (11)

srit = Oitrit + 0it Brr writ- (from (10)) (12)
we scaled the share of the inputs to output by 6;;, then s}, = sa,it/0i and STt = sr,it/0it. Then

S?w,z't = eM,it + BML WL,it (13)

S*L,z‘t =¢er,it + BLL WL it- (14)

To estimate equations (13) and (14), we assume that labor productivity wr, ;+ follows the AR(1)

markov process.
Writ = PpWrit—1+o1Di 1+ &, El&it|wr,ii—1, Dig—1] = 0. (15)

where §;; is innovation in labor productivity and D; ;1 is the lag of digitalization.

Quasi-differencing (13)—(14) by p yields

Sirit — PSaris—1 = (et — penrii—1) + (Bmiea)Dig—1 + viit, (16)

Shat — PSLit1 = (eLit — perie—1) + (Buar)Dig—1 + va, (17)

where v1 it = Bur&it + Vmits V2,5t = Brréit + Viit- Umait and vy are misallocations in M and L. A

system GMM on (16)—(17) identifies the the following coefficients p, 81, BrrL, ByvL, BrL, Bar, By, Bark -
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From (13) and (14), we can express wr, ;; from each equation individually:

w S?W,it — EM,it
Lit = ——————,
BumrL

*
SLit — €Lyt
BrL

WLt =

therefore, we obtain wr, ;; as the ratio of equations (13) and (14):

Smyt  Emit + BML WLt

SLit €Lit T BLL WLt

Cross-multiplying and rearranging:

sait(e0,it + Browryit) = spit(Emie + BurLwr ),
SM,it€Lyit + SMitBLL WLt = SLat€M,it + SLitBML WLt
wir it (SMaBLL — SLiBML) = SLiEM,it — SMELit-

Therefore,
SLatEM,it — SMitEL,it

SymitBrLL — SLatBmL

Wit =
5.1 Stage 2: Capital elasticity and Hicks—meutral productivity
Yy = fo + Bic In Kip + 3 Brcrc(n Kir)? + Hig (B) + wnji

where

Hiy(B) =brIn L + 5bLL(lnL)2 + by In M + 5bMM(haM)2

+ by MInL +bgIn KInL + by In MIn K
Wnit = PuwWnit—1 + Yo1Dit—1 + it Enit|wn,it—1, Dit—1] = 0, |pu] < 1.
InYy — poInY;; 1 = (1= pu)Bo + Brx(In Ky — poIn K ;1)

+ 2Brk [(In Kit)® — po(In K; y—1)*] 4+ Y1 Dip—1 + wi,

where m =InY; — H; (B)
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€k it = B + Brex n Kig + Brer, In Lig + Brear In My + Brep, Or - (27)

Wn,it = (l?l?it — Bo— BxIn Ky — %BKKUH Ki)?) (28)

6 Identification and Estimation

This section describes how we estimate and identify the parameters of the production function. Our
empirical strategy proceeds in three steps. First, we recover the parameter 6, which is required to
identify the quasi-differenced share equations (16) and (17). Second, conditional on the estimated inverse
elasticity of demand, we estimate the two share equations by stacking the GMM estimates to recover the

technology parameters that define labor and material elasticities and the productivity processes.

6.1 Step 1: Recovering the theta from demand

We recover 6 from an inverse demand function. Let ¢, denote the absolute inverse price elasticity of
demand. Under the demand-side structure motivating our framework, the theta is a monotone function
of €, and can be written as

0 = 1+, (29)

To estimate inverse demand, we build on the framework of Jaumandreu & Mairesse (2016), while
introducing several modifications to better fit our empirical setting. First, unlike Jaumandreu & Mairesse
(2016), who model quantity demanded as a function of price, we specify an inverse demand equation in
which price is a function of quantity. Second, whereas their model assumes that the unobserved demand
component follows a random walk, we assume that it evolves according to an AR(1) Markov process.
Third, we allow the latent demand component to depend on observed demand shifters, namely market

dynamics and advertising intensity. Formally,

In Py = f (m Ya, uglt) , (30)

uft = pufit_l + by mktd;; + bo ads;y + vy (31)

In this specification, In Y;; is the log of real output, In P;; is the log of the firm-level price index, mktd;;
measures market dynamics, ads;; is advertising expenditure expressed as a percentage of sales, and v;;
denotes the innovation in the latent demand component.

Because output may respond to contemporaneous demand shocks, InY;; is potentially endogenous.
We therefore estimate the model by IV-GMM, using lagged price, lagged output, and their higher-order

terms as instruments. For some industries, market dynamics and advertising intensity are also included
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in the instrument set under the identifying assumption that they are orthogonal to the innovation in the

unobserved demand component.

6.1.1 Step 2: Estimating the share equations

Given 6, we substitute the estimated § into the quasi-differenced share equations (16) and (17) and
estimate the resulting system using stacked GMM. This approach is well-suited for our setting for
two reasons. First, input choices are potentially endogenous, so valid estimation requires instruments
orthogonal to contemporaneous productivity innovations. Second, stacked GMM combines moment
conditions from both differenced equations, improving efficiency and reducing finite-sample bias when

the variables are persistent.

Timing assumptions and economic justification. Our identification strategy relies on timing
assumptions standard in the proxy-variable and dynamic input choice literature. We assume that labor
(Lit) and materials (M;;) are flexible inputs chosen after observing current productivity, while capital
(Kt) is predetermined and evolves more slowly. This timing structure is particularly plausible for Spanish
manufacturing. Spain’s dual labor market, with a sizable share of temporary contracts alongside highly
protected permanent contracts, allows firms to adjust employment at the margin with relatively low
short-run frictions Bentolila et al. (2008). Similarly, intermediate inputs which include energy, services,
and raw materials, can be adjusted within the production period. These features support the assumption
that the first-order conditions for labor and materials bind period-by-period, which is exactly the structure

exploited by the quasi-differenced share equations.

Instrument set. We construct instruments from predetermined state variables, lagged cost shifters
implied by the timing assumptions, the lagged share of labor, the lagged output price, and, in some
industries, lagged demand shifters such as lagged market dynamics, lagged advertising, and lagged theta.

Also, we include InK i2t—1 and anVZ?t_1 as instruments. The instrument vector includes

Zi € {1, m Ky, In K1, (InK;—1)%, Wi, (InW;,—1)?, (32)
Diy—1, mPyy_q, mPN |, s |, mktd;,—1, ads;¢—1}.

The remaining instruments are allowed to vary across industries. For example, in some industries we
augment Z;; with In P;;_1 , the labor cost share Sp;; 1, or lagged input-price measures such as InPM;;_1.
Because we estimate the two share equations, each element of Z;; generates moment conditions for each
equation, so the total number of moment conditions scales with both the number of instruments and the
number of equations in the stacked GMM. We ensure that the number of instruments is sufficient to
identify the parameter vector.

The parameters are estimated jointly via two-step GMM using the materials and labor cost-share
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equations, quasi-differenced to account for the AR(1) Markov process in productivity. Define the

parameter vector 6 = (Bm, Bmm, Bmi, Bi, Bus Brm, Brt, py 1)’

Materials share residual.

upt = (84 — p&M_1) — (1= p) B — B (In My — p In M; 4 1)

(33)
— Bri(InLig —pInLiy1) — Brm(In Ky — pIn Ky 1) — By @y InDyy_1,
Labor share residual.
uj; = (55 — pgiL,t—l) —(1=p)B—Bu(InLig —pInLjy_1) (34)

— Bru(In My —pIn My 1) — Bu(In Ky — p In K1) — By o InDjy1,
where é‘gt = s{t /it denotes the cost share deflated by the 6.

Moment conditions. The quasi-differencing eliminates the level of w™ and isolates the productivity
innovation &, which is orthogonal to the instrument vector z;; comprising lagged and predetermined

variables. The GMM estimator exploits the following moment conditions:

ulf
El|zy ® =0, (35)

L
Uy

The system in (35) is estimated by two-step GMM, where the first step uses an identity weighting matrix

and the second step employs the optimal weighting matrix constructed from the first-step residuals.

Overidentification and specification checks. We assess instrument validity using the Sargan J-test
of overidentifying restrictions, which evaluates whether the instruments are collectively orthogonal to
the estimated residuals (equivalently, to the innovations in the productivity processes underlying the
share system). In specifications with heteroskedasticity-robust weighting, the Hansen J-test provides
the analogous diagnostic. We interpret these tests jointly with standard instruments and persistence

considerations that are especially relevant in dynamic panel settings.

6.1.2 Step 3: Identifying the remaining capital-related parameters through Non-Linear

Least Square

While stacked GMM applied to (16) and (17) identifies the parameters governing flexible-input elasticities
and interaction terms, a subset of capital-related parameters which include the constant and the pure-
capital terms by, by, bgr in our translog technology, is pinned down in the stage 3 through the markov
process of Hicks neutral productivity. We therefore use nonlinear least squares (NLS) to identify these

remaining parameters, treating capital as predetermined and exploiting the implication that its current
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realization is orthogonal to the contemporaneous innovation in Hicks-neutral productivity. Intuitively,
since Kj; is chosen in prior periods, it does not respond one-for-one to productivity innovation within the
period, which makes it suitable for identifying capital terms once flexible-input components have been

disciplined by the share system.

Capital block estimation. Given the share-equation estimates Bm, Bmm, Bmh Bl, Bll, Bkm, Bkzl, and

the recovered labor-augmenting productivity d)iLt, define the labor-augmented labor input as
In LY =1n Ly + Ok, (36)
The contribution of labor and materials to output is then netted out by constructing

InYj; = nYy — fIn LY — B In My — By In Ky In LY, — Bryn In Ky In My, -
— B Ly In My — & By (In L) — L B (In Mie)?,

so that InYj; isolates the capital and Hicks-neutral productivity components of the production function:

InY; = Bo + B In Kt + 3 Brr(In Ky ) + wlf + . (38)

To handle the unobserved Hicks-neutral productivity w;, we impose the AR(1) Markov process wﬁ =

PK szftfl +v1 Djt—1+ &, where D; ;1 is the lagged digitalization index and ; captures the direct effect

of digitalization on Hicks-neutral productivity. Quasi-differencing (38) yields the estimating equation

InY; = Bo + B In Kyt + 3 Br(In Ky )

) (39)
+ pK [ln Yieer —Bo— BeIn K1 — 3 Bre(In K, p—1)? | + 71 Dig—1 + &,

where the term in brackets equals @, | +€;¢—1, and &t is the productivity innovation orthogonal to
predetermined variables. The remaining parameter vector (5o, Sk, Bk, Pi, 71) is estimated by nonlinear
least squares (NLS) on (39), initialized with OLS estimates from the static regression of InYj; on In Kj
and %(ln Ky)?.

Taken together, this three-step procedure, which include (i) recovering 6 from an demand equation
and (ii) estimating the quasi-differenced share equations by stacked GMM and (iii) using NLS to anchor

the remaining capital terms, delivers a transparent identification strategy for our model.

6.2 Labor Share Decomposition

In developed economies, the labor share has been declining for several decades while in developing
economy the aggregate labor share has been rising. The decline in the aggregate labor share in developed

economies has predominantly been studied at the aggregate level (Blanchard, 1997; Bentolila & Saint-Paul,
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2003; Kerspien et al., 2026; Doraszelski & Jaumandreu, 2018), whereas the literature on the rise in labor
share in developing countries such as China and Brazil has recently grown. We follow Oberfield & Raval
(2021) and Doraszelski & Jaumandreu (2018) for the aggregate-level decomposition in our study. But first,
we derive a firm-level decomposition of the labor share that isolates the contributions of market power,
input intensities, and labor-augmenting productivity, including the digitalization channel embedded in
productivity dynamics.

Recall that the labor share of firm ¢ in period ¢ satisfies
Spit = Oit €Lt (40)
where 0;; = 1 + ep;; captures the demand wedge arising from the firm’s price elasticity, and
€Lit = €Lt T BLLwr it (41)

is an augmented output elasticity of labor. Under the translog production technology, the standard

elasticity component is
erit = Br+ BronLit + ByrIn My + Brr In Ky, (42)
so that substituting (42) into (41) gives
epi = Br+BroInLi+ ByrIn My + Brep In Ky + Brr wr i, (43)
and equation (40) becomes
srit = u(Br + BrrIn Ly + By In My + Brr In Ky + Brr wri) - (44)

Firm-level change in the labor share. Define first differences Az = zy — i1 for z € {sp, 6, €} }.

Because sy, ;; is the product of 0;; and €7 ,;, an exact midpoint decomposition yields
Aspi = &1 Ay + Oy Aet gy, (45)
where the midpoint averages are

* *
v Craterii— 7. — Oit + 6011
fLit = T o5 it 5

Decomposition (45) is exact—it introduces no approximation error. From (43),

Agz,it = B AlnLy + By AlnMy; + B Aln Ky + Brr AwL,it. (47)
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Substituting (47) into (45), the firm-level decomposition of the labor share change is
Aspi = 54Ny + 0y B AnLy + 0y By Aln My + 04 Bk Aln Ky + 03 Brr Awp . (48)

The first term, €7 ;, A, captures how changes in the demand wedge 0;; redistribute value added
between labor and the firm; this is the markup channel. The next three terms reflect how input-intensity
changes translate into labor-share movements through the translog cross-elasticities: 0 Brr, Aln Ly is
the labor-intensity channel, 8;; Barr, Aln M;; the materials-intensity channel, and 6y By Aln Kj; the
capital-intensity channel. The final term, ; 571, Awr, ;t, transmits labor-augmenting productivity shocks
directly into the labor share, and it is this term that we decompose further to isolate the contribution of

digitalization.

Productivity dynamics and the digitalization channel. We model labor-augmenting productivity

as a first-order Markov process with an exogenous digitalization shifter:
writ = PpWLit—1 + a1 Dig1 + &, (49)

where D; ;1 is the lagged digitalization index and &;; is an innovation orthogonal to the information set

at t — 1. Taking first differences gives
Awrit = (p—Dwrit—1 + a1 Dig—1 + & (50)
Substituting (50) into the productivity term of (48) expands the decomposition to

Aspit = €14 Ay + 0y Bro An Ly + 0y Barp Aln My + 03y Brp Aln Ky

+ O Brrar Dig—1 + 0 Brr (p— Vwrir—1 + i Brr - (51)

The first four terms are as in (48). The three additional terms on the second line arise from substituting the
productivity law of motion (49) and each has a distinct economic interpretation. The term it Brr a1 D1
is the digitalization channel: it measures the contribution of lagged digitalization to the labor share
through its effect on labor-augmenting productivity. The term 0 Brr(p—1) wr,it—1 is the persistence
channel: it captures mean reversion in productivity, with p < 1 implying that firms with above-average
productivity in t — 1 experience a partial drag on their labor share going forward. The term 0;; Srr, &t is
the innovation channel, reflecting the contribution of unpredictable productivity innovations to labor-
share changes. The sign of the digitalization effect is determined jointly by a1, Brr, and the average
demand wedge 0;;. When S, < 0—as is typical in translog specifications with diminishing returns to
labor—a positive digitalization effect on productivity (c«; > 0) reduces the labor share, consistent with

automation-driven factor substitution.
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Aggregate decomposition across continuing firms. Let S; denote the set of firms observed in

both ¢t — 1 and ¢ (continuing firms), with renormalized revenue weights

- R;

Nip = 7’5’
t Z R

JES:

Ry = Py Yy. (52)

The revenue-weighted aggregate labor share among continuing firms is SL; = ) ;. s, Nit SLit, and its

change satisfies the exact decomposition

ASL; = Z Nit Asp i + Z (S\it - S\i,tq) SLit—1- (53)

1€St 1€ESt
The first term is the within-firm effect, which aggregates idiosyncratic labor-share changes weighted by
current revenue shares. The second term is the between-firm effect, which captures the reallocation of
revenue toward high- or low-labor-share firms. Substituting (51) into the within-firm term of (53) yields
the aggregate contribution of each channel—markup, input intensities, digitalization, persistence, and

innovation—to the evolution of the aggregate labor share.

6.3 Digitalization and Labor Share

In the previous subsection, we showed how digitalization affected labor share through its effects on
labor-enhancing productivity. In this subsection, we examine how digitalization directly affects the labor
share using a reduced-form approach at the firm level.

Specifically, we estimate the following panel fixed-effects specification:
spit = Bo + P1Digy + Bowr it + B3 In Kip + Baln My + 7 + v + vy (54)

where sp, ;4 denotes the labor share of firm ¢ in period ¢, Dig;,_; is the lagged digitalization index which
is used as an instrument for Dig;;, digitalization index. The wy, ;; denotes labor-augmenting productivity,
In K;; and In M;; are the logarithms of capital and materials, respectively, 7: represents time fixed effects,
«; captures firm fixed effects, and v;; is the idiosyncratic error term. We perform 2SLS to estimate the

causal impact of digitalization on labor share.

7 Results

This section presents and discusses the estimation results. We begin with the demand estimation, which
yields the inverse elasticities of demand and firm-level markups. We then turn to the production function
estimates obtained from the GMM share equations and the NLS capital block, which examines the output

elasticities of materials, labor, and capital across industries. Next, we discuss the recovered productivity
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components, comprising labor-augmenting productivity and Hicks-neutral productivity, and evaluate
the impact of digitalization on each of these channels. We subsequently assess model validity through
diagnostic tests, including the Hansen J-test for overidentifying restrictions and the persistence parameters
governing the productivity processes. We analyze the Implications of the estimated production structure
for the elasticity of substitution between labor and capital, and present the labor share decomposition to
quantify the contributions of factor substitution, factor-biased technical change, and digitalization to
the evolving labor market share in Spanish manufacturing industry. Finally, we examine the impact of

digitalization on labor share.

Table 2: GMM Demand Estimates by Industry

Industry Inv. elast. (a;) 6  Markup Market dyn. Advertising (%)
All Industries —0.016 0.984 1.016 0.000166 0.0505
(0.005) (0.000017) (0.0118)
Food, Drink & Tobacco —0.005 0.995 1.005 0.000128 0.0327
(0.006) (0.000038) (0.0163)
Textile, Leather & Shoes —0.149 0.851 1.175 0.000340 0.1656
(0.040) (0.000092) (0.0581)
Timber & Furniture —0.012 0.988 1.012 0.000157 0.2015
(0.015) (0.000049) (0.0495)
Paper & Printing Products —0.001 0.999 1.001 0.000226 0.2985
(0.023) (0.000053) (0.2436)
Chemical Products —0.051 0.949 1.054 0.000193 —0.0350
(0.026) (0.000059) (0.0407)
Non-metallic Minerals —0.381 0.619 1.616 0.004046 8.8372
(0.182) (0.003346) (5.8522)
Metal & Metal Products —0.078 0.922 1.085 0.001925 —4.2336
(0.125) (0.001279) (2.3598)
Agri. & Ind. Machinery —0.030 0.970 1.031 0.000188 —0.0047
(0.023) (0.000064) (0.0400)
Electrical Goods —0.051 0.949 1.054 0.000247 —0.0543
(0.043) (0.000100) (0.0872)
Transport Equipment —0.044 0.956 1.046 0.000213 0.0637
(0.014) (0.000039) (0.1105)
Standard errors in parentheses. Inv. elast. = inverse elasticity of demand (a1). Here 6 = 1+ a1, and markup is

defined as 1/6. Market dyn. = coefficient of market dynamics (b1). Advertising reports 100 x bg, so it is interpreted
as the approximate percentage change in price associated with a 1 percentage-point increase in advertising intensity,
where advertising intensity is defined as (advertising expenses/sales) x 100. Estimation by two-step GMM (Quadratic
Spectral kernel).

The demand estimates reported in Table 2 summarize the inverse demand relationship for the full
sample and across industries. Column 2 reports the estimated inverse elasticity of demand, a1, column 3
reports 6 = 14 @y, column 4 reports the implied markup, 1/6, and the last two columns report the effects
of market dynamics and advertising intensity on demand. Because the specification is written as an
inverse demand equation, the coeflicient is identified from variation in output rather than from the usual

price-based demand elasticity formulation. A negative estimate of a; is therefore consistent with the
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expected inverse relationship between price and output: higher output is associated with a lower price.

Overall, the estimated inverse demand elasticities are economically sensible and mostly well behaved.
For the sample of all industries, the inverse elasticity is small and negative (—0.016), implying § = 0.984
and a modest markup of 1.016. This suggests that, on average, firms operate in markets with limited
but nonzero market power. Across industries, however, there is substantial heterogeneity. Some sectors,
such as Food, Drink & Tobacco, Timber & Furniture, and Paper & Printing Products, exhibit inverse
elasticities close to zero, implying 6 values close to one and markups only slightly above unity. This
pattern is consistent with relatively competitive product markets. In contrast, Textile, Leather & Shoes
and especially Non-metallic Minerals display larger negative inverse elasticities, which translate into lower
f and higher implied markups. For example, Non-metallic Minerals has an estimated inverse elasticity of
—0.381, implying 8 = 0.619 and a markup of 1.616, indicating substantially greater market power in that
sector.

The estimated coefficients on market dynamics are positive in all industries, although their
magnitudes vary considerably. This suggests that favorable market conditions are generally associated
with stronger demand. The advertising coefficients are more heterogeneous. In some industries, such
as Textile, Leather & Shoes and Timber & Furniture, advertising appears to be positively associated
with demand, while in others the estimates are small or even negative. These mixed results suggest that
the effectiveness of advertising is industry specific and may depend on sectoral differences in product
differentiation, branding, and consumer responsiveness. At the same time, some of the very large
coeflicients, such as for Non-metallic Minerals, should be interpreted cautiously given their large standard
errors.

Table 3 reports the persistence parameter AR(1), p, and the Sargan J-test of overidentifying
restrictions. The estimates of p are all high, generally lying between 0.91 and 0.98, which indicates
substantial persistence in the unobserved component of demand over time. The results of the J-test
generally support the validity of the set of instruments, since the null hypothesis of valid overidentifying
restrictions is not rejected at conventional significance levels for most industries. However, the evidence
is somewhat borderline in a few cases, such as Textile, Leather & Shoes, Agri. & Ind. Machinery, and
Electrical Goods, where the p-values are close to 0.05. Thus, while the diagnostic results are broadly
reassuring, these industries should be interpreted with somewhat greater caution.

Taken together, the results indicate that the estimated demand system delivers economically
plausible inverse demand elasticities, reasonable implied markups, and meaningful variation across
industries in both market power and the roles of market dynamics and advertising. The diagnostic tests
further suggest that the empirical specification is generally well supported by the data and instrument

set.
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Table 3: GMM Demand Diagnostics by Industry

Industry 0 J-statistic J p-value
All Industries 0.945 (0.005) 1.621 0.445
Food, Drink & Tobacco 0.911 (0.012) 1.175 0.556
Textile, Leather & Shoes 0.980 (0.005) 5.429 0.066
Timber & Furniture 0.946 (0.012) 2.331 0.312
Paper & Printing Products 0.940 (0.017) 0.564 0.453
Chemical Products 0.958 (0.016) 0.669 0.716
Non-metallic Minerals 0.928 (0.058) 0.001 0.974
Metal & Metal Products 0.969 (0.022) 0.001 0.980
Agri. & Ind. Machinery 0.968 (0.014) 12.296 0.056
Electrical Goods 0.952 (0.020) 5.347 0.069
Transport Equipment 0.950 (0.017) 3.386 0.184

Standard errors of p in parentheses. p is the AR(1) price persistence
parameter. The J-statistic tests overidentifying restrictions; a high p-value
indicates instrument validity.

Table 4 shows the estimated output elasticities of capital, labor, and materials across industries
when labor-augmenting productivity is not included in the specification. Overall, the estimated elasticities
are economically plausible and broadly well behaved. The results indicate that materials make the largest
contribution to output across nearly all industries, followed by labor, while capital contributes the least
on average.

For all industries, the mean materials elasticity is 0.793, substantially larger than the mean labor
elasticity of 0.088 and the mean capital elasticity of 0.092. This pattern suggests that production is driven
primarily by intermediate inputs, with smaller average contributions from labor and capital. Although
there is some heterogeneity across industries, the dominant role of materials is remarkably consistent. In
most sectors, the mean materials elasticity lies well above the corresponding labor and capital elasticities,
confirming that materials are the most important input in the production process. There is, however,
meaningful cross-industry variation in the relative importance of capital and labor. For example, labor
contributes more strongly in industries such as Non-Metallic Minerals, Metal & Metal Products, Textile,
Leather & Shoes, and Transport Equipment, whereas capital elasticities are generally modest across
sectors.

Table 7 reports the model diagnostics. The Hansen J-test results generally support the validity
of the instrument set, as the null hypothesis of valid overidentifying restrictions is not rejected for
most industries. An important exception is Metal & Metal Products, where the J-test p-value is 0.000,
indicating rejection of the overidentifying restrictions. The estimates for this industry should therefore
be interpreted with caution. The pooled sample result is also borderline, with a p-value of 0.050, and
should likewise be viewed with some caution.

The estimated persistence parameters, pgyvy and pnrs, indicate that both labor-related productivity
and Hicks-neutral productivity are persistent over time in most industries. In general, the estimated

AR(1) coefficients are positive and often relatively large, suggesting substantial serial dependence in
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the underlying productivity processes. While the degree of persistence varies across sectors, the overall
pattern supports the presence of dynamic productivity effects in both the stacked GMM cost-share
equations and the capital NLS block.

Table 4: Input Elasticities without Labor-Augmenting Productivity by Industry

Capital Elasticity (Ex) Labor Elasticity (Er)  Materials Elasticity (Fr)
Industry Q1 Mean Q3 Q1 Mean Q3 Q1 Mean Q3

All Industries 0.0563  0.092 0.130 —0.266  0.088 0.457 0.573  0.793 1.006

Food, Drink & Tobacco 0.062 0.138 0.220 0.083 0.193 0.298  0.537  0.642 0.747
Textile, Leather & Shoes —0.067  0.018 0.103 0.186 0.313 0.445 0.663  0.840 1.002

Timber & Furniture —0.065 0.112  0.277 0.029 0.188  0.350 0.547  0.630 0.708
Paper & Printing 0.067  0.078 0.088 0.028 0.108 0.185 0.723  0.799 0.876
Chemical Products 0.036  0.077  0.117 0.164 0.245 0.324 0.658  0.743 0.831
Non-Metallic Minerals —0.622  0.167 0.983 0.105 0.357 0.588  0.536  0.987 1.399

Metal & Metal Products ~ 0.026  0.001  0.029 0.236 0.323 0.421 0.609 0.714 0.808
Agric. & Ind. Machinery 0.020 0.036  0.052  0.203 0.279 0.351 0.644 0.702 0.763
Electrical Goods 0.005 0.025 0.048 0.162 0.271 0.380 0.629 0.719 0.810
Transport Equipment 0.025 0.055 0.088 0.221  0.287 0.349 0.621  0.696 0.776

Notes: Exk is obtained from the capital NLS block; Er and Ejs are obtained from the stacked GMM cost-share
equations. Q1 and Q3 denote the first and third quartiles of the estimated cross-sectional distributions.

Table 5 shows the distribution of labor-augmenting productivity, wr,, and Hicks-neutral productivity,
wp, across industries. The labor-augmenting component captures productivity gains that operate
specifically through labor, reflecting improvements in the efficiency of effective labor input. By contrast,
the Hicks-neutral component, recovered from the capital block via nonlinear least squares, captures
a neutral productivity term that shifts the production function proportionally without changing the
relative intensities of capital, labor, and materials. Taken together, these two components provide a
decomposition of productivity into factor-specific and neutral sources of firm performance.

For all the industries, the mean labor-augmenting productivity is 0.181, while the mean Hicks-
neutral productivity is 0.010. This pattern suggests that, on average, productivity gains in the sample are
driven more strongly by improvements that enhance labor effectiveness than by neutral shifts in overall
production efficiency. More generally, the estimates reveal substantial heterogeneity across industries in
both the level and the dispersion of the two productivity components.

A number of industries exhibit positive mean labor-augmenting productivity, indicating that
labor-enhancing productivity is an important source of firm performance in those sectors. The strongest
examples include Paper & Printing, with a mean wy, of 0.862, and Timber & Furniture, with a mean
of 0.349. These results suggest that in such industries, firms benefit relatively more from productivity
improvements that raise the effective contribution of labor. Other industries, including Electrical Goods,
Agricultural & Industrial Machinery, Textile, Leather & Shoes, and Metal & Metal Products, also display
positive average labor-augmenting productivity, although at more moderate levels.

By contrast, a few industries show negative mean labor-augmenting productivity, namely Food,

Drink & Tobacco, Chemical Products, Non-Metallic Minerals, and Transport Equipment. These negative
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means suggest that, on average, firms in these sectors experience weaker labor-specific productivity
performance relative to the normalization used in the model. Among these, Transport Equipment
(—0.132) and Chemical Products (—0.104) display the lowest average values.

The Hicks-neutral productivity estimates are generally smaller in magnitude than the labor-
augmenting component, which reinforces the view that neutral productivity shifts play a more limited
role on average. Several industries show positive mean Hicks-neutral productivity, including Timber &
Furniture (0.136), Metal & Metal Products (0.135), Agricultural & Industrial Machinery (0.135), and
Electrical Goods (0.085). This suggests that firms in these sectors experience modest positive neutral
efficiency shifts that raise output proportionally across inputs. In contrast, Food, Drink & Tobacco,
Textile, Leather & Shoes, Chemical Products, and especially Non-Metallic Minerals exhibit negative
mean Hicks-neutral productivity. The estimate for Non-Metallic Minerals is particularly notable, with a
mean of —1.020 and a very wide interquartile spread, indicating substantial dispersion and potentially
pronounced heterogeneity in firm-level neutral productivity within that sector.

Overall, our results showed that labor-augmenting productivity is the more prominent source of
productivity differences across firms and industries, while Hicks-neutral productivity plays a smaller but

still meaningful role, with considerable heterogeneity across sectors.

Table 5: Labor-Augmenting and Hicks-Neutral Productivity by Industry

Labor-Augmenting Productivity (wz)  Hicks-Neutral Productivity (wp)

Industry Q1 Mean Q3 Q1 Mean Q3

All Industries —0.116 0.181 0.460 —0.119 0.010 0.128
Food, Drink & Tobacco —0.404 —0.072 0.257 —0.131 —0.008 0.115
Textile, Leather & Shoes —0.395 0.148 0.616 —0.304 —0.105 0.074
Timber & Furniture —0.096 0.349 0.774 —0.036 0.136 0.359
Paper & Printing 0.657 0.862 1.046 —0.090 0.017 0.128
Chemical Products —0.494 —0.104 0.294 —0.170 —0.047 0.072
Non-Metallic Minerals —0.257  —0.019 0.333 —0.736 —1.020 0.960
Metal & Metal Products —0.223 0.056 0.310 —0.081 0.041 0.172
Agric. & Ind. Machinery —0.079 0.117 0.297 0.030 0.135 0.237
Electrical Goods —0.073 0.123 0.310 —0.023 0.085 0.191
Transport Equipment —0.350 —0.132 0.098 —0.092 0.018 0.123

Notes: Entries report Q1, mean, and Q3 of the estimated cross-sectional distributions of firm-level produc-
tivity. wr, is recovered from the stacked GMM cost-share equations; wy, is recovered from the capital NLS
block.

Table 6 shows the estimated effects of digitalization on labor-augmenting productivity, a;, and
Hicks-neutral productivity, ~1, across industries. These coefficients measure the extent to which lagged
digitalization is associated with subsequent productivity gains through factor-specific and neutral channels,
respectively.

At the aggregate level, digitalization has a positive and statistically significant effect on both
productivity components. The estimated coefficient in the labor-augmenting productivity equation is 0.034

and is significant at the 1% level, while the corresponding coefficient in the Hicks-neutral productivity
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equation is 0.030 and is likewise significant at the 1% level. These estimates indicate that, on average,
digitalization is associated both with improvements in the effective productivity of labor and with neutral
efficiency gains in Spanish manufacturing.

The industry-level estimates reveal substantial heterogeneity in both magnitude and precision.
For labor-augmenting productivity, most industries have positive point estimates, suggesting that the
labor-augmenting channel may be relevant in a broad range of sectors. However, the estimates are
generally imprecise, and in most cases the coefficients are not statistically distinguishable from zero
at conventional levels. As such, the industry-specific labor-augmenting effects should be interpreted
cautiously. A few industries, including Food, Drink & Tobacco and Transport Equipment, display
negative point estimates, but these are also estimated imprecisely and therefore do not provide strong
evidence of negative labor-specific productivity effects.

The Hicks-neutral estimates exhibit somewhat stronger evidence in a limited number of sectors. In
particular, Agricultural & Industrial Machinery shows a positive and statistically significant coefficient,
while Electrical Goods and Food, Drink & Tobacco also display positive coefficients with weaker statistical
support. This pattern suggests that, in some industries, digitalization may operate primarily through
broad-based efficiency gains that raise productivity proportionally across inputs. By contrast, for several
other sectors the Hicks-neutral coefficients are small or estimated with substantial uncertainty, which
limits the scope for precise inference. This is particularly true for Non-Metallic Minerals, where the
estimated coefficient is large in magnitude but highly imprecise.

Overall, the results provide clear evidence that digitalization is positively associated with both
labor-augmenting and Hicks-neutral productivity at the aggregate level. At the industry level, however,
the effects are more uneven and often imprecisely estimated. The evidence therefore points to heteroge-
neous productivity returns to digitalization across sectors, consistent with differences in technological

opportunities, organizational complementarities, and market environments.

32



Table 6: Impact of Digitalization on Labor-Augmenting and Hicks-Neutral Produc-

tivity
Industry Labor-Augmenting (aq) Hicks-Neutral (v7)
All Industries 0.034""" 0.030"""
(0.009) (0.008)
Food, Drink & Tobacco -0.031 0.031"
(0.029) (0.018)
Textile, Leather & Shoes 0.204 -0.042
(0.255) (0.035)
Timber & Furniture 0.089 0.034
(0.056) (0.045)
Paper & Printing 0.230 0.022
(0.165) (0.026)
Chemical Products 0.046 0.001
(0.040) (0.021)
Non-Metallic Minerals 0.041 -1.697
(0.035) (7.208)
Metal & Metal Products 0.026 0.034
(0.125) (0.022)
Agric. & Ind. Machinery 0.025 0.090""
(0.037) (0.037)
Electrical Goods 0.035 0.056"
(0.033) (0.029)
Transport Equipment -0.021 0.032
(0.041) (0.029)

Notes: Standard errors in parentheses. «3 is estimated from the stacked GMM cost-share
equations; 71 is estimated from the capital NLS block. ", ™, and * denote significance at the

1%, 5%, and 10% levels, respectively.

Table 7: Model Diagnostics by Industry

Industry PGMM ONLS J-test J-test p-value
All Industries 0.838 0.746 7.818 0.050
Food, Drink & Tobacco 0.899 0.833 9.005 0.109
Textile, Leather & Shoes 0.517 0.799 0.163 0.687
Timber & Furniture 0.768 0.895 4.658 0.199
Paper & Printing 0.836 0.776 16.995 0.108
Chemical Products 0.864 0.830 5.268 0.384
Non-Metallic Minerals 0.838 0.080 1.497 0.913
Metal & Metal Products 0.848 0.730 36.996 0.000
Agric. & Ind. Machinery 0.814 0.673 6.192 0.288
Electrical Goods 0.831 0.726 13.421 0.144
Transport Equipment 0.771 0.702 2.708 0.439

Notes: pevm and pnis are the estimated AR(1) persistence parameters from the
stacked GMM cost-share equations and the capital NLS block, respectively. The
J-statistic and associated p-value are from the Hansen overidentification test applied to
the pooled sample. A p-value above 0.05 indicates failure to reject instrument validity.

Table 8 reports the Allen elasticity of substitution between capital and labor, AESk, and the
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Morishima elasticity of substitution, M ESk, by industry. The distinction between the two measures is
important. The Allen elasticity is symmetric and provides a local measure of substitution between inputs,
whereas the Morishima elasticity is asymmetric and captures the directional response of the capital-labor
ratio to a change in the price of labor, holding output and the price of capital constant. For this reason,
the Morishima elasticity is often more informative for assessing how firms may adjust factor proportions
in response to changes in relative factor prices.

At the aggregate level, both measures suggest complementarity between capital and labor. The
mean AESk is —1.389, while the mean M ESk is —0.536. The negative sign of both elasticities
indicates that, on average, capital and labor tend to move together rather than substitute for one
another in Spanish manufacturing. This aggregate pattern is consistent with a production structure
in which capital deepening need not mechanically displace labor and may instead be associated with
complementary use of labor.

The industry-level distributions, however, suggest substantial heterogeneity in the relationship
between capital and labor. Some sectors exhibit positive mean elasticities under one or both measures,
indicating greater scope for substitution. The clearest examples are Chemical Products, with a mean
AESKkr of 8.655 and a mean M ESky, of 1.537, and Textile, Leather & Shoes, with a mean AESk,
of 4.079 and a mean MESky of 1.125. These patterns suggest that firms in these industries may
have greater flexibility to substitute capital for labor when relative labor costs rise. Positive mean
elasticities are also observed in Metal & Metal Products, Transport Equipment, and Agricultural &
Industrial Machinery, although the wide interquartile ranges in some of these sectors indicate substantial
within-industry dispersion.

By contrast, other industries display patterns more consistent with complementarity between
capital and labor. Timber & Furniture shows negative mean elasticities under both measures, with
a mean AESkr of —4.118 and a mean M ESk; of —0.076. Electrical Goods likewise exhibits strong
complementarity, with a mean AESk of —13.535 and a mean M ESk, of —6.513. At the same time,
the large magnitudes and wide interquartile ranges in some sectors suggest that these relationships vary
considerably across firms, so the reported means should be interpreted as broad descriptive summaries
rather than uniform technological features within each industry.

A comparison of the Allen and Morishima measures further suggests that conclusions regarding
factor substitutability may depend on the elasticity concept employed. In some sectors, the two measures
point in the same qualitative direction, as in Chemical Products and Textile, Leather & Shoes, where
both indicate substitutability. In other sectors, however, the two measures differ in sign. For example,
Non-Metallic Minerals has a positive mean AESky of 0.323 but a negative mean M FE Sk of —0.803,
while Timber & Furniture has a negative mean AFE Sk but a Morishima elasticity close to zero. These
differences reflect the fact that the Morishima elasticity is directional and therefore may provide a more
informative description of how factor ratios respond to changes in relative input prices.

Overall, the results suggest complementarity between capital and labor in the aggregate, alongside
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pronounced heterogeneity across industries. Some sectors appear to have greater scope for substitution
between capital and labor, whereas others exhibit patterns more consistent with complementarity. This
heterogeneity is likely to matter for labor share dynamics, since the effects of capital accumulation,
technological change, or digitalization on labor demand may differ depending on the underlying degree of

substitutability between capital and labor.

Table 8: Allen and Morishima Elasticities of Substitution by Industry

Allen (AESkL) Morishima (M ESkr)

Industry Q1 Mean Q3 Q1 Mean Q3

All Industries —1.974 —1.389 —0.671 —0.742 —0.536 —0.265
Chemical 10.481 8.655 14.327 1.151 1.537 2.190
Electrical —21.433 —13.535 —5.278  —10.541 —6.513 —2.276
Food, Drink & Tobacco —11.493 —3.272 6.256 —2.291 —0.520 1.531
Metal & Metal Products —4.720 1.578 8.135 —0.294 2.257 4.913
Non-metallic Minerals —0.205 0.323 0.947 —1.896 —0.803 —0.263
Paper & Printing Products —1.185 0.924 2.890 —2.198 0.702 3.555
Textile, Leather & Shoes 3.628 4.079 4.679 0.901 1.125 1.394
Timber & Furniture —4.610 —4.118 —2.729 —0.254 —0.076 0.098
Transport Equipment —1.442 1.149 3.431 0.162 2.200 4.421
Agric. & Ind. Machinery —3.982 2.788 10.307 —4.096 1.822 7.992

Notes: AESkr, is the Allen elasticity of substitution between capital and labor. M ESky, is the
Morishima elasticity of substitution, measuring the percentage change in the capital-labor ratio
when the price of labor changes, holding output and the price of capital constant. Q1 = first
quartile; Q3 = third quartile. Negative values indicate complementarity; positive values indicate
substitutability.
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7.1 Digitalization and Labor Share

In this subsection, we decompose labor share into components such as markup, output elasticities of
labor, and labor augmenting productivity. In our estimation, we exclude markup because our demand
estimation and markup are industry-level, so there is no variability at the firm level. We also examine
the effect of digitalization on the labor share. In our model, we showed that the labor share depends
on markups, the output elasticities of inputs, and labor-augmenting productivity, where the latter is
specified as a function of digitalization. This formulation motivated the development of a theoretical
framework for how digitalization affects labor share, which we present in the companion paper to this
study. Specifically, Musbaudeen & Kumbhakar (2026) discusses the theoretical foundations and the
various channels through which digitalization can affect labor share. We argue that digitalization can
cause labor share to rise or fall depending on the elasticities of substitution, task reallocation, markup
dynamics, and output expansion. Table 11 reports estimates of the impact of digitalization on the labor
share (sz,) across all industries and ten disaggregated manufacturing sectors, obtained from two-way

fixed effects panel regressions.

7.1.1 Labor Share Decomposition

Table 9 reports the average annual decomposition of changes in the labor share across industries. At the
top level, the change in the labor share is partitioned into within-firm and between-firm components.
The within-firm component is then further decomposed into contributions from labor intensity, capital
intensity, materials intensity, labor-augmenting productivity, and a residual term. Since all entries are
reported in percentage points, the table provides a direct accounting of the average annual sources of
labor share adjustment among continuing firms.

At the aggregate level, the labor share declines by 0.091 percentage points per year. This decline
is accounted for primarily by within-firm adjustment, which contributes —0.139 percentage points,
whereas the between-firm component is positive but smaller in magnitude at 0.048 percentage points.
The aggregate pattern therefore suggests that the decline in the labor share is not mainly driven by
reallocation across firms, but rather by changes in input use and productivity occurring within incumbent
firms.

The within-firm decomposition indicates that materials intensity is the dominant force behind the
aggregate decline in the labor share. The materials channel contributes —1.192 percentage points per year,
substantially outweighing the positive contributions of labor intensity (0.635) and capital intensity (0.608).
The labor-augmenting productivity channel also contributes negatively, at —0.160 percentage points,
while the residual is quantitatively small at —0.030. Taken together, these magnitudes suggest that the
aggregate decline in the labor share is closely associated with a rising role for materials in production,
with offsetting but incomplete support from changes in labor and capital intensity. This pattern is

consistent with firms adjusting production organization in ways that raise the share of intermediate
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inputs relative to labor compensation.

The industry-level decomposition reveals substantial heterogeneity in both the sign and composition
of labor share changes. In most sectors with declining labor shares—including Agricultural & Industrial
Machinery, Chemical Products, Electrical Goods, Food, Drink & Tobacco, Metal & Metal Products,
and Transport Equipment—the within-firm component is negative, while the between-firm component is
positive. This pattern suggests that labor share decline in these industries is primarily an incumbent-firm
phenomenon rather than the result of compositional shifts toward firms with systematically lower labor
shares.

At the same time, the internal composition of the within-firm effect differs markedly across industries.
In Agricultural & Industrial Machinery, Food, Drink & Tobacco, and Transport Equipment, the negative
within-firm contribution is driven mainly by the materials channel, indicating that increased materials
intensity is closely associated with a decline in labor share. In Chemical Products, both capital and
materials contribute negatively, while labor-augmenting productivity contributes positively, partially
offsetting the decline. In Electrical Goods, the negative within-firm effect reflects weaker labor intensity
and stronger materials intensity, with positive contributions to capital and productivity only partly
counterbalancing these forces. These patterns suggest that similar reductions in the labor share may
arise through different combinations of technological change and input reallocation across sectors. A
smaller set of industries, Paper & Paper Products, Textile, Leather & Shoes, and Timber & Furniture,
show rising labor shares on average. Here too, however, the underlying mechanisms differ.

Table 10 further decomposes the labor-augmenting productivity channel into the components
of digitalization, persistence, and innovation. At the aggregate level, the total contribution of labor-
augmenting productivity is negative, at —0.160 percentage points, despite a strongly positive digitalization
contribution of 2.171 percentage points. This positive contribution is more than offset by negative
persistence (—1.748) and innovation (—0.582) components. The aggregate evidence therefore suggests
that digitalization supports the labor share through the labor-augmenting productivity channel, but
that this support is, on average, offset by adverse dynamic forces associated with mean reversion and
innovation shocks.

The industry-level decomposition again indicates pronounced heterogeneity. In some industries,
digitalization contributes positively but is offset by unfavorable persistence or innovation terms. Paper &
Paper Products is a particularly clear example: digitalization contributes 3.003 percentage points, but
this effect is nearly neutralized by a persistence term of —3.100, leaving only a modest positive total
contribution. Textile, Leather & Shoes combines positive digitalization and persistence effects with a
large negative innovation term, yet still records a strongly positive overall labor-augmenting productivity
contribution. By contrast, Timber & Furniture exhibits a positive digitalization effect that is more than
outweighed by negative persistence and especially negative innovation, yielding a strongly negative total
productivity contribution.

Other sectors show that digitalization need not be the dominant determinant of the labor-augmenting
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productivity channel. In Chemical Products, the positive total contribution of Awy, is supported by
both digitalization and innovation. In Food, Drink & Tobacco, both digitalization and persistence are
negative, and these outweigh the positive innovation term, producing a negative total contribution. In
Non-Metallic Minerals, digitalization is positive, but a large negative innovation component dominates,
resulting in a strongly negative net effect. Transport Equipment still presents a different pattern, with a
positive total contribution driven primarily by persistence rather than digitalization.

Overall, the decomposition suggests three main conclusions. First, labor share dynamics are
shaped predominantly by within-firm adjustments rather than by between-firm reallocation. Second,
the aggregate decline in the labor share is closely associated with increased materials intensity, with
labor-augmenting productivity playing a secondary but still important role. Third, the contribution of
labor-augmenting productivity is itself the outcome of offsetting digitalization, persistence, and innovation
forces, with substantial variation across industries. These findings are consistent with the view that labor
share changes reflect firm-level adjustments in production structure and technology adoption, and that

the relative importance of these margins differs sharply across sectors.

Table 9: Labor Share Decomposition by Industry: Average Annual Contributions

Within-firm effect

Industry ASL; Total Labor Capital Materials  Awp, Residual Between
All industries —0.091 -0.139 0.635 0.608 —1.192 —0.160  —0.030 0.048
Agric. & Ind. Machinery  —0.054 —0.284 0.109 0.064 —0.514 0.001 0.057 0.230
Chemical Products —0.069 —0.157 0.095 —0.351 —0.369 0.494 —0.027 0.087
Electrical Goods —0.052 —-0.219 —0.188 0.250 —0.262 0.025 —0.044 0.167
Food, Drink & Tobacco —0.073 —0.126 0.332 0.288 —0.314 —0.259 —0.173 0.054
Metal & Metal Products —0.138 —0.241 —0.089 —0.004 —0.232 0.039 0.045 0.103
Non-Metallic Minerals —-0.067 —0.010 —0.027 0.975 —0.026 —0.689  —0.244 —0.056
Paper & Paper Products  0.118 0.195 —0.045  0.002 —0.006 0.126 0.118 —0.077
Textile, Leather & Shoes  0.403 0.412 —0.033 —1.139 0.332 0.954 0.298 —0.010
Timber & Furniture 0.089 0.168 —0.062 2.135 0.004 —1.825 —0.083 —0.079
Transport Equipment —0.155 —0.253 —0.045 0.062 —0.209 0.186 —0.247 0.098

Notes: All entries are multiplied by 10 (i.e. reported as percentage points). The decomposition follows equation (53).
At the top level, the change in the labor share satisfies

ASL; = Within + Between.

The within-firm effect is further partitioned into the labor-intensity, capital-intensity, materials-intensity, labor-
augmenting productivity (Awr), and residual components following equation (48). Thus, the residual is part of the
within-firm decomposition rather than a separate top-level component. Averages are computed over the balanced
sample of continuing firms (stayers) observed in consecutive years, 2000-2019.
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Table 10: Decomposition of the Labor-Augmenting Productivity Channel by Industry

of which:

Industry Awp, total Digitalization Persistence Innovation
All industries —0.160 2.171 —1.748 —0.582
Agric. & Ind. Machinery 0.001 0.318 —0.259 —0.058
Chemical Products 0.494 0.275 —0.130 0.349
Electrical Goods 0.025 0.658 —0.159 —0.475
Food, Drink & Tobacco —0.259 —0.305 —0.419 0.465
Metal & Metal Products 0.039 0.254 —0.277 0.062
Non-Metallic Minerals —0.689 0.718 —0.262 —1.145
Paper & Paper Products 0.126 3.003 —3.100 0.223
Textile, Leather & Shoes 0.954 1.573 1.026 —1.645
Timber & Furniture —1.825 1.907 —1.003 —2.729
Transport Equipment 0.186 —0.166 0.331 0.021

Notes: All entries are multiplied by 102 (i.e. reported as percentage points). The Awr,
total column reproduces the labor-augmenting productivity channel from Table 9. The
three sub-components follow equation (51): the digitalization effect is 0 frron D;t—1,
the persistence effect is ;81 (p — 1)wr, i,t—1, and the innovation effect is 0181 1&it. By
construction, the three sub-components sum to the Awy, total in each row.

7.1.2 Effect of Digitalization on Labor Share

This subsection presents the estimates of the effect of digitalization on the labor share. To address
potential endogeneity of digitalization, we instrument current digitalization with its lagged value and
estimate the specification using two-stage least squares with firm and time fixed effects. We exclude
markup from the industry-level regressions because, in our empirical setup, it is not estimated with

within-industry variation and is therefore not separately identified in these specifications.

Table 11: Effect of Digitalization on Labor Share by Industry

Industry Estimate  Std. Error
All Industries 0.0625***  (0.0083)
Agricultural and Industrial Machinery  0.0012 (0.0343)
Chemical Products 0.0740** (0.0132)
Electrical Goods 0.0224 (0.0386)
Food, Drink and Tobacco 0.065*** (0.0065)
Metal and Metal Products 0.0386 (0.0203)
Non-Metallic Minerals 0.095** (0.0311)
Paper and Printing Products 0.045* (0.0111)
Textile, Leather and Shoes 0.098 (0.0441)
Timber and Furniture 0.0680* (0.0317)
Transport Equipment 0.0613 (0.0334)

Significance: ***p < 0.001, **p < 0.01, *p < 0.05, 'p < 0.1
Dependent variable: Labor share (s1). Two-way fixed effects panel models.

Controls: wr, In K, In M. Standard errors in parentheses.

At the aggregate level, digitalization has a positive and precisely estimated effect on the labor share.
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The coefficient of 0.0625, significant at the 0.1% level, indicates that digitalization is associated with a
higher labor share in the pooled sample of Spanish manufacturing firms, conditional on labor-augmenting
productivity, capital, materials, and two-way fixed effects. This result provides evidence that, on average,
digitalization is associated with a reallocation of value added toward labor rather than away from it. In
that sense, the aggregate estimate is more consistent with a labor-complementing interpretation of digital
adoption than with a purely labor-displacing one.

The industry-level estimates reveal substantial heterogeneity in both magnitude and precision.
Several sectors display positive and statistically significant coefficients, indicating that digitalization
is positively associated with the labor share in those industries. The largest effects are observed in
Non-Metallic Minerals (0.095, significant at the 1% level), Chemical Products (0.074, significant at the 1%
level), Timber & Furniture (0.068, significant at the 5% level), Food, Drink & Tobacco (0.065, significant
at the 0.1% level), and Paper & Printing Products (0.045, significant at the 5% level). These estimates
provide reasonably strong evidence that digitalization raises the labor share in these sectors, holding
constant firm fixed effects, time effects, and other covariates.

A second group of industries exhibits positive but less precisely estimated coefficients. Textile,
Leather & Shoes (0.098), Transport Equipment (0.0613), and Metal & Metal Products (0.0386) all have
positive estimates that are only marginally significant at the 10% level. These coefficients are consistent
with a positive relationship between digitalization and the labor share, but the statistical support is
weaker, so they should be interpreted as suggestive rather than conclusive. Electrical Goods also has a
positive coefficient (0.0224), but it is not statistically distinguishable from zero at conventional levels.

Agricultural & Industrial Machinery stands out as the sector in which the estimated effect is
essentially zero (0.0012) and statistically insignificant. For this industry, the regression provides little
evidence of a systematic association between digitalization and the labor share. More broadly, the
variation across sectors indicates that the labor-share consequences of digitalization are not uniform
across manufacturing activities.

This heterogeneity is economically plausible. The labor-share effect of digitalization depends not
only on whether digital technologies substitute for or complement labor, but also on how they alter
production organization, task allocation, and the demand for intermediate inputs within firms. In
industries where digital adoption complements labor-intensive tasks or raises worker productivity in
production, coordination, or monitoring, digitalization is more likely to increase labor’s share of value
added. By contrast, in sectors where digital tools primarily improve process efficiency without materially
increasing labor’s relative contribution, the estimated effect on the labor share may be smaller or less
precisely estimated. Overall, the regression results indicate a positive aggregate relationship between
digitalization and the labor share, while also pointing to substantial sectoral heterogeneity in the strength

of that relationship.
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7.2 Summary of Results

The preceding results explain three points: digitalization raises labor-augmenting productivity in most
industries, raises Hicks-neutral productivity in nearly all of them, and has a positive net effect on the
labor share at the aggregate level. These are not three independent findings. They are connected through
our novel method of estimating non-neutral production technology, and this connection is worth spelling
out, because the sign of the labor share effect is not obvious from productivity effects alone. It could
easily have gone the other way.

Start with the labor-augmenting channel. When digitalization increases labor quality, it reduces the
number of raw hours a firm needs to produce a given level of output. A textile firm that adopts digital
process coordination, for instance, may achieve the same throughput with fewer but better-supported
workers. On its own, this effect reduces labor’s share. This is exactly the mechanism that Doraszelski &
Jaumandreu (2018) emphasizes in their decomposition of the Spanish labor share from 1990 to 2006, and
it operates in our data as well. The labor-augmenting component of technical change, other things equal,
is a force against labor’s income share.

But other things are not equal, and this is where the elasticities of substitution matter. At the
aggregate level, we estimate that capital and labor are complements. The mean Allen elasticity is
—1.3890, and the mean Morishima elasticity is —0.536, as reported in Table 8. Under complementarity,
an improvement in the effective quality of labor does not lead firms to substitute labor for capital. Instead,
the two inputs move together. As labor becomes more productive, the marginal product of capital also
rises, firms invest more, and that investment in turn raises labor demand. The labor share rises because
labor’s revenue-generating capacity grows more rapidly than hours worked decline. This is, admittedly,
a somewhat knife-edge argument. It requires that complementarity be strong enough to dominate the
hours-reducing effect. In our aggregate estimates, the complementarity is quite strong, and the positive
coeflicient on digitalization in the labor share regression reported in Table 11 confirms that the net effect
is indeed positive.

The Hicks-neutral channel reinforces this, but through a different mechanism. When digitalization
raises the efficiency of the entire production process, it expands the output a firm can produce from a given
bundle of inputs. This output expansion raises revenue and, if factor markets are reasonably competitive,
the additional revenue is shared across inputs roughly in proportion to their output elasticities. Because
materials dominate the elasticity structure, with a mean materials elasticity of 0.79 compared to 0.09 for
labor and 0.09 for capital, most of the Hicks-neutral gain flows to materials. But labor still benefits, and
the near-universal positive sign on ; across industries as shown in Table 77 means that this channel
provides a broad base of support for worker incomes even in industries where the labor-augmenting effect
is weak or negative.

The chain of reasoning, from digitalization to factor-augmenting productivity to output elasticities

and to the labor share, mediated by the elasticity of substitution, is consistent with our estimates, and
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we find the reasoning compelling. However, our exercises in this study did not estimate a model that
simultaneously traces these channels. Instead, we combine estimates from the GMM share equations, the
NLS capital block, and the fixed-effects labor share regressions, and link them through production theory.
A more demanding test would embed the labor share decomposition directly into the estimation, which
we leave to future work 2. What we can say is that the pattern of results across industries is difficult to
rationalize without the interaction between productivity channels and substitution elasticities that we
have described. The aggregate positive effect of digitalization on the labor share is not an accident. It
reflects a specific configuration of production technology in which the complementarity between capital

and labor ensures that, on balance, digital productivity gains accrue to workers.

8 Policy Implications and Conclusions

The objective of the paper is to (i) develop a more flexible method for estimating factor-augmenting
(neutral and non-neutral) productivity, and (ii) use that method to examine how digitalization shapes
production technology and the distribution of income between labor and capital in Spanish manufacturing.
On the methodological side, our main contribution is to use a three-stage estimation procedure for a
translog production function that does not impose homothetic separability assumption. This matters
because separability restrictions constrain interactions among inputs in ways that are at odds with much
of the empirical evidence and can distort estimates of both productivity and factor shares. The procedure
we propose — combining demand-side 2SLS, stacked GMM on quasi-differenced share equations, and
nonlinear least squares for the capital block — is, we think, reasonably tractable and transparent. It
also accommodates both competitive and imperfectly competitive product markets, which is a practical
necessity when working with manufacturing data where markups are non-trivial.

The empirical results, drawn from 2,795 firms across 10 manufacturing industries over 2000-2019,
yield several findings worth highlighting. First, Spanish manufacturing exhibits substantial heterogeneity
in the elasticity of substitution between capital and labor. Two of the ten industries show complementarity;
the others display varying degrees of substitutability. This variation has direct implications for how
different sectors respond to digitalization and capital-price changes, and it underscores the cost of
imposing a common elasticity across sectors as the CES framework requires.

Second, digitalization has a positive and statistically significant effect on both labor-augmenting
productivity (3.4%) and Hicks-neutral productivity (3.0%) at the aggregate level. The industry-level
picture is more nuanced. The Hicks-neutral channel is broadly operative — positive in eight of ten
industries — which suggests that digital technologies tend to generate general efficiency improvements
regardless of the production context. Similarly, the labor-augmenting channel shows positive effects

in eight of the ten industries. This pattern suggests that whether digitalization enhances the effective

2A companion paper to this study discusses the labor share decomposition and the effects of digitalization through these
channels
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quality of labor — as opposed to substituting for it — depends on sector-specific factors, including the
composition of the workforce, the nature of production tasks, and the degree to which digital tools can
be deployed alongside workers rather than in place of them.

Third, and perhaps most directly policy-relevant, digitalization raises the labor share of income
by approximately 6.3 percentage points at the aggregate level. This finding runs counter to much of
the recent debate, which has tended to treat digital adoption and labor income as in tension. The
positive effect is consistent with the capital-labor complementarity we find in the aggregate elasticity
estimates: when firms deepen their use of digital capital in an environment where capital and labor are
complements, workers become more productive, and their share of revenue tends to rise. That said,
we also document a countervailing force. Labor-augmenting technical change — precisely the channel
through which digitalization improves worker efficiency — tends, other things equal, to reduce the labor
share over time. As fewer hours of labor are needed to produce a given level of output, the revenue
accruing to labor can fall even as each remaining worker becomes more productive. The net effect of
digitalization on the labor share is positive in our sample, but the mechanism is not straightforward, and
the balance could tip in the opposite direction in other settings.

These findings have a few implications for policy. The positive aggregate effect on the labor
share suggests that policies accelerating digital adoption in manufacturing need not sacrifice labor’s
income share in exchange for productivity gains. Investment in digital infrastructure — broadband
connectivity, cloud platforms, industry-specific digitalization programs — can plausibly support both
goals simultaneously. This seems especially relevant for European industrial policy, where concerns about
the distributional consequences of automation have often tempered support for technology-promoting
initiatives.

At the same time, the heterogeneity in the labor-augmenting effects argues against sector-blind
policy. Industries like Textile, Leather and Shoes and Timber and Furniture — where digitalization
raises both labor-augmenting productivity and the labor share — appear well-positioned to benefit from
targeted digital adoption programs. Industries like Metal and Metal Products, where the neutral channel
dominates and the labor-augmenting effect is negative, may need complementary investment in workforce
training and skill upgrading before digital technologies can enhance labor productivity rather than simply
displacing it. The design of digitalization policy, in other words, probably needs to be sensitive to where
in the production technology the relevant effects are operating.

The tension between labor-augmenting productivity growth and the labor share also points to a role
for active labor market policy. When technology improves worker efficiency and reduces required hours,
the gains from that improvement are not automatically distributed broadly. Retraining programs, support
for occupational reallocation, and incentives for organizational restructuring that redeploy displaced
labor toward new tasks can help ensure that productivity gains translate into broadly shared income
growth rather than concentration among capital owners.

Finally, for researchers, our results reinforce the case for flexible production function specifications
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when the goal is to assess the distributional implications of technological change. The assumption
of homothetic separability, which most existing work maintains, is not innocuous: relaxing it yields
meaningfully different estimates of factor bias and input interactions. We hope the three-stage procedure
developed here proves useful to others working in this area, and we would encourage future work to
examine whether similar patterns hold in other countries and sectors, particularly as digitalization

continues to evolve and Al-specific effects become more empirically tractable.
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Appendix A: Variable Definitions

e Investment (I;;): The value of current-period investment in equipment goods, excluding buildings,

land, and financial assets. Investment made in period ¢ becomes productive in period ¢ + 1.
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Capital (Kj;): The real capital stock, computed using the perpetual inventory method as
I

Ky = (1 — 5)P€—tKit + Ijy, where § = 0.15 is the annual depreciation rate and P/ is the
t—1

manufacturers’ investment price index. Real capital is obtained by deflating capital at current

replacement values by the investment price index.
Labor (L;): Total effective hours worked by all employees of the firm in year ¢.

Materials (M;;): The real value of intermediate consumption, comprising raw materials, energy,
and purchased services. Nominal intermediate consumption expenditures are deflated by a firm-

specific intermediate consumption price index constructed from price variations reported in the

ESEE.

Output (Yj;): The real value of goods and services produced, obtained by deflating nominal

production values by a firm-specific output price index constructed using the Paasche index formula.
Revenue (R;;): The nominal sales value of goods and services sold by the firm in year ¢.

Wage (W, ;t): The hourly wage rate, defined as total labor compensation divided by total effective

hours worked.

Output Price Index (Pft/) A firm-specific Paasche price index constructed from price variations

of output sales reported in the ESEE, following the methodology of Jaumandreu and Lin (2018).

Materials Price Index (Pé\/[ ): A firm-specific Paasche price index constructed from price

variations of intermediate consumption reported in the ESEE.

Demand Shifters: Two variables enter the demand specification: (i) market dynamics (mktd;),

capturing firm-level demand conditions, and (ii) the ratio of advertising expenditure to sales (ads;t).

Labor Share (sp;): The ratio of total labor compensation to total revenue, sr; =
Wit Lit/(PiYit)-

Materials Share (sps;:): The ratio of total materials expenditure to total revenue, sys ;i =
Wit Mt/ (PitYit).

Hkhrink:l5]Digitalization Index: Variable Definitions
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Dimension

Variable

Definition

Automation

Interactions with
stakeholders

Digital-related

human capital

IT technological

component

Other digital

Use of robots

Use of numerically controlled
machines
Use of computer-aided design

Use of flexible systems

Use of LAN

Ownership of internet do-
main
Ownership of a webpage

Sales to companies via inter-
net

Sales to final consumer via
internet

E-buying

External expenses in soft-

ware and IT training

Investment in computer
equipment

Hiring of software program-
ming

Purchases from suppliers on-
line

Impact of internet on sales

Whether the company uses robots in the production process
(Yes/No)
Whether the company uses digital-control tool machines in the

production process (Yes/No)

Whether the company makes use of computer-assisted design
(Yes/No)

Whether the company combines machine tools controlled by com-
puter, robotics, and/or CAD through a mainframe computer

(Yes/No)

Whether the company uses Local Area Network in manufacturing
activities (Yes/No)
Whether the company has its own internet domain (Yes/No)

Whether the company’s web page is stored on its own servers
(Yes/No/NA)
Availability of a sales system for other companies through internet
(Yes/No/NA)
Availability of a sales system for final customers through internet
(Yes/No/NA)
Company’s presence in internet due to e-commerce (Very impor-

tant/Important /Not very important/Irrelevant/NA)

Value of external expenses in training for employees in computing

and information technologies (Euros)

Share of purchases of information processing equipment in total

tangible fixed asset purchases (%)
Whether the company contracts out software programming services

(Yes/No)

Whether goods or services are purchased through internet
(Yes/No/NA)

Direct or indirect impact of internet presence on company sales
(None/Weak/Strong/Not evaluable/NA)

Notes: Variable definitions follow the ESEE questionnaire. Categorical variables are binary unless otherwise noted. Monetary variables are expressed in

Euros; percentage variables are expressed as shares.
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