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Abstract

We show that short-term liquidity can be a source of competitive advantage by enabling
firms to invest in intangible assets. Our analysis leverages a French reform that capped
payment delays in trade credit contracts, which generated quasi-experimental variation in
corporate liquidity across manufacturing firms. Higher liquidity led to significantly greater
investment in intangibles, which, in turn, raised markups and market shares. These results
suggest a strategic role for liquidity in shaping firm performance, indicating that initial

financial conditions can have lasting effects on productivity and market structure.
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1 Introduction

Intangible capital has become a major driver of economic activity in advanced economies. Assets
such as intellectual property, brand equity, and organizational know-how increasingly determine
a firm’s value, supplanting traditional inputs like physical capital and labor. Firms that invest in
and effectively manage intangible assets are better positioned to scale, differentiate, and adapt
to shifting demand, contributing to long-run profitability and resilience (Haskel and Westlake,
2018).

A large literature shows that intangible investment is strongly associated with product mar-
ket performance, both domestically and internationally.! Much less is known, however, about
the forces that drive such investment. While it is well established that investment responds to
financial conditions, we show that short-term liquidity is particularly crucial for intangibles. To
establish this link, we exploit a French policy reform that generated quasi-experimental varia-
tion in trade-credit rules and use it to identify how liquidity shocks shape intangible investment
and, ultimately, competitive advantage. Our findings indicate that short-term financing can
have persistent effects on firm performance by influencing the allocation of intangible capital
and, in turn, altering product market dynamics.

Our analysis is guided by studies showing a link between intangibles and firm performance
through several channels. Intangibles can lower marginal costs and raise fixed costs, creating
strategic advantages that deter entry (De Ridder, 2024). They can shift demand through
advertising and customer capital (Morlacco and Zeke, 2021). They can exhibit increasing returns
when embedded in information-based technologies that scale with size (Lashkari et al., 2024).
While distinct in mechanism, these frameworks share the prediction that greater intangible
intensity of firms is associated with stronger competitive positions.

These models typically abstract from financial constraints. In practice, intangible assets
are difficult to finance externally because they have limited collateral value and are difficult to
price, which makes them poorly suited to debt financing (Hall and Lerner, 2010). Therefore,

short-term liquidity from internal sources becomes essential to maintain investment (Fazzari

'We review the relevant literature in detail below.



et al., 1988). This yields three testable implications: (i) under binding liquidity constraints, an
exogenous shock to short-term liquidity should raise intangible investment; (ii) higher intangible
investment should strengthen competitive position; and (iii) because tangible assets are more
easily collateralized and more sensitive to interest rate conditions (David and Gourio, 2023),
tangible investment should respond less to the same shock.

We test these predictions using a 2009 French reform that capped domestic trade-credit
terms at 60 days. The policy tightened internal liquidity for downstream buyers and relaxed it
for upstream suppliers that had previously extended payment periods longer than the 60-day
cap (Beaumont and Lenoir, 2023). We combine this setting with administrative data on French
manufacturing firms from 2004 to 2014.

We begin by testing for liquidity constraints in intangible investment. Our main outcome
variable is the book value of intangibles, with changes over time serving as a proxy for invest-
ment. We implement a difference-in-differences design that exploits firms’ initial distance from
the 60-day cap (first difference) and compares investment behavior before and after the reform
(second difference). Because the sign of the liquidity shock depends on whether a firm is a net
supplier or a recipient of trade credit, treatment is defined by net trade-credit exposure. All
specifications include firm fixed effects and financial controls to address concerns that initial
distance from the cap may be correlated with underlying investment opportunities. Support-
ing the validity of this approach, event-study estimates show no differential pre-trends between
treated and control firms.

Improved short-term liquidity has a sizable impact on intangible investment. Moving a
firm from the 25th to the 75th percentile of net exposure raises the stock of intangibles by
3-6 percentage points, depending on the specification. The effects are robust across alterna-
tive treatment definitions, measures of intangibles, regression weights, and control sets. These
findings suggest that liquidity constraints are binding in financing intangibles, underscoring the
importance of short-term credit in facilitating investment in these strategic assets.

We next turn to product market outcomes, instrumenting intangible investment with the
reform-induced liquidity shock. Consistent with theory, higher intangible investment translates

into stronger competitive positions. Our baseline estimates suggest that a 10 percent increase



in intangible investment raises markups, our primary measure of competitive advantage, by
about 2 percent. We corroborate this result through a range of robustness checks. We also
show that the effect holds when using market share and total exports as proxies for competitive
advantage. These variables provide complementary accounting-based measures of firms’ market
performance and are less subject to measurement concerns.

A natural concern is measurement error in our proxies for intangibles and markups. For
intangibles, we rely on the book value of intangible fixed assets in Orbis, which primarily
captures assets acquired in business combinations. Changes in this stock may therefore reflect
restructuring rather than new investment. To address this limitation, we construct a flow-based
proxy from operating expenditures not tied to production and report parallel estimates. Both
measures align well with Compustat benchmarks at the industry level, and the investment
response to the liquidity shock is strongest in sectors with high intangible intensity, which is
difficult to reconcile with an acquisition-only interpretation.

Markups are measured using the cost-based approach of De Loecker and Warzynski (2012),
which infers markups from the ratio of output elasticities to input expenditure shares. Two
issues are worth noting in our context. First, the treatment of intangibles in production-function
estimation can significantly bias elasticities (Traina, 2018). Second, reliance on revenue data
may introduce price-related biases (De Loecker and Goldberg, 2014). We address these concerns
by estimating alternative production functions that incorporate intangibles either as inputs
or as productivity shifters, by using input cost shares as proxies for elasticities that bypass
production-function estimation, and by considering additional balance-sheet-based indicators
of competitive strength. The core findings remain stable across all approaches.

Finally, we examine the exclusion restriction. Our design requires that the liquidity shock
influence competitive outcomes only through intangible investment. A potential concern is that
the shock might also affect tangible capital or borrowing capacity. Consistent with our third
testable prediction, we find no effect on physical investment and no post-reform divergence
between treated and control firms in indicators of access to external finance. These results
reinforce the credibility of our identification strategy and confirm that the relevant channel

operates through intangibles.



Overall, the evidence demonstrates that short-term financing, such as trade credit, is a
strategic input into the accumulation of intangible capital. By determining which firms are
able to accumulate these strategic assets, liquidity conditions shape competitive dynamics and
influence the long-run distribution of productivity and market shares, with implications for

aggregate efficiency.

Related Literature This paper contributes to a growing literature on the relationship be-
tween financial conditions and firm competitiveness. Most directly, it advances our under-
standing of how short-term liquidity shapes competitive outcomes, with a particular focus on
intangible investment as a key transmission channel.

Prior research highlights the strategic role of liquidity in product markets.? Cash-rich firms
tend to gain market share, particularly in competitive industries (Fresard, 2010), while heavy
debt burdens can impair product market performance (Campello, 2003, 2006). Liquidity con-
straints also shape firms’ pricing behavior during downturns (Chevalier and Scharfstein, 1995;
Gilchrist et al., 2017).

While much of the theory emphasizes price-based mechanisms, such as predatory pricing
or threats of future price cuts (Chevalier and Scharfstein, 1995; Benoit, 1984), recent work
underscores non-price responses. Granja and Moreira (2023) shows that financial frictions
hinder product innovation, and Duval et al. (2020) finds that financially constrained firms cut
intangible investment during the global financial crisis. We contribute to this literature by
showing that intangible investment is a key margin through which short-term liquidity, such as
trade credit, affects firm behavior.

We also contribute to the broader literature on how financing frictions shape investment.
We show that while intangible investment responds strongly to shocks to liquidity, tangible
investment remains largely unaffected. This pattern is consistent with differences in how the
two asset types are financed. Falato et al. (2023) shows that financing frictions and adjustment
costs lead firms to accumulate precautionary cash, a mechanism that may help explain the

higher marginal propensity to invest in intangibles we observe. Our findings also complement

2See Brander and Lewis (1986); Phillips (1995); Chevalier (1995) for early contributions.



David and Gourio (2023), who shows that intangible investment is less sensitive to monetary
policy shocks, reinforcing the idea that it relies on distinct financing channels.

Our findings also contribute to the literature on finance and exports. Prior work shows that
credit access improves firms’ ability to compete in foreign markets (Amiti and Weinstein, 2011;
Manova, 2008, 2013; Paravisini et al., 2015; Chaney, 2016). We extend this literature by iden-
tifying a new mechanism in the finance-export link: intangible-driven competitive advantage.
Our results also highlight a reverse channel in the trade-innovation relationship. While previous
studies emphasize how trade stimulates innovation and investment (Bloom et al., 2016; Mayer
et al., 2014, 2021), we show that innovation, particularly through intangible investment, can
enhance firms’ competitiveness in international markets.

Finally, we speak to a growing literature on the role of trade credit in firm behavior. Trade
credit is a key source of short-term liquidity, especially for small and medium-sized firms (Pe-
tersen and Rajan, 1997; Wilner, 2000; Smith, 1987), and can serve as a competitive tool, par-
ticularly in export markets (Demir and Javorcik, 2018). Beaumont and Lenoir (2023) studies
the same French reform we exploit and shows that tightening trade credit limits firms’ ability
to reconnect with customers post-downturn. We complement their analysis by demonstrating
that easing trade credit constraints also enables firms to invest in intangibles that enhance their

long-term competitive position.

2 Conceptual Framework

This section outlines the conceptual framework that motivates our empirical analysis, linking
liquidity, intangible investment, and competitive advantage. Rather than presenting a formal
model, we review existing literature to describe the economic mechanisms underlying our main
hypotheses.

We proceed in three parts. Section 2.1 reviews theories that link intangibles to firm perfor-
mance and competitive advantage. Section 2.2 examines how liquidity constraints shape firms’
ability to invest in intangibles and why such investment is likely to be the key margin through

which short-term liquidity shocks affect firm outcomes. Section 2.3 discusses some challenges



in the empirical implementation of the key theoretical predictions.

2.1 Intangibles and Firm Performance

A growing literature argues that investment in intangible capital enhances firm competitive-
ness, either by increasing markups or expanding market shares. We summarize three recent
contributions that formalize this relationship through distinct channels.

De Ridder (2024) models intangible capital as a productivity-enhancing input that lowers
marginal costs. Firms face a trade-off between a fixed investment and a proportional reduction
in variable costs. In a Bertrand pricing setting, firms with greater adoption of intangibles can
charge higher markups and gain market shares. Over time, this cost advantage deters entry
and weakens rivals’ innovation incentives, reinforcing incumbents’ dominance.?

Morlacco and Zeke (2021) emphasizes demand-side intangibles such as brand equity and
customer capital. In this setting, firms compete for customer loyalty through advertising, which
shifts demand away from competitors. The resulting externality is stronger for larger firms,
which have more to gain from customer retention and are more likely to invest in advertising.
This dynamic leads to asymmetric investment, allowing dominant firms to consolidate their
market share over time.

Lashkari et al. (2024) focuses on heterogeneous I'T adoption as a source of increasing returns
to scale. Larger firms exhibit higher elasticity of demand for IT inputs and are better able to
spread fixed costs over greater output. As IT prices fall, these firms benefit disproportionately,
gaining a cost advantage that reinforces their market position and fosters industry concentration.

Despite differences in emphasis, these theories share a common implication: intangible cap-
ital strengthens competitive advantage, either by reducing costs or shifting demand. In each
case, early investment delivers persistent gains, either through cost leadership, customer lock-in,
or scalability, creating first-mover advantages that encourage early adoption. This motivates

our first empirical prediction:

TESTABLE PREDICTION 1. All else equal, firms that invest more in intangibles gain a compet-

3See also Hsieh and Rossi-Hansberg (2023) for a related framework in service sectors.



itive advantage through larger market shares or markups.

2.2 How Liquidity Enables Intangible Investment

Liquidity constraints disproportionately affect investment in intangibles. The mechanism oper-
ates through three features that interact with liquidity and distinguish intangibles from tangi-
bles: financing frictions, adjustment costs, and strategic value.

First, as discussed in the literature review, intangible assets have limited pledgeability and
are difficult to value, trade, or redeploy. Firms therefore rely more on internal cash flow or short-
term credit to fund intangible investment, making these expenditures particularly sensitive to
fluctuations in liquidity.

Second, although both types of investments often entail large upfront expenditures, many
intangibles (for example, software development or advertising) can be scaled incrementally. Tan-
gible investments, such as machinery and structures, are typically lumpier less responsive to
small changes in financing conditions (Abel and Eberly, 1999; Caballero and Engel, 1999). Mod-
est liquidity shocks can thus unlock intangible spending without triggering immediate changes
in physical capital.

Third, intangible investment is naturally suited to shift demand and build customer capital.
These features raise the payoff to allocating marginal liquidity to intangibles, especially when
financing constraints might otherwise delay or prevent such spending.

Taken together, these features yield two testable predictions:

TESTABLE PREDICTION 2. If a firm faces a binding liquidity constraint, an exogenous increase

in liquidity increases intangible investment.

TESTABLE PREDICTION 3. If a firm faces a binding liquidity constraint, the response of intan-

gible investment to a liquidity increase exceeds the response of tangible investment.

2.3 From Theory to Data

Before turning to the empirical analysis, we highlight two main challenges in mapping the theory

to the data.



The first challenge is measurement. Intangibles and markups are not directly observable,
and their empirical proxies are subject to debate. Given data constraints, we rely on firms’
balance sheets to construct proxies. For intangibles, we use a stock measure based on the book
value of intangible fixed assets in Orbis and a flow measure based on operating expenditures not
tied to production. These proxies are necessarily coarse and do not separately capture categories
such as software, R&D, brand capital, or customer capital. Consequently, our analysis speaks
to broad predictions rather than specific mechanisms. For competitive advantage, our primary
outcome is the cost-based markup following De Loecker and Warzynski (2012), complemented
by market share and total exports constructed from accounting data. Section 3.5 provides
further details on these variables and discusses the related measurement challenges.

The second challenge is endogeneity. Liquidity, intangible investment, and product market
outcomes may be jointly determined, making causal inference difficult. We address this by
exploiting a French reform of trade credit terms that generated quasi-experimental variation in
firms’ access to short-term liquidity. The reform reallocated liquidity across firms in a plausibly
exogenous manner, depending on their initial payment terms and whether they were net sup-
pliers or recipients of trade credit. This setting supports a difference-in-differences design that
identifies the effect of liquidity on investment under standard parallel-trends assumptions, and

it also provides an instrument for analyzing intangible investment in product market outcomes.

3 Empirical Strategy

Having outlined the conceptual challenges, we now turn to the empirical strategy we use to test
the predictions developed in Section 2. Section 3.1 introduces the data. Section 3.2 describes
the institutional context of the reform and the construction of the firm-level liquidity shock.
Section 3.3 and Section 3.4 introduce our main estimating equations. Finally, Section 3.5

provides further detail on the measurement of the key variables.



3.1 Data

Our empirical analysis draws on a panel of French manufacturing firms from 2004 to 2014,
based on Orbis data compiled by Bureau van Dijk.* This dataset provides detailed firm-level
information on financial statements and production activities, allowing us to construct key
variables such as intangible investment, markups, and liquidity.®

We restrict the sample to firms reporting manufacturing as their primary activity and drop
observations with missing data on key variables required to construct markups and intangible
investment, including sales, material costs, labor compensation, and capital expenditure. To
ensure consistent coverage before and after the policy reform and mitigate concerns about chang-
ing sample composition, we limit the baseline sample to firms active in 2004 and continuously
observed through at least 2012. The resulting panel is representative of the size distribution of

French manufacturing firms at the two-digit industry level.

3.2 Imnstitutional Context and Liquidity Shock

In August 2008, the French government enacted a law capping trade credit payment terms at
sixty days, effective January 1, 2009. The reform applied to all firms operating under the French
commercial code and was part of a broader effort to modernize the economy. Enforcement was
swift and uniform across the country, managed by the Ministry of the Economy’s regional
Directorates (Beaumont and Lenoir, 2023).

To capture firm-level exposure to the reform, we follow the literature and construct measures
of payment timing. The average time to receive payments, or Days Sales Outstanding (DSO),
is calculated as:

Accounts Receivable;;

DSOy = o~ X 365. (1)

4We use a dataset assembled as part of the EU-financed Horizon 2020 project MICROPROD. The project
and deliverables are described here: https://cordis.europa.eu/project/id/822390.

5CGopinath, Kalemli-Ozcan, Karabarbounis, and Villegas-Sanchez (2017) use similar Orbis data for Spain to
examine the role of firm-level financial frictions in shaping aggregate productivity.

SWe apply sampling weights based on firm size, industry, and year, using data from Eurostat’s Structural
Business Statistics. All results are reported using both weighted and unweighted specifications.
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Figure 1: Evolution of DSO and DPO, 2004-2014
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Notes: The panels plot the evolution of average and median Days Sales Outstanding (DSO) and Days Payable
Outstanding (DPO) between 2004 and 2014. The policy reform was voted in 2008 and implemented in 2009. Red
markers indicate the pre-reform year (2007) and the post-reform year (2009).

Likewise, Days Payable Outstanding (DPO), which measures the average time to make

payments, is defined as:

DPO,, — Accounts Payable;,

Salos, x 365. (2)

Before the reform, the average DSO was approximately 65 days (standard deviation: 43),
while the DPO was around 45 days (standard deviation: 30). These statistics suggest that many
firms extended trade credit beyond the 60-day limit and would therefore be directly affected by
the new regulation.

Figure 1 illustrates the sharp decline in DSO following the reform, with average payment
terms falling from about 65 days in 2007 to 57 days in 2009. DPO also declined, though more
modestly, consistent with a negative liquidity shock for payers. These patterns suggest that the
policy generated significant liquidity shocks across firms.

Figure 2 shows the effect of the reform on DSO across firms. For readability, firms are first
grouped into percentiles of their sector’s 2007 DSO. The x-axis reports the average initial DSO
for each percentile bin, and the y-axis shows the mean change in firm-level DSO between 2007
and 2009. A sharp kink appears at the 60-day threshold: industries with longer initial payment

periods experienced significantly larger declines in DSO, consistent with a stronger positive
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Figure 2: Impact of the Policy on Payment Days (2007-2009)
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linear fits estimated separately for sectors below and above the 60-day policy

cap.
liquidity shock. Appendix Figure A.3 presents analogous results for Days Payable Outstanding
(DPO), showing that industries with initial DPO near or above the 60-day threshold were more
strongly affected.”

As a placebo test, Appendix Figures A.4 and A.5 plot changes in DSO and DPO between
2004 and 2007. In this pre-reform period, there is no systematic relationship between initial
payment terms and subsequent changes: the points are essentially flat and show no discernible
patterns. This evidence supports the interpretation that the post-2007 variation is policy-

induced rather than driven by pre-existing trends.

We define a firm’s liquidity shock using pre-policy information on payment terms:

Liquidity Shock?™ = max {max {DSO™ — 60, 0} — max {DPOY* — 60, 0}, 0}.  (3)

Here, DSOY™ and DPO™ refer to the days sales outstanding and payable outstanding, respec-

"For DPO there is less variation prior to 2007, which makes the evidence less clear-cut, but the results remain
consistent with the expected directional effect.
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tively, in 2007, the year preceding the reform.®

We consider two baseline treatment definitions. The first is a binary treatment indicator:

Ty ; = I{Liquidity Shock!™ > 0}, (4)

which equals one if firm i experienced a net improvement in liquidity due to the reform and
zero otherwise. Under this definition, approximately 50 percent of firms are treated.

The second definition captures the intensity of the shock:

Ty = In(1 + Liquidity ShockP™), (5)

where we take the logarithm of the liquidity shock to reduce skewness and facilitate the inter-

pretation of coefficients as semi-elasticities.

3.3 Difference-in-Differences Strategy

To estimate the causal effect of liquidity on intangible investment, we employ a difference-in-
differences (DiD) identification strategy. Specifically, we compare changes in intangible assets
before and after the 2009 policy reform across firms with different levels of exposure to the
resulting liquidity shock. The key identifying assumption is that, absent the reform, treated
and control firms would have exhibited parallel trends in intangible accumulation.

We estimate the following specification:

InY; = a+ B Posty x Tj; + Xby 4 e+ 6 +en, j€{1,2}, (6)

where the dependent variable Y;; denotes intangible capital.

The coefficient of interest, 5, captures the differential change in intangible capital for treated
firms relative to control firms following the reform. The treatment indicator 7j; is defined
according to one of two specifications described in equations (4) and (5), and Post; is an indicator

for the post-reform period, beginning in 2009. The vector X;; includes firm-level liquidity

8We discuss robustness tests to this baseline measure of the liquidity shock in Section 4.2.1.
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controls. In our main specifications, these consist of either baseline (2004) values or time-varying
values of current liabilities and cash holdings, each of which is interacted with the post-reform
dummy. All regressions include firm fixed effects ¢; and year fixed effects §;. Standard errors
are clustered at the firm level.

A key concern in identifying treatment assignment is that it may be correlated with firms’
future outcomes, potentially violating the parallel trends assumption. While the inclusion of
firm fixed effects and controls for pre-reform liquidity positions helps account for time-invariant
heterogeneity and baseline financial conditions, they do not rule out dynamic selection. To
address this, we conduct formal tests for differential pretrends in intangible accumulation be-
tween treated and control firms. As discussed below, the absence of pre-existing trends provides

support for the validity of our DiD design (see details in Online Appendix C).

3.4 Instrumental Variable Strategy

We then test the second hypothesis, which posits that firms investing more heavily in intangible
assets gain a competitive advantage, as reflected in higher markups or market shares. A central
concern in estimating this relationship is endogeneity: unobserved demand or productivity
shocks may simultaneously drive both intangible investment and competitive advantage, leading
to biased estimates. To address this issue, we implement an IV strategy that uses the trade
credit reform as a source of quasi-experimental variation in intangible investment. This approach
allows us to isolate the causal effect of intangibles on pricing power, leveraging the exogenous
shift in liquidity induced by the policy shock.

We consider the following specification:

ln,uit:a+ﬁlnY;t+ci+6t+eit (7)

where In u;; denotes the log markup or market share of firm ¢ at time ¢, and the remaining
terms are as above, with Y;; denoting intangible investment. We run 2SLS regressions on (7),
instrumenting intangibles with the liquidity shock, specifically Post; x Tj; with j = {1,2},

including the same set of controls for liquidity as in the main estimating equation (6).
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3.5 Outcome Variables and Measurement Challenges

Before presenting the results, we describe how we measure our key outcome variables, specifically
intangible investment and markups, and discuss the main measurement challenges along with

the strategies we use to address them and assess robustness.

3.5.1 Intangible Capital

Our empirical analysis relies on two proxies for intangible activity: a stock measure drawn from
firms’ balance sheets and a flow measure constructed from operating expenditures. Following
standard practice, we interpret changes in the stock-based measure as a proxy for intangible
investment. This convention allows us to report and interpret results using both measures in
parallel throughout the analysis.

The stock-based proxy is the book value of intangible assets reported in Orbis.? This measure
provides a transparent indicator available across firms and years. However, it comes with several
limitations. Most notably, it primarily captures acquired intangible assets, including goodwill
from business combinations (Bajgar et al., 2020), and may understate internally generated
investment. In addition, the variable is either missing or recorded as zero for approximately one
quarter of firms, potentially reflecting misreporting or the absence of capitalized intangibles.
Finally, variation in this measure may partly reflect corporate restructuring activity rather than
true investment activity.

To address these concerns, we construct a second (flow-based) proxy that captures intangible-
related spending using firms’ operating expenses not directly tied to production. Specifically,

we use the following accounting identity:

Intangible expenses + Other operating expenses = Revenues — Variable Costs — Operating Profits,

Operating Expenses
In this identity, other operating expenses include items such as rent, insurance, and inven-

tory costs. Since all components on the right-hand side are observed, we use the residual to

9The corresponding variable is IFASS (Intangible Fixed Assets), defined as “all intangible assets such as
formation expenses, research expenses, goodwill, development expenses, and all other expenses with a long-term
effect.”
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approximate intangible-related operating expenditures. Although this measure aggregates dif-
ferent types of spending, many of these components are known to move together with intangible
activity.'®

We acknowledge that this proxy also has important limitations. In particular, it may capture
acquisition-related costs if these are expensed rather than capitalized.!!

Although both proxies provide broad coverage and are consistently defined across firms and
years, neither offers a direct measure of intangible investment. Previous studies often use more
targeted indicators, such as R&D expenditures or specific components of SG&A, which more
accurately capture intangible activity (Eisfeldt and Papanikolaou, 2013; Peters and Taylor,
2017). Unfortunately, due to limited reporting in our dataset, these variables are unavailable
for the majority of firms in our sample.

To assess the credibility of our proxies and address the concern that they might instead re-
flect acquisition activity, we consider an indirect validation strategy. First, we test whether our
Orbis-based proxies are correlated with benchmark measures of intangible intensity, constructed
from Compustat at the industry level. Second, we classify industries according to their average
intangible intensity using these Compustat benchmarks and test whether our estimated effects
are stronger in more intangible-intensive sectors.'? If our proxies meaningfully capture intangi-
ble accumulation, we expect both patterns to hold. Results from both validation exercises are

presented below.

3.5.2 Markups and Competitive Advantage

Markups are not directly observable from firm balance sheets due to the absence of marginal cost
and price data. We estimate them using the cost-based approach of De Loecker and Warzynski

(2012), which infers markups as the ratio of the output elasticity of a variable input to its

0Consistent with this interpretation, we find a positive but modest correlation with the book value of intan-
gible assets. An OLS regression controlling for firm and industry-year fixed effects yields a coefficient of 0.12,
significant at the 1 percent level.

HFollowing the 2008 revision to IFRS 3, the cost of acquiring a business is capitalized, but transaction-related
expenditures, such as legal, advisory, and due diligence fees, are expensed. These costs are typically small relative
to total operating expenditures.

2We measure intangible intensity at the industry level using the methodology in Morlacco and Zeke (2021).
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revenue share:
v 1%
o 0,1 h vV _ Ey
pit = —-, where ag = 7
it 1t

with E}; denoting expenditure on input V and R;; firm revenues. We treat materials as the
flexible input. Revenue shares are directly observed, and output elasticities are estimated from
firm-level production functions.

While the cost-based approach to markup estimation is widely used, it raises two key con-
cerns related to the estimation of output elasticities. The first concerns the treatment of intan-
gible capital in production function estimation. Because intangibles affect both productivity
and cost structure, omitting them may bias elasticity estimates and lead to spurious correlations
between markups and intangible investment (Traina, 2018). This issue is particularly relevant
in our context, where we aim to estimate the causal effect of intangible investment on firm
performance.

The second concern stems from the use of revenue data. Since prices and quantities are not
separately observed in balance-sheet data, relying on revenues as a proxy for output can distort
elasticity estimates (De Loecker and Goldberg, 2014; Bond et al., 2021). While recent evidence
suggests that such biases primarily affect the level of markups rather than their dispersion
or correlation with firm outcomes (De Ridder et al., 2021), it remains important to test the
robustness of our results to these potential distortions.

To address these concerns, we estimate a range of markup measures that vary in both
functional form and in the treatment of intangible inputs in production function estimation.
Our baseline measure is based on a Translog production function in which intangible capital
enters as a TFP-enhancing input. For robustness, we also estimate a Cobb-Douglas version
with the same treatment of intangibles, as well as alternative Translog specifications in which
intangibles either enter as a separate input or are excluded altogether.!?

To further address concerns about output price bias, we construct two additional markup

measures using cost-share approximations of output elasticities. These alternatives assume

131n additional results omitted for brevity, we estimate Cobb-Douglas versions of the latter two specifications
and find nearly identical markups, suggesting that under Cobb-Douglas assumptions, the treatment of intangibles
has a limited impact.
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Table 1: Summary Statistics

Nr. Obs.: Mean St. Dev. P25 Median P75

Intangibles

Intangible Assets 388,492 49,826 95,600 0 8,000 53,000
Intangible (Operating) Expenses 359,025 826,280 1,529,256 96,000 247,000 765,000
Competitive Advantage

Markup (Baseline) 114,179 1.52 0.28 1.29 1.48 1.72
Markup (Cost Shares) 349,682 1.70 0.93 1.08 1.44 1.99
Covariates

Current Liabilities 365,385 862,640 1,702,558 99,000 252,000 744,000
Cash Holdings 351,812 216,011 358,914 19,000 72,000 236,000
Accounts Receivable (Credit) 374,846 382,209 780,431 26,908 88,000 329,661
Accounts Payable (Debt) 386,766 509,051 1,001,445 28,407 138,915 473,000

Notes: Summary statistics on key variables of interest. Observations are trimmed at the variable level by setting values below
the 3rd or above the 97th percentile to missing; statistics are computed on the remaining sample. Variable definitions are in
the text.

constant returns to scale and calculate markups as the ratio of revenue to total costs, with
and without intangible expenditures included in the denominator. By avoiding production
function estimation, these measures are unaffected by unobserved prices, allowing us to test the
sensitivity of our results to price-related biases.

Finally, to validate our interpretation that higher markups reflect improvements in prod-
uct market performance rather than measurement artifacts, we also report results using two
independent indicators: firm-level market share within four-digit NACE industries,'* and total
exports.

Online Appendix B provides further detail on the construction of these markup measures and
their underlying assumptions. The consistency of results across all specifications strengthens

confidence that our findings are not driven by biases in any single estimator.

3.5.3 Summary Statistics

Table 1 presents summary statistics for the main variables in our baseline sample. As is typical in
firm-level datasets, we observe substantial dispersion across all dimensions. Liquidity conditions
vary widely, as seen in the distributions of current liabilities, cash holdings, and trade credit.
The latter, measured by accounts payable and receivable, constitutes a significant source of

financing: for the median firm, trade credit accounts for roughly 15% of annual turnover,

Mndustry totals are calculated from our sample and may be mismeasured due to incomplete coverage.
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underscoring its role as a key short-term funding mechanism.

Indicators of intangible activity also show considerable heterogeneity. As discussed earlier,
25% of firms report zero intangible assets, reflecting a key limitation of the stock-based indicator,
which likely underrepresents internally generated intangibles. The alternative, flow-based mea-
sure displays greater dispersion, consistent with broader variation in firms’ intangible spending
patterns.

To evaluate the credibility of these indicators, we compare them to external benchmarks of
intangible intensity derived from U.S. Compustat data. Specifically, we compute two industry-
level measures, averaged at the 4-digit NAICS level: (i) R&D expenditures as a share of sales,
capturing knowledge-based investment, and (ii) SG&A expenses as a share of sales, reflecting
broader investments in organizational capital, marketing, and brand equity. These are based on
pre-reform data and treated as structural industry characteristics that are plausibly stable across
countries. Table A.4 summarizes the distribution of these indices across industries. Appendix
Figures A.1 and A.2 show that both our Orbis-based indicators correlate positively with the
Compustat benchmarks at the industry level. These correlations support the view that our
proxies capture meaningful cross-firm variation in intangible activity and validate their use in
the empirical analysis.

Finally, we observe substantial dispersion in estimated markups. The baseline markup,
derived from a Translog production function, is available for roughly one-third of the sample
due to input data limitations and the exclusion of outliers. To address concerns about sample
selection and measurement error, we also report a second markup measure based on a cost-
share approximation of output elasticities. This alternative serves both as a robustness check,
as discussed earlier, and as a way to extend our analysis to a broader set of firms, since it does

not rely on production function estimation.

4 Results

This section presents our main empirical findings, organized around the three testable pre-

dictions introduced in Section 2. Section 4.1 tests Prediction 2, which states that improved
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liquidity should increase intangible investment under binding constraints. Section 4.2 expands
on this result by examining robustness and heterogeneity across firms and industries. Sec-
tion 4.3 tests Prediction 1, showing that firms with higher intangible investment charge higher
markups, consistent with a link between intangibles and competitive advantage. Finally, Sec-
tion 4.4 rules out alternative channels and tests Prediction 3, confirming that liquidity primarily

affects intangibles rather than tangibles.

4.1 Liquidity and Intangibles: Evidence

We begin by validating our DiD strategy by testing for pre-trends. Online Appendix C includes
all the details. Using the stock-based measure of intangibles, Figure C.1 shows that pre-reform
coefficients are small and statistically insignificant across all specifications, indicating no differ-
ential trends between treated and control firms.

Figure C.2 presents analogous results for the flow-based proxy, defined as the log of oper-
ating expenses demeaned at the four-digit industry—year level to net out sectoral shocks. This
transformation preserves within-industry variation while removing macro and sectoral trends.
The demeaned specification eliminates spurious pre-trends observed in the raw series, and we
therefore adopt it as our preferred flow-based proxy in the rest of the analysis.

Table 2 reports results from our main DiD specification (equation (6)) estimated using
weighted regressions; unweighted estimates are provided in Appendix Table A.1. Columns (1)
through (4) use our stock-based proxy of intangible capital as the dependent variable, while
Columns (5) through (8) use the (demeaned) log of operating expenses.

Across all specifications, the DiD coefficients are positive and statistically significant, indi-
cating that improved liquidity is associated with higher intangible investment. The magnitudes
are also economically meaningful. Column (3) shows that moving from the 25th to the 75th
percentile of the Ty ; distribution (a change of 3.41 units) increases intangible investment by
approximately 3 percentage points (& 0.009 x 3.41). Column (7) presents the corresponding
estimate using our flow-based proxy. Despite relying on a different measure, the estimated

effect is similar in magnitude, supporting the interpretation that improved liquidity facilitates
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Table 2: Liquidity Shocks and Intangible Investment

Dependent Variable: In(Intan;) In(Op Exp;;)

(1) (2) (3) (4) (5) (6) (7) (8)
Ty ;xPost; 0.027**  0.066%** 0.032%**  0.037***

(0.011)  (0.010) (0.004) (0.004)
Ty ; xPost, 0.009%**  0.019*** 0.009%**  0.010***
(0.003) (0.003) (0.001) (0.001)

Nr. Obs. 238,461 228,782 238,461 228,782 339,760 333,857 339,760 333,857
R? 0.897 0.901 0.897 0.901 0.962 0.967 0.962 0.967
Fixed Effects Firm; Year
Controls base cont base cont base cont base cont
Weights Yes

Notes: This table reports DiD estimates from equation (6). All regressions are estimated by OLS with weights and include firm and year fixed
effects. Columns (1)—(4) use our stock-based proxy of intangible capital as the dependent variable, while Columns (5)—(8) use the log of oper-
ating expenses, demeaned at the 4-digit industry-year level. T1 ; and T3 ; denote the binary and continuous treatment definitions in (4) and
(5), respectively. “Base” specifications include 2004 liquidity controls interacted with the post dummy; “Cont” specifications add time-varying
liquidity controls. Robust standard errors clustered at the firm level are reported in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

intangible investment.'®

4.2 Robustness and Validation

We test the robustness of our baseline estimates through a series of complementary checks.

4.2.1 Alternative Treatment Definitions

Our baseline treatment variable defines as “treated” all firms that experienced a positive net
liquidity shock in 2007, as in equation (3). Two potential concerns arise. First, truncating net
trade credit exposure at zero may understate variation, since firms below the 60-day threshold
could still face meaningful shifts in trade credit conditions. Second, relying on a single pre-
reform year (2007) may introduce measurement error. We address both concerns with two

alternative constructions.

Non-truncated measure. We first redefine the liquidity shock without truncating the net

difference between DSO and DPO:

Liquidity Shock?™ = DSO™ — DPOP™. (8)

5Because the dependent variable in Column (7) is demeaned, the coefficient reflects a proportional change
relative to the sample mean.
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This specification captures both tightening and loosening of trade credit and is not mechanically
tied to the 60-day threshold.!® Figure C.3 shows that pre-trends remain absent under this
definition, and Appendix Table A.2 confirms that the DiD estimates are virtually identical to

the baseline.

Multi-year average (2004—2007). Next, to mitigate noise from relying on 2007 alone, we
compute the shock using average DSO and DPO values over 2004-2007. Figure C.4 again
shows no systematic pre-trends, though estimates are somewhat noisier, consistent with reduced
idiosyncratic variation from averaging. Appendix Table A.3 reports the corresponding DiD

results, which closely match the baseline estimates in Table 2.

4.2.2 Additional Checks

We further test robustness by varying several aspects of the empirical design. Appendix Figure
A6 plots the coefficient of interest (8 from equation (6)) across 48 alternative specifications that:
(i) add firm-level productivity (TFPR) and compare time-invariant with time-varying liquidity
controls; (ii) use both stock- and flow-based proxies for intangible investment; (iii) apply binary
and continuous treatment definitions; (iv) exclude the financial crisis years (2008-2010); and
(v) rely on the full unbalanced panel of firms.

Estimates are highly stable across all variations. Nearly all are positive and statistically
significant, with only three exceptions in the unbalanced sample. Most fall well within the
confidence interval of our baseline estimate (Table 2, column 1), reinforcing the reliability of

our results.

4.2.3 Industry Heterogeneity

A potential concern raised in Section 3.5.1 is that our baseline estimates may be biased if the
proxies for intangible investment captured acquisition activity rather than new investment. To
address this, we use cleaner industry-level indicators of intangible intensity from Compustat

and test whether the effect of liquidity shocks is stronger in more intangible-intensive sectors.

16While the 60-day benchmark reflects the reform’s statutory cap, using it mechanically may add noise since
we only observe proxies for trade credit conditions rather than contractual terms.
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Table 3: Heterogeneity by Industry-level Intangible Intensity

Dependent Variable: In(Intan;;)
(1) (2) (3) (4) (5) (6)
T1,; x Posty 0.027**  —0.028 0.021
(0.011)  (0.026)  (0.013)
T1,; x Post; x SG&A Int, 0.286***
(0.107)
T ; x Post; x R&D Int, 0.560**
(0.284)
Ty x Posty 0.009***  —0.009  0.007*
(0.003) (0.008)  (0.004)
Ty,; x Post; x SG&A Int, 0.097***
(0.033)
T x Post; x R&D Int, 0.194**
(0.094)
Observations 238,461 219,464 219,464 238,461 219,464 219,464
R? 0.897 0.897 0.897 0.897 0.897 0.897
Fixed Effects Firm; Year
Controls base base base base base base
Weights Yes

Notes: This table reports estimates from equation (9). The dependent variable is the (log of the) stock-based proxy of
intangible capital. Measures of SG&A Intensity and R&D Intensity at the 4-digit NACE industry are based on Com-
pustat data. All regressions are weighted and include baseline (time invariant) controls interacted with time dummies.
Standard errors, clustered at the firm level, are in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

Evidence of larger effects in such sectors would support the interpretation that our results reflect
investment in intangibles rather than M&A activity.
We estimate a triple-difference specification that interacts the treatment effect with industry-

level intangible intensity:

InY;; = a+ By - Posty x T'j,i + B2 - Posty x T'j,i X s + Posty X X[,y + ¢; + 0t + €ir, (9)

where 1 denotes either SG&A or R&D intensity. This specification tests whether treatment
effects are amplified in sectors where intangibles are more central, thereby helping to validate
our empirical strategy.

Table 3 reports results using the stock-based proxy for intangible capital as the dependent
variable. The flow-based proxy is excluded, as demeaning at the industry—year level mechani-
cally removes sectoral heterogeneity.

We find that the liquidity shock has a significantly larger impact on intangible investment

in sectors with higher SG&A and R&D intensity. This is difficult to reconcile with a purely
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Table 4: Markups, Intangibles and Liquidity

Dependent Variable: In pi
(1) (2) (3) (4)

In Intan; 0.183*** 0.042**

(0.069) (0.020)
In Op Expy 0.227%%* 0.117%*

(0.062) (0.058)

Nr. Obs. 114,365 114,226 116,894 116,740
Fixed Effects Firm; Year
Controls base cont.
Weights Yes
F-stat 37.04 122.7 160.6 114.1

Notes: This table reports 2SLS estimates of the effect of intangible investment on
markups. The dependent variable is the log of the (baseline measure of) markup
of firm 4 at time t(See Section 3.5.2 for details). We consider both our stock-based
(In Intan;;) and flow-based (In Op Exp;:) intangible proxies as regressors. Both
are instrumented using the liquidity shock from the binary treatment variable, i.e.,
Post; x T1,;. Columns (1) and (2) include baseline (time invariant) controls inter-
acted with time dummies, while Columns (3) and (4) include time-varying controls.
Regressions are weighted and include firm and year fixed effects. Robust standard
errors clustered at the firm level are reported in parentheses. *p < 0.1, **p < 0.05,
***p < 0.01.

mechanical M&A interpretation: if our measure mainly captured acquisitions, there would be
no clear reason for the effects to vary with sectoral intangible intensity. In fact, acquisitions in
intangible-intensive sectors usually involve more expensive targets, which would work against
finding stronger effects. Instead, the results align more naturally with our intangible interpre-
tation: firms that depend more heavily on intangible capital increase their investment more

sharply when financing constraints are eased.

4.3 From Investment to Competitive Advantage

Table 4 reports estimates from the baseline IV specification in equation (7), where the dependent
variable is the log (baseline) markup of firm ¢ in year t. The key explanatory variable is intangible
investment, proxied alternatively by our two measures and instrumented with the liquidity shock
defined by the binary treatment interaction Post; x T7 ;.

Across specifications, the coefficients on intangible investment are positive and statistically
significant, implying that firms investing more heavily in intangibles charge higher markups.
The instruments perform well, with first-stage F-statistics comfortably above the conventional
Stock and Yogo (2005) threshold of 10.

Columns (1) and (2), which include only baseline controls, imply that a 10% increase in
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intangible investment is associated with an increase of approximately 2% in markups. Columns
(3) and (4) add continuous controls for liquidity and yield slightly smaller point estimates, but
the effects remain statistically significant and economically meaningful.

Appendix Tables A.5 and A.6 report corresponding estimates using the continuous treatment
definition and an unweighted specification, respectively. The results remain highly consistent

across these alternative estimation strategies.

4.3.1 Alternative Markup Definitions

As discussed in Section 3.5.2, a key concern is that our baseline results may be influenced by the
construction of markups. In particular, estimated markups might be mechanically correlated
with intangible capital or biased due to the absence of firm-level price data in the estimation of
output elasticities.

Appendix Table A.7 replicates the baseline IV specification from equation (7) using six
alternative markup measures and two additional proxies for competitive advantage, with log
intangible capital as the key explanatory variable. Appendix Table A.8 presents analogous
estimates using our flow-based proxy for intangible investment. In both tables, columns (1)—(12)
report results across the six markup definitions, while columns (13)—(16) examine market shares
and total exports. Even-numbered columns include baseline controls interacted with the post-
reform indicator, whereas odd-numbered columns use time-varying controls. All regressions are
weighted; unweighted results are almost identical.

Across all six markup definitions, the results remain robust. Point estimates are highly
significant and broadly similar in magnitude, with somewhat larger effects when markups are
based on cost-share approximations of output elasticities. Columns (13)—(16) further show that
intangible investment is positively associated with market shares and total exports.

These patterns suggest that neither intangible measurement error nor price-related biases
drive our findings, reinforcing the view that the observed link between intangibles and markups

reflects improvements in competitive outcomes.
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4.4 Testing for Alternative Channels

We now examine whether the observed effects of the liquidity shock on firm performance oper-
ate primarily through intangible investment, rather than through other investment or financing
channels. This analysis serves two purposes. First, it provides a direct test of the exclusion
restriction underlying our IV strategy, verifying that intangible capital is the primary channel
through which liquidity influences markups. Second, it offers empirical validation of Testable
Prediction 3 from Section 2.2, which posits that liquidity shocks should raise intangible invest-
ment more than tangible investment.

Appendix Figure C.5 replicates our event study analysis using tangible capital as the out-
come. Across specifications, both pre- and post-reform coefficients are relatively small and
statistically insignificant. This contrasts sharply with our earlier findings on intangible invest-
ment, showing that the liquidity shock triggered a disproportionate response in intangibles over
and above tangible capital, consistent with the theoretical mechanisms discussed in Section 2.2.
This placebo test strongly supports the idea that liquidity unlocked investment mainly along
the intangible margin.

We further corroborate this result using DiD regressions with additional outcomes, includ-
ing long-term debt and leverage. The idea is that trade credit reform might have influenced
other firm-level decisions that could also enhance markups, even in the absence of intangible
investment. For instance, improved borrowing capacity could have enabled firms to finance ex-
pansion or acquisitions, thereby strengthening their market position. Alternatively, the reform
may have enhanced firms’ bargaining power by shifting payment terms in their favor, allowing
them to capture a larger share of surplus. If such channels were active, we would expect to see
corresponding effects on debt or leverage metrics.

Table 5 summarizes the results. Most estimated effects are small and statistically insignifi-
cant; when significant, the coefficients are negative. Notably, this includes a modest but statis-
tically significant decline in tangible assets, suggesting that liquidity may have been reallocated

from physical to intangible assets at the margin.'”

17One interpretation is that firms facing improved liquidity shifted resources toward more scalable, strategic
investments in intangibles, potentially crowding out physical capital. We do not pursue this mechanism further,
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Table 5: Exclusion Restriction Test: Alternative Channels

(1) (2) 3) (4) (5) (6) (7 (8)

Estimation: DID OLS
Dep. Variable:  In Tang. Assets; In Fixed Assets;; In Long-Term Debt; In DTA;;
T i xPost; —0.017** 0.001 —0.030** —0.003

(0.008) (0.008) (0.015) (0.014)
To,; xPosty —0.003 0.000 —0.006 0.002

(0.002) (0.002) (0.004) (0.004)

Nr. Obs. 261,118 261,118 375,899 375,899 206,632 206,632 206,631 206,631
R? 0.929 0.929 0.925 0.925 0.747 0.747 0.598 0.598
Fixed Effects Firm; Year
Controls Base
Weights Yes

Notes: This table reports estimates from equation (6), testing for alternative channels that might violate the exclusion restriction.
The dependent variable is log tangible assets in columns (1)—(2), log fixed assets in (3)—(4), log long-term debt in (5)—(6), and log
debt-to-assets ratio in (7)—(8). All regressions include firm and year fixed effects, are weighted, and include baseline controls. Stan-
dard errors clustered at the firm level are reported in parentheses. *p < 0.05, **p < 0.01, ***p < 0.001.

Taken together, these findings confirm that the effects of the liquidity shock were specific to
intangible investment. They support the exclusion restriction underlying our IV design, provide
empirical validation for Testable Prediction 3 in Section 2.2, and reinforce our interpretation that
improved access to short-term liquidity primarily enhances competitive advantage by enabling
greater investment in intangibles.

Moreover, the absence of significant effects on tangible assets, long-term debt, or leverage
further challenges an acquisition-based interpretation of our results, a concern we explicitly
raised earlier in the paper. If the observed increase in intangible assets were primarily driven
by mergers and acquisitions, we would expect to observe corresponding increases in fixed assets
or debt, since acquisitions typically involve both tangible and intangible capital and are often
financed externally. Yet we find no such patterns: tangible assets, fixed assets, and leverage
remain flat or even decline slightly following the reform.

While we cannot entirely rule out the possibility that some acquisitions contributed to the
observed increase in intangibles, the lack of broader balance sheet expansion, combined with the
industry-level heterogeneity documented in Section 4.2.3, makes it difficult to reconcile with an
M& A-based explanation. Instead, the evidence suggests that firms are using improved liquidity
to scale up internal investment in intangible capital, rather than reallocating resources through

corporate restructuring.

but it is consistent with the lack of post-reform trends in tangible capital shown in Appendix Figure C.5.
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5 Concluding Remarks

This paper provides new evidence on the role of short-term financial conditions in shaping firms’
investment decisions and product market outcomes. The findings underscore the importance
of liquidity in enabling firms to invest in intangible assets, a class of capital that has become
increasingly central to firm performance and market dynamics.

A key finding is that the allocation of intangible investment is influenced not only by fun-
damentals but also by access to finance. When external financing is limited, internal liquidity
becomes the binding constraint. As a result, even temporary liquidity shocks can have persis-
tent effects on investment and market structure. Policies that ease such constraints can alter
the composition of investment and resource allocation.

The results also point to a broader role for financial conditions in shaping competitive
dynamics. While product market outcomes are often modeled as functions of technology or
market structure, our findings suggest that financial frictions contribute to the evolution of
competition by influencing which firms are able to scale and differentiate. This opens up several
directions for future research. One is to quantify the general equilibrium implications of liquidity
constraints for aggregate productivity and markup dispersion. Another is to examine how
institutional features shape the distributional effects of liquidity constraints across firms and
industries.

Ultimately, these findings underscore the potential value of integrating financial consider-
ations into policy discussions on innovation and industrial development. In economies where
intangible capital plays a growing role, strengthening the financial infrastructure that supports
such investment may not only promote firm-level growth but also improve allocative efficiency.
We view the study of the distributional consequences of such interventions, both within and

across countries, as a promising area for future research.

27



Acknowledgments

We thank Ufuk Akcigit, Agnes Bénassy-Quéré, Andrew Bernard, Pablo Kurlat, Sebnem Kalemli-
Ozcan, Gianmarco Ottaviano, Nicola Pierri, Ariell Reshef, and Gilles Saint-Paul for valuable
comments and discussions on an earlier version of related work that circulated under the title
Markups, Intangible Capital, and Heterogeneous Financial Frictions. We are also grateful to
editor Paola Conconi and three anonymous referees for insightful and constructive feedback
that has substantially improved the manuscript. Financial support from the European Union’s
Horizon 2020 research and innovation program, grant agreement No. 822390 (MICROPROD),

is gratefully acknowledged. All remaining errors are our own.

28



References

ABEL, A. B. AND J. C. EBERLY (1999): “The effects of irreversibility and uncertainty on

capital accumulation,” Journal of monetary economics, 44, 339-377.

ACKERBERG, D. A., C. L. BENKARD, S. BERRY, AND A. PAKES (2007): “Econometric Tools

)

for Analyzing Market Outcomes,” in Handbook of Econometrics, ed. by J. J. Heckman and

E. E. Leamer, Elsevier, vol. 6, 4171-4276.

Awmrti, M. AND D. E. WEINSTEIN (2011): “Exports and financial shocks,” Quarterly Journal

of Economics, 126, 1841-1877.

BAJGAR, M., G. BERLINGIERI, S. CALLIGARIS, C. CRISCUOLO, AND J. T1MmMis (2020): “Cov-
erage and Representativeness of Orbis Data,” Tech. Rep. 2020/06, OECD Science, Technology

and Industry Working Papers.

BEAUMONT, P. AND C. LENOIR (2023): “Customer Loyalty in Times of Crisis,” SSRN Working
Paper, Nr. 4371917.

BenoIT, J.-P. (1984): “Financially constrained entry in a game with incomplete information,”

RAND Journal of Economics, 490-499.

BrLoowm, N., M. DRACA, AND J. VAN REENEN (2016): “Trade induced technical change? The
impact of Chinese imports on innovation, I'T and productivity,” Review of Economic Studies,

83, 87-117.

BonD, S.; A. HasHEMI, G. KAPLAN, AND P. ZoCH (2021): “Some unpleasant markup arith-
metic: Production function elasticities and their estimation from production data,” Journal

of Monetary Economics, 121, 1-14.

BRANDER, J. A. AND T. R. LEwis (1986): “Oligopoly and financial structure: The limited

liability effect,” American Economic Review, 956-970.

CABALLERO, R. J. AND E. M. ENGEL (1999): “Explaining investment dynamics in US man-

ufacturing: a generalized (S, s) approach,” Econometrica, 67, 783-826.

29



CAMPELLO, M. (2003): “Capital structure and product markets interactions: evidence from

business cycles,” Journal of Financial Economics, 68, 353—-378.

(2006): “Debt financing: Does it boost or hurt firm performance in product markets?”

Journal of Financial Economics, 82, 135-172.

CHANEY, T. (2016): “Liquidity constrained exporters,” Journal of Economic Dynamics and

Control, 72, 141-154.

CHEVALIER, J. A. (1995): “Do LBO supermarkets charge more? An empirical analysis of the

effects of LBOs on supermarket pricing,” Journal of Finance, 50, 1095-1112.

CHEVALIER, J. A. AND D. S. SCHARFSTEIN (1995): “Liquidity constraints and the cyclical

behavior of markups,” American Economic Review, 85, 390-396.

DaviD, J. AND F. GOURIO (2023): “The rise of intangible investment and the transmission of

monetary policy,” Chicago Fed Letter, 482.

DE LOECKER, J., J. EECKHOUT, AND G. UNGER (2020): “rise of market power and the

macroeconomic implications,” Quarterly Journal of Economics, 135, 561-644.

DE LOECKER, J. AND P. K. GOLDBERG (2014): “Firm performance in a global market,” Annu.

Rev. Econ., 6, 201-227.

DE LOECKER, J., P. K. GOLDBERG, A. K. KHANDELWAL, AND N. PAVCNIK (2016): “Prices,

markups, and trade reform,” Econometrica, 84, 445-510.

DE LOECKER, J. AND F. WARZYNSKI (2012): “Markups and firm-level export status,” Amer-

ican Economic Review, 102, 2437-2471.

DE RIDDER, M. (2024): “Market power and innovation in the intangible economy,” American

Economic Review, 114, 199-251.

DE RIDDER, M., B. GrRASSI, G. MORZENTI, ET AL. (2021): “Hitchhiker’s Guide to Markup

Estimation,” mimeo, LSE.

30



DEMIR, B. AND B. JAVORCIK (2018): “Don’t throw in the towel, throw in trade credit!”

Journal of International Economics, 111, 177—-189.

Duvar, R., G. H. HoNG, AND Y. TIMMER (2020): “Financial frictions and the great produc-

tivity slowdown,” The Review of Financial Studies, 33, 475-503.

E1sreLDT, A. L. AND D. PAPANIKOLAOU (2013): “Organization capital and the cross-section

of expected returns,” Journal of Finance, 68, 1365-1406.

FavLaTto, A., D. KADYRZHANOVA, J. SiM, AND R. STERI (2023): “Rising intangible capital,

shrinking debt capacity, and the US corporate savings glut,” Journal of Finance.

Fazzari, S., R. G. HUBBARD, AND B. C. PETERSEN (1988): “Financing Constraints and

Corporate Investment,” Brookings Papers on Economic Activity, 1988, 141-195.

FOSTER, L., J. HALTIWANGER, AND C. SYVERSON (2008): “Reallocation, Firm Turnover,
and Efficiency: Selection on Productivity or Profitability?” American Economic Review, 98,

394-425.

FRESARD, L. (2010): “Financial strength and product market behavior: The real effects of

corporate cash holdings,” Journal of Finance, 65, 1097-1122.

GILCHRIST, S., R. SCHOENLE, J. SIM, AND E. ZAKRAJSEK (2017): “Inflation dynamics during

the financial crisis,” American Economic Review, 107, 785-823.

GoriNATH, G., S. KALEMLI-OzcAN, L. KARABARBOUNIS, AND C. VILLEGAS-SANCHEZ
(2017): “Capital allocation and productivity in South Europe,” Quarterly Journal of Eco-
nomacs, 132, 1915-1967.

GRANJA, J. AND S. MOREIRA (2023): “Product innovation and credit market disruptions,”

The Review of Financial Studies, 36, 1930-1969.

Harr, B. H. AND J. LERNER (2010): “financing of R&D and innovation,” in Handbook of the

Economics of Innovation, Elsevier, vol. 1, 609-639.

31



Harr, R. E. (1988): “relation between price and marginal cost in US industry,” Journal of

Political Economy, 96, 921-947.

HASKEL, J. AND S. WESTLAKE (2018): Capitalism without capital: The rise of the intangible

economy, Princeton University Press.

HsieH, C.-T. AND E. RoSsI-HANSBERG (2023): “Industrial Revolution in Services,” Journal

of Political Economy: Macroeconomics, 1, 3-42.

LASHKARI, D.; A. BAUER, AND J. BOUSSARD (2024): “Information Technology and Returns

to Scale,” forthcoming, The American Economic Review.

Manova, K. (2008): “Credit constraints, equity market liberalizations and international trade,”

Journal of International Economics, 76, 33—47.

(2013): “Credit Constraints, Heterogeneous Firms, and International Trade,” Review of

Economic Studies, 80, 711-744.

MAYER, T., M. J. MELITZ, AND G. I. OTTAVIANO (2014): “Market size, competition, and

the product mix of exporters,” American Economic Review, 104, 495-536.

2021): “Product mix and firm productivity responses to trade competition,” Review o
( P y resp D :

FEconomics and Statistics, 103, 874-891.

MoRrLACCO, M. AND D. ZEKE (2021): “Monetary policy, customer capital, and market power,”

Journal of Monetary Economics.

PArAvVISINI, D., V. RAPPOPORT, P. SCHNABL, AND D. WOLFENZON (2015): “Dissecting
the effect of credit supply on trade: Evidence from matched credit-export data,” Review of

FEconomic Studies, 82, 333-359.

PETERS, R. H. AND L. A. TAYLOR (2017): “Intangible capital and the investment-q relation,”

Journal of Financial Economics, 123, 251-272.

PETERSEN, M. A. AND R. G. RAJAN (1997): “Trade credit: theories and evidence,” Review

of Financial Studies, 10, 661-691.

32



PHiLLIPS, G. M. (1995): “Increased debt and industry product markets an empirical analysis,”

Journal of Financial Economics, 37, 189-238.

SMITH, J. (1987): “Trade credit and informational asymmetry,” Journal of Finance, 42, 863—

872.

STOCK, J. AND M. YOGO (2005): “Asymptotic distributions of instrumental variables statistics
with many instruments,” Identification and inference for econometric models: Essays in honor

of Thomas Rothenberg, 6, 109—-120.

TRAINA, J. (2018): “Is aggregate market power increasing? production trends using financial

statements,” Production Trends Using Financial Statements (February 8, 2018).

WILNER, B. (2000): “Exploitation of relationships in financial distress: The case of trade

credit,” Journal of Finance, 55, 153-178.

33



ONLINE APPENDIX

“Liquidity as Competitive Advantage: The Role of
Intangibles”

Carlo Altomonte, Monica Morlacco, Tommaso Sonno, Domenico Favoino

This Appendix is organized as follows. Section A contains additional tables and figures
referenced in the text. Section B describes our markup estimation strategy and the construc-
tion of the different markup measures. Section C provides additional details on the analysis

of pre-trends.



A Additional Figures and Tables

Table A.1: Liquidity and Intangibles: Unweighted Regressions

Dependent Variable: In(Intan;) In(Op Exp;;)
(1) (2) (3) (4) (5) (6) (7) (8)

T, ;xPost, 0.025%*%  0.060*** 0.021%FF  0.029%**

(0.010)  (0.010) (0.004) (0.003)
Ty ; xPost, 0.008%**  (0.018*** 0.006***  0.008***

(0.003) (0.003) (0.001) (0.001)

Nr. Obs. 252,143 241,810 252,143 241,810 363,090 356,615 363,090 356,615
R? 0.892 0.896 0.892 0.896 0.963 0.968 0.963 0.968
Fixed Effects Firm; Year
Controls base cont base cont base cont base cont
Weights No

Notes: This table reports DiD estimates of the effect of liquidity shocks on intangible investment. All specifications are estimated by OLS without
weights. Columns (1)—(4) use our stock-based proxy of intangible capital as the dependent variable; columns (5)—(8) use the demeaned log of operating
expenses instead. T1 ; and T ; correspond to the binary and continuous treatment definitions in (4) and (5), respectively. “Base” refers to 2004 liquidity
controls interacted with the post dummy; “Cont” includes time-varying liquidity controls. All regressions include firm and year fixed effects. Standard
errors, clustered at the firm level, are reported in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.



Table A.2: Liquidity and Intangibles: No Truncation of Trade Credit Exposure

Dependent Variable: In(Intan;) In(Op Exp;,)
(1) (2) (3) (4) (5) (6) (7) (8)

T, xPost; 0.020*  0.054*** 0.033***  (0.031%**

(0.010)  (0.010) (0.004) (0.004)
Ty, xPost, 0.006**  0.015*** 0.008%**  0.009***

(0.003)  (0.003) (0.001) (0.001)

Nr. Obs. 238,461 228,782 238461 228,782 339,760 333,857 339,760 333,857
R? 0.897 0.901 0.897 0.901 0.962 0.967 0.962 0.967
Fixed Effects Firm; Year
Controls base cont base cont base cont base cont
Weights Yes

Notes: This table reports DiD estimates of the effect of liquidity shocks on intangible investment. Liquidity shock is based on equation (C.4), and
does not truncate the net shock to DSO and DPO at zero in the pre reform years. Columns (1)—(4) use our stock-based proxy of intangible capital as
the dependent variable; columns (5)—(8) use the demeaned log of operating expenses instead. Ti ; and T ; correspond to the binary and continuous
treatment variables defined in equations (4) and (5), respectively. “Base” includes pre-policy (2004) liquidity controls interacted with the post dummy;
“Cont” includes time-varying liquidity controls. All regressions are estimated by OLS and weighted. Robust standard errors clustered at the firm level
are reported in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

Table A.3: Liquidity and Intangibles: Multi-Year Average Treatment Definition

Dependent Variable: In(Intan;,) In(Op Exp;,)
(1) (2) (3) (4) (5) (6) (7) (8)

T, ;xPost, 0.025**  0.069*** 0.034***  0.037***

(0.011)  (0.010) (0.004) (0.004)
Ty ; xPost, 0.007**  0.020%** 0.009***  0.010%**

(0.003)  (0.003) (0.001) (0.001)

Nr. Obs. 238,461 228,782 238,461 228,782 339,760 333,857 339,760 333,857
R? 0.897 0.901 0.897 0.901 0.962 0.967 0.962 0.967
Fixed Effects Firm; Year
Controls base cont base cont base cont base cont
Weights Yes

Notes: This table reports DiD estimates of the effect of liquidity shocks on intangible investment using the multi-year average treatment definition.
Liquidity shocks are based on the average of DSO and DPO from 2004-2007. Columns (1)—(4) use our stock-based proxy of intangible capital as the
dependent variable; columns (5)—(8) use the demeaned log of operating expenses instead. 17 ; and T ; correspond to the binary and continuous treat-
ment variables defined in equations (4) and (5), respectively. “Base” includes pre-policy (2004) liquidity controls interacted with the post dummy;
“Cont” includes time-varying liquidity controls. All regressions are estimated by OLS and weighted. Robust standard errors clustered at the firm level
are reported in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.



Table A.4: Intangible Intensity Across Industries

Industry (NACE Rev. 4) SG&A / Sales R&D / Sales
10 Food Products 0.31 0.00
11 Beverages 0.24 0.01
13 Textiles 0.22 0.02
14 Wearing Apparel 0.24 0.01
15 Leather Products 0.30 0.01
16 Wood Products 0.24 0.01
17 Pulp, Paper, & Products 0.13 0.01
18 Printing and Publishing 0.21 0.03
19  Coke and Refined Petroleum 0.14 0.02
20 Chemicals and Products 0.28 0.03
21  Pharma Products 0.55 0.56
22 Rubber & Plastic Products 0.22 0.02
23 Non-metallic Mineral Products 0.17 0.00
24 Basic Metals 0.19 0.01
25 Fabricated Metal Products 0.16 0.01
26 Computer & Electronics 0.32 0.06
27 Electrical Equipment 0.21 0.02
28 Machinery & Equipment n.e.c. 0.21 0.02
29 Motor Vehicles, (Semi-)Trailers 0.13 0.01
30 Other Transport Equipment 0.17 0.03
31 Furniture 0.20 0.01
32 Other Manufacturing 0.35 0.04
33 Repair and Installation of Machinery and Equipment 0.19 0.04

Notes: The table reports intangible intensity calculated from Compustat data for all U.S. firms from 2004 to 2007. The Overall
Intangible intensity is measured as firm-level SG&A over total sales. The R&D intensity is measured as firm-level R&D expenses
over total sales. Firm-level estimates are aggregated at the sector level by taking the median-firm intangible intensity ratio of
each sector. Standard concordance tables from eurostat.com are used to convert NAICS industries in Compustat to NACE in-
dustries in Orbis. Source: authors’ calculations on Compustat data.



Table A.5: Intangibles and Markups: Continuous Treatment

Dependent Variable: In p;
(1) (2) (3) (4)

In Intan; 0.165*** 0.036*

(0.063) (0.020)
In Op Exp;; 0.229%#* 0.103*

(0.068) (0.059)

Nr. Obs. 114,365 114,226 116,894 116,740
Fixed Effects Firm; Year
Controls base cont.
Weights Yes
F-stat 39.19 104.0 161.3 105.8

Notes: This table reports 2SLS estimates of the effect of intangible investment on markups.
The dependent variable is the log of the markup of firm 7 at time ¢, constructed as de-
tailed in Section 3.5.2. We consider both our stock-based (In Intan;;) and flow-based (In
Op Expi:) proxies for intangible capital as regressors. Both are instrumented using the
liquidity shock from the continuous treatment variable, i.e., Posty x T ;. Columns (1)
and (2) include baseline (time invariant) controls interacted with time dummies, while
Columns (3) and (4) include time-varying controls. Regressions are weighted and include
firm and year fixed effects. Robust standard errors clustered at the firm level are reported
in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

Table A.6: Intangibles and Markups: Unweighted Regressions

Dependent Variable: In g
(1) (2) (3) (4)

In Intan; 0.164** 0.044**

(0.065) (0.020)
In Op Expy; 0.263%** 0.136**

(0.083) (0.066)

Nr. Obs. 114,612 114471 117,144 116,988
Fixed Effects Firm; Year
Controls base cont.
Weights No
F-stat 34.63 75.05 131.0 82.41

Notes: This table reports 2SLS estimates of the effect of intangible investment on
markups. The dependent variable is the log of the markup of firm i at time ¢, con-
structed as detailed in Section 3.5.2. We consider both our stock-based (In Intan;;) and
flow-based (In Op Exp;:+) proxies for intangible capital as regressors. Both are instru-
mented using the liquidity shock from the binary treatment variable, i.e., Post; x T ;.
All regressions include firm and year fixed effects but are estimated without weights.
Robust standard errors clustered at the firm level are reported in parentheses. *p < 0.1,
**p < 0.05, ***p < 0.01.



Table A.7: Alternative Markup Definitions and Performance Measures

Dep. Var.: In fe54
TL (baseline) CD (Approach 1) TL (Approach 2) TL (No Intan.)

(1) (2) (3) (4) (5) (6) (7) (8)
In Intan;;  0.183%%% 0.042%% 0.278%F 0.094%* 0.191%%* 0.044%% 0.164%*  0.032
(0.069)  (0.020) (0.123) (0.039)  (0.072)  (0.020) (0.067) (0.020)

Nr. Obs. 114,365 116,894 121,427 124,155 114,308 116,833 114,243 116,786

Controls base cont base cont base cont base cont
Weights Yes
F test 37.04 160.6 30.87 148.1 35.95 157.6 33.94 154.2
Dep. Var.: In ps;¢ Other Performance Measures
Cost Share Cost Share (4 Intan) Market Share Exports
0 (o) (1) (12) i3 4 @15 (16)

In Intan;  0.805%% 0.269%%* 0.610%*  0.186***  0.919%* 0.417%* 0589  0.483
(0.379)  (0.057)  (0.297)  (0.049)  (0.389)  (0.079)  (1.044) (0.428)

Nr. Obs. 225,726 222,047 225,726 222,047 238,461 228,782 103,945 100,684

Controls base cont base cont base cont base cont
Weights Yes
F test 20.43 162.5 20.43 162.5 24.22 161.4 5.275 27.74

Notes: This table reports 2SLS estimates of the effect of intangible investment on markups. The explanatory variable is our stock-

based proxy for intangible capital, instrumented using the liquidity shock from the binary treatment variable, i.e., Posty x T ;.
The dependent variables are constructed as follows: “TL” indicates a Translog production function; “CD” indicates a Cobb—
Douglas production function. “Approach 1” treats intangible capital as a TFP-enhancing input; “Approach 2” includes it directly
as a factor in the production function. “TL (No Intan)” excludes intangibles entirely. “Cost Share” approximates the output
elasticity of materials using the observed material cost share, thereby avoiding production function estimation. See Appendix
B.3 for further details on markup construction. Columns (11)—(16) report results using market share and total firm exports as
dependent variables. “Base” and “Cont” denote the baseline and extended control sets, respectively. All regressions include firm
and year fixed effects and are weighted. Robust standard errors clustered at the firm level are reported in parentheses. *p < 0.1,
**p < 0.05, ***p < 0.01.



Table A.8: Alternative Markup Definitions and Performance Measures

Dep. Var.: In g
TL (baseline) CD (Approach 1)  TL (Approach 2) TL (No Intan.)

(1) (2) (3) (4) (5) (6) (7) (8)
In Op Exp;,  0.227%%%  Q.117%%  (0.336*%F  0.270%*% 0.232%%%  0.121%% 0.191%%*  0.084
(0.062)  (0.058)  (0.122)  (0.120)  (0.063)  (0.058)  (0.057)  (0.054)

Nr. Obs. 114,226 116,740 121,263 123,974 114,169 116,679 114,103 116,631
Controls base cont base cont base cont base cont
Weights Yes
F test 122.7 114.1 101.7 96.20 123.8 113.4 128.2 123.8
Dep. Var.: In pu; Other Performance Measures
Cost Share Cost Share (4 Intan) Market Share Exports
@ (o (1 (12) i3 a9 (s (16

In Op Exp;, 0.598%F% 0.488%%% (0.454%%  (0.340%%*  0.800%** 0.858%**  36.990  2.406*
(0.102)  (0.075)  (0.091)  (0.068)  (0.078)  (0.064) (380.883) (1.298)

Nr. Obs. 331,117 325,410 331,117 325,410 339,760 333,857 136,236 134,263
Controls base cont base cont base cont base cont
Weights Yes

F test 251.1 351.3 251.1 351.3 220.2 348.1 0.0361 23.57

Notes: This table reports 2SLS estimates of the effect of intangible investment on markups. The explanatory variable is our flow-
based proxy for intangible investment, instrumented using the liquidity shock from the binary treatment variable, i.e., Posts x T7 ;. The
dependent variables are constructed as follows: “TL” indicates a Translog production function; “CD” indicates a Cobb—Douglas pro-
duction function. “Approach 1” treats intangible capital as a TFP-enhancing input; “Approach 2” includes it directly as a factor in the
production function. “TL (No Intan)” excludes intangibles entirely. “Cost Share” approximates the output elasticity of materials using
the observed material cost share, thereby avoiding production function estimation. See Appendix B.3 for further details on markup
construction. Columns (11)—(16) report results using market share and total firm exports as dependent variables. “Base” and “Cont”
denote the baseline and extended control sets, respectively. All regressions include firm and year fixed effects and are weighted. Robust
standard errors clustered at the firm level are reported in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.



Figure A.1: Validation of Intangible Proxies Using Industry-Level R&D Intensity
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Notes: Each panel shows the relationship between our Orbis-based proxies of intangible activity (vertical axis), computed
as the median at the 2-digit NACE level, and industry-level R&D intensity (horizontal axis), computed from Compustat
data as the median R&D-to-sales ratio. Each dot represents a 2-digit industry. A linear fit is shown in black. The raw
correlations are 0.45 and 0.52, respectively.

Figure A.2: Validation of Intangible Proxies Using Industry-Level SG&A Intensity
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Notes: Each panel shows the relationship between our Orbis-based proxies of intangible activity (vertical axis), computed
as the median at the 2-digit NACE level, and industry-level SG&A intensity (horizontal axis), computed from Compustat
data as the median SG&A-to-sales ratio. Each dot represents a 2-digit industry. A linear fit is shown in black. The raw
correlations are 0.21 and 0.02, respectively.



Figure A.3: Impact of the policy on DPO (2007-2009)
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Notes: The figure plots the change in average firm-level DPO between 2007 and
2009 as a function of initial 2007 sectoral DPO. Firms are first grouped into per-
centiles of sectoral DPO in 2007, and each point plots the mean change within a
percentile bin against its average initial DPO. The dashed lines report linear fits
estimated separately for sectors below and above the 60-day policy cap.



Figure A.4: Tmpact of the policy on DSO, Placebo (2004-2007)
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Notes: The figure plots the change in average firm-level DSO between 2004 and
2007 against initial 2004 sectoral DSO. Firms are grouped into percentiles of their
sector’s 2004 DSO, and each point shows the mean change within a percentile bin
against its average initial DSO. Dashed lines report linear fits estimated separately
below and above the 60-day threshold. Because this period predates the reform, no
systematic relationship is expected, and the figure serves as a placebo test of our
exposure measure.
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Figure A.5: Tmpact of the policy on DPO, Placebo (2004-2007)
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Notes: The figure plots the change in average firm-level DPO between 2004 and
2007 against initial 2004 sectoral DPO. Firms are grouped into percentiles of their
sector’s 2004 DPO, and each point shows the mean change within a percentile bin
against its average initial DPO. Dashed lines report linear fits estimated separately
below and above the 60-day threshold. Because this period predates the reform, no
systematic relationship is expected, and the figure serves as a placebo test of our
exposure measure.
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Figure A.6: Liquidity and Intangible Investment: Robustness
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Notes: This figure displays specification curves for 48 variants of regression equa-
tion (?7?), where the dependent variable is either (i) log intangible assets from the
balance sheet or (ii) log intangible expenditures, defined as demeaned operating
expenses unrelated to variable production. Each point corresponds to a different
specification, with 90% and 95% confidence intervals. The red diamond denotes
the baseline specification (column 1 of Table ??). Specification features (below
the graph) indicate whether controls, sample restrictions, or alternative measures
were included. The features are as follows: ’'intan’ refers to the baseline intangible
measure; 'intan_exp’ measures (log) demeaned operating expenses. The terms
treat_ bin’ and ’treat_ cont’ indicate binary and continuous treatment, respec-
tively. ’ctrl_t_inv’ and ’ctrl_t_ cont’ denote time-invariant and time-varying con-
trols. ’tfpr’ stands for productivity control; 'no__crisis’ excludes the years 2008-2010
from the analysis. 'unbalanced’ refers to the full unbalanced sample of firms. All
specifications include firm and year fixed effects. The figure was constructed using
the STATA package speccurve.
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B Estimation of Firm-Level Markups

This section outlines our procedure for estimating firm-level markups. Section B.1 de-
scribes how we estimate production functions using firm-level balance sheet data. We de-
part from standard approaches by explicitly incorporating intangible expenditures, either as
productivity-enhancing inputs (A1) or as direct inputs in production (A2). This choice is
motivated by recent theories linking intangibles to rising markups, summarized in Section 2.
Accounting for intangibles is essential for obtaining unbiased estimates of output elasticities
and, by extension, of markups and firm productivity (See, e.g., De Loecker et al., 2020;
Traina, 2018).

Section B.2 describes how we compute firm-level markups using the estimated output
elasticity of materials and observed expenditure shares. It also outlines the construction of
alternative markup measures based on different production function specifications, which we

use to assess the robustness of our findings.

B.1 Production Function Estimation

We estimate production functions separately for each two-digit industry. Our benchmark
specification is a Translog production function in three inputs: materials, labor, and capital.
We treat materials as a flexible input, while labor and capital are treated as dynamic inputs.

For each industry s, we specify the production function as follows:

Qit = Brkit + Bilis + Brmir + 5kk/€¢2t + Blll?t + Bmmm?t

+ Brikitlic + Bimliemir + Bremkiemiz + zie + €3, (PF1)

where lowercase letters denote logs of the corresponding variables. Here, g;; is (log) output,

13



ki, Ly, and my are (log) capital, labor, and materials, respectively. The term z; = In Z;
captures firm-level productivity, and €; is an error term capturing measurement error or
transitory productivity shocks.

We consider two approaches to incorporating intangibles into the production process.

Approach 1 (Al): Intangibles as productivity-enhancing inputs In the first ap-
proach, we model firm productivity z; as a function of a firm-specific component and its

investment in intangibles:

Zit = Wit + G841, wir)

= h<wit7 Sit)a

where s;; denotes log intangible expenditures. The function ¢(s;,w;;) captures the possibility
that firms investing more in intangibles experience higher productivity. This formulation
allows for complementarity between intangible investments and firm-specific productivity,
in line with recent theories of intangible capital (e.g., De Ridder, 2024; Hsieh and Rossi-
Hansberg, 2023).

Approach 2 (A2): Intangibles as Direct Inputs As an alternative, we follow the
approach in De Loecker et al. (2020), treating intangibles as a direct input in the production
function:

Git = Brkit + Bilit + Bmir + BsSit + wir + iz (PF2)

14



Here, s;; = In(S;;) denotes log intangible investment (deflated).! In this setting, intangibles

enter the production function analogously to physical inputs, contributing directly to output.

Estimating production functions such as equations (A1) or (A2) using firm-level balance
sheet data involves two primary challenges. The first is the well-known simultaneity bias,
which arises because input choices may be correlated with unobserved productivity shocks
(wit). The second is the price bias, which stems from the fact that available data typically
record revenues and expenditures rather than physical quantities, introducing potential mea-
surement error in both input and output prices (De Loecker and Goldberg, 2014).

To address simultaneity bias, we adopt a control function approach that specifies a law
of motion for productivity and exploits the differential timing of input adjustments. In par-
ticular, we assume that material inputs respond contemporaneously to productivity shocks,
while capital and labor are predetermined. This structure allows us to identify the output
elasticity of materials, which we use to compute firm-level markups.

We address the implications of price bias in greater detail in Section B.1.2.

B.1.1 Control Function Approach

Drawing on the idea that input demand is shaped by productivity and other observable firm

characteristics, we can express productivity as an unknown function of observables:

Wit = ht(dm Sit, Kit, Cz‘t)> (25)

Equation (A2) uses a Cobb-Douglas form for clarity, but the actual implementation uses the more
flexible Translog specification.

15



where d;; is the chosen control variable, in our case, materials m;.> We include intangibles
s;+ in the control function to account for its productivity-enhancing role, as explained above.
The term (;; captures factors such as input or output market conditions that influence input
demand independently of productivity, capital, and labor. These shifters allow for firm-level

variation in input use, conditional on other state variables.

Estimation proceeds in two stages. In the first stage, we project output on a flexible
polynomial of all inputs and intangibles to net out measurement error and unanticipated

output shocks:

Qit = Oe(Mit, Sits kit Lin, Git) + €4 (26)

The second stage identifies the output elasticity of the variable input by imposing a law
of motion for productivity, assumed to evolve as z; = g(zy_1) + &;. We then form mo-
ment conditions that exploit the idea that while variable input use responds to productivity,

dynamic input use does not. This leads to the following orthogonality condition:

Mit—1
E&e(0) | ki || =0 (B.1)
Lit
where &;(6;) represents the innovation to productivity, constructed by projecting the pro-
ductivity estimate w;(6;) onto its lagged value.
For the second specification (A2), we include an additional moment condition to identify
the role of overhead inputs, by requiring that the productivity innovation is orthogonal to

the overhead input: E [£;;(0;)s;]. For implementation, we follow the procedure suggested by

2See Ackerberg et al. (2007) for an in-depth discussion.
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Woolridge(2009) that forms moments on the joint error term (&, €;).

B.1.2 Output and Input Price Bias

Production data typically report revenues and expenditures rather than physical quantities.
As a result, unobserved input and output prices introduce endogeneity, especially in the
presence of product differentiation (De Loecker and Goldberg, 2014; Foster et al., 2008).

To address input price bias, we assume:
A1 Firms take input prices P for X = K, M, L as given.

Under A1, deflated expenditures are valid input proxies as long as cross-firm variation in
input prices is limited (De Loecker et al., 2016), an assumption we maintain throughout.

Output price bias is more difficult to address, as output quantities are unobserved and
markups vary across firms. This can lead to biased estimates of output elasticities in pro-
duction function estimation. However, we mitigate this concern in two ways.

First, some of our markup measures rely on cost-share approximations rather than esti-
mated output elasticities. These approaches assume constant returns to scale and compute
markups as the ratio of revenue to total costs (with and without intangibles). While the con-
stant returns assumption is strong, this method bypasses the problem of unobserved output
prices entirely.

Second, for specifications that assume a Cobb-Douglas production function, markups
vary over time primarily through variation in observed revenue shares, which are directly

influenced by balance sheet variables.
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B.2 Markups

After estimating the output elasticities, we compute firm-level markups following the ap-
proach of De Loecker and Warzynski (2012), which builds on the insight of Hall (1988).
Under Assumption A1, the first-order condition for cost minimization with respect to mate-

rials implies:

m
_ Y
Hit = m’
Qi
where 07} = %@t is the output elasticity of materials, and «jff = 7= is the share of material

expenditures in total revenue. Both expenditures on materials £}’ and total revenues R;
are directly observed in the data. As standard, we use ]:Bit = exp(ry — ;) instead of balance-
sheet revenues, which are revenues purged of measurement error using the residual from the

first-stage regression, to correct for measurement error (De Loecker and Warzynski, 2012).

B.3 Markup Variations

To assess the robustness of our results, we construct six alternative markup measures based

on different production function specifications and estimation strategies:

1. Baseline: Markups are computed using output elasticities from the translog produc-
tion function (Al). Under any translog production function specification in equa-
tion (A1), the output elasticity of materials is computed as:

dq;

d = Bm + 2Bmmmzt + Bkmkzt + Blmlit-
Mt

i —
o =

2. Cobb—Douglas: Markups are computed using output elasticities from a Cobb-Douglas

version of (Al). In this case, the output elasticity of materials corresponds directly to
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the estimated coefficient on m;.
. Intangibles as Input: Markups are computed using output elasticities from (A2).

. No Intangibles: Markups are computed using output elasticities from (A2), but

excluding intangibles from both the input bundle and the control function.

. Cost Share Approximation: Lastly, we approximate the output elasticity of mate-

rials by its cost share.> We first consider the following definition of total cost:

oM ~ Eﬁ/[
T EM 4 BL 4 BV

where B} EL and EX denote expenditures on materials, labor, capital, respectively.

This yields the implied markup:

Ry
Hit = M 7 K-
Eit + Eit + Eit

. Cost Share Approximation with Intangibles: We then repeat the same approach,

but this time including intangibles along with total costs, yielding the implied markup:

B Ry
- EM 4 EY+ EE+ES

Mt

where E: denotes expenditures on intangibles. In this case, intangible expenditures

enter directly into the denominator.

3This requires assuming constant returns to scale. See, e.g., De Loecker et al. (2020); Foster et al. (2008).
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C Testing for Pre-Trends

The key identifying assumption in our main DiD empirical strategy is that, absent the policy,
the treated and control firms would have followed parallel trends in intangible investment.
One crucial concern is that the assignment of firms to treatment and control groups, which
is based on a firm’s trade credit position before the policy reform, is non-random and may
be correlated to a firm’s future liquidity and performance, violating the parallel trends as-
sumption. To address this issue, we consider a formal test for pre-trends using an event
study framework.

Specifically, we estimate the following regressions:

}/it = ZﬁTl{t:T}Tz—I—Z’%—l{t:T}XZ—f—O@—f—th, (C]_)

}/it = ZﬂTl{t:T}Tz—f—th—f-az—f—ZEn (02)

Here, Y}; denotes the log of intangible capital for firm ¢ in year ¢, T; is a binary treatment
indicator, and 1{t = 7} are year dummies. In equation (C.1), the vector X; includes
baseline firm characteristics (i.e., cash holdings and current liabilities) measured in 2004
and interacted with year dummies. The specification parallels our baseline DiD model in
equation (6) but replaces the post-treatment indicator with a full set of year indicators,
allowing us to trace dynamic treatment effects and assess the presence of pre-trends.

Equation (C.2) presents an alternative version in which we include time-varying controls
X,;; instead of baseline characteristics. This mirrors the DiD specification with time-varying
covariates reported in the main analysis. In both cases, we estimate weighted and unweighted

regressions.
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The coefficients 5, measure the differential evolution of the outcome variable between
treated and control firms in each year relative to 2008, which we normalize to zero. If
treated and control firms exhibited differential trends prior to the reform, we would expect

significant deviations in the (3, coefficients for years before 2008.

Figure C.1: Event Study: (log) Intangible Capital
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-05 * Continuous controls * Continuous controls
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(a) Weighted (b) Unweighted

Notes: Each panel plots event study coefficients from DiD regressions estimating the effect of the trade credit reform on
log intangible capital, along with 95% confidence interval bands. The baseline year (2008) is normalized to zero. Panel
(a) reports weighted regressions; panel (b) reports unweighted regressions. Standard errors are clustered at the firm level.

Figure C.1 presents the estimated [, coeflicients from the event study analysis, with
Yi: = In(Intan;;), our baseline measure of intangible investment. The gray areas and markers
are the estimates from the regression with time-invariant controls (equation (C.1)), while the
red areas and markers correspond to estimates with time-varying controls (equation (C.2).
Panel (a) reports results from weighted regressions, while Panel (b) presents unweighted
ones.

Across specifications, the estimated 3, coefficients in the pre-reform period are generally
small and not statistically different from zero, providing no evidence of diverging pre-trends.

While a few pre-2008 coefficients in the specification with time-varying controls (in red)
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are marginally significant, their magnitude is small and they do not follow any systematic

pattern.

Figure C.2: Event Study: (log) Operating Expenses, Demeaned
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Notes: Fach panel plots event study coefficients from DiD regressions estimating the effect of the trade credit reform on
log demeaned operating expenses, along with 95% confidence interval bands. The baseline year (2008) is normalized to
zero. Panel (a) reports weighted regressions; panel (b) reports unweighted regressions. Standard errors are clustered at
the firm level.

Figure C.2 reports results using the log of operating expenses as an alternative measure
of intangible investment. To account for sector-specific shocks, we redefine the outcome
variable as the log of operating expenses demeaned at the four-digit industry-by-year level.
This transformation removes common industry-year shocks and helps isolate firm-level devi-
ations in intangible investment, improving the validity of parallel trends assumption. Since
treatment is assigned at the firm level, this adjustment preserves the variation relevant for
identification while improving precision. The estimated pre-reform coefficients remain sta-
tistically insignificant and display no systematic pattern, further supporting the parallel
trends assumption. Accordingly, we use the demeaned version of operating expenses as our

preferred alternative proxy for intangible investment in our main analyses.

22



Overall, the evidence suggests that treatment status does not merely reflect pre-existing
differences in demand or productivity shocks, supporting the identifying assumption that,

conditional on controls, treated and control firms followed parallel trends prior to 2009.

C.1 Robustness in Treatment Definition

Our baseline treatment definition sets T; = 1 for firms exposed to a positive liquidity shock in
2007, and T; = 0 otherwise. Two concerns may arise with this baseline approach. First, the
truncation of net trade credit exposure at 0 implies that firms with DSO or DPO below the
60-days threshold are effectively treated as unaffected, even if they experienced meaningful
shifts in trade credit conditions. This restriction limits variation in treatment and may
affect our results. Second, measuring DSO and DPO in a single year (2007) could introduce
measurement, error. We chose 2007 to capture both persistent and idiosyncratic variation
in trade credit exposure, which contributes to the randomness of treatment assignment.
However, we acknowledge the potential sensitivity of the results to this choice.

We implement two related robustness checks.

Eliminating Truncation First, we redefine the liquidity shock without truncating the

net difference between DSO and DPO at zero:

Liquidity Shock?™ = max {(DSO!™ — 60) — (DPO>™ — 60), 0} (C.3)

= max {DSOY™ — DPO™, 0}, (C.4)

where pre = 2007. This alternative measure introduces greater variation in exposure by

capturing both tightening and loosening of trade credit terms. It also eliminates sensitivity
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to the 60-day threshold, which cancels out by construction. While the 60-day benchmark
reflects the policy cap introduced by the reform, applying it rigidly may introduce measure-
ment error in our context, as we proxy for credit exposure rather than observe contractual

terms directly.

Figure C.3: Event Study: No Truncation
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Notes: Each panel plots event study coefficients from DiD regressions estimating the effect of the trade credit reform
on log intangible capital, along with 95% confidence interval bands. Liquidity shock is measured as in equation (3).
The baseline year (2008) is normalized to zero. Panel (a) reports weighted regressions; panel (b) reports unweighted
regressions. Standard errors are clustered at the firm level.

Figure C.3 displays the corresponding event study estimates. Panel (a) reports results
using the baseline outcome (log intangible capital), while panel (b) uses the alternative
outcome (log, demeaned operating expenses). We focus on weighted regressions; unweighted
estimates yield nearly identical patterns. In both cases, the event study results are broadly
consistent with our baseline results. Estimates based on operating expenses (panel b) are
less precise, with larger standard errors and some significant coefficients in the pre-reform
period under time-varying controls, although we still find no evidence of systematic trends.

Overall, the patterns remain very much in line with our baseline results.
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Multi-year average (2004—2007). To address concerns about measurement error from
relying on a single year (2007), we compute the liquidity shock using the average DSO
and DPO over the 2004-2007 period. The shock is defined as in equation (3), with pre €

2004, 2007].

Figure C.4: Event Study: Multi-Year Average
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Notes: Fach panel plots event study coefficients from DiD regressions estimating the effect of the trade credit reform on
log intangible capital, along with 95% confidence interval bands. Liquidity shock is measured as in equation (?7?), but
based on a multi-year average of pre-reform DSO and DPO. The baseline year (2008) is normalized to zero. Panel (a)
reports weighted regressions; panel (b) reports unweighted regressions. Standard errors are clustered at the firm level.

Figure C.4 shows the results. As in the previous robustness check, the event study
patterns remain broadly consistent with our baseline and show no evidence of diverging
pre-trends. Estimates are somewhat less precise than those from the baseline, and a few pre-
reform coefficients are marginally significant. This is consistent with our interpretation that
relying on 2007 values introduces more idiosyncratic variation and enhances quasi-random

exposure. Overall, the results support the robustness of our identification strategy.
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C.2 Tangible Capital

As an additional falsification test of our empirical strategy, and to further support the
exclusion restriction, we replicate the event study using log tangible capital as the outcome
variable. A central claim of the paper is that, unlike intangible assets, tangible investment
is less sensitive to short-term liquidity shocks and should therefore exhibit little response to
the 2009 reform.

Figure C.5 confirms this prediction: we find no evidence of differential trends in tangi-
ble investment between treated and control firms, either before or after the reform. This
result reinforces our interpretation that the policy primarily affects intangible investment,

highlighting the greater sensitivity of intangibles to trade credit conditions.

Figure C.5: Event Study: Log Tangible Capital
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Notes: Each panel plots event study coefficients from DiD regressions estimating the effect of the trade credit reform
on log tangible capital, along with 95% confidence interval bands. Liquidity shock is measured as in equation (?7).

The baseline year (2008) is normalized to zero. Panel (a) reports weighted regressions; panel (b) reports unweighted
regressions. Standard errors are clustered at the firm level.
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