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Abstract

Intangible assets, such as brands, software, customer relationships, and technologies,
account for a growing share of firm capital, yet their role in debt financing remains
unclear. Using a large sample of detailed asset valuations from acquisition transactions,
I show that each dollar of intangible assets acquired is associated with a $0.24 increase
in long-term debt, compared to $0.44 for tangibles. I find intangibles are financed
primarily through cash flow–based rather than asset-based lending. Consistent
with this, redeployability increases debt usage for tangible assets but has no effect
on intangible assets. I document that demand-shifter intangibles, such as brands
and customer relationships, exhibit a stronger association with debt financing than
production-based intangibles, such as patents and technology, consistent with their
role in reducing cash flow volatility. To provide causal evidence, I exploit the 2014
Marblegate court ruling, which reduced the pledgeability of intangibles, and find
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1 Introduction

Intangible assets, such as brands, software, customer relationships, and technologies,
have become central to firm value in the modern economy. Although they lack physical
form, these assets play a critical role in how firms operate, compete, and grow. Consider,
for example, Amazon Prime membership, the Starbucks rewards app, Google’s search
algorithm, or Tesla’s self-driving software. While none are tangible like factories or
machines, each is essential to the firm’s value. Recent estimates suggest that intangibles
account for more than one-third of firms’ capital input (Corrado and Hulten, 2010). They are
commonly grouped into three categories: innovative property, computerized information,
and economic competencies (Corrado et al., 2005). Empirical studies find that these
assets are strongly associated with firm productivity, profitability, and financial soundness
(Chappell and Jaffe, 2018; Crouzet and Eberly, 2018; Eisfeldt et al., 2020).

A growing body of macro-finance research has raised concerns that the increasing
reliance on intangible capital may weaken firms’ debt capacity (Falato et al., 2022; Giglio
and Severo, 2012; Döttling and Ratnovski, 2023; Caggese and Pérez-Orive, 2022; Howes
et al., 2022; Li, 2025). The prevailing assumption in theory is that intangible assets, because
they lack physical form, are difficult to redeploy, and offer limited collateral value. In fact,
a common modeling assumption is that intangibles cannot support debt, while tangibles
can back debt up to their value.

This study examines that assumption. I empirically explore whether, how, and to what
extent different types of intangible assets can be financed with debt. I document that, while
tangible assets are more closely associated with debt financing, the gap is substantially
smaller than theoretical models assumed. In short, intangible assets can support debt, just
in a different way.

To overcome measurement challenges related to intangible assets, I use detailed asset-
level valuations from acquisition transactions, specifically Purchase Price Allocations (PPA),
to construct precise measures of intangible assets. These data allow me to observe the
market value of specific intangible categories, such as customer relationships, technology,
brands, and software, at the time of acquisition1. This approach avoids many of the
measurement challenges associated with commonly used proxies such as R&D expense
for knowledge capital and SG&A expenses for organizational capital2. Since the adoption

1See Figure A1 that shows common types of intangibles.
2A widely used approach in the literature estimates intangible capital by capitalizing firm-level expen-

ditures, such as R&D for knowledge capital and a portion of SG&A for organizational capital, using the
perpetual inventory method. This methodology has been highly influential and remains central to empirical
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of Statement of Financial Accounting Standards No. 141 (SFAS 141) in 2001, acquirers
are required to disclose the fair value of purchased assets, including detailed valuations
of intangibles (e.g., Ewens et al. (2025); Lim et al. (2020); Masulis et al. (2023)). These
valuations are market-based, arising from transactions, and are supported by third-party
valuation experts and subject to audit and regulatory review. Because they reflect fair value
at the time of acquisition and disaggregate different types of intangibles, PPA disclosures
offer a more precise and economically meaningful measure of intangible capital than
traditional accounting data.

In the first part of this paper, I show that intangible assets can support debt financing.
First, I examine acquisition transactions to assess how firms use debt to finance the
purchase of intangible versus tangible assets. The acquisition setting offers a clean
empirical environment because it isolates new asset purchases and provides market-
based valuations at a detailed level. My results show that while firms finance intangible
assets with less debt than tangible assets, the extent of debt financing for intangibles
is still economically meaningful. Specifically, each dollar of intangible assets acquired
is associated with a $0.24 increase in long-term debt, a coefficient that is statistically
significant and distinct from zero. This result rejects the common modeling assumption
that intangible assets cannot support debt financing (e.g., Falato et al. (2020); Caggese and
Pérez-Orive (2022); Li (2025)). For comparison, a dollar of tangible assets is associated with
a $0.44 increase in long-term debt, and the difference between the two coefficients is also
statistically significant. While intangible assets may be associated with somewhat more
constrained borrowing relative to tangibles, the magnitude of this constraint is far smaller
than theoretical models typically assume.

In the second part of this paper, I examine the underlying mechanism through which
intangible assets support debt financing by distinguishing between two primary lending
channels: asset-based lending, which is secured by the value of specific pledged assets (e.g.,
Shleifer and Vishny (1992); Kiyotaki and Moore (1997); Bernanke et al. (1999)), and cash
flow–based lending, which depends on a firm’s ongoing earnings capacity (e.g., Holmstrom
and Tirole (1997)). The core distinction, whether lending is tied to asset’s value or to the
firm’s ongoing ability to generate cash flows, is often described as the difference between
“land” versus “fruit” as in Kiyotaki and Moore (1997). Building on the empirical approaches
developed by Lian and Ma (2021) and Ivashina et al. (2022), I classify corporate debt into
these two categories to investigate how intangibles relate to each lending base.

work on intangibles (e.g., Eisfeldt and Papanikolaou (2013), Eisfeldt and Papanikolaou (2014), Peters and
Taylor (2017)). However, it relies on strong assumptions about depreciation rates, capitalization shares, and
the aggregation of spending into stock measures.
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This distinction is important because much of the skepticism around the debt capacity
of intangible assets assumes that most corporate borrowing is asset-based. Under this view,
intangible assets, which lack physical form and are potentially difficult to redeploy, are
poor collateral and therefore contribute little to borrowing capacity. Consistent with this
perspective, the literature often uses asset tangibility as a proxy for pledgeability and, by
extension, for a firm’s overall debt capacity (Almeida and Campello, 2007), reinforcing the
notion that intangibles play a limited role in supporting debt financing.

My empirical results reveal that while intangibles contribute little to asset-based
borrowing, they are strongly associated with cash flow–based debt. For each dollar of
intangible assets acquired, there is a $0.25 increase in cash flow-based debt, statistically
indistinguishable from the $0.23 increase per dollar of tangible assets. In contrast, the
relationship between intangible assets and asset-based debt is much weaker: only $0.05
of asset-based debt is associated with each dollar of intangibles, compared to $0.20 for
tangibles. The difference between these coefficients is statistically significant, confirming
that intangibles play a minimal role in asset-based borrowing.

To further test whether the asset-based mechanism is truly limited for intangibles, I
examine whether redeployability, a core determinant of collateral value in asset-based
lending, affects the relationship between asset purchases and debt financing. I construct
a measure of redeployability based on the number of mid-sized firms in the target’s
3-digit NAICS industry, capturing the breadth of the secondary market for acquired assets.
Consistent with theory, I find that redeployability significantly amplifies the debt financing
of tangible assets, consistent with the idea that more redeployable assets provide better
collateral. In contrast, redeployability has no significant effect on the debt financing of
intangible assets. This result reinforces the conclusion that intangible assets do not support
debt through the asset-based channel, and instead are financed primarily through lending
based on the firm’s expected future cash flows.

These findings call for a reevaluation of how we think about debt financing in the
context of intangible assets. The traditional emphasis on collateral and liquidation value
does not fully capture the financing dynamics of intangibles in the modern economy.
Instead, debt associated with intangible assets operates primarily through cash flow-based
channels, reflecting lenders’ reliance on future earnings rather than asset resale value. This
shift challenges existing theoretical assumptions and suggests the need for models that
better reflect how firms with intangible capital access credit markets.

In the third part of the paper, I examine whether different types of intangible assets
differ in their capacity to support debt financing. I distinguish between production-based
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intangibles, such as patents and technology, which enhance production capability, and
demand-shifter intangibles, such as customer relationships and brands, which help sustain
sales. Motivated by insights in Larkin (2013) that firms with a strong brand perception
perform better during recessions3, I develop a model suggesting that customer-related
intangibles can stabilize cash flows in business downturns, thereby supporting greater
borrowing. I empirically test the assumption of this channel that demand-shifter intangibles
reduce cash-flow volatility, and find evidence in support of it.

Turning to debt financing outcomes, I classify intangible assets into demand-shifter
intangibles and production-based intangibles and find that demand-shifter intangibles
are more strongly associated with debt financing. Specifically, I find a dollar increase in
demand-shifter intangibles is associated with a $0.47 increase in long-term debt, whereas
each dollar increase in production-based intangibles is only associated with a $0.12 increase
in long-term debt. Both coefficients are statistically significant. Importantly, there is
also a statistically significant difference between these two coefficients, which confirms
the existence of the heterogeneous effect in the ability to support debt across types of
intangibles. Breaking the analysis into specific categories within each intangible group
reveals a consistent pattern that demand-shifter intangibles are more strongly linked to
debt usage than production-based intangibles.

In the final part of the paper, I provide causal evidence on the role of intangible assets
in supporting debt financing using the 2014 Marblegate court ruling as a quasi-exogenous
shock to their pledgeability. In this ruling, the U.S. District Court reinterpreted Section
316(b) of the Trust Indenture Act, requiring unanimous bondholder consent for many types
of debt restructurings. As a result, firms reliant on bond financing were pushed toward
more prolonged and costly formal bankruptcies, rather than being able to restructure debt
out of court (e.g., Kornejew (2024), Fan (2025)). This shock is particularly damaging for
firms with a high share of intangible assets, such as customer relationships, technology, or
brand value, because these assets tend to deteriorate rapidly in financial distress: customers
may lose trust in the firm, key employee with specialized knowledge may leave and
reputation-based assets are harder to preserve (e.g., Antill and Hunter (2023); Hortaçsu
et al. (2013); Baghai et al. (2021); Babina (2020)). Consequently, the indirect costs of distress
are higher for intangible-intensive firms, leading to lower expected recovery values.

Importantly, the Marblegate ruling was not driven by firm-specific choices and did not
directly affect firms’ investment opportunities, making it a clean and plausibly exogenous

3Bronnenberg et al. (2012) and Gourio and Rudanko (2014) provide related insights: persistent brand
preferences and switching frictions can stabilize demand, implying lower cash flow volatility for firms with
strong brand capital.
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shock to the pledgeability, and thus the financing capacity, of intangible assets. If intangible
assets had been supporting borrowing, then firms with both high bond reliance and high
intangible intensity should reduce their debt usage after the shock. I test this hypothesis
using a triple difference design on a panel of high-yield firms from 2013 to 2016. The
approach compares changes in leverage before and after the ruling across firms with
differing pre-shock exposures to bond financing and intangible intensity.

The results show that leverage declines significantly for firms with both high bond
reliance and high intangible intensity, relative to the other groups. This decline is driven
entirely by reductions in bond debt, with no evidence of substitution into loans. Event study
plots show no evidence of pre-existing trends. Placebo tests using investment-grade firms,
which were unaffected by the ruling, further help rule out confounding macroeconomic or
regulatory shocks as alternative explanations. Two years after the ruling, firms with high
intangibles and high-bond reliance experienced a cumulative 7% decline in residualized
debt, relative to their 2014Q3 assets, compared to similar firms with low intangible intensity.
No such decline is observed among low-bond firms. Together, these findings suggest
that intangible assets had indeed supported borrowing prior to the shock, and that their
reduced pledgeability after Marblegate constrained firms’ debt financing capacity.

Related literature and contribution. This paper intersects with several strands of existing
literature. First, it contributes to research on the measurement of intangible assets. Many
studies rely on the perpetual inventory method to infer intangible capital from firm-level
expenditures such as R&D and SG&A (e.g., Crouzet and Eberly (2021); Eisfeldt et al. (2020);
Belo et al. (2022); Eisfeldt and Papanikolaou (2013), Falato et al. (2020); Peters and Taylor
(2017); Xiaolan (2014); Eisfeldt and Papanikolaou (2014)). He et al. (2024) capitalized
sales and marketing expense to capture customer capital investment. I depart from this
approach by using detailed PPA data from acquisition transactions, which provide direct,
market-based valuations of different intangible categories alongside tangible assets. Prior
studies using PPA data has largely focused on public target firms or aggregate intangible
values (e.g., Lim et al. (2020); Ewens et al. (2025); Kepler et al. (2023)). By contrast, this
paper uses one of the most comprehensive PPA datasets assembled to date, covering both
public and private targets. Broadening the sample is important, as acquisitions of public
targets by public acquirers represent a highly selected group, concentrated in the healthcare
and business equipment sectors. Including private targets provides a much broader and
more representative view of how firms finance and value intangible assets.

Second, this work closely relates to empirical studies on the debt financing of intangibles.
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Loumioti (2012) studies the use of intangibles as collateral in syndicated loans, while
Lim et al. (2020) explores the relationship between intangible asset acquisitions and pre-
acquisition leverage. Mann (2018), Hochberg et al. (2018) and Ciaramella et al. (2022)
provide evidence on patent and intellectual property–based lending. Gill and Heller (2024)
further shows how stronger IP protections can increase access to external finance. Together,
these studies offer important insights into how specific intangible assets interact with
lending markets, particularly in settings where they can be directly pledged or legally
protected.

I complement this literature by taking a broader perspective. Rather than focusing
narrowly on patents or the loan market, I study a wide range of intangible assets and
consider all forms of debt. I draw an explicit distinction between asset-based and cash
flow–based lending. I show that intangible assets are indeed poor collateral and do not
support asset-based borrowing, but they are nonetheless strongly associated with cash
flow–based debt—a distinction not clearly made in prior work. I also explore heterogeneity
across intangible types to shed light on the underlying mechanism. Demand-shifter
intangibles, such as brands and customer relationships, reduce cash-flow volatility, while
production-based intangibles, such as technology and patents, increase the level of cash
flows. Consistent with this distinction, I find that demand-shifter intangibles are more
strongly associated with borrowing. While Lim et al. (2020) examines heterogeneity, the
economic mechanism behind these differences has not been articulated in the literature.
Finally, I use the 2014 Marblegate ruling as an exogenous shock to show the causal effect of
intangibles on debt capacity, which is something that has been difficult to establish in prior
work.

Third, this paper engages with the broader theoretical literature on pledgeability, collat-
eral, and enforcement. Foundational models such as Hart and Moore (1994), Holmstrom
and Tirole (1997), and Rampini and Viswanathan (2010) show how collateral mitigates
agency problems and links firms’ borrowing capacity to the redeployability of their assets.
However, recent work highlights the coexistence of asset-based and cash flow–based
lending (e.g., Lian and Ma (2021); Kermani and Ma (2023); Hartman-Glaser et al. (2025);
Ivashina et al. (2022); Benmelech et al. (2025)), suggesting that financing capacity may
depend not only on collateral value but also on future earnings potential. My paper extends
this line of inquiry. I show that in the presence of intangible assets, borrowing capacity is
less tied to redeployability, since intangibles are nonetheless strongly associated with cash
flow–based debt. This finding indicates that the emphasis on tangibility and liquidation
value may be less central in economies where intangible assets dominate, and it offers new
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empirical grounding for theories of debt capacity.

Fourth, this paper also contributes to a growing macro-finance literature that examines
how intangible capital impacts firm financing and monetary transmission mechanisms.
For example, Falato et al. (2022) and Li (2025) find that the rise of intangibles reduces debt
capacity and drives firms to hold more cash. Giglio and Severo (2012) develops a model that
tightened borrowing constraints and can give rise to asset bubbles. Döttling and Ratnovski
(2023) find that firms with more intangible capital are less responsive to monetary policy
shocks. Caggese and Pérez-Orive (2022) argue that intangibles weaken the stimulative
power of low interest rates. These papers typically build on the assumption that intangible
assets cannot support debt and emphasize the asset-based lending channel, leading to
reduced debt capacity, lower debt usage, and higher cash reserves. Such dynamics have
important macro-finance and monetary policy implications in the corporate savings glut,
weakening the credit channel of monetary policy transmission and financial stability.

Through empirical analysis, I test these model assumptions against real-world data. My
findings confirm that intangibles are minimally associated with asset-based debt financing.
However, this does not mean that intangibles cannot support lending. I show that they
are primarily associated with cash flow–based lending. In the context of cash flow-based
debt financing, the issue of limited pledgeability is far less restrictive than many models
suggest, where future earnings, rather than resale value, underpin lending decisions. My
results highlight the unique nature of intangible assets and the importance of revisiting
existing assumptions to address critical questions in the knowledge economy.

2 Data and Measurement

2.1 Purchase Price Allocation Data

A key challenge in measuring intangible assets is the limited availability of data. Most
intangible assets are not recorded on a firm’s balance sheet because accounting standards
prohibit the capitalization of internally developed intangibles.4 Furthermore, secondary
market transaction data are limited to certain asset types, such as patents, and are not
consistently available across firms. As a result, obtaining a comprehensive and comparable
valuation of intangible assets is difficult.

4There are some exceptions, such as internally used software or website development costs, but these are
only allowed under narrow rules (e.g., ASC 350-40 and ASC 350-50).
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To address this problem, I use data from purchase price allocations (PPA) disclosed
during acquisitions. A PPA is a standardized accounting procedure required under GAAP
(ASC 805), in which the acquiring firm must allocate the total purchase price across the fair
value of acquired assets and liabilities. This process results in a detailed breakdown of the
acquired firm’s assets, including both tangible and intangible assets. Since 2001, accounting
rules (SFAS 141 and 141R) have required firms to report granular details on identifiable
intangibles such as customer relationships, brands, trademarks, and technology. These
valuations are conducted by specialized accountants and are subject to audit. Figure A2
and Figure A3 provide two examples.

The PPA valuation is initiated and paid for by the acquiring firm, often in consultation
with external auditors or accounting advisors. Although planning may begin earlier, the
formal valuation work typically starts after the deal has closed, once the buyer has full
access to the target’s financial records. Accounting rules (ASC 805) allow up to one year
after the closing date to complete the valuation, but most companies finish within the
first quarter to meet reporting deadlines. Initial estimates may appear in the Form 8-K
shortly after the deal, with final numbers included in the next 10-Q or 10-K. Funding for
the acquisition, whether through cash, stock, or debt, is typically arranged before closing,
and the total purchase price is then allocated across the acquired assets and liabilities as
part of the PPA process.

Valuation firms follow a structured process when determining the fair value of intan-
gible assets during a purchase price allocation. They rely on internal financial records,
management forecasts, customer contracts, and interviews with both the buyer and seller
to assess the economic contribution of each asset. Common valuation methods are the
income, market, or cost approach(Crouzet and Ma (2023)).

Identifiable intangibles are intangibles that meet the identifiability criteria outlined in
ASC 805, requiring that they are either separable from the business or arise from contractual
or legal rights: identifiable intangibles exist on a standalone basis. These intangible assets
are valued separately from goodwill. Additionally, firms are required to estimate the
remaining useful life of each amortizable intangible, based on expected economic benefit,
contractual duration, or technological obsolescence. These estimates are disclosed along
with the identifiable intangible valuation in financial statements and determine the asset’s
amortization schedule post-acquisition.

My analysis focuses on identifiable intangible assets. These include customer relation-
ships, brands, patents, technology, etc. In contrast, I exclude unidentifiable intangibles such
as goodwill, which reflects residual value after accounting for identifiable assets. Goodwill
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often embeds synergies, overpayment, or organizational capital, making it difficult to
interpret economically. While excluded from the main analysis, I include goodwill in
robustness checks to confirm the consistency of the results.

The PPA data have several key advantages. First, they offer comprehensive coverage of
all identifiable intangibles acquired from target firms in a transaction. Second, because
the valuations are conducted near the deal closing date, they reflect up-to-date market
conditions and avoid distortions associated with outdated book values. Third, the process
is governed by standardized accounting rules and subject to audit, ensuring consistency
and reliability. Lastly, there are limited incentives to inflate intangible values in this context,
especially given tax neutrality (as discussed in Section 8).

Additional information on the specific intangible categories is provided in Appendix A.5

2.2 Business Valuation Resources’ DealStats

Business Valuation Resources (BVR) collects comprehensive M&A transaction details. For
public firms, the transaction data is sourced from SEC filings, including 10-K, 10-Q, 8-K(A),
S-1, S-4(A), SC 14D1/A, SC TO-T/A, and others. The database provides a wealth of
information, including balance sheet and income statement data for target firms, purchase
price allocations, valuation multiples, and details about both target and acquirer firms.

Key data items retrieved include the Central Index Key (CIK), acquirer name, the
notes section (which details the purchase price allocation), deal terms, and the target’s
pre-acquisition balance sheet information.

The purchase price allocation provides details on both intangible and tangible assets
at fair value. DealStats provide the purchase price allocation in textual form in the“note”
variable. I use natural language processing (NLP) technique to extract those terms. A
detailed discussion of intangible asset categorization can be found in Appendix A, Table A2.
The categorization of tangible assets is more straightforward and includes categories like
real estate and property plant and equipment.

Deal terms specify how the purchase price is paid, typically including forms of payment
such as cash, stock, promissory notes, or a combination of these. They also indicate any
portion of the payment is contingent on future performance. I flag deals that involve stock

5Related studies include Masulis et al. (2023) and Guo et al. (2019), who use PPAs to study intangibles.
Ewens et al. (2025) analyzed the estimated aggregate intangible value of the firm and Lim et al. (2020) focus
on public-to-public deals. This paper compiles the most comprehensive database to date with detailed
intangible breakdowns.
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payments or assumed debt, and I use this information in the sample splits analysis within
the robustness section.

The acquirer’s CIK is the primary identifier used to link DealStats with Compustat.
When the CIK is missing, I supplement it with the acquirer’s name and use a string-matching
algorithm to facilitate the matching process between DealStats and Compustat.

2.3 Debt Measures and Matching

The Compustat sample includes all firm-year observations with non-missing data on total
assets. The main measure of debt is long-term debt (𝑑𝑙𝑡𝑡). In the Appendix, I also report
results using total debt (𝑑𝑙𝑡𝑡 + 𝑑𝑙𝑐) as the dependent variable.

Capital IQ Capital Structure Debt includes the capital debt structure of a public company,
compiled from SEC filings. The debt structure is classified into categories using descriptions
in text format. I exclude observations where the debt is described as a “bridge loan” or
“bridge notes,” as these types of debt are intended to provide temporary financing and are
typically settled or replaced with longer-term financing.

The classification into asset-based and cash flow-based follows Lian and Ma (2021)6.
Asset-based debt is defined as borrowing secured by specific assets. These assets include
tangible items such as real estate, equipment, and inventory, as well as separable intangible
assets such as patents. A debt contract is classified as asset-based if one of the following
conditions holds: (i) directly observe key features of asset-based lending, such as security
against specific assets or borrowing limits tied to them; (ii) the debt belongs to a contract
type that is typically asset-based, such as small business loans, finance company loans,
secured revolving credit lines, and capital leases; or (iii) the contract is explicitly labeled
as asset-based. Cash flow-based debt is not secured by specific assets. Such debt can be
unsecured or secured by the corporate entity as a whole (for example, through blanket
liens), which grants priority over the firm’s going-concern value after deducting the value
of any assets pledged separately. This category includes most corporate bonds and a
large share of corporate loans, such as syndicated loans. A debt contract is classified as
cash flow-based if: (i) it is unsecured or secured only by the corporate entity, and does
not display any features of asset-based lending; (ii) it belongs to a contract type that is
typically cash flow-based, such as corporate bonds other than asset-backed bonds and
industrial revenue bonds, or term loans in syndicated loans, and is not otherwise classified

6Replication package from Kermani and Ma (2022) contains the code for classification, accessed through
The Quarterly Journal of Economics Dataverse.
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as asset-based; or (iii) it is explicitly labeled as cash flow-based. To be conservative, I
classify all secured debt that cannot be assigned with certainty as asset-based.

2.4 Sample Construction

The data focus on acquisition transactions conducted by U.S. public companies from 1995
to 20227.

I begin with all mergers and acquisitions recorded in DealStats. I then restrict the
sample to acquisition transactions classified as business combinations by public firms,
which ensures access to textual purchase price allocation (PPA) data. The resulting
dataset contains PPA information from 5,137 deals over two decades. For cases in which
a firm acquires multiple targets within the same year, I aggregate deal-level data to the
acquirer–year level, resulting in 4,789 firm-year observations.

Next, I merge these transactions with Compustat and restrict the sample to non-financial
firms. I exclude finance and insurance firms (2-digit NAICS code 52) because their assets
(such as securities and loans) and liabilities (such as deposits) are not comparable to those
of non-financial firms.

The analysis combines three main sources: annual balance sheet data from Compustat,
detailed acquisition data from DealStats, and debt-level data from Capital IQ and DealScan.
Compustat provides firm-level changes in debt usage, while Capital IQ’s Capital Structure
Debt database supplies detailed information on individual debt instruments.

After merging DealStats, Compustat, and Capital IQ, the final dataset includes approxi-
mately 3,800 firm-year observations. To mitigate the influence of outliers and reporting
errors, all variables are winsorized at the 1st and 99th percentiles.

Table A11 presents the summary statistics for the outcome variables, purchase price
allocation variables, and control variables used in the main analysis and the robustness
checks. The main outcome variable is the change in long-term debt (𝑑𝑙𝑡𝑡) from the balance
sheet. The control variables include variables that may correlate with both the decision
to acquire the target firm with specific assets and debt usage. Additionally, I incorporate
additional variables suggested by empirical literature examining the capital structure
and debt financing (e.g. Rajan and Zingales (1995); Frank and Goyal (2009); Martynova

7Although detailed purchase price allocations (PPA) became mandatory with SFAS 141 in 2001, the sample
contains some transactions from earlier years; particular transactions involving public target firms, had
already adopted the practice of reporting detailed asset valuations.
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and Renneboog (2009)). I do not exclude observation from the overall sample because of
missing accounting variables.

Table A12 provides the summary statistics for intangible assets acquired, categorized in
detail. The intangible assets are scaled by the target firm’s total assets minus cash, offering
a clearer picture of the firm’s intangible assets intensity.

Table A13 compares acquirers that acquired targets with low and high intangible
asset shares across key financial variables relevant to financing. Firms that acquire firms
with higher intangible shares exhibit significantly greater market-to-book ratios, Q, and
cumulative market valuation relative to assets, reflecting stronger market performance.
Firms that acquire firms with lower intangible shares tend to have higher book leverage,
more physical assets, and a larger credit spread. The significant differences in book leverage
and cash holdings suggest that firms that acquire targets with low intangible ratios rely
more on debt, while high intangible firms hold more cash relative to their assets. In the
regression analysis, the variables compared in the table are used as control variables to
mitigate the bias by these factors.

3 Baseline Empirical Strategy and Results (PPA Sample)

Firms can finance acquisitions using a range of sources: issuing new debt, raising equity,
or drawing on existing cash reserves. In practice, even when a deal is labeled a “cash
transaction”, acquirers frequently issue new debt to fund the payment, since most firms do
not hold enough liquid assets to fully cover the purchase price (e.g., Faccio and Masulis
(2005); Bharadwaj and Shivdasani (2003)).

My empirical analysis focuses on actual changes in the acquirer’s balance sheet to
identify how the acquisition was ultimately financed, regardless of how the transaction is
labeled as either a cash or stock transaction.

In addition to financing the purchase itself, acquirers must also determine how to treat
the target’s existing liabilities. They may retire (i.e., pay off) the debt at closing, assume
and refinance it, or assume it without modification. In my baseline analysis, I treat these
decisions as flexible: acquirers choose how to structure post-acquisition liabilities based
on the financial characteristics of the acquired firm and the composition of the assets
acquired. In the baseline regressions, I assume that acquirers have sufficient discretion
to make financing and liability decisions that reflect the characteristics of the acquired
assets. However, this flexibility may be limited by constraints imposed by the target’s
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existing debt contracts. For instance, if the target has high levels of existing debt with
restrictive covenants (e.g., prepayment prohibitions), the acquirer’s observed financing
structure may be driven more by historical capital structure than by the new asset base. To
account for potential limitations on this flexibility, I later relax the assumption in a series
of robustness checks. These include distinguishing acquisitions in which the acquirer
assumes the target’s debt from those in which it does not, and adding additional control
for the target’s pre-acquisition unused debt capacity.

3.1 Regression Specification

This project explores the change in debt and its relationship with the types of assets
acquired, including tangible assets and intangible assets. The ideal experiment would
involve tracking firms with similar characteristics as they invest in varying amounts of
intangible assets (or tangible assets), to observe the corresponding change in the amount
of debt used to finance the transaction.

My baseline analysis involves two steps. First, I uncover the value of different categories
of assets of the target firm with PPA data. Then, I track the associate financing decision of
the acquirer by tracking its usage of debt before and after the acquisition.

I begin my analysis by illustrating the relationship between various acquired assets in
acquisition and debt financing. I use the following regression specification:

ΔY𝑖 ,𝑡

𝐴𝑖 ,𝑡−1
= 𝛼 + 𝛽1

Δintangibles𝑖 ,𝑡
𝐴𝑖 ,𝑡−1

+ 𝛽2
Δtangibles𝑖 ,𝑡

𝐴𝑖 ,𝑡−1
+ 𝛽3

Δwc𝑖 ,𝑡
𝐴𝑖 ,𝑡−1

+X𝑖 ,𝑡−1𝜉+ 𝜈industry×𝑡 + 𝜀𝑖 ,𝑡 (1)

This is a cross-sectional regression. The focus is on tracking acquired assets 8 and the
corresponding changes in debt usage. The dependent variables of focus are the changes
in debt usage: long-term debt and total debt. Occasionally, companies use a bridge loan
for short-term financing during transactions, but promptly settle it using cash from the
target balance sheet or proceeds from other financing methods such as additional debt
financing or equity issuance. By using the long-term debt changes, I specifically focus
on the portion of debt that firms do not offset immediately following a transaction. I
examine the acquisitions at the acquirer firm-year level instead of at the deal level because
sometimes acquirers conduct more than one acquisition in a year. In these cases, I sum all

8I run regressions on all three types of assets but only focus on interpreting the coefficients for intangibles
and tangibles.
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the assets acquired from acquisitions in a given year. The standard errors are clustered at
the industry and year level.

The study focuses on debt usage differences for firms that, through an acquisition deal,
acquire an additional dollar of intangibles compared to those that do not, all else being
equal. The regression coefficient 𝛽1 represents the change in debt in dollars correlated with
acquiring an additional dollar of intangible assets. Similarly, 𝛽2 represents the change in
debt in dollars correlated with acquiring an additional dollar of tangible assets. I compare
the two coefficients with a 𝐹-test. If there is no statistically significant difference between the
two coefficients, it suggests intangible assets and tangible assets support debt comparably.

The regression strategy mitigates the common problem of simultaneity in regressing
capital structure on intangibles as the capital structure also impacts the types of investment
the firm chooses (e.g., Myers (1977); Jensen and Meckling (1976)) and thus the assets
acquired.

The challenge in identifying this correlation is the potential omitted variables. The
most important concern here is the acquirer firms’ unused debt capacity. If firms with
high unused debt capacity are more likely to acquire intangibles, but that capacity is not
controlled for in the model, the regression could attribute the increased debt usage to
intangibles when in reality, it might be driven by the firm’s ability to borrow more. To
help mitigate this concern with existing spare debt capacity, I control for the acquirer’s
pre-acquisition book leverage ratio.

Several other pre-acquisition control variables are added to further isolate the effect of
interests, including rating-specific credit spread, firm profitability, cash on hand, tangible
assets, operating cash flow, earnings, market-to-book ratio, cumulative stock return in the
past year, firm size, acquired cash from the acquisition, and total Q from Peters and Taylor
(2017). All balance sheet control variables other than firm size, are scaled by total assets of
the acquirer before the acquisition. All control variables, other than acquired cash from the
acquisition enter into the regression with a one-period lag. Additionally, an industry-year
fixed effect is incorporated to account for unobserved heterogeneity across industries over
time.

Regarding the target firm’s existing debt, in my basic framework, I assume that as long
as the acquirer has the option to refinance or pay off the debt, any financing decisions will
be made based on the type of assets acquired, allowing the acquirer to choose the most
suitable financing method. In this case, I am not concerned about the target’s existing debt.
However, in reality, the acquirer may not always have full control over the target’s existing
debt, as it can be a legacy issue with existing debt contracts. In Section 8.1, I further address
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Table 1. Regression Results on the Impact of Intangibles on Long-term Debt

LHS Variable is Δ in Long-term Debt
(1) (2) (3) (4)

Δ Intangibles 0.19∗∗∗ 0.17∗∗∗ 0.26∗∗∗ 0.24∗∗∗

(0.04) (0.04) (0.04) (0.04)

Δ Tangibles 0.36∗∗∗ 0.33∗∗∗ 0.46∗∗∗ 0.44∗∗∗

(0.04) (0.04) (0.05) (0.06)

Δ Working capital 0.24∗∗∗ 0.23∗∗∗ 0.25∗∗∗

(0.05) (0.08) (0.08)

Controls X X
Industry × year FE X
Observations 3800 3800 2575 2529
𝑅2 0.126 0.135 0.243 0.322
𝐹-stats: intan=tan 14.07 13.09 13.73 11.68
𝐹-stats: p-val .001 .001 .001 .002

Notes: This table reports regression results on the impact of intangibles on long-term debt. Columns
(1)–(4) use long-term debt, defined as (𝑑𝑙𝑡𝑡 − 𝑙.𝑑𝑙𝑡𝑡)/𝑙.𝑎𝑡, as the dependent variable. Variable definitions
are provided in Appendix B. Standard errors are reported in parentheses and are clustered at the industry
and year level. Significance levels are denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

the concern with two robustness checks.

Due to the difficulty of isolating the exact debt changes associated with multiple deals
within one year, my analysis is at firm-year level. This way, I capture all the debt changes
that are possibly related to the acquisitions, but at the cost of certain measurement issues,
such as acquirer firms engaging in additional PP&E purchases or R&D development on the
side, which would bias my estimates. In the robustness check, I show there is no significant
concurrent investment in additional tangible and intangible assets in Section 8.2.

4 Debt Financing of Intangible Assets: Main Findings

First, I show that intangibles can support debt to an extent comparable to tangibles. The
regression results in Table 1 columns (1) to (4), reveal the impact of identifiable intangibles
and tangible assets on net debt issuance. In column (4), the preferred specification, each
dollar increase in identifiable intangibles is associated with a 0.24-dollar increase in long-
term debt, while each dollar rise in tangible assets corresponds to a 0.44-dollar increase.
These coefficients are statistically significant individually, but there is no significant
difference between them. Additionally, as more controls are added from column (2) to
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Figure 1. Acquired Asset and Δ Long-term Debt
Intangibles Tangibles

Notes: Binned scatter plots of the relation between changes in long-term debt and changes in asset
components. The left panel plots debt changes against changes in intangible assets, and the right
panel plots debt changes against changes in tangible assets. The specification follows the baseline
regression in Table 1, column (4). Dots represent conditional means and solid lines represent
fitted values.

(4), the coefficient values remain relatively stable, suggesting limited concern regarding
omitted-variable bias. In Figure 1 panel (a) and (b), I also present the results in bin-scatter
graphs.

Even though intangibles do not impact the amount of debt firms have, they do impact
the way lenders establish priority in getting the payment in default resolution (Benmelech
et al. (2024)). The results show the differences between intangibles and tangible assets in
their roles as collateral. The high proportion of cases where intangible assets are paired
with tangible assets in serving as collateral suggests some complementary between the two.
Moreover, the data may suggest great uncertainty as to the extent to which intangibles can
be resold on a standalone basis in a liquidation, even for identifiable intangibles that are,
by definition, separable from the firm9.

To test whether the increase in debt financing around intangible acquisitions reflects
pre-existing or delayed effects, I plot the dynamic response in Figure 2, which uses the
baseline regression framework to relate changes in net long-term book debt issuance from
four years before to five years after the deal to the value of intangibles acquired. The results
show a sharp and significant increase in debt in the acquisition year, with no evidence
of borrowing in advance and no reversion in the following years. This pattern rules out

9Kermani and Ma (2023) documents high liquidation recovery rates of book intangibles in specific
industries such as airlines, mining, and recreation apparel for transferable licenses and usage rights, patents,
and data. However, according to industry experts and reports, the market for intangible collateralized debt,
asset-based lending, is currently primarily served by specialty lenders and has not yet become mainstream.
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Figure 2. No Pre-existing Trends or Delayed Effects
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Notes: This chart plots the regression coefficients from regressing 4-year lag and 5-year lead of the
changes in long-term debt on intangibles acquired during acquisitions while controlling for all
the controls and fixed-effects as in the baseline regression in Table 1, column (4).

pre-trends or delayed adjustments and suggests that the coefficient captured the full effect
of intangibles on debt financing during the acquisition and the rise in debt usage linked to
intangible acquisitions is persistent.

In Section 8, I conduct several robustness tests to validate the results.

Section 8.1 considers the role of the target’s existing debt. Table A18 splits the sample
into transactions with and without assumed debt and shows that intangibles continue
to support debt, with a stronger effect when no debt is assumed. Table A19 controls for
the target’s pre-existing asset-to-debt ratios and includes the acquirer’s pre-acquisition
tangible assets scaled by total debt to capture pledged unused debt capacity. Both checks
confirm the baseline findings.

Section 8.2, addresses potential confounding from concurrent investments in PP&E
or R&D, and finds no evidence of overestimation. Section 8.3 explores deal terms and
shows that the intangible–debt relationship is stronger in cash transactions than in stock
deals, consistent with the baseline. Section 8.4 adds Tobin’s Q as a proxy for investment
opportunities instead of total q from Peters and Taylor (2017), again supporting the results.

Section 8.5 evaluates the inclusion of goodwill in the analysis. While tangible assets
consistently show stronger support for long-term debt, intangible assets, including goodwill,
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remain significant contributors. Section 8.6 evaluates possible valuation manipulation from
tax considerations. Because most transactions are tax-deferred, incentive to manipulation
PPA valuations for tax benefit is limited, and even in taxable transactions the findings
remain robust.

Finally, Section 8.7 considers how measurement error affects the results. Despite
accountants’ best efforts, measuring intangibles is inherently challenging. The estimated
effect is likely a lower bound of the true relationship between intangibles and debt financing.

Lastly, these findings provide insight into the relative debt capacity supported by
intangible assets compared to tangible assets and are likely lower-bound. First, observed
debt usage illustrates how the acquirer’s borrowing adjusts in response to acquired tangible
and intangible assets while controlling for firm characteristics. Since firms typically
preserve financial flexibility, the actual amount borrowed serves as a lower bound on their
potential borrowing capacity.

5 Mechanism: How Are Intangibles Financed with Debt?

Corporate borrowing can be broadly classified into two categories, depending on the basis
upon which credit is extended: asset-based debt and cash flow-based debt.

Asset-based debt relies on the liquidation value of pledged assets. Lenders in this
channel extend credit against assets that can be readily transferred to alternative users
or markets—assets with well-defined secondary markets so that value can be recovered
in the event of default. Redeployability is therefore central: the more easily an asset can
be sold or put to productive use by another party, the greater its usefulness as collateral.
Seminal contributions include Shleifer and Vishny (1992), Kiyotaki and Moore (1997),
and Bernanke et al. (1999) emphasize how collateral values shape borrowing capacity. In
contrast, cash flow-based debt relies on a firm’s operational cash flow to meet debt obligations.
In this channel, repayment capacity, not collateral resale value, is the key constraint, as in
Holmstrom and Tirole (1997).

Much of the discussion on debt financing for intangible assets has focused narrowly on
the asset-based lending channel. This emphasis rests on two implicit assumptions. First,
asset-based debt dominates in corporate borrowing. Second, intangible assets cannot be
used effectively as collateral and therefore cannot meaningfully support asset-based debt.

Under these assumptions, asset tangibility is often used as a proxy for pledgeability,
with the logic that the more tangible, and thus pledgeable, assets a firm has, the more it
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Table 2. Intangibles Are Primarily Associated with Cash Flow-Based Debt

Δ Cash flow-based Debt Δ Asset-based Debt
(1) (2) (3) (4) (5) (6) (7) (8)

Δ Intangibles 0.19∗∗∗ 0.17∗∗∗ 0.27∗∗∗ 0.25∗∗∗ 0.07∗∗∗ 0.04∗∗ 0.05∗ 0.05∗

(0.04) (0.05) (0.05) (0.05) (0.02) (0.02) (0.03) (0.02)

Δ Tangibles 0.16∗∗∗ 0.14∗∗∗ 0.28∗∗∗ 0.24∗∗∗ 0.20∗∗∗ 0.17∗∗∗ 0.18∗∗∗ 0.20∗∗∗

(0.04) (0.04) (0.06) (0.07) (0.02) (0.03) (0.03) (0.03)

Δ Working capital 0.13∗ 0.11 0.18 0.26∗∗∗ 0.17∗∗ 0.13
(0.07) (0.11) (0.11) (0.05) (0.07) (0.08)

Controls X X X X
Industry × year FE X X
Observations 2874 2874 2041 2012 2874 2874 2041 2012
𝑅2 0.075 0.078 0.161 0.241 0.055 0.073 0.102 0.187
𝐹-stat: intan=tan .6 .58 .01 .07 16.71 18.91 8.69 11.98
𝐹-stat: p-value .445 .452 .913 .799 0 0 .008 .002

Notes: This table presents the results of the regression analysis investigating the impact of intan-
gibles on changes in debt by lending basis. Column (1) to (4) present the outcome variable of cash
flow-based debt, and Column (5) to (8) present the outcome variable of asset-based debt. The debt
is classified as cash flow-based if it is backed by blanket lien or unsecured, and is classified as asset-
based if it is backed by real estate, fixed asset, receivable, etc. The classification is based on Lian
and Ma (2021). Standard errors are reported in parentheses and are clustered at the industry and
year level. Significance levels are denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

can borrow. In this framing, intangible-heavy firms are viewed as disadvantaged in debt
markets.

While this view is correct in one dimension, my evidence confirms that intangible assets
have only a weak association with asset-based debt; it overlooks the broader structure
of corporate borrowing. When we consider cash flow-based lending, a different pattern
emerges. Using evidence from the acquisition context, I show that intangible assets are
primarily associated with cash flow-based debt. Moreover, unlike tangible assets, the
financing of intangibles is largely unaffected by redeployability. In an economy increasingly
driven by intangible capital, focusing exclusively on asset-based debt understates the
borrowing capacity of intangible-intensive firms and misses a key channel through which
these assets are financed.

5.1 Evidence from Classifying Debt

Following Lian and Ma (2021), I classify each debt instrument as asset-based or cash-
flow-based using detailed contract descriptions from Capital IQ Debt Detail database.
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Asset-based debt includes loans and bonds secured by specific, monitorable collateral –
such as receivables, inventory, real estate, equipment, or other identifiable assets – and
facilities structured around borrowing bases. Cash flow-based debt includes loans and
bonds whose repayment is based primarily on the borrower’s overall cash-generating
capacity, such as unsecured term loans, broadly liened credit facilities, and most unsecured
bonds. Capital leases are grouped with asset-based debt, and convertible instruments with
cash flow-based debt. This classification follows the economic distinction between lending
against collateral value and lending against repayment capacity.

Table 2 columns (1)–(4) show that a one-dollar increase in identifiable intangible assets
is associated with a $0.25 increase in cash flow-based debt; very similar in magnitude to
the $0.24 increase associated with tangible assets. A formal F-test cannot reject the null
that these two coefficients are equal, indicating that intangibles support cash flow-based
borrowing almost as effectively as tangibles. Intangibles, therefore, appear to support cash
flow-based borrowing almost as effectively as tangible assets. By contrast, columns (5)–(8)
report results for asset-based debt, where the distinction emphasized in the literature
becomes evident. In the preferred specification in column (8), a one-dollar increase in
intangibles is linked to only a $0.05 increase in asset-based debt, compared with a $0.20
increase for tangible assets. Here, the coefficient on intangibles is small and only weakly
significant, while the coefficient on tangibles is large and highly significant; an F-test rejects
equality of the two coefficients. These findings confirm that in asset-based lending, where
pledgeability, redeployability, and standalone collateral valuation are critical, intangibles
play little role, consistent with existing views (e.g., Crouzet and Eberly (2019); Giglio
and Severo (2012); Caggese and Pérez-Orive (2022)). Yet, when the full debt structure is
considered, they form an important foundation for cash flow-based borrowing.

5.2 Evidence from Asset Redeployability

Redeployability is a key determinant of an asset’s ability to support debt, particularly
in asset-based lending (e.g., Williamson (1988)). The intangible assets in this study are
identifiable intangibles—assets that, by definition, can be separated from the firm and
have standalone value, implying a degree of redeployability. However, the earlier analysis
shows that intangibles are primarily associated with cash flow–based debt, where financing
depends on the asset’s contribution to future earnings rather than its resale value. This
raises the question: does asset redeployability matter less for intangibles than for tangible
assets?
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To test this, I extend the main specification by interacting each asset type with an
indicator for high redeployability, allowing for a direct comparison of its role across asset
classes.

Δ𝑌𝑖 ,𝑡

𝐴𝑖 ,𝑡−1
= 𝛼 + 𝛽1

Δintangibles𝑖 ,𝑡
𝐴𝑖 ,𝑡−1

+ 𝛽2
Δtangibles𝑖 ,𝑡

𝐴𝑖 ,𝑡−1
+ 𝛽3

Δwc𝑖 ,𝑡
𝐴𝑖 ,𝑡−1

+ 𝛿 1{High RDPL}𝑖

+ 𝛽4

(
Δintangibles𝑖 ,𝑡

𝐴𝑖 ,𝑡−1
× 1{High RDPL}𝑖

)
+ 𝛽5

(
Δtangibles𝑖 ,𝑡

𝐴𝑖 ,𝑡−1
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)
+ 𝛽6

(
Δwc𝑖 ,𝑡
𝐴𝑖 ,𝑡−1

× 1{High RDPL}𝑖
)

+ X′
𝑖 ,𝑡−1𝝃 + 𝜈industry×𝑡 + 𝜀𝑖 ,𝑡

(2)

Redeployability refers to the degree to which acquired assets can be repurposed by
alternative users. For tangible assets, a common approach10 relies on industry-level
input–output linkages: assets used across many industries are more redeployable because
they have a broader secondary market, whereas assets tied to specialized outputs are less
redeployable.

For intangible assets, no input–output matrix exists, but the same logic applies. Rede-
ployability depends on the breadth of potential users. For intangibles, that potential market
is often narrow and industry-specific. For example, the Levi’s brand and designs are valu-
able to a clothing company but not to United Airlines, despite both being consumer-facing
firms. Similarly, NVIDIA’s chip designs are valuable to Huawei, a Chinese competitor,
but not to Meta, despite both companies operating in the broader tech sector. Thus, for
intangible assets, a reasonable proxy for redeployability is the number of similar firms
operating in the same narrowly defined industry segment.

I therefore measure redeployability using firm counts from the U.S. Census Bureau’s
Business Dynamics Statistics (BDS), focusing on the number of firms in the target’s 3-digit
NAICS industry. Conceptually, each firm is a bundle of assets, so this count reflects the
pool of potential alternative users. This measure likely underestimates redeployability for
tangibles – industrial trucks, for instance, can be used across many unrelated industries.

I count the number of firms in that industry large enough to plausibly purchase the
10For example, Kim and Kung (2017) constructs a redeployability index using the BEA Input–Output Use

Tables.
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asset in a secondary market, and average this count over the three years preceding the
acquisition year to smooth out transitory fluctuations. These mid-sized to large firms are
the most likely potential buyers in a secondary market. As a robustness check, I use a finer
measure based on the number of firms with 1,000–5,000 employees11. Finally, I merge the
redeployability measure into the acquisition sample and classify the acquirer-year level
transaction as High RDPL if its target industry’s value lies above the 25th percentile12.

The results, presented in Figure 313, show a striking asymmetry between intangibles and
tangibles. For intangibles, the marginal effect on long-term debt is similar across high- and
low-redeployability firms: an increase in intangible assets is associated with a comparable
increase in borrowing regardless of redeployability. This suggests that redeployability,
a core determinant of asset-based lending, is largely irrelevant for the debt financing of
intangible assets. In contrast, the relationship between tangible assets and long-term
debt is much stronger among high-redeployability firms than among low-redeployability
firms. Tangible assets that can be easily redeployed provide significantly greater borrowing
capacity, consistent with their use as collateral in asset-based lending. These patterns
reinforce the earlier finding that intangibles play a minimal role in asset-based borrowing
but are important for cash-flow-based borrowing, while tangibles benefit directly from the
redeployability channel emphasized in the asset-based lending literature.

6 Heterogeneity: Not All Intangibles Are the Same

Intangible assets are commonly defined as “assets that lack physical substance.” But
intangible assets are not a homogeneous category; they differ in the ways they create
value for firms. I classify them into two groups. Production-based intangibles (such as
patents, technology, and know-how) enhance operational efficiency or productivity and
primarily affect the level of cash flows a firm can produce. Demand-shifter intangibles
(such as brands and customer relationships) increase the firm’s ability to sustain demand
or charge higher prices. Their central contribution is to reduce the volatility of cash flows
by stabilizing revenue over time rather than by entering the production process.

11Results are robust to this alternative measure; see Table A4. BDS applies noise infusion or data masking
to protect confidentiality, which can cause totals not to match perfectly. The coarser 500+ employee category
is less affected by suppression.

12For multiple transactions by the same acquirer in the same year, I use the target industry code from the
largest deal.

13See regression results in Table A3
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Figure 3. Marginal Effects of Asset Changes on Long-Term Debt by Redeployability.

Notes: The bars plot the marginal effects of changes in intangible and tangible assets on long-term
debt. Estimates are from the baseline specification in Table A4, column (4), augmented with
interaction terms as in Equation 2. Effects are shown separately for industries with low RDPL
(below the 25th percentile) and high RDPL (above the 25th percentile), where RDPL is measured
using the U.S. Census Bureau’s BDS as the average number of 500+ employees in the industry
over the three years prior to acquisition. Whiskers denote 95% confidence intervals with standard
errors clustered by industry and year.

6.1 Model: Demand-Shifter Intangibles and Optimal Debt

This section presents a model to illustrate how different types of intangible assets, focusing
on demand-shifter and production-based intangibles, can have heterogeneous effects on
firms’ optimal debt usage. The key mechanism is that demand-shifter intangibles reduce
the volatility of cash flows, especially in adverse market conditions, thereby increasing
firms’ debt capacity.

Model setup and assumptions The model has two time periods, 𝑡 = 0, 1. There is a single
firm with three capital components: tangible capital (𝑘𝑇), production-based intangible
capital (𝑘𝑁 ), and demand-shifter intangibles (𝐵). We treat the capital stocks 𝑘𝑇 , 𝑘𝑁 , and 𝐵

as exogenously given, and only 𝑘𝑇 , 𝑘𝑁 enter the production function.

Output is determined by a standard production function:

𝑞 ≡ 𝑓 (𝑘𝑁 , 𝑘𝑇)
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The firm faces a stochastic linear demand curve affected by both market conditions and
the stock of customer-related intangibles:

𝑝 (𝑞, 𝐵, 𝑧) ≡ 𝑝∗ − 𝑧

𝐵
𝑞 + 𝜖 =


𝑝∗ + 𝜀 𝑧 = 0 with prob 𝜙

𝑝∗ − 1
𝐵 𝑞 + 𝜀 𝑧 = 1 with prob 1 − 𝜙

where 𝑝∗ is the prevailing price in the absence of any shocks, 𝑧 is a demand shock
that reflects the market condition, 𝑞 is the production quantity, 𝐵 is the demand-shifter
intangibles, 𝜀 is an idiosyncratic shock the firm experiences and follows a uniform
distribution 𝑈 [0, 1].

A negative market shock occurs with a probability 1 − 𝜙, and a higher 𝐵 shelters the
firm from the negative market condition by partially offsetting the shock: a larger amount
of customer relationships reduces the price impact of a large number of outputs when the
market condition is tight.

This formulation captures the empirical observation that customer-related intangibles
(e.g., brand, customer loyalty) help stabilize revenue during downturns (Larkin, 2013).

Financing Environment In period 𝑡 = 0, the firm issues debt with face value 𝐹 and pays
out the proceeds, denoted 𝐷(𝐹), as dividends to shareholders. In period 𝑡 = 1, the firm
generates cash flow equal to 𝑝𝑞 and repays the debt. If cash flow is insufficient, the firm
defaults and incurs bankruptcy costs 𝐶.

The payouts are given by:

Repayment to debtholders = min{𝐹, 𝑝𝑞 − 𝐶} (3)

Payout to shareholders = max{(1 − 𝜏)𝑝𝑞 − 𝐹, 0} (4)

where 𝜏 is the corporate income tax rate.

We assume that lenders are risk-neutral, so the expected repayment must equal the
debt proceeds:

E[𝐷(𝐹)] = 𝐷 (5)

Firm’s Objective Function The firm chooses its debt usage to maximize initial equity
value14.

14For simplification purposes, here, I do not discount the 𝑡 = 1 payment.
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Figure 4. Comparative Statics from Model

Notes: This chart plots the comparative statics results generated from the model. See Appendix E
for more details of the model solution and parameters used.

𝑉 = max𝐹≥0 {𝐷 (𝐹) + E [max ((1 − 𝜏) 𝑝𝑞 − 𝐹 + 𝜏𝐹, 0)]}

subject to:

𝐷 (𝐹) = E [min (𝐹, 𝑝𝑞 − 𝐶)]

Model implications

Proposition 1. The optimal debt level 𝐹∗ is increasing in the stock of customer-related intangibles
𝐵. That is,

𝑑𝐹∗

𝑑𝐵
> 0

Details on the derivation can be found in Appendix E.

Figure 4 shows the relationship between 𝐵 and 𝐹∗. As the level of customer-related
intangibles increases, the firm’s optimal debt also increases. This result illustrates that
firms with stronger customer loyalty and brand equity face less revenue volatility and can
support higher debt levels.
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6.2 Empirical Evidence

Based on this framework, I go to the purchase price allocation data and categorize major
categories of intangibles into production-based intangibles and demand-shifter intangibles.
In Table A15, I list my classification. Kindly be aware that there exists a disparity between
the economic meaning researchers attribute to specific intangible categories and the
empirical measurement. My categorization is founded on empirical measurement, and I
explain the definition of selected categories and my reasoning for classification below.

Production-based intangibles.

• General definition: Production intangibles directly contribute to the firm’s production.

• Important categories:

– Patent, software, technology, IP R&D: patents are legal protections granted for
inventions. Software refers to computer programs and applications, including
both off-the-shelf software and proprietary software developed by the com-
pany. Technology means the proprietary technology, process, or methodology
developed, such as innovative manufacturing processes, research techniques, or
proprietary algorithms. IP R&D is the in-process research and development.

– Know-how, blueprints, license: know-how refers to the expertise, skills, and
technical knowledge possessed by the acquired company’s employees or man-
agement which includes trade secrets, best practices, and proprietary techniques.
Blueprints are detailed technical drawings or plans used in the design and
construction of products, machinery, or infrastructure. license, such as broadcast
license, and operation license; these are materials that enable production.

– Right of use and copyrighted material: the right of use represents the lessee’s
right to use a leased asset for the lease term. The underlying assets can be
PP&E and intangible assets such as technology. Copyrighted material includes
original works of authorship, such as literary works, artistic creations, music
compositions, and software code. These are intangibles that can be used in
production directly and help firms produce more products.

– Organizational capital: business practices that facilitate production.15

Demand-shifter intangibles.
15As explained in the data section I do not capture this intangible very well empirically using PPA data.
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• General definition: Demand-shifter intangibles do not directly contribute to produc-
tion but help firms sell more products at larger quantities or higher prices.

• Important categories:

– Customer relationship, customer list: customer relationship is the established
connections and interactions between the company and its customers. The
relationship can include various aspects, such as the loyalty of customers and
the potential for repeat business. The customer list contains details about the
company’s customers, such as contact information and purchasing history.

– Brands, trademark, domain name: brands represent the overall perception and
reputation of a company or its products/services in the marketplace. Trademarks
distinguish a company’s products or services from those of competitors with
legal protection. Domain names are unique addresses that identify specific
websites on the internet. They play a crucial role in establishing an online
presence and facilitating customer access to a company’s website. Domain
names may reflect the company’s brand name, product name, or key terms
relevant to its business.

– Customer contract, backlog: Customer contracts represent formal agreements
between the acquired company and its customers. These contracts outline the
terms and conditions of the products or services to be provided, including
pricing, duration, and any specific obligations or commitments. Customer
contracts can be valuable assets because they often represent future revenue
streams and provide visibility into the company’s customer base. Backlog refers
to the unfulfilled orders or contractual commitments that the acquired company
has already secured but has not yet delivered or recognized as revenue.

– Business relationship: relationship with downstream and upstream firms, such
as relationship with distributors, vendors, and suppliers.

– Data: In purchase price allocation (PPA), “data” typically refers to the value
associated with data assets acquired as part of a business acquisition. Data assets
can include various types of information collected and stored by the acquired
company, most importantly customer data, sales data, and in some cases market
research data, operational data, and proprietary datasets. This category is where
the conceptual gap between current research and this empirical work is the
largest. Some recent work on data economy (Begenau et al. (2018); Farboodi et al.
(2019); Farboodi and Veldkamp (2023)) is extremely interesting. The essence
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of a “data” economy is where firms gather information and essentially use
data to reduce uncertainty is very interesting. From an empirical perspective,
data is more similar to a customer list where a database contains information
about valuable customer and their preferences. The more advanced analytical
potential of data will be part of technology or organizational capital which is
outside of my current study.

– Franchise agreement: a franchise agreement allows a franchisee to operate a
business associated with the franchisor’s trademark.

– Non-compete agreement: a non-compete agreement is a contractual arrangement
that restricts the employee from the seller from engaging in competitive activities
within a specified geographic area or industry sector for a certain period after
the acquisition. Non-compete agreements do not impact the firms’ production
but protect the demand the firm faces16.

Next, I conduct the same regression as in Table 1, but splitting intangibles into the
aforementioned two categories to test if there is a differential effect on debt financing
associated with production-based intangibles and demand-shifter intangibles. The results
in Table 3 column (3) show one one-dollar increase in demand-shifter intangibles leads to a
$0.45 increase in debt financing, while one dollar increase in production-based intangibles
leads to a $0.15 increase in debt financing. The results suggest that demand-shifter
intangibles induce more debt than production-based intangibles. I use a 𝐹-test to confirm
that the difference in the two coefficients is statistically significant.

In Figure 5, I show the regression results from individual categories from the production-
based intangibles and demand-shifter intangibles. In general, demand-shifter intangibles
are on the right side of production-based intangibles. Indeed, demand-shifter intangibles
correlate with more debt financing than production-based intangibles.

6.3 Discussion

I do acknowledge that this classification is a bold attempt. In the real world, the classification
may not be as clear-cut as one would like. For my result, the most important types of demand-
shifter intangibles are brand trademarks, customer lists, and customer relationships, and
the most important types of production-based intangibles are patents, software, and
technology.

16Another interpretation of the non-compete agreement is that it represents the value of employees retained
by the firm, thereby partially reflecting the value of its human capital.
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Table 3. Regression Results on the Impact of Intangibles on Debt Usage by Type of
Intangibles

LHS Variable is Δ in Long-term Debt
(1) (2) (3)

Δ Intangibles (demand-shifter) 0.35∗∗∗ 0.44∗∗∗ 0.45∗∗∗

(0.05) (0.07) (0.07)

Δ Intangibles (production-based) 0.05 0.17∗∗ 0.15∗∗

(0.05) (0.06) (0.07)

Δ Tangibles 0.34∗∗∗ 0.45∗∗∗ 0.44∗∗∗

(0.04) (0.05) (0.05)

Δ Working capital 0.21∗∗∗ 0.22∗∗∗ 0.25∗∗∗

(0.05) (0.06) (0.07)

Controls X X
Industry × year FE X
Observations 3800 2575 2529
𝑅2 0.145 0.251 0.332
𝐹-stat: ds-intan=pb-intan 10.03
𝐹-stat: p-value .004

Notes: This table presents the results of the regression analysis investigating the impact of intangibles on
debt usage by type of intangibles. Columns (1) through (3) present the outcome variable of change in long-
term debt, which is defined as (dltt-l.dltt)/l.at. Intangibles are classified into production intangibles and
demand-based intangibles, see Table A15 for details. Significance levels are denoted by asterisks (*** 𝑝 <
0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

I empirically test the actual relationship between different types of intangibles and
cash-flow volatility. In Table A16, I show results from the regression analysis that confirm
demand-shifter intangibles reduce cash flow volatility, while production-based intangibles
increase it. Specifically, I find that acquirer firms that acquired one standard deviation higher
demand-shifter intangibles are associated with a reduction of 0.017 in post-acquisition
cash-flow volatility, representing a decrease of 12% compared to the unconditional mean. In
contrast, the acquirer firms that acquired one standard deviation higher production-based
intangibles are associated with an increase of 0.021 in post-acquisition cash-flow volatility,
representing an increase of 15% compared to the unconditional mean.

A prediction from this model is the effect of demand-shifter intangibles keeps dimin-
ishing as the market environment becomes more stable in terms of fewer negative shocks.
Figure A4 illustrates this by plotting the difference between the optimal debt level between
firms with high versus low demand-shifter intangibles across 𝜙. The figure shows that
firms with higher demand-shifter intangibles always have higher optimal debt in a given
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Figure 5. Debt Financing by Types of Intangibles

Notes: This chart plots the regression coefficients from regressing changes in long-term debt on
various categories of intangibles while controlling for all the controls and fixed-effects as in the
baseline regression.

market environment, and this gap keeps diminishing as the market has less frequent
negative shocks. I empirically test this prediction in Table A17. It confirms during bad
times one more unit of demand-shifter intangibles correlates with $0.43 of long-term debt.
The coefficient is smaller in magnitude during good times – this number is $0.42.

7 Complementary Evidence: Marblegate Ruling

The acquisition setting provides direct evidence that intangibles can be financed with
debt. However, due to the limitations of the setting, we cannot completely rule out the
endogeneity issue, in particular, unused debt capacity. It may be the case that firms with
unused debt capacity are more willing to purchase intangibles, and those acquirers also
tend to issue more debt not because intangibles are pledgeable, but because they are
unconstrained. To strengthen identification, I turn to the Marblegate ruling shock as a
natural experiment to provide additional evidence.
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7.1 Institutional Background

Institutional Context: The EDMC Restructuring Education Management Corporation
(EDMC), one of the largest U.S. for-profit colleges, fell into distress in 2014. The firm wanted
to restructure its debt out of court, but ran into a legal obstacle: under Section 316(b) of the
Trust Indenture Act of 1939 (TIA), changes to bond payment terms required unanimous
bondholder consent. This act was designed to protect investors, but the unintended
consequence is that it may make restructurings difficult because a single holdout creditor
could block the deal17.

Over time, the market had developed a workaround. Firms would use exchange offers
with exit consents: consenting bondholders agreed to swap into new securities while
simultaneously stripping restrictive covenants from the old bonds. Since this did not alter
the core payment terms, courts had long treated such exchanges as compliant with the
TIA, even if they left holdouts worse off. Everyone knew the workaround was aggressive,
but judges generally allowed it.

That is what EDMC tried. The restructuring plan stripped dissenting creditors of
meaningful enforcement rights by moving assets into a new subsidiary and distributing
securities only to consenting bondholders. The expectation was that the court, as usual,
would permit it.

The Marblegate Lawsuit and Legal Shock But in late 2014, a dissenting bondholder, Mar-
blegate Asset Management, challenged the plan in court. In a surprise move, on December
30, 2014, the U.S. District Court for the Southern District of New York reinterpreted Section
316(b) much more broadly: not only literal payment terms, but also practical recovery
rights could not be impaired without unanimous consent.18

This ruling strengthened the bondholder’s right to payment, but altered restructur-
ing dynamics by intensifying the holdout problem – when individual creditors refuse
concessions in the hope of free riding on others, thereby blocking a collective agreement19.

The shift had important implications for firms with high intangible asset intensity.
17For related work by legal scholars, see, e.g., Kahan (2018)
18In fact, case law on this part of Section 316(b) had been sparse. The prior decision was in 1999, Federated

Strategic Income Fund v. Mechala Group Jamaica Ltd. (“Mechala”), which had briefly held that certain asset
transfers impaired bondholders’ right to payment. The case drew little attention at the time, and Marblegate
was the first to revive and expand this interpretation.

19Here, I build on recent work by Kornejew (2024), which finds that the Marblegate ruling increased
restructuring frictions, leading distressed firms to restructure in court, and excessive creditor protection can
weaken public credit markets and investment.
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Before Marblegate, firms could restructure out of court with majority creditor support,
which was fast and cost-effective. After Marblegate, the greater bargaining power of
holdout creditors made such workouts harder, forcing firms more often into costly and
time-consuming bankruptcy proceedings. Bankruptcy filings rose sharply after the ruling,
close to doubling relative to the baseline20.

Prolonged court bankruptcy procedure is particularly damaging to firms with high
intangible assets. Because in financial distress, intangible assets such as brand, customer
relationships, software, and customer lists lose value more quickly than tangible assets, for
example, customer relationships deteriorate, reputation tarnishes, key employees leave, and
technology becomes outdated (e.g., Antill and Hunter (2023); Hortaçsu et al. (2013); Baghai
et al. (2021); Babina (2020)). This erosion reduces the expected recovery of intangibles; both
the asset value that creditors could recover directly from pledged intangibles, and the cash
flow value that the firm could generate if kept as a going concern. By contrast, firms with
more tangible assets experience far less erosion. Land does not disappear, and buildings
and machinery generally hold their value even during prolonged distress.

This mechanism motivates my empirical design to compare changes in debt financing
between intangible-intensive and tangible-intensive firms, before and after Marblegate,
and across firms with high versus low levels of bond financing reliance, since the ruling
directly strengthened bondholders’ rights. The prediction is that intangible-intensive
firms, especially those dependent on bond markets, experienced sharper reductions in
debt financing because the higher “indirect cost of bankruptcy” after the Marblegate ruling
lowered creditor recoveries.

The Marblegate ruling is an unusually clean setting to study this question. It provides
an exogenous shock to the pledgeability of intangible assets: the legal change was not
initiated by firms, arrived suddenly through an unrelated court case, and had sharp timing
in 2014Q4, making it well-suited for a natural experiment design.

In January 2017, the Second Circuit Court of Appeals overturned the district court’s
Marblegate decision. This reversal was more anticipated and less of a surprise to markets.
For this reason, my analysis stops in 2016Q4. Consistent with this interpretation, the event
study plot shows that effects appear more muted toward the end of the sample.

20After Marblegate, high-bond firms are 0.72 percentage points more likely to file for bankruptcy in a given
quarter. Since the unconditional quarterly bankruptcy probability in this sample is only 0.38%, this effect
corresponds to an increase of close to 200%. See Appendix Table A6. Kornejew (2024) documents a similar
magnitude using an alternative sample.

32



7.2 Identification Strategy: Triple Difference

The sample for this analysis is Compustat non-financial firms, and the sample period is
from 2013Q1 to 2016Q4. I further focus on high-yield firms with an S&P rating of BB+ or
below during the period preceding the Marblegate ruling, because these firms have greater
exposure to restructuring risk and thus are most impacted by the ruling. To estimate the
effect of the Marblegate ruling on leverage, I use a triple difference (DDD) specification of
the form:

𝑌𝑖 ,𝑡 = 𝛼 + 𝜆𝑖 + 𝜃𝑡

+ 𝛽1
(
Marblegate𝑡 × HighBond𝑖

)
+ 𝛽2

(
Marblegate𝑡 × HighIntan𝑖

)
+ 𝛽3

(
Marblegate𝑡 × HighBond𝑖 × HighIntan𝑖

)
+ X′

𝑗 ,𝑡−1𝝃 + 𝜀𝑖 ,𝑡

(6)

The outcome variable 𝑌𝑖𝑡 is a measure of leverage: total debt (shortened to debt),
bonds, or loans scaled by total assets. Firm fixed effects (𝜆𝑖) control for time-invariant
firm characteristics, and quarter fixed effects (𝜃𝑡) absorb aggregate macroeconomic shocks,
so we are looking at within-firm, over-time deviations that are not explained by quarter-
specific common shocks. The indicator Marblegate𝑡 equals one in the post-ruling period
(2015Q1–2016Q4). To avoid endogenous selection in response to the ruling, both treatment
variables, HighBond𝑖 and HighIntan𝑖 , are measured prior to the ruling. Specifically,
HighBond𝑖 identifies firms with above-median bond share in 2014Q3, and HighIntan𝑖
identifies firms with above-median intangible asset intensity in 2013, calculated as intangible
assets over total assets using data from Peters and Taylor (2017).

The control vector X𝑗𝑡−1 includes lagged industry-level variables at the 2-digit NAICS
level. These variables are industry asset growth and value-weighted stock returns,
which are intended to capture real-side demand conditions and financial market trends,
respectively. Although these controls reflect average behavior across all firms, they are
less likely to introduce post-treatment bias because most of the variation comes from large
and investment-grade firms that are not directly affected by the treatment. The common
approach of including industry-by-quarter fixed effects does not apply well in this setting,
because a substantial share of the variation in intangible intensity occurs at the industry
level, and including such fixed effects would absorb much of the identifying variation.
This is especially problematic for estimating interactions that involve HighIntan.

Lastly, because the specification includes firm fixed effects, there is no need to control
separately for time-invariant or pre-treatment firm characteristics; these are already
absorbed. In contrast to the baseline acquisition regressions, I also exclude lagged firm-
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level controls (such as market-to-book ratio or cash holdings) in this setting, as they may
themselves be affected by the Marblegate ruling. Including such variables could introduce
bias through post-treatment (or “bad”) controls.

The coefficient 𝛽3 captures the additional effect of the Marblegate ruling on leverage for
firms that are both high-bond reliant and high-intangible relative to the other three groups,
including high-bond firms with low-intangibles, low-bond firms with high-intangibles,
and low-bond firms with low-intangibles. If firms rely on intangible assets to support
borrowing, then given the shock to intangible pledgability, firms with high intangible assets
and high bond reliance should experience the largest reduction in leverage post-Marbegate.
That is, the 𝛽3 should be negative.

The identification assumption is the parallel trend assumption. The relative debt usage
between high and low intangible firms in the high bond groups is to trend in the same way
as the relative outcome of debt usage between high and low intangible firms in the low
bond group in the absence of treatment (Olden and Møen, 2022).

7.3 Results and Interpretation

Table 4 column (1) shows a positive effect of Marblegate on leverage, consistent with
bondholders extending more credit after creditor rights were strengthened, in line with
Donaldson et al. (2022)21. This reflects an ex-ante commitment effect, independent of
intangibility.

The main question, however, is whether intangible assets support debt. This is
addressed by the differential effect: the triple difference coefficient that compares high
intangible-intensive firms to low intangible-intensive firms.

Column (2) shows that while Marblegate𝑡×HighBond𝑖 is positive overall, the interaction
with high-intangible firms is strongly negative. This indicates that intangibles had been
supporting leverage: once Marblegate reduced expected recovery values for intangibles,
debt usage fell. The negative effect is large enough to fully offset the positive commitment
effect from strengthened creditor rights.

Columns (3) to (4) split total debt into bonds and loans. The positive effect of
Marblegate𝑡 × HighBond𝑖 again reflects stronger creditor rights, but the key result is
the large negative effect of the triple difference effect. It appears entirely in bonds, which is
a form of cash flow–based borrowing, consistent with earlier evidence in Section 5 that

21Table A8 shows that this effect is driven by increased bond usage.
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Table 4. Effect of the Marblegate Ruling on Leverage in High-Bond, High-Intangible Firms

(1) (2) (3) (4)
Debt/Assets Debt/Assets Bonds/Assets Loans/Assets

Marblegate × High bond 0.044∗∗∗ 0.071∗∗∗ 0.081∗∗∗ 0.014
(0.014) (0.021) (0.024) (0.014)

Marblegate × High intan -0.006 -0.005 -0.006
(0.013) (0.012) (0.013)

Marblegate × High bond × High intan -0.073∗∗∗ -0.104∗∗∗ 0.011
(0.027) (0.031) (0.022)

Controls X X X X
Firm FE X X X X
Quarter FE X X X X
Observations 7588 7584 7895 7895
𝑅2 0.756 0.759 0.707 0.837

Notes: The table reports estimates of Equation 6 using Compustat data on non-financial firms. The sample
covers 2013Q1–2016Q4 and is restricted to high-yield firms with an S&P rating of BB+ or worse. The depen-
dent variable is total debt, bonds, or loans scaled by total assets in columns (1)–(4). Firm fixed effects control
for time-invariant firm characteristics, and quarter fixed effects capture aggregate shocks. Marblegate𝑡 equals
one in the post-ruling period (2015Q1–2016Q4). HighBond𝑖 indicates firms with above-median bond share in
2014Q3, and HighIntan𝑖 indicates firms with above-median intangible intensity in 2013, based on data from
Peters and Taylor (2017). Controls include lagged industry-level asset growth and stock returns at the 2-digit
NAICS level. Standard errors are reported in parentheses and are clustered at the firm level. Significance lev-
els are denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

intangibles primarily support cash flow–based debt. Column (4) indicates no effect in
loans22.

Figure 6 shows event-study estimates. Among high-bond firms, leverage in high-
intangible firms declines sharply relative to low-intangible firms after Marblegate, with
no evidence of pre-trend differences. Two years after the ruling, high intangible firms in
the high bond group, compared to firms with low intangible intensity, show a cumulative
7% decline in residualized debt, measured relative to 2014Q3 assets. Toward the end of
the sample, the effect becomes muted, consistent with anticipation of the 2017Q1 court
decision that rolled back the initial Marblegate ruling. No decline is observed among
low-bond reliance firms, which serve as the control group..

The Marblegate ruling mainly affected high yield firms that were more exposed to
restructuring risk. This motivates a placebo test using firms rated BBB– or above, which
faced little risk of restructuring. In Figure 7, I show that there is no significant effect
of Marblegate on leverage for this group. The result supports the interpretation that

22Table A9 shows that results are robust in a DiD framework without the HighBond𝑖 interaction.
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Figure 6. Intangible Asset Effect on Leverage After Marblegate
High bond firms Low bond firms

Notes: The figure plots cumulative differences in debt between high- and low-intangible firms,
normalized to 2014Q3 assets, using Compustat data on non-financial firms. The sample covers
2013Q1–2016Q4 and is restricted to high-yield firms with an S&P rating of BB+ or worse. The
left panel shows the difference within the high-bond group, and the right panel shows the
difference within the low-bond group. Leverage residuals are obtained from regressions with
firm and quarter fixed effects and lagged industry controls, converted back to levels, and scaled by
pre-ruling (2014Q3) assets. The vertical line marks the Marblegate ruling (2014Q4). The shaded
area denotes 95% confidence intervals.

the main results reflect the legal shock to restructuring feasibility rather than broader
macroeconomic forces.

8 Robustness and Alternative Explanations

In this section, I conduct several robustness checks for my core empirical finding that
intangibles can support debt to address potential remaining omitted variables issues and
intangibles accounting challenges.

8.1 Impact of Existing Debt of the Target

In my baseline specification, I attribute changes in debt during acquisitions to the assets
acquired, controlling for various factors. The capital structure adjustment of the acquiring
firm is primarily a choice made by the acquirer and is influenced by the target’s assets.
However, this becomes more complex when the target firm already has existing debt. In
such cases, the target’s debt holders may have claims on its tangible or intangible assets,
meaning that decisions regarding the debt are not solely under the acquirer’s control.
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Figure 7. Intangible Asset Effect on Leverage After Marblegate (Placebo)
High bond firms Low bond firms

Notes: The figure plots cumulative differences in debt between high- and low-intangible firms,
normalized to 2014Q3 assets, using Compustat data on non-financial firms. The sample covers
2013Q1–2016Q4 and is restricted to investment-grade firms with an S&P rating of BBB- or above.
The left panel shows the difference within the high-bond group, and the right panel shows the
difference within the low-bond group. Leverage residuals are obtained from regressions with
firm and quarter fixed effects and lagged industry controls, converted back to levels, and scaled by
pre-ruling (2014Q3) assets. The vertical line marks the Marblegate ruling (2014Q4). The shaded
area denote 95% confidence intervals.

To address this, I conduct two robustness tests. First, I utilize a subsample for which I
have access to the deal terms, identifying transactions involving assumed debt. I divide the
sample into two groups: transactions with assumed debt and those without. For firm-year
observations with multiple transactions, if any involve assumed debt, the firm-year is
classified as such. Table A18 shows that in transactions with assumed debt, one dollar of
intangible assets is associated with an additional $0.21 of debt, while one dollar of tangible
assets is associated with $0.42 more debt. For transactions without assumed debt, one
dollar of intangible assets corresponds to $0.28 more debt, and one dollar of tangible assets
is linked to $0.44 more debt. The findings from the sample without assumed debt are
unaffected by the target’s pre-existing debt, reinforcing the core result that intangible assets
can support debt.

Second, in Table A19, for the subsample where I have pre-acquisition balance sheet
data for target firms, I introduce additional controls, including the ratios of intangible
assets to long-term debt and tangible assets to long-term debt of the target firm before the
acquisition and the acquirer’s pre-acquisition tangible assets scaled by total debt. I find
one dollar of intangible assets corresponds to $0.25 more debt, and one dollar of tangible
assets is linked to $0.41 more debt. The results are consistent with the baseline findings,
and with point estimates closely aligning with the original results.
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8.2 Confounding Investment in Tangible or Intangible Assets

A potential identification concern in my firm-year level regression framework is the
possibility that acquirers might simultaneously engage in other capital investments,
such as acquiring more PP&E or expanding R&D efforts, alongside their acquisitions of
tangible or intangible assets. As a result, the observed changes in intangibles or tangibles
from acquisitions may not fully capture the total capital accumulation. If these additional
investments are also associated with increased debt usage, it could lead to an overestimation
of the effect of asset acquisitions on debt. For example, if a firm purchases intangible assets
during an acquisition and simultaneously invests in more PP&E, financing both with debt,
the estimated coefficients from the regression might be biased upward.

To explore this, I examine several potential confounders. In Figure A6, panel (a)
shows the change in SG&A expenses, where I find no significant pattern before or after
acquisitions, suggesting no concurrent SG&A expansion. In panel (b), I analyze changes in
in-process R&D expenses. The direction of the coefficient indicates that firms reduce their
own in-process R&D spending following intangible acquisitions, but due to large standard
errors, this result is not statistically significant. Finally, in panel (c), I assess changes in
PP&E purchases and similarly find no discernible pattern before or after the acquisition.

8.3 Deal Terms and Considerations

The primary goal of this paper is to explore the connection between the assets acquired
and the financing methods used in acquisition transactions. A key consideration is the
structure of the deal – whether it involves payment in cash or payment in stock – as this
may reveal heterogeneous effects. Cash deals typically require debt financing, and one
should expect more intangible paid with debt. For stock deals, leverage generally goes
down, and the borrowing effect is less obvious.

I split the sample based on the type of deal. I classify a transaction as a stock deal if any
portion of the payment is made in stock. For firm-years with multiple stock transactions,
the observation is classified as a stock deal, while the remaining firm-year observations are
categorized as cash deals.

Table A20 shows that for cash deals, each dollar of intangible assets is associated with a
$0.38 increase in debt, while each dollar of tangible assets is linked to a $0.42 increase in
debt. In stock deals, the coefficient for intangible assets is lower, at 0.18, indicating less
borrowing associated with intangible assets when equity is part of the transaction. The
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results suggest that when equity is used, the borrowing tied to intangible assets is smaller
compared to transactions fully financed by debt.

8.4 Tobins’ Q

In my baseline specifications, I control for total Q as proposed by Peters and Taylor (2017),
which introduces a new proxy for Tobin’s Q that accounts for intangible capital. They argue
that this proxy more accurately reflects a firm’s investment opportunities. In case one is
curious about the results with Tobin’s Q, in Table A21, I re-run the baseline regression
using Tobin’s Q instead of total Q. The results remain consistent with my original findings.

8.5 Effect with Goodwill

Table A22 examines the relationship between changes in intangible assets, tangible assets,
goodwill, and working capital on long-term debt. The findings reveal that both intangible
and tangible assets have a positive effect on long-term debt, with tangible assets exerting a
stronger influence. Each dollar increase in intangible assets corresponds to an approximate
$0.18 rise in debt, while each dollar of tangible assets leads to a $0.41 increase. Goodwill has
a smaller and weakly statistically significant impact on debt, with coefficients ranging from
$0.01 to $0.11 per dollar across specifications when additional controls are applied. The
coefficient captures how much of the purchase (goodwill) is financed with debt. Goodwill
captures intangible components like organizational and human capital not fully reflected
in other identifiable intangible valuations, as well as synergies and potential overpayment.
The results reinforced the conclusion that although tangible assets provide greater support
for long-term debt, firms use debt to finance intangible assets.

8.6 Taxation Incentive for Misreporting

The deal structure and taxation incentive in the acquisition is an important topic (Erickson
(1996)). In my analysis, if tax considerations influence asset valuation, it could introduce
bias into my results. For instance, due to tax motivations, the purchase price allocation
(PPA) of assets may be skewed, such as intentionally assigning more value to intangible
assets when the target firm actually holds more tangible assets. Since tangible assets
typically support debt better than intangible assets, this could lead to an overestimation
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of the positive coefficient associated with intangibles. However, I demonstrate that my
findings are robust to this concern.

There are two primary tax treatments for acquisitions: tax-deferred transactions, where
the seller does not recognize any gain or loss on the assets (i.e., “carryover basis”), and
taxable transactions, where the seller recognizes a gain or loss (i.e., “stepped-up basis”).

In a carryover basis transaction, the seller’s original tax basis in the assets is transferred
to the acquirer. Since the PPA valuation in these cases does not affect the acquirer’s
taxation—often described as “the fair value adjustment in PPA is not taxable”—there is
little incentive to manipulate intangible valuations for tax purposes.

In a stepped-up basis transaction, the tax basis of the assets is adjusted to reflect the full
purchase price. Under Section 197 of the Internal Revenue Code (IRC), intangible assets,
including goodwill, must be amortized over 15 years on a straight-line basis. In this case,
the fair value assigned to intangible assets during the PPA does affect taxation, creating
more potential for manipulation.

I infer the tax structure of acquisitions based on two factors: the primary considerations
and the type of acquisition. In my sample, the majority of transactions (85%) are tax-
deferred, while only 7.5% are taxable, where the PPA valuation impacts taxation. For the
remaining 7.5%, I lack sufficient information to determine the tax structure.

8.7 Measurement Error of Intangibles

In this section, I explore how measurement error impacts my results and how differences
in the measurement error for intangible versus tangible assets could bias my findings.

There is evidence that accountants strive to estimate intangible assets accurately, rather
than assigning arbitrary values. First, these valuations are subject to audits. Second, in
Section C.2, I explain the incentive to deliberately manipulate intangible asset valuations
for tax purposes is limited. Furthermore, He et al. (2024) shows that the valuation of
customer relationship intangibles is positively correlated with the target firm’s prior sales
and marketing expenditures. Despite these efforts to ensure accuracy, measurement errors
may still occur.

First, suppose the measurement errors associated with asset valuation are classical
measurement errors. In a univariate regression setting, classical measurement error
introduces attenuation bias, which biases the estimated coefficient toward zero. This
result is well-known. However, in a multivariate regression setting, the implications of
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classical measurement error are more complex. Abel (2018) offers insights into this issue,
highlighting two primary channels through which bias arises.

The first channel is the multivariate attenuation factor, a generalization of the standard
attenuation factor. This factor uniformly attenuates the OLS estimates of all coefficients by
the same proportion. The extent of multivariate attenuation increases with the product of
the measurement error multiplier and the variances of the measurement errors across all
regressors. The second channel, known as weight shifting, redistributes weight among
the regressors. This further attenuates the OLS coefficient of the mismeasured regressor
and can also impact the coefficients of other variables, either attenuating or inflating them,
depending on the interplay between the measurement errors and their correlations.

In my analysis, I examine how debt is related to intangible and tangible assets. Bound
et al. (2001)23 derives an approximation of bias in regression with two regressors where
two variables are measured with error. The bias in the estimated coefficient for intangible
assets, denoted as 𝛽̂1, is given by the formula24:

bias(𝛽̂1) ≈
−𝛽1𝜆1 + 𝛽2𝜆2𝜌

1 − 𝜌2

where 𝜌 is the correlation between the true values of the regressors (Δintan∗ and Δtan∗),
and the 𝜆’s represent the error to total variance ratios for the two variables (𝜆 𝑗 ≡ 𝜎2

𝜇𝑗
/𝜎2

𝑥∗
𝑖
).

To interpret the bias, suppose the true coefficients 𝛽1 and 𝛽2 are equal, and 𝜆1 > 𝜆2

which corresponds to intangibles have more error variance relative to tangibles, then 𝛽̂1

is biased downward underestimates the true effect of intangibles, while the bias on 𝛽̂2 is
ambiguous because it depends on the interaction between error variances and correlation.

This analysis indicates that my estimate of 𝛽1 is likely a lower bound, thereby strength-
ening the argument that intangible assets can be financed with debt.

9 Conclusion

In this paper, I investigate the impact of intangible capital on firms’ debt usage. Utilizing
purchase price allocation data from acquisition transactions, I obtain the most precise
measure of asset valuation, including detailed categories of intangible assets and tangible
assets.

23Chapter 59, equation 12 gives a nice approximation for the bias. Originally derived in Theil (1961).
24Δintan (Δintan = Δintan∗ + 𝜇1) and Δtan (Δtan = Δtan∗ + 𝜇2). The errors (the 𝜇’s) are assumed to be

independent of each other and are small. Here, the measurement errors do not need to be classical.
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By examining the setting of acquisition events, I analyze how the increase in intangible
and tangible assets from the target firm influences the debt usage of the acquirer firm.
Specifically, I compare changes in long-term debt usage of acquirers with similar char-
acteristics before the acquisition but acquired additional units of tangible (or intangible
assets).

The study reveals several key findings. First, contrary to common belief, firms do use
debt to finance intangible assets. In other words, intangible assets can support debt. Even
though to an extent weaker than tangible assets, the economic magnitude is still significant.
Second, intangibles are strongly associated with firms having a higher proportion of cash
flow-based debt rather than asset-based debt. Further analysis of bank loans issued after
acquisitions and collateral utilization reveals that intangibles are predominantly used in
cash flow-based debt and are rarely employed as sole collaterals but rather paired with
other tangible assets.

One unique feature of my data is the ability to explore the various types of intangibles.
I highlight the heterogeneous nature of intangible assets despite some common charac-
teristics. To understand their impact, I categorize intangibles based on their role in the
production function. This categorization allows me to differentiate between intangibles
that directly contribute to production and those that act as demand-shifters, affecting cash
flows without directly influencing production quantities. Interestingly, demand-shifter
intangibles exhibit a positive correlation with higher levels of debt, while production
intangibles do not.

To provide insight into the relationship between cash flow-based intangibles and higher
debt capacity, I develop a simple model. The model suggests that an increase in demand-
shifter intangibles protects against negative market demand shocks, partially offsetting
the impact of these shocks and reducing the price impact of larger production quantities.
Consequently, firms with higher levels of demand-shifter intangibles experience more
stable cash flows during market downturns, leading to higher debt capacity. Furthermore,
this effect is strengthened in the presence of more frequent negative shocks in the market.

This paper reveals several policy implications. For example, the findings indicate
that the transmission of monetary policy operates in a broadly similar way, regardless
of whether firms have tangible or intangible assets. However, the study also highlights
that intangibles are financed in distinct and unconventional ways. As intangible assets
continue to play an increasingly central role in the economy, their growing significance
calls for targeted efforts to improve their financeability. Policymakers and legal frameworks
may need to address existing challenges by implementing measures that reduce financing
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barriers. Moreover, if the rise of intangibles leads to more asset-based debt, their rise could
reduce the strength of the financial accelerator channel (Öztürk (2022)) and thereby reshape
the business cycle, and monetary policy transmission channel. The results underscore the
need to adapt economic policies and strategies to better support an economy driven by
intangible capital.

43



References

Abel, Andrew B, 2018, Classical measurement error with several regressors, National Bureau
of Economic Research, Working Paper.

Almeida, Heitor, and Murillo Campello, 2007, Financial constraints, asset tangibility, and
corporate investment, The Review of Financial Studies 20, 1429–1460.

Antill, Samuel, and Megan Hunter, 2023, Consumer choice and corporate bankruptcy,
Available at SSRN .

Babina, Tania, 2020, Destructive creation at work: How financial distress spurs entrepreneur-
ship, The Review of Financial Studies 33, 4061–4101.

Baghai, Ramin P, Rui C Silva, Viktor Thell, and Vikrant Vig, 2021, Talent in distressed firms:
Investigating the labor costs of financial distress, The Journal of Finance 76, 2907–2961.

Begenau, Juliane, Maryam Farboodi, and Laura Veldkamp, 2018, Big data in finance and
the growth of large firms, Journal of Monetary Economics 97, 71–87.

Belo, Frederico, Vito D Gala, Juliana Salomao, and Maria Ana Vitorino, 2022, Decomposing
firm value, Journal of Financial Economics 143, 619–639.

Benmelech, Efraim, Nitish Kumar, and Raghuram Rajan, 2024, The decline of secured debt,
The Journal of Finance .

Benmelech, Efraim, Nitish Kumar, and Raghuram Rajan, 2025, Debt and assets, Technical
report, National Bureau of Economic Research.

Bernanke, Ben S, Mark Gertler, and Simon Gilchrist, 1999, The financial accelerator in a
quantitative business cycle framework, Handbook of Macroeconomics 1, 1341–1393.

Bharadwaj, Anu, and Anil Shivdasani, 2003, Valuation effects of bank financing in acquisi-
tions, Journal of Financial Economics 67, 113–148.

Bound, John, Charles Brown, and Nancy Mathiowetz, 2001, Measurement error in survey
data, in Handbook of Econometrics, volume 5, 3705–3843 (Elsevier).

Bronnenberg, Bart J, Jean-Pierre H Dubé, and Matthew Gentzkow, 2012, The evolution of
brand preferences: Evidence from consumer migration, American Economic Review 102,
2472–2508.

44



Caggese, Andrea, and Ander Pérez-Orive, 2022, How stimulative are low real interest rates
for intangible capital?, European Economic Review 142, 103987.

Chappell, Nathan, and Adam Jaffe, 2018, Intangible investment and firm performance,
Review of Industrial Organization 52, 509–559.

Ciaramella, Laurie, David Heller, and Leo Leitzinger, 2022, Intellectual property as loan
collateral, Available at SSRN .

Corrado, Carol, Charles Hulten, and Daniel Sichel, 2005, Measuring capital and technology:
an expanded framework, in Measuring capital in the new economy, 11–46 (University of
Chicago Press).

Corrado, Carol A, and Charles R Hulten, 2010, How do you measure a “technological
revolution”?, American Economic Review 100, 99–104.

Crouzet, Nicolas, and Janice Eberly, 2018, Intangibles, investment, and efficiency, in AEA
Papers and Proceedings, volume 108, 426–431, American Economic Association.

Crouzet, Nicolas, and Janice Eberly, 2021, Intangibles, markups, and the measurement of
productivity growth, Journal of Monetary Economics 124, S92–S109.

Crouzet, Nicolas, and Janice C Eberly, 2019, Understanding weak capital investment:
The role of market concentration and intangibles, National Bureau of Economic Research
Working Paper.

Crouzet, Nicolas, and Yueran Ma, 2023, Financing and valuation of intangible assets,
Technical report.

Donaldson, Jason Roderick, Lukas Kremens, and Giorgia Piacentino, 2022, Sovereign bond
restructuring: Commitment vs. flexibility, Technical report, National Bureau of Economic
Research.

Döttling, Robin, and Lev Ratnovski, 2023, Monetary policy and intangible investment,
Journal of Monetary Economics 134, 53–72.

Eisfeldt, Andrea L, Edward Kim, and Dimitris Papanikolaou, 2020, Intangible value,
National Bureau of Economic Research Working Paper 26637.

Eisfeldt, Andrea L, and Dimitris Papanikolaou, 2013, Organization capital and the cross-
section of expected returns, The Journal of Finance 68, 1365–1406.

45



Eisfeldt, Andrea L, and Dimitris Papanikolaou, 2014, The value and ownership of intangible
capital, American Economic Review 104, 189–94.

Erickson, Merle Matthew, 1996, The effect of taxes on the structure of corporate acquisitions (The
University of Arizona).

Ewens, Michael, Ryan H Peters, and Sean Wang, 2025, Measuring intangible capital with
market prices, Management Science 71, 407–427.

Faccio, Mara, and Ronald W Masulis, 2005, The choice of payment method in european
mergers and acquisitions, The Journal of Finance 60, 1345–1388.

Falato, Antonio, Dalida Kadyrzhanova, Jae Sim, and Roberto Steri, 2020, Rising intangible
capital, shrinking debt capacity, and the us corporate savings glut, Journal of Finance .

Falato, Antonio, Dalida Kadyrzhanova, Jae Sim, and Roberto Steri, 2022, Rising intangible
capital, shrinking debt capacity, and the us corporate savings glut, The Journal of Finance
77, 2799–2852.

Fan, Xin, 2025, Publicly traded debt restructuring methods, corporate investment, and debt
contracting, Management Science 71, 1846–1863.

Farboodi, Maryam, Roxana Mihet, Thomas Philippon, and Laura Veldkamp, 2019, Big
data and firm dynamics, in AEA papers and proceedings, volume 109, 38–42, American
Economic Association 2014 Broadway, Suite 305, Nashville, TN 37203.

Farboodi, Maryam, and Laura Veldkamp, 2023, Data and markets, Annual Review of
Economics 15, 23–40.

Frank, Murray Z, and Vidhan K Goyal, 2009, Capital structure decisions: which factors are
reliably important?, Financial management 38, 1–37.

Giglio, Stefano, and Tiago Severo, 2012, Intangible capital, relative asset shortages and
bubbles, Journal of Monetary Economics 59, 303–317.

Gill, Andrej, and David Heller, 2024, Leveraging intellectual property: The value of
harmonized enforcement regimes, Journal of Banking & Finance 163, 107169.

Gourio, Francois, and Leena Rudanko, 2014, Customer capital, Review of Economic Studies
81, 1102–1136.

Guo, Rong, William Mann, and Syed Walid Reza, 2019, Are acquisitions of intangibles less
subject to agency problems?, Available at SSRN 3427176 .

46



Hart, Oliver, and John Moore, 1994, A theory of debt based on the inalienability of human
capital, The Quarterly Journal of Economics 109, 841–879.

Hartman-Glaser, Barney, Simon Mayer, and Konstantin Milbradt, 2025, A theory of cash
flow-based financing with distress resolution, Review of Economic Studies rdaf009.

He, Bianca, Lauren Mostrom, and Amir Sufi, 2024, Investing in customer capital, University
of Chicago, Becker Friedman Institute for Economics Working Paper .

Hochberg, Yael V, Carlos J Serrano, and Rosemarie H Ziedonis, 2018, Patent collateral,
investor commitment, and the market for venture lending, Journal of Financial Economics
130, 74–94.

Holmstrom, Bengt, and Jean Tirole, 1997, Financial intermediation, loanable funds, and
the real sector, The Quarterly Journal of Economics 112, 663–691.

Hortaçsu, Ali, Gregor Matvos, Chad Syverson, and Sriram Venkataraman, 2013, Indirect
costs of financial distress in durable goods industries: The case of auto manufacturers,
The Review of Financial Studies 26, 1248–1290.

Howes, Cooper, Alice von Ende-Becker, et al., 2022, Monetary policy and intangible
investment, Economic Review 107.

Ivashina, Victoria, Luc Laeven, and Enrique Moral-Benito, 2022, Loan types and the bank
lending channel, Journal of Monetary Economics 126, 171–187.

Jensen, Michael C., and William H. Meckling, 1976, Theory of the firm: Managerial
behavior, agency costs and ownership structure, Journal of Financial Economics 3, 305–360.

Kahan, Marcel, 2018, The scope of section 316 (b) after marblegate, Capital Markets Law
Journal 13, 136–147.

Kepler, John D, Vic Naiker, and Christopher R Stewart, 2023, Stealth acquisitions and
product market competition, The Journal of Finance 78, 2837–2900.

Kermani, Amir, and Yueran Ma, 2022, Replication Data for: ’Asset Specificity of Nonfinancial
Firms’ (Harvard Dataverse).

Kermani, Amir, and Yueran Ma, 2023, Asset specificity of nonfinancial firms, The Quarterly
Journal of Economics 138, 205–264.

Kim, Hyunseob, and Howard Kung, 2017, The asset redeployability channel: How
uncertainty affects corporate investment, The Review of Financial Studies 30, 245–280.

47



Kiyotaki, Nobuhiro, and John Moore, 1997, Credit cycles, Journal of political economy 105,
211–248.

Kornejew, Martin, 2024, Market creditor protection, finance and investment .

Larkin, Yelena, 2013, Brand perception, cash flow stability, and financial policy, Journal of
Financial Economics 110, 232–253.

Li, Ye, 2025, Fragile new economy: intangible capital, corporate savings glut, and financial
instability, American Economic Review 115, 1100–1141.

Lian, Chen, and Yueran Ma, 2021, Anatomy of corporate borrowing constraints, The
Quarterly Journal of Economics 136, 229–291.

Lim, Steve C, Antonio J Macias, and Thomas Moeller, 2020, Intangible assets and capital
structure, Journal of Banking & Finance 118, 105873.

Loumioti, Maria, 2012, The use of intangible assets as loan collateral, Available at SSRN
1748675 .

Mann, William, 2018, Creditor rights and innovation: Evidence from patent collateral,
Journal of Financial Economics 130, 25–47.

Martynova, Marina, and Luc Renneboog, 2009, What determines the financing decision in
corporate takeovers: Cost of capital, agency problems, or the means of payment?, Journal
of Corporate Finance 15, 290–315.

Masulis, Ronald W, Syed Walid Reza, and Rong Guo, 2023, The sources of value creation in
acquisitions of intangible assets, Journal of Banking & Finance 154, 106879.

Myers, Stewart C, 1977, Determinants of corporate borrowing, Journal of Financial Economics
5, 147–175.

Olden, Andreas, and Jarle Møen, 2022, The triple difference estimator, The Econometrics
Journal 25, 531–553.

Öztürk, Özgen, 2022, Debt contracts, investment, and monetary policy, Working Paper .

Peters, Ryan H, and Lucian A Taylor, 2017, Intangible capital and the investment-q relation,
Journal of Financial Economics 123, 251–272.

Rajan, Raghuram G, and Luigi Zingales, 1995, What do we know about capital structure?
some evidence from international data, The Journal of Finance 50, 1421–1460.

48



Rampini, Adriano A, and S Viswanathan, 2010, Collateral, risk management, and the
distribution of debt capacity, The Journal of Finance 65, 2293–2322.

Shleifer, Andrei, and Robert W Vishny, 1992, Liquidation values and debt capacity: A
market equilibrium approach, The Journal of Finance 47, 1343–1366.

Theil, H, 1961, Economic Forecasts and Policy (North-Holland Publishing Company, Amster-
dam.).

Williamson, Oliver E, 1988, Corporate finance and corporate governance, The Journal of
Finance 43, 567–591.

Xiaolan, Mindy Z, 2014, Who bears firm-level risk? implications for cash flow volatility,
Implications for Cash Flow Volatility (October 31, 2014) .

49



APPENDIX

A Categories of Intangibles

Table A1. List of Identifiable Intangibles
This table shows examples of identifiable intangibles from various categories defined by US GAAP
ASC 805-20-55.

Category Examples of identifiable intangibles

Marketing-related intangible assets Newspaper mastheads; Trademarks, service marks, trade names, col-
lective marks, certification marks; Trade dress; Internet domain names;
Noncompetition agreements

Customer-related intangible assets Customer lists; Customer contracts and related customer relationships;
Noncontractual customer relationships; Order or production backlogs

Artistic-related intangible assets Plays, operas, ballets; Books, magazines, newspapers, and other lit-
erary works; Musical works such as compositions, song lyrics, and
advertising jingles; Photographs, drawings, and clip art; Audiovisual
material including motion pictures, music videos, television programs

Contract-based intangible assets License, royalty, and standstill agreements; Advertising contracts;
Lease agreements; Construction permits; Construction contracts; Man-
agement, service, or supply contracts; Broadcast rights; Franchise
rights; Operating rights; Use rights; Servicing contracts; Employment
contracts

Technology-based intangible assets Patent technology; Computer software and mask works; Unpatented
technology; Databases; Trade secrets
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Table A2. Categorization of Identifiable Intangibles
The 25 categories of identifiable intangibles are based on the US GAAP framework, with adjustments
made to align more closely with economic interpretations.

Category Description

Customer relationship customer, client, loyalty program, user base, customer base, membership

Customer list customer list, phone number

Customer contract customer contract, customer agreement

Trademark / trade name trademark, masthead

Brand name, brand, marketing related

Business relationship business relationship, record, network, deposit intangibles

IP R&D in process research, research

Technology core technology, existing technology, technology; excl. in-process technology

Business know-how knowhow, recipe, mold, formula, business process, algorithm

Patent patent; excl. patent license

Software software; excl. software license

Trade secrets trade secrets

Database database

IP intellectual property

Backlog backlog, order

R.O.U mineral right, other right of use, rental agreement; excl. operating lease, lease
agreement, rents, lease in place

Franchise franchise agreement

License permit, license, approval

Non-compete agreement non-compete agreement

Employee relation employment contract, workforce, employee relation

Other contract contract, agreement, arrangement; excl. with customer, non-compete, lease, backlog

Design design, art, music library, drawing

Domain website, domain

Publication publication, copyright
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Variable Definition

Δ long-term debt (dltt-l.dltt))/lat
Spread firm-level rating specific credit spread
Total Q Peters and Taylor 17 from WRDS
Market-to-Book mkval/ceq
Stock return past 12 month cumulative return
Tobinś Q (mkval+dlc+dltt)/at
Size ln(at)
Cash on-hand ch_lat = che/lat
Operating earnings ebitda/lat
Cashflow (oancf+xint)/lat
PPE/lat ppent/lat
Leverage book leverage
Cash from target cash from PPA/lat

B Variable definitions

C Purchase Price Allocation

Purchase price allocation is the allocation of the purchase price of the business into assets
and liabilities during business combinations. Accounting rules of the business combination
process necessitate the acquirer to recognize the tangible assets and identifiable intangible
assets acquired separately from goodwill and to properly classify and measure them (ASC
805 Business Combinations).

Generally, after allocating the purchase price to each identifiable asset and liabilities
category, the residual unidentifiable intangibles are goodwill. Organizational capital and
human capital that are not related to the non-compete agreement and workforce contracts
are included in goodwill.

After the business combination takes place, the assets and liabilities from the purchase
price allocation are recorded on a consolidated balance sheet to reflect the combined
business. The detailed purchase price allocation breakdown then shows us a comprehensive
picture of intangible assets.

The assets are evaluated at fair value during business combinations. Fair value is “the
price that would be received to sell an asset or paid to transfer a liability in an orderly
transaction between market participants at the measurement date.” Thus, the fair value of
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the intangibles is not about recording the cost of acquiring the intangible assets. The core
concern lies in understanding the economic value to the firm, or to put it in another way, to
project counterfactual cash flow in a state of the world where the company does not own
the intangible asset.

Under this rule, the identifiable intangibles asset price in the purchase price allocation
is closer to market value rather than the book value (Ewens et al. (2025)). The fair value
valuation requirement for business combinations for the asset is different from what is
done for typical book assets reported on the balance sheet, such as the book value for
property, plants, and equipment. These are evaluated at historical costs.

Both private firms and public firms are subject to the accounting rules in the business
combination process. Private firms are eligible to adopt a “private company alternative,”
which simplifies some accounting procedures. In both cases, third-party valuation and
accounting professionals conduct the valuation work.

The main advantages of retrieving the intangible data from purchase price allocation
are threefold. First, it covers all the identifiable intangibles the firm owns as well as the
unidentifiable intangibles rather than just selected categories. Second, all the appraisal
work is done at around the acquisition time, thus avoiding the stale value problem. Third,
the valuation at M&A provides a market price for intangibles.

C.1 Intangibles Accounting Background

The definition of intangible assets is very broad. Before understanding intangible assets,
we should discuss the definition of assets because the meaning of intangible assets boils
down to assets that lack tangibility. According to US GAAP, an asset is the present right of
an entity to an economic benefit. Intangible assets lack physicality but nevertheless benefit
the organization25. The general definitions for assets and intangible assets and are why
items such as backlogs, non-compete agreements, and right of use are also considered
intangible assets beyond assets such as patents, trademarks, and technology.

There are two main categories of intangible assets: identifiable intangibles and uniden-
tifiable intangibles. The identifiable intangibles are intangibles that are separable from
the entity that holds them or results of contractual or legal rights (ASC 805-20-55). Some
examples are customer relationships, brands, patents, trademarks, technology, and various
use rights. Unidentifiable intangibles are intangibles that cannot be identified in practice.

25Except for financial assets which are tangible assets.
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In particular, these intangibles cannot be easily separated from the business, and examples
include organizational capital and human capital. In this study, they are part of goodwill.

C.2 Tax Incentive

In the sample under consideration, the influence of tax incentives is relatively weak.

Primarily, the tax basis deriving from Mergers and Acquisitions (M&As) is classified
into two types: carry-over basis and stepped-up basis. The carry-over basis signifies the
continuation of the target’s original tax base. Hence, if the transaction tax basis adopts
a carry-over format, tax accounting is unaffected by the purchase price allocation. The
majority of the sample in this study operates on a carry-over basis. A mere 10% or less of
my sample employs the stepped-up basis, which mirrors the valuation of the purchase
price.

One might conjecture that tax incentives could provoke a manipulation in the distri-
bution of intangibles across different categories. This arises from the fact that distinct
types of assets follow diverse amortization schedules. Consequently, firms may prefer to
channel a higher valuation into intangibles with shorter useful lives, leading to booking a
higher upfront amortization expense and consequent tax savings. However, this concern is
mitigated by the tax treatment of intangibles, which imposes a compulsory straight-line
15-year amortization on all intangibles, including goodwill (in compliance with Section
197 of the Internal Revenue Code - IRC). Therefore, no tax incentive exists to distort the
amount of intangibles across categories.

C.3 Financial Accounting Incentive

Given the interplay of contradictory incentives, it is unlikely that a systematic bias, either
downward or upward, would occur in the valuation of unidentifiable intangibles due to
managerial concerns regarding the value of goodwill. Firstly, managers might show a
proclivity to attribute a larger value to goodwill compared to other intangibles. In financial
statements, goodwill undergoes impairment testing, while other identifiable intangibles
follow a regular amortization schedule. Assigning a larger portion to goodwill can curtail
the amortization expense and augment net income after the acquisition, which results
in increased earnings per share. Conversely, managers might also be incentivized to
assign less value to goodwill and emphasize identifiable intangibles to evade criticism
for overpayment. Thus, financial accounting incentives push managers in conflicting
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directions with regard to intangible valuation.

It is crucial to note that the procedure for intangible valuation occurs at arm’s length
and is fortified with mechanisms to prevent manipulation. It is conducted by third-party
acquisition accountants and the resulting report is subjected to audit supervision. Moreover,
specific acquisition accounting rules exist to identify a comprehensive range of intangible
assets.

C.4 Valuation of Intangibles

Three widely adopted approaches for intangibles valuation are market price, discounted
cash flow (DCF) analysis, and replacement cost. The objective is to utilize actual transaction
data in order to achieve a measure of market value. Despite this, the process remains
complex, ambiguous, subjective, and labor-intensive. Classical measurement error may
induce attenuation bias, which contradicts the findings of this study.
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C.5 Measures of Redeployability

Table A3. Marginal Effects of Asset Changes on Long-Term Debt by Redeployability
This table reports estimates from Table 1, but augmented with additional interaction terms
of High RDPL as in Equation 2. RDPL is measured using the U.S. Census Bureau’s BDS as
the average number of mid-sized and above firms (500+ employees) in the 3-digit NAICS
industry over the three years prior to acquisition. Industries above the 25th percentile are
classified as High RDPL, and those below as Low RDPL. Standard errors are clustered
by industry and year, and F-statistics test equality of marginal effects across low vs. high
RDPL groups for intangible versus tangible assets. Significance levels are denoted by
asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

LHS Variable is Δ in Long-term Debt

(1) (2) (3) (4)

Δ Intangibles 0.13** 0.099* 0.22*** 0.17***

(0.056) (0.057) (0.056) (0.055)

High RDPL -0.031* -0.029* -0.0078 0.012

(0.017) (0.017) (0.015) (0.020)

High RDPL × Δ Intangibles 0.065 0.085 0.048 0.096

(0.052) (0.057) (0.071) (0.068)

Δ Tangibles 0.24*** 0.22*** 0.27*** 0.24***

(0.047) (0.044) (0.065) (0.068)

High RDPL × Δ Tangibles 0.27*** 0.26*** 0.40*** 0.43***

(0.082) (0.087) (0.089) (0.086)

Δ Working capital 0.27** 0.36** 0.46***

(0.11) (0.14) (0.14)

High RDPL × Δ Working capital -0.068 -0.20 -0.31

(0.12) (0.18) (0.19)

L.Book leverage 0.060** 0.031

(0.026) (0.028)

Controls X X

Industry × year FE X

Observations 3775 3775 2557 2511

𝑅2 0.138 0.145 0.242 0.329

𝐹-stat: intan(Redeploy) 1.55 2.22 .45 1.96

𝑝-value: intan(Redeploy) .224 .148 .507 .174

𝐹-stat: tan(Redeploy) 11.14 8.87 19.92 25.21

𝑝-value:tan(Redeploy) .003 .006 0 0
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Table A4. Marginal Effects of Asset Changes on Long-Term Debt by Redeployability
(Alternative Measure)
This table reports estimates from Table ??, but augmented with additional interaction terms
of High RDPL as in Equation 2. RDPL is measured using the U.S. Census Bureau’s BDS
as the average number of mid-sized firms (1,000–5,000 employees) in the 3-digit NAICS
industry over the three years prior to acquisition. Industries above the 25th percentile are
classified as High RDPL, and those below as Low RDPL. Standard errors are clustered
by industry and year, and F-statistics test equality of marginal effects across low vs. high
RDPL groups for intangible versus tangible assets. Significance levels are denoted by
asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

LHS Variable is Δ in Long-term Debt

(1) (2) (3) (4)

Δ Intangibles 0.13** 0.093 0.19*** 0.15***

(0.055) (0.057) (0.044) (0.040)

High RDPL -0.022 -0.019 0.0023 0.016

(0.017) (0.017) (0.015) (0.019)

High RDPL × Δ Intangibles 0.071 0.093 0.093 0.14**

(0.052) (0.057) (0.065) (0.059)

Δ Tangibles 0.25*** 0.23*** 0.28*** 0.25***

(0.046) (0.044) (0.069) (0.074)

High RDPL × Δ Tangibles 0.26*** 0.25*** 0.37*** 0.41***

(0.080) (0.086) (0.094) (0.095)

Δ Working capital 0.29** 0.46*** 0.54***

(0.11) (0.15) (0.14)

High RDPL × Δ Working capital -0.10 -0.34** -0.41**

(0.13) (0.16) (0.16)

L.Book leverage 0.062** 0.030

(0.026) (0.029)

Controls X X

Industry × year FE X

Observations 3773 3773 2555 2509

𝑅2 0.138 0.145 0.243 0.331

𝐹-stat: intan(Redeploy) 1.85 2.64 2.06 5.37

𝑝-value: intan(Redeploy) .185 .116 .164 .029

𝐹-stat: tan(Redeploy) 10.47 8.39 15.43 18.56

𝑝-value:tan(Redeploy) .003 .008 .001 0
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C.6 Explore the Impact of Relative Size of Acquirer and Target

Table A5. Regression Results with Relative Size Interaction
This table presents the results of the regression analysis results investigating the impact
of intangibles on long-term debt. Large relative size is a binary indicator equal to 1 if
the acquired firm’s total assets, scaled by the acquirer’s pre-acquisition total assets, fall in
the top 50th percentile of all transactions, and 0 otherwise. Standard errors are reported
in parentheses and are clustered at the industry and year level. Significance levels are
denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

LHS Variable is Δ in Long-term Debt

(1) (2) (3) (4)

Δ Intangibles 0.097 0.11* 0.17*** 0.16***

(0.070) (0.064) (0.058) (0.054)

Δ Tangibles 0.24** 0.30** 0.39** 0.47**

(0.10) (0.11) (0.18) (0.20)

Large relative size × Δ Intangibles 0.10* 0.052 0.082 0.082

(0.059) (0.052) (0.062) (0.065)

Large relative size × Δ Tangibles 0.13 0.036 0.028 -0.054

(0.11) (0.12) (0.17) (0.18)

Δ Working capital -0.59*** -0.44** -0.66**

(0.20) (0.20) (0.25)

Large relative size × Δ Working capital 0.85*** 0.73*** 0.97***

(0.21) (0.20) (0.25)

L.Book leverage 0.073** 0.045

(0.028) (0.028)

Controls X X

Industry × year FE X

Observations 3797 3797 2576 2530

𝑅2 0.130 0.142 0.233 0.318
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D Marblegate: Additional Results

Table A6. More Bankruptcy Filings after Marblegate Ruling
Sample consists of non-financial high-yield Compustat firms over the period
2013Q1–2016Q3. The dependent variable is an indicator for bankruptcy filing. The
key regressor is the interaction between the post-Marblegate period (2014Q4 to 2016Q3)
and an indicator for High Bond, defined as firms with bond financing above 25 percent
of assets as of 2014Q3. Column (1) includes lagged two-digit industry asset growth and
value-weighted returns as controls. Column (2) replaces these controls with two-digit
industry × quarter fixed effects to absorb time-varying industry shocks. Standard errors
are clustered at the firm level and reported in parentheses. Similar evidence is reported in
Kornejew (2024), Table 1, using an alternative sample. Significance levels are denoted by
asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

LHS Variable is Number of Bankruptcy Filings

(1) (2)

Marblegate × High bond 0.0106∗∗∗ 0.0072∗∗∗

(0.0027) (0.0023)

Controls X

Industry × Quarter FE X

Observations 9093 9089

𝑅2 0.011 0.060

Table A7. Marblegate Ruling Result With Alternative Total Debt Specification
The table reports estimates of Equation 6 using Compustat data on non-financial firms.
The sample covers 2013Q1–2016Q4 and is restricted to high-yield firms with an S&P rating
of BB+ or worse. The dependent variable is total debt, loans, or bonds scaled by total assets
in columns (1)–(4). Total debt defined as 𝑑𝑙𝑡𝑡 + 𝑑𝑙𝑐, with 𝑑𝑙𝑐 set to zero if missing. Firm
fixed effects control for time-invariant firm characteristics, and quarter fixed effects capture
aggregate shocks. Marblegate𝑡 equals one in the post-ruling period (2015Q1–2016Q4).
HighBond𝑖 indicates firms with above-median bond share in 2014Q3, and HighIntan𝑖
indicates firms with above-median intangible intensity in 2013, based on data from Peters
and Taylor (2017). Controls include lagged industry-level asset growth and stock returns
at the 2-digit NAICS level. Standard errors are reported in parentheses and are clustered
at the firm level. Significance levels are denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, *
𝑝 < 0.1).
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(1) (2) (3) (4)

Debt/Assets Debt/Assets Bonds/Assets Loans/Assets

Marblegate × High bond 0.040∗∗∗ 0.061∗∗∗ 0.081∗∗∗ 0.014

(0.014) (0.020) (0.024) (0.014)

Marblegate × High intan -0.010 -0.005 -0.006

(0.013) (0.012) (0.013)

Marblegate × High bond × High intan -0.062∗∗ -0.104∗∗∗ 0.011

(0.026) (0.031) (0.022)

Controls X X X X

Firm FE X X X X

Quarter FE X X X X

Observations 7927 7923 7895 7895

𝑅2 0.759 0.761 0.707 0.837

Table A8. Marblegate Ruling For High-Bond Firms
The table reports estimates of Equation 6 but modified to include only one interaction
term Marblegate𝑡 × HighBond𝑖 using Compustat data on non-financial firms. The sample
covers 2013Q1–2016Q4 and is restricted to high-yield firms with an S&P rating of BB+
or worse. The dependent variable is total debt, loans, or bonds scaled by total assets
in columns (1)–(4). Firm fixed effects control for time-invariant firm characteristics, and
quarter fixed effects capture aggregate shocks. Marblegate𝑡 equals one in the post-ruling
period (2015Q1–2016Q4). HighBond𝑖 indicates firms with above-median bond share in
2014Q3. Controls include lagged industry-level asset growth and stock returns at the
2-digit NAICS level. Standard errors are reported in parentheses and are clustered at the
firm level. Significance levels are denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

(1) (2) (3)

Debt/Assets Bonds/Assets Loans/Assets

Marblegate × High bond 0.044∗∗∗ 0.043∗∗ 0.019∗

(0.014) (0.017) (0.010)

Controls X X X

Firm FE X X X

Quarter FE X X X

Observations 7588 7899 7899

𝑅2 0.756 0.702 0.837
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Table A9. Marblegate Ruling For High-Intangible Firms
The table reports estimates of Equation 6 but modified to include only one interaction term
Marblegate𝑡×HighIntan𝑖 using Compustat data on non-financial firms. The sample covers
2013Q1–2016Q4 and is restricted to high-yield firms with an S&P rating of BB+ or worse.
The dependent variable is total debt, loans, or bonds scaled by total assets in columns
(1)–(4). Firm fixed effects control for time-invariant firm characteristics, and quarter
fixed effects capture aggregate shocks. Marblegate𝑡 equals one in the post-ruling period
(2015Q1–2016Q4). HighIntan𝑖 indicates firms with above-median intangible intensity in
2013, based on data from Peters and Taylor (2017). Controls include lagged industry-level
asset growth and stock returns at the 2-digit NAICS level. Standard errors are reported in
parentheses and are clustered at the firm level. Significance levels are denoted by asterisks
(*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

(1) (2) (3)

Debt/Assets Bonds/Assets Loans/Assets

Marblegate × High intan -0.043∗∗∗ -0.061∗∗∗ -0.004

(0.014) (0.016) (0.010)

Controls X X X

Firm FE X X X

Quarter FE X X X

Observations 7738 7980 7980

𝑅2 0.755 0.708 0.834
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E Details on the Model
Three steps:

1. Solve explicitly for 𝐷 (𝐹)

2. Then solve for 𝑟 such that the condition
E [𝐷 (𝐹)] = 1

1 + 𝑟
𝐹

holds

3. Solve the maximization problem of the firm, taking into account the endogeneity of 𝑟

Let’s say the debt holder is always paid in full when 𝑧 = 0, and occasionally not paid in full if 𝑧 = 0 and bad 𝜀shock.

I first solve for 𝐷 (𝐹) using independence of 𝑧 and 𝜖.

𝐷 (𝐹) = E [min (𝐹, 𝑝𝑞 − 𝐶)]

= E
[
min

{
𝐹,

(
𝑝∗ − 𝑧

𝐵
𝑞 + 𝜀

)
𝑞 − 𝐶

}]
= P (𝑧 = 0)E [min {𝐹, (𝑝∗ + 𝜀) 𝑞 − 𝐶} | 𝑧 = 0]

+ P (𝑧 = 1)E
[
min

{
𝐹,

(
𝑝∗ − 𝑧

𝐵
𝑞 + 𝜀

)
𝑞 − 𝐶

}
| 𝑧 = 1

]
= 𝜙E [min {𝐹, (𝑝∗ + 𝜀) 𝑞 − 𝐶}]

+
(
1 − 𝜙

)
E

[
min

{
𝐹,

(
𝑝∗ − 1

𝐵
𝑞 + 𝜀

)
𝑞 − 𝐶

}]
= 𝜙

[
P (𝜀 > 𝜀1)

ˆ 1

𝜀1
𝐹𝑑𝑓 (𝜀 | 𝜀 > 𝜀1) + P (𝜀 < 𝜀1)

ˆ 𝜀1

0
((𝑝∗ + 𝜀) 𝑞 − 𝐶) 𝑑𝑓 (𝜀 | 𝜀 < 𝜀1)

]
+

(
1 − 𝜙

) [
P (𝜀 > 𝜀2)

ˆ 1

𝜀2
𝐹𝑑𝑓 (𝜀 | 𝜀 > 𝜀2) + P (𝜀 < 𝜀2)

ˆ 𝜀2

0

((
𝑝∗ − 1

𝐵
𝑞 + 𝜀

)
𝑞 − 𝐶

)
𝑑𝑓 (𝜀 | 𝜀 < 𝜀2)

]
Let’s analyze this term-by-term.

1. This term corresponds to re-payment conditional on 𝑧 = 0 (the good state)

ˆ 1

𝜀1
𝐹𝑑𝑓 (𝜀 | 𝜀 > 𝜀1) = 𝐹

ˆ 1

𝜀1
𝑑𝑓 (𝜀 | 𝜀 > 𝜀1) = 𝐹 with P (𝜖 > 𝜖1) = 1 − 𝜖1

2. Let’s do the second term

ˆ 𝜀1

0
((𝑝∗ + 𝜀) 𝑞 − 𝐶) 𝑑𝑓 (𝜀 | 𝜀 < 𝜀1) = 𝑝★𝑞 + 𝑞

ˆ 𝜀1

0
𝜀𝑑𝑓 (𝜀 | 𝜀 < 𝜀1) − 𝐶

= 𝑝★𝑞 + 𝑞

[
1
2 𝜖

2
] 𝜀1

0
− 𝐶

= 𝑝★𝑞 + 𝑞
1
2 𝜀

2
1 − 𝐶

3. The third term ˆ 1

𝜀2
𝐹𝑑𝑓 (𝜀 | 𝜀 > 𝜀2) = 𝐹

4. The fourth term ˆ 𝜀2

0

((
𝑝∗ + 1

𝐵
𝑞 + 𝜀

)
𝑞 − 𝐶

)
𝑑𝑓 (𝜀 | 𝜀 < 𝜀2) = 𝑝∗𝑞 + 1

𝐵
𝑞2 − 𝐶 + 𝑞

𝜀2
2
2
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Now, I combine these terms to get

𝐷 (𝐹) = 𝜙


No-Default︷     ︸︸     ︷
(1 − 𝜀1) 𝐹 +

Default︷                     ︸︸                     ︷
𝜀1

(
𝑝★𝑞 + 𝑞

1
2 𝜀

2
1 − 𝐶

)
Good State

+
(
1 − 𝜙

)

(1 − 𝜀2) 𝐹︸     ︷︷     ︸

No-Default

+ 𝜀2

(
𝑝∗𝑞 + 1

𝐵
𝑞2 − 𝐶 + 𝑞

𝜀2
2
2

)
︸                             ︷︷                             ︸

Default


Bad State

The equilibrium condition is that
1

1 + 𝑟
𝐹 = 𝐷 (𝐹)

Let’s see what it looks like

1
1 + 𝑟

𝐹 = 𝜙

[
(1 − 𝜀1) 𝐹 + 𝜀1

(
𝑝★𝑞 + 𝑞

1
2 𝜀

2
1 − 𝐶

)]
+

(
1 − 𝜙

) [
(1 − 𝜀2) 𝐹 + 𝜀2

(
𝑝∗𝑞 + 1

𝐵
𝑞2 − 𝐶 + 𝑞

𝜀2
2
2

)]
𝐹 = (1 + 𝑟)

(
𝜙

[
(1 − 𝜀1) 𝐹 + 𝜀1

(
𝑝★𝑞 + 𝑞

1
2 𝜀

2
1 − 𝐶

)]
+

(
1 − 𝜙

) [
(1 − 𝜀2) 𝐹 + 𝜀2

(
𝑝∗𝑞 + 1

𝐵
𝑞2 − 𝐶 + 𝑞

𝜀2
2
2

)])
1 + 𝑟 =

𝐹

𝜙
[
(1 − 𝜀1) 𝐹 + 𝜀1

(
𝑝★𝑞 + 𝑞 1

2 𝜀
2
1 − 𝐶

)]
+

(
1 − 𝜙

) [
(1 − 𝜀2) 𝐹 + 𝜀2

(
𝑝∗𝑞 + 1

𝐵
𝑞2 − 𝐶 + 𝑞

𝜀2
2
2

)]

Let 𝜀1 be the solution to the following equation (case where the shock is such that proceeds can just pay face value conditional on
𝑧 = 0):

𝐹 = (𝑝∗ + 𝜀1) 𝑞 − 𝐶

𝜀1 =
𝐹 + 𝐶

𝑞
− 𝑝∗

let 𝜀2 be the solution to the following equation (case where the shock is such that the proceeds can just pay face value conditional
on 𝑧 = 1):

𝐹 =

(
𝑝∗ − 1

𝐵
𝑞 + 𝜀2

)
𝑞 − 𝐶

𝜀2 =
𝐹 + 𝐶

𝑞
− 𝑝∗ + 1

𝐵
𝑞

Now solve the maximization problem problem of the firm. First, I want to explicitly characterize the following expression:

max𝐹≥0 {𝐷 (𝐹) + E [max ((1 − 𝜏) 𝑝𝑞 − 𝐹 + 𝜏𝐹, 0)]}
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Start with the expectation term

E [max ((1 − 𝜏) 𝑝𝑞 − 𝐹 + 𝜏𝐹, 0)]
=P (𝑧 = 0)E [max ((1 − 𝜏) 𝑝𝑞 − 𝐹 + 𝜏𝐹, 0) | 𝑧 = 0] + P (𝑧 = 1)E [max ((1 − 𝜏) 𝑝𝑞 − 𝐹 + 𝜏𝐹, 0) | 𝑧 = 1]

=P (𝑧 = 0)E [max ((1 − 𝜏) (𝑝∗ + 𝜀) 𝑞 − 𝐹 + 𝜏𝐹, 0)] + P (𝑧 = 1)E
[
max

(
(1 − 𝜏)

(
𝑝∗ − 1

𝐵
𝑞 + 𝜀

)
𝑞 − 𝐹 + 𝜏𝐹, 0

)]
=𝜙

[
P (𝜀 > 𝜀3)

ˆ 1

𝜀3
((1 − 𝜏) (𝑝∗ + 𝜀) 𝑞 − 𝐹 + 𝜏𝐹) 𝑑𝑓 (𝜀 | 𝜀 > 𝜀3)

]
+

(
1 − 𝜙

) [
P (𝜀 > 𝜀4)

ˆ 1

𝜀4

(
(1 − 𝜏)

(
𝑝∗ − 1

𝐵
𝑞 + 𝜀

)
𝑞 − 𝐹 + 𝜏𝐹

)
𝑑𝑓 (𝜀 | 𝜀 > 𝜀4)

]
=𝜙

[
P (𝜀 > 𝜀3)

(
(1 − 𝜏) 𝑝∗𝑞 − 𝐹 + 𝜏𝐹 + (1 − 𝜏) 𝑞

ˆ 1

𝜀3
𝜀𝑑𝑓 (𝜀 | 𝜀 > 𝜀3)

)]
+

(
1 − 𝜙

) [
P (𝜀 > 𝜀4)

(
(1 − 𝜏)

(
𝑝∗𝑞 − 1

𝐵
𝑞2

)
− 𝐹 + 𝜏𝐹 + (1 − 𝜏) 𝑞

ˆ 1

𝜀4
𝜀𝑑𝑓 (𝜀 | 𝜀 > 𝜀4)

)]
=𝜙

[
(1 − 𝜀3)

(
(1 − 𝜏) 𝑝∗𝑞 − 𝐹 + 𝜏𝐹 + (1 − 𝜏) 𝑞

1 − 𝜀2
3

2

)]
+

(
1 − 𝜙

) [
(1 − 𝜀4)

(
(1 − 𝜏)

(
𝑝∗𝑞 − 1

𝐵
𝑞2

)
− 𝐹 + 𝜏𝐹 + (1 − 𝜏) 𝑞

1 − 𝜀2
4

2

)]

Let 𝜀3 be the solution to the following equation(1 − 𝜏) (𝑝∗ + 𝜀3) 𝑞 − 𝐹 + 𝜏𝐹 = 0

(1 − 𝜏) (𝑝∗ + 𝜀3) 𝑞 = 𝐹 − 𝜏𝐹

𝜀3 =
𝐹 − 𝜏𝐹 − (1 − 𝜏) 𝑝∗𝑞

(1 − 𝜏) 𝑞

𝜀3 =
(1 − 𝜏) 𝐹 − (1 − 𝜏) 𝑝∗𝑞

(1 − 𝜏) 𝑞

𝜀3 =
𝐹

𝑞
− 𝑝∗

Let 𝜀4 be the solution to the following equation: (1 − 𝜏)
(
𝑝∗ − 1

𝐵
𝑞 + 𝜀4

)
𝑞 − 𝐹 + 𝜏𝐹 = 0

(1 − 𝜏)
(
𝑝∗𝑞 − 1

𝐵
𝑞2

)
+ 𝜀4 (1 − 𝜏) 𝑞 − 𝐹 + 𝜏𝐹 = 0

𝜀4 (1 − 𝜏) 𝑞 = 𝐹 − 𝜏𝐹 − (1 − 𝜏)
(
𝑝∗𝑞 − 1

𝐵
𝑞2

)
𝜀4 =

(1 − 𝜏) 𝐹 − (1 − 𝜏)
(
𝑝∗𝑞 − 1

𝐵
𝑞2

)
(1 − 𝜏) 𝑞

𝜀4 =
𝐹

𝑞
− 𝑝∗ + 1

𝐵
𝑞

Combine all the elements

max𝐹≥0 {𝐷 (𝐹) + E [max ((1 − 𝜏) 𝑝𝑞 − 𝐹 + 𝜏𝐹, 0)]}
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max
𝐹≥0

𝜙

[
(1 − 𝜀1) 𝐹 + 𝜀1

(
𝑝★𝑞 + 1

2 𝑞𝜀
2
1 − 𝐶

)]
+

(
1 − 𝜙

) [
(1 − 𝜀2) 𝐹 + 𝜀2

(
𝑝∗𝑞 + 1

𝐵
𝑞2 + 1

2 𝑞𝜀
2
2 − 𝐶

)]
+ 𝜙

[
(1 − 𝜀3)

(
(1 − 𝜏) 𝑝∗𝑞 − 𝐹 + 𝜏𝐹 + (1 − 𝜏) 𝑞

1 − 𝜀2
3

2

)]
+

(
1 − 𝜙

) [
(1 − 𝜀4)

(
(1 − 𝜏)

(
𝑝∗𝑞 − 1

𝐵
𝑞2

)
− 𝐹 + 𝜏𝐹 + (1 − 𝜏) 𝑞

1 − 𝜀2
4

2

)]

I then use Mathematica to solve for the closed-form solution for F. The optimal 𝐹 has the following closed-form solution:

𝐹 =
𝑞2

3
(
1 + 𝜙 − 𝜏𝜙

) (−3 + 3𝜙
𝐵

+ −3𝐶
𝑞2 +

3 + 3𝑝 − 𝜏 − 2𝜙 + 3𝑝𝜙 + 2𝜏𝜙 − 3𝑝𝜏𝜙
𝑞

)
±

√√√(
−4A

( 3
(
1 + 𝜙 − 𝜏𝜙

)
2𝑞2

)
+

(
3 − 3𝜙

𝐵
+ 3𝐶

𝑞2 +
−3 − 3𝑝 + 𝜏 + 2𝜙 − 3𝑝𝜙 − 2𝜏𝜙 + 3𝑝𝜏𝜙

𝑞

)2
)

where

A =

(
3𝐶 − 3𝑝𝑞 − 3𝐶𝜙 + 3𝑝𝑞𝜙

𝐵
+

3𝑝2 − 𝜙 + 3𝑝2𝜙 + 𝜏𝜙 − 3𝑝2𝜏𝜙

2 + 3𝐶2

2𝑞2 + −2𝐶 − 3𝐶𝑝

𝑞
+

3𝑞2 − 3𝑞2𝜙

2𝐵2 + 2𝑝 + 𝜏 − 𝑝𝜙 + 𝑝𝜏𝜙

)

I get two solutions for the optimal debt. There are solutions here that get at the local maximum, not the global maximum. I pick
the larger root of the two because the firm benefits from a debt tax shield, and the larger root provides more of that. But qualitatively my
comparative static results are not sensitive to this choice.
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F Additional Figures and Tables

F.1 Figures

Figure A1. Various Types of Intangibles This graph illustrates the various major types of
intangibles as defined by US GAAP
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Figure A2. Purchase Price Allocation Example. The figure is a screenshot from the Men’s
Wearhouse, Inc.’s 8-K/A filing on 2014-09-02 in the report of its acquisition of Jos. A. Bank
Clothiers, Inc.

Purchase price allocation

Reformatted detailed breakdown of the purchase price allocation to
various identifiable assets in note (iii)
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Figure A3. More Example of Identifiable Intangibles Valuation The target is Ploycom, a
global corporation that develops video, voice and content collaboration and communication
technology.
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Figure A4. Comparative Statics from Model This chart plots the comparative statics
results generated from the model. See Appendix E for more details of the model solution
and parameters used.

Figure A5. Impact of the market condition by the stock of demand-shifter intangibles on
optimal debt
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Figure A6. Robustness Test for Confounding Investments These figures plot the regression
coefficients from regressing 4-year lag and 5-year lead of the various variables on intangibles
acquired during acquisition while controlling for all the controls and fixed-effects as in the
baseline regression.
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F.2 Tables

Table A10. Proportion of Compustat Firms Involved in Acquisition Activities
This figure illustrates the percentage of Compustat firms engaging in acquisition activities
that are included in the purchase price allocation sample. The industries presented are the
Fama-French 12 industries, excluding the financial industry.

industry coverage (%)

Consumer NonDurables 10.9
Consumer Durables 11.0
Manufacturing 14.8
Oil, Gas, and Coal Extraction and Products 8.02
Chemicals and Allied Products 8.22
Business Equipment 19.8
Telephone and Television Transmission 11.9
Utilities 6.77
Wholesale, Retail, and Some Services 9.91
Healthcare, Medical Equipment, and Drugs 10.8
Other 10.8
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Table A11. Summary Statistics
The presented table displays the summary statistics for the different variables utilized in
the regression analysis. See the detailed definitions of the variables in Appendix B and see
detailed information on the categorization of debt in Lian and Ma (2021).

p25 p50 p75 Mean SD N

Δ Long-term debt/l.assets 0.00 0.06 0.28 0.19 0.32 3800

Δ Asset-backed debt/l.assets -0.00 0.01 0.16 0.11 0.24 2875

Δ Cash flow-backed debt/l.assets 0.00 0.00 0.18 0.13 0.30 2875

Δ Identifiable intangibles/l.assets 0.00 0.05 0.17 0.17 0.37 3831

Δ Tangibles/l.assets 0.00 0.01 0.06 0.09 0.24 3831

Δ Intangibles (production-based)/l.assets 0.00 0.00 0.04 0.08 0.21 3831

Δ Intangibles (demand-shifter)/l.assets 0.00 0.00 0.08 0.08 0.19 3831

Δ Working capital/l.assets 0.00 0.00 0.05 0.05 0.13 3831

Deal size/l.assets 0.16 0.32 0.68 0.72 1.42 3831

l.Log assets 4.41 5.96 7.52 5.96 2.40 3821

l.Q 1.00 1.51 2.42 2.06 1.76 3122

l.Market to book 1.49 2.51 4.31 3.81 5.43 3137

l.12 month cumulative stock return 0.88 1.14 1.47 1.26 0.65 2885

l.Total q 0.56 1.07 2.07 2.22 3.74 3581

l.Credit-spread 3.27 3.50 5.11 4.16 2.09 3812

l.Book leverage 0.01 0.17 0.36 0.23 0.27 3804

l.Cash/l.assets 0.06 0.18 0.44 0.38 0.60 3689

l.EBITDA/l.assets 0.03 0.12 0.18 -0.01 0.56 3659

l.Net cash receipts/l.assets 0.04 0.11 0.17 0.04 0.34 3390

l.PPE/l.assets 0.06 0.13 0.32 0.24 0.29 3664

Cash from target/l.assets 0.00 0.00 0.01 0.03 0.08 3831

l.Tangibles/total debt 0.26 0.79 2.21 6.97 27.23 3105
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Table A12. Summary Statistics for Identifiable Intangibles
This table reports transaction-level summary statistics for identifiable intangibles, scaled by
target total assets net of cash. The figures are shown prior to winsorization. Winsorization
is applied at the acquirer-year level in the regressions. Summary statistics for the regression
sample are presented in Table A11.

Panel A. Demand-shifter Intangibles and Subcomponents

p50 p75 p90 Mean SD N

Intangibles (demand-shifter) 0.01 0.20 0.37 0.17 2.43 4038

Customer-relationship intangible 0.00 0.07 0.23 0.06 0.12 4038

Customer list intangible 0.00 0.00 0.00 0.01 0.05 4038

Customer contracts intangible 0.00 0.00 0.00 0.05 2.43 4038

Backlog intangible 0.00 0.00 0.00 0.00 0.02 4038

Brand intangible 0.00 0.00 0.03 0.01 0.06 4038

Trademark intangible 0.00 0.00 0.01 0.01 0.06 4038

Franchise agreement intangible 0.00 0.00 0.00 0.00 0.03 4038

Domain name intangible 0.00 0.00 0.00 0.00 0.02 4038

Non-compete agreement intangible 0.00 0.00 0.00 0.00 0.03 4038

Business relation intangible 0.00 0.00 0.00 0.01 0.05 4038

Contracts intangible 0.00 0.00 0.00 0.01 0.08 4038

Database intangible 0.00 0.00 0.00 0.00 0.02 4038

Panel B. Production-based Intangibles and Subcomponents

p50 p75 p90 Mean SD N

Intangibles (production-based) 0.00 0.09 0.30 0.10 0.36 4038

Technology intangible 0.00 0.00 0.14 0.04 0.12 4038

Software intangible 0.00 0.00 0.00 0.00 0.03 4038

Patent intangible 0.00 0.00 0.00 0.01 0.27 4038

Know-how intangible 0.00 0.00 0.00 0.00 0.01 4038

Trade secrets intangible 0.00 0.00 0.00 0.00 0.01 4038

Research intangible 0.00 0.00 0.00 0.02 0.11 4038

Employee intangible 0.00 0.00 0.00 0.00 0.13 4038

License intangible 0.00 0.00 0.00 0.01 0.05 4038

Right of use intangible 0.00 0.00 0.00 0.01 0.08 4038

Art intangible 0.00 0.00 0.00 0.00 0.04 4038

Intellectual property intangible 0.00 0.00 0.00 0.00 0.03 4038

Publication intangible 0.00 0.00 0.00 0.00 0.01 4038
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Table A13. Balance Test of Acquirers Based on Targets’ Low and High Intangible-to-
Tangible Asset Ratios
Summary statistics for the sample, split between acquirers with low intangible-to-tangible
asset ratios and those with high intangible-to-tangible asset ratios.

Low Intangible Share High Intangible Share Difference

Mean SD Mean SD b t-stat

l.Log assets 6.08 2.43 6.08 2.26 0.00 (0.01)

l.Total q 1.76 3.47 2.26 3.36 -0.50*** (-3.79)

l.Q 1.56 1.32 2.25 1.80 -0.69*** (-10.61)

l.Market to book 3.08 5.09 4.19 5.53 -1.10*** (-4.99)

l.12 month cumulative stock return 1.24 0.66 1.25 0.60 -0.01 (-0.34)

l.Credit-spread 4.24 2.17 4.03 1.92 0.21** (2.73)

l.Book leverage 0.28 0.27 0.22 0.26 0.06*** (5.97)

l.Cash/l.assets 0.26 0.49 0.41 0.61 -0.15*** (-7.20)

l.EBITDA/l.assets 0.02 0.48 -0.00 0.55 0.02 (1.24)

l.Net cash receipts/l.assets 0.06 0.29 0.03 0.35 0.03* (2.01)

l.PPE/l.assets 0.38 0.34 0.17 0.21 0.21*** (19.17)

Cash from target/l.assets 0.03 0.08 0.03 0.08 -0.01* (-2.17)

l.Tangibles/total debt 5.90 24.43 6.90 28.02 -1.00 (-0.92)

F.25



Table A14. Regression Results on the Impact of Intangibles on Debt Financing by Debt
Instrument Type
This table presents the results of the regression analysis investigating the impact of
intangibles on changes in debt by debt instrument type. Column (1) to (4) present the
outcome variable of changes in bank debt and Column (5) to (8) presents the outcome
variable of changes in bond debt. Standard errors are reported in parentheses and are
clustered at the industry and year level. Significance levels are denoted by asterisks (***
𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

Δ Bank debt Δ Bond debt

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

Δ Intangibles 0.12*** 0.093*** 0.19*** 0.18*** 0.013 0.014 0.060*** 0.058***

(0.028) (0.029) (0.040) (0.040) (0.011) (0.012) (0.014) (0.014)

Δ Tangibles 0.22*** 0.19*** 0.22*** 0.22*** 0.074*** 0.075*** 0.098*** 0.095***

(0.038) (0.039) (0.050) (0.053) (0.015) (0.015) (0.026) (0.026)

Δ Working capital 0.23*** 0.19 0.21 -0.015 0.018 0.027

(0.064) (0.13) (0.13) (0.024) (0.030) (0.031)

L.Book leverage 0.0015 -0.020 0.048*** 0.064***

(0.029) (0.029) (0.015) (0.015)

Controls X X X X

Industry × year FE X X

Observations 2875 2875 2042 2013 2875 2875 2042 2013

𝑅2 0.067 0.078 0.139 0.226 0.030 0.031 0.127 0.254

𝐹-stat: intan=tan 4.74 4.98 .45 .49 9.13 9.24 1.66 1.45

𝐹-stat: p-value .04 .036 .508 .491 .006 .006 .211 .242
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Table A15. Intangible Categorization
The various intangible assets are categorized based on the framework presented in Section
6. Production intangible capital refers to the subset of intangible capital that the firm uses
in production, such as patents, technology, and organizational capital. Demand-shifter
intangibles are intangibles that are important for firms to generate cash flow but do not
directly enter into the production function to produce more widgets.

Production-based Demand-shifter

Patent Customer relationship

Software Brand

Technology Trademark

IP R&D Customer list

License Customer contract

Organizational capital Business relationship

Know-how/ trade secrets Database

Copyrighted material Domain

R.O.U Franchise agreement

Blueprint Non-compete agreement

Employee relation Backlog
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Table A16. Regression Results on the Impact of Intangibles on Cash Flow Volatility by
Type of Intangibles
This table presents the results of the regression analysis investigating the impact of
intangibles on cash flow volatility by type of intangibles. Columns (1) through (4) present
the outcome variable of cash flow volatility after the acquisition with different quantities
of intangibles acquired. The post-deal cash flow volatility is measured as the standard
deviation of income before extraordinary items scaled by lagged assets for 5 years after
the acquisition (𝑖𝑏/𝑙.𝑎𝑡). The pre-deal cash flow volatility is measured as the standard
deviation of income before extraordinary items scaled by lagged assets for 5 years before the
acquisition (𝑖𝑏/𝑙.𝑎𝑡). Significance levels are denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, *
𝑝 < 0.1).

(1) (2) (3)

Δ Intangibles (demand-shifter) -0.010 -0.10** -0.092*

(0.052) (0.048) (0.049)

Δ Intangibles (production-based) 0.15** 0.097* 0.10*

(0.069) (0.050) (0.058)

Δ Tangibles 0.014 0.087 0.031

(0.031) (0.087) (0.060)

Δ Working capital -0.0083 -0.012 -0.0091

(0.063) (0.072) (0.080)

Cash flow vol. (pre) 0.17*** 0.094** 0.067*

(0.034) (0.045) (0.036)

L.Book leverage 0.073 0.050

(0.073) (0.068)

Controls X X

Industry × year FE X

Observations 2850 2112 2070

𝑅2 0.105 0.241 0.380
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Table A17. Regression Results on the Impact of Demand-shifter Intangibles on Debt
Financing during Bad or Good Times
This table presents the results of the regression analysis investigating the impact of
intangibles on demand-shifter intangibles on debt financing during bad or good times. I
classify transactions as occurring during bad times if they take place between 2000-2003,
2007-2010, or 2020-2021, while all other transactions are considered to have occurred during
good times. Significance levels are denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

Bad times Good times

(1) (2)

Δ Intangibles (demand-shifter) 0.43*** 0.42***

(0.092) (0.073)

Observations 1225 2575

𝑅2 0.066 0.065
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Table A18. Regression Results with Subsample with Assumed Debt
This table presents the results of the regression analysis examining the impact of intangible
assets on long-term debt, with a sample split between firm-year transactions that involve
assumed debt and those that do not. Columns (1) through (4) show the outcome variable,
defined as the change in long-term debt ((dltt - l.dltt)/l.at). Standard errors are reported
in parentheses and are clustered at the industry and year level. Significance levels are
denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

Assumed Debt Subsample The Rest

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

Δ Intangibles 0.17*** 0.15*** 0.24*** 0.21*** 0.24*** 0.23*** 0.26*** 0.28***

(0.040) (0.038) (0.052) (0.046) (0.053) (0.053) (0.056) (0.062)

Δ Tangibles 0.34*** 0.30*** 0.42*** 0.42*** 0.35*** 0.34*** 0.44*** 0.44***

(0.063) (0.062) (0.12) (0.13) (0.056) (0.056) (0.058) (0.053)

Δ Working capital 0.29*** 0.18 0.15 0.11 0.41*** 0.59***

(0.061) (0.12) (0.12) (0.085) (0.094) (0.12)

L.Book leverage 0.052 0.012 0.12*** 0.098*

(0.038) (0.035) (0.038) (0.047)

Controls X X X X

Industry × year FE X X

Observations 2822 2822 1911 1848 978 978 665 608

𝑅2 0.090 0.101 0.182 0.288 0.202 0.204 0.327 0.501

𝐹-stat: intan=tan 7.85 6.64 2.23 2.87 3.32 3.64 6.35 3.25

𝐹-stat: p-value .009 .016 .148 .103 .081 .069 .019 .086
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Table A19. Regression Results with Controls for Target Pre-acquisition Unused Debt
Capacity
This table presents the regression analysis results, investigating the impact of intangible
assets on long-term debt, with added controls for the target’s pre-existing unused debt
capacity. The debt capacity is proxied by the long-term debt-to-tangible and long-term
debt-to-identifiable intangible ratios. Columns (1) through (4) show the outcome variable,
defined as the change in long-term debt ((dltt - l.dltt)/l.at). Standard errors are reported
in parentheses and are clustered at the industry and year level. Significance levels are
denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

(1) (2)

Δ Intangibles 0.26*** 0.24***

(0.050) (0.052)

Δ Tangibles 0.43*** 0.41***

(0.069) (0.078)

Δ Working capital 0.33*** 0.38***

(0.090) (0.098)

L.Book leverage 0.100*** 0.057

(0.036) (0.039)

L.Tangible asset/total debt 0.00027 0.000091

(0.00029) (0.00034)

Intangibles/pre-acquisition long-term debt (target) -0.000021* -0.000016

(0.000010) (0.000012)

Tangibles/pre-acquisition long-term debt (target) -0.00015 -0.00016

(0.00015) (0.00016)

Controls X X

Industry × year FE X

Observations 1874 1822

𝑅2 0.243 0.333

𝐹-stats: intan=tan 7.65 6

𝐹-stats: p-val .011 .022
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Table A20. Regression Results with Subsample with Stock Deal and Cash Deal
This table presents the results of the regression analysis investigating the impact of
intangibles on long-term debt, with a sample split between firm-year transactions that
involve stock deals and those that do not. Columns (1) through (4) present the outcome
variable of change in long-term debt, which is defined as (dltt-l.dltt)/l.at. Beyond the
standard controls I used in the baseline regression, Tobin’s Q instead of total q from Peters
and Taylor (2017). Standard errors are reported in parentheses and are clustered at the
industry and year level. Significance levels are denoted by asterisks (*** 𝑝 < 0.01, **
𝑝 < 0.05, * 𝑝 < 0.1).

Stock Deal Subsample Cash Deal Only

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

Δ Intangibles 0.16*** 0.14*** 0.20*** 0.18*** 0.31*** 0.28*** 0.37*** 0.38***

(0.043) (0.040) (0.044) (0.046) (0.048) (0.050) (0.11) (0.100)

Δ Tangibles 0.32*** 0.30*** 0.40*** 0.44*** 0.48*** 0.45*** 0.48*** 0.42***

(0.038) (0.035) (0.088) (0.11) (0.080) (0.081) (0.10) (0.14)

Δ Working capital 0.21** 0.22** 0.16 0.29** 0.39*** 0.37**

(0.082) (0.11) (0.16) (0.12) (0.14) (0.15)

L.Book leverage 0.078* 0.038 0.053 0.027

(0.042) (0.047) (0.032) (0.037)

Controls X X X X

Industry × year FE X X

Observations 1664 1664 998 926 2136 2136 1578 1522

𝑅2 0.129 0.136 0.220 0.341 0.150 0.160 0.273 0.353

𝐹-stat: intan=tan 8.27 7.55 3.89 5.1 3.57 3.39 .67 .06

𝐹-stat: p-value .008 .011 .06 .033 .07 .077 .42 .81
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Table A21. Regression Results on the Impact of Intangibles on Long-term Debt
Robustness Check with Total Q
This table presents the results of the regression analysis results investigating the impact
of intangibles on long-term debt. Columns (1) through (4) present the outcome variable
of change in long-term debt, which is defined as (dltt-l.dltt)/l.at. Beyond the standard
controls I used in the baseline regression, Tobin’s Q instead of total q from Peters and Taylor
(2017). Standard errors are reported in parentheses and are clustered at the industry and
year level. Significance levels are denoted by asterisks (*** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1).

(1) (2) (3) (4)

Δ Intangibles 0.19*** 0.17*** 0.25*** 0.24***

(0.038) (0.036) (0.042) (0.040)

Δ Tangibles 0.36*** 0.33*** 0.42*** 0.42***

(0.039) (0.037) (0.053) (0.060)

Δ Working capital 0.24*** 0.26*** 0.26***

(0.048) (0.085) (0.088)

L.Book leverage 0.073** 0.043

(0.028) (0.029)

Controls X X

Industry × year FE X

Observations 3800 3800 2588 2543

𝑅2 0.127 0.135 0.234 0.317

𝐹-stats: intan=tan 14 13.02 10.7 10.41

𝐹-stats: p-val .001 .001 .003 .003

F.33



Table A22. Regression Results with Goodwill
This table presents the results of the regression analysis results investigating the impact
of intangibles on long-term debt, with goodwill. Columns (1) through (4) present the
outcome variable of change in long-term debt, which is defined as (dltt-l.dltt)/l.at. Beyond
the standard controls I used in the baseline regression, Tobin’s Q instead of total q from
Peters and Taylor (2017). Standard errors are reported in parentheses and are clustered at
the industry and year level. Significance levels are denoted by asterisks (*** 𝑝 < 0.01, **
𝑝 < 0.05, * 𝑝 < 0.1).

LHS Variable is Δ in Long-term Debt

(1) (2) (3) (4)

Δ Intangibles 0.17*** 0.16*** 0.20*** 0.18***

(0.044) (0.041) (0.048) (0.047)

Δ Tangibles 0.35*** 0.33*** 0.41*** 0.41***

(0.039) (0.038) (0.055) (0.061)

Δ Goodwill 0.018 0.010 0.10** 0.11**

(0.014) (0.015) (0.042) (0.042)

Δ Working capital 0.23*** 0.23** 0.22**

(0.052) (0.087) (0.090)

L.Book leverage 0.069** 0.038

(0.029) (0.031)

Controls X X

Industry × year FE X

Observations 3800 3800 2576 2530

𝑅2 0.128 0.135 0.248 0.331

𝐹-stats: intan=tan 14.37 12.48 14.35 13.32

𝐹-stats: p-val .001 .002 .001 .001
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