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Abstract

We examine the role of process innovation in shaping firm investment and com-
pensation. Empirically, investment, executive pay, and firm valuation all rise with
process intensity—the share of innovation that is process-focused. To account for
these patterns, we develop a dynamic agency model in which process innovation en-
hances intangible capital efficiency and improves firm-specific capital productivity, but
exacerbates the hold-up problem for managers and skilled labor. The model not only
explains the observed links between process intensity, investment, and compensation,
but also predicts a convex relationship between compensation and process intensity.
These predictions are supported by the data.
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1 Introduction

Firms innovate in different ways. The OECD’s Oslo Manual (OECD, 2005) defines process
and organization innovation as

...implementation of a new or significantly improved production or a new or-
ganizational method in the firm’s business practices, workplace organization or
external relations...

and defines product innovation as

...the introduction of a good or service that is new or significantly improved with
respect to its characteristics or intended uses.

While the importance of intangible capital and innovation for investment and economic
growth is well established,1 less appreciated is the growing significance of process innovation.
Process innovation now accounts for over one-third of all patent claims by U.S. listed firms,
and its share has increased steadily over the past 40 years (see Bena and Simintzi, 2025; Tham
et al., 2026).2 Furthermore, there is sizable and persistent cross-sectional heterogeneity in
the extent to which firms focus on process versus product innovation. For example, Bena
and Simintzi (2025) find that the average share of process innovation in total innovation is
67% for the top 30% of process-intensive public firms, compared to 5% for the bottom 30%.

In this paper, we provide empirical evidence that process innovation is associated with
capital productivity, investment, executive compensation, and firm valuation in distinct ways
relative to other forms of innovations. We then show that a dynamic agency model can ratio-
nalize these patterns through a simple mechanism: Process innovation enhances firm-wide
technological, production, or managerial capabilities, thereby raising the productivity of both
installed and future capital. At the same time, costly and non-verifiable effort by managers
and high-skilled workers helps realize such gains through developing further innovations, re-
vamping production processes, and reorganizing the firm. As a result, process innovation not
only drives firm growth but also raises the value of managerial and skilled-labor effort. This

1For example, Belo et al. (2022) show that the total amount of intangible capital has increased from 25%
of firm value in the 1970s to 45% in the 2010s.

2Bena and Simintzi (2025) find that the share of process innovations increased from around 26% in 1975
to 37% in 2010. Using hypernym- and title-based methods, Tham et al. (2026) document a threefold increase
in the process-to-product patent ratio in a longer sample period, from about 0.2 in the early 1900s to about
0.6 by 2020, with roughly two-thirds of the increase occurring over the last 30 years.
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mechanism implies higher compensation for skilled labor, greater investment, and higher
valuation for process-intensive firms.

The foundational nature of process innovation and its complementarity with physical
capital is supported by emerging empirical evidence. Tham et al. (2026) find that process
innovations, especially “foundational” processes that expand a firm’s technological frontier,
have large and persistent effects on firm growth. They further show that foundational pro-
cesses are associated with increased capital expenditures and enhance growth in part by
enabling subsequent product innovation. Their evidence is consistent with a broader litera-
ture arguing that process innovation, in either technological or organizational forms, supports
firm growth both through productivity improvements and through complementarities with
other innovative activities (see, e.g., Bresnahan, Brynjolfsson and Hitt, 2002; Atkeson and
Kehoe, 2005; Bloom, Sadun and Van Reenen, 2012).

The second distinct feature of process innovation is its susceptibility to agency conflicts.
Compared with product innovation, process innovation is often less visible to investors and
customers due to its internal-to-the-firm nature, and the effort required from managers and
skilled labor to implement process innovation is harder to verify. Its benefits are also more
indirect, diffuse, and difficult to quantify. For example, the value of a foundational tech-
nological advance may be realized only through further innovations, such as new product
development, which may take years, while organizational innovation can have broad firm-
wide effects that are difficult to identify. Moreover, process innovation tends to be internally
disruptive: it challenges established routines, decision rights, and production practices, and
its implementation may encounter organizational resistance. Taken together, these features
make process innovation more difficult and costly to incentivize and implement.

In our model, the growth effects of process innovation interact with agency conflicts,
which exacerbates the hold-up problem for managers and skilled labor. Managerial shirking
reduces the effectiveness of process innovation in raising the productivity of existing and
future capital stock. Due to the convex relation between firm value and its growth rate, fast-
growing firms are more vulnerable to managerial shirking, which means the managers and
skilled labor for these firms have stronger “hold-up” power. As a result, process-intensive
firms are willing to pay the agents more to mitigate the hold-up problem. In fact, not only is
the level of compensation higher, it is also further deferred. These predictions are supported
by the data. They suggest that the rise of intangibles and especially process innovation over
the last 40 years likely have contributed to the rise in executive pay over the same period.3

3Edmans, Gabaix and Jenter (2017) show that the average fraction of CEO pay that is deferred (stocks
and option grants) was about 25% in the 1980s and rose to 60% by the early 2000s.
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To illustrate the intuition for the hold-up problem, consider the Gordon growth formula:
a firm with growth rate g, discounting rate r, and current earnings E has present value
V “ E{pr ´ gq. With process innovation, the growth rate depends on the share of process
intangible in all types of intangible capital, θ, which we call process intensity, and the agent’s
shirking s, that is, g “ fpθ, sq. For simplicity, we assume gpθ, sq “ αθ ´ βs, where α and
β are positive constants. It is straightforward to show that BsV ă 0 and B2

θsV ă 0. The
former inequality reflects the adverse impact of agent shirking on the firm’s value. The latter
inequality implies that the magnitude of BsV , the sensitivity of firm value to agent’s effort,
increases with θ, meaning that as the firm becomes more process-intensive, it becomes more
vulnerable to shirking. Notice that the way process intensity interacts with agency conflicts
is quite general: even when process intensity and effort enter the growth rate additively, an
endogenous form of complementarity between the two emerges.

We use a continuous-time dynamic contracting model to formally study the implications
of the hold-up problem for optimal compensation and corporate investments. The model
shows that the hold-up problem generates two effects on compensation: a level effect and a
slope effect. The level effect suggests that, ceteris paribus, firms with higher process intensity
compensate their managers more. As already discussed, this result is due to process-intensive
firms being more vulnerable to managerial shirking. The slope effect implies that the process
intensity-compensation association becomes stronger as process intensity increases. This is
due to the convexity of agency frictions in process intensity: the hold-up problem worsens at
a faster rate as process intensity increases, resulting in firms raising compensation at a faster
rate. Because higher process intensity also leads firms to undertake more capital investment,
including both physical and intangible investment, the model further predicts that executive
compensation is higher among high-investment firms and that the compensation-process
intensity relation is stronger for such firms.4

Next, we examine the model’s ability to reproduce the patterns of compensation, invest-
ment, and valuation across firms with different process intensity. Using the process patent
claim data from Bena and Simintzi (2025), we measure the process intensity of a firm-year
as the share of process-focused patent claims in all patent claims the firm filed that year.
We then use this measure to discipline the model, calibrating it to match the cross-firm
heterogeneity in process intensity and intangibility. The calibrated model matches the main
patterns of investment rates (physical and intangible) and compensation (total and deferred),

4For comparison, we show that a cost-centric model of process innovation, in which process innovation is
associated with higher costs of managerial effort, does not generate the slope effect. Moreover, this model
predicts lower physical investment rates among process-intensive firms, which is inconsistent with the data.

3



both in the full sample and across groups double-sorted on process intensity and intangibility.
Moreover, even though we do not target valuation moments in the calibration, the model
successfully matches the cross-sectional pattern of the intangible-adjusted book-to-market
ratios.

In our empirical analysis, we start by verifying the key assumption in our model: pro-
cess intensity/intangibility increases the average growth of firm-specific capital productivity.
First, we show that the intangible-adjusted book-to-market ratio (iB/M) decreases with pro-
cess intangibility but increases with non-process intangibility. These contrasting patterns
provide indirect support for our model mechanism: process innovation enhances capital pro-
ductivity growth in a way that is distinct from non-process innovation. Second, we use Kogan
et al. (2017) (KPSS) measure of market value of filed patents to construct a proxy for the
marginal value of intangibility, which, according to our model, is monotonically increasing
with firm-specific capital productivity.5 Intuitively, firms with more productive capital will
get more value from each unit of intangible capital. Using this measure, we show that process
innovation measures are positively associated with marginal KPSS patent values, consistent
with our model mechanism.

In our model, as process innovation makes capital more productive, firms are incentivized
to invest more. We show that this is true in the data: process intensity is positively associated
with both intangible and physical investment rates in the future. It confirms the findings of
Parisi, Schiantarelli and Sembenelli (2006) and Bena, Ortiz-Molina and Simintzi (2022) that
process improvements are associated with increased capital investment. At an aggregate
level, Gordon and Ryu (2026) relate some of the slowdown in aggregate U.S. productivity
growth to movement away from process innovation towards product innovation.

In the second part of our empirical analysis, we turn to our model predictions on compen-
sation. Using total and deferred executive compensation from Execucomp, we verify both
the level and slope effects. A one standard deviation increase in the process intensity of the
firm is associated with a change equivalent to a move from the 25th to the 33rd percentile for
total executive compensation (normalized by total capital), a 25th to 56th percentile move
for deferred compensation (normalized by total capital), and a 25th to 55th percentile move
for the fraction of compensation deferred.

For the slope effect, we find that across our main specifications, the point estimate of the
5We construct the stock of intangible capital using the perpetual inventory method with intangible invest-

ment (Peters and Taylor, 2017; Ewens, Peters and Wang, 2025). Therefore, the stock of intangible capital
can also be considered as a proxy for the historical investment that yielded the patents. We use the word
“marginal” to emphasize that these are the values of new patents filed that year normalized by the quantity
or some cost measures.
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coefficient linking process intensity and compensation tends to increase as we move from low
to high process-intensity firms. We also demonstrate the slope effect in an indirect way: our
dynamic model implies that, conditional on intangibility and the history of shocks, higher
investment in physical or intangible capital indicates higher process intensity. Therefore, we
should observe a slope effect as we move from low- to high-investment firms. We confirm
this in the data as well.

In summary, we make two main contributions. First, we present new stylized facts about
the heterogeneity in intangible capital in their association with executive compensation,
investments, and firm valuation ratios. In particular, higher process intensity is associated
with higher total compensation and more deferred compensation, more investment in both
physical and intangible capital, and lower intangible-adjusted book-to-market ratios. In
contrast, non-process intangibility has a significantly weaker link with compensation, is not
significantly linked to intangible investment, and displays the opposite valuation pattern.
Second, our dynamic principal-agent model demonstrates that the growth effects of process
innovation interact with agency conflicts in general ways, which not only can rationalize
the aforementioned new stylized facts, but provides a new prediction that the relationship
between compensation and process intensity should be convex, a prediction that is supported
by the data.

Related Literature. This paper sits at the intersection of three different literatures. First,
we contribute to the literature on dynamic agency theory (e.g., DeMarzo and Sannikov (2006),
Biais et al. (2007), DeMarzo and Fishman (2007a,b), Sannikov (2008), DeMarzo et al. (2012),
and Ai, Kiku and Li (2023)). Our model extends this framework to include heterogeneous
forms of intangible capital. This adds new testable predictions (the core of our paper) and
a new state variable. More closely related, Ward (2022), Celentano and Rempel (2025), and
Chen et al. (2023) study the role of agency frictions on intangibles, but do not distinguish
between different types of intangibles.6

There are two schools of thought concerning the effects of process innovations on firm
outcomes. One school emphasizes the cost-centric view. Process improvements reduce costs
or substitute cheaper inputs for more expensive ones. Theoretically, Klepper (1996) devel-
ops a model in which “process R&D” affects industry and firm dynamics. An implication of
his model is that higher process-intense firms should have lower costs.7 Empirically, Bena,

6Grabner (2014) studies the empirical relationship between “creativity-dependent” firms and incentive
pay.

7Technically, size and process focused R&D are positively related in the model, and larger firms have
lower costs.
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Ortiz-Molina and Simintzi (2022) show that higher process innovation leads firms to sub-
stitute away from labor. In effect, the process innovations are a cheaper replacement for
some labor-tasks. Finally, Peters (2008) uses data from a German survey that actually mea-
sures the outcome of process innovations as the “savings due to process improvements”. In
a footnote, the author acknowledges, “This output indicator is likewise based on the rec-
ommendations of the Oslo Manual. Note that within the context of the current revision
of the Oslo Manual one major aspect is the further development of output indicators for
process innovations”. Consequently, while the cost-centric view is plausible, there is scope
for alternative explanations.

We contribute to the second school of thought, which considers process innovation as an
example of disembodied technical change,8 and focuses on the impact of process innovation
on productivity improvements. Huergo and Jaumandreu (2004) find that process innovation
increases productivity but do not compare its impact to that of product innovation. Hall
(2011) shows that the evidence linking process improvements to productivity is mixed. In
an updated paper, Mohnen and Hall (2013), more positive evidence is provided. Mairesse,
Mohnen and Kremp (2005), Chudnovsky, López and Pupato (2006), Parisi, Schiantarelli and
Sembenelli (2006), and Masso and Vahter (2008) compare both types of innovation and report
larger effects from process innovation than product innovation on measures of productivity.
Tham et al. (2026) study the interaction between process and product innovations and firm
growth. They show that foundational process innovations drive sustained growth through
subsequent product development, leading to a sustained TFP growth up to a 10 year horizon.

We contribute to the literature on the impact of process innovation on productivity
in three ways. First, by using granular data on product versus process innovations, we
are able to not only look at whether or not a firm undertakes process improvements, but
also the intensity of process improvement. Second, in contrast to the previous literature
which measures productivity via average products, such as output per hour worked, we
use the KPSS data as a quantitative measurement for the marginal value of intangible
innovation in order to quantify the indirect impact of productivity change. Third, our
dynamic agency model links the productivity improvement from process innovation with
executive compensation and firm investment.

We also contribute to the literature connecting intangible capital and finance (e.g., Lev
and Radhakrishnan (2005), Eisfeldt and Papanikolaou (2013), Kung and Schmid (2015),
Peters and Taylor (2017), Kogan et al. (2017), Crouzet and Eberly (2018), Ewens, Peters

8In a theoretical setting, Dosi et al. (2021) model disembodied technical change in upstream sectors
leading to process innovation in downstream sectors.
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and Wang (2025), Eisfeldt, Falato and Xiaolan (2022), Crouzet et al. (2022)). These papers
do not study agency conflicts, nor do they seek to quantify heterogeneous intangible capital.9

We fit within the subset of this literature that looks at the relationship between pay and
innovation/intangibles (Lerner and Wulf (2007), Lustig, Syverson and Van Nieuwerburgh
(2011), Kline et al. (2019), Song et al. (2019), Sun and Xiaolan (2019), Kogan et al. (2020),
Bhandari and McGrattan (2021)). These papers also do not look at the heterogeneous nature
of intangibles.

Lastly, we contribute to the small and growing literature on process versus non-process
innovation and finance. Our measure of process innovation intensity is derived from the
patent data of Bena and Simintzi (2025). Ganglmair, Robinson and Seeligson (2022) provide
a survey of the empirical evidence on process claims over time and provide their measure
of process intensity.10 To the best of our knowledge, we are the first to explicitly tie a
formal model of the firm (with or without agency) to the empirical data on process versus
non-process innovation.11

The rest of the paper is organized as follows. Section 2 presents the key stylized facts
we will try to rationalize and study. Section 3 develops our model. We begin with the
baseline model (Section 3.1), then present our fully calibrated model (Section 3.2). Section 4
presents more robust evidence of our key facts and examines model mechanisms. Section 5
studies some policy implications for investment and compensation from our model. Section 6
concludes.

2 Stylized Facts

In this section, we present several stylized facts about process innovation. These facts link
process innovation to investments, executive compensation, capital productivity, and valu-
ation ratios. We use regressions to examine these facts more rigorously and contrast them
with those for non-process innovation in Section 4.

9We use the methods of Ewens, Peters and Wang (2025) and Peters and Taylor (2017) to create our
firm-level measure of intangible capital and investment.

10Angenendt (2018) also estimates process intensity.
11Mohnen and Hall (2013) provide an overview of the empirical evidence linking firm outcomes to process

and non-process innovation.
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2.1 Main Variables

We first define what it means for a firm to be process-focused (or process-intensive). We use
two measures: process intensity and process intangibility.

The process intensity of firm f in year t is defined as:

Process Intensityf,t “ process-focused patent claims filed by firm f in year t

Total patent claims filed by firm f in year t
,

where the patent claims data are from Bena and Simintzi (2025). This is a flow measure,
reflecting outcomes in year t.

We then construct process-focused intangible capital stock recursively following the method-
ology of Peters and Taylor (2017).12 Denote a firm’s process-focused intangible capital at
the end of period t ´ 1 by OP

f,t´1. Then,

OP
f,t “ G

`
OP

f,t´1
˘

` Process Intensityf,t ˆ Intangible Investmentf,t.

Here, the function Gp¨q reflects capital after depreciation.13 The process intangibility of firm
f in year t is:14

Process Intangibilityf,t “ OP
f,t

Physical Capitalf,t

.

Compared to process intensity, process intangibility is cumulative and is affected by the level
of intangible investment.

From the two measures above, we can readily derive their complements: non-process
intensity and intangibility. Non-process intensity is 1 ´ process intensity, while non-process
intangibility is non-process intangible capital divided by physical capital. Finally, we define
intangibility as intangible capital (process- and non-process) over physical capital.

2.2 Facts

We examine the cross-sectional relationship between process intangibility and several key
variables: executive compensation, investments, capital productivity, and valuation ratios.

12The construction methodology is described in detail in Internet Appendix IA.2.
13Following Peters and Taylor (2017), intangible capital consists of knowledge and organizational capital,

which depreciate at different rates.
14For the regressions in Section 4, we normalize variables by total capital (the sum of physical and intangible

capital) in order to keep process intangibility bounded between 0 and 1. Similar normalization has been
used by Davis, Haltiwanger and Schuh (1996) regarding investment rates and other papers.
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Each year, we sort firms into quintiles based on process intangibility and calculate the median
values of the variables of interest within each quintile. We then take the time-series average
of these cross-sectional medians to obtain the average values for each quintile. The results
are reported in Figure 1.

Panel A shows the results for executive compensation, which is measured as total compen-
sation dividend by physical capital. Executive compensation rises with process intangibility.
Moreover, the relation is convex: as process intangibility increases, compensation rises at an
accelerated pace. One potential concern with these results is that process intangibility might
simply be a proxy for intangibility – the two measures are indeed positively correlated in the
cross section. In Section 4, we show that both the rise in compensation and its convexity also
hold for process intensity after controlling for intangibility (intangible capital over physical
capital), which shows that the two effects are not just driven by firms with high share of
intangible capital.

In Panel B, we examine how process intangibility relates to firm-level capital productivity.
Process innovation is often perceived as improving productivity, supply chain or management,
thus making a firm’s capital (physical and intangible) more productive. Empirically, it is
difficult to measure firm-specific productivity. We use an indirect measure based on the
marginal value of intangibility. The intuition is as follows. If process innovation improves
the marginal productivity of the firm, it should also make each unit of intangible capital the
firm creates more valuable. This latter value can be measured through economic value of
patents.

We use the patent value measures developed by Kogan et al. (2017) (KPSS).15 As Panel
B shows, KPSS values increase with the process intangibility of the firm. Again, this result
is not solely driven by firms with high share of intangible capital: we show in Section 4 that
KPSS values increase with process intensity after conditioning on intangibility.

If firms with more process intangibles tend to be more productive, they should also invest
more in physical and intangible capital. This is indeed what we find in the data. In Panel C
and D, we see that both physical investment and intangible investment increase with process
intangibility. After controlling for total intangibility, physical investment still increases with
process intensity (see Section 4).

Our final fact is about the relation between process innovation and firm’s valuation.
We use the “intangible-adjusted book-to-market ratio” (iB/M ratio, see e.g. Park (2019),
Eisfeldt, Kim and Papanikolaou (2020), and Kazemi (2022)) to measure the valuation ratio

15Kogan et al. (2017) provide economic values of patents by examining changes in firm value around patent
filings to infer the value of patents (after filtering and controlling for confounders).
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Figure 1: Compensation, Productivity, Investment, the iB/M Ratio, and Process Intangibil-
ity
This figure plots executive compensation, productivity, investment (both in physical and intangible capital),
and the book-to-market (adjusted for intangible capital) ratio against process intangibility. Panel A plots
total executive compensation divided by physical capital against process intangibility quintiles. Panel B
plots the economic value of patents filed (Kogan et al. (2017)) divided by physical capital against process
intangibility quintiles. Panel C plots physical investment divided by physical capital against process intangi-
bility quintiles. Panel D plots intangible investment divided by physical capital against process intangibility
quintiles. Panel E plots the iB/M ratio (book-to-market ratio with intangible capital included in the book
equity) against both process and non-process intangibility quintiles. The orange bars are values of the non-
process intangibility quintile while the blue is for process intangibility quintiles. See Internet Appendix IA.2
for precise definitions of variables.

of the firm:
iB/M “ Book Equity ` Intangible Capital

Market Value .
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The numerator augments book equity with accumulated intangible capital, but the papers
cited above do not distinguish between different types of intangible capital. The denominator
is the market value of the firm’s equity.

Panel E of Figure 1 shows the different relationships between the iB/M ratio and process
intangibility vs. non-process intangibility. The orange bars, which show the average iB/M
ratio across non-process intangibility quintiles, grow steadily as non-process intangibility
rises. The opposite is true for the blue bars, which shows that the iB/M ratio largely
decreases (with the exception of Q1) as process intangibility rises. These results suggest
that firms with higher process intangibility tend to receive higher valuation (relative to their
assets in place), which is consistent with these firms being more productive. In contrast, the
valuation ratios for firms with higher non-process intangibility tend to be lower (higher iB/M
ratio), because the growth in valuation is outpaced by the growth in intangible capital.

These patterns are robust to controlling for firm characteristics and fixed effects. In
Section 4, we confirm each of these associations using panel regressions with industry and
year fixed effects, and show that they hold for process intensity after conditioning on total
intangibility. Having presented several key facts about process innovation, in the next section,
we present a simple dynamic agency model to rationalize these facts.

3 Model

In this section, we develop a dynamic agency model to rationalize the stylized facts from
the previous section: process-intensive firms invest more, pay their executives more, and
exhibit higher firm valuations. The model uses the relationship between process innovation,
capital productivity, and investment to generate the observed patterns in investment and
compensation. To highlight the key intuition, we first present a baseline model that can be
solved analytically in Section 3.1. We then present the fully calibrated model in Section 3.2.

3.1 Baseline Model

Capital, productivity, and agency Consider a firm that produces output using both
physical and intangible capital, denoted by Kt and Ot, respectively. We define the ratio
between intangible and physical capital, ot “ Ot{Kt, as intangibility. The firm’s physical
capital Kt evolves according to

dKt “ pit ´ δKqKtdt, (1)
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where it “ It{Kt is the investment rate, which is assumed to be nonnegative (no disinvest-
ment), and δK is the depreciation rate of physical capital. Making physical investment incurs
a quadratic adjustment cost, with cost parameter QK ą 0. For tractability, we assume that
the firm invests in intangible capital at the same rate as in physical capital. Moreover, the
depreciation rates and adjustment cost parameters of the two types of capital are also the
same. As a result, intangibility is constant over time, ot ” o. This assumption will be relaxed
in the full model in Section 3.2.

The firm produces output using physical and intangible capital through a linear produc-
tion function. Net of new investments and quadratic adjustment costs for both types of
capital, the firm generates flow profit Yt:

Yt “ Xt

!
µ

“
p1 ´ φqKt ` φOt

‰
´ p1 ` oqitKt ´ p1 ` oqQK

2 i2
t Kt

)
. (2)

The constant φ P p0, 1q represents the weight of intangible capital in the production function.
The term p1 ` oq reflects the fact that the costs of investment in intangible capital are a
constant fraction of those for physical capital. The term Xt in (2) represents firm-specific
capital productivity. A shock to Xt is akin to a “disembodied technological change” (see e.g.,
Sakellaris and Wilson, 2004).16 For tractability, we assume the costs of investment are also
proportional to Xt.17

We model the firm-specific productivity of capital goods Xt with the following dynamics:

dXt

Xt
“ Apθot ´ stqdt ` σdZs

t . (3)

Here, θ denotes process intensity, the share of process-focused intangible capital in total
intangible capital. With A ą 0, the product term θot captures the contribution of process
intangibles to the growth rate of capital productivity Xt. The variable st P r0, ss represents
the negative effect of managerial shirking, which is unobservable. Capital productivity shocks
are modeled as increments of a Brownian motion Zs, with volatility parameter σ. The firm’s
owners (the principal) observe capital productivity Xt but cannot distinguish managerial
shirking from productivity shocks. The combination of unobservable effort and the principal’s
desire to induce effort creates a classic moral hazard problem.

The drift term in Eq. (3) captures the core idea of our model. More generally, suppose
16See İmrohoroğlu and Tüzel (2014) for a related notion of firm-specific technology affecting all capital.
17This resembles Eisfeldt and Papanikolaou (2013) and Kogan and Papanikolaou (2014), in which invest-

ment costs are also proportional to productivity. The difference is that their productivity is industry-wide
total factor productivity (TFP), rather than our firm-specific measure.
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the expected growth rate of capital productivity depends on process intangibility (the stock
of process intangibles normalized by physical capital) and managerial effort, fpθot, stq, for
some function f . This formulation reflects the idea that realizing the productivity gains from
accumulated process innovations requires managerial effort. To highlight this distinct role of
managerial effort, we assume that managerial effort does not directly affect the production
function or the accumulation of capital. The specific functional form in (3) is chosen not
only for tractability: it also avoids hard-wiring complementarity between process intangibility
and managerial effort in the growth rate of capital productivity. Even so, complementarity
between the two emerges endogenously in firm valuation.

The specification of how process intangibles affect capital productivity is motivated by
empirical evidence. Tham et al. (2026) show that process innovation, especially foundational
process innovation, predicts persistent TFP growth and facilitates future product innovation,
while the TFP effects of product innovation are shorter-lived. Consistent with this evidence,
we find that process intangibility is associated with lower iB/M ratios, higher marginal KPSS
patent values, greater investment, and more deferred executive compensation, whereas non-
process intangibility has different valuation implications. These facts motivate our focus on
process intangibles in (3), while abstracting from a direct role for non-process intangibles in
capital-productivity dynamics.

More broadly, θ can be viewed as a parameter of intangible capital efficiency, which gov-
erns how effectively intangible capital affects capital productivity growth.18 In that sense,
tying θ specifically to process intensity gives us a concrete and empirically measurable source
of cross-sectional variation in intangible capital efficiency. Indeed, this interpretation disci-
plines our model calibration and empirical assessment of the model’s implications on in-
vestment rates (both physical and intangible) and compensation across firms with different
process intensity and intangibility. If other firm characteristics can also affect intangible
capital efficiency, they could generate similar predictions about investment, compensation,
and firm valuation. This is an interesting direction for future research.

The impact of agency friction on firm value Before studying a dynamic contracting
problem where the agent’s compensation is determined optimally, we first examine the impact
of managerial shirking on firm value. To this end, we assume that the managerial shirking
is a constant s P r0, ss and examine the sensitivity of firm value with respect to s. This
sensitivity analysis sheds light on the key economic mechanism, the hold-up problem, which
drives the optimal compensation in a contracting problem presented later in this section.

18We thank an anonymous referee for suggesting a broader interpretation of θ.
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Consider the firm’s problem

V pKt, Xt; θ, o, sq “ max
iιě0;ιět

Et

„ż 8

t

e´rpι´tqYιdι
ȷ

, (4)

subject to (1) and (3). Given that θ, o and s are constants, they become parameters for the
firm’s value function V . Due to the homothetic property in Xt and Kt, the value function
admits the decomposition:

V pKt, Xt; θ, o, sq “ XtKtvpθ, o, sq,

where v satisfies the following equation

“
r ` δK ´ Apθo ´ sq

‰
v “ max

iě0

!
µp1 ´ φ ` φoq ´ ip1 ` oq ´ QK

2 i2p1 ` oq ` i v
)

, (5)

and the optimal physical investment rate is i˚ “ max
␣

v´1´o
QKp1`oq , 0

(
.

Consider first the limiting case when the adjustment cost QK Ñ 8. Physical investment
is always optimally zero in this case and the firm’s (normalized) value v is

vpθ, o, sq “ µp1 ´ φ ` φoq
r ` δK ´ Apθo ´ sq . (6)

This is the Gordon growth formula. The numerator µp1 ´ φ ` φoq of (6) represents the
expected cash flow normalized by the productivity-adjusted physical capital. In the denom-
inator of (6), r ` δK is the effective discount rate and Apθo ´ sq is the growth rate, which
increases with process intangibility θo and decreases with shirking s. Hence, the denominator
of (6) represents the firm’s growth-adjusted discount rate R :“ r ` δK ´ Apθo ´ sq. We see
from (6) that intangibility o improves the (normalized) expected cash flow in the numerator
and reduces the growth-adjusted discount rate in the denominator. Next, we will focus on
how process intensity θ impacts the sensitivity of firm value to shirking.

Assuming that R is positive, we obtain from (6) the following inequalities

Bsv “ ´ µAp1 ´ φ ` φoqR´2 ă 0, (7)
B2
θsv “ ´ 2µA2p1 ´ φ ` φoqR´3o ă 0, (8)

B3
θθsv “ ´ 6µA3p1 ´ φ ` φoqR´4o2 ă 0. (9)

The derivative Bsv reflects the marginal impact of managerial shirking on firm value. In the
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dynamic contracting problem, it is the flip side of the principal’s (shareholders’) marginal
willingness-to-pay to reduce/avoid shirking. Next, B2

θsv reflects how the principal’s marginal
willingness-to-pay changes with process intensity, while B3

θθsv is relevant for the convexity of
the principal’s willingness-to-pay as a function of process intensity.

The inequalities above lead to the following economic implications: (i) As expected,
inequality (7) implies that managerial shirking reduces firm value because it lowers the
growth rate. (ii) Inequality (8) implies that the marginal loss of firm value from shirking
(the magnitude of Bsv) increases with θ. Thus, in a contracting model, a higher θ raises the
firm’s willingness-to-pay to prevent shirking. (iii) Inequality (9) implies that B2

θsv becomes
more negative as θ increases. Consider θlow ă θhigh, then

B2
θsvpθhigh, o, sq ă B2

θsvpθlow, o, sq ă 0.

Hence, the impact of a marginal increase in θ on the principal’s willingness-to-pay is larger
for firms with higher process intensity, which suggests that the principal’s willingness-to-pay
will be convex in θ. Moreover, (7)–(9) also show that these effects are amplified by the firm’s
intangibility o.

We have derived (7)–(9) under the special case with physical investment i˚ “ 0. The
following lemma shows that similar results hold when investment is nonzero.

Lemma 3.1. When physical investment i˚ ą 0, and suppose that the firm’s value v is positive
and its growth-adjusted discount rate r ` δK ´ Apθo ´ sq ´ i˚ is positive, then Bsv, B2

θsv, and
B3
θθsv are all negative.

Optimal contract The sensitivity analysis above shows that the firm’s willingness-to-pay
to prevent managerial shirking is increasing and convex in θ. To show that compensation
exhibits similar patterns, we consider a dynamic contracting problem where the agent’s
action is endogenized and the efficient action is incentivized by the optimal contract. Using
this framework, we show that compensation exhibits the level effect and the slope effect:
executive compensation increases with θ (level effect) and is convex in θ (slope effect). We
first treat the firm’s intangibility o as exogenous. The firm’s choice of o will be endogenized
in the full model in Section 3.2.

In the dynamic contracting problem, managerial shirking st introduces the private benefit:

Bpstq “ λKtst, (10)
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where λ is a positive constant. We assume that the agent’s private benefit from shirking is
proportional to firm size, represented by Kt (as in, e.g., DeMarzo et al., 2012).

The principal offers a contract with a cumulative compensation of C “ tCtutě0 to the
agent. The cumulative compensation C is a non-decreasing process, because the agent does
not subsidize the firm by accepting negative compensation.

We assume that the agent is paid in units of the intermediate good (i.e., before multiplying
by productivity Xt in (2)). This means that it costs the firm XtdCt in profit to pay dCt

to the agent. This modeling choice is motivated by the empirical and calibration exercise
later. Both will focus on the compensation-to-capital ratio, Ut{Kt or Ut{pKt ` Otq, which
are unit-less when the units of numerator and denominator are comparable.

The agent is assumed to be risk neutral, discounting future compensation and potential
private shirking benefits using a subjective discount rate of γ. The agent’s continuation
utility, which is in units of the intermediate good, is

Ut “ max
sιPr0,ss,ιět

Es
t

„ż τ

t

e´γpι´tq“dCι ` Bpsιqdι
‰ȷ

. (11)

The expectation in (11) is taken with respect to probability measure Ps, induced by the
managerial shirking s. The cumulative shock Zs in (3) is a Brownian motion under Ps.
Following DeMarzo and Sannikov (2006), we assume that γ ą r so that the agent is more
impatient than the principal. When the agent’s continuation utility decreases to the outside
value, which is normalized to zero, at an endogenously determined stopping time τ , the
contract is terminated. Then, the agent leaves the firm, production continues, but the firm’s
capital productivity Xt will grow at the lower rate Apθo ´ s̄q, corresponding to maximum
shirking.19

The principal of the firm, who is also risk neutral, chooses investment and compensation
contract to maximize the expected present value of future cash flow the firm generates net of
compensation, which is discounted at the interest rate r. The principal chooses among the
contracts incentivizing the agent not to shirk, st “ 0 for any t ě 0. Therefore, the principal’s
optimization problem at time zero is

max
i,C

Es˚
„ż τ

0
e´rs rYιdι ´ XιdCιs ` e´rτV T

τ

ȷ
, (12)

subject to the agent’s incentive compatibility constraint, s˚
t “ 0 for any t ě 0, and the

19Recall that s is the maximum amount of shirking the agent is allowed to choose, so the agent leaving
reduces the average growth rate of Xt to the worst-case scenario.
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agent’s participation constraint, U0 ě 0, where s˚
t is the agent’s optimal effort from (11). In

(12), V T
τ is the firm’s value at the contract termination time.

The contract termination time is

τ “ inftt ě 0 : Ut “ 0u,

when the agent’s continuation value from the contract reaches his outside value (normalized
to zero). The contract is terminated at τ to protect the agent’s limited liability with respect
to his outside value. After the agent leaves the firm at time τ , the growth rate of the firm’s
capital productivity is reduced:

dXt “ Apθo ´ sqXtdt ` XtσdZs
t . (13)

Hence, the firm value after the contract termination is

V T
τ “ max

iι;ιěτ
Eτ

„ż 8

τ

e´rpι´τqYιdι
ȷ

, (14)

subject to (1) and (13). Contract termination is inefficient due to the lower productivity
growth. Therefore, the principal aims to use the optimal contract to mitigate this inefficient
termination.

In order to incentivize the agent’s full effort, the principal exposes the agent’s continuation
utility to variations in Xt. Specifically, by introducing a pay-performance sensitivity ϕt to
dXt, the contract imposes a cost at the rate of ϕtAstXt for the agent when he chooses to
shirk at level st instead of zero. To ensure that the agent exerts full effort requires the cost
of shirking to outweigh the private benefit from shirking,

ϕtAstXt dt ě Bpstq dt “ λKtst dt, (15)

which implies the principal needs to choose ϕt ě λKt{pAXtq. The following result formalizes
the agent’s optimal effort choice and the dynamics of continuation utility.

Lemma 3.2. For a given cumulative compensation C “ tCtutě0, there exists a process
ϕ “ tϕtutě0 such that the agent’s continuation utility follows

dUt “
`
γUt ´ Bps˚

t q
˘
dt ` ϕt

`
dXt ´ Apθot ´ s˚

t qXtdt
˘

´ dCt, (16)
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where the agent’s optimal shirking is

s˚
t “

#
0, ϕt ě λKt

AXt
,

s, otherwise.
(17)

Therefore, in order to incentivize full effort, the incentive compatibility constraint for the
principal is

ϕt ě λKt
AXt

, for t ě 0. (18)

In this case, Bps˚
t q “ 0 and the agent’s continuation utility follows

dUt “ γUtdt ` ϕtXtσdZt ´ dCt. (19)

We now turn to the principal’s problem. Introduce the principal’s value function as

V pXt, Kt, Utq “ max
iιě0,dCιě0

Es˚
t

„ż τ

t

e´rpι´tq`Yιdι ´ XιdCι

˘
` e´rpτ´tqV T

τ

ȷ
, (20)

subject to the incentive compatibility constraint (18). The firm’s intangibility, o, is a param-
eter for the principal’s value function. The homogeneity in Kt and Xt allows us to introduce
a function v via

V pXt, Kt, Utq “ KtXt vputq, (21)

where
ut “ Ut{Kt,

is the continuation utility normalized by the physical capital. Using u as the state variable
for the principal’s problem, the optimal contract and the optimal investment strategy are
characterized by the following result.

Proposition 3.1. Suppose that the firm’s intangibility is constant. The function v, the
optimal contract, and the optimal investment are described as follows:

(i) The function v satisfies the HJB equation

pr ´ Aθoqv “ max
iě0

!
pv ´ uBuvqpi ´ δKq `

`
γu ` λ

Aσ
2˘

Buv ` λ2

2A2σ
2B2

uuv

` µp1 ´ φ ` φoq ´ ip1 ` oq ´ QK
2 i2p1 ` oq

)
,

(22)

when
B2

uuv ă 0 and λ

A
ě ´ Buv

B2
uuv

. (23)
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The optimal physical investment rate is

i˚ “ max
!v ´ uBuv ´ 1 ´ o

QKp1 ` oq , 0
)

. (24)

The optimal contract sensitivity ϕ˚
t is λKt{pAXtq.

(ii) Define u “ inftu : Buvpuq “ ´1u. The optimal compensation is a reflection type.
Whenever ut ă u, no compensation is paid, i.e., dC˚

t “ 0. Only when ut “ u, compen-
sation is paid to keep the state process ut below the payment boundary u.

The structure of the optimal contract in Proposition 3.1 is similar to those from models
with managerial shirking, see e.g. DeMarzo and Sannikov (2006). The incentive compatibility
constraint (18) imposes sufficient skin in the game for the agent to prevent shirking. Like
in DeMarzo and Sannikov (2006), the compensation is of a reflection type, which is paid
out when the compensation boundary u is reached. The conditions in (23) imply that the
incentive compatibility constraint (18) is binding, resulting in ϕ˚

t “ λKt{pAXtq. These
conditions are verified numerically for the example presented next.

The new feature of Proposition 3.1 is about how process intensity θ impacts the optimal
contract. To see this, note that the growth-adjusted discount rate pr ´ Aθoq on the left-
hand side of the HJB (22), which is obtained under incentive compatibility and no shirking
(st “ 0), is the direct analogue of the growth-adjusted discount rate R “ r ` δK ´ Apθo ´ sq
in the Gordon growth formula (6), with s “ 0.20 In both cases, higher θ increases the capital
productivity growth, which lowers the growth-adjusted discount rates.

Although θ does not appear explicitly in the optimal contract sensitivity ϕ˚ or the optimal
investment rate i˚, it affects compensation by changing the gap between the second-best firm
value and the outside option for the principal. If the contract is terminated, the growth rate
of capital productivity is reduced from Aθo to Apθo ´ sq, and the growth-adjusted discount
rate rises from r ´ Aθo to r ´ Apθo ´ sq. Thus, the firm’s post-termination value drops while
the gap between the second-best firm value and the post-termination value widens as process
intensity θ increases. Following the intuition of DeMarzo and Sannikov (2006), facing higher
relative costs of termination, the principal then optimally raises the compensation boundary
u in order to reduce the risk of contract termination.

Because average compensation increases with the compensation boundary, pay rises with
θ. This is the level effect of process innovation. Furthermore, the gap between the second-
best firm value and the post-termination value is convex in θ, so that both the compensation

20There is an implicit parameter restriction on A so that the HJB equation (22) admits a finite solution.
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boundary and average pay increase at a faster rate as θ grows. This is the slope effect.
Importantly, this connection between θ and compensation arises entirely from moral hazard.
In the first-best case without agency frictions, the principal pays the agent a lump sum equal
to his outside option, and compensation is unrelated to θ or firm performance.

Process intensity θ also affects the optimal physical investment rate i˚ implicitly. It
follows from (21) that the firm’s marginal q of physical capital is BKV “ Xt

`
v ´ u Buv

˘
.

Since higher θ raises the growth rate of capital productivity and increases v, it leads to a
higher marginal q of physical capital and thus a higher investment rate.

Meanwhile, agency frictions reduce the marginal q of physical capital. As the agent’s
continuation utility u approaches zero, the risk of contract termination rises, which reduces
the firm’s value v (Buv ą 0), increases the sensitivity of firm value to the agent’s continuation
utility Buv (B2

uuv ă 0), and reduces the marginal q of physical capital (B2
KuV “ ´XtuB2

uuv ą
0). This leads investment rate to decline as the firm approaches contract termination. This
negative impact of agency frictions on investment mirrors DeMarzo et al. (2012).

Figure 2 presents a numerical example on the comparative statics of compensation, firm
value, and physical investment in θ for the baseline model where intangibility o is fixed.21

Panel (A) of Figure 2 shows that the payment boundary u increases with θ and is convex
in θ, and the same pattern holds for the compensation level that maximizes firm value, i.e.,
u˚ “ arg maxuvpuq. These results illustrate the level effect and the slope effect, respectively.
In Panel (B), the red dotted line represents the firm’s second-best value, and the cyan dash-
dotted line represents the outside value for the principal. As θ increases, the gap between
these two values widens at an increasing rate. To mitigate this increasingly severe agency
friction, the compensation increases and is convex in θ, as Panel (A) shows.

For comparison, we also present the private benefit of shirking that the agent forfeits in
the first-best setting. The principal dictates the agent’s efficient effort in the first-best case.
The present value of private benefits from shirking that the agent forfeits is

P pK0q “ E
” ż 8

0
e´γtλKts dt

ı
.

The blue dashed line in Panel (A) of Figure 2 presents P pK0q{K0. It is flat for almost all
values of θ, except a small uptick when θ is close to 1. Because physical capital grows faster
in the first-best case than in the second best (due to the larger physical investment rate), the
forfeited private benefit in the first-best case is also the upper bound of the private benefit

21The parameters for this example are consistent with the parameters of the calibrated model presented
in the next subsection.
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Figure 2: Compensation and Physical Investment (baseline model)
This figure presents the compensation, the firm value, the marginal q in physical capital, and the physical in-
vestment rate in the baseline model. In Panel (A), u represents the compensation boundary, u˚ is the agent’s
initial utility which maximizes the firm’s value, i.e., u˚ “ arg maxuvpuq, the blue dashed line represents the
agent’s forfeited private benefit from shirking normalized by physical capital, i.e., P pKq{K. Parameters:
A “ 0.06, µ “ 0.6, σ “ 0.404, φ “ 0.5, s “ 0.3, γ “ 0.1, r “ 0.06, λ “ 1.2 ˆ 10´3, QK “ 13, and δK “ 0.15,
and o “ 1.

that the agent forfeits in the second-best case. Panel (A) of Figure 2 shows that the agent’s
initial continuation utility u˚ is much larger than the forfeited private benefit, highlighting
the importance of the incentive provision in the optimal contract.

Panel (C) and (D) of Figure 2 show that the marginal q of physical capital increases
with θ, hence the physical investment rate increases with θ as well, but it is lower than the
first-best counterpart due to the agency friction.22

An alternative and widely held view of process innovation emphasizes its cost-cutting
nature, which may make managerial effort more costly to exert in process-intensive firms.

22Figure IA.3 in Internet Appendix IA.5 presents an alternative comparative statics exercise in which θ is
fixed but o varies. Because θ and o operate together via θo in determining capital productivity growth, the
patterns in Figure IA.3 are similar to those in Figure 2.
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While this “cost-centric” mechanism also predicts higher compensation levels, it fails to
generate the slope effect and predicts lower physical investment among process-intensive
firms, contradicting the stylized facts. In Internet Appendix IA.8, we formally examine a
cost-centric alternative model and compare its predictions to the baseline model.

3.2 Full Model

Having established the economic mechanism in the baseline model, we now endogenize firm
intangibility by allowing the firm to choose its intangible investment rate. The firm makes
this choice knowing that while process intangibility improves capital productivity growth and
cash flows, it exposes the firm to more severe agency frictions and requires higher compensa-
tion to incentivize efficient managerial effort. We show that this feedback between process
intangible accumulation, productivity growth, and incentive costs improves the quantitative
fit of the calibrated model to the joint cross-sectional patterns in investment and compensa-
tion in the data.

Model Following the baseline model, the firm invests in physical capital whose dynamics
follow (1). The firm also invests in intangible capital, whose stock value, Ot, evolves according
to

dOt “ pnt ´ δOqOtdt, (25)

where nt is the intangible investment rate, then Nt “ ntOt is the investment amount, and
δO is the depreciation rate of intangible capital. Combining (1) and (25), firm intangibility,
ot “ Ot{Kt, follows the dynamics

dot “ pℓt ´ δintqotdt, (26)

where ℓt :“ nt ´ it is the difference of investment rates in intangible and physical capital,
and δint :“ δO ´ δK is the relative depreciation rate between two types of capital.

The firm generates cash flow:

Yt “ Xt

!
µ

´
p1 ´ φqKψ

t ` φOψ
t

¯1{ψ
´ itKt ´ pℓt ` itqOt ´ QK

2 i2
t Kt ´ QO

2 pℓt ´ ℓ̂q2Otloooooooooooooooooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooooooooooooooooon
Net Output

)
. (27)

Compared with (2), there are two differences: (i) physical and intangible capital are aggre-
gated by a CES function. The CES parameter is ψ “ 0.59 in our calibration, which means
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that physical and intangible capital complement each other. This is consistent with Eisfeldt,
Falato and Xiaolan (2022) and Ohanian, Orak and Shihan (2023). Our calibration exercise
shows that when ψ “ 1 (physical and intangible capital are perfect substitutes), the cali-
brated model generates physical investment rates substantially lower than their empirical
counterparts. (ii) Two components of intangible investment costs are deducted from the
firm’s net output: the first component pℓt ` itqOt “ ntOt measures the units of “intermediate
output” used to increase the intangible capital stock. The second component, QO

2 pℓt ´ ℓ̂q2Ot,
represents the adjustment costs. In our calibration, we match the firm’s compensation and
investment, conditioning on quintiles of the firm’s intangibility. This quadratic adjustment
cost prevents the net investment rate, ℓt, from deviating too far from the constant level ℓ̂,
which is a chosen to be around the relative depreciation rate δint, in order to generate a
stationary distribution of firm intangibility and match the empirical counterpart.23

The final change from the baseline model concerns the private benefits from shirking:

Bpstq “ λpKt ` Otqst. (28)

Compared to (10), we use total capital Kt ` Ot to represent firm size.24 While the speci-
fication (10) generates a positive relationship between compensation and intangibility, (28)
generates a pattern that is quantitatively closer to empirical compensation moments across
different intangibility quintiles. Importantly, similar to (10), the agent’s shirking benefit is
independent of θ. That is, our main results connecting compensation and θ do not arise
from the specification on shirking benefit.

The agent’s problem is identical to that in the baseline model, with the agent’s con-
tinuation utility defined in (11). Lemma 3.2 holds for the full model with the incentive
compatibility constraint (18) replaced by

ϕt ě λpKt`Otq
AXt

, for t ě 0, (29)

due to the revised shirking benefit in (28).
For the principal’s problem, the firm’s intangibility ot becomes a state variable, which

23This adjustment cost specification also ensures that the full model nests the baseline model. When
ℓ̂ “ δint and QO “ 8, we have ℓ ” δint and o remains constant as in the baseline model.

24The private benefit is assumed to be proportional to a (weighted) sum of physical and intangible capital
in Ward (2022).
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follows the dynamics (26). The principal’s value function is:

V pXt, Kt, Ut, otq “ max
dCιě0,iιě0,ℓι

Es˚
t

” ż τ

t

e´rpι´tq`Yιdι ´ XιdCι

˘
` e´rpτ´tqV T

τ

ı
, (30)

subject to the incentive compatibility constraint (29). After contract termination, the growth
rate of the firm’s capital productivity is reduced and follows the same dynamics as (13). In
(30), V T

τ is the firm’s value after the contract termination and it is defined similarly to (14),
where the firm can still invest in intangible capital after contract termination.

The function v in (21) is extended to incorporate the additional state variable ot:

V pXt, Kt, Ut, otq “ KtXtvput, otq, (31)

where ut “ Ut{Kt. Proposition 3.1 extends to the following result, with three key elements
remaining unchanged. First, higher θo reduces the principal’s growth-adjusted discount rate
pr ´ Aθoq, appearing on the left-hand side of the HJB. This leads to the same economic
mechanism as in the baseline model connecting θ and compensation. Second, the promised
utility scaled by physical capital, ut “ Ut{Kt, remains to be a state variable, and the princi-
pal’s value admits the homothetic structure V “ KtXt vput, otq. Third, compensation is paid
only when continuation utility reaches the compensation boundary. The difference from the
baseline model is that intangibility ot “ Ot{Kt becomes the second state variable for the
principal, hence the compensation boundary is a function of o, rather than a constant as in
the baseline model.

Proposition 3.2. The function v, the optimal contract, and the optimal investment are
described as follows:

(i) The function v satisfies the HJB equation

pr ´ Aθoqv “ max
iě0,ℓ

!
pv ´ uBuvqpi ´ δKq ` pℓ ´ δintqoBov `

`
γu ` λ

Aσ
2˘

Buv ` λ2

2A2σ
2B2

uuv

` µp1 ´ φ ` φoψq1{ψ ´ i ´ pℓ ` iqo ´ QK
2 i2 ´ QO

2 pℓ ´ ℓ̂q2o
)

, (32)

when
B2

uuv ă 0 and λ

A
p1 ` oq ě ´ Buv

B2
uuv

. (33)

The optimal physical investment rate is

i˚ “ max
!v ´ uBuv ´ 1 ´ o

QK
, 0

)
. (34)
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The optimal intangible investment rate is

n˚ “ Bov ´ 1
QO

` i˚ ` ℓ̂. (35)

The optimal contract sensitivity ϕ˚
t is λpKt ` Otq{pAXtq.

(ii) Define upoq “ inftu : Buvpu, oq “ ´1u. The optimal compensation is a reflection type.
Whenever ut ă upotq, no compensation is paid, i.e., dC˚

t “ 0. Only when ut “ upotq,
compensation is paid to keep the state process ut below the payment boundary upotq.

The HJB (32) contains two terms absent from the baseline HJB (22). The first, pℓ ´
δintqo Bov, represents the impact from a change of intangibility o on the firm’s value. The
second, ´ℓo´ QO

2 pℓ´ ℓ̂q2o, represents the relative investment amount and the adjustment cost
of intangible investment compared with the physical investment. The quadratic adjustment
cost helps to generate a stationary distribution of o. The intangible investment rule (35)
follows from the first-order condition with respect to ℓ. Equating the marginal benefit of
raising o to its marginal cost yields the relative investment rate ℓ˚ “ ℓ̂ ` pBov ´ 1q{QO, so
that the absolute investment rate is given by (35).

Compared to the baseline model, one additional implication of the full model is the
interaction between physical investment and firm intangibility. High intangibility is valuable
for the firm, because it reduces the firm’s effective discount rate, r´Aθo, and hence increases
the firm’s value. Meanwhile, more physical investment expands physical capital faster, which
depresses intangibility because ot “ Ot{Kt. Therefore, as we see in (34), intangibility o

reduces the marginal benefit of physical investment from v ´ uBuv ´ 1 in the baseline model
to v ´ uBuv ´ 1 ´ o in the full model. The monotonicity of i˚ in o depends on whether
the firm’s marginal q in physical capital, BKV “ v ´ uBuv, grows faster than o. As we
will see in the numerical examples next, the sensitivity of the firm’s marginal q in physical
capital is larger than one when θ is high or intangibility is low. In the former case, high θ

increases the sensitivity of the growth-adjusted discount rate r´Aθo to o, leading to a higher
sensitivity of the firm’s value to o. In the latter case, the CES production function leads to
a high marginal value of intangibility when the intangible capital stock is low. In both cases,
the firm’s physical capital investment increases with intangibility. Before moving on to the
model calibration, we note that the optimal contract sensitivity is ϕ˚

t “ λpKt ` Otq{pAXtq
when the conditions in (33) are satisfied. These conditions are verified numerically for all
examples presented next.
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Model calibration and quantitative implications Having characterized the optimal
contract and investment strategies, we now turn to calibration and a quantitative assessment
of the model. We will focus on the moments of intangibility, compensation, and the two
investment rates. The calibrated model captures the cross-sectional patterns in compensation
and investment among firms with different process intensities.

To generate the moments from the full model, we first examine the stationary distri-
bution of the state variables (see, e.g., Hopenhayn (1992)). Because contract termination
occurs after sufficiently negative capital productivity shocks, and compensation is absent
after termination, we introduce firm entry to maintain a stationary mass of firms that pay
out compensation.

For firm entry, we assume that the principal has all the bargaining power so that a new
firm starts the agent’s (scaled) promised utility u at u˚poq which maximizes the principal’s
value vp¨, oq for a given initial intangibility level o. The entry density ϑpu, oq is assumed
to have the decomposition ϑpu, oq “ ζpoqξpu|oq, where ζ is the density of a log normal
distribution with parameters µe and σe, and ξp¨|oq has a unit mass at u˚poq.25

The stationary density g of the state variable pu, oq satisfies the stationary Fokker-Planck-
Kolmogorov equation:

L˚
u,o gpu, oq ` mϑpu, oq “ 0, (36)

see (IA.39) in the Internet Appendix for the form of L˚
u,o and the boundary conditions for

(36). To ensure that the stationary density g integrates into one, the entry rate m is chosen
to match the existing mass:

m “ ´
ż 8

0

ż upoq

0
L˚

u,o gpu, oq du do.

The stationary density g describes the behavior of the equilibrium state variables. We use
the stationary density to calculate model-generated quintiles of o and the conditional mean
of u in each quintile. We integrate the policy functions of investment (both physical and
intangible) with respect to the stationary density to obtain the conditional mean of physical
and intangible investment rates in each quintile.

Firm specific capital productivity, X, is unobservable. We estimate its volatility pa-
25We choose the parameters µe and σe so that the model-generated quintiles of intangibility o are consistent

with their empirical counterparts. The data section of Table IA.10 shows that the distribution of firm
intangibility shifts to right when process intensity increases. Therefore, we allow the mean parameter µe of
the entry distribution to vary with the mean process intensity of the three groups of data subsamples, but
fix the scale parameter σe across different subsamples.

26



rameter σ using the following strategy. Recall that the firm’s value function admits the
decomposition in (31). Therefore, BOV “ XBov. Utilizing the the dynamics of U in (19) and
ϕ˚

t “ λKtp1 ` otq{pAXtq, we obtain from Itô’s formula that the volatility of BOV is

σ ` B2
ouv

Bov

λ

A
p1 ` otqσ. (37)

The first component of this volatility comes from the volatility of X; the second component
arises from the volatility of ut, which is λp1 ` otqσ{A due to the form of contract sensitivity
ϕ˚

t . When firms are in good financial condition, the agent’s (scaled) condition utility is close
to the compensation boundary u, where Buvpu, oq “ ´1 for all o, hence B2

ouv is close to zero.
Therefore, the second term in (37) has a much smaller magnitude compared to the first term,
and we can use the volatility of BOV to approximate the volatility of capital productivity.

Recall from Section 2, that we linked the marginal value of intangibility to the market
value of patents filed (Kogan et al. (2017)). There, we argued that since patents are parts of
intangible capital, the firm’s marginal q in intangible capital is proportional to the marginal
KPSS patent value. Therefore, we use the volatility of marginal KPSS patent values among
good performing firms as a proxy for capital productivity volatility.26 Our estimate of σ is
0.404. The remaining parameter values are chosen to be consistent with the literature. All
model parameters are summarized in Table 1.

Table 1 Here

Figure 3 Here

Figure 3 displays the empirical moments that we focus on and their model-based coun-
terparts. For the empirical moments in Figure 3, we report the mean physical investment
rate, the mean intangible investment rate, and the mean compensation ratio, conditioning
on quintiles of intangibility. We also report the 95% confidence intervals of these conditional
moments. The empirical physical investment rate is measured by physical investment (Com-
pustat item CAPX) at t ` 1 divided by physical capital (Compustat item PPEGT) at t, the
intangible capital investment rate is measured by R&D expenses (Compustat item XRD)
plus 30% of organizational investment (Compustat item SG&A)27 at t ` 1, then divided

26More specifically, we compute firm 3-year market value growth rates and drop the bottom 20% of firms
every year. We construct the exponential-weighted moving average values using MAt “ 0.8MAt´1 ` KPSSt

with the R&D depreciation rate 0.2. Then we average firm-specific volatility of the growth rate of MAt.
27This follows Peters and Taylor (2017).

27



by physical capital at t, the compensation rate is measured by total compensation (Execu-
comp item TDC1) divided by physical capital (both at t), and intangibility is measured by
intangible capital divided by physical capital (both at t).

We measure these conditional moments for the full sample, and also for two subsamples
where the process intensity is within top 30% and bottom 30% of its distribution. This gen-
erates 45 target moments. The average firm-level process intensity is 0.33 in the full sample,
and 0.05 and 0.67 in the bottom and top 30% subsamples, respectively. Accordingly, we set
θ “ 0.05, 0.33, and 0.67 in the corresponding columns of Figure 3. We calibrate 13 model
parameters so that the moments of model-generated I{Kp“ iq, N{Kp“ n oq, U{Kp“ uq con-
ditioning on quintiles of model-generated O{Kp“ oq are close to their empirical counterparts
for the full sample and also two subsamples with high and low process intensities.28 The
calibrated model parameters are reported in Table 1.

The blue dashed lines in Figure 3 present the corresponding conditional moments gen-
erated by the calibrated full model. The model-generated moments are largely consistent
with their empirical counterparts. In particular, the model captures the empirical pattern
that, for each intangibility quintile, physical investment, intangible investment, and compen-
sation all increase in process intensity. Moreover, the model captures the convexity pattern
in compensation: for each quintile of intangibility, the increase in mean compensation from
median process intensity firms to high process intensity firms is larger than the increase in
compensation from low process intensity firms to median process intensity firms.

To illustrate the role of the CES production function in (27), we also calibrate a linear
model in which ψ is restricted to one. The red dotted lines in Figure 3 present the resulting
conditional moments. Compensation moments from the linear model are close to those from
the full model, indicating that the CES specification has limited impact on compensation.
However, the linear model generates physical investment rates substantially lower than the
full model. This is partly due to a lower calibrated scale parameter µ, which is necessary to
ensure finiteness of the value function for firms with high process intensity. In addition, phys-
ical investment rates are flatter across intangibility quintiles in the linear model, reflecting
the absence of complementarity between physical and intangible capital.

Figure 4 Here

We now present several implications of our calibrated full model. Figure 4 presents model
generated compensation, physical investment, intangible investment, marginal q of intangible

28See Appendix IA.6.2 for a detailed discussion of our calibration procedure.
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capital, and the iB/M ratio at u˚poq, the maximizer of firm value vp¨, oq for each o. Given
that the agent is risk neutral, u˚poq can be interpreted as the expected future compensation,
which the principal chooses to maximize the ex-ante value of a firm with intangibility o. We
present three cases with θLow “ 0.05, θMedium “ 0.35, and θHigh “ 0.65. These θ values are
chosen to approximate the average firm-level process intensities in the bottom 30%, the full
sample, and the top 30%, respectively. The gap between adjacent values is the same, i.e.,
θMedium ´ θLow “ θHigh ´ θMedium “ 0.3.

Consistent with our results in the baseline model, Panel (B) of Figure 4 shows (i) level
effect: compensation increases with θ conditioning on firm intangibility; (ii) slope effect:
compensation is convex in θ, i.e.

u˚po; θHighq ´ u˚po; θMediumq ą u˚po; θMediumq ´ u˚po; θLowq, for any o; (38)

and (iii) both effects are more significant among firms with high intangibility. Panel (A)
shows that similar level and slope effect hold for the compensation boundary u as well.
Meanwhile, when we normalize the compensation boundary u by the volatility of u, the
calibrated model also shows that this normalized compensation boundary increases in θ

conditioning on o. This reflects that, conditioning on the level of continuation utility, the
compensation is further deferred into the future among process intense firms. Panel (C) and
(D) demonstrate that both the firm’s physical and intangible investment rates also increase
with process intensity. As process intensity increases, the firm’s growth prospects improve
and the effective discounting rate decreases, leading to a higher firm value and marginal
q in physical and intangible capital. Hence, firms increase their physical and intangible
capital investment. Panel (C) of Figure 4 shows that physical investment increases with
intangibility when the firm has low intangibility or high process intensity. As we discussed
after Proposition 3.2, the former effect is due to the high marginal value of intangibility when
the intangible stock is low. For the latter case, when process intensity is high, firm marginal
q of physical capital increases faster in o than the cost of intangibility to physical investment,
leading to a positive relation between physical investment and intangibility at all levels of
intangibility. When θ has a medium or low value, physical investment displays a hump shape
in intangibility. The negative pattern between physical investment and intangibility among
high intangibility levels appears because the firm’s marginal q in physical capital grows more
slowly as intangibility increases. Consequently, firms slow down physical investment in order
to maintain the level of intangibility. Panel (E) of Figure 4 illustrates that firm’s marginal
q in intangible capital increases in process intensity. But it decreases in firm’s intangibility,
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due to the decreasing return to scale of the intangible capital in the firm’s CES production
function.

Panel (F) of Figure 4 illustrates the iB/M ratios generated by the calibrated full model.
We use the ratio of installed capital to market value to measure the book-to-market ratio,
where installed capital includes the accumulated intangible stock. Following Kogan and
Papanikolaou (2014), we represent the value of capital by adjusting the capital stock by
capital productivity. Hence, the iB/M ratio maps to XpK`Oq

V “ 1`o
v in the model. As Panel

(F) shows, the iB/M ratio decreases with the firm’s process intensity, due to the fact that v

increases with θ.
For fixed θ, the model-generated iB/M ratio displays a U-shape in intangibility. This is

again due to the decreasing returns to scale in intangible capital. When o is low, v increases
faster than linearly in o, resulting a decline in p1 ` oq{v as o increases; when o is high, the
growth of v with respect to o slows down, leading to an increasing p1 ` oq{v in o. Panel (F)
shows that the decreasing pattern of the iB/M ratio concentrates in very low intangibility
states. When the iB/M ratio increases with intangibility, Panel (F) further shows that the
slope of the iB/M ratio with respect to intangibility becomes flatter when θ is larger. This is
because process intensity improves firm value, particularly when the firm accumulates more
intangible capital.

In Figure 5, we compare the iB/M ratios generated by the calibrated full model to their
empirical counterparts. These iB/M ratios are not targeted in our calibration. Although
the calibrated model does not match the level of the iB/M ratios, it successfully captures
their cross-sectional relation. In the data, we construct iB/M by summing book equity and
accumulated intangible capital, and then normalizing this sum by the firm’s market value, all
measured at time t. In the model, we compute the mean of 1`o

v in the stationary distribution,
conditional on intangibility quintiles. We then scale the model-generated mean iB/M ratios
by a common factor across all intangibility quintiles so that the model-implied and empirical
moments match in the third, or median, quintile. Notice that this scaling does not affect
the ratios of model-generated iB/M across intangibility quintiles.

Figure 5 shows that both empirical and model-generated iB/M ratio increase with intan-
gibility and the slope becomes flatter as process intensity increases. Moreover, the slopes
of the scaled model-generated iB/M ratios closely match their empirical counterparts in the
full sample and also in the high process intensity subsample.

Figure 5 Here

To further illustrate the implications of agency friction for compensation, we examine the
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first-best benchmark for the calibrated model in Internet Appendix IA.4. In the first-best
setting, the shirking benefit represents the agent’s outside value or the opportunity cost of
effort. We calculate the present value of the private shirking benefit that the agent forfeits
in the first-best setting. We observe that the forfeited private benefit also displays both the
level and the slope effect. However, the mechanism for them are different: firms with higher
process intensity grow faster, leading to a faster growth in shirking benefit and hence a larger
present value. Importantly, the key difference between the first best forfeited private benefit
and the second best optimal compensation is their magnitude. The forfeited private benefit
is one order of magnitude smaller than the mean compensation in the second-best optimal
contract. This highlights the importance of the incentive provision in mitigating the moral
hazard problem.

Our results are robust to the additive relation between process intangibility and manage-
rial effort in (3). Internet Appendix IA.7 examines an extension where process intangibility
and managerial effort are complements in driving capital productivity growth. We show
that the level effect holds, and it is strengthened by the complementarity between process
intangibility and managerial effort. The slope effect may depend on parameters, but it holds
among high growth firms.

4 Empirical Results

This section is divided into two subsections. In the first subsection, we examine components
of the model mechanism. In particular, we document the relationship between firm-specific
productivity growth, investment, and process intensity. The model asserts that process
intensity drives growth through productivity improvements. Therefore, firms with higher
process intensity should invest more, ceteris paribus, because their future marginal products
of capital are higher. We present empirical support for this claim.

In the second subsection, we test the main model implications for compensation: Higher
process intangibility (or higher process intensity) is associated with higher compensation for
executives and managers.29 Moreover, this association is stronger among firms with high
levels of process intensity. As the model showed, this connection is an outcome of the agency
friction and the optimal contract. We organize our empirical support for the compensation
and process intangible association into evidences for the level effect and for the slope effect.

29Some indicative results for skilled labor below the executive level are presented in Appendix IA.11.
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4.1 Mechanism

In this subsection, we provide evidence that process and non-process intangibles affect firm
valuation, investment, and productivity in distinct ways, consistent with our model mecha-
nism. We begin with a direct test using the intangible-adjusted book-to-market ratio (iB/M).
Our result indicates that process intangibles raise firm valuation while non-process intangi-
bles do not. We then present evidence from marginal KPSS patent values that is consistent
with process intangibles enhancing capital productivity. Finally, we show that process intan-
gibility is associated with higher investment rates in both physical and intangible capital.

To present our empirical results, we use two different specifications. In the first specifi-
cation, we examine the relationship between the dependent variable of interest and process
intangibility versus non-process intangibility. In the second specification, we switch the main
independent variables to process intensity and total intangibility. More specifically, in the
first specification, we estimate:

Dependent Varf,t`1 “ β1Process Intangibilityft `β2Non-Process Intangibilityft `γGft `εft.

(39)
Here Process Intangibilityft, which is the ratio between process-focused intangible capital by
firm f in year t and Total Capitalft (physical plus intangible), combines both the fraction
of innovations towards process improvements along with the amount of total intangible
capital.30 This maps to the term θot in the model that appears in the growth rate of X

(see Equation (3)). To distinguish between the effects of θ versus ot, we control for Non-
Process Intangibilityft, defined as Total Intangibilityft minus Process Intangibilityft. Total
Intangibilityft is the ratio between total intangible capital over total capital, and Non-Process
Intangibilityft is non-process intangible capital over total capital, (see Section 2 and Internet
Appendix IA.2). Our controls, in G, include market capitalization (relative to the maximum
market cap in the same industry-year), the iB/M ratio, and profit over total capital. For
the productivity regressions, we also include the number of patents filed per unit capital,

30In our regressions, we normalize compensation and investment by total capital pK ` Oq. First, changing
the normalization from K to K ` O does not change the model implications on productivity, investment,
and compensation. All model implications focus on the impact of process intensity θ, conditioning on O{K;
see Figure 4. When quantities are normalized by the total capital K ` O, the relative positioning of curves
with different θ remains the same in each panel of Figure 4, when we condition on O{pO ` Kq. Second, we
find that normalizing by total capital makes the intangibility variables and other control variables better
behaved. In our sample, firms with high process intensity tend to have high intangibility. Normalizing by
K ` O ensures O{pK ` Oq is bounded between 0 and 1, rather than a large O{K for these firms. Indeed,
our normalization using the total capital is the same as the popular growth rate construction method from
Davis, Haltiwanger and Schuh (1996).
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the number of citations per patent, and the lagged marginal KPSS value. We also include
industry and year fixed effects. Finally, standard errors are clustered at the firm level.31 In
the KPSS regressions, we control for the number of patents filed as well as the number of
citations per patent.

In order to further isolate the effects of θ, the key parameter of the model, we estimate
the second specification:

Dependent Varf,t`1 “ β1Process Intensityft ` β2Total Intangibilityft ` γGft ` εft. (40)

Process intensity corresponds to θ in the model. It was defined in Section 2 as the fraction
of process patent claims in total patents claims filed in year t by firm f (Bena and Simintzi
(2025)). Section IA.2.6 in the Internet Appendix shows that process intensity is sticky at the
firm-level and does not respond to our proxy of historic shocks introduced later. The controls
in G are as before. This specification isolates the role of θ, holding the total intangibility
fixed. Compared with specification (39), (40) is closer to our model.

We measure investment rates from Compustat. Physical investment is defined as CAPX
at t ` 1 divided by physical capital (PPEGT) at time t. Intangible investment is defined as
R&D ` 0.3 ˆ SG&A (Peters and Taylor (2017)) at t ` 1 divided by intangible capital at time
t.

We start with a direct test of whether process and non-process intangibles have distinct
effects on firm valuation. In our model, holding book assets constant, higher process intensity
increases capital productivity growth, which raises firm value V , hence lowers the iB/M ratio.
Table 2 tests this prediction by regressing iB/M on process and non-process intangibility
(specification (39)) and on process intensity and total intangibility (specification (40)), with
industry and year fixed effects and controls for size and profitability.

Table 2 Here

The results confirm the model prediction. In specification (39), process intangibility
significantly reduces iB/M, while non-process intangibility significantly increases it. In spec-
ification (40), process intensity has a large negative effect, while total intangibility has a

31Controlling for profitability is especially important. Bao et al. (2022) show that markups and executive
compensation are related. If our X is interpreted as a measure of pricing power, then one may wonder if our
process measures are just picking up the effect of market power. However, in Bao et al. (2022), the markup-
compensation channel works through profitability. Our empirical results are conditional on profitability.
Relatedly, theories of monopoly/market power usually involve lower investment to keep quantities low and
prices high. This is also inconsistent with what we find: higher process intensity is associated with more
investment.
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positive effect. The opposite signs are consistent with process intangibles raising firm valua-
tion through the productivity channel, while non-process intangibles primarily add to book
value. These results provide direct evidence that the composition of intangible capital, not
just its level, matters for firm valuation.

Column 5 augments specification (40) with an interaction between process intensity and
total intangibility. The interaction coefficient is significantly negative, indicating that the
slope of iB/M in intangibility decreases as process intensity rises, consistent with our model
prediction in Figure 4 Panel (F).

The iB/M results above establish that process intangibles are associated with higher firm
valuation. Our model attributes this to a productivity channel: process intangibles enhance
capital productivity growth. While firm-level capital productivity is not directly observable,
we can examine an indirect measure implied by our model. From (31), we can derive the
marginal value of intangibility,

BoV “ KtXtBovput, otq,

which is monotonically increasing in capital productivity Xt, because Bov is always positive
in our calibrated model. The marginal value of intangibility is reflected by the patent values
of Kogan et al. (2017). Therefore, controlling for the current marginal KPSS patent values,
we use the future marginal KPSS patent values as our proxy for firm-specific production
productivity growth.

For both investment rates and marginal KPSS patent values, we measure them at time
t ` 1 and normalize them by the total capital stock at time t. All independent variables
are dated at t. This timing is consistent with the model. Note that intangibility (and also
process intangibility) is a state variable, while investment is a control variable determined
by the value of the control variables. For example, the firm enters period t with intangibility
ot and chooses the physical investment rate it over the period.

Table 3 Here

Table 3 present the results of our two regression specifications (equations (39) and (40))
when the dependent variables are the KPSS patent values filed over year t ` 1 divided by
the total capital at the end of year t.

Throughout, we examine effect sizes in the same way. First, we calculate the standard
deviations of process intangibility and process intensity. These are 0.2 and 0.29, respectively.
Second, we calculate the effect as the coefficient on the process measure in the regression times
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the standard deviation of this process measure. Third, we assume the dependent variable
starts at its 25th percentile and examine its movement due to one standard deviation increase
in process intangibility (or process intensity). To be explicit, let E be the effect (coefficient
times one standard deviation). Let q25 be the 25th quantile of the dependent variable, and
let F be the empirical CDF of the dependent variable. We identify

pNew “ F
`
q25 ` E

˘
,

where pNew is the implied new percentile of the dependent variable due to one standard
deviation increase of our process measure.

The first two columns of Table 3 present the results for (39). Focusing on column two,
which has our full specification with controls, we find that the associated pNew corresponds
to the 51st percentile. That is, a one-standard deviation increase in process intangibility
leads to an effect size that would be equivalent to a movement from the 25th to the 51st
percentile in marginal KPSS patent values. In order to examine whether the impact from
process and non-process intangibility are significantly different, we turn to the last two
columns of Table 3, which present the results for (40). In this regression specification,
the effect of process intensity is isolated. We see that the coefficient for process intensity is
positive and significant, consistent with the future marginal value of intangibility being higher
for firms with higher process intensity. Our pNew here corresponds to the 32nd percentile.
Thus, changing process intensity itself, holding intangibility fixed, and changing process
intangibility overall both have economically meaningful impact on marginal KPSS patent
values.32

Given that higher process intensity enhances the future marginal value of intangibility, the
capital productivity X grows faster in our model, hence firms are willing to invest more. Our
next two tables document the response of investment rates in both physical and intangible
capital due to higher process intangibility or higher process intensity. Table 4 presents the
results of (39) and (40) where the dependent variables are the physical capital investment
over year t ` 1 divided by the total capital at the end of year t. Table 5 presents the results
for intangible investment.

Table 4 Here
32The effects are persistent: In unreported results, we find qualitatively similar results using 2 and 3

year ahead KPSS patent values. Meanwhile, Table IA.1 shows our KPSS regressions using two different
normalizations: patent values per patent and patent values per unit intangible capital. Our results are
qualitatively the same.
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Table 5 Here

Turning to physical investment rates first, we see that our pNew corresponds to the
54th percentile, when looking at the process intangibility regressions (Table 4, column two).
Likewise, our pNew for intangible investment rates and process intangibility corresponds to
the 34th percentile, a smaller but still meaningful move (Table 5, column two). When we
focus on process intensity, instead of intangibility, we have pNews corresponding to the 28th
percentile for physical investment and the 30th percentile for intangible investment (column
four of each table)33. These effects are smaller. An alternative way to examine effect sizes
for process intensity is to first note that process intensity must be between 0 and 1. So, we
can ask what the movement in percentiles of the dependent variables might be if process
intensity went from 0 to 1 (All intangible capital are non-process focused to fully process
focused). For physical and intangible investment, these effects correspond to moves from the
25th to the 37th and 45th percentiles, respectively.

This subsection has provided evidence consistent with our model mechanism: the associa-
tion between process intangibility/intensity and productivity growth. The strongest evidence
for a distinction between process and non-process intangibles comes from the iB/M regres-
sions (Table 2), which show that process intangibility significantly reduces the valuation
ratio while non-process intangibility increases it. The KPSS patent value regressions also
provide consistent evidence: marginal patent values are higher for process-intensive firms.
Our result also shows that process intangibility is associated with significantly higher physi-
cal and intangible investment rates. Together, these results support a meaningful distinction
between process and non-process intangibles in driving firm growth. In the next subsection,
we turn to the main outcome of our model: the connection between process intangibles and
compensation.

4.2 Compensation

This subsection relates the compensation of executives to the process intangibility/intensity
of the firm. This association arises as an outcome of the agency friction introduced by
process innovation. We consider both the level and composition of executive compensation,
that is, both total and deferred compensation. We document that empirical patterns of
compensation are consistent with the main implications of our model.

33The coefficient on process intensity is not significant in the final intangible investment column, but still
calculate the effect size using the point estimate.
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This subsection breaks the analysis into two parts: the level effect and the slope effect.
The level effect is the claim that higher process intensity is associated with higher compensa-
tion. The slope effect states that the compensation-process intensity association is stronger
when process intensity increases. Meanwhile, the model implies that firms with higher pro-
cess intensity undertake more investment (physical or intangible), when we condition on
the state variables of the model. Hence we expect to see a stronger compensation-process
intensity association among high investment firms. Consequently, we test the slope effect
by two approaches: by examining changes in coefficients across firms with high versus low
process intensity, and across firms with high versus low investment (both physical and in-
tangible) once we control for a proxy of the history of shocks. We call the former approach
direct approach and the latter indirect approach. Both approaches lead to broadly consistent
patterns.

We begin with the level effect. Similarly to the previous section, we estimate two different
specifications—equations (39) and (40). In this subsection, the dependent variable can be
one of three compensation measures. First, we use total executive compensation divided by
total capital. Second, we use deferred compensation of executives divided by total capital.34

Third, we take the ratio of the previous two measures: the fraction of executive compensation
that is deferred. We use these different measures because the agent’s continuation utility in
the model can be interpreted in multiple ways. All compensation measures are t dated. This
is consistent with our model where the agent’s continuation utility is a state variable.35

Tables 6 - 8 display the results. We see that across all specifications of compensation
with either process intangibility or process intensity, the message is consistent: greater use
of process intangibles or higher process intensity is associated with higher compensation for
executives.

Table 6 Here

Table 7 Here

Table 8 Here

First, consider the first two columns of each table, where process and non-process in-
tangibility are the independent variables. Process intangibility has a larger and statistically

34SFAS No. 123R, issued in 2004, required the expensing of stock-based bonuses and deferred compensa-
tion.

35All our empirical results on compensation are similar when different compensation measures are t ` 1
dated.
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significant coefficient in all regressions. Non-process intangibility has a consistently smaller
coefficient and is often not even significant. For a one-standard-deviation change in process
intangibility, we have implied moves from the 25th percentile to the 60th, 64th, and 55th,
for total compensation, deferred compensation, and the fraction of compensation deferred.

Turning to the final two columns of each table, we study the effects of process intensity,
holding total intangibility fixed. Our associated pNews correspond to the 35th, 56th, and 55th
for total compensation, deferred compensation, and the fraction of compensation deferred.
These moves, though generally smaller, are comparable to the process intangibility changes.

Now we turn to the slope effect. The model shows that, conditional on intangibility, the
sensitivity of promised utility to process intensity is convex. The easiest way to understand
this is to refer to Figure 4. Convexity in process intensity means that for a given change
in θ, the gaps between the curves on compensation in Panel (B) increase with the starting
level of θ (see equation (38)). To that end, we split firms into high and low process intensity
groups. Every year, we compute the median process intensity and assign firms to a “high” or
“low” group depending on which side of the median their process intensity falls.36 We test
whether firms in the high process intensity bin have a larger coefficient on process intensity
in our compensation regressions. For this test of the slope regression, we only use process
intensity as our main regressor. That is, we do not estimate a model with process intensity
bins interacted with process intangibility. This latter specification is hard to interpret with
respect to Figure 4, and it is not clear what it captures.

To test the hypothesis of changing slopes, we modify specification (40):

Compensation Measuref,t “β1Process Intensityft ` β2Total Intangibilityft

` β3Process Intensityft ˆ 1(Bin = H)
` βGft ` εf,t`1. (41)

Here, 1(Bin = H) takes the value 1 when the firm’s process intensity is above the annual
median. The controls are as before with the addition of the bin dummy. If β3 ą 0, then we
have evidence in favor of convexity.

Table 9 Here

Table 9 displays the results. The controls are suppressed for brevity and are the same as
in previous regressions with the addition of the bin dummy. We include industry and year

36Since process intensity is bounded between 0 and 1, we also try defining our cutoff using 50% process
intensity. Results are similar.
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fixed effects and cluster standard errors at the firm level. The last row corresponds to β3 in
regression (41). In the first two columns, it is large and highly significant, consistent with
our slope effect. For firms with higher process intensity, further increases in process intensity
are associated with larger changes in the compensation sensitivity to process intensity itself,
compared to firms with low levels of process intensity.37

When the fraction of compensation deferred is the dependent variable, the third column
shows β3 ă 0. This is a mechanical effect. Note that the coefficient of process intensity
in column (3) is positive and significant, indicating a positive association between fraction
of compensation deferred and process intensity. The fraction of compensation deferred is
between 0 and 1 by definition. As it increases and approaches 1, it must turn concave to
avoid exceeding its upper bound.

Our model also implies an indirect test of the slope effect. Conditional on intangibil-
ity and a history of shocks, higher investment rates correspond to higher process intensity
(see the middle two panels of Figure 4). We can therefore form bins based on investment
rates and test whether the compensation–process intensity association is stronger among
high-investment firms. Because high investment can also reflect positive shocks to capital
efficiency, this indirect approach requires controlling for the history of shocks. We pursue
this approach in the Internet Appendix IA.1.1, where Tables IA.3–IA.6 show broadly consis-
tent results: the interaction between investment bins and process intangibility (or intensity)
is strongest for deferred compensation, and the process intangibility interaction effects are
much larger than their non-process counterparts.

This section has shown the connection between compensation and both process intangi-
bility and intensity. We have shown that firms with higher process intensity or intangibility
have higher executive compensation, more deferred compensation, and a greater fraction of
compensation deferred. Moreover, these relationships between process intensity and com-
pensation are stronger for firms with higher process intensity levels. The indirect tests using
investment bins, reported in the Internet Appendix, provide further supporting evidence.
The main empirical results support our model implications on the level and slope effects of
process intensity on compensation.

37Table IA.2 in the Internet Appendix shows results for the slope effect when we use a specification with
a quadratic term of the process intensity instead of process intensity bins. The results are qualitatively the
same.
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5 Policy Implications

In a world obsessed with innovation and growth, the way firms compensate their executives
and skilled labor is of utmost importance. Could compensation restrictions be inadvertently
harming firms by stifling innovation and reducing their value, especially among high in-
tangibility firms?38 Addressing this question is key to promoting sustainable growth and
encouraging innovation in a time when it’s needed most.

Our model implies that firms with high process intensity and high intangibility optimally
compensate their executives more to incentivize their effort. In particular, the agent’s initial
utility U0, which measures the present value of future deferred compensation, increases with
the firm’s process intensity θ and intangibility O{K at time zero. Higher values of U0 mean
the agent is farther from his outside value (normalized to be zero). This helps mitigate agency
frictions in firms with high intangibility and high process intensity, where the effectiveness
of their large stock of process intangibles is lost if the agent shirks or leaves the firm. We
consider a policy experiment where the policy maker restricts executive compensation by
setting an upper bound on the ratio between the agent’s initial utility and the firm’s initial
value.

Figure 6 Here

Figure 6 presents the impact on firm values and investments from this policy. Panel (a)
presents a firm with high process intensity. Without the compensation constraint, the agent’s
initial utility is chosen by the principal to maximize the initial firm value, assuming that
the principal has all the bargaining power. The black solid line in Panel (a.B) of Figure 6
shows that the agent’s initial utility increases with the firm intangibility O{K at time zero.
It reaches 0.8% of firm’s initial value at O{K “ 6. When the compensation constraint is
in place, the principal is subject to the constraint that the agent’s initial utility is less than
an upper bound (chosen as 0.4% in the experiment) of the firm’s initial value. Panel (a.C)
and (a.D) of Figure 6 show that both the physical and intangible investments remain the
same among low intangibility firms, but are depressed significantly among high intangibility
firms. For these high intangibility and process focused firms, restricting the agent’s initial

38There are several compensation restriction policies, such as the “Say on Pay Legislation”, which is
implemented in several countries and gives shareholders a non-binding vote on executive compensation.
Another is the “Pay Ratio Disclosure Rule” in the United States, which requires publicly traded companies
to disclose the CEO’s compensation to the median compensation of its employees. And, finally, the “FASB
Stock Option Expensing” required U.S. firms, starting in 2005, to expense stock options, which led to a
significant decrease in the use of stock options as a form of compensation.
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utility weakens their ability to mitigate the agency friction by choosing a high initial utility.
The constraint, when binding, reduces the distance to the inefficient termination. Hence, the
probability of agent leaving and the firm losing efficient process intangibles is higher, and
hence both the physical and intangible investments are depressed. The depressed investment
reduces the firm’s value, as Panel (a.A) of Figure 6 shows. Restricting the compensation
saves 0.4% of firm’s value from the lower compensation, but reduces 1.75% of firm’s value
at O{K “ 6 from lower investments, harming the welfare for shareholders. Panel (b) of
Figure 6 shows that the impact of compensation restriction is less among firms with medium
process intensity. Our numerical experiments also show that the effect is more pronounced
when the firm’s outside value is less efficient.

This policy experiment shows that restricting compensation for executives and skilled
labor has unintended consequences: it could depress investment and reduce firm value, par-
ticularly among high intangibility firms. Therefore, a blanket industry-wide compensation
constraint is suboptimal. The optimal policy should differentiate sources of high compen-
sation and leave room for firms to incentivize key employees in process innovation. Indeed,
in a world where ire at the exorbitant salaries of CEOs is growing, indiscriminately capping
pay may do more harm than good.

6 Conclusion

We presented and studied a new empirical fact: higher process intangible capital is associated
with higher productivity growth of a firm, greater investment in both physical and intangible
capital, and higher pay for executives. To rationalize this fact, we developed a dynamic
principal-agent model in which process innovations and agent effort jointly drive the firm’s
productivity growth. The model delivers two key channels through which process intensity
affects compensation: a level effect and a slope effect. The level effect states that higher
process intensity increases the firm’s dependence on the agents effort, so the agent must
be further compensated to ensure full effort. The slope effect states that firms with higher
process intensity (or more capital investment) are more sensitive to the agent’s effort in
maintaining the efficacy of their process innovations. This leads to a stronger association
between process innovations and compensation.

We verified these two main effects in the data using measures of executive pay. Our
main specifications showed that a one standard deviation increase in process intangibility is
associated with a hypothetical shift from the 25th to the 56th percentile in total executive
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compensation (relative to total capital). The effects on executive compensation levels are
stronger when level of process intensity is higher or investment rates are high.

We focused on the cross-sectional implications of process-focused innovation in this paper.
However, there is also an intriguing aggregate pattern. Bena, Ortiz-Molina and Simintzi
(2022) document a substantial increase in process patent claims from 1975 to 1997. Executive
equity pay has also increased in recent decades (see, e.g., Edmans, Gabaix and Jenter (2017)).
Meanwhile, aggregate investment has declined by around 3% over the last two decades (see
Gutierrez and Philippon (2017) and Crouzet and Eberly (2018)). We leave a more in-depth
study of how these aggregate patterns fit together to future work.

We have taken the level of process intensity as given. However, even if changing this ratio
is costly, we expect it to be endogenous over the medium to long term. Studying this choice
is left for future work. We have also not considered the asset pricing implications of process
intensity and agency. Adding a stochastic discount factor, as in Kogan and Papanikolaou
(2014), to the model would yield further interesting and testable implications.
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Figure 3: Moment Statistics
This figure compares the compensation, physical investment, and intangible investment for intangibility
quintiles in the data, the calibrated full model, and the calibrated linear model (ψ “ 1). Intangibility
quintiles are formed by O{K. Physical investment is defined as capital expenditures (Compustat item
CAPX) divided by lagged physical capital (PPEGT). The intangible capital investment rate is measured
by R&D expenses (Compustat item XRD) plus 30% of organizational investment (Compustat item SG&A),
then divided by lagged physical capital. Compensation is total compensation (Execucomp item TDC1)
divided by lagged physical capital. The 95%-confidence intervals for empirical moments are also presented.
In the calibrated full and linear models, quintiles of O{K are formed using the stationary distribution of
O{K. The physical investment is the conditional mean of I{K, the intangible investment is the conditional
mean of n O{K, and the compensation is the conditional mean of U{K. The quintiles of O{K for the data
and the calibrated full model are reported in Table IA.10 of Internet Appendix. The process intensity θ is
estimated from the data. In the full sample, the average firm-level process intensity is 0.33 with standard
deviation 0.28; among firms with bottom 30% process intensities, the average process intensity is 0.05 with
standard deviation 0.06; among firms with top 30% process intensities, the average process intensity is 0.67
with standard deviation 0.20. For the calibrated full model, the parameters are listed in Table 1. For the
calibrated linear model, the parameters are ψ “ 1, A “ 0.0055, µ “ 0.51, λ “ 2.75 ˆ 10´3, and the rest
parameters are the same as in Table 1. 48
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Figure 4: Compensation and investments (full model)
This figure presents the policy functions for compensation and investment rates (both physical and intangi-
ble), together with iB/M in the full model with different values of process intensity. These policy functions
are two dimensional. For illustration purpose, we present them at the level of the agent’s initial utility, which
the principal chooses to maximize the firm’s value, i.e., u˚poq “ argmaxtu : vpu, oqu. Three cases with dif-
ferent process intensities are presented in each panel. Panel (A) shows the compensation boundary u, Panel
(B) presents the agent’s initial utility u˚, Panel C and D illustrate the physical investment rate I{K “ i and
the intangible investment rate N{K “ n o, Panel (E) shows the marginal q of intangible investment, and
Panel (F) presents the iB/M ratio XpK ` Oq{V “ p1 ` oq{v. All parameters are listed in Table 1.
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Figure 5: iB/M ratio (untargeted moment)
This figure compares the iB/M ratios in the data and the calibrated full model. Intangibility quintiles are
formed by O{K. iB/M is defined as the ratio between the capital (both physical and intangible) and the
firm’s market value (all at time t). The black solid lines represent the empirical conditional mean of iB/M
ratios for each quintile of O{K and their 95%-confidence intervals. In the model, we calculate the conditional
mean of 1`o

v for each O{K quintile. For each θ, we scale the iB/MmodelpQiq by iB/MdatapQ3q
iB/MmodelpQ3q , i “ 1, . . . , 5.

For the calibrated full model, the parameters are listed in Table 1.
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Figure 6: Constrained Compensation
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(a) High process intensity pθ “ 0.67q
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(b) Medium process intensity pθ “ 0.33q
This figure presents the firm value, the agent’s initial utility at time zero, and the conditional mean of
physical and intangible investments under the stationary distribution when the firm chooses agent’s initial
utility optimally (unconstrained case) and when the firm can only promise agent a compensation package
up to 0.4% of firm’s initial value (constrained case). Contract termination is inefficient. Firm’s outside value
is assumed to be 50% of V T

τ (in (14)) at contract termination. Except θ, all other parameters are listed in
Table 1.
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Table 1: Model Parameters

Symbol Variable Value Reference

A Scale parameter in the
capital productivity growth rate 0.005 Calibrated from data

θ Percentage of intangibles used in
the process innovation 0.33 Estimated from the average

firm-level process intensity

φ Weight of the intangible capital
used in the production 0.45 Calibrated from data

ψ CES parameter in the production 0.59 Calibrated from data
µ Scale parameter in the production 0.6 Calibrated from data

σ Volatility of capital productivity
growth rate 0.404 Estimated from the patent values of

Kogan et al. (2017)
δK Physical capital deprecation rate 0.13 Comparable with Ward (2022)

δO Intangible capital deprecation rate 0.18
Average between the deprecation rates
of R&D capital and knowledge capital
used in empirical analysis

QK
Scale parameter of the
physical investment adjustment cost 12 Comparable with Belo et al. (2022)

QO
Scale parameter of the
intangible investment adjustment cost 13 Calibrated from data

ℓ̂ Benchmark parameter of the
net intangible and physical investment rate 0.02 Calibrated from data

γ Agent impatient parameter 0.07 Comparable with Ward (2022)
λ Agent shirking benefit parameter 2.5 ˆ 10´5 Calibrated from data

µe
full

Mean parameter for the
entry log-normal distribution (full sample) 2 Calibrated from data

µe
ď30%

Mean parameter for the
entry log-normal distribution
(bottom 30% in firm-level process intensity)

1.5 Calibrated from data

µe
ě70%

Mean parameter for the
entry log-normal distribution
(top 30% in firm-level process intensity)

2.5 Calibrated from data

σe Dispersion parameter for the
entry log-normal distribution 1.1 Calibrated from data

r Interest rate 0.06

This table shows the parameters used in our full model. Citations are given for the parameters which are
consistent with the existing literature.
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Table 2: iB/M Ratio and Process vs. Non-Process Intangibility

Dependent variable: iB/M
(1) (2) (3) (4) (5)

Process Intangibility ´0.305 ´0.962˚˚˚

(0.186) (0.227)

Non-Process Intangibility 0.658˚˚˚ 0.454˚˚

(0.196) (0.220)

Process Intensity ´0.430˚˚˚ ´0.407˚˚˚ 0.116
(0.070) (0.075) (0.155)

Total Intangibility 0.740˚˚˚ 0.284˚˚˚ 0.635˚˚˚

(0.100) (0.106) (0.165)

Process Intensity ˆ Total Intangibility ´0.930˚˚˚

(0.249)

Size ´1.048˚˚˚ ´1.912˚˚˚ ´1.957˚˚˚

(0.261) (0.306) (0.308)

Profitability ´0.953˚˚˚ ´1.194˚˚˚ ´1.200˚˚˚

(0.173) (0.123) (0.124)
Industry FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Observations 9,077 7,495 25,576 22,099 22,099
R2 0.149 0.178 0.278 0.281 0.282
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table presents regressions of the intangible-adjusted book-to-market ratio (iB/M) on measures of process
and non-process intangibility. The iB/M ratio is defined as (Book Equity ` Intangible Capital) / Market
Value. In columns (1) and (2), the explanatory variables are process intangibility and non-process intangibil-
ity. In columns (3) and (4), the explanatory variables are process intensity and total intangibility. Column
(5) adds an interaction between process intensity and total intangibility. Controls include size (market cap-
italization relative to industry-year maximum) and profitability (operating income over total capital). All
specifications include industry and year fixed effects. Industry is based on SIC codes. Standard errors are
clustered at the firm level.
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Table 3: Efficiency Growth and Process Intangibles

Dependent variable: KPSS Value (t+1) / Total Capital (t)
(1) (2) (3) (4)

Process Intangibility 0.414˚˚ 0.308˚

(0.176) (0.162)

Non-Process Intangibility 0.395˚ 0.297˚˚˚

(0.212) (0.104)

Size ´0.206 0.078
(0.527) (0.221)

iB/M Ratio ´0.023˚˚˚ ´0.009˚˚˚

(0.007) (0.003)

Profitability 0.304 0.266˚

(0.288) (0.139)

Number Pat. Filed per Total Capital ´0.458 ´0.120
(0.297) (0.238)

Citations per Pat. 0.0003 0.0004
(0.001) (0.0003)

KPSS Value (t) / Total Capital (t-1) 0.843˚˚˚ 0.790˚˚˚

(0.011) (0.038)

Process Intensity 0.098˚˚ 0.035˚

(0.040) (0.021)

Total Intangibility 0.583˚˚˚ 0.234˚˚˚

(0.086) (0.050)
Fixed effects Industry + Year Industry + Year Industry + Year Industry + Year
Observations 7,475 5,994 20,264 17,207
R2 0.029 0.732 0.029 0.708
Adjusted R2 0.023 0.730 0.026 0.707
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between the dollar value of patents filed (KPSS) and process innovation.
The first two columns use process intangibility and non-process intangibility, and the last two columns use
process intensity and total intangibility. The control variables are the book-to-market ratio (iB/M) inclusive
of intangibles, size, profits per capital, the log number of patents filed, the number of citations per patent,
and lagged KPSS. Industry and year fixed effects are also included. Industry is based on SIC codes. Standard
errors are clustered at the firm level.
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Table 4: Physical Investment and Process Intangibles

Dependent variable: Physical Investment (t+1) / Physical Capital (t)
(1) (2) (3) (4)

Process Intangibility 0.301˚˚˚ 0.267˚˚˚

(0.031) (0.035)

Non-Process Intangibility 0.253˚˚˚ 0.262˚˚˚

(0.046) (0.054)

Size 0.038 ´0.033
(0.053) (0.023)

iB/M Ratio ´0.036˚˚˚ ´0.023˚˚˚

(0.005) (0.002)

Profitability 0.065 0.040˚

(0.054) (0.023)

Process Intensity 0.035˚˚˚ 0.019˚˚

(0.013) (0.009)

Total Intangibility 0.272˚˚˚ 0.246˚˚˚

(0.019) (0.015)
Fixed effects Industry + Date Industry + Date Industry + Date Industry + Date
Observations 8,264 6,681 22,566 19,409
R2 0.053 0.059 0.046 0.060
Adjusted R2 0.047 0.052 0.044 0.057
Residual Std. Error 0.403 (df = 8214) 0.387 (df = 6629) 0.343 (df = 22516) 0.292 (df = 19356)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between physical investment rates and process innovation. The first two
columns use process intangibility and non-process intangibility, and the last two columns use process intensity
and total intangibility. The control variables are the book-to-market ratio (iB/M) inclusive of intangibles,
size, and profits per capital. Industry and year fixed effects are also included. Industry is based on SIC
codes. Standard errors are clustered at the firm level.
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Table 5: Intangible Investment and Process Intangibles

Dependent variable: Intangible Investment (t+1) / Intangible Capital (t)
(1) (2) (3) (4)

Process Intangibility 0.055˚˚˚ 0.085˚˚˚

(0.016) (0.021)

Non-Process Intangibility ´0.009 0.014
(0.019) (0.018)

Size 0.072˚˚ 1.329
(0.033) (1.425)

iB/M Ratio ´0.028˚˚˚ ´0.026˚˚˚

(0.002) (0.008)

Profitability 0.062˚˚ 0.239˚˚

(0.028) (0.110)

Process Intensity 0.055˚˚ 0.038
(0.023) (0.035)

Total Intangibility ´0.468 ´0.413
(0.425) (0.442)

Fixed effects Industry + Year Industry + Year Industry + Year Industry + Year
Observations 8,313 6,720 22,729 19,555
R2 0.028 0.141 0.003 0.004
Adjusted R2 0.022 0.134 0.001 0.002
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between intangible investment rates and process innovation. The first
two columns use process intangibility and non-process intangibility, and the last two columns use process
intensity and total intangibility. The control variables are the book-to-market ratio (iB/M) inclusive of
intangibles, size, and profits per capital. Industry and year fixed effects are also included. Industry is based
on SIC codes. Standard errors are clustered at the firm level.
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Table 6: Total Executive Compensation and Process Intangibles

Dependent variable: 100ˆ Total Compensation / Total Capital
(1) (2) (3) (4)

Process Intangibility 2.587˚˚˚ 3.026˚˚˚

(0.443) (0.465)

Non-Process Intangibility 1.642˚˚˚ 2.007˚˚˚

(0.375) (0.363)

Size ´3.235˚˚˚ ´3.210˚˚˚

(0.425) (0.362)

iB/M Ratio ´0.357˚˚˚ ´0.268˚˚˚

(0.116) (0.050)

Profitability 1.531˚˚ 2.524˚˚˚

(0.646) (0.392)

Process Intensity 0.313˚˚˚ 0.435˚˚˚

(0.121) (0.121)

Total Intangibility 2.210˚˚˚ 2.742˚˚˚

(0.171) (0.181)
Fixed effects Industry + Date Industry + Date Industry + Date Industry + Date
Observations 4,521 4,397 11,985 11,761
R2 0.021 0.034 0.036 0.070
Adjusted R2 0.014 0.026 0.034 0.067
Residual Std. Error 5.341 (df = 4488) 5.374 (df = 4361) 3.743 (df = 11951) 3.705 (df = 11724)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between total executive compensation and process innovation. The first
two columns use process intangibility and non-process intangibility, and the last two columns use process
intensity and total intangibility. The control variables are the book-to-market ratio (iB/M) inclusive of
intangibles, size, and profits per capital. Industry and year fixed effects are also included. Industry is based
on SIC codes. Standard errors are clustered at the firm level.
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Table 7: Deferred Executive Compensation and Process Intangibles

Dependent variable: 100ˆ Deferred Compensation / Total Capital
(1) (2) (3) (4)

Process Intangibility 0.799˚˚˚ 0.831˚˚˚

(0.167) (0.181)

Non-Process Intangibility 0.447˚˚˚ 0.497˚˚˚

(0.151) (0.145)

Size ´0.744˚˚˚ ´0.578˚˚˚

(0.139) (0.081)

iB/M Ratio ´0.063˚˚˚ ´0.040˚˚˚

(0.014) (0.009)

Profitability 0.090 0.357˚˚

(0.176) (0.160)

Process Intensity 0.120˚˚˚ 0.143˚˚˚

(0.044) (0.046)

Total Intangibility 0.509˚˚˚ 0.586˚˚˚

(0.059) (0.067)
Fixed effects Industry + Date Industry + Date Industry + Date Industry + Date
Observations 4,521 4,397 11,985 11,761
R2 0.217 0.234 0.196 0.215
Adjusted R2 0.211 0.228 0.194 0.212
Residual Std. Error 0.748 (df = 4488) 0.746 (df = 4361) 0.707 (df = 11951) 0.702 (df = 11724)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between deferred executive compensation and process innovation. The first
two columns use process intangibility and non-process intangibility, and the last two columns use process
intensity and total intangibility. The control variables are the book-to-market ratio (iB/M) inclusive of
intangibles, size, and profits per capital. Industry and year fixed effects are also included. Industry is based
on SIC codes. Standard errors are clustered at the firm level.
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Table 8: Fraction of Executive Compensation Deferred and Process Intangibles

Dependent variable: 100ˆ Deferred Compensation / Total Compensation
(1) (2) (3) (4)

Process Intangibility 16.067˚˚˚ 14.833˚˚˚

(4.035) (4.128)

Non-Process Intangibility 2.707 4.617
(3.602) (3.630)

Size 13.779˚˚ 16.318˚˚˚

(6.135) (3.013)

iB/M Ratio ´1.345˚˚˚ ´0.781˚˚˚

(0.313) (0.191)

Profitability 1.798 ´0.123
(3.942) (1.557)

Process Intensity 4.244˚˚˚ 3.609˚˚˚

(0.979) (0.952)

Total Intangibility 7.236˚˚˚ 7.463˚˚˚

(1.346) (1.376)
Fixed effects Industry + Date Industry + Date Industry + Date Industry + Date
Observations 4,859 4,351 12,636 11,639
R2 0.264 0.483 0.380 0.567
Adjusted R2 0.259 0.479 0.379 0.565
Residual Std. Error 51.997 (df = 4826) 31.011 (df = 4315) 35.392 (df = 12602) 23.972 (df = 11602)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between the fraction of executive compensation deferred and process
innovation. The first two columns use process intangibility and non-process intangibility, and the last two
columns use process intensity and total intangibility. The control variables are the book-to-market ratio
(iB/M) inclusive of intangibles, size, and profits per capital. Industry is based on SIC codes. Standard
errors are clustered at the firm level.
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Table 9: Slope Effect: Process Intensity Bins Interacted with Process Intensity

Dependent variable
Total Comp. Def. Comp. Frac. Def.

(1) (2) (3)
Process Intensity ´0.361 ´0.090 13.160˚˚˚

(0.595) (0.083) (2.822)

(Process Intensity = H) ´0.773˚˚˚ ´0.137˚˚˚ 9.486˚˚˚

(0.152) (0.050) (1.781)

Total Intangibility 2.866˚˚˚ 0.609˚˚˚ 5.927˚˚˚

(0.182) (0.070) (1.391)

Process Intensity ˆ (Process Intensity = H) 1.754˚˚˚ 0.393˚˚˚ ´21.327˚˚˚

(0.668) (0.130) (4.005)
Controls? Yes Yes Yes
Fixed effects Industry + Date Industry + Date Industry + Date
Observations 11,761 11,761 11,639
R2 0.072 0.216 0.569
Adjusted R2 0.069 0.214 0.568
Residual Std. Error 3.703 (df = 11722) 0.702 (df = 11722) 23.901 (df = 11600)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows how the relationship between process intensity and compensation changes for firms with low or high process intensity.
pProcess Intensity “ Hq is an indicator variable equal to one when the firm’s process intensity is above the annual median. Each column
corresponds to a different compensation measure as the dependent variable. The first column uses total compensation over total capital, the
second uses deferred compensation over total capital, and the third uses the fraction of compensation deferred. The timing is the same as in the
previous regressions. The control variables, suppressed for brevity, are the book-to-market ratio (iB/M) inclusive of intangibles, size, profits per
capital, and the investment bin dummy variable. Industry and year fixed effects are also included. Industry is based on SIC codes. Standard
errors are clustered at the firm level.
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Internet Appendix
“Process Intangibles and Agency Conflicts"

This internet appendix provides supplemental materials for the paper. Section IA.1 dis-
plays supplementary tables. Section IA.1.1 presents the indirect test of the slope effect using
investment bins. Section IA.2 provides details of our dataset and variable constructions. Sec-
tion IA.3 presents all proofs for the paper. Section IA.4 examines the first-best benchmark.
Section IA.5 presents several supplemental figures. Section IA.6 provides details of the numer-
ical algorithm and model calibration procedure. Section IA.7 examines an extension where
managerial effort and intangibility are complement in driving capital productivity growth.
Section IA.8 develops an alternative cost-centric model of process innovation. Section IA.9
presents three examples of process-focused patents that enhance operational efficiency or
productivity in firms. Section IA.10 presents a simple one-period model for level and slope
effects, along with its limitations. Section IA.11 shows results using data on posted wages
for skilled labor. Section IA.12 presents some results concerning non-model based variables.

IA.1 Supplemental Tables
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Table IA.1: Different Normalizations for KPSS

Dependent variable
KPSS(t+1) / NumPat(t+1) KPSS(t+1) / IntCap(t)

(1) (2) (3) (4)
Process Intangibility 2.641 0.273

(2.479) (0.241)

Non-Process Intangibility 1.323 0.205
(1.674) (0.178)

Process Intensity 1.794˚˚ 0.110˚

(0.734) (0.062)

Total Intangibility 0.400 0.200˚˚

(1.006) (0.097)

iB/M ´0.500˚˚˚ ´0.333˚˚˚ ´0.041˚˚˚ ´0.020˚˚˚

(0.182) (0.089) (0.010) (0.006)

Profitability 3.625 4.437˚˚ 0.593 0.533˚˚˚

(3.876) (2.027) (0.420) (0.193)

Size ´7.073 12.723 ´0.014 0.511
(10.983) (8.726) (0.681) (0.422)

Number Pat. Filed per Total Capital ´13.536˚˚˚ ´10.230˚˚˚ ´0.339 0.697
(4.446) (3.768) (0.663) (0.697)

Citations per Pat. ´0.016 ´0.007 0.001 0.001
(0.019) (0.011) (0.001) (0.0004)

KPSS(t) / NumPat(t) 0.906˚˚˚ 0.872˚˚˚

(0.019) (0.028)

KPSS(t) / IntCap(t-1) 0.813˚˚˚ 0.705˚˚˚

(0.024) (0.067)
Fixed effects Industry + Year Industry + Year Industry + Year Industry + Year
Observations 5,994 17,207 5,993 17,201
R2 0.816 0.830 0.693 0.651
Adjusted R2 0.814 0.829 0.690 0.650
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between the dollar value of patents filed (KPSS) and process innovation
using different normalizations of KPSS than in the body of the paper. Columns one and two use KPSS
per patent filed. Columns three and four use KPSS per unit of intangible capital in the preceding year.
Columns one and three use process and non-process intangibility as the main covariates, while columns two
and four use process intensity and total intangibility. The control variables are the book-to-market ratio
(iB/M) inclusive of intangibles, size, profits per capital, the log number of patents filed, and the number
of citations per patent. Industry and year fixed effects are also included. Industry is based on SIC codes..
Standard errors are clustered at the firm level.
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Table IA.2: Results using Process Intensity Squared

Dependent variable
Total Comp. Def. Comp. Frac. Def.

(1) (2) (3)
Process Intensity ´1.082˚˚˚ ´0.190˚˚ 22.414˚˚˚

(0.369) (0.095) (3.435)

Process Intensity Squared 1.739˚˚˚ 0.381˚˚˚ ´21.547˚˚˚

(0.436) (0.131) (3.592)

Total Intangibility 2.852˚˚˚ 0.611˚˚˚ 6.087˚˚˚

(0.182) (0.071) (1.390)

iB/M ´0.271˚˚˚ ´0.041˚˚˚ ´0.741˚˚˚

(0.049) (0.009) (0.189)

Profitability 2.495˚˚˚ 0.351˚˚ 0.240
(0.386) (0.158) (1.519)

Size ´3.048˚˚˚ ´0.542˚˚˚ 14.290˚˚˚

(0.356) (0.078) (2.966)
Fixed effects Industry + Date Industry + Date Industry + Date
Observations 11,761 11,761 11,639
R2 0.072 0.216 0.569
Adjusted R2 0.069 0.214 0.568
Residual Std. Error 3.703 (df = 11723) 0.702 (df = 11723) 23.910 (df = 11601)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between total and deferred compensation and process intensity using a quadratic function of process intensity.
Columns one considers total compensation, and column two presents deferred compensation. The final compensation uses the fraction of compen-
sation deferred. The control variables are the book-to-market ratio (iB/M) inclusive of intangibles, size, and profits per capital. Industry and year
fixed effects are also included. Industry is based on SIC codes. Standard errors are clustered at the firm level.
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IA.1.1 Indirect Test of the Slope Effect
Our model implies that, conditional on intangibility and a history of shocks, higher invest-
ment rates correspond to higher process intensity (see the middle two panels of Figure 4).
Therefore, the slope effect implies that we should see a stronger process and compensation
association among high investment firms. To test this, we independently form bins based on
physical and intangible investment rates, defining the annual median as the cutoff.

We estimate both specifications (39) and (40) augmented with bin interactions:

Compensation Measuref,t “β1Process Intangibilityft ` β2Non-Process Intangibilityft

` β3Process Intangibilityft ˆ 1(Bin = H)
` β4Non-Process Intangibilityft ˆ 1(Bin = H)
` βGft ` εf,t`1, (IA.1)

and regression (41) from the main text, with investment bins replacing the process intensity
bins. In both cases, 1(Bin = H) takes the value 1 when the firm’s physical or intangible
investment rate is above the annual median. If β3 ą 0 in (IA.1) and (41), we have evidence
in favor of the slope effect.

High investment can be attributed to either high process intensity or to positive shocks,
which increase the agent’s continuation utility. To control for the latter, we proxy for the
history of shocks using marginal KPSS patent values. According to equation (13), a firm
with a large level of Xt, after controlling for process intangibility, likely has received a
history of good shocks. Since our marginal KPSS patent values proxy for the marginal
value of intangibility, which is proportional to Xt, they serve as a control for the history of
cumulative shocks. Because the KPSS values are themselves driven by process intangibility,
we also residualize them by regressing on three lags of intangibility and process intensity.
We report results using both the raw and residualized controls.

Tables IA.3–IA.6 present the results. The results are broadly consistent with the slope
effect: the interaction between investment bins and process intangibility (or intensity) is
strongest for deferred compensation, and the process intangibility interaction effects are
much larger than their non-process counterparts.
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Table IA.3: Slope Effect: Physical Investment and Process Intangibility

Dependent variable
Total Comp. Def. Comp.

KPSS Resid. KPSS KPSS Resid. KPSS
(1) (2) (3) (4)

Process Intangibility 2.195˚˚˚ 2.137˚˚˚ 0.439˚˚ 0.551˚˚

(0.521) (0.530) (0.195) (0.220)

(Inv. = H) 0.449 0.650˚ ´0.095 ´0.122
(0.356) (0.388) (0.072) (0.081)

Non-Process Intangibility 2.015˚˚˚ 1.932˚˚˚ 0.308˚˚ 0.342˚˚

(0.345) (0.368) (0.128) (0.147)

Process Intangibility ˆ (Inv. = H) 0.742 0.525 0.545˚˚˚ 0.599˚˚˚

(0.697) (0.657) (0.190) (0.231)

Non-Process Intangibility ˆ (Inv. = H) ´0.281 ´0.651 0.265 0.338
(0.595) (0.619) (0.182) (0.232)

Controls? Yes Yes Yes Yes
Fixed effects Industry + Date Industry + Date Industry + Date Industry + Date
Observations 4,014 3,440 4,014 3,440
R2 0.037 0.027 0.250 0.234
Adjusted R2 0.027 0.016 0.243 0.225
Residual Std. Error 5.602 (df = 3974) 5.898 (df = 3400) 0.757 (df = 3974) 0.788 (df = 3400)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows how the relationship between process intangibility and compensation changes as firms undertake more physical investment.
pInv. “ Hq is an indicator variable equal to one when the firm’s physical investment rate is above the annual median and 0 otherwise. Columns
one and two use total compensation over total capital as the dependent variable, while columns three and four used deferred compensation over
total capital. Columns one and three control for past shocks by including KPSS as a control, while columns two and four use the residual from a
regression of KPSS on intangibility (and two lags) and process intensity (and two lags). The timing is the same as in the previous regressions. The
control variables, suppressed for brevity, are the book-to-market ratio (iB/M) inclusive of intangibles, size, profits per capital, and the investment
bin dummy variable. Industry and year fixed effects are also included. Industry is based on SIC codes. Standard errors are clustered at the firm
level.
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Table IA.4: Slope Effect: Intangible Investment and Process Intangibility

Dependent variable
Total Comp. Def. Comp.

KPSS Resid. KPSS KPSS Resid. KPSS
(1) (2) (3) (4)

Process Intangibility 1.951˚˚˚ 1.581˚˚˚ 0.526˚˚˚ 0.538˚˚˚

(0.397) (0.430) (0.150) (0.175)

(Inv. = H) 0.295 0.475 ´0.167˚ ´0.155˚

(0.350) (0.346) (0.085) (0.089)

Non-Process Intangibility 1.876˚˚˚ 1.879˚˚˚ 0.284˚˚˚ 0.332˚˚˚

(0.266) (0.322) (0.101) (0.127)

Process Intangibility ˆ (Inv. = H) 1.494˚˚ 1.548˚˚ 0.545˚˚ 0.677˚˚

(0.721) (0.658) (0.236) (0.278)

Non-Process Intangibility ˆ (Inv. = H) 0.315 ´0.330 0.479˚˚ 0.464˚

(0.726) (0.663) (0.244) (0.281)
Controls? Yes Yes Yes Yes
Fixed effects Industry + Date Industry + Date Industry + Date Industry + Date
Observations 4,034 3,453 4,034 3,453
R2 0.039 0.029 0.253 0.239
Adjusted R2 0.030 0.017 0.246 0.230
Residual Std. Error 5.582 (df = 3994) 5.883 (df = 3413) 0.753 (df = 3994) 0.785 (df = 3413)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows how the relationship between process intangibility and compensation changes as firms undertake more intangible investment.
pInv. “ Hq is an indicator variable equal to one when the firm’s intangible investment rate is above the annual median and 0 otherwise. Columns
one and two use total compensation over total capital as the dependent variable, while columns three and four used deferred compensation over
total capital. Columns one and three control for past shocks by including KPSS as a control, while columns two and four use the residual from a
regression of KPSS on intangibility (and two lags) and process intensity (and two lags). The timing is the same as in the previous regressions. The
control variables, suppressed for brevity, are the book-to-market ratio (iB/M) inclusive of intangibles, size, profits per capital, and the investment
bin dummy variable. Industry and year fixed effects are also included. Industry is based on SIC codes. Standard errors are clustered at the firm
level.
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Table IA.5: Slope Effect: Physical Investment and Process Intensity

Dependent variable
Total Comp. Def. Comp.

KPSS Resid. KPSS KPSS Resid. KPSS
(1) (2) (3) (4)

Process Intensity 0.347˚˚˚ 0.319˚˚ 0.084 0.104
(0.130) (0.129) (0.056) (0.064)

(Inv. = H) 0.344˚˚˚ 0.356˚˚ 0.022 ´0.013
(0.133) (0.151) (0.030) (0.037)

Total Intangibility 2.503˚˚˚ 2.274˚˚˚ 0.557˚˚˚ 0.616˚˚˚

(0.200) (0.209) (0.080) (0.090)

Process Intensity ˆ (Inv. = H) 0.245 0.108 0.171˚˚ 0.244˚˚˚

(0.223) (0.231) (0.068) (0.082)
Controls? Yes Yes Yes Yes
Fixed effects Industry + Date Industry + Date Industry + Date Industry + Date
Observations 10,424 9,260 10,424 9,260
R2 0.069 0.050 0.220 0.213
Adjusted R2 0.065 0.046 0.217 0.209
Residual Std. Error 3.886 (df = 10384) 3.887 (df = 9220) 0.705 (df = 10384) 0.720 (df = 9220)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows how the relationship between process intensity and compensation changes as firms undertake more physical investment. pInv. “ Hq
is an indicator variable equal to one when the firm’s physical investment rate is above the annual median and 0 otherwise. Columns one and two
use total compensation over total capital as the dependent variable, while columns three and four used deferred compensation over total capital.
Columns one and three control for past shocks by including KPSS as a control, while columns two and four use the residual from a regression of
KPSS on intangibility (and two lags) and process intensity (and two lags). The timing is the same as in the previous regressions. The control
variables, suppressed for brevity, are the book-to-market ratio (iB/M) inclusive of intangibles, size, profits per capital, and the investment bin
dummy variable. Industry and year fixed effects are also included. Industry is based on SIC codes. Standard errors are clustered at the firm level.
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Table IA.6: Slope Effect: Intangible Investment and Process Intensity

Dependent variable
Total Comp. Def. Comp.

KPSS Resid. KPSS KPSS Resid. KPSS
(1) (2) (3) (4)

Process Intensity 0.199˚ 0.188˚ 0.068˚ 0.094˚˚

(0.119) (0.113) (0.037) (0.040)

(Inv. = H) 0.419˚˚˚ 0.394˚˚˚ 0.067˚ 0.052
(0.130) (0.141) (0.037) (0.044)

Total Intangibility 2.624˚˚˚ 2.371˚˚˚ 0.576˚˚˚ 0.625˚˚˚

(0.193) (0.199) (0.072) (0.081)

Process Intensity ˆ (Inv. = H) 0.536˚˚ 0.373 0.192˚˚ 0.234˚˚

(0.236) (0.235) (0.082) (0.095)
Controls? Yes Yes Yes Yes
Fixed effects Industry + Date Industry + Date Industry + Date Industry + Date
Observations 10,474 9,301 10,474 9,301
R2 0.071 0.052 0.224 0.217
Adjusted R2 0.068 0.048 0.221 0.213
Residual Std. Error 3.875 (df = 10434) 3.877 (df = 9261) 0.701 (df = 10434) 0.716 (df = 9261)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows how the relationship between process intensity and compensation changes as firms undertake more intangible investment. pInv. “
Hq is an indicator variable equal to one when the firm’s intangible investment rate is above the annual median and 0 otherwise. Columns one
and two use total compensation over total capital as the dependent variable, while columns three and four used deferred compensation over total
capital. Columns one and three control for past shocks by including KPSS as a control, while columns two and four use the residual from a
regression of KPSS on intangibility (and two lags) and process intensity (and two lags). The timing is the same as in the previous regressions. The
control variables, suppressed for brevity, are the book-to-market ratio (iB/M) inclusive of intangibles, size, profits per capital, and the investment
bin dummy variable. Industry and year fixed effects are also included. Industry is based on SIC codes. Standard errors are clustered at the firm
level.
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IA.2 Data
This section describes our data sources and how we construct our final dataset. We discuss
CRSP/Compustat, ExecuComp, and the data from Bena and Simintzi (2025).

IA.2.1 CRSP and Compustat
We begin by describing our data preparation procedure for CRSP/Compustat. These datasets
provide information on firm balance sheet and income statement variables. The key variables
we construct from CRSP/Compustat are the physical investment rate, the intangible invest-
ment rate, and the two capital stocks. We also construct a number of variables commonly
used in the finance literature as controls in our regressions.

We employ a number of standard filters on our data. First, we retain only firms traded
on the AMEX, NASDAQ, or NYSE stock exchanges. Second, following Fama and French
(2015), we drop the first two years a firm appears in the data.39 Third, we drop firms in the
Transportation, Finance, and Public industries. Fourth, we drop micro-cap firms as defined
by Fama and French (2015).40

Following Belo et al. (2017), we define industries using 2-digit SIC codes before 2002 and
NAICS codes thereafter.

We describe the construction of our intangible capital stock and investment variables in
the next subsection. Our main control variables in the regressions are the intangible book-
to-market (iB/M) ratio (intangible capital plus book equity divided by market cap), return
on capital (operating income before depreciation divided by capital stock), and size (market
cap normalized by industry-year max market cap). Physical investment is capex. Intangible
investment is defined below.

IA.2.2 Definition of Intangible Capital
Internally generated intangible capital stocks and their associated investment rates are not
reported on firm balance sheets, so we must construct these variables ourselves. To do so,
we follow Peters and Taylor (2017). First, if any of the following Compustat variables are
NAs, we set their values to 0: xrd (R&D), xsga (Selling, General, and Administrative), rdip
(R&D in progress), and cogs (Cost of Goods Sold). Second, we construct a variable called
SGA.

SGA is defined as follows. If R&D is greater than Selling, General, and Administrative
expenses and R&D is less than Cost of Goods Sold, then we set SGA equal to Selling,
General, and Administrative expenses. Otherwise, we set SGA equal to Selling, General,
and Administrative expenses minus the sum of R&D and R&D in progress.41

39We entirely drop firms that do not have more than two full years of data.
40Micro-caps are defined as firms whose market capitalization is less than that of the 20th percentile NYSE

firm.
41Our results are similar using the Eisfeldt, Kim and Papanikolaou (2020) method of construction. Results
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The third and final part of the Peters and Taylor (2017) method uses the perpetual
inventory method to construct the “Knowledge Capital” (KKnow) and “Organization Capital”
(KOrg) stocks.

KKnow,ft “ p1 ´ δKnowqKKnow,f,t´1 ` R&Dft

CPIt
(IA.2)

KOrg,ft “ p1 ´ δOrgqKOrg,f,t´1 ` p0.3qSGAft

CPIt
(IA.3)

where CPIt is the consumer price index.42 We follow Ewens, Peters and Wang (2025) when
we select δKnow and δOrg. Ewens, Peters and Wang (2025) show that there is heterogeneity
in these parameters across industries.43 We use δKnow “ 0.15 and δOrg “ 0.2.

We define intangible capital as the sum of Knowledge Capital and Organization Capital,
KInt “ KKnow ` KOrg.44 It follows from our definition of intangible capital that we construct
intangible investment as R&Dft ` SGAft.

To build process and non-process intangible capital, we modify the Peters and Taylor
(2017) methodology. First, consider process intangible capital. We follow the above method
by splitting it into knowledge-process intangible capital and organization-process intangible
capital. These are formed as:

KP
Know,ft “ p1 ´ δKnowqKP

Know,f,t´1 ` θft
R&Dft

CPIt
(IA.4)

KP
Org,ft “ p1 ´ δOrgqKP

Org,f,t´1 ` p0.3qθft
SGAft

CPIt
(IA.5)

Note that the only difference here compared to the original Peters and Taylor (2017) formu-
lation is that the flows (R&D and 0.3ˆSG&A) are multiplied by θft, the firm-level process
intensity that year measured as the fraction of the firm’s patent innovations going towards
process improvement. We assume that the same fraction of intangible investment is directed
towards process intangible formation. Finally, we add the two types together:

Process Intangible Capitalft “ KP
Know,ft ` KP

Org,ft.

The method for non-process intangibility is analogous, except that we use 1 ´ θft in the
accumulation equations. The main drawback here is that this method can produce more
missing values. For example, if there are breaks in the data of available process intensity for
a firm, then the process or non-process intangibility will be undefined from the break point
on. Examining other methods of creating these distinct capital stocks is an interesting plan
for future research.
are available upon request.

42The CPI is gathered from the Bureau of Economic Analysis.
43For example, their estimates of δKnow range from 0.18 to 0.31.
44If either KKnow or KOrg is less than 0, we set KInt to zero.
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IA.2.3 Process Claims Data
Our data for process claims comes from the dataset compiled by Bena and Simintzi (2025).45

The authors collect data from the U.S. Patent and Trademark Office (USPTO) up to 2021.
They parse the structured text of each patent to identify the claims section. Patent claims
delineate the scope of the patent in the eyes of the law. To that end, they are important
and precisely written. For example, the outcomes of patent infringement lawsuits frequently
depend on these claims. Within the claims section, the authors classify each claim as either
process- or product-oriented.

Though definitions are subjective, the existing literature (Bena and Simintzi (2025), Gan-
glmair, Robinson and Seeligson (2022)) generally defines process innovations as those that
improve firm productivity or production methods, or reduce costs, while non-process innova-
tions introduce new products. Appendix IA.9 provides several examples of process-focused
patents that enhance a firm’s operational efficiency or productivity.

Within each firm-year, we compute the total number of process claims across all patents
and divide that sum by the total number of claims (process and product combined). This
measure aggregates information from all patents filed by the firm in that year. It is similar to
the measure used by Bena and Simintzi (2025). Note that in the model, process intensity, θ,
is a parameter. Our measure of process intensity in the data is allowed to vary by firm-year.
However, most of the variation in process intensity can be captured by a firm-level fixed
effect.46 Thus, our measure does a good job of sorting firms into distinct, relatively invariant
groups, which is consistent with our theory.

By using patent data to construct the process intensity of the firm, we are assuming
that this patent-level measure is a good proxy for the overall firm-level measure. We use
the patent data because no firm-level measure of process intensity exists. If, for example,
firm-level process intensity, pf , is given by:

pf “ βpp ` e

where β ą 0, pp is the patent-level measure, and e is noise, then we have a classic errors-in-
variables problem on the right-hand side. This does not lead to problems in inference, since
we are interested in cross-firm comparisons.

Throughout, we drop firms with no claims of any kind (i.e., no patents). This is implicit
in our measures of process intensity, which are defined as the number of process claims
divided by total claims.

45We refer the reader to that paper’s Internet Appendix for further details not discussed here.
46Fifty percent of the variation in process intensity is captured by firm fixed effects. Adding a full set of

controls, including industry fixed effects, increases the R2 of the regression by only 8%.
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IA.2.4 Execucomp
We use Execucomp to calculate the compensation of top executives at a firm.47 Our main
measure of compensation from Execucomp is total compensation (data item: TDC1). This
total compensation measure includes salary, bonus, long-term incentive plans, option awards,
and stock awards.

In order to capture a more direct measure of continuation utility (the variable U in the
model), we also look at deferred compensation. FASB Statement NO. 123 (revised 2004),
“... requires a public entity to measure the cost of employee services received in exchange for
an award of equity instruments based on the grant-date fair value of the award.”48 We use
this fair value of equity based compensation (e.g., stocks and options) as a measure of future
promise utility. We also use the fraction of deferred compensation in the total compensation
as another measure of promised utility. This latter measure is our preferred one.

IA.2.5 Summary Statistics
Tables IA.7 and IA.8 display summary statistics. We allocate firms to different portfolios
based on their process focused intangible capital divided by total capital, and compute the
averages of selected variables for each portfolio. Firms are assigned to a portfolio each year.

Table IA.7 shows firm balance sheet and income statement variables. The first column
lists the portfolio, where a higher portfolio number indicates a larger average process in-
tangibility. The second column lists the portfolio’s average process intensity. As expected,
this variable increases with the process intangibility portfolio. Note also that the range of
process intensity is non-trivial. For example, firms in the bottom portfolio are essentially
entirely product-focused. The third column shows intangibility (intangible capital divided by
total capital), which again generally increases with process intangibility. The fourth column
shows the iB/M ratio. This acronym stands for the book-to-market ratio with intangible
capital added to the book equity of the firm (Park (2019), Kazemi (2022)). As discussed in
Section 2, this variable decreases with process intangibility. The fifth column shows return
on capital. Interestingly, return on capital decrease with process intangibility. Given that
highly process-intensive firms are incentivized to invest in capital, we can think of these
firms as plowing back earnings into the firm to build capital for the future, rather than fo-
cusing on current output. We define the investment rates (physical and intangible) relative
to their capital stocks (i.e., physical investment is divided by physical capital and intangible
investment is divided by intangible capital). Column six and seven show that physical and
intangible investment increase with process intangibility.

IA.8 shows compensation and salary variables for the same portfolios. The numbers are
multiplied by 100 so that they can be interpreted as percentages. The second column shows
total executive compensation divided by total capital. The third column shows deferred
compensation divided by total capital. The fourth column shows the fraction of compen-

47Execucomp usually includes the compensation for the top five executives at the firm. Sometimes, the
compensation for the top nine is included.

48Link to statement.
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sation that is deferred. The fifth column shows the ratio of skilled wages to the annual
average skilled wage.49 Broadly, all of our compensation measures are increasing in process
intangibility.

Table IA.7: Summary Statistics by Process Intangibility: Firm Characteristics

Bin Process Intensity Intangibility iB/M Ratio Profit/Cap. Phys. Inv. Int. Inv.
1 0.070 0.505 1.865 0.153 0.119 0.198
2 0.183 0.580 2.097 0.125 0.143 0.197
3 0.291 0.683 1.881 0.120 0.173 0.227
4 0.398 0.744 1.451 0.079 0.189 0.237
5 0.581 0.829 1.271 -0.033 0.202 0.231

Table IA.8: Summary Statistics by Process Intangibility: Compensation

Bin Total Comp. Def. Comp. Frac. Deferred (Relative) Skilled Wage
1 0.692 0.119 20.645 89.069
2 0.656 0.127 23.478 93.108
3 0.931 0.189 25.470 97.853
4 1.140 0.216 28.154 104.126
5 1.615 0.350 27.617 109.951

IA.2.6 Stickiness of Process Intensity
We test the level and slope effect using firm’s process intensity as the main independent
variable (see Equation (40)). Here, we provide some evidence that process intensity is sticky
at the firm-level and does not respond to our proxy of historic shocks. We examine the
following regression:

θft “ β1Intangibilityft ` β2PR
ft ` βGft ` eft,

where Intangibility is our usual total intangibility measure, P R
ft is the residualized marginal

KPSS patent value measure, and Gft contains our usual set of controls (size, iB/M ratio,
profitability). Table IA.9 presents the results. In Column (1), we use industry + date fixed
effects as in all other regressions in the paper. Column (1) shows that our proxy for historic
shocks (KPSS (Resid.)) is not associated with the firm’s process intensity. In Column (2),
we include also a firm fixed effect. In Column (3), we only include the firm fixed effect, not
the industry + date fixed effect. The last two columns indicate that the firm fixed effect
captures almost all variation in process intensity. That is, process intensity is highly sticky
at the firm-level.

49See discussion and definitions in Appendix IA.11.
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Table IA.9: Firm-Level Stickiness of Process Intensity

Dependent variable: Process Intensity
(1) (2) (3)

Total Intangibility 0.108˚˚˚ 0.001 0.017
(0.010) (0.028) (0.027)

Size 0.199˚˚˚ 0.014 0.002
(0.023) (0.037) (0.036)

iB/M Ratio ´0.010˚˚˚ 0.003˚˚ ´0.003˚˚

(0.001) (0.001) (0.001)

Profitability ´0.139˚˚˚ ´0.004 ´0.015
(0.011) (0.014) (0.014)

KPSS (Resid.) 0.001 0.0003 0.0001
(0.001) (0.001) (0.001)

Fixed effects Industry + Year Industry + Year + Firm Firm
Observations 15,603 15,603 15,603
R2 0.104 0.540 0.534
Adjusted R2 0.101 0.481 0.477
Residual Std. Error 0.248 (df = 15549) 0.188 (df = 13841) 0.189 (df = 13883)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between process intensity and firm characteristics, within firms. All
columns use the same regressors: intangibility, iB/M ratio, size, profitability, and KPSS values residualized
with respect to lags of process intensity. The first column uses industry and date fixed effects, the second
uses industry, date, and firm, and the third uses only firm. Industry and year fixed effects are also included.
Industry is based on SIC codes.

The evidence presented above shows that the historic shocks do not drive the main
independent variable θ for our specification (40). As Tables 6-8 in the paper show, the level
effect is still significant for different forms of compensation.

IA.3 Proofs

IA.3.1 Proof of Lemma 3.1

When i˚ ą 0, we obtain from (5) that i˚ “ v´1´o
QKp1`oq . Plugging it into (5), we obtain that v

solves the following equation

fpv; θ, o, sq :“
“
r ` δK ´ Apθo ´ sq

‰
v ´ µp1 ´ φ ` φoq ´ pv´1´oq2

2QKp1`oq “ 0. (IA.6)
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Inequality Bsv ă 0: Taking derivatives with respect to s on both sides of (IA.6), we obtain
0 “ BvfBsv ` Bsf . Therefore,

Bsv “ ´Bsf

Bvf
. (IA.7)

It follows from the definition of f in (IA.6) that

Bsf “Av ą 0, (IA.8)
Bvf “r ` δK ´ Apθo ´ sq ´ i˚ ą 0, (IA.9)

where both inequalities follow from the assumptions. Combining the previous three equa-
tions, we confirm that Bsv ă 0 holds.
Inequality B2

θsv ă 0: It follows from (IA.7) that

B2
θsv “ ´Bθ

´Bsf

Bvf

¯
“ ´A

Bθv
Bvf

` Av
BθpBvfq
pBvfq2 “: I ` II. (IA.10)

For the term I, we differentiate both sides of (IA.6) by θ to obtain that Bθv Bvf ` Bθf “ 0.
Therefore,

Bθv “ ´Bθf
Bvf

. (IA.11)

It follows from (IA.6) that Bθf “ ´Aov ă 0. Plugging the previous inequality and (IA.9)
into (IA.11), we obtain

Bθv ą 0. (IA.12)
Therefore I ă 0. For the term II, differentiating (IA.9) with respect to θ yields

Bθ
`
Bvf

˘
“ ´Ao ´ Bθ

´
v´1´o

QKp1`oq

¯
“ ´Ao ´ 1

QKp1`oqBθv ă 0, (IA.13)

where the inequality follows from (IA.12). Hence II ă 0 and B2
θsv ă 0 is confirmed.

Inequality B3
θθsv ă 0: Differentiating both side of (IA.10) by θ, we obtain

B3
θθsv “ ´A

B2
θv

Bvf
` 2A

Bθv
pBvfq2 BθpBvfq ` Av

pBvfq2 B2
θpBvfq ´ 2Av

pBvfq3
“
BθpBvfq

‰2

“ III ` IV ` V ` VI.
(IA.14)

Let us examine each term separately. For the term III, differentiating both sides of (IA.11)
yields

B2
θv “ Bθ

´voA

Bvf

¯
“ Ao

Bθv
Bvf

´ Aov
Bθ

`
Bvf

˘

pBvfq2 . (IA.15)

On the right-hand side, due to (IA.9) and (IA.12), the first term is positive. Meanwhile, the
second term is negative due to (IA.13). Therefore

B2
θv ą 0 (IA.16)
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and III ă 0. Next, IV ă 0, thanks to (IA.12) and (IA.13). For the term V, differentiating
both sides of (IA.13) by θ, we obtain

B2
θ

`
Bvf

˘
“ ´ 1

QKp1`oqB2
θv ă 0,

where the inequality follows from (IA.16). Hence, V ă 0. Finally, VI is clearly negative,
thanks to (IA.9). Combining all signs of III, IV, V, and VI, we conclude that B3

θθsv ă 0.

IA.3.2 Proof of Lemma 3.2
Consider a probability measure P under which

dXt “ σXtdZt

with a P-Brownian motion Z. Introduce an equivalent probability measure Ps, associated to
the agent’s shirking s, such that Zs, defined via

dZs
t “ dZt ´ Apθo ´ stq

σ
dt,

is a Brownian motion under Ps. Then Xt follows the dynamics (3).
Under P, the agent’s continuation value U in (11) has the semimartingale decomposition

dUt “ dHt ` ϕtdXt, (IA.17)

where ϕ arises from the martingale representation theorem. We will use dynamic program-
ming to determine the finite variation process H. To this end, it follows from (11) and the
dynamic programming that rUt “ e´γtUt `

şt

0 e´γιpBpsιqdι` dCιq is a super-martingale under
Ps for arbitrary shirking s and a martingale under Pe˚ for the optimal shirking s˚. We obtain
from Itô’s formula that

d rUt “ e´γt
!

´ γUtdt ` dHt ` λKtstdt ` dCt ` ϕtA
`
θo ´ st

˘
Xtdt ` ϕtXtσdZs

t

)
.

The drift of rU is nonpositive for an arbitrary effort e and is zero for the optimal effort s˚.
Therefore,

dHt “
`
γUt ´ ϕtAθoXt

˘
dt ´ dCt ´ max

sPr0,ss

!
λKtst ´ ϕtAstXt

)
dt. (IA.18)

The optimal effort s˚
t “ 0 if and only if

ϕt ě λKt

AXt
.

We obtain from (IA.17) and (IA.18) that the dynamics of Ut follows (16).
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IA.3.3 Proof of Proposition 3.1 and 3.2
We will prove Proposition 3.1. The proof of Proposition 3.2 is similar. The only difference
is that the dynamics of o is incroprated into the HJB equation for the firm’s value function
and the incentive compactibility constraint is ϕt ě λpKt`Otq

AXt
.

For Proposition 3.1, when the incentive compatibility constraint ϕt ě λKt
AXt

is satisfied,
Xt follows the dynamics (3) with st “ 0 therein and Ut follows (19). It follows from the
dynamic programming principle that the firm’s value function V , defined in (20), satisfies
the following HJB equation

rV “ max
iě0,ϕěλK{pAXq

!
pi ´ δKqKBKV ` AθoXBXV ` γUBUV

` 1
2X2σ2B2

XXV ` 1
2ϕ

2X2σ2B2
UUV ` ϕX2σ2B2

UXV

` XK
“
µp1 ´ φ ` φoq ´ ip1 ` oq ´ QK

2 i2p1 ` oq
‰)

` max
dCtě0

dCt
dt

`
´ BUV ´ X

˘
.

(IA.19)

Because dCt
dt is nonnegative and unbounded from above, we must have

BUV ě ´X (IA.20)

to ensure the right-hand side of (IA.19) finite. When BUV ą ´X, the optimal dCt must be
zero; only when BUV “ ´X, can the optimal dCt be nonzero. In either cases,

max
dCtě0

dCt

dt
p´BUV ´ Xq “ 0.

Meanwhile, when
B2

UUV ă 0 and ´ B2
UXV

B2
UUV

ď λK

AX
, (IA.21)

the optimal contract sensitivity for

max
ϕěλK{pAXq

!1
2ϕ

2X2σ2B2
UUV ` ϕX2σ2B2

UXV
)

is at the boundary of the constraint ϕ ě λK
AX , i.e., the optimal contract sensitivity is

ϕ˚ “ λK

AX
. (IA.22)
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In this case, (IA.19) is transformed to

rV “ max
iě0

!
pi ´ δKqKBKV ` AθoXBXV ` γUBUV

` 1
2X2σ2B2

XXV ` λ2

2A2 K2σ2B2
UUV ` λ

A
KXσ2B2

UXV

` XK
“
µp1 ´ φ ` φoq ´ ip1 ` oq ´ QK

2 i2p1 ` oq
‰)

.

(IA.23)

Due to the homothetic property in K and X, the firm’s value function V admits the
decomposition

V pKt, Xt, Utq “ KtXtv
`

Ut
Kt

˘
“ KtXtvputq, (IA.24)

where ut “ Ut{Kt. We obtain from calculation

BKV “ X
`
v ´ uBuv

˘
, BXV “ Kv, BUV “ XBuv,

B2
XXV “ 0, B2

UXV “ Buv, B2
UUV “ X

K B2
uuv.

Plugging the previous expressions into (IA.23) and dividing both sides by KX, we obtain
the following equation satisfied by P :

pr ´ Aθoqv “ max
iě0

!
pv ´ uBuvqpi ´ δKq `

`
γu ` λ

A
σ2˘

Buv ` λ2

2A2σ
2B2

uuv

` µp1 ´ φ ` φoq ´ ip1 ` oq ´ QK
2 i2p1 ` oq

)
.

(IA.25)

The first-order condition for i yields the optimal physical investment rate

i “ max
!v ´ uBuv ´ 1 ´ o

QKp1 ` oq , 0
)

. (IA.26)

The condition (IA.21) is transformed to

B2
uuv ă 0 and ´ Buv

B2
uuv

ď λ

A
. (IA.27)

The inequality (IA.20) is transformed to

Buv ě ´1. (IA.28)

The payment boundary is u “ inftu ě 0 : Buvpuq “ ´1u. When ut reaches u, dCt
Kt

ą 0 and
it reflects ut downward away from u.
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IA.4 First best benchmark
To compare with the full model with agency friction, we study in this section the first best
benchmark, where the investment is not subject to agency friction. The firm’s problem is

V pX, K, oq “ max
iě0,ℓ

E
” ż 8

0
e´rtYtdt

ˇ̌
ˇ X0 “ X, K0 “ K, o0 “ o

ı
, (IA.29)

subject to (1), (3), (26), and (27).
The homothetic property in X and K allows us to introduce the following decomposition

of the first best value function:

V pX, K, oq “ XKvpoq. (IA.30)

Proposition IA.1. The function v in (IA.30) satisfies the following HJB equation
`
r ´ Aθo

˘
v “ max

iě0,ℓ

!
vpi ´ δKq ` pℓ ´ δintqoBov

` µp1 ´ φ ` φoψq1{ψ ´ i ´ pℓ ` iqo ´ QK
2 i2 ´ QO

2 pℓ ´ ℓ̂q2o
)

.
(IA.31)

The optimal i˚ is
i˚ “ max

!v ´ 1 ´ o

QK
, 0

)
. (IA.32)

The optimal ℓ˚ satisfies
ℓ˚ “ Bov ´ 1

QO
` ℓ̂. (IA.33)

Figure IA.1 provides the first best solution with the parameters in Table 1. Figure IA.1
shows that the optimal investment (both in physical and intangible capital) are similar when
intangibility is low. However, when intangibility is higher, the agency friction is more severe,
both physical capital and intangible capital investment are depressed compared to their first
best counterparts.

In the first best setting where the agent’s effort is observable, compensation can directly
depend on effort. In that case, if the private shirking benefit represents the agent’s outside
value or the opportunity cost of effort, then the principal can induce full effort (st “ 0) by
offering flow compensation that is equal to the private shirking benefit. Thus, the agent’s
first-best compensation is equal to the expected private shirking benefit that the agent forfeits
(the opportunity cost of effort).

We consider the expected private shirking benefit that the agent forfeits in the first best
case:

P pK0, O0q “ E
” ż 8

0
e´γtλpKt ` Otqs dt

ı
, (IA.34)

where the shirking benefit follows (28) and s is the highest shirking. The right panel of
Figure IA.1 presents the P pK0, O0q{K0 as a function of intangibility. Qualitatively, the
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Figure IA.1: First best optimal investment
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-3 Forfeited shirking benefit

This figure presents the optimal investment in physical and intangible capital, and the expected shirking
benefit that the agent forfeits in the first best benchmark. In comparison, the second best investment rates
are plotted at u˚ which maximizes the principal’s value. The second best expected compensation is
presented in Panel (B) of Figure 4. The process intensity for the left and middle panels is θ “ 0.35. Other
parameters are listed in Table 1.

forfeited private benefit displays both the level effect and the slope effect: conditioning on
the intangibility, the forfeited private benefit increases and is convex in θ. The reason is
the following. Even though the agent’s private shirking benefit in (28) does not depend on
the process intensity θ, firm’s growth in both physical and intangible capital does, because
firms with high process intensity invest more. Growing firm size increases the future shirking
benefit for the agent, implying a higher ex ante expected value. However, comparing the
forfeited private benefit in the first best case with the mean compensation in the second
best case, there are two important differences: (i) Comparison between the right panel of
Figure IA.1 with Panel (B) of Figure 4 shows that the forfeited private benefit is one order
of magnitude smaller than the mean compensation in the second best case. This highlights
the importance of incentive provision in the optimal contract. (ii) Absence of moral hazard
in the first best case implies that the principal can rebate the agent the expected shirking
benefit at time zero. However, the second best optimal contract utilizes back-loaded deferred
compensations. This is consistent with data. Moreover we also show that both the level of
deferred compensation and fraction of compensation deferred increase with firm’s process
intensity. In addition, Figure IA.2 presents the comparative statics of both the compensation
boundary u and the agent’s initial utility u˚ with respect to the agency friction parameter λ
and the agent’s discounting rate γ. Panel (a) of Figure IA.2 shows that both u and u˚ increase
with λ as the agency friction deteriorates. Panel (b) illustrates that the compensation is less
back-loaded as the agent becomes more impatient.

Proof of Proposition IA.1. Given the dynamics in (1), (3), (26), and (27), the first best
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Figure IA.2: Comparative statics on second-best compensation
This figure presents the compensation boundary u˚ and the agent’s initial utility u˚ for different values of
the agency friction parameter λ and the agent’s discounting rate γ. Parameters: θ “ 0.35 and all other
parameters are listed in Table 1.

value function V satisfies the following HJB equation

rV “ max
iě0,ℓ

!
1
2X2σ2B2

XXV ` pi ´ δKqKBKV ` pℓ ´ δintqoBoV ` AθoXBXV

` XK
”
µp1 ´ φ ` φoψq{ψ ´ i ´ pℓ ` iqo ´ QK

2 i2 ´ QO
2 pℓ ´ ℓ̂q2o

ı)
.

(IA.35)

Plugging the decomposition (IA.30) into the previous equation, we obtain the equation
(IA.31) for v. The optimal i˚ and ℓ˚ are obtained from the first-order conditions.
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IA.5 Supplemental Figures
Figure IA.3 presents results for the baseline model when the firm’s intangibility o varies but
process intensity θ is fixed. Although intangible capital also affects firm cash flow directly,
θ and o operate together via θo in determining capital productivity growth. Consequently,
the compensation patterns in Figure IA.3 are qualitatively similar to those in Figure 2.
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Figure IA.3: Compensation and Physical Investment for firms with different intangibility
(baseline model)
This figure presents the compensation, the firm value, the marginal q in physical capital, and the physical in-
vestment rate in the baseline model. In Panel (A), u represents the compensation boundary, u˚ is the agent’s
initial utility which maximizes the firm’s value, i.e., u˚ “ arg maxuvpuq, the blue dashed line represents the
agent’s forfeited private benefit from shirking normalized by physical capital, i.e., P pKq{K. Comparing to
the parameters used for Figure 2, θ “ 0.5, all other parameters are the same as those for Figure 2.

Figure IA.4 presents the investment rates (both physical and intangible) and the iB/M
ratio at the compensation boundary u. All of them display similar patterns as their coun-
terparts in Figure 4.
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Figure IA.4: Investment at compensation boundary (full model)
This figure presents the policy functions for investment rates (both physical and intangible), together with
iB/M in the full model with different values of process intensity. These policy functions are two dimensional.
For illustration purpose, we present them at the compensation boundary u. Three cases with different process
intensities are presented in each panel. Panel A and B illustrate the physical investment rate I{K “ i and
the intangible investment rate N{K “ n o, Panel (C) shows the marginal q of intangible investment, and
Panel (D) presents the iB/M ratio pK ` Oq{V “ p1 ` oq{pvXq, conditioning on X. All parameters are listed
in Table 1.

IA.6 Numeric algorithm and model calibration

IA.6.1 Numeric algorithm
In this section, we describe the numeric procedure to solve the HJB equation (32) and the
Fokker-Planck-Kolmogorov equation (36).

The HJB equation (32) holds and Buv ą ´1 when u ă u, meanwhile Buv “ ´1 when
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u ě u. As a result, v satisfies the following variational inequality:

0 “ max
!

´ pr ´ Aθoqv ` max
iě0,ℓ

!
pv ´ uBuvqpi ´ δKq ` pℓ ´ δintqoBov `

`
γu ` λ

Aσ
2˘

Buv

` λ2

2A2σ
2B2

uuv ` µp1 ´ φ ` φoψq1{ψ ´ i ´ pℓ ` iqo ´ QK
2 i2 ´ QO

2 pℓ ´ ℓ̂q2o
)

,

´ Buv ´ 1
)

. (IA.36)

To solve this variational inequality, we employ the penalty approach to transform it into

0 “ ´ pr ´ Aθoqv ` max
iě0,ℓ

!
pv ´ uBuvqpi ´ δKq ` pℓ ´ δintqoBov `

`
γu ` λ

Aσ
2˘

Buv

` λ2

2A2σ
2B2

uuv ` µp1 ´ φ ` φoψq1{ψ ´ i ´ pℓ ` iqo ´ QK
2 i2 ´ QO

2 pℓ ´ ℓ̂q2o
)

,

´ min
P Pr0,Pmaxs

P
“
Buv ` 1

‰
, (IA.37)

where Pmax is a large positive constant (104 in the implementation). In the previous equation,
when Buv ` 1 ě 0, the optimal P is zero and the penalty term P rBuv ` 1s “ 0, hence the
first two lines in (IA.37) sum to zero; when Buv ` 1 ă 0, the optimal P “ Pmax, leading to a
negative penalty term PmaxrBuv ` 1s, hence the first two lines of (IA.37) sum to be negative,
consistent with the requirement in (IA.36) that the first group of term on the right-hand
side is always nonpositive. After the numeric solution for the previous equation is obtained,
we verify whether the condition (33) holds. This condition is satisfied in all our numerical
experiments.

We choose a domain r0, omaxs ˆ r0, umaxs with sufficiently large omax and umax. Equation
(IA.37) is coupled with the following boundary conditions. When u “ 0, v satisfies

`
r ´ Apθo ´ sq

˘
v “ max

iě0,ℓ

!
vpi ´ δKq ` pℓ ´ δintqoBov

` µp1 ´ φ ` φoψq1{ψ ´ i ´ pℓ ` iqo ´ QK
2 i2 ´ QO

2 pℓ ´ ℓ̂q2o
)

.
(IA.38)

Hence the equation (IA.38) is solved numerically before (IA.37) is solved. When o “ 0, the
CES aggregation function generates a positive drift in the dynamics of o in (26). Therefore,
the boundary condition at o “ 0 is not needed in an upwind numeric scheme. When o “ omax,
we remove the possibility of further increases in o in the numeric scheme. (The resulting
numeric solution implies a negative drift in the dynamics of o in (26) in our experiments.
Therefore the constraint imposed at omax in the numeric scheme is never binding.) When
u “ umax, we impose the Neumann boundary condition

Buvpumax, oq “ ´1.

With the aforementioned boundary conditions, our numerical experiments show that the
function v in a fixed bounded domain is not sensitive to the choice of umax and omax when
they are sufficiently large.
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We apply policy iteration methods to solve (IA.37) (see (Kushner and Dupuis, 2001,
Chapter 5 and 6)).

(i) Start with initial guess i, ℓ, P “ 0.

(ii) For given i, ℓ, and P , solve (IA.37) and the associated boundary conditions with the
fixed i, ℓ, and P using the upwind finite difference scheme in the domain r0, omaxs ˆ
r0, umaxs.

(iii) Using the obtained v and their derivatives Bov and Buv (approximated by finite differ-
ence) to solve the maximization/minimization problem in (IA.37). Update i, ℓ, and P
using the corresponding maximizer/minimizer.

(iv) Go back to Step (ii), until the difference between v and its value in the previous
iteration is less than some small error tolerance ϵ.

The stationary density g satisfies the Fokker-Planck-Kolmogorov equation (36), where
the operator L˚ is the adjoint operator associated to the infinitesimal generator of the state
variable pu, oq and it is defined as

L˚
u,og “ ´Bo

“
pℓ˚ ´ δintqo g

‰
´ Bu

“`
pγ ` δK ´ i˚qu ` λ

Aσ
2˘

g
‰

` λ2

2A2σ
2B2

uug, (IA.39)

where i˚ and ℓ˚ are the policy functions for the optimal investment strategies of (32). The
equation (36) is associated with two boundary conditions: at u “ 0, gp0, oq “ 0 for any
o P r0, omaxs; at u “ u, where u is the compensation boundary, due to the reflection, the
following boundary condition is satisfied by gpu, oq:

´
“
pγ ` δK ´ i˚pu, oqqu ` λ

Aσ
2‰

gpu, oq ` λ2

2A2σ
2Bugpu, oq “ 0, (IA.40)

see e.g. (Gardiner, 1997, Equation (5.2.13)). We use the finite difference scheme in (Achdou
et al., 2022, Section 5.2). To pin down the entry rate m, we use bisection search: when the
integral of the density g on r0, umaxs ˆ r0, omaxs less than 1, m is increased; when the integral
of g is larger than 1, m is decreased. Iterate a bisection search for m until the integral of g
is sufficiently close to 1.

IA.6.2 Model calibration
We first solve the HJB equation (32) and the Fokker-Planck-Kolmogorov equation (36) fol-
lowing the procedure outlined in the previous section. The policy functions for the optimal
physical investment rate i˚ and the optimal intangible investment rate n˚ “ i˚ ` ℓ˚ are ob-
tained as functions of state variables o “ O{K and u “ U{K. The compensation boundary
u is also a function of o.

Integrating the stationary density gpu, oq with respect to u, we obtain the marginal
density of o, denoted by gpoq, and quintiles of the distribution for o, specified by boundary
points oi, i “ 0, . . . , 5, with o0 “ 0 and o5 “ omax. We calculate the conditional mean of
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intangibility, physical investment rate, intangibility investment rate, and compensation as
follows:

pO{Kqi “
ż oi

oi´1

ogpoq do,

pI{Kqi “
ż oi

oi´1

ż upoq

0
i˚pu, oq gpu, oq dudo,

pN{Kqi “
ż oi

oi´1

ż upoq

0
n˚pu, oqo gpu, oq dudo,

pU{Kqi “
ż oi

oi´1

ż upoq

0
u gpu, oq dudo,

for i “ 1, . . . , 5, and the integrals are approximated by sums over grid points. The empirical
counterparts of these conditional moments are denoted by pO{Kqdata

i , pI{Kqdata
i , pN{Kqdata

i ,
and pU{Kqdata

i , respectively.
We use pI{Kqdata

i , pN{Kqdata
i , and pU{Kqdata

i , i “ 1, . . . , 5, in the full sample and two
subsamples with firm-level process intensity in the bottom 30% and top 30% distribution
as target moments. We use these 45 target moments to discipline 13 model parameters
in Table 1. These parameters are determined as follows. In the first stage, we choose
the parameters µe

full, µe
ď30%, µe

ě70%, and σe, and tune the remaining parameters by hand so
that the intangibility quintiles pO{Kqi are consistent with pO{Kqdata

i , i “ 1, . . . , 5, for θ “
0.05, 0.33, 0.67. The statistics for O{K are provided in Table IA.10. In the second stage,
we fix µe

full, µe
ď30%, µe

ě70%, and σe obtained from the first stage, and fine-tune the rest 9
parameters indicated in Table 1 by minimizing the following error:

error “
ÿ

θ“0.05,0.33,0.67
errpI{K, θq ` errpN{K, θq ` errpU{K, θq,

errpmoment, θq “ }momentpθq ´ data momentpθq}2
0.5p}momentpθq}2 ` }data momentpθq}2q ,

where moment P tI{K, N{K, U{Ku and momentpθq “
`
pmomentq1, . . . , pmomentq5

˘
for the

process intensity θ, data moment are the empirical counterparts, and } ¨ }2 represents the
L2-norm.

IA.7 Extension: complementarity between efficiency-
adjusted intangible capital and managerial effort

Instead of the additive relation between efficiency-adjusted intangible capital and managerial
action in (3), we consider an extension where efficiency-adjusted intangible capital and man-
agerial effort are complements in driving the capital productivity growth. More specifically,
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Table IA.10: Intangibility O{K Statistics

Intangible Quintiles

Process Intensity 1 2 3 4 5

Data
Full sample Mean: 0.33, Std: 0.28 0.578 1.298 1.968 3.031 4.049
Bottom 30% Process Intensity Mean: 0.05, Std: 0.06 0.558 1.076 1.441 2.480 3.097
Top 30% Process Intensity Mean: 0.67, Std: 0.20 0.470 1.583 2.477 3.852 5.559

Model
Medium Process Intensity θ “ 0.33 0.894 1.394 1.984 2.767 4.116
Low Process Intensity θ “ 0.05 0.728 1.146 1.630 2.358 3.804
High Process Intensity θ “ 0.67 1.225 1.849 2.490 3.276 4.515

This table presents the intangibility quintiles in both data and the calibrated model. Intangibility quintiles
are formed by O{K. In the calibrated model, quintiles of O{K are formed using the stationary distribution
of O{K. Parameters are listed in Table 1.

we consider the following alternative dynamics for Xt:

dXt “gpθot, 1 ´ stqXtdt ` XtσdZs
t , where (IA.41)

gpθot, 1 ´ stq “A
`
apθotqρ ` p1 ´ aqp1 ´ stqρ

˘1{ρ
,

with a, ρ P r0, 1s. When ρ ă 1, efficiency-adjusted intangible capital, θot, and managerial
effort, 1 ´ st, complement. Here st P r0, 1s measures the magnitude of managerial shirking,
hence 1 ´ st represents the managerial effort.

Similar to the baseline model, we first establish intuition by assuming constant o and s
and examining the firm’s (normalized) value (Equation (6) for the baseline model):

vpθ, o, sq “ µp1 ´ φ ` φoq
r ` δK ´ gpθo, 1 ´ sq . (IA.42)

Calculation shows that

Bsv “µp1 ´ φ ` φoq
pr ´ gq2 Bsg ă 0, (IA.43)

B2
θsv “2µp1 ´ φ ` φoq

pr ´ gq3 BsgBθg ` µp1 ´ φ ` φoq
pr ´ gq2 B2

θsg ă 0, (IA.44)

B3
θθsv “6µp1 ´ φ ` φoq

pr ´ gq4 pBθgq2Bsg ` 4µp1 ´ φ ` φoq
pr ´ gq3 B2

θsgBθg

` 2µp1 ´ φ ` φoq
pr ´ gq3 BsgB2

θθg ` µp1 ´ φ ` φoq
pr ´ gq2 B3

θθsg, (IA.45)

where (IA.43) and (IA.44) follow from Bθg ą 0, Bsg ă 0, and B2
θsg ď 0. The inequality

(IA.44) implies that the level effect still holds. Moreover, the complementarity between
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efficiency-adjusted intangible capital and managerial effort (B2
θp1´sqg “ ´B2

θsg ě 0) increases
the magnitude of the cross derivative B2

θsv, hence strengthening the level effect.
The sign of B3

θθsv in (IA.45) is ambiguous. The first two terms on the right-hand side
of (IA.45) are negative. However, the third term is positive due to Bsg ă 0 and B2

θθg ď 0
(concavity of the CES aggregation function in its arguments). Moreover, the sign of the last
term on the right-hand side of (IA.45) is ambiguous, because the sign of B3

θθsg depends on
parameters. Nevertheless, when the capital productivity growth rate g is high, the first term
on the right-hand side of (IA.45) dominates the other terms, hence B3

θθsv ă 0. Therefore, the
slope effect holds among high-growth firms.

This analysis provides intuition that the level effect is robust when efficiency-adjusted
intangible capital and managerial effort are complements in driving the capital productivity
growth. Moreover, the level effect is expected to be stronger due to the complementarity.
However, the slope effect may depend on model parameters. Nevertheless, we expect that
the slope effect continues to hold among high-growth firms.

To examine this intuition in the optimal contract, we consider the full model of Section
3.2 when the capital productivity follows the dynamics (IA.41). Due to the non-linear
dependence of managerial effort in gpθot, 1 ´ stq, we assume that the private benefits from
shirking is

Bpstq “ λpKt ` Otq
`
gpθot, 1q ´ gpθot, 1 ´ stq

˘
,

where gpθot, 1q ´ gpθot, 1 ´ stq represents the impact of managerial shirking on the capital
productivity growth rate. This choice of private benefit is for tractability reason for the
agent’s problem. With this choice of shirking benefit, the incentive compatibility constraint
is still (29). An analogue of Proposition 3.2 holds.

Figure IA.5 presents a numerical example with strong complementarity between efficiency-
adjusted intangible capital and managerial effort (the shape parameter of the CES function
is ρ “ ´0.2). Panel (B) shows that both the level effect and the slope effect on compensation
hold.

IA.8 A Cost-centric View of Process Innovation
A popular view on process innovation is that it is linked to cost-cutting and changing the
status quo of production, which can be costly or unpleasant for managers to implement.50

Therefore, one may expect that managerial effort is more costly (or, equivalently, shirking
introduces more private benefits) in process-intensive firms, which could also raise compen-
sation among these firms.

Despite the similarity in predictions about the level of compensation, this “cost-centric”
50Bena, Ortiz-Molina and Simintzi (2022) show that firms increase their process innovations to facilitate

the adoption of cost-saving production methods, especially in industries with a large share of labor costs
in total costs. In Internet Appendix IA.12, we show that high process intense firms have lower levels of
employment in cross-section. But the relation between process intensity and employment growth is not
significant.
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Figure IA.5: Complementarity between efficiency-adjusted intangible capital and managerial
effort
This figure presents the policy functions for compensation and investment rates (both physical and intangi-
ble), together with iB/M in the full model with different values of process intensity θ. These policy functions
are two dimensional. For illustration purpose, we present them at the level of the agent’s initial utility, which
the principal chooses to maximize the firm’s value, i.e., u˚poq “ argmaxtu : vpu, oqu. Three cases with dif-
ferent θ are presented in each panel. Panel (A) shows the compensation boundary u, Panel (B) presents
the agent’s initial utility u˚, Panel (C) and (D) illustrate the physical investment rate I{K “ i and the
intangible investment rate N{K “ n o, Panel (E) shows the marginal q of intangible investment, and Panel
(F) presents the iB/M ratio pK ` Oq{V “ p1 ` oq{pvXq, conditioning on X. The CES weight parameter
is a “ 0.5, the CES shape parameter is ρ “ ´0.2, the scale parameter A “ 0.01, the CES parameter in
the production ψ “ 0.6, the scale parameter of the physical investment adjustment cost QK “ 13, all other
parameters are the same as in Table 1.

view of process innovation differs from our “growth-centric” view in two important aspects.
First, the cost-centric mechanism does not predict the slope effect, i.e., the convexity of
compensation in process intensity. Second, the cost-centric mechanism predicts that process-
intensive firms have lower physical investment rates, which contradicts the stylized fact that
process-intensive firms invest more in physical capital.
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Figure IA.6: Compensation and Physical Investment in the Cost-centric Model
This figure presents the compensation, the firm value, the marginal q in physical capital, and the physical
investment rate in an alternative model where the shirking benefit increases with process intensity. All the
parameters are the same as those for Figure 2, except p “ 0.5 and λpθoq “ 1.2 ˆ 10´3 ˆ p1 ` θoq with o “ 1.

To demonstrate these differences, we consider the following alternative formulation for
the firm-specific capital productivity Xt:

dXt

Xt
“ App ´ stqdt ` σdZs

t , (IA.46)

where, in contrast to (3), the expected growth rate of capital productivity is independent of
process intangibility θot. In addition, we assume the private benefit increases with process
intensity:

Bpstq “ λpθotqKtst, (IA.47)
where λp¨q is an increasing function. Taken together, this alternative model represents the
polar opposite of the baseline model, in that process intangibility does not impact the growth
rate of capital productivity, but does increase the shirking benefits. To illustrate the mech-
anism, we follow the baseline model to assume that the firm’s intangibility o is fixed.
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Figure IA.6 presents the result for the alternative cost-centric model. Panel (A) shows
that compensation increases with process intensity θ. This is due to the increasing agency
friction from shirking benefits. Therefore, the level effect still presents in this alternative
model. However, the slope effect (the convexity of compensation in θ) no longer presents.
Moreover, higher agency frictions reduce the firm’s value and the marginal q of physical
capital, leading to a lower physical investment rate among process intense firms; see Panel
(C) and (D) of Figure IA.6. This model implication contradicts the stylized fact of elevated
physical investment among process intense firms.

Comparison between the baseline and the alternative model highlights the impact of
process intensity on capital productivity growth in (3).

IA.9 Examples of process innovation focused patents
This section provides three examples of process innovation-focused patents identified by
Bena and Simintzi (2025). These processes or methods enhance the operational efficiency or
productivity in firms.

U.S. Patent No.: 6609113.
Title: Method and system for processing internet payments using the electronic funds trans-
fer network
Assignee: The Chase Manhattan Bank (J.P. Morgan), New York

“By combining these two trends – direct merchant to consumer distribution from inde-
pendent ‘intrapreneurs’, and the ability to distribute products digitally – a new market place
has emerged for low dollar, high volume, real-time payments with payment surety for both
consumers and producers. [...] On-line merchants are currently facing a variety of problems
including a low volume of on-line purchases relative to the number of site viewers; a high vol-
ume of charge-backs for on-line purchases; non-integrated ‘patchwork’ systems for payment
processing; high fraud rates and high processing fees. [...] Furthermore, to date, there is no
efficient way for consumer to make payments to other consumers using the Internet. [...]”

“The present invention represents a new paradigm for effectuating electronic payments
that leverages existing platforms, conventional payment infrastructures and currently avail-
able web-based technology to enable e-commerce in both the virtual and physical market-
place. The concept provides a safe, sound, and secure method that allows users (consumers)
to shop on Internet, pay bills, and pay anyone virtually anywhere, all without the consumer
having to share account number information with the payee.”

U.S. Patent No. 7720918
Title: System and method for interconnecting media services to an interface for transport
of media assets
Assignee: Disney Enterprises, Inc., Burbank, CA
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“A ‘media asset’ as used herein refers generally to any form of media content, including
video, audio, still images and the like. [...] Organizations that create and distribute media
content typically generate numerous media assets that must be managed. [...] In an effort
to meet these needs, numerous computer-based media management services and systems
have been developed. These services and systems use a variety of protocols and interfaces
to support asset management functions such as creation, distribution, updating, storage and
retrieval of media assets. [...] Integrating these solutions across disparate business units,
however, has proven difficult.”

“Embodiments of the present invention provide systems and methods capable of integrat-
ing media services and applications across an entire organization with multiple disparate
business units.”

U.S. Patent Patent No. 9640784
Title: Deposition apparatus, method of manufacturing organic light emitting display appa-
ratus using the same, and organic light emitting display apparatus manufactured by using
the method.
Assignee: Samsung Display Co., LTD., Gyeonggi-Do (KR)

“Organic light-emitting display devices have wider viewing angles, better contrast char-
acteristics, and faster response speeds than other display devices, and thus have drawn
attention as next-generationg display devices. [...] In a deposition method using a fine
metal mask (‘FMM’), a large FMM has to be used when manufacturing a large organic
light-emitting display device [...] In this case, when such a large mask is used, the mask
may bend due to self-gravity, and this may make it impossible to form an intermediate layer
having a previously set and accurate pattern. Moreover, processes of aligning a substrate
and an FMM to closely contact each other, performing deposition thereon, and separating
the FMM from the substrate are time-consuming, resulting in a long manufacturing time
and low production efficiency.”

“One or more exemplary embodiments of the invention include a deposition apparatus
capable of effectively preventing contamination in a deposition process. One or more ex-
emplary embodiments of the invention include a method of manufacturing an organic light
emitting display apparatus by using the deposition apparatus.”

IA.10 A simple one-period model
In this section we present a simple one-period, two-state moral hazard model to derive
the level and slope effects. The structure is inspired by standard static principal-agent
frameworks adapted to incorporate intangible and physical capital in a minimal way. Finally,
we discuss the limitations and the key elements that the one-period version oversimplifies,
in contrast to our main multi-period continuous-time model.

We consider a simple one-period principal–agent model so that the agent chooses shirking
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effort
s P t 0, 1u,

where
s “ 0 ÝÑ no shirking (full effort), s “ 1 ÝÑ shirking.

We formally show how the level effect (executive compensation increases with process inten-
sity θ) and the slope (convexity) effect (the sensitivity of compensation with respect to θ is
itself increasing in θ) both arise in this simple discrete model.

IA.10.1 Model Setup

IA.10.1.1 Technology and State Variables

Physical and intangible capital. The firm has physical capital K and intangible capi-
tal O. The ratio

o “ O

K

is the intangibility, and θ P r0, 1s denotes the fraction of intangibility that is process oriented.
Hence,

θ o “ θO

K
(process intangibility).

Output and productivity. The firm produces output Y at the end of the period. For
simplicity in this one-period setting, we consider two possible realizations:

Y H “ XH K, Y L “ XL K, with XH ą XL ě 0.

The agent’s effort choice s P t0, 1u affects the distribution of which state occurs. In particular,
we define:51

P
`
Y “ Y H

ˇ̌
s, θ o

˘
“ p

`
s, θ o

˘
, P

`
Y “ Y L

ˇ̌
s, θ o

˘
“ 1 ´ p

`
s, θ o

˘
.

We assume:

• No shirking (s “ 0) leads to higher probability of Y H .

• Shirking (s “ 1) lowers that probability but yields a private benefit for the agent.

Agent’s private benefit from shirking. When the agent shirks (s “ 1), she gains a
private benefit

Bp1q “ λK Afpθq,
51Below, pps, θoq can be interpreted as the probability that high productivity XH obtains, given the agent’s

effort and the firm’s process intangibility.
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for some constants λ ą 0 and A ą 0. We require f 1pθq ą 0 and one further restriction
presented below. If s “ 0 (no shirking), then Bp0q “ 0.52

Interpretation and link to continuous-time model. In the continuous-time model,
managerial effort (or lack thereof) impacts firm-specific productivity Xt, especially when the
firm is more process-intensive (θ o is larger). Translating to a one-period binary-outcome
model, we capture that the gap between high and low output states (or the probabilities of
each) is affected by θ o and by effort s. The higher θ o is, the more the firm’s output depends
on the manager’s process-related effort.

IA.10.1.2 Timing, Contracting, and Incentives

Principal–agent framework. A risk-neutral principal (the firm owner) offers a contract

pwH , wLq ě p0, 0q

to the agent at date 0, specifying a wage/bonus in each output state.53 The agent then
chooses effort s P t0, 1u to maximize her own expected payoff:

p
`
s, θ o

˘
wH ` r1 ´ p

`
s, θ o

˘
s wL

loooooooooooooooooooomoooooooooooooooooooon
expected wage

` Bpsq,

subject to her reservation value normalized to 0 (participation constraint).

Principal’s objective. The principal is also risk-neutral and wants to induce no shirking
(s “ 0). The principal’s expected profit if the agent exerts e “ 0 is

π “ p
`
0, θ o

˘ `
Y H ´ wH

˘
`

“
1 ´ p

`
0, θ o

˘‰ `
Y L ´ wL

˘
.

The incentive compatibility (IC) requirement says the agent prefers s “ 0 over s “ 1:

p
`
0, θ o

˘
wH `

“
1 ´ p

`
0, θ o

˘‰
wL ě p

`
1, θ o

˘
wH `

“
1 ´ p

`
1, θ o

˘‰
wL ` λK Afpθq,

where λK Afpθq “ Bp1q is the agent’s private benefit from shirking.

Simplification (optimal contract structure). It is a classic result in static moral-
hazard problems with limited liability that (i) the agent gets no payment in the low state
(wL “ 0), and (ii) the minimal high-state wage wH that just satisfies IC is optimal. To see

52In the calibrated model, fpθq ” 1, hence the agent’s private benefit from shirking does not depend on the
firm’s process intensity. If we impose that assumption here, we will also have to assume that the likelihood
of XH is decreasing in θ conditional on effort exertion in order to get the level and slope effect. In the data
and the calibrated model, the opposite is true.

53The agent has limited liability, so wH , wL ě 0.
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why, observe that the IC condition can be rearranged as:

p
`
0, θ o

˘
wH ´ p

`
1, θ o

˘
wH `

“
1 ´ pp0, θ oq

‰
wL ´

“
1 ´ pp1, θ oq

‰
wL ě λK Afpθq,

ðñ
“
p
`
0, θ o

˘
´ p

`
1, θ o

˘‰ “
wH ´ wL

‰
ě λK Afpθq.

Because wH , wL ě 0, the cheapest way to satisfy IC is wL “ 0 and

wH ě λK Afpθq
p
`
0, θ o

˘
´ p

`
1, θ o

˘ .

Hence the optimal contract has:

wL,˚ “ 0, wH,˚pθq “ λK Afpθq
p
`
0, θ o

˘
´ p

`
1, θ o

˘ .

We denote
Gpθq :“ p

`
0, θ o

˘
´ p

`
1, θ o

˘
,

which is the difference in the probability of the high-output state under no-shirking versus
shirking. Then

w˚pθq “ wH,˚pθq “ λK Afpθq
Gpθq . (IA.48)

IA.10.2 Level and Slope Effects
We now show that w˚pθq can be (i) increasing in θ (level effect) and (ii) convex in θ (slope
effect) under some conditions on Gpθq.

IA.10.2.1 Level Effect

Proposition IA.1 (Level Effect). Suppose Gpθq ą 0 for all θ, fpθq grows faster than Gpθq
in θ, that is:

f 1pθq
fpθq ą G1pθq

Gpθq .

Then w˚pθq is strictly increasing in θ.

Proof. Recall that
w˚pθq “ λK Afpθq

Gpθq .

Differentiating w.r.t. θ, we get

d

dθ
w˚pθq “ λKA

Gpθq

„
f 1pθq ´ fpθqG1pθq

Gpθq

ȷ
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Under the assumption that fpθq grows faster than Gpθq in θ, we have d
dθ w˚pθq ą 0. Hence,

w˚pθq is strictly increasing in θ. This is the level effect:

θ Ò ùñ w˚pθq Ò .

Remark IA.10.1 (Economic Interpretation). In our setting, G1pθq ą 0, usually. As G
increases, the likelihood of getting a good outcome increases when the agent exerts effort.
Everything else equal, the wage can be lowered since the agent’s chance of achieving it has
gone up. Put differently, the agent’s expected wage must reach a given level, say, c. If the
probability of the good outcome increases, and c is fixed, then the payoff upon getting the good
outcome can be decreased while keeping the expected payoff constant. On the other hand, if
the benefit of shirking, f , is increasing in θ, then that necessarily pushes up the high wage in
order to incentivize effort. As long as this latter effect dominates, the high wage is increasing
in θ.

IA.10.2.2 Slope (Convexity) Effect

Proposition IA.2 (Slope/Convexity Effect). Maintain the same assumptions as in IA.1.
In addition, assume:

f2pθq
f 1pθq ą 2G1pθq

Gpθq .

If Gpθq is concave, then:
rw˚pθqs2 ą 0.

If Gpθq is convex, additionally assume that:

2pG1pθqq2

Gpθq ą G2pθq.

Then, again,
rw˚pθqs2 ą 0.

Proof. Differentiate d
dθw

˚pθq from the previous proposition with respect to θ. Under the
assumptions listed above, this derivative will be positive.

Remark IA.10.2 (Interpretation of Convexity Condition). The inutition is easier in the
G2pθq ă 0 case. There, we require that f2pθq{f 1pθq ą 2G1pθq{Gpθq. The left-hand side is the
growth rate of the growth rate of f . The right-hand side is two times the growth rate of G.
Because G is in the denominator of w˚, it has a hyperbolic effect on the wage, while f has
a linear effect (it is in the numerator). Consequently, to get a convex relationship between
wages and θ we need to compare the second-derivative growth of f to the first-derivative of
G. Condition (A) tells us what relationship is required to maintain convexity.
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IA.10.3 Limitation of the simple model
This one-period, binary-outcome moral-hazard model captures the intuition of how greater
process intensity pθq aggravates the agency friction, giving rise to both the level effect (exec-
utive pay increasing in θ) and the slope or convexity effect (that increase becoming steeper
with θ). However, in contrast to our multi-period continuous-time model, there are key
pieces that the one-period version omits or simplifies away:

1. Dynamic Evolution of State Variables. In the continuous-time model, physical capital
Kt evolves endogenously via an investment decision it, and productivity Xt follows a
stochastic process subject to moral hazard. The one-period model does not feature:

• Time-varying (and optimally chosen) investment in physical capital,
• Depreciation (δK) of physical capital,
• Continuous-time stochastic evolution of productivity (Xt).

Consequently, the dynamic trade-offs between current compensation, investment, and
future productivity are absent. These trade-offs are important for bringing the model
to the data as well as for calibrating the model.

2. Process Intensity Affects Shirking Benefit. We required fpθq in the shirking benefit.
If fpθq ” 1, then following the logic of propositions, we would have had wages that
are decreasing in θ, exactly the opposite of continuous time model and data. In the
calibrated, dynamic model, we do not need to have process intensity appear in the
shirking benefit, and we are still able to generate the level and slope effects. Thus, the
simple model requires our effects to be almost “baked in,” while the dynamic model
does not.

3. Complex Functional Form Requirements. Related to the above point, the simple model
requires complex relationships between fpθq, Gpθq, and their derivatives to hold for
our level and slope effects to exist. In the calibrated model, we generate all effects
using simple linear shirking benefits and a growth rate of X that is linear in θ.

4. Endogenous Contracting. In the continuous-time framework, the principal designs a
dynamic contract that trades off front-loading compensation versus providing ongoing
incentives over an infinite horizon. The continuation utility of the agent (Ut) must be
tracked over time, and the contract can be terminated endogenously. The one-period
model does not capture:

• How the agent’s promised value (Ut) evolves in response to shocks,
• How compensation is deferred or reflected to maintain incentives long-term,
• The threat or cost of inefficient termination if the agents outside option binds.

These are essential for matching proper moments and testing the level and slope effects
with the data.
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5. Intermediate Goods, Output Scaling, and Adjustment Costs. The richer model has
a production function with both physical and intangible capital, plus an adjustment
cost QK

2 i2
t Kt. These elements create a more nuanced investment policy. In the simple

model, we implicitly skip these details by focusing on a single period and two possible
output realizations.

6. Brownian Shocks and Dynamic Moral Hazard. Our continuous-time setting models
productivity Xt as subject to both drift and volatility (σ dZs

t ). Because the agent’s
unobservable effort enters the drift of Xt, moral hazard recurs every instant and is
worsened by higher θ o. By contrast, The one-period approach collapses these issues
into a single (binary) realization of output, thereby omitting:

• Incremental updates to productivity and repeated hidden-action decisions,
• The direct effect of stochastic volatility on the contract (pay–performance sensi-

tivity over time).

7. Richer Relation Between Process Intangibility and Growth. In the continuous-time
model,

dXt “ A
`
θ o ´ st

˘
Xt dt ` σXt dZs

t ,

so θ o (process intangibility) directly amplifies the marginal effect of shirking on growth.
This leads to higher sensitivity of compensation to θ o and a higher slope (convexity)
in the dynamic setting. The one-period model captures this effect more implicitly
by making ppe, θ oq narrower for large θ, but it does not incorporate the idea that
productivity itself accumulates (grows or shrinks) over time.

8. Endogenous Evolution of Intangibility ot. In our full model (beyond the baseline), the
firm may also invest in intangible capital, allowing ot itself to vary over time. That
adds another layer of moral hazard (how much intangible R&D or process improvement
investment to undertake). By contrast, in the one-period version, o is fixed exogenously.

9. Intertemporal Tradeoffs and Limited Liability Over Horizon. In our continuous-time
contract, limited liability constrains the evolution of the agents continuation utility.
When the agent is close to the lower boundary of promised utility, the principal risks
triggering inefficient termination. This intertemporal tension is central in the infinite-
horizon model, whereas the one-period model includes limited liability but only at one
point in time (i.e., wH , wL ě 0).

Therefore, in sum, the single-period reduced form model shows the level and slope effects.
However, it abstracts from the dynamic, stochastic, and investment-driven richness of the
original continuous-time model, including:

• the evolution of capital Kt and productivity Xt,

• the repeated moral-hazard constraints over time,
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• intertemporal contracting features like reflection boundaries and possible contract ter-
mination,

• the possibility that intangibility o itself is endogenously determined.

Those are the major building blocks that the simple one-period model leaves out when
compared to our fully dynamic version.

IA.11 Skilled Labor Results
The theory presented in this paper applies to “agents”: employees whose effort matters
for the implementation of process improvements and who are also able to extract rents.
Managers and executives satisfy those two requirements, but it is plausible that there are
lower-ranking skilled employees who also satisfy the requirements. For example, the engineers
and IT specialists involved in improving firm logistics directly affect the efficacy of process
improvements. If they are sufficiently important, they may also be able to extract rents. In
this Appendix, we show some results that indicate our theory could be applicable to skilled
labor more generally. Due to data limitations, we are unable to fully test our theory. We
leave a richer study of process innovation and skilled compensation to future work.

IA.11.1 Data
Burning Glass Technologies (BGT) is a labor market data firm that collects vacancy and
resume data from the Internet using machine learning techniques. The data set we use
is collected by an “electronic spider” that scrapes job posting sites like Indeed.com and
Monster.com for information about the vacancies posted there.

BGT collects the unstructured data on the websites and arranges them in a database
with standardized variables. This allows cross-firm and intertemporal comparisons. Most
importantly for us, BGT standardizes the set of skills that firms are looking for. For example,
one firm may want to hire someone “proficient at Microsoft Word”. Another firm might
simply state that “the job will require a good deal of writing, so facility with word processors
like Microsoft Word is a must”. BGT would assign “Microsoft Word” as a skill for both firms.
For each job posting, BGT assigns a number of employee skills.54

There are three lists of skills, and the difference between these lists is the level of gran-
ularity. For example, the least granular list has 29 different levels, such as Administration,
Design, Business, and Health Care. We use the middle list (in terms of granularity) that has
677 levels. Examples of skills here include Litigation, Water Testing and Treatment, and
Technical Support.

We classify certain skills as being innovation intensive (II) versus not. We call a job
posting an innovation intensive job (II job) posting if it has one of these skills assigned to

547% of jobs have no assigned skills or skills are assigned to a non-existent job posting. We drop these
cases from the dataset.
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it.55 Our selection of skills for this categorization is subjective. We ask ourselves “What
skills are associated with the creation of new ideas and processes?” Note that this is related
to, but different from, “high skill”. For example, medical doctors are highly skilled and
educated, but we do not consider them to typically be involved in the creation of new ideas.
Consequently, medical doctors are not “innovation” job holders.

Around 5% of all BGT job postings have an associated salary. These are the salaries
the employer is offering for the position. For each firm-year, we compute the average II job
salary. Similarly, we compute the average II job salary within an industry year.

There a few major drawbacks to the BGT data. First, the data only dates to 2010,
shortening our sample. Second, we do not have any information on non-wage compensation.
As we showed in the body of the paper, deferred compensation is strongly positively related
to process intensity. Thus, we are missing an important part of compensation. Third, and
related to the second point, we only see the posted wage. That is, we can look at, roughly, an
average wage for a skilled worker, but we cannot look at the total wage bill or compensation
bill at the firm-level. For example, a firm with 10 skilled workers each being paid $100000
would “appear the same” as a firm with only one skilled worker making $100000.

IA.11.2 Results
We focus on the direct effect, that is, estimating equations (39) and (40). For each firm-year,
we compute the average posted wage or salary for all II jobs, that is, jobs that have one II
skill.56 Since this average wage is not an actual dollar-flow, we cannot normalize by total
capital or some other measure of firm size. Instead, we compute the average II job wage
within an industry year and normalize by that variable. For example, a firm might have a
realtive II wage of 1.1. This would mean that the firm’s average II job wage was 10% larger
than the industry-year average.

Table IA.11 shows the results of our estimation. The first two columns use process/non-
process intangibility, while the second two use process intensity. Columns one and two show
that II job wages (i.e., skilled wages) are strongly correlated with process intangibility. The
non-process intangibility effect is not even significant. In the final two columns, the sign
on the process intensity coefficient is positive but not significant. This seeming discrepancy
may be related to the rather small sample sizes and the approximate nature of the data.
Regardless, there is some evidence that our theories apply to non-managerial skilled workers
as well.

55We require only one skill to be II because it is not true that more non-II skills reduce the innovativeness
of the job, so to speak. For example, one company may want someone who understands artificial intelligence,
while another company wants this same role to also manage people and write reports. The second company’s
posting would have a smaller fraction of skills classified as II, but that role just described is no less innovative.

56Some posting provide a salary range. We choose the midpoint.
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Table IA.11: Skilled Labor Wages and Process Intangibles

Dependent variable: 100 x Skilled Wage / Industry Average Skilled Wage
(1) (2) (3) (4)

Process Intangibility 50.177˚˚˚ 66.112˚˚˚

(16.042) (18.014)

Non-Process Intangibility 28.504 22.927
(17.762) (19.818)

Size 11.087 17.230˚˚

(9.577) (7.940)

iB/M Ratio 6.863˚ 1.413
(3.936) (2.322)

Profitability 3.948 ´8.637
(16.332) (6.591)

Process Intensity 5.773 6.507
(5.662) (5.929)

Total Intangibility 35.676˚˚˚ 35.482˚˚˚

(7.014) (7.491)
Fixed effects Industry + Date Industry + Date Industry + Date Industry + Date
Observations 854 776 1,989 1,853
R2 0.052 0.066 0.019 0.026
Adjusted R2 0.030 0.040 0.006 0.010
Residual Std. Error 56.953 (df = 834) 57.547 (df = 754) 56.060 (df = 1961) 56.276 (df = 1822)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows the relationship between skilled wages relative to the industry-year mean skilled wage and
process intangibles. The first two columns use process intangibility and non-process intangibility, and the
last two columns use process intensity and total intangibility. The control variables are the book-to-market
ratio (iB/M) inclusive of intangibles, size, and profits per capital. Industry and year fixed effects are also
included. Industry is based on SIC codes. Standard errors are clustered at the firm level.
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IA.12 Other Variables
In this subsection, we discuss some alternative mechanisms that we have not explicitly mod-
eled. While we do not claim that we have exhausted all possible channels by which process
innovations affect firms, we wish to provide evidence that our results are not due entirely to
some omitted variables.

Related to the cost-centric view in Internet Appendix IA.8, one might argue that in-
vestments in process innovation may lead firms to substitute away from routine labor. For
example, a delivery firm may use process innovations to improve its logistics and route plan-
ning, allowing it to reduce its fleet of drivers.57 Therefore, managers who implement process
improvements may then be asked fire workers. This and related reorganizations may be
costly to implement for managers, both from an emotional/utility perspective and from the
perspective of time being devoted to adjustment costs instead of other activities. These
higher costs would lead to higher pay for the manager, ceteris paribus.

First, as we have shown in Internet Appendix IA.8, the cost-centric alternative model
cannot generate the slope effect on compensation. Second, if the higher compensation was
used to cover the higher costs for the manager, the executive pay can be implemented by a
large front-loaded pay. This is inconsistent with the higher level of deferred compensation
and the larger proportion of deferred compensation in the total, both represent a larger
incentive provision in the executive compensation. Third, we can directly test whether
process intensity or intangibility can forecast changes in employment (using Compustat
variable EMP). Define:

Employment Growtht`1 “ EMPt`1 ´ EMPt

0.5 pEMPt`1 ` EMPtq

We then estimate:

Employment Growthf,t`1 “ β1Process Intensityft ` β2Total Intangibilityft ` βGft ` εft.

We do not estimate intangibility regressions, because intangibility may forecast growth and
confound the process effects we are after.

The first two columns of Table IA.12 show the results. While the sign on process intensity
is negative, the coefficient is not significant. There seems little evidence to support the story
that managers at process intense firms are asked to do the undesirable job of reducing
employment growth.58 Column two shows that high process intense firms have lower levels
of employment in the cross-section. This is consistent with results in Bena, Ortiz-Molina
and Simintzi (2022). Overall, support for the negative relation between employment growth
and process intensity seems weak. High process firms do seem to be smaller, however, in the
number of employees.

57Bena and Simintzi (2025) show that as offshore labor became cheaper, firms reduced their process
innovation. This suggests a possible substitution channel.

58We see the same qualitative results if looking employment growth two or three years out, as well.
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Our model abstracts from capital structure concerns, but that in reality, firms clearly
have different debt-equity ratios. However, it is not a priori clear that process intensity
should be related to leverage. Papers such as Lim, Macias and Moeller (2020) have shown
that increases in intangible capital are associated with lower leverage, but this does not tell
us about the composition of intangible capital.

To that end, we estimate:

Debtft

Total Capitalft

“ β1Process Intensityft ` β2Total Intangibilityft ` βGft ` εft

We use contemporaneous timing (i.e., t-dated debt-to-capital), but the results are qualita-
tively similar for t ` 1 timing. To measure debt we use total liabilities from Compustat
(code: lt). Once again, we do not estimate an process intangibility regression, because we
expect from Lim, Macias and Moeller (2020) a strong relation to hold between intangibility
and leverage.

The final column of Table IA.12 displays the results. We see that, indeed, there is
no relationship between process intensity and leverage. The effect is coming from total
intangibility, which has a negative and significant coefficient in the regression.59

59Lim, Macias and Moeller (2020) find a positive relationship between debt and intangible capital, but our
measure of intangibility is based on internally generated intangibles while theirs uses purchased intangibles.
Regardless, we do not claim to have done a thorough analysis of the relationship between leverage and total
intangibility.
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Table IA.12: Alternative Channels

Dependent variable
Emp. Gr.(t+1) Log Employment Leverage

(1) (2) (3)
Process Intensity ´0.004 ´0.417˚˚˚ ´0.006

(0.006) (0.077) (0.021)

Total Intangibility 0.113˚˚˚ ´3.704˚˚˚ ´0.410˚˚˚

(0.008) (0.145) (0.043)

iB/M ´0.021˚˚˚ 0.082˚˚˚ 0.004˚˚

(0.001) (0.010) (0.002)

Profitability 0.069˚˚˚ 1.737˚˚˚ 0.639˚˚˚

(0.011) (0.123) (0.086)

Size ´0.034˚˚ 5.963˚˚˚ 0.134
(0.017) (0.647) (0.128)

Fixed effects Industry + Date Industry + Date Industry + Date
Observations 19,414 21,988 22,034
R2 0.071 0.462 0.216
Adjusted R2 0.068 0.461 0.214
Residual Std. Error 0.200 (df = 19361) 1.364 (df = 21934) 0.432 (df = 21980)
Note: ˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

This table shows results from estimating alternative channel regressions concerning process intangibility
(columns one, three, and five) and process intensity (columns two, four, and six). The dependent variables
are t ` 1 employment growth (columns one and two), log employment level (columns three and four), and
leverage (columns five and six). The control variables, suppressed for brevity, are the book-to-market ratio
(iB/M) inclusive of intangibles, size, profits per capital, and the investment bin dummy variable. Industry
and year fixed effects are also included. Industry is based on SIC codes. Standard errors are clustered at
the firm level.
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