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Abstract

We introduce an out-of-sample neural-network-based measure of firm-level operating
leverage, which outperforms existing ones in capturing the elasticity of operating prof-
its to gross profits. Strikingly, our analysis uncovers a non-monotonic—and potentially
negative—relationship between operating leverage and the risk premium. This chal-
lenges conventional wisdom and contradicts explanations that link operating leverage
to the value premium. A production-based asset pricing model incorporating both
variable and fixed costs provides a possible rationale for these empirical findings. Fur-
thermore, our analysis offers a fresh perspective on the idiosyncratic volatility premium
by emphasizing the interplay between the operating hedge effect induced by variable

costs and the operating leverage effect induced by fixed costs.
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1 Introduction

Operating leverage is a fundamental concept in accounting, economics, and finance that
reflects the extent to which a firm relies on fixed costs to generate profits. It is widely
believed that higher operating leverage increases a firm’s risk due to the rigidity of fixed
costs, which, in turn, raises the firm’s expected return. This mechanism has been proposed
as an explanation for the value premium (e.g., Carlson, Fisher, and Giammarino (2004),
Zhang (2005)). The idea is that firms with low productivity tend to have low valuation
ratios (value firms), high operating leverage, and higher risk premiums, leading to a negative
cross-sectional correlation between valuation ratios and risk premiums. However, empirical
support for this mechanism remains limited, largely due to ongoing debate over the proper
measurement of operating leverage.

In this paper, we introduce an out-of-sample neural-network-based firm operating lever-
age measure. Our new operating leverage measure, referred to as OLyy, integrates informa-
tion from key firm characteristics that are widely believed to influence operating leverage and
several existing operating leverage measures. These include a firm’s beta, book-to-market
equity ratio, gross profitability, operating profitability, idiosyncratic volatility, and various
established measures of operating leverage OLxy Novy-Marx (2011) (the sum of COGS and
SG&A divided by total asset AT), OLccrr, Chen, Chen, Li, and Li (2022) (the sum of DP
and SG&A divided by the market value of assets), OLcgkx Chen, Harford, and Kamara
(2019) (SG&A divided by AT), OLp; Ferri and Jones (1979) (PPENT divided by AT), and
a new flow-based operating leverage OLg, (SG&A divided by gross profit), which emerges
from a production-based asset pricing model discussed in Section [l The use of machine
learning enables us to capture the nonlinear relationships between operating leverage and
firm characteristics, as well as their interactions.

Both the neural-network-based (OLyy) and flow-based (OLgy,) measures are positively
correlated with but significantly outperform existing operating leverage measures in the lit-
erature in capturing the cross-sectional heterogeneity of the elasticity of operating profits
to gross profits, thus more truthfully represent the operating leverage effect. Economically,
a one-standard-deviation increase in OLyy and OLgy, increases the elasticity of operating
profits by 1.38 and 0.85, respectively. This leads to an increase in R? from 67.5% under the
assumption of homogeneous elasticity to 73.9% and 71.5%, respectively, when the elastic-
ity varies with our operating leverage measures. In comparison, a one-standard-deviation
increase in the strongest existing operating leverage measure, OLgcr, from Chen, Chen,
Li, and Li (2022), increases gross profit elasticity by 0.72, with the corresponding R? rising

only to 69.1%. Extensive robustness checks suggest that the neural-network-based measure



(OLnN) closely approximates the best possible measure.

Using these two new measures, we empirically examine the relationship between oper-
ating leverage and risk premiums. A one-way quintile portfolio sort based on operating
leverage shows that the average stock excess return initially rises but then declines sharply
as operating leverage increases. The difference in the average excess return between the
lowest and highest operating leverage quintiles (low minus high) is 3.6% per year for the
neural-network-based measure and 4.0% for the flow-based measure. While the market beta
increases with operating leverage, both average returns and CAPM alphas exhibit negative
correlations with operating leverage. These findings contradict the conventional view that
fixed-cost-induced operating leverage should lead to a higher risk premium, as firms with
high operating leverage instead exhibit lower average returns and CAPM alphas.

This finding also challenges the notion that the operating leverage mechanism explains the
value premium. Our empirical findings demonstrate that although the book-to-market equity
ratio exhibits positive correlations with the new operating leverage measures, the relationship
is relatively weak. In cross-sectional regressions, the book-to-market ratio accounts for only
5.5% of the variation in the neural-network-based measure (OLxy) and less than 1% in the
flow-based measure (OLgp,). Moreover, adjusting for operating leverage actually strengthens
the value premium rather than diminishing it, indicating that operating leverage is unlikely
to be its primary driver.

Why doesn’t operating leverage increase the risk premium? While multiple factors may
influence the relationship between operating leverage and expected returns, we highlight
one possible mechanism——the role of variable costs in firm production. Unlike fixed costs,
variable costs tend to be more cyclical than revenues, creating an operating hedge effect that
counteracts the impact of operating leverage. Kogan, Li, and Zhang (2023) further show that
cross-sectional differences in the operating hedge effect contribute to the gross profitability
premium (Novy-Marx (2013)).

To examine how variable costs influence the relationship between fixed-cost-induced op-
erating leverage and risk premium, we develop a static production-based asset pricing model
incorporating three types of production inputs: physical capital (e.g., properties, plants,
and equipment), fixed (inflexible) inputs, and variable inputs. We model these inputs using
a nested constant elasticity of substitution (CES) production function. Following existing
literature, we first nest physical capital and fixed inputs, then combine this aggregate input
with variable inputs, allowing for different substitution elasticities among them. In this set-
ting, firms optimize their fixed and variable inputs to maximize their values, or equivalently,
their operating profits. From the first-order condition of this optimization problem, key ac-

counting variables—such as gross margin (or gross profitability) and a flow-based measure



of operating leverage (OLp,)—mnaturally emerge.

The production-based model demonstrates that the operating leverage effect, induced by
fixed costs on a firm’s risk exposure, depends on the its gross profitability. When gross prof-
itability is high, fixed costs amplify the exposure of operating profits to aggregate profitability
shocks relative to gross profits, creating an operating leverage effect, as conventional wisdom
suggests. However, when gross profitability is sufficiently low, fixed costs strengthen the
operating hedge effect from variable inputs, which further reduces the firm’s risk premium.
We validate this prediction and find a more negative operating leverage premium among
firms with low gross profitability in the data. The model-implied unconditional relationship
between operating leverage and risk premium follows a hump-shaped curve, consistent with
empirical finding.

The model also provides a novel explanation for the idiosyncratic volatility (IVOL) pre-
mium, an anomaly first documented by Ang, Hodrick, Xing, and Zhang (2006). The key idea
is that while the interaction of variable and fixed costs reduces the risk premium of firms
with high operating leverage through the operating hedge effect against aggregate prof-
itability shocks, both types of costs create an operating leverage effect against firm-specific
profitability shocks. As a result, firms with high IVOL tend to have low profitability and
high operating leverage, leading to a low or even negative risk premium due to the operating
hedge effect. Our empirical findings support this explanation. In a factor-spanning test, the
operating leverage factor explains over 40% of the time series variation of IVOL factor re-
turns. Furthermore, controlling for neural-network-based and flow-based operating leverage

factors reduces the IVOL premium by more than 30%, respectively.

Our paper builds on the literature that explores the effects of production costs on asset
pricing. A significant body of work focuses on the role of firms’ fixed costs and the associated
operating leverage effect on risk premiums. For example, Carlson, Fisher, and Giammarino
(2004) and Zhang (2005) illustrate how operating leverage can generate a value premium
within a neoclassical model of firm investments. Novy-Marx (2011) introduces an empirical
measure of operating leverage and documents its positive relationship with cross-sectional
stock returns. More recently, Kogan, Li, and Zhang (2023) emphasize the importance of vari-
able inputs in reducing a firm’s risk premium through an operating hedge effect, contributing
to the gross profitability premium. Our empirical findings, based on newly proposed mea-
sures, challenge conventional wisdom regarding the relationship between operating leverage
and risk premium, particularly in explaining the value premium. Our theoretical investi-
gation highlights that the operating leverage effect can be significantly influenced by the
presence of variable costs. To the best of our knowledge, we are the first to evaluate a broad

range of operating leverage measures and analyze their impact on risk premiums from both



theoretical and empirical perspectives.

A related strand of literature examines the effect of labor costs on stock returns, with
a focus on wage rigidity as a source of operating leverage. For instance, Danthine and
Donaldson (2002) show that wage rigidity can create strong labor leverage, improving the
performance of asset pricing models by better matching aggregate market volatility and the
equity premium. Favilukis and Lin (2015) quantify the effects of wage rigidity and labor
leverage on both the equity and value premiums. Donangelo, Gourio, Kehrig, and Palacios
(2019) find that firms with higher labor shares tend to have higher expected returns than
those with lower labor shares. We find that although labor share increases with our new
measures of operating leverage, it is less effective than our measures in capturing the elasticity
of operating profits.

Finally, our paper contributes to the literature on the idiosyncratic volatility (IVOL)
premium. From a risk perspective, the investment-based model of Kogan and Papaniko-
laou (2013) shows that IVOL increases with growth options in asset composition, leading
to greater exposures of high-IVOL firms to investment-specific technology shocks and lower
expected returns. Barinov and Chabakauri (2023) also examine asset compositions but
attribute the IVOL premium to aggregate volatility risk. From a behavioral standpoint,
Stambaugh, Yu, and Yuan (2015) explain the low returns of high-IVOL firms through ar-
bitrage risk and asymmetry, where investors buy undervalued stocks but are reluctant to
short overvalued ones. Our explanation connects IVOL to economic fundamentals such as
production costs, demonstrating how the fixed-cost-induced operating leverage effect and
the variable-cost-induced operating hedge effect jointly drive the IVOL premium.

The paper is structured as follows. In Section 2, we describe the construction of the
flow-based operating leverage measure and the estimation of neural-network-based operat-
ing leverage measure. We discuss their properties and compare them to measures used in
existing studies. In Section 3, we investigate the relationship between operating leverage and
risk premium and assess the contribution of the operating leverage effect to the value pre-
mium. In Section 4, we present a model of firm production to show how fixed-cost-induced
operating leverage can be influenced by the presence of variable costs. We also test the
model’s implications for risk premiums related to operating leverage, gross profitability, and

idiosyncratic volatility. We conclude in Section 5.

2 Measuring Firm Operating Leverage

In this section, we discuss the construction of a simple flow-based measure (OLgy,), which

naturally emerges from the production-based asset pricing model introduced in Section [4]



and the estimation of a machine-learning-based neural network measure of operating leverage
(OLnn). We examine the properties of these new measures and compare them with existing

measures in the literature.

2.1 Construction of operating leverage measures

We begin with the flow-based measure (OLgy,) due to its simplicity and intuitive appeal.
OLgy, is defined as the ratio of SG&A expenses—a proxy for fixed costs—to gross profit
(GP), i.e., OLpy, = SG&A/GP. This ratio quantifies the proportion of gross profit allocated
to fixed costs. Holding other factors constant, a higher OLgy, implies a greater amplification
effect of fixed costs on firm performance. As shown in Section [d] OLgy, arises naturally from
the first-order condition of a firm’s production optimization.

Several existing measures of operating leverage have been proposed in the literature,
including those by Novy-Marx (2011) (OLxy ), Chen, Chen, Li, and Li (2022) (OL¢crr),
Chen, Hartford, and Kamara (2019) (OLcpnk), and Ferri and Jones (1979) (OLgy). Table
summarizes these measures. Compared to prior approaches, OLpr, has two distinctive
features. First, unlike OLxy, OLgy, differentiates between the cost of goods sold (COGS) and
SG&A expenses. As discussed in Section [4] these cost components exhibit different cyclical
properties, and the effect of operating leverage is more relevant for production costs that are
relatively “sticky”, such as SG&A. Second, OLgy, uses gross profit as the denominator rather
than total assets (book or market value) as in prior measures. This choice aligns with the
production-based model in Section [4] and reflects the notion that operating leverage arises

from fixed costs amplifying cash flow risks.
[Insert Table [1| Here]

Despite its simplicity, OLgy, has limitations. First, it is a static measure and does not
account for a firm’s dynamic trade-offs. Second, the operating leverage effect may depend
not only on the level of fixed costs and gross profit but also on their relative cyclicalities.
Third, the relationship between operating leverage and OLgy, is likely non-linear, with a
stronger effect for firms with high fixed costs relative to gross profit.

To address these shortcomings, we introduce an out-of-sample neural-network-based mea-
sure of operating leverage (OLyy). While OLyy serves as our benchmark estimate, we also
employ alternative machine learning techniques such as Ridge and LASSO regressions as
robustness checks (see Section [3.2).

By definition, operating leverage captures the elasticity of operating profit with respect



to gross profits:
%AOPi7t+1 - OLi,t X %AGPi7t+1, (].)

where OL;; represents firm ¢’s operating leverage at the end of year ¢ and %AOP; 1y
(%AGP; ;11) denotes the growth rate of operating profits (gross profits) in year ¢ 4+ 1. Since
OL;; is unobservable, we estimate it using a neural network trained on firm-level inputs
available at the end of year t. These inputs include five firm characteristics that poten-
tially correlate with operating leverage: stock’s market beta (Beta), idiosyncratic volatility
(IVOL), book-to-market equity ratio (BM), gross profitability (GPA), operating profitabil-
ity (OPE). Table [1] provides the definitions for these characteristics. Intuitively, firms with
lower profitability typically exhibit higher operating leverage and lower valuation ratios.
Furthermore, the operating leverage effect may amplify both systematic and idiosyncratic
risks, measured by Beta and IVOL, respectively. We also include four existing operating
leverage measures——OLny, OLpy, OLcnk, and OLccrr,——along with OL,, , as additional
neural network inputs. We update OLgy,, OLxyv, OLgy, OLcuk, OLccnn, BM, GPA, and
OPE using Compustat Quarterly data, while Beta and IVOL are updated monthly.

Constructing OLyny involves training neural networks in the cross section and making
out-of-sample predictions. Each neural network has an input layer with 10 neurons corre-
sponding to the 10 inputs. These inputs pass through a hidden layer with 32 neurons, each
using a rectified linear unit (ReLU) activation function to capture the nonlinear relationship
between characteristics and the elasticity of operating profits to gross profits. The output
layer consists of two neurons with linear activation functions: one estimates firm-specific
operating leverage, while the other serves as an intercept term, capturing the firm’s expo-
sure to aggregate operating profit growth. To improve stability and prevent overfitting, we
use He initialization for weight normalization, apply [; regularization, and incorporate batch
normalization. The network is optimized using the Adam optimizer.

This procedure introduces two hyperparameters: (1) [ regularization strength, and (2)
learning rate, whose values are selected by minimizing mean validation loss through repeated
five-fold cross-validation (five repetitions). In our benchmark estimation, the learning rate
is chosen from {0.5,0.05,0.02,0.01,0.001}, and the {; penalty from {0.001,0.0001}.

The training sample is annual and consists of firms with fiscal year ending in December
(FYR = 12). Panel A of Figure (1| illustrates the timing of neural network training process.
At the end of March in year ¢ + 1, after the annual reports for year-t have been disclosed,

we train year-t neural network, denoted as NN(t)(-), using a loss function based on mean



squared errors (¢ = NAOP; ; — NN® (Xit—1) X NAGP;;):

N N

2
Lo = %; (Q’,t - %ZQ’,t) ) (2)

=1

where %AOP; ; (WAGP; ;) represents firm i’s growth rate of operating profits (gross profits)
in year ¢, and X;;_; includes most updated inputs available at the end of year ¢ — 1. These
inputs are standardized to have a zero mean and unit standard deviation in the cross section,
with any missing value being imputed with the cross-sectional mean (see, Chen and McCoy
(2024)). After hyperparameters are selected from repeated cross-validations, we re-train the

neural network on the entire training sample of year ¢, denoted as NAN(t)(-).
[Insert Figure |1| Here]

Using the annually estimated neural networks, we construct monthly out-of-sample pre-
dictions of OLyy for all firms, regardless of fiscal year-end, in two steps.

In the first step, for each month between March of year t + 1 and February of year t + 2,
we estimate operating leverage by applying the 10 most recent neural networks—NAN(t)(-),
NAN(t_l)(-), e NAN(t_g)(-)—to the latest firm characteristics at the end of that month.
To prevent data leakage, we normalize these characteristics using the means and standard
deviations from the corresponding training samples. This process yields 10 different estimates
of operating leverage for each firm in that month.

In the second step, to reduce measurement error, we take the average of these 10 estimates
as the final OLyy measure. For example, in Panel B of Figure [I} the predicted OLyy for

September of year ¢ + 1 is estimated as

(t=9)

NN

Xsept+1) + oo + NN (XSep,t+1)
10 ’

OLNN, Sep,t+1 —

where Xgep 41 represents the most updated inputs at the end of September, year ¢ + 1. As
a result, the estimated OLyy begins in December 1978 due to the availability of Compustat
Quarterly data.

2.2 Properties of operating leverage measures

Figure [2| plots the time series of median values of our newly constructed OLyxy and OLgy,
from January 1979 to December 2021. Although our main focus is on the cross section,

the figure shows that these two measures comove with each other and tend to rise following



recessions (grey-shaded areas), which is consistent with the fact that gross profits fall more

than fixed costs during economic downturns.
[Insert Figure [2| Here]

Table 2| presents the summary statistics, including the mean, median, standard deviation,
the 15¢, 25t 75t “and 99" percentiles, and the 12-month autocorrelation (AR12), of the
six operating leverage measures (the neural-network-based, the flow-based, and four exist-
ing) and the five firm characteristics used to construct the neural-network-based operating
leverage measure. Compared to the existing measures, one prominent feature of OLyy and
OLgy, is that they are less persistent. For example, the existing measure with the lowest
autocorrelation is OL¢crr,, whose estimated AR12 coefficient is 0.88. In contrast, the AR12
coefficient is only 0.65 for OLyy and 0.63 for OLgr,. For the other firm characteristics, Table
shows that while market beta, book-to-market ratio, and gross profitability are relatively
persistent, idiosyncratic volatility and operating profitability are much less persistent with
an AR12 coefficient of 0.58 and 0.51, respectively.

[Insert Table [2| Here]

To evaluate how well our new measures capture the operating leverage effect compared
to existing ones, we examine the elasticity of operating profits with respect to gross profits.
Specifically, we estimate panel regressions of firm-level operating profit growth on gross profit
growth, interacting the latter with different operating leverage measures one at a time. To
facilitate comparison, all operating leverage measures are normalized to have unit standard
deviations. The measure with the highest coefficient on the interaction term and the largest
R? best captures the cross-sectional variation in the operating leverage effect.

Specification (1) serves as the benchmark, assuming constant elasticity across all firms.
The results show that, on average, a 1% increase in gross profits is associated with a 5.17% in-
crease in operating profits. The firm-level gross profit growth explains 67.5% of the variation

in operating profit growth.
[Insert Table |3| Here]

Specifications (2)—(7) in Table |3| incorporate different operating leverage measures indi-
vidually. The positive coefficients on OLnyn, OLgr,, OLxy, OLcnk, and OLccr, suggest that
firms with higher values of these measures exhibit greater elasticity of operating profits, con-
firming that these measures capture cross-sectional heterogeneity in the operating leverage

effect. Economically, a one-standard-deviation increase in OLynyn, OLpr,, OLxyv, OLcngk, and
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OLccr, corresponds to increases in operating profit elasticity by 1.38, 0.85, 0.19, 0.52, and
0.72, respectively.

Compared to Specification (1), the neural-network-based measure OLyy and the flow-
based measure OLgy, explain an additional 6.4% (73.9% — 67.5%) and 4% (71.5% — 67.5%) of
the variation in operating profit growth, respectively. By contrast, the maximum additional
explanatory power among existing measures is 1.6% (69.1% — 67.5%), achieved by OL¢cLr-
Interestingly, Specification (5) reveals a negative coefficient on the interaction term involving
OLgj, suggesting that the Ferri and Jones (1979) measure fails to properly capture operating
leverage.

Specifications (8)—(12) conduct head-to-head comparisons between the neural-network-
based measure OLyy and existing measures. The inclusion of OLyy substantially reduces
the coefficients of other measures, which become statistically insignificant when controlling
for OLny, while its own coefficient remains largely unaffected. A similar pattern emerges for
the flow-based measure OLgy, in Specifications (13)—(17), where the coefficients of existing
measures are substantially reduced.

Specification (18) directly compares OLgy, and OLyyn. While their coefficients weaken in
each other’s presence, both remain statistically significant, indicating that these two mea-
sures capture distinct information. Finally, Specification (19) includes all operating leverage
measures in a single regression. The results highlight the superiority of the neural-network-

based measure OLyy in explaining the elasticity of operating profits.

2.3 Determinants of OLny and OLgy,

To better understand the drivers of OLxy and OLgy,, we examine their relationships with
existing operating leverage measures and firm characteristics——including Beta, IVOL, BM,
GPA, and OPE—using Fama-MacBeth regressions. The results are presented in Table [4]

[Insert Table 4| Here]

Panel A of Table 4] reports results where the dependent variable is the neural-network-
based operating leverage measure, OLyxyn. OLgy, is also included as an independent variable.
Specifications (1)-(9), where each independent variable is included separately, show that
OLNy is positively correlated with Beta, IVOL, BM, OLxwy, OLcuak, OLccrr, and OLgy,
while it is negatively correlated with OPE and OLg;. The positive relationship with market
beta and idiosyncratic volatility suggests that operating leverage amplifies risk. The positive
coefficient on BM and negative coefficient on OPE align with the view that firms with low

productivity tend to have higher BM ratios and higher operating leverage. Among existing
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operating leverage measures, all except OLgj are positively correlated with OLyy. The three
strongest determinants of OLyy are OLgpr,, OLccrr, and IVOL, explaining 49.2%, 20.5%,
and 17.7% of its variation, respectively. When all 10 neural network inputs are included in
Specification (11), they collectively explain 65.9% of OLyy, suggesting that the remaining
34.1% is driven by non-linear interactions among these inputs.

Panel B presents results for the flow-based operating leverage measure, OLgy,. The uni-
variate regressions in Specifications (1)-(10) yield qualitatively similar findings to those in
Panel A. The top three determinants of OLgp, are OLcpk, OLccrrn, and OLgjy, with OLcpk
alone explaining over 30% of its variation.

The positive coefficient on gross profitability (GPA) in Specification (4) is initially unex-
pected, as higher profitability is typically associated with lower operating leverage. However,
the result from Table IA1 in the Internet Appendix shows that this positive correlation pri-
marily arises from the cross section, likely due to differences in production technology across
firms. In contrast, the within-firm time-series correlation between GPA and operating lever-
age is strongly negative. Moreover, when all nine independent variables are included in

Specification (10), the coefficient on GPA turns significantly negative.

3 Operating leverage and risk premium

We now examine the relationship between firms’ operating leverage and risk premium. In
Section [3.1) we analyze the average returns of portfolios sorted by operating leverage using
our newly introduced measures. Section explores the robustness of these findings by
considering alternative machine-learning-based measures of operating leverage. In Section
3.3, we assess the predictive power of operating leverage for long-horizon returns. Finally,
Section evaluates the role of operating leverage in explaining the value premium.

Our stock return data come from the Center for Research in Security Prices (CRSP)
database. We include only stocks with a share code (CRSP item SHRCD) of 10 or 11 and
an exchange code (CRSP item EXCHCD) of 1, 2, or 3. Firms in the financial sector (SIC
codes 6000-6999) and utility sector (SIC codes 4950-4999) are excluded. Our benchmark
sample period spans from January 1979 to December 2021.

3.1 Operating leverage sorted portfolios

We now examine the stock return predictability of the newly introduced operating leverage
measures. At the end of each month, firms are sorted into quintiles based on the most recent

values of OLyy or OLgy,, with portfolios rebalanced monthly. The results of portfolio returns
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and asset pricing tests are reported in Table [f]
[Insert Table |5| Here]

Panel A of Table [5| presents the results based on the neural-network-based measure,
OLNN. The relationship between OLyn and average stock returns follows a hump-shaped
pattern rather than a monotonic trend. The average excess return rises from 9.72% per year
for firms with low OLyy to 10.21% in quintile 4, before sharply declining to 6.12% in the
highest quintile. Although the difference in average returns between the high and low OLyxyn
quintiles (H-L) is —3.59% and statistically insignificant, the difference between the top two
quintiles (H-4) is highly significant at —4.09%.

The portfolio market betas from the unconditional CAPM test exhibit a strong positive
correlation with OLyy, indicating that higher fixed costs amplify market exposure. Market
beta increases from 1.05 for low OLyy firms to 1.45 for high OLny firms. This rising pattern
in market beta leads to an even greater abnormal return spread between the high and low
OLNN quintiles (H-L), as well as between the highest and fourth quintiles (H-4). The CAPM
alpha is —7.15% with a t-statistic of —2.83 for the H-L portfolio and —5.76% with a t-statistic
of —2.92 for the H-4 portfolio.

The last four columns present results from the Fama-French three-factor model. The size
factor beta increases with OLyy, suggesting that firms with high OLxy tend to be smaller.
The value factor beta follows a hump-shaped pattern, indicating that the relationship be-
tween value effects and operating leverage may be fragile. This issue is explored further in
Section [3.4]

Panel B of Table 5| reports results using the flow-based operating leverage measure, OLgy,.
The average return pattern across OLgp, quintiles is qualitatively similar, also displaying a
hump shape. The return spread between high and low OLgp, quintiles is —3.97%, while
the spread between the top two OLpp, quintiles is f7.62%E| These findings contrast with
the conventional belief that operating leverage should be positively associated with stock
returns. As we show in Section [d], an alternative mechanism may explain the low returns of

firms with high operating leverage.

3.2 Robustness tests

To test the robustness of our findings on the relationship between operating leverage and risk

premium, we consider various alternative operating leverage measures derived from different

'In Table IA2 of the Internet Appendix, we confirm that the average return pattern of OLpy-sorted
portfolios holds over a longer sample period (July 1963-December 2021) and across two subperiods: July
1963-December 1991 and January 1992-December 2021.
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machine learning specifications and techniques.

Table |§] compares the results across these alternative approaches. Specification (1) repre-
sents our benchmark OLyy. Specifications (2)—(6) introduce modifications to the benchmark
neural network, altering one aspect at a time. Specification (2) expands the range of parame-
ter values for ;. Specification (3) increases the hidden layer size to 64 neurons. Specification
(4) incorporates 63 firm characteristics instead of 10, including the five operating leverage
measures from Table |1 their annually updated counterparts, and 53 of the 212 stock return
predictors from Chen and Zimmermann (2021) with at most 30% missing observations per
year. Specification (5) employs a deeper neural network with three hidden layers (32, 16, and
8 neurons). Specification (6) augments OLyy using a boosting method with second-stage

ridge regressions on the above-mentioned 63 characteristics.
[Insert Table [6] Here]

Specifications (7) and (8) apply Ridge regressions with 10 and 63 characteristics, re-
spectively, while Specifications (9) and (10) use LASSO regressions with the same sets of
characteristics. Specification (11) employs the random Fourier feature method with 12,000
features generated from the 10 characteristics used in OLny. Finally, Specification (12)
defines operating leverage as the average of the measures from Specifications (1), (7)—(11).

Panel A of Table [0] presents results from panel regressions of operating profit growth on
gross profit growth and its interaction with one of the operating leverage measures, following
Specifications (1)—(7) in Table[3] For brevity, we report only the interaction term coefficient,
its ¢-statistic, and the regression R2. The results indicate that all measures perform similarly
in capturing the elasticity of operating profits. The weakest performance is observed in
Specification (4), where 63 characteristics are used in the neural network estimation, yielding
an interaction coefficient of 1.20 and an R? of 72.6%. The strongest measure comes from
Specification (12), which ensembles six other measures, resulting in an interaction coefficient
of 1.54 and an R? of 74.5%. Notably, Ridge and LASSO regressions in Specifications (7)-(10)
produce results comparable to the benchmark measure OLyy, suggesting that nonlinearity
plays a limited role in operating leverage.

Panel B reports the average annualized value-weighted excess returns of quintile portfolios
sorted by these operating leverage measures. Across most specifications, portfolio returns
follow a non-monotonic, hump-shaped pattern. Crucially, firms with high operating leverage
consistently exhibit lower average returns than those with low operating leverage. The
return spread (H-L) ranges from —2.26% in Specification (3) to —8.33% in Specification (10),

confirming that our findings remain robust across alternative machine learning techniques.
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3.3 Operating leverage and return relation at long-horizons

The previous subsections document the stock return predictability of operating leverage over
a one-month horizon. In this subsection, we extend the analysis to longer horizons to assess
the persistence and economic significance of this relationship. This investigation is important
for two reasons. First, it helps determine whether the absence of a strong positive operating
leverage premium is a robust and economically meaningful phenomenon. As discussed in
Van Binsbergen and Opp (2019), if a characteristic’s return predictability is short-lived, its
impact on investment decisions and firm value may be limited.

Second, we examine whether the low average returns of high operating leverage firms are
driven by short-lived characteristics that exhibit strong return predictability. For instance,
Table || identifies idiosyncratic volatility (IVOL) as a key determinant of operating lever-
age. Prior research (e.g., Rachwalski and Wen (2016)) suggests that the IVOL premium is
substantial but short-lived, typically lasting only a few months. This raises the question of
whether the observed negative correlation between operating leverage and average returns
is primarily driven by IVOL.

The top panels of Figure |3| plot the average returns of quintile portfolios sorted by lagged
operating leverage (OLyy on the left and OLpp, on the right) for horizons ranging from 1 to
36 months. Across all horizons, we find no strong relationship between operating leverage
and average stock returns. For most lags, returns exhibit a hump-shaped pattern, peaking

in the fourth quintile.
[Insert Figure 3| Here]

The bottom panels of Figure |3 depict the return spread between high and low operating
leverage quintiles as a function of the lag length, along with the 2.5%-97.5% confidence
interval. Although the return spread turns positive after approximately one year, it remains
statistically insignificant. Furthermore, the premium dissipates as the lag extends to 30
months.

In summary, our long-horizon analysis reinforces the persistent lack of a strong operating
leverage premium. Meanwhile, the hump-shaped relationship between operating leverage
and average returns appears to be a robust feature, even over extended horizons. In Section

[, we explore a potential explanation based on firms’ production cost structures.

3.4 Operating leverage and value premium

In this subsection, we explicitly assess the contribution of operating leverage to the value

premium. As we discussed in the introduction, the operating leverage mechanism is one of
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the most popular explanations for the value premium in the literature. If operating leverage
were the primary mechanism driving the value premium, we would expect the value premium
to be weakened by the control of operating leverage.

Panel A of Table[7| presents results for quintile portfolios sorted by book-to-market equity
ratio (BM). Over the sample period from January 1979 to December 2021, the unconditional
value premium is 2.55% per year, with a t-statistic of 0.98. While value stocks tend to have
higher OLyy than growth stocks, the relationship between BM and OLgy, across BM quintiles

is weak. Additionally, value firms tend to be smaller and exhibit lower gross profitability.
[Insert Table [7| Here]

Panels B and C of Table[7] examine the value premium conditional on operating leverage.
Firms are first sorted into 3-by-5 portfolios based on operating leverage (OL) and then BM,
and we report the returns and characteristics of BM quintiles averaged across OL terciles.
Conditional on operating leverage, the cross-sectional dispersion in BM remains largely un-
changed, yet the value premium becomes stronger than its unconditional counterpart from
Panel A. Specifically, the value premium increases to 4.22% per year (t-statistic = 1.52)
when conditioned on OLyy and to 5.19% per year (t-statistic = 1.88) when conditioned
on OLpp,—representing increases of 65% and 104%, respectively, relative to the uncondi-
tional value premium. These results suggest that operating leverage is unlikely to be the
primary driver of the value premium, challenging existing explanations that attribute the
value premium to operating leverageE]

In an untabulated analysis, we explore the relationship between labor leverage and our
operating leverage measuresE] Donangelo, Gourio, Kehrig, and Palacios (2019) document
that firms with a high labor share exhibit greater sensitivity of operating profits to eco-
nomic shocks, leading to higher expected returns—a pattern consistent with labor-induced
operating leverage. Following their methodology, we construct the firm-level extended labor
share (ELS). Our analysis reveals that while ELS is strongly correlated with OLyy and OLgy,
(with correlation coefficients of 0.45 and 0.51, respectively), it is less effective in capturing
the elasticity of operating profits. Specifically, a one-standard-deviation increase in ELS is
associated with a 0.58 increase in the elasticity of operating profits, compared to 1.38 for
OLxy and 0.85 for OLpy, (Table [3). Consequently, the positive ELS premium aligns with
the left (low operating leverage) region of the hump-shaped relationship between operating

leverage and the risk premium documented in Table [5]

2In Table IA3 of the Internet Appendix, we show that these conclusions also hold for OLgy, over a longer
sample period (July 1963 to December 2021). In this extended sample, the unconditional value premium is
stronger at 3.74% per year (t-statistic = 1.71), and controlling for OLpy, further amplifies the value premium
to 6.04% per year (t-statistic = 2.67).

3The results are available upon request.
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4 Firm Production and Operating Leverage

In the previous section, we documented a negative correlation between operating leverage
and average stock returns in the cross section, challenging the conventional understanding
of the operating leverage effect. In this section, we explore a potential economic mechanism
that could help explain this result. Specifically, we examine the role of variable costs and
their impact on the relationship between operating leverage and risk premium.

Standard asset pricing studies on operating leverage focus primarily on fixed costs. How-
ever, as highlighted by Kogan, Li, and Zhang (2023), variable costs tend to be more cyclical
than revenues, creating an operating hedge effect that contributes to the gross profitability
premium. Using data from the NBER-CES Manufacturing Industry Database, we find that
the elasticity of aggregate variable costs—measured by the total cost of materials, energy,
and production workers’ wages—with respect to aggregate revenue—measured by the total
shipped value—is significantly greater than one (1.17). In contrast, the elasticity of aggre-
gate fixed costs—measured by office workers’ wages—is considerably lower than one (0.34)
(see Panel A, Table . As a result, the variable-cost-induced operating hedge dampens the
cyclicality of gross profits relative to revenues (0.68, statistically significant and below one),
whereas fixed-cost-induced operating leverage amplifies the cyclicality of operating profits

relative to gross profits (1.16).
[Insert Table [§ Here]

To explore how the interaction between fixed and variable costs affects a firm’s risk pre-
mium, we develop a static, production-based asset pricing model. Before delving into the
details of the model, it’s important to note that our approach abstracts from dynamic fea-
tures, such as capital accumulation and asset composition, which have been shown to have
significant implications for asset pricing, as demonstrated in studies by Kogan and Papaniko-
laou (2013) and Kogan and Papanikolaou (2014). For example, Kogan and Papanikolaou
(2013) show that low-profitability firms derive less value from assets in place and more from
growth options, resulting in lower risk premiums—a finding that aligns with the empirical
profitability premium. In contrast, models based on the operating leverage effect predict
the opposite. Our static model, however, reveals that even when considering only assets in
place, the relationships predicted by traditional models that focus exclusively on fixed costs

and operating leverage may not hold.
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4.1 The model

The economy comprises numerous profit-maximizing firms. Each firm produces its output
(Y) using three inputs: physical capital (K), fixed inputs (A), and variable inputs (M).
We assume a constant elasticity of substitution (CES) production function. Following the
literature on production functions with multiple inputs, we adopt a nested specification by
first combining physical capital (K) and fixed inputs (A) to obtain integrated inputs (V)
with a constant elasticity of substitution p between K and A. We then combine integrated
inputs (V) and variable inputs (M) with a constant elasticity of substitution 61 Specifically,

a firm’s output Y is given by

Y = ((ZM)T + { [(UA)LPI + (XK)’T]P'”}T) o , (3)

where U and Z represent idiosyncratic productivity for fixed and variable inputs, respec-
tively, and X signifies capital-augmenting aggregate productivityﬂ Let V denote the firm’s
integrated inputs, which combine physical capital K and fixed inputs A, that is,

P

V= [(UA)L;I + (XK)%] o (4)

Firm’s output Y can then be expressed as

_0

1160-1

v = [(ZM)F + V] (5)
Firms in our economy own physical capital, which is fixed, and their objective is to
maximize operating profits (OP) by choosing variable inputs (M) and fixed inputs (A),

taking input prices as given:
OP = maxGP — PyA = maxY — Py M — P,A, (6)
M,A M,A

where G P is gross profit, and P,; and P, are the prices of variable and fixed inputs, respec-
tively.
From the derivation detailed in the appendix, we arrive at the following two results. First,

the effect of variable costs can be observed from the difference in the exposure of gross profits

4This structure has been widely validated as a good approximation of firm production behavior in several
studies, including Carlstrom and Fuerst (2006), Bodenstein, Erceg, and Guerrieri (2011), and Kemfert (1998).

SFollowing Kogan, Li, and Zhang (2023), we model aggregate profitability X as multiplying the capital
stock K to ensure that the optimal level of inputs is procyclical with respect to aggregate profitability.
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and outputs to the aggregate profitability shock. Denoting pM = ag?fg?

of variable input price with respect to aggregate profitability X, and GM =1 — M as the

as the cyclicality

gross margin, we have the following proposition.

PROPOSITION 1. With the production technology described above, the difference in the
exposure of gross profits and outputs to the aggregate profitability shock, i.e., the effect of

variable costs on the risk exposure, is given by

dlogGP  dlogY

- 1-GM
dlogX OlogX '

el (7)

(6 —-1)

Proof: See the Appendix.

Proposition [1|suggests that when 6 < 1 and p}* > 0, a condition empirically confirmed by
Kogan, Li, and Zhang (2023), variable costs consistently reduce the firm’s systematic risk.
In other words, the operating hedge effect exists regardless of whether we model fixed inputs
in the production function. Furthermore, the strength of the operating hedge decreases with
the gross margin, implying that more profitable firms are associated with a lower operating
hedge effect. This finding aligns with the explanation for the gross profitability premium
provided by Kogan, Li, and Zhang (2023).

The second result is new and represents the effect of fixed costs on risk premium, which

can be observed from the difference between the exposures of operating profits and gross

A — Olog Py
1 — OlogX
__ PjA

input price with respect to aggregate profitability X, and OL = “25 as the ratio of fixed

costs to gross profit, we have the following proposition regarding the effect of fixed costs.

profits to the aggregate profitability shock. Denoting p

as the cyclicality of fixed

PROPOSITION 2. With the production technology described above, the difference in the
exposure of operating profits and gross profits to the aggregate profitability shock, i.e., the

effect of fized costs on the risk exposure, is given by

dlogOP  dlogGP OL vooay P
— =(1-— — — :
g X dlogX i—or | —n) ~ Gy (®)

Proof: See the Appendix.

Proposition [2] demonstrates that, when p < 1 and pf! < 0 < p}, a condition we discuss
further below, the effect of fixed costs on the risk premium is nuanced and depends on
the firm’s gross margin. When the gross margin is high, the term in the square bracket
in Equation is positive, indicating the presence of the conventional operating leverage

effect. For instance, when the model abstracts from variable inputs (i.e., GM = 1), an
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assumption commonly made in theoretical models of operating leverage, the right-hand side
of Equation () is positive, and therefore, the presence of fixed costs raises the firm’s risk

exposure. Furthermore, the operating leverage effect increases with OL.
pl\l
Gt
In this scenario, fixed costs lower, rather than raise, the risk premium. The intuition is that

However, when the gross margin is sufficiently low, [(p{” — pf) — ] can turn negative.
for firms with sufficiently low gross margins, the operating hedge from variable costs is so
strong that the gross profits to become less risky (i.e., exhibit a lower aggregate profitability
beta) than fixed costs. Consequently, any fixed cost will further reduce the firm’s systematic
risk. Note that OL measures how fixed costs amplify the risk of gross profits and serves as
the basis for our flow-based measure of operating leverage (OLgpry,).

One condition for the above results is p < 1 and pi' < 0 < pM. The complementarity
between fixed inputs, such as labor, and physical capital (p < 1), has been documented
in the macroeconomics literature. In a pioneering work, Arrow, Chenery, Minhas, and
Solow (1961) found that the elasticity of substitution between capital and labor was below
0.6 in the United States from 1909 to 1949. This complementarity is also supported by
empirical evidence at the sectoral level (see, e.g., Chirinko and Mallick (2017), Herrendorf,
Herrington, and Valentinyi (2015)). In a more recent study based on data from the U.S.
Census of Manufactures, Oberfield and Raval (2021) found that the plant-level elasticity of
substitution between capital and labor lies between 0.3 and 0.5, and the aggregate elasticity
for the U.S. manufacturing sector is in the range of 0.5-0.7.

The countercyclicality of fixed input prices (pft < 0) is consistent with nominal wage
rigidity from Keynesian theories, and there is empirical evidence in the literature supporting
this condition.E] For instance, Bernanke and Carey (1996) demonstrated that real wages were
countercyclical in the interwar period using money supplies and aggregate demand shifters as
instruments. Sumner and Silver (1989) documented that real earnings were countercyclical
from 1948 to 1971. Swanson (2004) argued that testing theories of wage cyclicality should
be done from the firm’s perspective, deflating wages by the firm’s output price rather than
the consumer price index, and found that a vast majority of sectors show countercyclical
real product wages.

Using the NBER-CES Manufacturing Industry Database, we estimate the cyclicality of
input prices (p{ and p}?) from time series regressions of real input price growths on the
aggregate profitability shock. We measure fixed input prices using the price index for office
workers’” wage rates and measure variable input prices using the value-weighted average
of price indexes for materials, energy, and production workers’ wage rates. In addition,

Proposition 1 suggests that the difference in the growth rate of aggregate revenues (aggregate

6 Abraham and Haltiwanger (1995) provide a comprehensive review of this literature.
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shipped value) and aggregate gross profits (aggregate shipped value minus variable cost) is
approximately proportional to and can be used as a proxy for the aggregate profitability
shock. The regression results are reported in Panel B of Table[§] We find that the real price of
variable inputs is procyclical with respect to aggregate profitability shocks, with an estimated
elasticity of 0.38. In contrast, the real price of fixed inputs is found to be countercyclical,

with an estimated elasticity of -0.87. Both elasticities are statistically significant from zero.

The intuitions from Propositions 1 and 2 on the effects of variable and fixed costs extend
to the firm’s overall risk exposure to the aggregate profitability shock, as summarized in the

following proposition.

PROPOSITION 3. With the production technology described above, the firm’s risk expo-
sure to the aggregate profitability shock is given by

dlogOP 1 v o4 e

_ A _ _
b= Fex — TP oo (" =pi) = S5 |- (9)

Proof: See the Appendix.

Proposition |3 has three key implications. First, when the variable input price is procycli-
cal (i.e., pM > 0) and the firm’s operating leverage (OL) is held constant, a firm’s beta to
the aggregate profitability shock (/) increases with the firm’s gross margin (GM) or gross
profitability. Consequently, high profitability firms have greater exposure to the aggregate
profitability shock, providing an explanation for the gross profitability premium.

Second, the positive relationship between gross profitability and aggregate profitability
beta is more pronounced among firms with high operating leverage (OL). This suggests that
operating leverage may amplify the gross profitability premium.

Third, the relationship between aggregate profitability beta and operating leverage can be
either positive or negative, depending on gross profitability. For firms with high profitability,
their exposure to the aggregate profitability shock increases with the firm’s operating lever-
age. Conversely, when a firm’s gross profitability is sufficiently low, the relationship between

exposure to the aggregate profitability shock and operating leverage becomes negative.

4.2 Value and Policy Functions

Table [9|lists the parameter values we use for the model calibration, and the Figure[4] plots the
firm’s optimal fixed input (A) and variable input (M), gross profitability (GPA), operating
leverage (OL), gross margin (GM), and operating profitability (OPA), against the firm-level
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productivity of fixed inputs (u = log(U)) and variable inputs (z = log(Z)). Since physical

capital (K) is normalized to 1, OPA is also equal to operating profit and firm value.
[Insert Table [0] Here]
[Insert Figure |4 Here]

The top left and middle panels of Figure |4 show that the firm’s optimal fixed inputs and
variable inputs both increase with the productivity of variable inputs (z). However, their
relation to the fixed input productivity (u) is more complex. While there is always a positive
relation between the variable inputs (M) and the fixed input productivity (u), the relation
between the optimal fixed inputs (A) and the fixed input productivity (u) depends on the
level of variable input productivity (z). When variable input productivity (z) is low, the
optimal fixed inputs (A) increase with fixed input productivity (u). At high levels of vari-
able input productivity, the optimal fixed inputs (A) decrease with fixed input productivity
(u). More generally, the relation between the optimal fixed inputs (A) and the fixed input
productivity (u) can be non-monotonic.

The top right and bottom left panels of Figure {4] plot how a firm’s gross profitability
(GPA) and operating leverage (OL), respectively, vary with variable input productivity (z)
and fixed input productivity (u). While firm gross profitability is mostly driven by variable
input productivity (z), a firm’s operating leverage is affected by both its variable input
productivity (z) and fixed input productivity (u). Firms with both low variable input and
fixed input productivities have high operating leverage. The bottom middle panel of Figure
shows that a firm’s gross margin only depends on its variable input productivity (z).
Therefore, gross profitability and gross margin are strongly correlated in the model. The
bottom right panel plots the operating profitability (the firm value in our economy) against
these two idiosyncratic input productivities. Despite a similar pattern to that of gross
profitability (top right panel), we find that operating profitability (OPA) demonstrates a
stronger relation to fixed input productivity (u) than gross profitability (GPA). This is
especially true at high variable input productivity, i.e., high gross profitability.

An important question for asset pricing is how the risk premium varies across firms.
Given the focus of our study, we are particularly interested in the relation of a firm’s risk
premium to its gross profitability and operating leverage. The top panel of Figure[5shows the
relation of the firm’s aggregate profitability shock exposure () to fixed input productivity
(u) and variable input productivity (z). We find that the firm’s exposure to the aggregate
profitability shock increases with its variable input productivity (z). However, the firm’s

aggregate profitability shock exposure increases with fixed input productivity (u) only when
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variable input productivity (z) is low. The relation reverses when the firm’s variable input
productivity (z) is high, with the firm’s aggregate risk exposure decreasing with fixed input
productivity.

[Insert Figure [5| Here]

More importantly, when we plot the firm’s aggregate profitability shock exposure against
the firm’s gross profitability (GPA) and operating leverage (OL) in the bottom panel of
Figure 5] the following patterns emerge. First, the firm’s risk exposure to the aggregate
profitability shock increases with the firm’s gross profitability at all levels of the firm’s
operating leverage. Therefore, our model predicts a positive gross profitability premium.
Furthermore, the profitability premium is stronger for firms with high operating leverage.
In contrast, the relation between risk exposure and operating leverage depends on the firm’s
gross profitability. Specifically, the firm’s risk exposure slightly increases with its operating
leverage at high levels of firm profitability, but decreases with its operating exposure at low
levels of firm profitability. This is consistent with the relation between a firm’s risk exposure
to the aggregate profitability shock and its operating leverage (OL) as shown in Equation

@D. We test these predictions using characteristic-sorted portfolios in the next subsection.

4.3 Empirical evidence

To test the prediction of the production-based model on the relation between gross prof-
itability, operating leverage, and risk premium, we double-sort stocks into portfolios based
on their gross profitability and operating leverage.

In Table [I0] Panel A, we split stocks into low and high operating leverage portfolios,
and within each operating leverage portfolio, we form quintile portfolios based on their gross
profitability. Panel A1 reports the average portfolio returns for the portfolios based on the
neural-network-based measure OLyy and Panel A2 reports the result for the portfolios based
on the flow-based measure OLgy,. Conditional on operating leverage, the GPA premium is
large in magnitude and statistically significant. Additionally, the GPA premium is much
larger among firms with high operating leverage. The GPA premium is 5.86% among low
OLyn firms, which is smaller than 11.60% among firms with high OLyyn. The corresponding
GPA premium is 5.19% and 8.17% when OLgpy, is used.

[Insert Table [10] Here]

Consistent with the model prediction, we also find the negative operating leverage pre-
mium is more prominent for firms with low gross profitability. When we sequentially double-

sort firms into 2-by-5 portfolios based on gross profitability and operating leverage (Panel B
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of Table , we find the relationship between operating leverage and average stock return
demonstrates a hump shape for both firms with high and low gross profitability. However,
the negative operating leverage premium (H-L) only exists in low GPA firms. For example,
the operating leverage premium among low GPA firms is —4.78% when OLyy is used (Panel
B1) and —8.09% when OLgy, is used (Panel B2). In contrast, the operating leverage premium
is close to zero among firms with high GPA. Intuitively, when gross profitability is low, the
operating hedge effect from variable costs has a greater impact on the relationship between
operating leverage and risk premium, and therefore, the expected return of high operating
leverage firms is further reduced by the operating hedge.

Taken together, the interdependence of gross profitability, operating leverage, and average
stock return lends support to the prediction of our production-based model. The finding also
manifests the importance and imperativeness of simultaneously taking into account fixed and

variable costs in production-based asset pricing models.

4.4 Idiosyncratic volatility premium

The production-based model provides a novel explanation for the idiosyncratic volatility
(IVOL) premium documented by Ang, Hodrick, Xing, and Zhang (2006). Figure |§| plots the
model-implied idiosyncratic volatility against firm-level productivities (top panel) and key
characteristics, including gross profitability and operating leverage (bottom panel). In the

model, we measure IVOL as \/ (Zmaz — Zmin)2B2 + (Umaz — Umin)? B2, where 5, and 3, are the

exposures of firm value to z and u, respectively. The plots indicate that IVOL decreases with
firm productivity and gross profitability but increases with operating leverage. Consequently,
high IVOL firms are strongly influenced by the operating hedge effect, which leads to lower

risk premiums, as evident when comparing Figure [6] with Figure 5]
[Insert Figure [6| Here]

It is important to note that whether production costs induce operating leverage or op-
erating hedge effect depend on the type of shock we focus on. For example, variable costs
reduce risk premiums through the operating hedge effect because they have higher exposure
to aggregate profitability shocks than revenues—a mechanism emphasized by Kogan, Li,
and Zhang (2023). However, variable costs are more exposed to firm-specific profitability
shocks than revenues, leading to an operating leverage effect. This asymmetry in response
to firm-specific and aggregate shocks results in lower risk premiums for high IVOL firms, a
discrepancy further amplified by the presence of fixed costs.

Empirical data support this intuition. Panel A of Table [11] presents the average returns
and characteristics of quintile portfolios sorted by IVOL. Following Ang, Hodrick, Xing,
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and Zhang (2006), we estimate monthly IVOL as the standard deviation of residuals from
regressing daily stock returns on the Fama-French three factors over each month. Panel A
shows that high IVOL stocks tend to have lower gross profitability and higher operating
leverage. These stocks also exhibit lower average returns compared to low IVOL stocks
(0.25% vs. 9.98%).

[Insert Table [11] Here]

If operating leverage and operating hedge effects play a crucial role in explaining the
IVOL premium, controlling for gross profitability and operating leverage should weaken the
IVOL premium. This is precisely what we find. In Panel B of Table[I1] we conduct a factor-
spanning test by projecting the IVOL factor onto the operating leverage (OL) and gross
profitability (GPA) factors. When controlling for the OL factor, the IVOL premium decreases
in magnitude from ~9.73% to —6.17% using the neural-network-based measure (Specification
(2)) and to —6.58% using the flow-based measure of operating leverage (Specification (3)),
representing reductions of over 30%. The OL factor explains more than 40% of the time-
series variation in the IVOL factor. Controlling for the GPA factor in Specification (4) further
reduces the IVOL premium by 66% to —3.27%. When both GPA and OL factors are included
in Specifications (5) and (6), the IVOL factor’s abnormal return becomes economically and
statistically insignificant.

These findings are particularly noteworthy because IVOL is return-based, while gross
profitability and operating leverage are derived from accounting data. Our proposed mecha-
nism thus complements existing risk-based explanations of the IVOL premium. For example,
Kogan and Papanikolaou (2013) show that high IVOL stocks tend to have more growth op-
tions relative to existing assets, making them more exposed to investment-specific technology
(IST) shocks. Since IST shocks carry a negative risk premium, this results in a negative re-
lationship between IVOL and expected returns. In contrast, our explanation is rooted in

production costs and holds even in a static setting.

5 Conclusion

We examine operating leverage, a fundamental concept widely used in finance, accounting,
and economics. Traditionally, fixed production costs are considered “sticky”, creating to a
positive link between operating leverage and the risk premium. However, using a production-
based model that incorporates three types of inputs——physical capital, fixed inputs, and
variable inputs—we reveal a more nuanced relationship. Specifically, the effect of fixed-

cost-induced operating leverage is significantly influenced by variable production costs. This
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complexity is further exacerbated by the diverse operating leverage measures used in the
literature, which can sometimes be negatively correlated. Therefore, identifying the most
appropriate measures that accurately capture the elasticity of a firm’s operating profits to
its gross profits is essential.

To address this, we introduce an out-of-sample neural-network-based measure of firm-level
operating leverage. In addition to key firm characteristics and existing operating leverage
measures, this approach integrates insights from an intuitive flow-based operating leverage
measure that naturally emerges from a production-based asset pricing model. We find that
while our neural-network-based measure is positively correlated with existing ones, it signif-
icantly outperforms them in capturing the elasticity of operating profit to gross profit.

More importantly, we find the relationship between operating leverage and the risk pre-
mium is non-monotonic, exhibiting a hump-shaped pattern. Contrary to conventional wis-
dom, firms with high operating leverage tend to have lower, rather than higher, average
returns compared to firms with low operating leverage. Our findings suggests that the well-
documented value premium is unlikely to be driven by the difference in operating leverage

between value and growth firms.
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Appendix: Solution to firm’s optimization problem

Firm’s production function is given by

P
p—

Y = ((ZM)gelJr{[(UA)pl—i—(XK)p;l]’”}9>9_1, (A.1)

where U and Z represent idiosyncratic productivity shocks to fixed inputs and variable inputs,

respectively. Let V denote the integrate capital of physical capital K and fixed inputs A: V =

14 6
p=17 51 0—1 0—1706=-1
P 2

[(UA)Dle + (XK) } =" and firm’s output Y can then be expressed as Y = [(ZM)T +V

Firm maximizes its operating profit OP by choosing fixed inputs A and variable inputs M:
OP = Y — PyM — P4A A2
{g}%{ M AAY, (A2)

where Py and P4 are the exogenous prices of variable and fixed inputs, respectively.

It can be shown from the first order conditions that:
Py = [(ZM)T + VT} 7% M, (A.3)

_1 _ _v—p
Pa=[(zM)7 + V] wA)T + (XK)pTl} o (A.4)

PuM (ZM)5
= 0—1 617 (A.5)
Y zmTm v
0—1 p=1
PAA Ve (UA) P
Yy 01 [ =1 p—=1° (A.6)
(ZM) & +V o (UA) » +(K) »
Proof of Proposition Operating hedge effect
From equation (A.5]), we can express gross profit GP as
0—1
V7o
GP=Y -PyM=Y M — (A7)
(ZM) & +V o

Rearranging equation (A.7) and taking partial derivative of the logarithm of both sides of the
equation with respect to log X yield

0-1 0-1
dlogGP  OdlogY 6 —1 8logV_8log<(ZM) T4V )
dlogX OdlogX 6 0OlogX dlog X ’
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Expanding the last partial derivative of equation (A.7)) and after some algebra, we can show

dlogGP  Odlogy 6#-1
dlog X dlogX 6

_810g]\4+ Olog A
dlog X dlog X

(1 - GM) +(1-oL), (A.9)

where we have defined gross margin GM = Pad

Y—Py M-
Furthermore, gllgi ]\)? and gllggﬁ can be found by solving two linear equations from taking

partial derivative of the logarithm of equations (A.3]) and (A.4]) with respect to log X. Defining
pM = 831%;}4, equation 1) can be further simplified to:

and operating leverage OL =

Y —Py M
Y

OlogGP  0Ology 1-GM

dlogX dlogx 0~ Vg (4.10)
Q.E.D.
Proof of Proposition Operating leverage effect
Combining equations , , and , we can express operating profit OP as
p=1
OP =GP - p(_)fK) ’ (A.11)

p—1"
P

(UA)T + (XK)

Rearranging equation (A.11)) and taking partial derivative of the logarithm of both sides of the
equation with respect to log X yield

o1 o1
dlogOP dlogGP p—1 9log ((UA) ¢+ (XK) v ) A
dlogX  dlogX  p dlog X ’ (A-12)
which, along with expressions of gll?)i ]\)? and gllgg )’?, can be simplified to:
OlogOP 0OlogGP OL v a4 7
— =(1—-p)—— —pit— = Al
dlogX  dlogx TP 1-or <p1 mam ) (A-13)

where we have defined pft = %lﬁ)gg};?. Q.E.D.
Proof of Proposition Risk exposure to aggregate profitability shocks

With the above results, we can quickly show that firm’s exposure to aggregate profitability shocks

is given by

=Dl |
Olog X TRt

! pM—pA—ipiM (A.14)
1—0L \'! Lam ) ‘

Q.E.D.
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Table 2: Summary statistics

This table reports means, medians, standard deviations, 1%, 25" | 75" "and 99" percentiles,
and 12-month autocorrelations (AR12) of five firm characteristics that are potentially related
to the operating leverage effect and are used in the construction of our neural-network-based
operating leverage measure (OLyy), and six measures of operating leverage. The five firm
characteristics are: market beta (Beta), idiosyncratic volatility (IVOL), book-to-market
ratio (BM), gross profitability (GPA), and operating profitability (OPE). The six measures
of operating leverage include: the measure defined in Novy-Marx (2011) (OLyy, the sum of
COGS and SG&A divided by AT), the measure defined in Ferri and Jones (1979) (OLgy,
PPENT divided by AT), the measure defined in Chen, Hartford, and Kamara (2019)
(OLcnk, SG&A divided by AT), and the measure defined in Chen, Chen, Li, and Li (2022)
(OLcerr, the sum of DP and SG&A divided by market value of assets), the flow-based
operating leverage (OLgr, the ratio of SG&A to GP), and the neural network measure of
operating leverage (OLyy). The sample period is from fiscal year 1978 to 2021.

Mean Median  Std.Dev P1 P25 P75 P99 ARI12

Beta 1.09 0.99 0.61 -0.03 0.66 142 3.05 0.88
IVOL 0.39 0.32 0.27 0.08 021 048 1.55 0.58
BM 0.74 0.60 0.63 -0.73 035 096 3.49 0.86
GPA 0.40 0.35 0.23 0.06 024 051 1.28 0.92
OPE 0.28 0.26 0.43 -1.63 0.15 0.38 2.50 0.51
OLxm 1.06 0.91 0.72 0.08 059 132 411 0.94
OLg; 0.30 0.24 0.22 0.02 013 042 0.89 0.97
OLcrk 0.26 0.21 0.21 0.01 011 035 1.12 0.93
OLcoLL 0.21 0.17 0.16 0.02 0.10 0.27 091 0.88
OLpr, 0.63 0.62 0.28 0.09 045 077 1.79 0.63
OLnn 2.36 2.01 1.12 0.77 156 288 527 0.65
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Table 4: Determinants of operating leverage

This table examines the determinants of the two new operating leverage measures. We re-
port the results of Fama-MacBeth regressions of neural-network-based measure of operating
leverage (OLyy) in Panel A and flow-based operating leverage (OLgy,, the ratio of SG&A to
GP) in Panel B. The explanatory variables used in Panel A include five firm characteristics,
including market beta (Beta), idiosyncratic volatility (IVOL), book-to-market ratio (BM),
gross profitability (GPA), and operating profitability (OPE), and four measures of operating
leverage: the measure defined in Novy-Marx (2011) (OLyy, the sum of COGS and SG&A
divided by AT), the measure defined in Ferri and Jones (1979) (OLp;, PPENT divided by
AT), the measure defined in Chen, Hartford, and Kamara (2019) (OLcnk, SG&A divided
by AT), and the measure defined in Chen, Chen, Li, and Li (2022) (OL¢crr, the sum of DP
and SG&A divided by market value of assets), as well as the flow-based operating leverage
(OLpr). The explanatory variables used in Panel B include five firm characteristics: Beta,
IVOL, BM, GPA, and OPE, and four measures of operating leverage: OLxy, OLgy, OLcpxk,
OLccrn. Newey-West t-statistics reported in parentheses control for autocorrelation and
heteroskedasticity. All dependent and independent variables are winsorized at the 1st and
99th percentiles. The sample is annual from fiscal year 1978 to 2021.

Panel A: Determinants of OLnn

“» @ B @ 6 © © O @© 1) Jdl)

Beta 0.12 -0.03
(5.01) (-1.53)

IVOL 0.42 0.17
(40.36) (9.47)

BM 0.22 -0.01
(10.53) (-0.30)

GPA -0.06 -0.38
(-1.11) (-13.97)

OPE -0.19 0.02
(-6.48) (1.88)

OLnMm 0.14 0.02
(6.33) (0.81)

OLpgy -0.09 0.16
(-5.77) (5.06)

OLcpk 0.24 0.08
(4.70) (1.75)

OLccLL 0.42 0.15
(8.36) (6.40)

OLpy, 0.70 0.67

(29.53) (33.85)
Adj. R%(%) 24% 17.7% 55% 34% 6.6% 2.7% 12% 9.3% 20.5% 49.2% 65.9%
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Panel B: Determinants of OLgy,

O @ 6 @ 6 6 @O

® (9 (10

Beta
IVOL
BM
GPA
OPE
OLxm
OLpy
OLcuk

OLccrr,

Adj. R*(%) 3.3% 72% 0.9% 102% 5.1% 8.6% 17.3%

0.12
(3.33)
0.26
(14.45)
0.06
(3.15)
0.30
(10.37)
-0.19
(-8.15)
0.29
(20.36)
-0.41

(-21.86)

0.03

(2.95)

0.07

(7.28)

0.00

(-0.32)

-0.51

(-17.44)

-0.08

(-4.31)

-0.03

(-4.46)

-0.24

(-19.76)

0.56 0.86
(22.78) (18.00)
0.51  0.18
(22.99) (7.09)
32.7% 27.3% 56.0%
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Table 5: Portfolios sorted on two new operating leverage measures

This table reports the average annualized value-weighted excess returns and the result of
time-series asset pricing tests of quintile portfolios sorted on neural-network-based measure
of operating leverage (OLyy) in Panel A and flow-based operating leverage (OLgr, the
ratio of SG&A to GP) in Panel B. Newey-West ¢-statistics reported in parentheses control
for autocorrelation and heteroskedasticity. The sample is monthly from January 1979 to
December 2021.

Panel A: OLyy quintile portfolios

OLnn quintile  Ret-RF  acapm Bcapm arrser BukrT  BsmMB  SHML
Low 9.72 0.27 1.05 1.12 1.02 0.02 -0.24
2 8.89 0.35 0.95 0.57 0.96 -0.09 -0.06

3 9.92 0.75 1.02 0.74 1.02 0.00 0.01

4 10.21 -1.11 1.27 -0.53 1.17 0.47 -0.19
High 6.12 -6.87 1.45 -5.29 1.26 0.80 -0.49
H-L -3.59 -7.15 0.40 -6.41 0.24 0.78 -0.26
t-stat (-1.20)  (-2.83) (6.37) (-2.89) (4.09) (10.36) (-2.59)
H-4 -4.09 -5.76 0.19 -4.76 0.09 0.33 -0.30
t-stat (-2.07)  (-2.92)  (4.43) (-2.60) (2.44) (6.13) (-4.41)

Panel B: OLpy, quintile portfolios

OLgy, quintile Ret-RF  acapm  Bcapm  arrsr BukT  BsmB  BumL
Low 8.32 -0.79 1.02 -0.73 1.03 -0.08 -0.01
2 9.89 1.11 0.98 1.63 0.97 -0.04 -0.14

3 9.76 0.72 1.01 1.33 0.98 0.05 -0.18

4 11.97 1.27 1.19 2.27 1.09 0.40 -0.31
High 4.35 -8.93 1.48 -7.06 1.27 0.83 -0.58
H-L -3.97 -8.14 0.47 -6.33 0.25 0.91 -0.57
f-stat (1.13)  (-247)  (6.13) (-2.23) (3.74) (10.27) (-4.44)
H-4 -7.62 -10.20 0.29 -9.32 0.18 0.44 -0.27
t-stat (-3.11)  (-4.34) (6.01) (-4.29) (4.37) (7.22) (-3.31)
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Table 7: Portfolios sorted on book-to-market ratio

This table reports the average annualized value-weighted excess returns of quintile portfolios
sorted on book-to-market ratio (BM), as well as the time-series means of median portfolio
characteristics: flow-based operating leverage (OLgp, the ratio of SG&A to GP), the
neural-network-based measure of operating leverage (OLyy), logarithm of June end market
capitalization (logME), logarithm of book-to-market ratio (logBM), gross profitability
(GPA), and annualized idiosyncratic volatility (IVOL). Panel A reports the result for
one-way quintiles unconditionally sorted on BM. Panel B (Panel C) reports the result for
the BM portfolios conditional on OLxy (OLgy,). Specifically, we sequentially double sort
firms into 3-by-5 portfolios based on their OL and then BM, and report the average return
and characteristics of each BM quinitle across three OL terciles. Newey-West {-statistics
reported in parentheses control for autocorrelation and heteroskedasticity. The sample
period is from January 1979 to December 2021.

Panel A: BM quintile portfolios
BM quintile Ret-RF OLp;, OLyy logME logBM GPA IVOL

Low 8.44 0.70  2.17 2.55 -1.85 045 040
2 9.22 0.65 1.92 5.81 -1.07 042 0.34
3 9.25 0.67  2.05 5.44 -0.59 037  0.33
4 9.37 0.70  2.40 4.85 -0.17 033  0.35
High 10.99 0.77  3.06 3.85 0.41 029 043
H-L 2.55 0.06 0.88  -1.69 226 -0.15 0.02
t-stat (0.98)

Panel B: BM quintle portfolios conditional on OLnyn
BM quintile Ret-RF OLp;, OLyy logME logBM  GPA IVOL

Low 6.84 0.83  2.85 2.52 -1.86 044 043
2 7.70 0.76  2.81 5.51 -1.05 041  0.39
3 9.38 0.73  2.80 0.22 -0.57 038  0.38
4 10.65 0.71 281 4.86 -0.18  0.35 0.38
High 11.06 0.70  2.86 4.15 0.36 0.30 041
H-L 4.22 -0.14  0.01 -1.37 223  -0.14 -0.02
t-stat (1.52)

Panel C: BM quintile portfolios conditional on OLgy,
BM quintile Ret-RF OLp;, OLyy logME logBM GPA IVOL

Low 6.53 0.81  2.69 2.67 -1.88  0.44 041
2 9.11 0.74  2.69 2.58 -1.08 041  0.38
3 9.77 0.71 277 5.25 -0.58  0.38  0.37
4 9.86 0.71 292 4.85 -0.16  0.34  0.38
High 11.72 0.71 3.14 4.02 0.40 0.29 043
H-L 5.19 -0.10  0.45 -1.65 228 -0.15 0.01
t-stat (1.88)
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Table 8: Cyclicality of gross profits, operating profits, variable and fixed costs

This table reports the cyclicality of aggregate variable cost, fixed cost, gross profit, and
operating profit. Data come from NBER-CES Manufacturing Industry Database. Revenue
(Rev) is the total value of shipments. Variable cost (VC) includes costs of materials, energy,
and production worker wages. Fixed cost (FC) is measured by office worker wage. All values
are deflated by the personal consumption expenditure (PCE) price index. Gross profit (GP)
is Rev minus VC. Operating profit (OP) is GP minus FC. Panel A reports the result of
time series regressions of annual growth rates of aggregate VC, FC, and GP on the annual
growth rate of Rev, and the regression of annual growth rate of aggregate OP on the annual
growth rate of GP. Panel B reports the result of time series regressions of price indexes for
VC and FC on the aggregate profitability shock. The price index for VC is calculated as the
value-weighted average of price indexes for materials, energy, and production worker wages.
The aggregate profitability shock is measured as the difference in the annual growth rates
of Rev and GP. All price indexes are adjusted by the PCE index. Newey-West t-statistics
reported in parentheses control for autocorrelation and heteroskedasticity. The data are
annual from 1958 to 2018.

Panel A: Elasticities of costs and profits
B;{/ev(vc) BE{/eV(FC) ﬁ;{/ev(GP) ﬂgP(OP)

Est. 1.17 0.34 0.68 1.16
t-stat  (30.79) (6.14) (9.35) (45.48)
Panel B: Cyclicalities of input prices
VC FC
p p
Est. 0.37 -0.87
t-stat (6.46) (-7.17)
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Table 11: Portfolios sorted on idiosyncratic volatility

Panel A reports the average annualized value-weighted excess returns of quintile portfolios
sorted on idiosyncratic volatility (IVOL). Panel A also reports the time-series means of
median portfolio characteristics: flow-based operating leverage (OLgy, the ratio of SG&A
to GP), the neural-network-based measure of operating leverage (OLny), logarithm of
June end market capitalization (logME), logarithm of book-to-market ratio (logBM), gross
profitability (GPA), and annualized idiosyncratic volatility (IVOL). Panel B reports the
results from factor spanning tests of the IVOL factor using the operating leverage and the
gross profitability factors. Each factor is defined as the long-short portfolio return in the
quintile portfolios sorted on the corresponding characteristic. We run time-series regressions
of the IVOL factor under the following six specifications: Specification (1) includes
only a constant, Specification (2) includes flow-based operating leverage (OLgy,) factor,
Specification (3) includes neural network operating leverage (OLgr) factor, Specification
(4) includes the gross profitability (GPA) factor, Specification (5) includes both OLyyn and
GPA factors, and Specification (6) includes both OLyy and GPA factors. Newey-West
t-statistics reported in parentheses control for autocorrelation and heteroskedasticity. The
sample period is from January 1979 to December 2021.

Panel A: IVOL quintile portfolios
IVOL quintile Ret-RF OLg;, OLnxy logME logBM  GPA IVOL

Low 9.98 0.60  1.82 6.46 -0.62 037 0.16
2 9.45 063 188 593 -0.59 037 0.26
3 9.99 0.68  2.18 0.22 -0.57 037 0.37
4 6.59 0.76  2.80 4.48 -0.53 037 0.52
High 0.25 0.90  4.08 3.43 -044 035 0.87
H-L -9.73 030 226 -3.03 0.18 -0.03 0.71
t-stat (-2.52)

Panel B: IVOL factor spanning test

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

Intercept -9.73 -6.58 -6.17 -3.27 -0.97 -2.80
(-2.52)  (-2.12)  (-2.27)  (-0.92) (-0.37)  (-1.11)
OLgy, factor 0.79 0.76
(10.42) (13.04)

OLyy factor 0.99 0.88
(13.15) (12.62)

GPA factor -0.85 -0.76 -0.49
(-7.01) (-9.94) (-7.18)

R*(%) 42.0% 48.2% 19.7%  57.6% 54.3%
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Figure 1: Timing for OLnN construction
Panel A of this figure plots the timing for training a neural network for the training sample of

year t. Panel B of this figure plots the timing for calculating predicted OLny for September
of year ¢t + 1.

Panel A: Training model NN®)

Dec,t — 1 Dec,t Mar,t + 1
OPtfla GPtfl OPta GPt )
XDcc,t—l %AOPta %AGPt NN ()

Panel B: Predicting OLxy for September, year ¢ + 1:

() A (t=9)
~ NN "(Xgep,et1) + ... + NN (XSep,t+1)
OLNN, Sep,t+1 =
10
Mar,t — 8 Mar,t + 1 Sep,t + 1 Feb,t + 2
() (@)
NN () NN () XSep,t+1
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Figure 2: Time series of median operating leverage

This figure plots the time series of median values of the neural-network-based measure of
operating leverage (OLny) and that of the flow-based operating leverage (OLgy, the ratio
of SG&A to GP). The grey-shaded areas represent NBER recession periods. The sample
period is from January 1979 to December 2021.
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OLNN premium {H - L)

Figure 3: Long-horizon premium of operating leverage

The top two figures plot the average annualized value-weighted excess returns of five port-
folios sorted on OLnn and OLgy, across different lages of months between the availability of
OL and portfolio formation. The lag of months being 1 corresponds to the standard sort,
where portfolios are formed the next month after OL is available. The bottom two figures
plot the average annualized long-short portfolio return in the quintile portfolios sorted
on neural-network-based measure of operating leverage (OLyy) and flow-based operating
leverage (OLgr, the ratio of SG&A to GP) against the lag of months between the availability
of OL and portfolio formation. The grey-shaded area represents the 2.5%-97.5% confidence
band of the premium. The sample period is from January 1979 to December 2021.
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Figure 5: Systematic risk exposure

This figure plots firm’s exposure to the aggregate profitability shock (beta) against the fixed
input productivity (u) and the variable input productivity (z) in Panel A, and against gross
profitability (GPA) and operating leverage (OL) in Panel B.
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Figure 6: Model-implied idiosyncratic volatility

This figure plots the model-implied idiosyncratic volatility (IVOL) against the fixed input
productivity (u) and the variable input productivity (z) in Panel A, and against gross
profitability (GPA) and operating leverage (OL) in Panel B.
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