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Abstract

We find that firms increase cost structure rigiditg., the proportion of fixed costs relative to
variable costs in the cost structure) when haviptioas listed. The effect of options listing is
stronger on selling, general, and administratiyeeeses, which are relatively committed and stable,
than on the cost of goods sold, which closely tsasles revenue. The results are robust to
modifications in fixed effects included in the ®sthe sample constructions, and the empirical
methods used to control for the endogeneity conicetine association between cost structure and
options listing. Cross-sectional tests suggest ¢ipdibns listing increases firms’ cost structure
rigidity by relaxing financial constraints and/@ducing managers’ incentive to hoard bad news.
In sum, we document how options listing affects ahneerlying firm’'s cost management, which
reflects its financial flexibility and risk-takincgpacity.
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Options listing and cost structure rigidity
1. Introduction
Understanding cost behavior is important for ineesto assess a firm’'s prospects because costs,
particularly operating costs, have significant ifgaon firm profitability and firm valuation
(Garrison, Noreerand Brewer, 2012; Horngren, Datar, and Rajan, 2012). An important line of the
literature in cost behavior is about the rigidifycost structure—that is, the sensitivity of a apan
in operating costs to a change in sales. In ggneffdim’s cost structure is considered rigid i€th
firm commits more fixed costs than variable costits operations.

In theory, fixed costs substitute for variabletedsecause firms that rely more on fixed
costs are more profitable (Chen, Harford, and Kare2019) by avoiding the congestion costs due
to unexpectedly high realization of demand for jpigid or services (Banker, Byzalov, and Plehn-
Dujowich, 2014). Besides, committing more fixed tsesmainly selling, general, and
administrative (SG&A) expenses—allows firms to Huib organizational capital to enhance long-
term sustainability and therefore improve perforosilLev, Radhakrishnan, and Zhag§09;
Eisfeldt and Papanikolaou, 2014; Peters and Taylor, 2017).2 However, similarly to having too much
debt in the capital structure, relying too muchfigad costs in operations would result in a sharp
decline in earnings during bad times. As a resudtnagers choose a level of fixed costs, together
with financial leverage, to maximize the firm’s walby balancing the benefits and costs of fixed
costs (Chen, Harford, and Karama, 2019).

Previous studies on cost rigidity have mainly & on the impacts of product market
attributes (e.g., demand uncertainty, contributioargin variance, industry competition, and
product fluidity) on cost rigidity (e.g., BankeryBalov, and Plehn-Dujowich, 201HBolzhacker,
Krishnan,and Mahlendorf, 2015; Chang, Hall, and Paz, 2021; Chang, Kwok,and Wong, 2024;

Chen, Kamaand Lehavy, 2024; Chen, Liang, Yang, and Zhu, 2024). Few studies have examined

! Cost structure is also used as a proxy for opeyadiverage to capture the proportion of fixed astotal costs.

2 Chen, Harford, and Kamara (2019), among otherd,tfiat the cost of goods sold (COGS) is signifigamore
sensitive to sales revenue than SG&A expenses,estigg that SG&A expenses have a significant fixed
component.



the impact of financial market activities on coigfidity. Our study aims to fill this gap in the
literature by examining how firms adjust their castucture and the resources committed to
operations in response to the listing of optionsthair underlying stocks. In particular, we
hypothesize that options listing increases cosditigof the underlying firm via two channels, as
discussed below.

First, low cost and high leverage make optiorditigideal for informed investors to profit
from trading withuninformed investors (Black, 1975; Diamond and Verrecchia, 1987; Mayhew,
Sarin, and Shastri, 1995), which creates incentieesnformed investors to collect information
(Cao, 1999; Cao, Goyal, Ke, and Zhan, 2024). As options prices tredunderlying stock prices
are theoretically linked, information revealedhe bptions markets will immediately influence the
underlying stock prices. Therefore, options tradshguld deliver a sizeable enhancement effect
on information flows on top of stock trading (Chakarty, Gulen, and Mayhew, 2004). By
enhancing information flows, options trading mitigm the information asymmetry between
managers and external investors, thereby redubieginderlying firm’s cost of capital (Naiker,
Navissi, and Truong, 2013). A lower cost of capitakes it easier for firms to access external
financing, thereby encouraging firms to commit teses and make fixed investments, such as
investments in large in-house production facilibeshe purchase of equipment.

Second, a transparent information environmentvatgs managers to make cost decisions
that maximize long-term firm value rather than stterm performance. Managers are likely to be
myopic when the firm’s underlying stock price fditsreflect the long-term value implications of
corporate decisions. To avoid being punished by pbort-term operating performance, managers
tend to reduce fixed costs. However, cutting fixaibts could sacrifice the firm’s long-term
prospects by lowering the accumulation of intargjibapital. A more transparent information
environment, on the other hand, causes investoevatuate managers based on the long-term
implications of corporate decisiof®urgler, 2000; Durnev, Morck, and Yeung, 2004) rather than

the fluctuations of short-term profits. As a resalinagers can make cost decisions that maximize



long-term firm value rather than short-term profBgsides promoting information flow, options
markets allow investors to trade on negative inftfion at a lower cost than the short selling of
underlying stocks (Easley, O’Hara, and Srinivi@®8; Johnson and So, 2012; Ramachandran and
Tayal, 2021). Therefore, the existence of listetiomg should mitigate managers’ incentives to
meet short-term profit targets at the expense mf-ferm development (Blanco and Wehrheim,
2017).

The above argument assumes that options tradimdoisnative. Some studies, however,
show that individual investors, who tend to be adimders, account for a significant portion of
options trading volume (Lemmon and Ni, 2014), amdioms trading provides no additional
information in financial markets (Choy and Wei, 2023; Muravyev, Pearson, and Broussard, 2013).
If options trading is largely speculative and notfgen stock prices will be clouded by noisy opsion
prices(Hu, 2018; Roll, Schwartz, and Subrahmanyam, 2010) and becom@fessative (Stein,
1987). Therefore, after options listing, investasuld rely less on the stock price and more on the
short-term profit of the underlying firm as a sigfar trading. Such short-termism by investors
results in over-punishing managers for short-tevasés and over-rewarding managers for short-
term gains. Moreover, a cloudier information enmiteent heightens financial constraints,
increasing the need to reserve financial slackesponse, managers rely more on variable costs
than fixed costs. For instance, the use of comaitesources is reduced through business
outsourcing, equipment leasing, recruitment of teragy workers, and so on.

To test the two competing hypotheses, we collessraple of U.S.-listed firms in 1996-
2022 from the CRSP/Compustat Merged database. Adtaoving firms in financial and utility
industries, we obtain a final sample of 43,445 firears in the sample period. Cost rigidity is
measured as the sensitivity of the annual changmgioperating costs to the annual change in log
sales. A higher sensitivity indicates a lower g@gtlity. To examine whether the listing of a firsn’
options affects the firm’s cost rigidity, we intetahe firm’'s change in log sales with an indicator

for the period after the initial listing of its aphs in our regression analysis. Our baseline tesul



indicates that options listing is associated witbveer sensitivity of a change in operating costs t
a change in sales—that is, a higher cost rigidihe result is robust to the inclusion of other firm
characteristics. The economic significance is tpditons listing causes the sensitivity of a change
in operating costs to a change in sales to redyd®d82, or 11.9%, from a base value of 0.689.
The finding is consistent with the efficient optiotrading hypothesis that options listing causes
the cost structure to be more rigid.

We then perform several additional analyses to én@ur baseline result. First, we show
that relatively speaking, the rigidity of SG&A expes increases more than that of COGS after
options listing. Therefore, the change in costditgi after options listing mainly comes from
substituting fixed SG&A for variable SG&A.

Second, we show that firms are less likely to mty outsourcing and more likely to
internalize operations after the initial listing tfeir options. Outsourcing provides operational
flexibilities by offering firms an opportunity teenegotiate contracts with their suppliers. It also
allows firms to free up resources for more productnvestments (Choi, Ju, Trigeorgis, and Zhang,
2021) and to respond to demand uncertainty andhdinh risk (Holzhacker, Krishnan, and
Mahlendorf, 2015Moon and Phillips, 2021) when they are financialiystrained. Using the data
provided by Moon and Phillips (2021), we show tfiahs outsource their activities to a lesser
extent and that they are more likely to purchase tb lease assets after the initial listing ofrthe
options.

Finally, we repeat our tests with the initial liggiof options replaced by various measures
of options trading volume because previous studhesv that options trading volume affects
corporate finance and investment decisions (Blgnco and Wehrheim, 2017; Anagnostopoulou,
Trigeorgis,and Tsekrekos, 2023; Hsu, Ke, Ma, and Ruan, 2024), cost of capital (Naiker, Nayissi
and Truong, 2013), and disclosure (Chen, Ng, amya021). Motivated by those studies, we
repeat our tests with the initial listing of opt#ooreplaced by variables of options trading volume,

including the raw options trading volume, optioraitng volume relative to stock trading volume,



and an exogenous shock to options trading volume—P#nny Pilot Program. The results with
each of these options trading volume variablesatdithat cost structure is more rigid when firms
have a higher options trading volume.

We also use various ways to address the endogeritern of our baseline results. First,
we conduct a parallel-trend test to show that tliere significant change in cost rigidity before
options listing. Second, following Blanco and Waedirh (2017) and Hsu, Ke, Ma, and Ruan
(2024), we use propensity score matching and anmnbalancing model to control for differences
in characteristics between firms with listed opti@md those without listed options. Our main result
is robust to these two empirical strategies. Thivd, add high-dimensional fixed effects to the
model and show that unknown time-varying effeceswarlikely to drive our main findings.

After confirming the robustness of our baselineultgsve perform two sets of cross-
sectional tests to examine the channels througbhwdytions listing affects cost structure. First, t
show that options trading alleviates financial ¢miats and thereby allows firms to incur more
fixed costs, we classify firms into groups accogdin two proxies for information asymmetry,
including analyst forecast errors and the bid-askad of stock prices. As information asymmetry
is a root cause of financial constraints (Kaplad Zimgales, 1997), the impact of options pricing
on cost rigidity should be stronger for firms thathibit higher information asymmetry. The
empirical result is consistent with our expectagio/e also classify firms into groups according
to common proxies for financial constraints, inéhgdthe SA index (Hadlock and Pierce, 2010),
the WW index (Whited and Wu, 2006), the existentcliog-term credit rating, and the dividend
payout ratio. Again, the impact of options priciog cost rigidity is stronger for more financially
constrained firms.

Second, we test whether options trading alleviai@sagers’ concerns of being excessively
punished by short-term poor performance. If optidreding helps stock prices to reflect
information for product demand of a firm more prammnd accurately, then the firm managers

will have less incentive to stabilize earnings tgurring relatively more variable costs than fixed



costs. To test this prediction, we classify firmwigroups according to a proxy of managers’ bad-
news hoarding incentive (Kama and Weiss, 2013).r€kalt indicates that the impact of options
trading on cost rigidity is larger when managengehstronger incentives to avoid reporting losses.
We also classify firms into groups according toxies for the short-sale constraints of underlying
stocks. The idea is that short-sale constrainibirgtock prices from incorporating negative news,
resulting in higher crash risks. To avoid stoclkcesi going bust, managers have incentives to
stabilize earnings by adopting a flexible costdtite. A salient feature of options trading is that
options trading allows investors to profit from adge information at a lower cost by
circumventing the short-sale constraints of undeglystocks. If promoting information flow
increases cost rigidity, the impact of optionsriigton cost rigidity should be stronger for stocks
with larger short-sale constraints. We follow AghquPathak, and Ritter (2005) in classifying firms
as firms with high short-sale constraints if th&iwcks have low institutional ownership and high
short interest. Consistent with our expectatiores siwow that the impact of options listing on cost
rigidity is larger when the underlying stock’s shsale constraints are larger.

Previous studies on cost structure have linked dgglity to demand uncertainty. In
particular, when determining their cost structufesys trade off the downside risk of negative
demand shock against reduced congestion cost toposidve demand surprise (Banker, Byzalov,
and Plehn-Dujowich, 2014). To reduce congestion tmsneet positive demand surprise, firms
maintain a higher capacity by making more fixedestinents—that is, adopting a more rigid cost
structure when facing higher demand uncertaintyickviends to be high when firms serve few
customers and/or operate in competitive indus{@sang, Hall, and Paz, 2021). Consistent with
previous studies (Banker, Byzalov, and Plehn-Duptnv2014 Chang, Hall, and Paz, 2021), we
find that cost structure is more rigid in firms whigher demand uncertainty, as indicated by higher
firm-level sales uncertainty and higher productikirity. More importantly, the result is more

pronounced for firms with options listed. Therefdfiems facing greater demand shock commit



more fixed investments to maintain a higher cagaeihd options listing further strengthens this
tendency, probably by improving financial flexiligis for fixed asset investments.

Our study contributes to the literature in sevavals. First, although many previous
studies have explained how product market factursh as demand uncertainty, affect firms’ cost
structure, few have examined how derivatives trudin financial markets affects cost structire.
One noticeable exception is Fang, Pu, and Wang3{20¢o find that after the inception of CDS
trading, reference firms exhibit an increase in dhasticity of cost structure due to increased
creditors’ liquidation incentives. Our results, tie other hand, show that firms’ cost rigidity
increases after the initial listing of their optirespecially when firms’ financial constraints are
large in the first place. Besides, the impact dfans listing is larger when negative informatien i
more likely to be suppressed. This notable feabfiaptions trading is not commonly available in
other proxies for the information environment (Agal, Khizer, and Sethuraman, 2023).

Second, our study follows a recent stream of studie the role of options trading in
corporate decision-makirfgn particular, Blanco and Wehrheim (2017) findttbations trading
causes the underlying stock price to be more indtitrra. As a result, investors are less likely to
overreact to short-term operating performance altemmore long-run investments, such as
research and development investments and corparaigation. We provide consistent evidence
showing that after options listing, firms undertakeore rigid cost structure, which highlights the
information role of options trading in facilitatingsk-taking and encouraging managers to be more

long-term oriented.

8 Prior studies have documented various deternsnahtost structure. The most important determimame
product market factors, including demand uncerya(itallapur and Eldenburg, 2005; Banker, Byzalov, and
Plehn-Dujowich, 2014Holzhacker, Krishnan, and Mahlendorf, 20THhang, Kwok, and Wong, 2024Chen,
Kama, and Lehavy, 2024), firm-level bullwhip eff¢€then, Di, Jiang, and Li, 2024), and concentratiegree
in customers or suppliers (Chang, Hall, and, R&21; Pizzini and Vansant 2024; Chen, Liang, Yang, and Zhu,
2024). Corporate governance and institutions ae @dlevant in determining cost structure (Aboddi, and
Weiss, 2018; Chang, Xin, Lohwasser, and Chiu, 2022; Siciliano and Weiss, 2023).

4 Recent empirical studies indicate that optiorslitrg can promote information flows in financial nkets,
thereby reducing the equity cost of capital (Nailéavissi, and Truong, 2013), deterring earningsagament
(Dai, Qiao, and Xia2024; Delshadi, Hosseinniakani, and Rezaee, 2023), and enhanhmgfficiency of
corporate decisions (Bernile, Hu, Li, and Michael23), including capital investments (Anagnostdpou
Trigeorgis, and Tsekrekos, 2023su, Ke, Ma, and Ruan, 2024) and innovation a@&ivitBlanco and Wehrheim,
2017).



Finally, our findings are consistent with a broamt lof studies that propose a substitution
relationship between financial risk and operatisg fe.g., Lev]1974; Kumar and Yerramilli, 2018;
Chen, Harford, and Kamara, 2019). That is, firmsode a lower operating leverage in response to
a higher financial risk. In this regard, Fang, Bad Wang (2023) find that firms respond to an
increase in financial risk (caused by the emptylitoe problem derived from the CDS trading
inception) by reducing operation leverage. Ourlisglhow that firms increase operating leverage
after the initial listing of their options that aegpected to reduce their financial risk by imprayi

their information transparency.

2. Literature and Hypotheses
From the theoretical perspective, substitutingdixests for variable costs makes earnings more
sensitive to changes in sales revenue (Garrisoreévig and Brewer, 201Rlorngren, Datar, and
Rajan, 2012). The increased sensitivity impliesiranmease in systematic risk and therefore an
increase in the expected return of the underlyingirness. From the operational perspective,
benefits from using fixed costs versus variablésosme from reduced adjustment costs to scale
up the operations when demand for products/seruicesases unexpectedly. Consistent with the
above predictions, Banker, Byzalov, and Plehn-Digow(2014) empirically show that firms
facing more uncertainty in demand are more likelgammit to a more rigid cost structure—that
is, the one that relies more on fixed costs thamabke costs. By doing so, firms can avoid the
congestion costs due to an unexpectedly high egadiz of demand for products or services. More
recently, Chen, Harford, and Kamara (2019) docuragusitive relation between firm profitability
and the use of fixed costs.

Recent studies suggest that part of the operakipgnses, specifically the SG&A expenses,

aim to build up intangible capital and have a digant impact on a firm’s long-term value (Peters

5 The impact of operating leverage on systematic risk has been discussed in classic studies (e.g., Lev, 1974;
Gahlon, 1981; Mandelker and Rhee, 1984). In general, according to classic asset pricing theories, higher operating
leverage leads to higher systematic risk and thesdfigher expected return.
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and Taylor, 2017; Banker, Huang, Natarajan, and Zhat19; Igbal, Rajgopal, Srivastava, and
Zhao, 2023). Therefore, while spending on SG&A wondlduce corporate profit in the short run,
it would improve long-term performance by strengihg the firm’s organizational capital and
knowledge development. As investments in intangdapital aim to deliver superior long-term
performance by combining human skills and physiagital into systems for producing and
delivering want-satisfying products (Lev, Radhahnian, and Zhang, 2009), these investments are
unlikely to be linked to the current level of optimas but should be relatively fixed and committed.

The above studies suggest that firms can imprgpeaed performance by incurring more
fixed costs. However, the benefits could be offisgpotential distress costs that would occur when
the product/service demand is significantly weakem expected. The trade-off becomes more
acute when firms face financial constraints. A figiinancially constrained if its external cost of
capital is significantly higher than its internaist of capital. The wedge between external and
internal costs of financing is largely driven byarmation asymmetry between corporate insiders
and outside investors. In their classic study, Mysard Majluf (1984) theoretically show that the
information asymmetry problem results in adverdecti®on in financing choices and that as a
result, investors require higher expected returssecurities that exhibit more information
asymmetry. A key empirical implication is that fisnaannot fund all positive-NPV projectbat
is, they are financially constrained, because azldunds are more costly than internal funds. The
financial and real impacts of financial constrainés’e been widely documented and evaluated by
previous studies on corporate investments (e.gzdfa Hubbardand Petersen, 1988; Hoshi,
Koshyap, and Scharfstein, 19%aplan and Zingales, 199Alti, 2003), cash holding (Almeida,
Campello, and Weisbach, 2004, 202dmeida and Campello, 2007; Hadlock and Pierce, 2010),
and expected stock returns (Whited and Wu, 2006hng others. To summarize, firms tend to
behave more conservatively when they are more ¢ia#iy constrained.

Motivated by previous studies, we expect that fai@nconstraints cause firms to rely less

on fixed costs relative to variable costs. Wheatriitial constraints become more severe, managers
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adopt a more flexible cost structure by reducingedi costs to avoid falling into financial
difficulties. When financial constraints are reldxéxed costs will substitute for variable cosis t
achieve a higher expected profit and better lomgr-fgerformance.

To test the above prediction, we use options flistas an exogenous reduction in
information asymmetry and therefore a reductiofiriancial constraints for the underlying firm.
The relatively low transaction costs and high lager of options attract informed investors to
collect information and profit from trades with uninformed investors (Black, 1975; Diamond and
Verrecchia, 1987; Mayhew, Sarin, and Shastti995; Skinner, 1997; Cao, 1999; Cao, Goyal, Ke,
and Zhan, 2024), which makes that options tradmtgrially reflects information beyond stock
trading. Numerous studies have found that opticading contains important private information
about the underlying stock value and can enhaneeirtformation content of stock prices
(Chakravarty, Gulen, and Mayhe@04; Cremers and Weinbaum, 2010; Johnson and So, 2012;
An, Ang, Bali, and Cakici2014; Hayunga and Lung, 2014; Hu, 2014; Cao, Goyal, Ke, and Zhan,
2024). Therefore, the incremental value-relevafarination embedded in options trading can
alleviate the information asymmetry between the fand the market, thereby reducing the firm’s
cost of capital (Naiker, Navissi, and Truong, 20&8) increasing the firm’s access to debt and
equity financing (Li, 2021). Lower financial coreimts allow managers to take more risk in
operating decisions for higher profits and to invesrganizational capital for long-term success.

Furthermore, the role of options trading in mitiggtinformation asymmetry may alter
managerial incentives, which can affect a firm'stadecisions. If a firm’'s cost structure is rigid
such that the cost is not sufficiently adjusted daward when sales revenue declines, the firm will
experience a significant profit decline or evenuintosses. Lacking sufficient information, the
market puts more weight on the most recent observaltput when revising its beliefs about
managers’ abilities (Holmstrom, 1999). Managergufa to hit short-term earnings targets, such
as analyst forecasts, often hinders managers’ niakgporomotions or intra-industry mobility

(Graham, Harvey, and Rajgopal, 2005). More impdigamissing earning targets amid declining
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sales revenue may exacerbate market penaltiesd@raHarvey, and Rajgopal, 2008%ees and
Sivaramakrishnan, 2007), exposing managers toegreateer risks. Hence, if financial markets
cannot accurately evaluate the long-term impliceti@f managers’ SG&A investments, the
rational choice of self-interested managers wogddbadopt a flexible cost structure to stabilize
earnings. With options trading, the increase irugaklevant information flows will enhance
investors’ assessment of managers’ cost deciskma.result, managers are likely to be rewarded
based on informative stock prices and are lesdylik@ be wrongly punished for short-term
underperformancéDow and Gorton, 1997; Kang and Liu, 2008). Shielding managers from
excessive career concerns can reduce their exedssivs on current earnings and strengthen their
incentives to maintain valuable investments in oizgtional capital. Therefore, overall cost
rigidity increases. We summarize the empirical jmtazh in the following efficient options trading
hypothesis:

Hla: Ceteris paribus, optionslisting increases firms' cost rigidity.

However, options trading can also be speculatikeviBus studies find that options trading
is associated with speculative trading by uninfatimeestors (Wei, Poon, and Zee, 19B@mmon
and Ni, 2014). Uninformed investors, lacking infation advantages, may focus on a firm’s short-
term profits without considering the long-term walwf committed fixed resources. Thus,
speculative options trading not only fails to endervalue-relevant information flows in the
financial market but also leads investors to migrnanagers’ cost decisions, exacerbating the
information asymmetry between the firm and the rearkn an imperfect market, information
asymmetry exists and results in risk premiums ithaiease the cost of capital (Hughes, Liu, and
Liu, 2007; Armstrong, Core, Taylor, and Verrecchizd11; Lambert, Leuz, and Verrecchia, 2012)
and reduce a firm’access to credit and equity market (Dierkens, 1991; Tang, 2009). The resulting
financial constraints could lead to a reductiorast rigidity.

Meanwhile, in response to speculative stock prioesnagers tend to pursue short-term

goals at the expense of long-term fundamental véBadton, Scheinkman, and Xiong, 2006).
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Specifically, managers who adopt a more flexiblst &ructure to boost current earnings may be
over-rewarded, while those who commit more fixesotgces to the firm's organic growth but
incur a decline in current earnings or losses nag\er-punished by the market. To avoid unfair
market penalties leading to reputation and compemskbsses, managers with heightened career
concerns would adopt a more conservative and fiexgbst structure. Hence, we propose the
following speculative options trading hypothesisaasompeting hypothesis:

H1b: Ceteris paribus, optionslisting decreasesfirms' cost rigidity.

3. Research Design
3.1 Sample and data

We start with annual data from the CRSP-Compustaged database and obtain options
listing data from OptionMetrics. We first excludensples from the financial industry (SIC code
6000-6999) and utility industry (SIC code 4900-409%®ext, we exclude samples with missing or
non-positive total assets, sales revenue, and tipgeicosts, as well as samples in which the stock
closing price is less than $1 (Chen, Lu, and Soutg$a 2012). Following3anker, Byzalov, and
Chen (2013)we drop observations with extreme operating dbstsare lower than 50% or higher
than 200% of sales for the current or prior y&d¥sllowing Naiker, Navissi, and Truong (2013)
and Hsu, Ke, Ma, and Ruan (2024), we define a firmitial options listing date as the first date
on which it appears in the OptionMetrics databaste drop firms that first appear in the
OptionMetrics database in 1996 because we cansiimgliish between firms that were first listed
in 1996 and firms that were listed before 1996itam we drop firms that were first listed at the
end of the sample period (i.e., year 2022) andiceshe sample to a time window of 10 years
before and after options listing to strengthen ahirderence. Finally, we exclude samples with

missing values of variables in the baseline ma@slylting in a final sample of 43,445 firm-year

6 Our results remain robust even if we remove tlugse filtering processes.
7 Alternatively, if we set this time window to [-3] or [-5, 5] or do not impose any restrictionstba time window
at all, our baseline results do not show any a@vehsinges.
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observations covering 43 industries in the Famadtrel8 industries from 1996 to 2022. Table 1
details the year and industry distribution of th@f sample. To control for inflation, we convert
financial variables into their equivalent 1996 dollvalues by applying the GDP deflator. To
mitigate the influence of outliers, we winsorizé@ntinuous variables at the bottom and top one
percentiles.

[Insert Table 1 here]

3.2 Model specification
Following previous studies (Banker, Byzalov, anehPFDujowich, 2014Chang, Hall, and
Paz, 2021 Chen, Liang, Yang, and Zhu, 2024), we use the Violig staggered difference-in-
differences (DiD) model to detect the effect ofiops listing on firms’ cost structure:
AlnOPR;; = ay + a,AlnSales;, + a,0PList;; + azO0PList;, * AlnSales; . +
asControls;; + asControls;, x AlnSales;, + Year FEs + Firm FEs + &;, (1)
AINOPR;; refers to the log change of operating costs of fiin yeart relative to yeat-1. Similarly,
AlnSalesrefers to the log change of sales reve@RList is a variable that takes the value of 1 in
the year of the initial listing of options and sillbsequent years and takes the value of O otherwise
In model (1), the coefficient: captures firms’ cost structure, with a lowar indicating that
changes in firms’ operating costs are less respensivariations in salethat is, the cost is more
rigid. Furthermore, the coefficient captures the effect of options listing on firmeststructure.
If s is significant and negative (positive), it indieatthat options listing increases (decreases)
firms’ cost rigidity.
Controls include firms’ basic characteristics that may daige their cost structure in the
first place, such as firm size, firm age, and miat&ebook value (Chang, Kwok, and Wong, 2024).
Following AndersonBanker, and Janakiramé2003), we control for the adjustment costs im§t
cost decisions, proxied by asset intensity and eyeg intensity. In addition, Chen, Lu, and

Sougiannis (2012) argue that managerial empiradimgjlincentives may also influence firms’ cost
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behaviors. Therefore, we control for free cash fide account for possible managerial empire-
building incentives. Detailed definitions and dataurces of all the variables can be found in
Appendix A. In the model, we also control for yéiaed effects and firm fixed effects to mitigate
endogeneity concerns related to omitted varial8emdard errors in all regressions are clustered
at the firm-year levél.
3.3 Descriptive statistics

Table 2 presents the descriptive statistics ofntlh@ variables in the baseline model. On
average, the variation in operating costs is ropghlivalent to the variation in sales (the mean of
AInOPRis slightly higher than the meansiihSales). The mean value @PList is 0.45, indicating
that firm-years before and after options listing eglatively balanced in terms of sample size. In
our sample, the average total assets of the fim$240 million (before log transformation), and
the average firm age is 15 years (177 months, béfgr transformation). On average, the market
value of the sample firms is three times their b@akue. The distributions of asset intensity,
employee intensity, and free cash flows are alsulasi to those in previous studies (e.g., Chang,
Xin, Lohwasser, and Chiu, 2022).

[Insert Table 2 here]

4. Empirical Results
4.1 Options listing and cost rigidity

Table 3 reports the baseline regression resultsolimn 1, we do not include any control
variables and control only for firm fixed effectscayear fixed effects. The regression coefficient
of AlnSales is significant and positive p( < 0.01), while the regression coefficient of
OPLigt* AlnSales is significant and negativep (< 0.05), indicating that firms’ operating costs
become less sensitive to sales volatility aftefomst listing. In column 2, we further include all

control variables and their interactions withnSales. The significant and negative € 0.01)

8 Regardless of whether we cluster standard ertdrgedirm, industry, firm-year, or industry-yeavel, our
results remain highly robust.
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regression coefficient dDPList* AInSales lends strong support to our hypothesigt is, options
listing increases the underlying firms’ cost rigydiAccording to the result in column 2, firms’ ¢tos
rigidity increases by 11.9% (= 0.082/0.689) aftex initial listing of their options, which carries
both statistical and economic significance.

[Insert Table 3 here]

4.2 Robustness Tests
4.2.1 Alternative dependent variables

In the baseline model, we define cost rigiditytlaes sensitivity of a change in operating
costs to a change in sales. Aboody, Levi, and W2&%8) and Chen, Harford, and Kamara (2019)
document that although both COGS and SG&A are tine cost components that are expected to
respond to revenue shocks, SG&A expenses (i.equress consumed for marketing and
advertising, distribution, and information techrgpld have more fixed elements. A significant
portion of SG&A expenses aims to build up intangibhpital (e.g., Lev, Radhakrishnan, and
Zhang, 2009; Eisfeldt and Papanikolaou, 2014; Peters and Taylor, 2017), making SG&A expenses
more committed than COGS. Therefore, we separéaé dperation cost into COGS and SG&A
expenses and ugdnCOGS (the log change of the cost of goods sold) AhtBG&A (the log
change of SG&A) as separate dependent variablesrddression results in Panel A of Table 4
show that the rigidity of different cost componefgisher COGS or SG&A) increases after options
listing, as evidenced by the significant regressiomefficients of the interaction terms
OPLigt* AInSalesin both columns. More importantly, the resultsigade that the increase in SG&A
rigidity is greater than that in COGS rigidity (Withe difference between the coefficients of
OPLigt* AlnSales in columns 1 and 2 being significant at the 1%elgwvhich suggests that the
change in overall cost rigidity after options Igfimainly stems from substituting fixed SG&A for

variable SG&A.
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Firms adjust their cost structure by adjusting raetivities. The extant literature has
suggested that firms can outsource in-house desvib transfer some of the risk arising from
financial constraints, demand uncertainty, andgased cost elasticity (e.g., Holzhacker, Krishnan,
and Mahlendorf, 203%Moon and Phillips, 2021; Choi, Ju, Trigeorgis, and Zhang, 2021). Therefore,
if a firm commits more fixed costs to its operasaiter options listing, its demand for outsourcing
may decrease. To test our prediction, we BGeraw (the natural logarithm of 1 plus a firm's
estimated payment amount of the purchase contraeti)C_COGS (a firm’'s estimated payment
amount of the purchase contracts normalized bgdiseof goods sold) from the outsourcing data
of Moon and Phillips (2021) to proxy for a firm'sliance on outsourcing contraétShe results in
columns 1 and 2 of Panel B show that after optimsti;ig, manufacturing firms’ estimated raw
payment amountsPC raw) and intensitiesRC_COGS) of outsourcing activities significantly
decreasep(< 0.05). Nevertheless, a flexible cost structunefiected not only in the outsourcing
decisions of manufacturing firms. In column 3, d@ling Holzhacker, Krishnan, and Mahlendorf
(2015), we examine the changes in firms’ decistonkease versus purchase assets after options
listing. The results show that after options ligtifirms prefer purchasing to leasing equipment (
< 0.01), with purchasing more equipment indicatingpre fixed resource commitments.
Collectively, the results in Panel B provide furttevidence for our baseline result from the
perspective of changes in real business activities.

[Insert Table 4 here]

4.2.2 Alternative independent variables

In the baseline model, we primarily focus on tm@act of the initial listing of options on
the underlying firms’ cost structure. However, iptions trading indeed plays a significant
informational role in firms’ cost decisions, notlpoptions listing but also options trading volume

should significantly affect cost rigidity, as maetive options trading could be more informative

% The test is performed on a small sample of manurfiag firms, because Moon and Phillips (2021) el only
manufacturing firms in their study. We thank théhaus for making the data available.
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(Roll, Schwartz, and Subrahmanyaf] 0; Johnson and So, 2012; Hu, 2014). Therefore, in Panel

C of Table 4, we replace the key independent viri@PList with common measures of options
trading volume used in previous studies and intearaam withAlnSales to examine the impact of
options trading volume on cost structdfte.

In column 1, we use the natural logarithm of Isghe annual dollar options trading volume
(InVolume) as the independent variable (Naiker, Navissi, Bmidng, 2013Blanco and Wehrheim,
2017 Chen, Ng, and Yang, 2021). The regression restitsvsthat InVolume* AlnSales is
significantly negative < 0.01), indicating that an increase in optionglitrg volume further
increases cost rigidity. In column 2, we measulatike options trading volumedtS) using the
proportion of annual options trading volume to aadratock trading volume (Roll, Schwartz, and
Subrahmanyam, 2010bhnson and So, 2012; Hu, 2014), and the result is similar to that in column
1.

In column 3, we consider an event that providegxsgenous shock to options trading
volume—the Penny Pilot Program. This program wégated by the SEC in early 2007 and ran
until 2020, with new firms being added annuallypdet firms. This program involved reducing
tick sizes for selected options classes, theretweiimg trading costs and exogenously boosting
trading volumes, liquidity, and informational effocy (Cao, Goyal, Ke, and Zhan, 2024
Anagnostopoulou, Trigeorgis, and Tsekrekos, 20B3his context, we construct a DiD estimator
(PPP), which takes the value of 1 in the post-prograzaryg for the pilot firms and 0 otherwiSe.
Again, the regression results show that when opticading volume exogenously increases due to

the Penny Pilot Program, firms’ cost rigidity sificantly rises p < 0.01). Collectively, the results

10 samples in all regressions of Panel C, Tableclyd® only firm-years with positive options tradinglume, as
previous studies on options trading volume gengiaijjue that firms with and without positive optotnading
volume differ significantly (Banco and Wehrheim, 2017; Chen, Ng, and Yang, 2021; Hsu, Ke, Ma, and Ruan,
2024). Nevertheless, even if we include firm-yeaith no options trading in the regressions, theltssn Panel
C remain highly consistent.

11 Specifically, we obtain the list of firms addedth@ program each year from CBOE announcements (see
https://www.cboe.com/us/options/market_statistissdnical_data/penny_class/ and
https://lwww.cboe.com/us/options/notices/product aipf) and manually match them with our sample based
their ticker symbols. A total of 201 pilot firmseamatched, which is consistent with Anagnostopoulou
Trigeorgis, and Tsekrekos (2023).
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in Panel C indicate the significant impact of optidrading on cost structure (whether it is the
initial listing or the later trading volume), fughdemonstrating the robustness of our findings.
4.3 Further mitigating endogeneity

Prior research showed that options listing decsseme made by options exchanges and are
largely exogenous to firm decisions (Blanco and Wehrheim, 2017; Bernile, Hu, Li, and Michaely,
2023; Brockman, Subasi, Wang, and Zhang, 2d24u, Ke, Ma, and Ruan, 2024). Therefore, in
the baseline model, we treat firms’ options listagyquasi-natural experiments and construct the
DiD estimator to get causal inference. To furthdtigate endogeneity concerns, we conduct
additional tests and report the results in Table 5.
4.3.1 Parallel trend assumption

For the DiD research design, an underlying assiomps a parallel trend between the
treatment group and the control grotipat is, there should be no significant differencéhe cost
structure dynamics of firms with and without opsdisting before the options listing events. We
use an event study to test this key assumptiorcifggaly, we replace the indicat@PList in the
baseline model with seven indicator variablgse-3, pre_2, pre_1, current, post_1, post_2, and
post_3—which represent three years before, two yearsrbgémd one year before the year of the
options listing, and one year after, two yearsrafied three or more years after the initial ligtin
of options. The regression results in column 1 shivat the interaction terms between the pre-
options listing indicators andlinSales are all insignificant, indicating no significanffdrence in
cost structure dynamics between the treatment gimpgpons listing firms) and the control group
(no options listing firms). Starting from the ye#rthe initial listing of options, however, the tos
rigidity of the treatment group samples beginsigmificantly increase compared with the control
group (the regression coefficients of the postapsi listing indicatorsAlnSales are all
significantly negative at the 10% level or higharghange that is illustrated in Figure 1. Themfor
the validity of the parallel trend assumption ferthstrengthens our confidence in the causal

inference.

20



[Insert Table 5 here]

4.3.2 Placebo test

If our results were driven by random factors onfoonding events, then randomly
selecting some firms as the treatment group ardbraty assigning their options listing time might
also vyield treatment effects similar to our baseliasult. Based on this intuition, we conduct a
placebo test. Specifically, we randomly select §iras options listing firms and randomly assign
sample years as the years of the initial listinghefir options to construct a simulated treatment
indicator,sim_OPList. Then, we replace the actual treatment vari@bleist in the baseline model
with sm_OPList and obtain the placebo treatment effects. Nextepeat the previous two steps
1000 times. Finally, we plot the empirical disttilom of the 1000 placebo treatment effects in
Figure 2. Clearly, the simulated treatment effeats concentrated around O (i.e., the placebo
treatment effects are not significantly differerdrh 0). Further, the real treatment effect, marked
by the solid vertical line, differs greatly frometiplacebo treatment effects (the difference between
the placebo treatment effects and the real tredtefact is significant at the 1% level). Therefore
the result of the placebo test further helps usouk potential confounding effects from unobserved
random factors or events.
4.3.3 Additional fixed effects

We incorporate additional fixed effects to furthemitigate concerns about omitted
variables. Although we have controlled for year fimd fixed effects in the baseline model, some
industry characteristics, such as the industryclfee, may be time-varying and cannot be captured
by static firm fixed effects. Therefore, in colurBnwe addvear* Industry high-dimensional fixed
effects to control for more unobservable factoet thary with time and industries. The regression
coefficient ofOPList* AInSalesin column 2 is significantly negative at the 1%dg\ndicating that
our baseline result remains valid after controlfiogmore potentially omitted variables.

4.3.4 Propensity score matching (PSM) and entropyabancing (EB)
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Firms with options listing could be significandifferent from those with no options listing
in various firm characteristics, which may alsduefice cost structur@herefore, following Blanco
and Wehrheim (2017) ardisu, Ke, Ma, and Ruan (2024ye adopt two matching methods to control
for observed differences in firms’ cost structuegvieen firms with and without options listinm
PSM, we use a logit regression with all the conteoiables in the baseline model to estimate the
probability of a firm having options listing. Nextie match (with replacement) each firm with
options listing to a firm without options listingna require the difference in the estimated
probabilities to be no greater than 0% olumn 3 reports the regression result using PSM-
matching samples. tlike PSM, we do not drop any observations withEBemethod but give each
observation an entropy balancing weight to obtaiear-perfect covariate balance. We divide samples
into treatment and control groups and then use EBthe first-order moment (i.e., mean) of all coht
variables in the baseline model to calculate theopg balancing weights. Column 4 reports the
regression result of the weighted sample. The mefits of OPList* AInSales remain significant in
both columns 3 and 4 (< 0.01), which suggests that our baseline resullisist to accounting for
observable differences between firms with optigstinig and firms without options listing.
4.4 Cross-sectional analysis

In the previous sections, we concluded that optiisting increases the underlying firms’
cost rigidity, a result that remains consistentoasra series of robustness checks and after
addressing endogeneity concerns. In this sectieriuther examine whether the impact of options

listing on firms’ cost structure aligns with oufiefent options trading narrative that suggests tha

2 The results remain largely consistent regardl#fssvhat matching estimators we choose—for example,
matching with replacement versus without replacdpmaatching one firm with options listing to onerses two
firms without options listing, and caliper = 0.00&rsus 0.01 versus 0.05.

13 Untabulated results indicate that EB significaméguces the differences in the mean, varianceskeaness
of the control variables between the two groups.dlgerve similar results if we use EB with the sekorder
moment (i.e., variance) or the third-order momeat,(skewness) of all control variables to caltutae weights.
14 Although PSM and EB help to reduce observabledifices between the treatment group and the caontrap,
matching based on covariates cannot eliminaterdifiees in the other unobservable characteristiosofe direct
test is to regress with only observations of firwith options listings, as these samples are likelype more
similar in both observable and unobservable charstics. In this case, there is no firm whose@piare never
listed during the sample period (i.e., no "neveated" group). Instead, the later-listed firms eaas the control
group for the earlier-listed firms. Untabulated ules show that our baseline result is highly robusthis
subsample.
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options trading mitigates financial constraints andnagers’ bad-news hoarding incentive by
enhancing the value-relevant information flows.
4.4.1 Financial constraints

First, higher information asymmetry is often asaten with a higher cost of capital and
more limited access to external financing (Armsgro@ore, Taylor, and Verrecchid011;
Lambert, Leuz, and Verrecchia, 2012). Thereforepifons listing alleviates financial constraints
and thus motivates firms to undertake more fixegdiments, we should observe that the impact
of options listing on cost rigidity is more pronaed in firms with a higher level of information
asymmetry, in which the marginal effect of increitaimformation flows from options listing in
reducing information asymmetry and thereby lowefimgncial constraints is stronger. We use
two variables to measure the degree of informatispmmetry between firms and the market,
including the (absolute value of) analyst fore@asbr and bid-ask spread in stock prices (Zhang,
2006 Cho, Lee, and Pfeiffer, 2013). The variables ofliest are the three-way interaction terms,
error* OPList*4lnSale and spread* OPList* 4InSale. The regression results in Panel A, Table 6,
demonstrate that our baseline result is strongdirims with a higher degree of information
asymmetry (i.e., firms with a higher analyst forgcarror and a larger bid-ask spread in stock
prices) f < 0.01 in both tests). These results support th@mdhat options listing enhances
information flows in firms with higher informatioasymmetry and alleviates firms’ financial
constraints, subsequently increasing cost rigidity.

We then conduct additional cross-sectional testerbploying variables that are widely
used in the literature to measure firms’ financiahstraints. The proxies we use include \tha/
index (Whited and Wu, 2006) and t8A index (Hadlock and Pierce, 2010). The regression results
in columns 1 and 2 of Panel B, Table 6, show thatoaseline result is more pronounced in firms
with higher financial constraints (i.e., a high®¥V index and a highefA index) (p < 0.05 in both
columns 1 and 2). In column 3, we measure firnmgfficial constraints according to whether a firm

has a long-term credit rating. Following previotisdges, we classify firms as having no credit

23



rating,Norating, if their long-term debt is not rated by Stand&rBoor’s or their debt is in default
(Almeida, Campello, and Weisba)04; Denis and Sibilkov, 2010). In column 4, we measure
firms’ financial status according to the divideralyput ratio,Payout. The findings in columns 3
and 4 suggest that the effect of options listingost rigidity is stronger in firms without a credi
rating and with a lower dividend payout ratio—tigtfirms that are financially constrainegl <
0.01 in both columns 3 and 4). Hence, the resnlt$able 6 provide consistent evidence that
reducing financial constraints is a possible memanhrough which options listing increases cost
rigidity.

[Insert Table 6 here]

4.4.2 Managers’ bad-news hoarding incentive

In this section, we test whether options listingdg to a higher cost rigidity by mitigating
managerial career concern and thus their incentivesard bad news. We daiss Avoidance to
one when a firm-year’s income before extraordirigemns (scaled by beginning assets) falls into a
small positive interval (i.e., [0, 0.01]) and 0 ettvise (Kama and Weiss, 203)ama and Weiss
(2013) argue that managers with career concernddwaxoid market punishment by barely
avoiding losses. We therefore use a small posititigrn-on-assets ranging between 0 and 0.01 as
a proxy for managers’ incentive to avoid reporiimgses. We then test the impact of options listing
on cost rigidity conditional on managers’ loss aavice incentive, captured by the coefficient of
Loss Avoidance* OPList*4InSale. Column 1 in Table 7 shows a significantly negatioefficient
of Loss_Avoidance* OPList* dInSales (p < 0.01), indicating that options listing increafiess’ cost
rigidity more in firms in which managers have asger incentive to avoid loss.

We perform similar tests in columns 2 and 3 of €ahllf managers choose an elastic cost
structure to achieve a better and more stable eaiace result, they are more likely to do so in

firms with higher short-sale constraints in whiakbsequent stock price crash risk is higher.

15 The results are similar regardless of whether efend the upper limit of the small positive intelraa 0.01—
0.05.
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However, when options trading allows investors twfip from negative information by
circumventing the short-sale constraints, managees more likely to switch to a rigid cost
structure. In other words, when options listingréases cost rigidity by promoting information
flow, such an effect should be stronger in firmghwek ante higher short-sale constraints, in which
managers have a stronger incentive to report stataldavorable performance.

We first measure short-sale constraints usimgtitutional_Ownership (the ratio of total
shares owned by institutional investors to totarek outstanding), because lower institutional
ownership indicates a lower supply of lendable lstmad therefore higher short-sale constraints
(Hu, 2014). Furthermore, short-sale constraints beagxacerbated if short-sale demand increases,
given the limited supply. Therefore, our second snea of short-sale constraintsshort-sale
congraints, is the gap between short interest (the annuabgeeratio of shares sold short for a
given firm in a given month to the monthly sharatstanding) and institutional ownership, with a
larger gap indicating that lendable stock is marshort supply and that short-sale constraints are
more severe (Chen, Hong, and Stein, 200yuith, Pathak, and Ritter, 2008)The results are
presented in columns 2 and 3 of Table 7. We firzd dptions listing significantly increases cost
rigidity in firms subject to higher short-sales stmints, as reflected by the significantly postiv
coefficient ofinstitutional_Owner ship* OPList* AInSales (column 2) p < 0.05) and the significantly
negative coefficient oshort-sale_Constraints® OPList* AInSales (column 3) p < 0.05).

[Insert Table 7 here]

5. Additional Analyses Related to the Cost Structug Literature
In this section, we perform additional tests toraiee the impact of options listing on firms’
cost structure choices. Banker, Byzalov, and PE@hjowich (2014) propose demand shock as an

important determinant of cost rigidity. In partiaul they identify a “congestion cost” when firms

16 wWe do not use short interest alone as an altemateasure because higher short interest withamgidering
the supply of lendable stock does not reliablydatk higher short-sale constraints (Chen, Hong Sdeith, 2002
Autore, Boulton, and BragAlves, 2015).
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cannot quickly expand production capacifyThey argue that firms with greater demand
uncertainty should adopt a rigid cost structuresthuce the congestion cost, because an unusually
positive demand shock is more likely to be realiaé@n demand uncertainty is larger. While we
explained the effect of options listing on costisture in terms of enhanced information flow in
the previous analysis, we examine in this sectimn bptions listing affects cost structure when
considering firms’ demand uncertainty. Our earl@ralyses document that options trading
improves firms’ information environment, reduces i’ financing constraints, and encourages
firms to commit more internal resources and in@easst rigidity. Following Banker, Byzalov,
and Plehn-Dujowich (2014), we expect such an effette stronger in firms with higher demand
uncertainty to the extent that firms would reducagestion cost and capitalize on the positive
demand shock. In column 1 of Table 8, we measuneadd uncertainty with sales uncertainty,
Sales Uncertainty, which is the standard deviation of log-changesaies for a firm in the sample
period (Banker, Byzalov, and Plehn-Dujowich, 2014).

To substantiate the findings with the sales unaeyaneasure, we redo the test in column
2 of Table 8 with another measure of demand uniogyte8milarity. This is the product market
similarity measure constructed by Hoberg and RisiR016): Chang, Hall, and Paz (2021) argue
that a competitive supplier market will shift tharpaining power to strong customers. To secure
their relationship with the customers, the suppli|erthe industry will make more relationship-
specific investments, which are largely fixed. ims the results from Table 8 indicate that firms
facing more demand shocks (i.e., when sales are wnemiable and/or when products are more

replaceable in the product market) undertake mixedfinvestments, consistent with Banker,

17 Nevertheless, Kallapur and Eldenburg (2005) haveumter argument here. Based on a real-optiorosythu
investment, Kallapur and Eldenburg (2005) infett thacertainty leads firms to prefer production wikv fixed
and high variable costs. Managers should have grélakibility to respond to changes in businesaditions
when upfront (fixed) costs are lower. Because tlaes of such flexibility increases with uncertaintyanagers
will prefer production technologies with high vdria and low fixed costs when uncertainty increa€egut in
a simple way, real-options theory implies that o of variable to fixed costs in the cost stuetshould be
higher in firms with higher uncertainty.

8 Smilarity is a recently developed, text-based product markatpetition proxy, derived from firms’ 10-K
product descriptions (Hoberg and Phillips, 201#)isTs a firm-level, time-varying measure capturitgnges in
competitive landscapes more quickly than traditiamdustry-based measures.
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Byzalov, and Plehn-Dujowich (2014). More importgnilve find that options listing strengthens
this result, as evidenced by significantly negative coefficients of
Sales Uncertainty* OPList*AlnSales and Smilarity* OPList*AlnSales (p < 0.01 andp < 0.05,
respectively). It is possible that options listintgakes external financing more accessible and
therefore renders firms’ fixed investments morelijk

[Insert Table 8 here]

6 Conclusion

Understanding how managers adjust their firms’ stisictures is a fundamental issue in
cost accounting (Garrison, Noreen, and Brey2®1.2; Horngren, Datar, and Rajan, 2012). We use
options listing as a test setting and find thah&rincrease the proportion of fixed costs relative
variable costs when they have options listed orsthek exchange, and this holds especially for
the SG&A cost component. The results are robustddifications in the fixed effects included in
the tests, the sample constructions, and the erapiriethods used to control for the endogeneity
concern in the association between cost structwteoptions listing. Cross-sectional tests suggest
that the effect of options listing on firms’ costusture is stronger in firms with higher financial
constraints and/or higher career concerns (i.@,glopensity to report stable and favorable
operational results). The findings indicate thaiays listing encourages firms to replace variable
investments with fixed ones by relaxing financiahstraints and/or reducing the likelihood of
managers being penalized by the market becauseeropdrary shortfalls in operational
performance.

Highlighting the implications that options listicgn have for firms’ operations, our results
can be important to investors. The improvementandparency and information flow following
options listing partly induces an increase in firmerational leverage. Consequently, firms may
be more inclined to engage in risk-taking behayiptssuing strategies that could lead to higher

rewards but also greater potential downsides. f@stors, recognizing these dynamics is crucial,
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as it can influence the assessment of a firm’snfife health and strategic direction, so investors

should navigate their investments accordingly.
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Appendix A: Definitions of Variables

Variables

Definition Data sourc

Dependent variables
AINOPR

AInCOGS
AINSG&A

PC_raw

PC_COGS

LeasevsBuy

Independent variables

AlnSales

OPList

InVolume

otS

PPP

error

spread

Change in the natural logarithm of operatingRSP/Compustat
costs in yearrelative to yeat-1. Operating costs Merged

equal the sum of the cost of goods sold and

SG&A costs

Change in the natural logarithm of the cost @fRSP/Compustat

goods sold in yedt relative to yeat-1. Mergec
Change in the natural logarithm of SG&A cosSRSP/Compustat
in yeart relative to yeat-1. Mergec

Natural logarithm of 1 plus a firm’s estimate®loon and Phillips
payment amount within the closest fiscal ye&2021)

under all of the purchase contre.

A firm’s estimated payment amount within th&loon and Phillips
closest fiscal year under all of the purchag2021)

contracts normalized kthecost of goods sol

Lease and rental costs divided by the sum @RSP/Compustat
depreciation/amortization and lease and renkérged

COSS.

Change in the natural logarithm of sales revenG&RSP/Compustat
in yeart relative to yeat-1. Mergec

An indicator variable that takes the value of 1 i@ptionMetrics
the post-options-listing years for firms with

listed options and O otherwise. We define a

firm’s options listing date as the first date on

which it appears in the OptionMetrics datab

Natural logarithm of 1 plus the annual dollaDptionMetrics
options trading volume. We multiply the daily

trading volume with the midpoint of the end-of-

day bid and ask prices for each options contract

on a stock. Then, we aggregate all listed options

on a stock across all trading days annually to get

the annual dollar options trading volu.

Annual options trading volume to annual stodRptionMetrics
trading volume CRSF

An indicator variable that takes the value of 1 @BOE

the post-PPP (Penny Pilot Program) years for thienouncements
pilot firms and O otherwis:

Analyst forecast error measured by the absolUBES

value of the difference between a firm's actual

EPS and its consensus (median) forecast EPS,
normalized b thestock closing prict

Annual average of the daily high-low bid-askRSP
spread of stocks normalized by the stock closing

price

The SA index is calculated &\ = -0.737"Sze  CRSP/Compustat
+0.043*9ze? - 0.040*Age, whereSze equals the Merged

log of inflation-adjusted book assets afgk is

the number of years the firm is listed with a non-

missing stock price on Compustat. In calculating

this indexSzeis winsorized (i.e., capped) at (t
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Norating

Payout

Sales Uncertainty

Smilarity

Loss Avoidance

Institutional _Ownership

Short_Interest

Short-sale_Constraints

Control variables

Sze

Age

MtB

Al

El

log of) $4.5 billion, andAge is winsorized at 37

yeas, following Hadlock andPierce (2010).

TheWW index is calculated a8W = -0.091*CF CRSP/Compustat

- 0.062*DIVPOS + 0.021*TLTD - 0.044*LNTA Merged

+ 0.102*|SG - 0.035* SG, whereCF is the ratio

of cash flows to total asset®IVPOS is an

indicator that takes the value of 1 if the firm pay

cash dividendsJLTD is the ratio of long-term

debt to total assetsNTA is the natural logarithm

of total assetd,SG denotes the firm's three-digit

industry sales growth, an8G represents the

firm's sales growtl

Firms are classified adorating if they have not S&P Credit Ratings

had their long-term debt rated by Standard &

Poor's (the initial credit rating date is not

available in the S&P credit ratings database or

beyond our sample period) or their debt is in

default (rating of D or SD

Dividend payout ratio calculated as the tot&RSP/Compustat

amount of dividends declared on thilerged

common/ordinary capital of the company

divided by net incom

Standard deviation of log-changes in sales for BIRSP/Compustat

valid observations of a firm in the sample pel Mergec

Product similarity measure developed by Hobekpberg and Phillips

and Phillips (2016) using textual analysis ¢2016)

firms’ product descriptions in their -K filings.

An indicator variable that takes the value of CGRSP/Compustat

when a firm's annual income beforéerged

extraordinary items to beginning asset is in the

interval [0, 0.01 and O otherwis

Ratio of total shares owned by institutionalhomson Reuters

investors to total shares outstanding. Institutional (13f)
Holdings

Annual average of shares sold short for a giv@ompustat

firm in a given month divided by the monthly

sharesoutstanding

Calculated as Short_Interest - Thomson Reuters

Institutional_Ownership. Institutional (13f)
Holdings; Compuste

Natural logarithm of a firm’s total assets. CRSP/Compustat
Mergec

Natural logarithm of the months between tHeRSP/Compustat
current month and the first month that a stodkerged

appears in CRS

Firm's market value (shares outstanding*closi@RSP/Compustat
price) to book value (stockholders' equity Merged

deferred taxes + investment tax credit - preferred

stock)
Asset intensity, calculated as the ratio of tot@IRSP/Compustat
assets to sales rever Mergec

Employee intensity, calculated as the tot&IRSP/Compustat
number of employees scaled by sales revi Mergec
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FCF

Free cash flows, calculated as cash flows frad@RSP/Compustat
operating activites minus common anierged
preferred dividends scaled by the total as
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Figure 1: Parallel trend test
This figure depicts the results of the parallehttéest. The horizontal axis represents the intefvsample years
relative to the firms' options listing years, whilee vertical axis represents the dynamics of thasf cost
structure. We treat period -4 and earlier as ttselrze group, and the period after 3 is winsorizegeriod 3. The
dashed area represents the 90% confidence interval.
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Figure 2: Placebo test
This figure displays the empirical distribution b&t1,000 placebo treatment effects obtained frarptacebo
test as detailed in Section 4.3.2 and the reainresat effect. The empirical distribution of the ggho treatment
effect is displayed in the histogram overlaid wathormal curve. The solid vertical line is addedniark the
real treatment effect derived from the baselingaggjon result in Table 3.
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Table 1: Sample distribution

This table presents the sample distribution. Pahelsd B detail the distribution of the sample ts¢él year and
Fama—French 48 industries, respectively.

Panel A: Sample distribution by fiscal year

Fiscal yea Frequenc Percer Fiscal yea Frequenc Percer
199¢ 2,03t 4.6¢ 201C 1,48: 3.41
1997 2,401 5.5¢ 2011 1,39¢ 3.22
199¢ 2,43¢ 5.6C 201z 1,29(C 2.97
199¢ 2,38( 5.4¢ 201¢ 1,267 2.92
200( 2,10¢ 4.8t 201¢ 1,23¢ 2.8t
2001 2,11z 4.8¢ 201¢ 1,151 2.6t
200z 2,07¢ 4.717 201¢ 1,08¢ 2.
200¢ 2,137 4.9z 2017 1,05z 2.4z
200¢ 2,19¢ 5.0t 201¢ 97z 2.2¢
200¢ 2,16( 4.97 201¢ 89¢ 2.07
200¢ 2,11¢ 4.87 202( 84z 1.9¢
2007 1,98t 4.57 2021 834 1.92
200¢ 1,63¢ 3.7¢ 202z 69¢€ 1.€
200¢ 1,46¢ 3.37
Total 43,44t 10C

Panel B: Sample distribution by Fama—French 48 indstries
Industry cod Industry nam Frequenc Percer

1 Agriculture 212 0.4¢
2 Food Produc 984 2.2¢
3 Candy and Soc 13C 0.2

4 Beer and Liguc 22€ 0.52
5 Tobacco Produc 57 0.1<
6 Recreatio 437 1.01
7 Entertainmer 71% 1.64
8 Printing and Publishir 31€ 0.7
9 ConsumeiGood: 731 1.6¢
10 Appare 83t 1.92
11 Healthcar 1,05¢ 2.4%
12 Medical Equipmer 1,77¢ 4.0¢
13 Pharmaceutical Produ 1,63: 3.7€
14 Chemical: 86¢ 2

15 Rubber and Plastic Produ 454 1.04
16 Textiles 20¢< 0.47
17 Construction Materia 1,09¢ 2.5%
18 Constructiol 74% 1.71
19 Steelworks, Eti 74z 1.71
20 Fabricated Produc 18¢ 0.4<
21 Machinen 1,88¢ 4.34
22 Electrical Equipmet 89:¢ 2.0€
23 Automobiles and Trucl 797 1.8%
24 Aircraft 33t 0.77
25 Shipbuilding, Railroad Equipme 14E 0.3¢
26 Defens: 78 0.1¢
27 Precious Meta 23¢ 0.5t
28 Non-metallic and Industrial Metal Minir 271 0.62
29 Coa 14z 0.32
30 Petroleum and Natural G 1,25¢ 2.8¢
32 Communicatio 1,65¢ 3.81
33 Personal Servici 711 1.64
34 Business Servic 7,08¢ 16.3¢
35 Computer 1,811 4.17
36 Electronic Equipmel 3,12( 7.1¢
37 Measuring and Control Equipmt 1,07: 2.47
38 Business Suppli 59t 1.37
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39 Shipping Containe 14€ 0.34
40 Transportatio 1,61: 3.71
41 Wholesal 2,01¢ 4.64
42 Retai 2,501 5.7¢€
43 Restaurants, Hotels, Mot 1,10z 2.54
48 Almost Nothing 571 1.31
Total 43,44 10C
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Table 2: Summary statistics

This table presents the descriptive statistichiefkey variables in the baseline moddhOPR is the change in
the natural logarithm of operating costs in yealative to yeat-1. Operating costs equal the sum of the cost of
goods sold and SG&A costslnSales is the change in the natural logarithm of saleemee in yeat relative to
yeart-1. OPList is an indicator variable that takes the value @i the post-options-listing years for firms with
listed options and 0 otherwis@zeis the natural logarithm of a firm’s total assétge is the natural logarithm of
the months between the current month and therficsith that a stock appears in CR&®B is a firm's market
value divided by the book valual is the asset intensity, calculated as the ratiotaf assets to sales revenke.
is the employee intensity, calculated as the twahber of employees scaled by sales revelRGE. is free cash
flows, calculated as the cash flows from operatingivities minus the common and preferred dividescied
by the total assets. Detailed definitions of thealdes can be found in Appendix A.

Ob:s Mear SD p2t Mediar P7t
AINOPR 43,44 0.07¢ 0.201 -0.02¢ 0.06( 0.167
AlnSales 43,44 0.07: 0.211 -0.032 0.057 0.17¢
OPList 43,44 0.45( 0.497 0.00( 0.00( 1.00C
Sze 43,44 5.481 1.841 4,16¢ 5.35( 6.62(
Age 43,44 5.17¢ 0.70(¢ 4.68: 5.12¢ 5.70¢
MtB 43,44 2.90¢ 3.457 1.11¢ 1.85( 3.25(
Al 43,44 1.32¢ 1.96¢ 0.67¢ 1.00¢4 1.53¢
El 43,44 0.00¢ 0.011 0.00¢ 0.00¢ 0.00¢
FCF 43,44 0.06: 0.11(¢ 0.01¢ 0.07( 0.117
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Table 3: Baseline regression results

This table presents the baseline restllsOPR is the change in the natural logarithm of operptiasts in year
relative to yeat-1. Operating costs equal the sum of COGS and SGésAs AlnSalesis the change in the natural
logarithm of sales revenue in ydaelative to yeat-1. OPList is an indicator variable that takes the value of 1
the post-options-listing years for firms with lidt@ptions and 0 otherwise. Detailed variable dééins are
provided in Appendix A. Standard errors are cliedesn the firm-year level. **p < 0.01, **p < 0.05, *p < 0.1.

t-statistics are reported in parentheses.

- (1) (2)
Variables AINOPR AINOPR
AlnSales 0.803*** 0.689***
(154.71 (22.18
OPList 0.011%** 0.006***
(5.15 2.79
OPList* AlnSales -0.021** -0.082***
(-2.53 (-8.56
Size 0.028***
(14.72
Size* AInSales 0.036***
(12.97
Age -0.035%**
(-10.29
Age* AlnSales -0.00¢
(-1.52
MtB -0.001**
(-2.22
MtB* AInSales -0.003**
(-2.52
Al -0.00¢
(-1.07’
Al* AlnSales -0.007***
(-2.60'
El 0.816***
(5.00
ElI* AInSales 0.752**
(2.09
FCF -0.144***
(-15.23
FCF* AlnSales 0.261***
(6.22
Constar 0.014*** 0.054***
(12.78 (2.88
Firm FE: YES YES
Year FE: YES YES
N 50,53¢ 43,44*
Adj. R? 0.7¢ 0.7¢
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Table 4: Robustness checks
This table presents the results of robustness shé&xdtailed variable definitions are provided inp&pdix A.
Controls include all the control variables and their int#i@ns with AlInSales in the baseline model. Standard
errors are clustered at the firm-year level. Weawbthep-value for the difference i@PList* AInSales between
groups using a Z-test. **p < 0.01, **p < 0.05, *p < 0.1.t-statistics are reported in parentheses.

Panel A: Different cost components as alternativeependent variables

; a) 2)
Variables AINCOGS AINSG&A
AlnSales 1.038*** 0.470***
(24.25 (8.87
OPList -0.00¢ 0.008**
(-0.11 (2.14
OPList*AlnSales -0.026° -0.091***
(-1.77 (-6.40'
Controls YES YES
Firm FE: YES YES
Year FE: YES YES
p-value of coefficient differenc 0.007+**
N 40,89¢ 40,90(
Adj. R? 0.6€ 0.42
Panel B: Outsourcing as alternative dependent variale
; ()] 2) 3
Variables PC raw PC_COGS LeasevsBuy
OPList -0.097** -0.010** -0.006***
(-2.05 (-2.04 (-2.74
Sze 0.587*** 0.015*** -0.043***
(13.72 (2.96 (-28.67
Age 0.544*** 0.038*** 0.001
4.27 (2.88 (0.24
MtB 0.013** 0.002** 0.001***
(2.28 (2.54 (4.15
Al -0.195%** 0.01( 0.00(¢
(-3.82 (1.31 (0.36
El -0.94( 1.72¢ -0.04:
(-0.12) (1.62 (-0.23
FCF -0.09¢ -0.02% -0.00:
(-0.73 (-1.43 (-0.39
Constar -4.280*** -0.217*** 0.575%*
(-5.98 (-2.84 (27.69
Firm FE: YES YES YES
Year FE: YES YES YES
N 7,22% 7,32t 39,40(
Adj. R? 0.8¢ 0.6€ 0.84
Panel C: Options trading volume as alternative indpendent variable
i A1) ) 3)
Variables AINOPR AInOPR AINOPR
AlnSales 0.477** 0.476*** 0.675***
(8.74 (8.67 (11.10
InVolume 0.012***
(9.78
InVolume* AlnSales -0.027***
(-6.19
Ots 0.088***
(5.33
OtS*AlnSales -0.227***
(-3.77
PPP -0.00:
(-0.51
PPP*AlnSales -0.148***
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(-3.94

Controls YES YES YES
Firm FE: YES YES YES
Year FE: YES YES YES
N 18,02¢ 18,02¢ 26,13t
Adj. R? 0.77 0.77 0.71
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Table 5: Further strengthening causal inference
This table presents the results of further tesssrengthen causal inference. The dependent variakll columns

is AINOPR. pre_3, pre_2, pre_1, current, post_1, post_2, andpost_3 represent three years before, two years
before, and one year before the year of optiotiadisand one, two, and three or more years afigomws listing,
respectively. Other variable definitions are preddn Appendix AControlsinclude all the control variables and
their interactions witmInSales in the baseline model. Industry fixed effects based on the Fama-French 48
classification. Standard errors are clusteredeafitm-year level. ***p < 0.01, **p < 0.05, *p < 0.1.t-statistics
are reported in parentheses.

: 1) 2 (3) 4
Variables Parallel tren High-dimensional FE PSN-DID Entropybalancing
AlnSales 0.668*** 0.672%** 0.633*** 0.707***
(20.82 (21.60 (12.07 (19.95
OPList 0.007*** 0.007* 0.007***
(3.17 (1.82 (2.82
OPList*AInSales -0.080*** -0.068*** -0.073***
(-8.45 (-4.50; (-6.98
pre_ 3 0.001
(0.13
pre 2 -0.001
(-0.25;
pre 1 -0.015**
(-3.07
current 0.00:
(0.65
post_1 0.013***
(3.65
post_2 -0.00¢
(-1.13
post_3 -0.010***
(-3.15]
pre_3*AlnSales 0.00c
(0.01
pre_2*AlnSales 0.03(
(1.34
pre_1*AlnSales 0.01:
(0.86
current* AlnSales -0.026*
(-1.83;
post_1*AlnSales -0.056***
(-4.48;
post_2*AlnSales -0.036**
(-2.29;
post_3*AlnSales -0.080***
(-7.45;
Controls YES YES YES YES
Firm FE: YES YES YES YES
Year FE: YES NO YES YES
Year*Industry FE NO YES NO NO
N 43,44t 43,42« 15,65 43,44:
Adj. R? 0.7¢ 0.7¢ 0.7€ 0.77
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Table 6: Cross-sectional tests on financial constirsts
This table presents the results of the cross-seittests on financial constraints. Variable défims are provided
in Appendix A.Controls include all the control variables and their intgi@ns with AInSales in the baseline
model. Standard errors are clustered at the firar-J@vel. *** p < 0.01, **p < 0.05, *p < 0.1.t-statistics are
reported in parentheses.

Panel A: Information asymmetry measures

: 1) (2)
Variables AINOPR AINOPR
AlnSales 0.542+** 0.677**
(12.90 (20.27
OPList 0.013*** 0.009***
(4.99 (3.94
OPList* AInSales -0.086*** -0.065***
(-7.29 (-6.15
error 0.01-2
(0.58
error*OPList 0.059*
(2.90
error* AlnSales 0.04:
(0.46
error* OPList* AlInSales -0.457***
(-2.83
spread -0.014***
(-9.04
spread* OPList -0.023***
(-3.68
spread* AlInSales -0.001
(-0.10
spread* OPList* AInSales -0.086***
(-3.28
Controls YES YES
Firm FE: YES YES
Year FE: YES YES
N 24,77 43,27
Adj. R? 0.8( 0.7€
Panel B: Financial constraint measures
: 1) (2) 3) (4)
Variables AINOPR AINOPR AINOPR AINOPR
AlnSales 0.76(*** 0.763** 0.677** 0.70Q5%**
(20.99 (23.71 (17.34 (21.90
OPList 0.064*** 0.018*** -0.00z 0.008***
(4.98 (3.91 (-0.40 3.72
OPList* AInSales -0.209*** -0.116*** -0.040° -0.082***
(-4.09 (-5.40 (-1.92 (-7.85
SA -0.039***
(-4.84
SA*OPList -0.07(x**
(-4.29)
SA* AlnSales 0.017%**
4.72
SA*OPList* AInSales -0.038**
(-2.45
WW 0.01¢
(1.28
WW* OPList -0.390x==
(-6.30)
WW* AlnSales 0.048***
(3.44
WW*OPList* AInSales -0.167**
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(-2.13

Norating 0.00¢
(0.76
Norating* OPList 0.011*
(2.55
Norating* AInSales 0.02(
(1.04
Norating* OPList* AInSales -0.051**
(-2.20
Payout -0.00z
(-1.48
Payout* OPList -0.001
(-0.88
Payout* AInSales -0.00z
(-0.34
Payout* OPList* AInSales 0.025**
(2.43
Controls YES YES YES YES
Firm FE: YES YES YES YES
Year FE: YES YES YES YES
N 42,66¢ 43,28: 43,44t 32,15:
Adj. R? 0.7¢ 0.7¢ 0.7¢ 0.8¢€
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Table 7: Cross-sectional tests on managers’ bad-newoarding incentive

This table presents the results of the cross-gadtitests on managers’ incentive to avoid reportosses.
Variable definitions are provided in Appendix @ontrols include all the control variables and their intdi@ns
with AInSalesin the baseline model. Standard errors are cledtatrthe firm-year level. **p < 0.01, **p < 0.05,
* p < 0.1.t-statistics are reported in parentheses.

; ) (2) (©)]
Variables AInOPR AINOPR AINOPR
AlnSales 0.666+** 0.62¢** 0.552x**
(21.02 (16.35 (10.00
OPList 0.004** 0.016%** 0.011**
(2.16 (3.21 (2.08
OPList* AlInSales -0.050*** -0.139*** -0.136***
(-5.67 (-6.17 (-5.19
Loss_Avoidance -0.006***
(-2.70
Loss_Avoidance* OPList 0.00¢
(1.31
Loss_Avoidance* AlInSales 0.095***
(5.49
Loss Aviodance* OPList* AInSales -0.080***
(-2.83
Institutional_Ownership 0.022%**
(3.12
Institutional_Ownership* OPList -0.017**
(-2.18
Institutional_Ownership* AlInSales -0.048*
(-1.86
I ngtitutional_Ownership* OPList* AInSales 0.093**
(2.45
Short-sale_Constraints -0.00¢
(-1.11
Short-sale_Constraints* OPList 0.00¢
(.09
Short-sale_Constraints* AlnSales 0.01z
(0.37
Short-sale_Constraints* OPList* AInSales -0.098**
(-2.11
Controls YES YES YES
Firm FE: YES YES YES
Year FE: YES YES YES
N 37,54: 31,07¢ 23,56¢
Adj. R? 0.8 0.8C 0.7¢
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Table 8: Cross-sectional tests on product market fzors

This table presents the results of the cross-geddtitests on product market factors. Variable digdins are
provided in Appendix AControls include all the control variables and their intgi@ns with AlInSales in the
baseline model. Standard errors are clusterectdirth-year level. ***p < 0.01, **p < 0.05, *p < 0.1.t-statistics
are reported in parentheses.

i () )
Variables AINOPR AINOPR
AlnSales 0.918** 0.752**
(23.37 (20.52,
OPList 0.00¢ 0.00<
(1.30 (.31
OPList* AInSales -0.00¢ -0.049***
(-0.17 (-4.19,
Sales_Uncertainty* OPList -0.017
(-0.52
Sales_Uncertainty* AlInSales -0.395%***
(-7.18
Sales_Uncertainty* OPList* AInSales -0.24 1%+
(-2.76
Smilarity 0.001
(12.13
Smilarity* OPList 0.001
(1.18
Similarity* AInSales -0.011%**
(-4.34,
Similarity* OPList* AInSales -0.008**
(-2.33
Controls YES YES
Firm FE:¢ YES YES
Year FE YES YES
N 43,44t 37,74
Adj. R? 0.7¢ 0.7¢
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