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Abstract 

This thesis examines how investors can use knowledge about FDA approval announce-

ments for U.S.-listed medical-device firms. While FDA approvals have been widely stud-

ied in pharmaceutical and biotechnology settings, evidence specific to medical devices 

remains limited despite important differences in regulation, commercialization, hospital 

adoption, reimbursement, and post-approval execution risk. Using a short-horizon event-

study framework, the thesis estimates cumulative abnormal returns (CARs) around FDA 

approval announcements and tests whether reactions are associated with firm-level char-

acteristics, including R&D intensity, CAPEX intensity, size, leverage, ROA, and asset 

turnover. The results show statistically significant negative average CARs across all ex-

amined event windows, suggesting that approvals are not uniformly interpreted as posi-

tive valuation shocks in the medical-device sector. Instead, they appear to function as 

information-resolution events in which investors reassess expectations, commercial un-

certainty, and execution risk. Firm characteristics further help explain variation in these 

reactions: R&D intensity is generally associated with less negative CARs, while size, 

leverage, profitability, and operating efficiency are linked to more muted or negative re-

sponses in several fixed-effects specifications. The findings suggest that investors should 

treat anticipated FDA approval announcements as short-horizon risk events and interpret 

them in relation to the approving firm’s financial and operational profile.  
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1 Introduction 

1.1 Background 

Medical-device firms operate at the intersection of healthcare innovation, regulation, and 

capital markets. Their products include, for example, implantable cardiovascular devices, 

diagnostic platforms, robotic surgical systems, in vitro diagnostics, and software-as-a-

medical-device (SaMD). In the U.S., these products are regulated by the Food and Drug 

Administration (FDA), and approval or clearance can represent a central milestone in the 

transition from development to commercialization (Kramer et al., 2012; U.S. FDA, 

2026a). 

The motivation for this thesis stems from the relative lack of consolidated capital-market 

evidence on FDA approvals in the medical-device sector. While pharmaceutical approv-

als have been extensively studied in event-study research, and prior evidence shows that 

FDA decisions and related regulatory milestones can generate abnormal stock returns, the 

corresponding evidence for medical-device firms remains more limited and fragmented 

(Bosch and Lee, 1994; Dranove and Olsen, 1994; Sarkar and de Jong, 2006; Sturm et al., 

2007; Rothenstein et al., 2011; Hamill et al., 2013; Hamill et al., 2018). This gap is im-

portant because medical devices differ from pharmaceuticals in both regulatory process 
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and commercialization dynamics. Device development often involves iterative engineer-

ing, manufacturing scale-up, user training, procurement processes, and reimbursement 

uncertainty, all of which can affect how investors interpret approval announcements (Ma-

kower et al., 2010; Kramer et al., 2012; Grennan, 2013). 

From an investor perspective, FDA approval announcements are potentially important 

because they are externally determined, publicly observable, and economically meaning-

ful information events. An approval may reduce regulatory uncertainty and confirm that 

a product can be marketed in the U.S., but it does not automatically resolve all commercial 

uncertainty. The market reaction may therefore depend not only on the approval itself, 

but also on what the announcement reveals about expected adoption, reimbursement, 

competitive positioning, and the firm’s ability to convert regulatory success into future 

cash flows. Consequently, the net valuation effect of approval is ultimately empirical: 

investors may respond positively if the announcement exceeds expectations, but they may 

also react cautiously if the approval appears less commercially attractive than anticipated 

or highlights remaining execution risks (MacKinlay, 1997; Lamdin, 2001; Sarkar and de 

Jong, 2006; Hamill et al., 2018). 

This thesis is motivated by three related needs. First, it examines whether FDA approval 

announcements for U.S. medical-device firms are associated with abnormal stock returns 

in short windows around the announcement date. Second, it investigates whether observ-

able firm characteristics help explain why some firms experience stronger or weaker an-

nouncement-window reactions. The selected characteristics capture investor-relevant di-

mensions of firm heterogeneity: R&D intensity reflects development effort and pipeline 

exposure; CAPEX intensity captures commercialization and scale-up capacity; size (de-

fined as the natural logarithm of assets) indicates the relative materiality of a single ap-

proval; leverage reflects financial flexibility and constraint risk; ROA captures account-

ing profitability; and asset turnover measures the firm’s efficiency in converting assets 

into revenue (Lev and Sougiannis, 1996; Myers, 1977; Fama and French, 1992; Fairfield 

and Yohn, 2001; Soliman, 2008; Kramer et al., 2012; Grennan, 2013). Third, the thesis 

aims to provide transparent and replicable evidence that can help investors, analysts, and 

managers interpret FDA approval announcements as short-horizon information events. 
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By focusing specifically on U.S.-listed medical-device firms, this study contributes sec-

tor-specific evidence to a literature that has primarily emphasized pharmaceuticals. The 

purpose is not to treat all approvals as uniformly positive events or to evaluate the clinical 

quality of approved devices. Rather, the thesis examines how equity markets, on average, 

respond to FDA approval announcements and whether firm-level characteristics provide 

useful information for interpreting variation in those responses. In doing so, the study 

offers an empirical basis for assessing how investors can use knowledge about FDA ap-

proval effects in the medical-device sector. 

1.2 Problem Identification 

The immediate valuation impact of FDA approval announcements for medical-device 

firms remains insufficiently documented. Existing capital-market research has largely 

centered on pharmaceuticals, where regulatory pathways, commercialization risks, and 

revenue dynamics differ materially from those in devices. As a result, it is unclear whether 

findings from drug approvals generalize to device approvals and, critically, whether short-

horizon stock-price reactions in the device sector are economically meaningful and sta-

tistically detectable. 

The problem this thesis addresses is therefore twofold. First, do FDA approval announce-

ments for listed medical-device firms coincide with abnormal stock returns in narrow 

windows around the announcement date? Under semi-strong market efficiency, any 

value-relevant information should be impounded in prices quickly, implying that identi-

fication must rely on short event windows and that effect sizes may be economically 

modest (Fama, 1970; MacKinlay, 1997; Kothari and Warner, 2007). The empirical task is 

thus to test whether mean abnormal performance around the announcement differs from 

zero once expected returns are controlled for in a design that minimizes confounding news 

(Lamdin, 2001). Second, to what extent does cross-sectional variation in those announce-

ment-period returns relate to readily observed firm characteristics such as R&D intensity, 

CAPEX intensity, size, leverage, profitability, and operating efficiency? Framing the in-

quiry in this way acknowledges that efficient markets can yield small but detectable ef-

fects and shifts attention to whether observable attributes systematically map into stronger 

or weaker reactions within tightly defined windows (Kothari and Warner, 2007; MacKin-

lay, 1997). Answering these questions requires a sector-specific baseline that isolates 
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announcement effects over short horizons and evaluates whether firm attributes help ex-

plain the cross-sectional pattern of returns.  

1.3 Research Question 

How can investors use knowledge about the effect of FDA approval announcements for 

US medical-device firms?  

1.3.1 Sub Research Questions 

What is the average short-horizon cumulative abnormal return (CAR) around FDA ap-

proval announcements for U.S. medical-device firms, and is this reaction statistically dis-

tinguishable from zero?  

How are announcement-window CARs associated with firm characteristics, including 

R&D intensity, CAPEX intensity, size, leverage, ROA, and asset turnover?  

Are the estimated approval effects and firm-characteristic relationships robust across 

event windows and econometric specifications?  

How can the documented return patterns and firm-characteristic effects be useful for in-

vestors when interpreting FDA approval announcements as short-horizon information 

events? 

1.4 Delimitations 

This thesis is delimited to U.S. capital markets and publicly listed firms operating in the 

medical-device space. This delimitation is appropriate because the study examines FDA 

approval announcements, which are U.S. regulatory events, and because listed firms pro-

vide observable daily stock prices required for short-horizon event-study analysis. The 

empirical focus is therefore on U.S.-listed common equities, as these securities allow for 

consistent measurement of announcement-window market reactions using daily return 

data. Private firms are excluded because their equity prices are not publicly observable, 

while non-U.S.-listed firms are excluded to avoid confounding effects from differing mar-

ket structures, trading calendars, currencies, and regulatory environments. OTC securities 

and non-equity instruments are also excluded because they are less directly comparable 
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to exchange-listed common shares and may have lower liquidity or different pricing dy-

namics. 

The regulatory event of interest is FDA approval for medical devices, operationalized in 

the empirical dataset as PMA approval events that can be matched to listed medical-de-

vice firms and corresponding daily return data. This focus is chosen because approval 

announcements represent clearly identifiable regulatory events with direct implications 

for marketability and investor expectations. The analysis does not examine all possible 

FDA-related events, such as recalls, warning letters, advisory committee meetings, or 

non-approval decisions, because these events differ in timing, information content, and 

expected valuation direction. Combining them with approval events would make the es-

timated market reaction less interpretable. The thesis also does not evaluate the clinical 

effectiveness, patient outcomes, or technological quality of the approved devices, as the 

purpose is not to assess medical value directly, but to examine how equity markets re-

spond to approval announcements as financial information events. 

The study is further delimited to a fixed observation period. Approvals and returns are 

observed from 29 November 2013 through 31 January 2025, and the market, risk-free, 

and firm-accounting variables are restricted to the same period to ensure temporal con-

sistency across the dataset. This period is selected because it provides a recent sample of 

FDA medical-device approvals while allowing the required return, benchmark, risk-free, 

and firm-level accounting variables to be matched consistently. The analysis therefore 

provides evidence for a contemporary period in U.S. medical-device markets, but the 

findings should not automatically be generalized to earlier periods, non-U.S. markets, 

private firms, or regulatory systems outside the FDA framework. 

Finally, the thesis is delimited to short-horizon investor reactions. This choice follows 

from the event-study logic that value-relevant public information should be reflected in 

prices around the announcement date, while longer horizons are more likely to include 

unrelated firm, industry, or market news. The study, therefore, measures cumulative ab-

normal returns around predefined event windows and examines whether these reactions 

differ with firm characteristics such as R&D intensity, CAPEX intensity, size, leverage, 

ROA, and asset turnover. The purpose is not to assess long-run operating performance 
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after approval or to determine whether investors should buy or sell specific stocks. Rather, 

the thesis evaluates whether FDA approval announcements contain decision-relevant in-

formation for investors and whether firm-level characteristics help interpret the direction 

and strength of the short-horizon market reaction. 

1.5 Theoretical Framework 

The theoretical framework of this thesis is grounded in semi-strong market efficiency and 

the event-study tradition in empirical finance. Under semi-strong market efficiency, stock 

prices should incorporate all publicly available information, implying that new, value-

relevant announcements are reflected in prices when the information becomes available 

(Fama, 1970). FDA approval announcements are therefore treated as discrete information 

events that may lead investors to revise expectations about a firm’s future cash flows, 

risk, and commercialization prospects. In this setting, cumulative abnormal returns 

(CARs) provide a measure of the market’s short-horizon reassessment of firm value rel-

ative to an expected-return benchmark (MacKinlay, 1997; Kothari and Warner, 2007).  

The thesis also builds on the view that regulatory approvals should not be interpreted as 

mechanically positive events. In medical devices, FDA approval confirms that a product 

can be marketed, but the economic value of that approval depends on its commercial 

scope, expected adoption, reimbursement conditions, competitive positioning, and the 

firm’s ability to execute after approval. This makes the market reaction inherently expec-

tation-dependent: an approval can generate a positive reaction if it exceeds what investors 

had priced in, but it can also produce a weak or negative reaction if the announcement 

reveals limitations, implementation frictions, or a smaller commercial opportunity than 

expected. This is particularly relevant in the device sector, where regulatory pathways, 

hospital procurement, clinician adoption, and reimbursement processes differ from the 

pharmaceutical setting (Kramer et al., 2012; Grennan, 2013).  

Finally, the framework treats firm characteristics as conditioning variables that help in-

vestors interpret the economic meaning of an FDA approval. R&D intensity captures the 

firm’s development effort and exposure to future product opportunities; CAPEX intensity 

reflects investment in scale-up and commercialization capacity; size indicates the relative 
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materiality of a single approval; leverage captures financial constraint risk; ROA reflects 

accounting profitability; and asset turnover measures the firm’s efficiency in converting 

assets into revenue. These characteristics are therefore used to assess whether approvals 

are more or less informative for different types of firms. The thesis consequently com-

bines event-study logic with firm-level financial interpretation: first by measuring 

whether FDA approval announcements generate abnormal returns, and then by evaluating 

whether observable firm characteristics help investors understand variation in those re-

turns.  

1.6 Methodological Approach 

The thesis applies a short-horizon event-study design to examine how equity markets re-

act to FDA approval announcements for U.S. medical-device firms. The empirical logic 

is that if an approval contains value-relevant information, this should be reflected in ab-

normal stock returns around the announcement date. For each approval event, abnormal 

returns are calculated by comparing the firm’s realized return with an expected return 

estimated from a pre-event market model. The expected-return model uses the S&P 

Health Care Equipment Select Industry Index (SPSIHE) as the sector-specific market 

benchmark, together with the U.S. risk-free rate, in order to capture the systematic return 

component most relevant to medical-device firms. Cumulative abnormal returns (CARs) 

are calculated across a set of short, symmetric event windows of the day of announcement 

and trading days before and after: (0,0), (−1,1), (−2,2), (−3,3), (−5,5), and (−10,10). The 

narrower windows are used to capture the immediate market reaction while minimizing 

contamination from unrelated firm- or market news, whereas the wider windows allow 

for possible delayed adjustment, after-hours announcements, and short-term information 

diffusion. Events are excluded where the estimation window is incomplete or contami-

nated by another approval for the same firm, thereby improving the reliability of the ab-

normal-return estimates.  

The empirical analysis proceeds in two steps. First, intercept-only regressions are used to 

estimate the average CAR around FDA approvals and test whether the mean market re-

action differs from zero. Second, single-moderator regressions are used to examine 

whether announcement-window CARs are systematically associated with firm 
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characteristics: R&D intensity, CAPEX intensity, size, leverage, ROA, and asset turno-

ver. These variables are examined separately to preserve interpretability and avoid con-

flating correlated firm characteristics. To assess the robustness of the results, the analysis 

estimates several econometric specifications. Pooled OLS models provide a descriptive 

benchmark, while firm fixed-effects control for time-invariant firm characteristics, year 

fixed-effects control for common calendar-year shocks, and two-way fixed-effects com-

bine both dimensions. Random-effects models are also estimated as a complementary 

specification, with the Hausman test used to evaluate whether the random-effects assump-

tions are plausible. Across the empirical analysis, heteroskedasticity-robust standard er-

rors are used.  

Finally, the study includes several diagnostic and falsification checks to support the cred-

ibility of the design. These include multicollinearity diagnostics, heteroskedasticity tests, 

event-overlap and spacing diagnostics, placebo tests, pre-trend checks, and within-firm 

variation diagnostics for the moderator variables. Together, the methodological approach 

is designed to establish whether FDA approval announcements generate abnormal re-

turns, whether these returns vary systematically with firm characteristics, and whether the 

resulting evidence is sufficiently robust to inform investor interpretation of approval 

events.  
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1.7 Thesis Structure 

Figure 1: Thesis Structure 

 
Note: The figure provides an overview of the thesis structure and shows how the chapters progress from the introductory framing 

and literature review to the methodology, empirical results, discussion, and conclusion. CARs refer to cumulative abnormal re-
turns; FE refers to fixed effects; RE refers to random effects. 
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2 Literature Review 

This section reviews the existing literature relevant to how financial markets process reg-

ulatory information in health care, with a particular focus on FDA-related events and 

event-study evidence on abnormal returns. While this broader stream is well developed, 

especially for pharmaceuticals and biotechnology, the evidence base specific to FDA ap-

provals in the U.S. medical device industry is comparatively limited and fragmented. Ac-

cordingly, this review synthesizes the closest adjacent findings and highlights the gaps 

that motivate the present study.  

2.1 FDA Approvals & Valuation 

Regulatory clearance by the U.S. Food and Drug Administration (FDA) is a pivotal mile-

stone for medical-device firms because it determines whether a product can be commer-

cially marketed in the world’s largest healthcare market. The U.S. device program con-

tains several routes to market, including Premarket Notification 510(k), De Novo classi-

fication, and Premarket Approval (PMA). These pathways differ in evidentiary burden 

and, by implication, in their likely information content for investors. 510(k) clearance 

applies to many devices where the sponsor demonstrates substantial equivalence to a 

predicate device, while De Novo classification provides a route for novel low- to moder-

ate-risk devices without a suitable predicate (U.S. FDA, 2026c; U.S. FDA, 2021). PMA, 

by contrast, applies to Class III devices and entails the most demanding review of safety 

and effectiveness, often involving clinical evidence and detailed manufacturing controls 

(U.S. FDA, 2026b). Because PMA decisions concern higher-risk technologies and repre-

sent a more stringent regulatory threshold, they provide a particularly clear setting for 

examining whether FDA approval announcements are reflected in equity prices.  

Regulatory approvals are consistently treated by markets as value-relevant information 

events. In pharmaceuticals, event-study evidence shows that approval announcements are 

associated with abnormal returns, indicating that investors update beliefs about commer-

cialization prospects at the time of the decision (Hamill et al., 2013; Sarkar and de Jong, 

2006). This pattern is consistent with the broader event-study tradition in economics and 

finance, which documents that clearly timed, information-rich announcements generate 

measurable deviations from expected returns (MacKinlay, 1997; Kothari and Warner, 
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2007; Lamdin, 2001). Although the medical-device setting has been studied less exten-

sively than drugs, related device-sector evidence underscores the salience of FDA actions: 

product-quality shocks arising from FDA-reported device recalls trigger significant neg-

ative abnormal returns (Sinha and Thirumalai, 2011), suggesting that regulatory signals 

in devices carry meaningful valuation consequences. More generally, the institutional sig-

nificance of device clearances and approvals, whether through PMA or 510(k), is well 

documented (Kramer et al., 2012), reinforcing the premise that device approvals should 

also be reflected in prices at (or immediately around) the announcement. Trading behavior 

around FDA milestones supports this view: derivatives and cash markets reprice in the 

vicinity of major FDA decisions (e.g., Bohmann, 2022), consistent with investors treating 

these events as focal points for price discovery. Taken together, these findings motivate 

examining medical-device approvals through an event-study lens.  

2.2 Event Study Traditions 

Event studies are the canonical empirical design for quantifying how capital markets in-

corporate discrete information arrivals. The modern tradition originates with Fama, 

Fisher, Jensen, and Roll (1969), who formalized the insight that abnormal returns ob-

served in tight windows around well-timed announcements reveal the valuation impact 

of new information under semi-strong efficiency. Subsequent methodological work es-

tablished practical tools for short-horizon inference. Brown and Warner (1980, 1985) 

showed, using simulated and daily data, that standard parametric tests perform well for 

typical sample sizes and that results are generally robust to whether expected returns are 

estimated with a constant-mean benchmark or a market model over a pre-event estimation 

window. MacKinlay’s (1997) survey and the treatments in Campbell, Lo and MacKinlay 

(1997) and Kothari and Warner (2007) codified best practice for constructing abnormal 

returns (ARs), cumulating them into CARs, selecting estimation windows, and computing 

test statistics. 

A second stream of contributions refines testing when events alter return variance or when 

distributional assumptions are tenuous. Patell (1976) introduced a standardized-residual 

test that improves size when firm-level volatility differs from estimation-period levels; 

Boehmer, Musumeci, and Poulsen (1991) further adjusted for event-induced variance, 
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documenting better finite-sample properties in announcement settings. Nonparametric al-

ternatives, most prominently Corrado’s (1989) rank test, provide robustness to non-nor-

mality and outliers while retaining good power in short windows. Together, these results 

underpin the credibility of short-run event studies in precisely timed settings. 

Event studies are particularly well-suited to regulatory announcements because timing is 

public and focal, the information content is economically meaningful, and short windows 

can minimize contamination from unrelated news. Binder (1985) and Lamdin (2001) em-

phasize these advantages in regulatory and policy contexts, arguing that narrow-window 

CARs provide clean estimates of valuation effects when the event date is well identified. 

The design has also been widely applied to innovation news, such as product launches 

and approvals, where markets reprice firms as uncertainty about commercial prospects is 

resolved (e.g., Chaney et al., 1991). In this thesis, FDA device approvals meet the core 

conditions for credible short-window inference: they are timestamped, public decisions 

with immediate implications for marketability. Accordingly, the empirical strategy em-

ploys short, symmetric event windows and conventional parametric tests, with robustness 

checks informed by the literature on event-induced variance and distributional departures 

(Brown and Warner, 1985; Boehmer et al, 1991; Corrado, 1989; Kothari and Warner, 

2007).  

2.3 Prior Evidence on Approvals & Returns 

Early empirical finance research establishes that FDA-related decisions convey material 

information to equity markets. Studies of pharmaceutical firms show that both favorable 

and unfavorable regulatory announcements are followed by abnormal stock returns, indi-

cating that investors revise expectations about future cash flows and risk when regulatory 

uncertainty is resolved. Bosch and Lee (1994) document significant abnormal returns 

around FDA approval and rejection announcements, while Dranove and Olsen (1994) 

show that negative regulatory actions, such as safety withdrawals, can impose substantial 

valuation losses. Subsequent work confirms that FDA communications are not merely 

administrative events, but economically meaningful signals that affect investor expecta-

tions about commercialization prospects, product viability, and future earnings potential 

(Sarkar and de Jong, 2006; Sturm et al., 2007; Hamill et al., 2013).  



Page | 14  

 

A central finding in this literature is that market reactions depend not only on the approval 

outcome itself, but also on expectations before the event. Sarkar and de Jong (2006) show 

that different stages of the FDA review process, including advisory committee meetings 

and final approval decisions, generate stock-price reactions that vary with the favorability 

and informational content of the signal. Similarly, Sturm et al. (2007) find that timing 

surprises in the review process can affect firm value, suggesting that investors respond 

both to the final regulatory outcome and to deviations from expected decision timing. 

This evidence is consistent with the broader event-study interpretation that abnormal re-

turns reflect the market’s reassessment of firm value when previously uncertain infor-

mation becomes public.  

The literature also documents anticipation effects around FDA decisions. Some studies 

find little systematic pre-announcement drift, with abnormal returns concentrated around 

the approval date itself, consistent with relatively prompt incorporation of public infor-

mation. Other studies, especially in biotechnology settings, identify price run-ups before 

major FDA decisions, suggesting that investors may partially price the probability of ap-

proval before the event (Rothenstein et al., 2011; De Schrijver, 2013; Hamill et al., 2013). 

These findings imply that approval announcements are expectation-dependent: a favora-

ble decision may generate a limited reaction if it was already anticipated, while the same 

type of decision may produce a stronger response if it resolves greater uncertainty. This 

distinction is important for the present thesis, because it suggests that FDA approval 

should not be interpreted as mechanically positive news; rather, its valuation effect de-

pends on how the announcement compares with prior market expectations.  

Accurate event timing is another important issue in this literature. Hamill et al. (2018) 

argue that some evidence of post-announcement drift may reflect event-date misclassifi-

cation, particularly when FDA decisions are released after market close and the corre-

sponding price response occurs on the next trading day. This highlights the need for care-

ful alignment between regulatory decision dates and trading calendars. For short-horizon 

event studies, even small timing errors can shift abnormal returns across adjacent win-

dows and affect inference. Accordingly, the prior literature supports the use of narrow 

event windows, while also motivating robustness checks across alternative windows to 

account for possible timing uncertainty and delayed information diffusion.  
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The magnitude of abnormal returns is also heterogeneous across events. Pharmaceutical 

approval studies typically find positive short-window abnormal returns for approvals and 

larger negative reactions for adverse regulatory outcomes (Bosch and Lee, 1994; Dranove 

and Olsen, 1994; Hamill et al., 2013). However, not all approvals are equally informative. 

Products with greater novelty, higher commercial potential, or more salient clinical rele-

vance tend to produce stronger market reactions than routine or incremental approvals. 

This suggests that investors evaluate FDA announcements in relation to the economic 

content of the decision, rather than responding uniformly to the approval label itself. Re-

lated evidence also indicates that regulatory events may affect competitors when they 

alter expected market structure or product-market competition (Ahmed et al., 2002). Alt-

hough competitive spillovers are outside the empirical scope of this thesis, they reinforce 

the broader point that FDA decisions are interpreted as economically meaningful infor-

mation events.  

Most of this evidence comes from pharmaceuticals and biotechnology, where regulatory 

milestones, product pipelines, and R&D uncertainty have been studied extensively. Med-

ical devices share the same basic information mechanism: regulatory approval resolves 

uncertainty about whether a product can be commercially marketed. However, the device 

sector differs in ways that may alter the size and direction of market reactions. Device 

commercialization often depends on hospital procurement, clinician adoption, manufac-

turing readiness, reimbursement conditions, installed-base dynamics, and post-approval 

execution. Moreover, the regulatory distinction between PMA, 510(k), and De Novo 

pathways implies that device approvals and clearances may carry different informational 

content than pharmaceutical drug approvals (Kramer et al., 2012; Grennan, 2013).  

Direct capital-market evidence on FDA approvals in the medical-device sector remains 

comparatively limited. This creates uncertainty about whether the positive approval reac-

tions commonly documented for pharmaceuticals generalize to medical devices. The ex-

isting literature provides a disciplined prior that FDA approval announcements should be 

value-relevant, but it does not establish whether the average short-window reaction for 

medical-device firms is positive, negative, or conditional on firm-specific characteristics. 

This motivates the present study’s empirical focus on FDA approval announcements for 
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U.S.-listed medical-device firms and its examination of whether observable firm charac-

teristics help explain variation in announcement-window CARs.  

2.4 Firm Characteristics 

2.4.1 Research & Development 

R&D spending in medical-device firms funds iterative engineering, verification, and clin-

ical validation needed to satisfy distinct FDA pathways (510(k), De Novo, and PMA) so 

its intensity is informative about a firm’s regulatory capability and innovation cadence 

(Kramer et al., 2012). Markets treat device-related regulatory signals as economically 

material: adverse actions such as recalls trigger sizable negative abnormal returns, indi-

cating that investors closely price information about product quality and compliance 

(Sinha and Thirumalai, 2011). On the upside, when R&D delivers performance improve-

ments that survive review, the sector’s bargaining-heavy, differentiated product markets 

allow gains to convert into pricing power and share, strengthening the case that innovative 

effort can influence valuation around approval milestones (Grennan, 2013).  

Accordingly, R&D intensity is a relevant moderator of announcement-window reactions 

in the device space because it captures the extent to which a firm is committing resources 

to development activity (Kramer et al., 2012; Grennan, 2013). A higher value may lead 

investors to interpret approval as validation of ongoing development effort, but the valu-

ation effect remains uncertain because R&D spending does not automatically translate 

into commercially successful innovation and may also reflect costly or uncertain projects.  

2.4.2 Capital Expenditure 

Capital Expenditure (CAPEX) intensity captures investment in fixed assets relative to 

firm size and is relevant because medical-device commercialization often requires man-

ufacturing capacity, quality-system infrastructure, inventory, sales support, and field 

training. In this sense, higher CAPEX intensity may indicate that a firm is better posi-

tioned to scale production and support adoption after approval (Kramer et al., 2012; Gren-

nan, 2013). However, high investment intensity may also signal capital requirements, ex-

ecution risk, or overinvestment if expected demand does not materialize. Prior evidence 

shows that markets may reward investment when it credibly expands profitable growth 
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opportunities, but high investment can also be associated with weaker subsequent returns 

when it exceeds fundamentals (McConnell and Muscarella, 1985; Titman et al., 2004). 

CAPEX intensity is therefore treated as an ambiguous moderator: it may strengthen ap-

proval reactions when interpreted as commercialization readiness, but weaken them when 

interpreted as a source of financial or operational risk.  

2.4.3 Size 

Firm size matters for announcement-day reactions because it shapes both how surprising 

the news is and how much of the firm’s value the news can plausibly move. In this thesis, 

size is measured as the natural logarithm of total assets, which captures firm scale while 

reducing the influence of extreme asset values. In well-covered, liquid firms, richer dis-

closure and greater analyst/institutional attention mean that regulatory outcomes are more 

anticipated, so there is less left to “surprise” prices at the event (Lang and Lundholm, 

1996; Bushee and Noe, 2000). Larger firms are also more diversified across products and 

geographies, so any single approval typically represents a smaller share of enterprise 

value, leading to mechanically smaller percentage moves, the intuition that underlies the 

negative size–return relation in cross-sectional asset pricing (Banz, 1981; Fama and 

French, 1992). In medical devices specifically, scale brings installed base, service net-

works, and buyer bargaining power that can aid adoption (Grennan, 2013), but it also 

reduces the marginal impact of one product milestone on firm-level value relative to 

smaller, single-asset firms. Taken together, the literature implies an ex-ante expectation 

of a negative association between size and approval-window stock reactions: larger issu-

ers should, on average, exhibit smaller CARs in percentage terms because approvals are 

both more partially priced and less value-concentrated at the firm level.  

2.4.4 Leverage 

Leverage can shape announcement-window reactions because debt affects both the dis-

tribution of gains and the firm’s ability to commercialize an approved device. When debt 

levels are high, part of the value created by favorable news may accrue to debtholders 

rather than shareholders, and debt-overhang problems may reduce incentives or capacity 

to finance launch costs, salesforce expansion, inventory, or post-market evidence gener-

ation (Myers, 1977; Lang et al., 1996). In medical devices, where commercialization of-

ten requires upfront investment and hospital-facing support, financial constraints may 
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therefore weaken the equity-market response to approval (Grennan, 2013). Leverage is 

consequently expected to condition the approval reaction negatively when investors view 

balance-sheet pressure as limiting the firm’s ability to convert regulatory approval into 

cash flows.  

2.4.5 Return on Assets 

Return on Assets (ROA) captures accounting profitability scaled by total assets and is 

used as a measure of operating performance. Profitability is a central firm characteristic 

in asset-pricing and corporate-finance research, as more profitable firms are generally 

associated with stronger fundamentals and more favorable expected cash-flow prospects 

(Fama and French, 2006; Novy-Marx, 2013; Fama and French, 2015; Hou et al., 2015). 

In the medical-device context, profitability may also be relevant because pricing power, 

margins, and realized revenues are shaped by hospital bargaining, product differentiation, 

and commercialization conditions (Grennan, 2013). Higher ROA may therefore indicate 

that a firm is financially stronger and better positioned to absorb commercialization costs, 

support product launches, and convert approvals into earnings. However, profitability 

may also reduce the perceived transformational value of a single approval. For firms that 

already generate stable earnings, an approval may be interpreted as incremental rather 

than value-changing, whereas less profitable firms may experience larger reassessments 

if approval improves expectations about future revenue or financing needs. ROA is there-

fore treated as an ambiguous moderator: it may reflect operating strength, but it may also 

indicate that the approval is less central to the firm’s overall valuation. 

2.4.6 Asset Turnover 

Asset turnover, sales generated per unit of total assets, captures how efficiently a firm 

converts its asset base into revenue. In capital markets research, it is a core component of 

the DuPont decomposition and has been shown to be incrementally informative for both 

future profitability and stock returns, beyond aggregate profitability ratios. Specifically, 

changes in the asset-turnover component are priced by investors and predict subsequent 

operating performance (Soliman, 2008), and decompositions of return on assets into 

profit margin and asset turnover improve forecasts of profitability dynamics (Fairfield & 

Yohn, 2001). Broader ratio-analysis evidence likewise treats asset turnover as a persistent 
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driver of value, complementing margins in explaining cross-sectional variation in equity 

prices (Nissim & Penman, 2001).  

In the medical-device context, asset turnover is particularly salient because commercial-

ization depends on scaling a physical installed base, service networks, and hospital pro-

curement channels, where operational reach and utilization drive revenue realization. Em-

pirical work on device markets shows that selling and adoption frictions (e.g., negotiated 

hospital pricing, vendor relationships, and learning-by-using) shape realized revenues 

(Grennan, 2013).  

2.5 Theoretical Foundation 

Taken together, the literature establishes a clear conceptual bridge from FDA decisions 

to equity‐market valuation, and it motivates the empirical lens adopted in this thesis. FDA 

approval is a discrete, public, and economically salient signal that directly alters a firm’s 

commercialization prospects. In pharmaceuticals, approval and related regulatory mile-

stones reliably coincide with abnormal stock returns, indicating that markets update be-

liefs about cash flows and risk at the announcement (e.g., MacKinlay, 1997; Kothari & 

Warner, 2007; Hamill et al., 2013; Sarkar & de Jong, 2006). Although device-specific 

finance studies are fewer, the institutional prominence of PMA, 510(k), and De Novo 

decisions and the sizable return penalties observed around device recalls underscore that 

regulatory information in this sector is also priced (Kramer et al., 2012; Sinha & Thiruma-

lai, 2011). These features make device approvals natural candidates for an event-study 

design. 

Methodologically, the event‐study tradition provides a mature toolkit for isolating an-

nouncement effects over short windows. Foundational contributions show that, when 

events are precisely timed and windows are narrow, simple expected-return models and 

standard test statistics yield credible inference on abnormal and cumulative abnormal re-

turns (Brown & Warner, 1980, 1985; MacKinlay, 1997; Kothari & Warner, 2007). Re-

finements address practical complications, event-induced variance, non-normality, and 

the importance of accurate timestamping when announcements arrive after market close, 

thereby reinforcing short-window designs for regulatory news (Patell 1976; Boehmer et 
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al., 1991; Hamill et al., 2018). In this theoretical frame, CARs around FDA device ap-

provals are interpretable as the market’s immediate reassessment of firm value. 

Substantively, prior evidence points to three robust regularities that carry over as priors 

for the device context. First, approval news for the focal firm tends to elicit returns in the 

expected direction, positive for favorable outcomes, negative for adverse action, with 

“bad news” often larger in absolute value (Bosch & Lee, 1994; Dranove & Olson, 1994; 

Hamill et al., 2013). Second, the magnitude of the reaction is heterogeneous and condi-

tioned by context: more novel or commercially salient products draw stronger responses 

than incremental changes, and distinct milestones in the FDA process convey graded in-

formation that markets incorporate rapidly (Sarkar & de Jong, 2006; Sturm et al., 2007; 

Hamill et al., 2013). Third, regulatory shocks can reallocate value across competitors, 

highlighting industry-wide repercussions beyond the sponsor when market structure or 

substitutability is affected (Ahmed et al., 2002). For devices, this heterogeneity is plausi-

bly amplified by sector economics, negotiated hospital pricing, installed-base dynamics, 

learning-by-using, and service networks that govern how quickly an approval translates 

into realized revenue (Kramer et al., 2012; Grennan, 2013). 

Finally, the literature offers a disciplined rationale for examining firm characteristics as 

moderators of announcement-day reactions. R&D intensity speaks to innovation capabil-

ity and regulatory readiness in a pathway-specific environment; capital expenditure 

(CAPEX) indicates capacity to scale manufacturing and commercialization after ap-

proval; size shapes both the extent to which approval news is already incorporated into 

the price and the fraction of firm value the event can move; leverage affects the share of 

gains accruing to equity and the ability to finance launch; profitability (ROA) summarizes 

operating strength valued by markets; and asset turnover captures execution efficiency in 

converting assets to sales (e.g., Fama & French, 2015; Novy-Marx, 2013; Fairfield & 

Yohn, 2001; Nissim & Penman, 2001; Kramer et al., 2012; Grennan, 2013). Together, 

these constructs link the informational content of approval to firm-specific capacity to 

monetize it, framing testable cross-sectional predictions even as the sign and strength of 

effects may vary with product novelty and market conditions.  
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In sum, theory and evidence converge on a coherent foundation: FDA device approvals 

are precisely timed, information-rich events well suited to short-window event studies; 

approval effects are expected to be present but heterogeneous; and economically moti-

vated firm characteristics provide a structured way to explain cross-sectional variation in 

market reactions. This synthesis underpins the thesis’s empirical strategy of estimating 

average announcement-window CARs for medical-device firms and assessing whether 

observable firm attributes systematically relate to the size of those reactions.  

2.5.1 Gaps in the Literature 

Most evidence on regulatory announcement effects is based on pharmaceuticals and bio-

technology. Finance studies that isolate stock-price reactions to FDA approval announce-

ments in the medical-device sector remain comparatively limited. As a result, it is unclear 

whether the well-known drug-side regularities, including short-window announcement 

effects, asymmetric reactions to positive and negative regulatory news, and context-de-

pendent magnitudes, generalize to devices, where regulatory pathways and commerciali-

zation economics differ materially. This distinction matters because medical-device ap-

provals are followed by adoption, procurement, reimbursement, manufacturing, and post-

market execution challenges that differ from the pharmaceutical setting. A second gap 

concerns cross-sectional heterogeneity. Existing research provides limited evidence on 

whether observable firm characteristics help explain variation in medical-device approval 

reactions. In particular, there is scope for examining whether firm-level measures related 

to development effort, commercialization capacity, size, financial flexibility, profitabil-

ity, and operating efficiency are associated with stronger or weaker announcement-win-

dow CARs. These characteristics are relevant because FDA approval does not automati-

cally translate into commercial success; investors may interpret the same regulatory mile-

stone differently depending on the approving firm’s financial and operational profile. A 

third issue concerns empirical design. In device-focused settings, short-window approval 

effects may be sensitive to event timing, overlapping windows, repeated firm observa-

tions, and the availability of firm-level accounting data. These issues make it important 

to use a transparent event-study design, a sector-specific benchmark, clearly defined 

event windows, and diagnostic checks that assess whether the estimated reactions are 

driven by data structure rather than the approval event itself.  
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This thesis seeks to address these gaps by providing recent evidence on short-window 

market reactions to FDA PMA approval announcements for U.S.-listed medical-device 

firms. It establishes a device-sector baseline for average announcement-window CARs 

and tests whether a parsimonious set of firm-level characteristics helps explain variation 

in those reactions. Broader questions, such as competitive spillovers across rival firms 

and systematic differences between PMA, 510(k), and De Novo pathways, remain im-

portant extensions for future research.  

3 Methodology 

3.1 Research Strategy 

This thesis applies a short-horizon event-study design to examine how equity markets 

react to FDA approval announcements for U.S.-listed medical-device firms. The empiri-

cal strategy is based on the assumption that if an approval contains value-relevant infor-

mation, this information should be reflected in abnormal stock returns around the an-

nouncement date. The analysis therefore constructs cumulative abnormal returns (CARs) 

for each approval event and uses these CARs as the outcome variable in the subsequent 

regression analysis.  

The research strategy proceeds in two steps. First, the thesis estimates average CARs 

across a set of predefined symmetric event windows to assess whether FDA approval 

announcements are associated with abnormal market reactions. Second, the thesis exam-

ines whether variation in these announcement-window CARs is systematically related to 

observable firm characteristics, including R&D intensity, CAPEX intensity, size, lever-

age, ROA, and asset turnover. These characteristics are tested in separate moderator re-

gressions to preserve interpretability and to assess how different dimensions of firm het-

erogeneity shape investor responses.  

To strengthen the interpretation of the results, the empirical analysis compares several 

model specifications. Pooled OLS provides a descriptive benchmark, fixed-effects mod-

els control for firm-specific and year-specific heterogeneity, and random-effects models 

are estimated as a complementary specification. The analysis is supported by diagnostic 



Page | 23  

 

and falsification checks, including heteroskedasticity tests, event-overlap diagnostics, 

pre-trend and placebo tests, and within-firm variation checks. Together, this strategy al-

lows the thesis to assess not only whether FDA approvals generate abnormal returns, but 

also whether the observed return patterns are robust and useful for investor interpretation.  

3.2 Data Collection 

3.2.1 FDA Approval Data & Firm Mapping 

The event dates for medical devices were sourced from the FDA‘s OpenFDA device da-

tabase, restricted to premarket approval (PMA) “approved” decisions for medical devices 

(U.S. FDA, 2025). The dataset consists of the applicants' names, the generic and trade 

name of the product, product code, advisory committee’s description of the product, the 

date received of the application, the decision date of approval for the application, and the 

approval code (being either APPR or OK30). From the data, only the applicants, the de-

cision date of approval, and the decision code were extracted from the dataset. After-

wards, only datapoints that unambiguously reflected an approval decision (APPR) were 

retained. The OK30 decision code is typically used for manufacturing or process changes 

for existing products and, therefore, is less pertinent for the study. Any entries outside the 

study’s timeframe or lacking a clear calendar decision date were removed.  

To link FDA approvals to publicly traded firms, a two-step mapping process was used. 

First, an investable universe of healthcare equities was compiled from FactSet using 

standard industry classifications to isolate medical-device–relevant issuers (e.g., 

healthcare equipment and supplies) and to exclude non-equity instruments and non-U.S. 

listings that fall outside the dataset. Second, device-level approval records were matched 

to the listed parent or responsible public entity using a workbook for firm mapping, which 

contains the ISIN, ticker, issuer name, and (where relevant) the mapping from a product 

subsidiary or division to the consolidated public company. This file also records manual 

checks performed to ensure that each approval is attributed to the correct listed firm as of 

the approval date (e.g., resolving naming variants, corporate parents, and post-merger 

entity names). The data was then converted into long-form panel data using a Python 

script (Appendix 2.1). Afterward, a dummy variable was constructed using the Python 

script shown in Appendix 2.2 and based on the FDA approval dates. For each listed firm, 
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FDA Approval = 1 on the calendar day of the PMA approval and 0 on all other trading 

days.  

3.2.2 Market & Firm Specific Data 

For the daily returns of the mapped firms, split- and dividend-adjusted closing prices were 

obtained from FactSet. To proxy for the systematic market component relevant to this 

study’s sample, the market index is measured using the S&P Health Care Equipment Se-

lect Industry Index (SPSIHE), also sourced via FactSet. SPSIHE is a narrow, industry-

focused benchmark that comprises firms classified in the Health Care Equipment and 

Health Care Supplies sub-industries, and is therefore closely aligned with the risk expo-

sure and common information environment of medical-device issuers. In this setting, an 

industry-specific proxy is preferable to a broad-market index (e.g., the S&P 500) because 

it better captures sector-wide shocks, such as regulatory, reimbursement, and technology-

related news, that are plausibly correlated with approval announcements and contempo-

raneous valuation changes for device manufacturers, while reducing noise from unrelated 

sectors. The daily returns were then calculated using the following formula:  

𝐄𝐪. 𝟏: 𝑟𝑖 =
𝑃𝑡

𝑃𝑡−1
− 1 

Where 𝑃𝑡 is the adjusted close price on trading day 𝑡 and 𝑃𝑡−1 is the previous trading day's 

adjusted close price. The daily risk-free rate for the timeframe is proxied by the US 10-

year Treasury yield curve sourced from the U.S. Department of the Treasury (U.S. De-

partment of the Treasury, 2025). The firm, market, and risk-free data series were refor-

matted to long-form panel data using the script in Appendix 2.1 and afterward merged by 

date, and the return calculations were automated in Python for all firms and corresponding 

dates in the panel (Appendix 2.3).  

Firm characteristics were sourced from FactSet at a monthly frequency for all mapped 

firms using the ISIN numbers. The data included all the accounting items needed to con-

struct the study’s variables. The items were: R&D expense, CAPEX, total assets, total 

debt, net income, and sales. The data were pulled in consistent currency and units and 

screened for obvious anomalies (e.g., negative assets, unit mis-scales). Because the event 

analysis is conducted on trading days, the monthly series were converted to a daily panel 

using the Python script in Appendix 2.4. For each firm, the script aligned the month-



Page | 25  

 

stamped observations to a calendar and expanded them to trading days using a step func-

tion (last observation carried forward within the month until the next month’s value is 

available). This preserves the information set within each month and ensures that the 

value used on any trading day corresponds to the most recent month’s figure. Then the 

financial firm data was converted to long-form, merged into a single sheet, and then 

merged into the main dataset (Appendix 2.1,2.5 & 2.3).  

3.3 Descriptive statistics 

This section summarizes the final dataset and the variables used in the empirical analy-

sis. The purpose is to document the structure of the sample, describe the distribution of 

the main accounting and return variables, and assess whether the moderator variables 

raise material multicollinearity concerns.  

3.3.1 Summary statistics 

Table 1 presents summary statistics for the final analysis sample. The dataset contains 

approximately 114,000 firm-day observations for U.S.-listed medical-device firms over 

the period 29 November 2013 to 31 January 2025. As expected in an event-study setting, 

FDA approvals are rare relative to the full panel of trading days, with the FDA_Approval 

dummy having a mean of 0,024. This sparsity supports the use of short event windows 

around approval announcements rather than a broad time-series design. 

The accounting variables show substantial heterogeneity across firms. Total assets, sales, 

R&D, CAPEX, net income, and total debt all exhibit large differences between the me-

dian and upper tail, indicating that the sample contains both smaller device firms and 

large, mature manufacturers. The return variables are centered close to zero but display 

the variation expected in daily equity data. Overall, the descriptive statistics show that the 

sample combines infrequent regulatory events with considerable cross-sectional variation 

in firm size, investment, profitability, leverage, and operating activity. 

Table 1: Summary Statistics 

Variables Mean Median Std.Dev Min P25 P75 Max N 

FDA_ 

Approval 
0,024 0 0,152 0 0 0 1 114068 
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Total Assets 11852,64 1357,961 30230,58 0,003 206,788 8008,859 226501 114068 

CAPEX 225,31 33,593 492,694 -0,168 4,753 199 3907 113769 

Sales 8149,842 747,381 25833,29 0 105,555 3324,8 226826 113769 

Net Income 630,419 13,496 2588,344 -6034,69 -34,578 392,3 31366 113769 

R&D 493,165 61,565 1521,167 0,577 24,728 320,649 14478 110302 

Total Debt 3266,398 327,76 8277,127 0 15,38 2272 75041 114068 

Risk-free 

Rate 
0,08 0,026 0,19 0,01 0,02 0,038 0,994 114068 

Return 0,007 0,004 0,359 -1 -0,042 0,048 4,143 114068 

SPSIHE 0,036 0,012 0,406 -0,998 -0,15 0,25 0,999 114068 

Note: The table presents cross-sectional summary statistics for the study sample (U.S.-listed medical device firms, 2013-11-29 to 

2025-01-31). Monetary items are in millions of USD. FDA_Approval is a firm-day dummy (1 on the PMA approval date). Return, 

SPSIHE, and Risk-free Rate are daily series; P25/P75 are quartiles, and N is the non-missing count.  

3.3.2 Correlation Between Firm-level Variables 

Figure 2 shows a Pearson correlation matrix among the firm-level variables. The pattern 

is dominated by scale: firm-level variables that are more associated with size (total assets, 

sales, R&D, CAPEX, and total debt) are all very highly correlated (roughly 0.90–0.97). 

The strongest associations are between total assets and total debt (≈0.97), assets and sales 

(≈0.96), and assets and R&D (≈0.96). Even the lowest correlations within this group, such 

as CAPEX with total debt (≈0.91) or R&D with total debt (≈0.91), remain strong. Net 

income’s correlations with the other firm-level variables are 0.85 with R&D, 0.86 with 

sales, 0.81 with total assets, 0.77 with CAPEX, and 0.72 with total debt. These values are 

economically large yet indicate that profitability varies more across firms than pure size.  

Two design implications follow. First, the strong collinearity among the firm-level vari-

ables supports using ratio-based firm-level variables (R&D intensity, CAPEX intensity, 

leverage, ROA, asset turnover) and treating log(total assets) as the primary size control 

when needed. Second, including several firm-level variables simultaneously would in-

flate variance and hinder interpretation, so the regressions avoid doing so. Overall, the 

correlation structure is what one would expect in a panel of medical-device firms and 

justifies the focus on scaled firm-level variables in the cross-sectional analysis.  

Figure 2: Correlation Matrix of Firm-level Variables 
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Note: Figure 2 shows the pairwise Pearson correlation coefficients between the firm-level variables (R&D, CAPEX, Total Assets, 

Sales, Net Income, Total Debt). Correlations are computed on levels (USD) for all observations with non-missing data in the 

analysis sample (2013-11-29 to 2025-01-31). Diagonal entries equal 1.00; values are rounded to two decimals.  

3.3.3 Variable Overview & Description 

In this section, there is an overview of the variables used later in the analysis. 

The dependent variable is the cumulative abnormal return (CAR), defined for each firm 

𝑖 over a symmetric calendar-day window [𝐾1
, 𝐾2] around the FDA approval date 𝑡0. Ab-

normal returns (AR) are computed using a short-horizon market-model/CAPM bench-

mark estimated in a pre-event window of the 100 trading days ending just before 𝑡0. Spe-

cifically, for firm 𝑖 the expected return on day 𝑡 is:  

𝐄𝐪. 𝟐: 𝐸[𝑟𝑖𝑡 ∣ ℐ𝑡−1]   =   𝑟𝑓𝑡   +   𝛽̂𝑖  (𝑟𝑚𝑡 − 𝑟𝑓𝑡) 
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where 𝑟𝑖𝑡 is the firm’s daily return (decimals), 𝑟𝑚𝑡 the SPSIHE daily return, 𝑟𝑓𝑡 the daily 

risk-free rate, and 𝛽̂𝑖 is obtained from an OLS regression of 𝑟𝑖𝑡 − 𝑟𝑓𝑡 on 𝑟𝑚𝑡 − 𝑟𝑓𝑡 with an 

intercept over the 100-day estimation window. Abnormal return is then:  

𝐄𝐪. 𝟑: 𝐴𝑅𝑖𝑡   =   𝑟𝑖𝑡 − 𝐸[𝑟𝑖𝑡 ∣ ℐ𝑡−1] 

 

and CAR over [𝐾1
, 𝐾2] is the simple sum:  

𝐄𝐪. 𝟒: 𝐶𝐴𝑅𝑖[𝐾1, 𝐾2]   =    ∑ 𝐴

𝐾2

𝜏=𝐾1

𝑅𝑖,𝑡0+𝜏 

Windows are defined in calendar days ([0,0], [−1,1], [−2,2], [−3,3], [−5,5], [−10,10]); 

CAR aggregates over all trading days that fall within these calendar intervals. Events are 

excluded if the estimation window contains fewer than 100 trading days or if another 

FDA approval for the same firm appears within that estimation window (to avoid con-

tamination). If any return input is missing for all days in a given event-window interval, 

that event-window observation is dropped; otherwise, CAR is computed from the availa-

ble trading days in the interval. Returns are expressed in decimals (e.g., 0.012 = 1.2%), 

CARs are not annualized or volatility-standardized, and no reweighting is applied across 

days within a window.  

This follows standard short-window event-study practice, where a simple market model 

estimated immediately prior to the event provides well-behaved benchmarks and sum-

ming ARs within tight windows yields an interpretable measure of the announcement-

period valuation effect (MacKinlay, 1997; Brown & Warner, 1985; Kothari & Warner, 

2007).  

3.3.3.1 Moderator Variable Construction 

This subsection defines the six firm-level moderators used later to explain cross-sectional 

variation in announcement-window returns. For each approval event, the moderator value 

is the most recent month-end figure carried to the event date 𝑡 = 0. Ratios are reported in 

decimals (e.g., 0.05 = 5%); ln (⋅)values are unitless. Observations with missing inputs are 

excluded for that event. 
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R&D Intensity    =   
R&D

Total Assets
 Scales research and development outlays by the asset base, 

providing a size-neutral proxy for the firm’s innovation effort. Firms with higher R&D 

intensity tend to be more research-oriented and earlier in product development; the ratio 

is widely used as a proxy for innovativeness and knowledge-capital investment (Lev and 

Sougiannis, 1996). In medical devices, sustained R&D also reflects the engineering and 

clinical evidence required by FDA pathways (Kramer, Xu and Kesselheim, 2012). 

CAPEX Intensity    =   
CAPEX

Total Assets
 Measures investment in property, plant, equipment, and 

related scale-up relative to assets, an indicator of preparedness to commercialize and sup-

port the installed base. Firms with higher R&D intensity tend to be more research-oriented 

and earlier in product development; the ratio is widely used as a proxy for innovativeness 

and knowledge-capital investment (Lev and Sougiannis, 1996). In medical devices, sus-

tained R&D also reflects the engineering and clinical evidence required by FDA pathways 

(Kramer, Xu and Kesselheim, 2012).  

Size    =   ln (Total Assets) Natural log of total assets used as a scale-neutral measure of 

firm size and organizational scope. Larger firms are more diversified and more heavily 

covered by analysts, so individual approvals generally move a smaller share of enterprise 

value and are more partially anticipated (Fama and French, 1992; Lang and Lundholm, 

1996). 

Leverage    =   
Total Debt

Total Assets
 Balance-sheet leverage ratio indicating the share of assets fi-

nanced by interest-bearing debt (capital-structure exposure). Larger firms are more diver-

sified and more heavily covered by analysts, so individual approvals generally move a 

smaller share of enterprise value and are more partially anticipated (Fama and French, 

1992; Lang and Lundholm, 1996).  

Return on Assets (ROA)    =   
Net Income

Total Assets
 Accounting profitability scaled by assets; sum-

marizes the firm’s ability to generate earnings from its asset base. Higher leverage in-

creases the share of project value accruing to debtholders and can create debt-overhang 

frictions that mute the equity response to good news (Myers, 1977). Distress-sensitive 
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customers and suppliers further dampen gains when balance-sheet risk is high (Opler and 

Titman, 1994; Lang, Ofek and Stulz, 1996).  

Asset Turnover    =   
Sales

Total Assets
 An operating efficiency metric capturing revenue gener-

ated per unit of assets. Higher sales per unit of assets captures operational efficiency and 

is incrementally informative for future profitability and stock returns (Fairfield and Yohn, 

2001; Soliman, 2008). In devices where revenue realization depends on utilization of in-

stalled equipment and service footprint, strong turnover indicates fewer frictions in con-

verting approvals into sales (Grennan, 2013).  

3.3.3.2 Correlation Between Moderator Variables 

After the construction of the moderator variables, a Pearson correlation matrix was used 

to investigate the relationship between the moderator variables. Figure 3 shows this cor-

relation matrix. The correlation among the moderators are close to zero (typically |r| ≤ 

0.25), which points to limited linear overlap and a low risk of multicollinearity in the later 

regressions. Two relationships are more pronounced. R&D intensity is strongly nega-

tively related to ROA (r ≈ −0.75) and moderately negatively related to firm size (log as-

sets, r ≈ −0.51). Both patterns are plausible: heavy development spending depresses con-

temporaneous accounting profitability, and smaller firms tend to devote a larger share of 

assets to R&D. Size is also moderately positively associated with ROA (r ≈ 0.48), con-

sistent with scale efficiencies. The remaining links are weak: R&D intensity is essentially 

uncorrelated with leverage (≈ 0.00) and asset turnover (≈ 0.01); CAPEX intensity shows 

only mild associations with other moderators (|r| ≤ 0.24); leverage’s ties to size (≈ 0.23), 

ROA (≈ −0.03), and asset turnover (≈ −0.18) are modest; and asset turnover’s correlations 

elsewhere are small (|r| ≤ 0.17).  

Overall, the moderators appear to capture distinct aspects of firm heterogeneity. The few 

stronger pairs, R&D intensity with ROA and, to a lesser degree, with size, are noted for 

interpretation, and variance-inflation diagnostics accompany the regression results to con-

firm that they do not drive the estimates.  

Figure 3: Correlation Matrix of Moderator Variables 
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Note: Figure 3 shows the pairwise Pearson correlation coefficients between the firm-level variables (R&D, CAPEX, Total Assets, 

Sales, Net Income, Total Debt). Correlations are computed on levels (USD) for all observations with non-missing data in the 

analysis sample (2013-11-29 to 2025-01-31). Diagonal entries equal 1.00; values are rounded to two decimals. 

 

3.3.4 Variance Inflation Factor (VIF) 

To assess whether multicollinearity could materially affect coefficient precision in the 

moderation framework, variance inflation factors (VIF) are computed for the set of firm-

level moderators used in the cross-sectional specifications. VIF measures how strongly 

each regressor can be explained by the remaining regressors and therefore indicates the 

extent to which collinearity inflates standard errors (Wooldridge, 2020). As shown in Ta-

ble 2, the VIF values for the substantive moderators are low, ranging from approximately 

1.10 to 2.63, which suggests limited multicollinearity among R&D intensity, CAPEX 

intensity, size, leverage, ROA, and asset turnover. Consequently, multicollinearity is un-

likely to be a primary driver of imprecise estimates or unstable coefficient signs in the 

baseline moderator regressions. While rules of thumb are often used when interpreting 
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VIF magnitudes, threshold values should be evaluated in context rather than mechanically 

applied (O’Brien, 2007).  

The reported VIF for the intercept is substantially higher; however, this value is not used 

for inference about multicollinearity in the explanatory variables. VIF is primarily defined 

and interpreted for slope regressors, whereas the constant term can mechanically appear 

highly “explained” when regressors have non-zero means (Wooldridge, 2020). The anal-

ysis, therefore, focuses on the moderator VIFs when evaluating multicollinearity.  

Table 2: Variance Inflation Factor (VIF) 

Variable VIF 

Intercept 28,749 

R&D Intensity 2,633 

CAPEX Intensity 1,099 

Size 1,585 

Leverage 1,107 

Return on Assets (ROA) 2,63 

Asset Turnover 1,192 
Note: Table 2 reports variance inflation factors (VIF) for the moderator set used in the baseline cross-sectional specifications. VIF 

values quantify the inflation in coefficient variance due to linear dependence among regressors. The “Intercept” row corresponds 
to the constant term in the regressor matrix and is not evidence of problematic multicollinearity. As a rule of thumb, VIF values 

well below conventional cutoffs (e.g., 5 or 10) indicate limited multicollinearity.  

 

3.4 Empirical Strategy & Econometric Methodology 

This section presents the empirical strategy and econometric methods used to estimate 

the market reaction to FDA approvals and to examine cross-sectional heterogeneity in the 

response. Building on the abnormal-return construction described above, the analysis pro-

ceeds from pooled OLS specifications to panel models with firm and/or year fixed-effects, 

and finally to random-effects models. Across specifications, inference is conducted using 

robust variance estimators consistent with the panel structure of the data. The following 

subsections detail the model formulations and the rationale for the chosen estimators.  

3.4.1 OLS Regression 

As a benchmark, the empirical analysis begins with pooled OLS regressions. The depend-

ent variable is the cumulative abnormal return for firm 𝑖 around approval event 𝑒, com-

puted separately for each event window 𝑤. The OLS models serve two purposes: first, to 

estimate the average approval-window reaction, and second, to describe unconditional 
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associations between firm characteristics and announcement-window CARs. This follows 

the event-study tradition, where average abnormal or cumulative abnormal returns are 

used to evaluate whether a discrete information event is associated with statistically de-

tectable market reactions (MacKinlay, 1997; Campbell, Lo and MacKinlay, 1997; Ko-

thari and Warner, 2007).  

For each event window, the average market reaction is estimated using an intercept-only 

model:  

𝐶𝐴𝑅𝑖,𝑒,𝑤 = 𝛼𝑤 + 𝜀𝑖,𝑒,𝑤 

where 𝛼𝑤 represents the mean CAR in event window 𝑤. This specification provides a 

direct test of whether abnormal performance around FDA approval announcements dif-

fers from zero.  

The moderator models are then estimated as:  

𝐶𝐴𝑅𝑖,𝑒,𝑤 = 𝛼𝑤 + 𝛽𝑤𝑋𝑖,𝑒 + 𝜀𝑖,𝑒,𝑤 

where 𝑋𝑖,𝑒 denotes one firm-level moderator measured at the time of the approval event. 

The moderators are R&D intensity, CAPEX intensity, size, leverage, ROA, and asset 

turnover. Each moderator is estimated separately within each event window. This one-at-

a-time specification preserves interpretability and reduces the risk of conflating the ef-

fects of correlated firm characteristics, consistent with a parsimonious regression design 

where the purpose is to document conditional associations rather than estimate a fully 

saturated structural model (Wooldridge, 2010). The pooled OLS results are interpreted as 

descriptive benchmarks because they do not control for unobserved firm-specific or year-

specific heterogeneity.  

3.4.2 Firm Fixed Effects Regressions 

The firm fixed effects models extend the pooled OLS specifications by controlling for 

time-invariant differences across firms. These include persistent characteristics such as 

business model, product focus, disclosure practices, managerial style, and baseline risk 
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profile. By absorbing these stable firm-level differences, the model reduces omitted-var-

iable concerns that may affect pooled cross-sectional estimates (Wooldridge, 2010; 

Baltagi, 2021).  

The firm fixed effects model is specified as:  

𝐶𝐴𝑅𝑖,𝑒,𝑤 = 𝛼𝑖 + 𝛽𝑤𝑋𝑖,𝑒 + 𝜀𝑖,𝑒,𝑤 

where 𝛼𝑖 denotes firm fixed effects. The coefficient 𝛽𝑤 is therefore identified from 

within-firm variation across approval events. In this specification, the estimate captures 

whether changes in a firm characteristic within the same firm are associated with stronger 

or weaker approval-window CARs. As in the pooled OLS models, each moderator is es-

timated separately for each event window. A practical implication of the firm fixed effects 

design is that the identifying variation depends on changes in the moderator within firms 

over time, which can reduce precision when firm characteristics are slow-moving 

(Wooldridge, 2010; Baltagi, 2021).  

3.4.3 Year Fixed Effects Regressions 

Year fixed effects are used to control for common calendar-year shocks that may affect 

all firms in the sample. These shocks may include macroeconomic conditions, changes in 

discount rates, sector-wide sentiment, regulatory conditions, or reimbursement environ-

ments. If such factors coincide with periods of FDA approval activity, pooled estimates 

may partly reflect year-specific conditions rather than approval-related variation 

(Wooldridge, 2010; Baltagi, 2021).  

The year fixed effects model is specified as:  

𝐶𝐴𝑅𝑖,𝑒,𝑤 = 𝛼𝑤 + 𝜆𝑦 + 𝛽𝑤𝑋𝑖,𝑒 + 𝜀𝑖,𝑒,𝑤 

where 𝜆𝑦 denotes year fixed effects based on the calendar year of the approval event. In 

this specification, 𝛽𝑤 captures the association between the moderator and approval-win-

dow CARs after removing year-specific common shocks. Identification comes from dif-

ferences across firms within the same year and from variation across years net of year-
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level averages. The year fixed effects specification is therefore useful for assessing 

whether moderator relationships remain visible once common calendar-time conditions 

are absorbed.  

3.4.4 Firm + Year Fixed Effects Regressions 

The two-way fixed effects specification combines firm and year fixed effects. This is the 

most restrictive fixed-effects model because it controls simultaneously for time-invariant 

firm heterogeneity and common calendar-year shocks (Wooldridge, 2010; Baltagi, 2021).  

The model is specified as:  

𝐶𝐴𝑅𝑖,𝑒,𝑤 = 𝛼𝑖 + 𝜆𝑦 + 𝛽𝑤𝑋𝑖,𝑒 + 𝜀𝑖,𝑒,𝑤 

where 𝛼𝑖 denotes firm fixed effects and 𝜆𝑦 denotes year fixed effects. The coefficient 𝛽𝑤 

is interpreted as the association between within-firm changes in the moderator and ap-

proval-window CARs, after accounting for common year-level conditions. This specifi-

cation provides a conservative test of moderator relationships because it removes both 

persistent firm differences and year-specific shocks. However, it also relies more heavily 

on within-firm variation and may therefore produce less precise estimates when modera-

tors change only slowly over time, which is a known trade-off in fixed-effects panel mod-

els (Wooldridge, 2010; Baltagi, 2021).  

3.4.5 Random Effects Regressions 

Random effects models are estimated as a complementary specification to the fixed-ef-

fects models. Whereas firm fixed effects allow unobserved firm characteristics to be cor-

related with the moderators, the random effects framework assumes that the unobserved 

firm-specific component is uncorrelated with the included regressors. Under this assump-

tion, random effects can be more efficient because it uses both within-firm and between-

firm variation (Wooldridge, 2010; Baltagi, 2021).  

The random effects model is specified as:  

𝐶𝐴𝑅𝑖,𝑒,𝑤 = 𝛼𝑤 + 𝛽𝑤𝑋𝑖,𝑒 + 𝑢𝑖 + 𝜀𝑖,𝑒,𝑤 
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where 𝑢𝑖 is the firm-specific random effect and 𝜀𝑖,𝑒,𝑤 is the idiosyncratic error term. The 

coefficient 𝛽𝑤 therefore reflects both differences across firms and changes within firms 

over time. Because the random effects estimator depends on the orthogonality assumption 

between the firm-specific effect and the regressors, the suitability of random effects rela-

tive to fixed effects is evaluated using the Hausman specification test in Section 3.4.6 

(Hausman, 1978; Wooldridge, 2010; Baltagi, 2021).  

All Python scripts for the aforementioned regressions can be found in Appendix 2.6 - 

2.10.   

3.4.6 Model Choice, Design Justification, and Validity Checks 

3.4.6.1 Choice of Regression Framework (OLS vs FE vs RE) 

The empirical strategy estimates the market response to FDA approvals under a sequence 

of increasingly restrictive assumptions about unobserved heterogeneity and the structure 

of the error term. Each regression framework answers a slightly different question and 

relies on different identifying variation. 

First, pooled OLS serves as a benchmark by describing the average approval-window 

abnormal return and its unconditional association with firm characteristics. However, be-

cause pooled OLS uses cross-sectional variation across firms, it may be sensitive to omit-

ted variables if persistent firm traits are correlated with both the moderators and approval-

window returns.  

Second, fixed-effects models are introduced to mitigate this concern by controlling for 

unobserved heterogeneity through deterministic intercept shifts. Firm fixed-effects ab-

sorb all time-invariant firm characteristics, and identification is therefore obtained from 

within-firm variation across events. Year fixed-effects absorb common shocks within 

each calendar year, ensuring that results are not driven by year-specific market or sector 

conditions. The two-way fixed-effects specification combines both dimensions, attrib-

uting variation in approval-window abnormal returns to within-firm changes net of com-

mon time shocks.  
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Finally, random-effects models provide a complementary panel estimator that uses both 

within- and between-firm variation and may yield efficiency gains relative to fixed-ef-

fects. This comes at the cost of a stronger orthogonality assumption: the firm-specific 

random component must be uncorrelated with the included regressors. Because this as-

sumption may be violated in the present setting, fixed-effects and random-effects esti-

mates are both reported, and their relative suitability is assessed using a formal model-

comparison test (Section 3.4.6.2).  

3.4.6.2 Hausman Test (FE vs RE) 

A central distinction between fixed-effects (FE) and random-effects (RE) is whether un-

observed firm-specific heterogeneity is correlated with the included regressors. The RE 

estimator is consistent and efficient only under the orthogonality condition 

Cov(𝑢𝑖, 𝑋𝑖,𝑒) = 0, whereas FE remains consistent when such correlation is present by 

allowing the firm effect to be arbitrarily related to the regressors (Wooldridge, 2010; 

Baltagi, 2021). To assess the plausibility of the RE orthogonality assumption in this set-

ting, the study applies the Hausman specification test, which evaluates whether FE and 

RE coefficient estimates differ systematically (Hausman, 1978).  

Given that the [−5, +5] event window is treated as a primary window in the empirical 

analysis, the main Hausman discussion focuses on this window and reports results for 

each moderator in Table 3. Under the null hypothesis, the RE estimator is consistent and 

differences between FE and RE estimates should be attributable to sampling variation. 

Rejection of the null implies that RE is inconsistent, because the moderator is correlated 

with unobserved, time-invariant firm characteristics, so FE is preferred for inference 

(Hausman, 1978). The results indicate rejection of RE for R&D intensity, size, and asset 

turnover (p-values < 0.05), implying preference for FE in these specifications. For 

CAPEX intensity, leverage, and ROA, the null is not rejected, suggesting that RE may be 

acceptable for these moderator regressions. Consistent with these diagnostics, the analy-

sis emphasizes FE-based estimates where RE is rejected, while reporting RE estimates as 

a complementary benchmark where the orthogonality assumption is not contradicted by 

the data (Wooldridge, 2010; Baltagi, 2021). For completeness, the full set of Hausman 

test results across all event windows is reported in Appendix 1.3.  
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Table 3: Hausman Test Results 

Moderator Window Obs Firms β_FE SE_FE β_RE SE_RE Hausman χ²(1) p-value Decision 

R&D Intensity -5_5 212 42 5,380 2,482 0,175 1,284 6,005 0,014 Prefer FE 

CAPEX Intensity -5_5 214 44 2,134 4,622 0,992 3,838 0,197 0,657 RE OK 

Size -5_5 214 44 -0,445 0,211 -0,032 0,055 4,135 0,042 Prefer FE 

Leverage -5_5 214 44 -0,122 0,969 0,445 0,622 0,582 0,445 RE OK 

(ROA) -5_5 214 44 0,487 0,842 -0,048 0,408 0,529 0,467 RE OK 

Asset Turnover -5_5 214 44 1,208 0,764 -0,577 0,319 6,607 0,010 Prefer FE 

Note: Table 3 reports Hausman specification test results comparing firm fixed-effects (FE) and random-effects (RE) estimates for 

the [−5, +5] event window. 𝛽𝐹𝐸 and 𝛽𝑅𝐸 are the estimated moderator coefficients under FE and RE, respectively, with correspond-

ing standard errors (SE). The Hausman statistic is reported as 𝜒2(1). The null hypothesis is that the RE estimator is consistent 

(i.e., the difference between FE and RE estimates is not systematic); rejection implies RE inconsistency and preference for FE 

(Hausman, 1978). “Decision” applies a 5% significance level. Obs denotes the number of event observations and Firms the num-

ber of unique firms included. 

All Python scripts for the aforementioned tests can be found in Appendix 2.11 & 2.12.   

3.4.6.3 Specification & Inference Diagnostics 

This subsection evaluates whether the maintained assumptions underlying standard infer-

ence are appropriate in the present event-panel setting. Two issues are particularly rele-

vant: heteroskedasticity in the regression disturbances and dependence induced by re-

peated firm observations and potential clustering of events in calendar time. The diagnos-

tics reported in the Appendix guide the choice of variance estimators used throughout the 

regression analysis.  

First, heteroskedasticity is assessed using the Breusch–Pagan and White tests, applied to 

pooled OLS specifications estimated separately by event window and moderator. The null 

hypothesis in both tests is homoskedasticity (Breusch and Pagan, 1979; White, 1980). As 

reported in Appendix 1.4, several specifications reject homoskedasticity at conventional 

significance levels, indicating that residual variance is not constant across observations. 

In response, all reported regressions in the empirical analysis are estimated with het-

eroskedasticity-robust (HC1) standard errors, which provide valid inference under gen-

eral forms of heteroskedasticity (MacKinnon and White, 1985; Wooldridge, 2010). Sec-

ond, the dependence structure of the event-level dataset is examined by summarizing the 

firm–event panel structure and the extent of same-date clustering. Appendix 1.5 shows 
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that the sample contains repeated events per firm (approximately 4.9 events per firm on 

average), implying that within-firm dependence is a relevant concern in event-panel ap-

plications (Wooldridge, 2010; Cameron and Miller, 2015). By contrast, event clustering 

by calendar date is limited: the median and 95th percentile of events per date are both 

one, and the maximum is two. Together, these diagnostics suggest that the primary source 

of dependence arises from repeated firm observations rather than large concentrations of 

events on the same date. Accordingly, the inference approach prioritizes robustness to 

heteroskedasticity and is aligned with the dependence patterns implied by the firm–event 

panel structure.  

3.4.6.4 Robustness & Falsification Diagnostics 

This subsection evaluates whether key identifying assumptions in the event-study panel 

design are plausible and whether the main results could be mechanically driven by data 

structure, timing artifacts, or limited identifying variation. The tests focus on overlap and 

clustering of event windows, evidence of pre-event abnormal returns and placebo effects, 

and the feasibility of identifying moderator slopes in fixed-effects models.  

Event overlap and spacing. Appendix 1.6 reports how often event windows overlap in 

calendar time. As expected, overlap increases mechanically with the window length: the 

share of events with any overlap rises from 0,075 in the 0_0 window to 0,743 in −5_5 

and 0,864 in −10_10. Importantly, within-firm overlaps are 0 across all windows, and 

within-firm spacing is large (median nearest-event gap: 285 days; P25: 208 days), indi-

cating that dependence concerns are driven primarily by cross-firm calendar-time overlap 

rather than repeated approvals clustered within firms. This motivates inference proce-

dures that are robust to correlated shocks affecting multiple firms on the same dates (e.g., 

clustering by date or multi-way clustering as a robustness check), consistent with guid-

ance on cluster-robust inference in panel settings (Petersen, 2009; Cameron and Miller, 

2015).  

Pre-trend and placebo diagnostics. Appendix 1.7 reports joint pre-trend tests from firm 

fixed-effects event-study regressions (baseline τ = −1). For windows where lead coeffi-

cients are identified (K ≥ 2), the joint F-tests fail to reject the null that all pre-event coef-

ficients are zero (p-values: 0,892; 0,999; 0,995; 0,887), providing no evidence of 
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systematic abnormal returns prior to approvals. The placebo exercise, shifting event dates 

by +90 trading days, also yields no rejection (p-values: 0,772; 0,300; 0,307; 0,108), which 

supports that the design does not mechanically produce “event effects” around arbitrary 

dates. Such pre-trend and placebo checks are standard falsification tools for validating 

event-study timing and guarding against spurious inference (MacKinlay, 1997; Bertrand 

et al., 2004).  

Moderator identification feasibility under fixed-effects. Appendix 1.8 assesses 

whether the moderators have sufficient within-firm variation across approval events to 

identify slopes in firm-FE and two-way FE specifications. Most moderators show a high 

share of firms with more than one event (0,886–0,929) and more than one unique moder-

ator value across events (0,864–0,929), indicating that FE identification is generally fea-

sible. However, the within/total SD ratios are modest (e.g., size 0,146; R&D intensity 

0,218), and ICC values are relatively high for some variables (e.g., size 0,942), implying 

that a substantial fraction of variation is between firms. Practically, this means FE slope 

estimates are identified but may be less precise for variables with limited within-firm 

movement, which is a known trade-off in fixed-effects designs (MacKinlay, 1997; Ber-

trand, Duflo and Mullainathan, 2004).  

All Python scripts for the aforementioned diagnostics can be found in Appendix 2.13, 

2.14, and 2.15.   

4 Results 

This chapter presents the results from the event-study analysis of abnormal returns around 

FDA approval announcements for medical-device firms. The results are organized in two 

parts. First, the baseline market reaction is documented by reporting average CARs across 

the pre-specified symmetric event windows. Second, cross-sectional heterogeneity is ex-

amined through single-moderator regressions estimated under alternative panel structures 

(pooled OLS, firm fixed-effects, year fixed-effects, two-way fixed-effects, and random-

effects), as defined in Section 3. The chapter is structured by regression type to facilitate 

comparison across identifying assumptions.  
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To keep the main text focused, only statistically significant coefficients are reported in 

the primary results tables. Full regression output, including non-significant estimates 

across all moderators and windows, is provided in the appendix and referenced through-

out the chapter. Unless otherwise stated, inference is based on heteroskedasticity-robust 

standard errors (HC1/robust), and statistical significance is denoted by *** p < 0,01, ** 

p < 0,05, and * p < 0,10. CARs are reported in the same units as in the baseline tables 

(e.g., −0,075 corresponds to −0,075%). The number of events is typically 214, but may 

be lower in models with missing moderator data.  

4.1 Baseline Market Reaction to FDA Approvals 

In this section, the baseline market reaction to FDA approval announcements is estab-

lished by documenting average cumulative abnormal returns (CARs) across the pre-spec-

ified symmetric event windows. The aim is to characterize the unconditional effect, both 

its typical magnitude and its cross-sectional dispersion, before introducing firm charac-

teristics, moderators, and fixed-effects specifications. This baseline evidence also moti-

vates the emphasis on short windows in the main tests and informs the inference approach 

used in the subsequent regressions.  

4.1.1 Cross-Sectional CAR Patterns by Window 

To characterize the baseline outcome, the cross-sectional distribution of CARs is first 

examined across the six symmetric event windows. Figure 4 summarizes the cross-sec-

tional distribution of cumulative abnormal returns (CARs) around FDA approval an-

nouncements for six symmetric event windows. Two descriptive patterns emerge. First, 

average CARs are negative in all windows and become more negative as the window 

widens. The mean CAR is approximately −0,075 in [0,0], −0,16 in [−1,1], −0,26 in [−2,2], 

−0,335 in [−3,3], −0,45 in [−5,5], and about −0,885 in [−10,10]. This evidence is descrip-

tive; formal inference on mean effects is presented in Section 4.2.2. Second, dispersion 

and tail thickness increase with horizon length. The standard deviation rises from roughly 

0,41 in [0,0] to about 2,65 in [−10,10], while the distribution becomes increasingly left-

skewed (approximately −0,39 to −2,33) and more leptokurtic (excess kurtosis increasing 

from about 1,21 to 6,5). Visually, the distribution remains concentrated near zero but 

develops a progressively heavier left tail as the window expands, consistent with greater 
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cross-sectional heterogeneity at longer horizons and the possibility that wider windows 

incorporate additional concurrent information.  

Overall, Figure 4 motivates two choices for the main analyses. First, emphasis is placed 

on short, symmetric windows as the primary horizons for isolating announcement effects. 

Second, inference relies on robust standard errors, given the clear departures from nor-

mality and the increase in variance as event windows expand. 

Figure 4: Distribution of CARs by Event Windows 

 
 
Note: Each panel shows the distribution of CARs for each event window: [0,0], [−1,1], [−2,2], [−3,3], [−5,5], [−10,10]. SD is 

the standard deviation; ex. kurt is excess kurtosis and starts at 0 instead of 3, and N is the number of FDA-approval events. The 

dashed line marks the sample mean; the shaded band is mean ±1 SD.  

4.1.2 Average CAR & Statistical Inference (baseline tests) 

To evaluate the average approval-window effect, mean CARs are estimated for each sym-

metric window using intercept-only regressions. The intercept represents the sample 

mean CAR in the window, with HC1-robust standard errors used for inference. Table 4 

reports the baseline estimates for N = 214 approval events.   

Across all windows, average CARs are negative and statistically significant. On the an-

nouncement day [0,0], the mean CAR equals −0,075 (t = −2,663; p = 0,008), with a 95% 

confidence interval of [−0,130; −0,020]. The [−1,1] window yields a mean CAR of 
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−0,159 (t = −3,178; p = 0,001), and the [−2,2] window yields −0,262 (t = −4,170; p < 

0,001). The estimated mean continues to become more negative as the horizon expands: 

−0,335 for [−3,3], −0,448 for [−5,5], and −0,885 for [−10,10], with confidence intervals 

that exclude zero in each case (all p < 0,01).  

Two implications follow from these baseline tests. First, the negative average reaction is 

not limited to a particular horizon; it is present on the event day and remains robust across 

increasingly wide windows. Second, the monotonic increase in magnitude with window 

length is consistent with the descriptive evidence in Figure 4 and underscores why the 

subsequent analyses emphasize short, symmetric windows as the main horizons: wider 

windows mechanically accumulate more return variation and are more likely to incorpo-

rate concurrent information unrelated to the approval itself. The next sections examine 

whether the magnitude of these baseline reactions varies systematically with firm funda-

mentals and alternative panel specifications.  

Table 4: Baseline Mean CARs around FDA Approval Announcements 

Window N Events 
Mean 

CAR 

Standard 

Error 
t-statistic p-value 

CI95 

Low 

CI95 

High 

Mean CAR 

(starred) 

0_0 214 -0,075 0,028 -2,663 0,008 -0,130 -0,020 -0,075*** 

-1_1 214 -0,159 0,050 -3,178 0,001 -0,258 -0,061 -0,159*** 

-2_2 214 -0,262 0,063 -4,170 0,000 -0,386 -0,139 -0,262*** 

-3_3 214 -0,335 0,075 -4,480 0,000 -0,482 -0,189 -0,335*** 

-5_5 214 -0,448 0,103 -4,369 0,000 -0,650 -0,247 -0,448*** 

-10_10 214 -0,885 0,182 -4,871 0,000 -1,241 -0,529 -0,885*** 

Note: The table reports intercept-only estimates of mean CARs for 𝑁 = 214 FDA approval events across symmetric event 

windows. CARs are expressed in percentage points (e.g., −0,075 corresponds to −0,075%). Standard errors are heteroske-

dasticity-robust (HC1). The t-statistics and two-sided p-values test 𝐻0: 𝔼[𝐶𝐴𝑅] = 0 CI95 Low/High denote 95% confidence 

intervals constructed using the robust standard errors. “Mean CAR (starred)” repeats the point estimate with conventional 

significance stars: *** 𝑝 < 0,01, ** 𝑝 < 0,05, * 𝑝 < 0,10. 

4.2 Pooled OLS Moderator Results 

This section summarizes the statistically significant pooled OLS moderator result for how 

firm fundamentals relate to announcement-window CARs through Table 5. Across the 

set of moderators and windows considered, only one coefficient is statistically significant 

at conventional levels. Specifically, asset turnover is negatively associated with the an-

nouncement-day reaction in the window [0,0] (coefficient −0,225; p = 0,068). The point 

estimate implies that, within the pooled cross-section, firms with higher asset turnover 
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experience more negative abnormal returns on the approval day. Economically, this pat-

tern is consistent with a less favorable reaction when approvals occur for firms with 

higher asset turnover (sales relative to assets), although the evidence is weak and should 

be interpreted cautiously given the marginal significance level.  

Beyond this single finding, pooled OLS provides limited support for systematic cross-

sectional heterogeneity in CARs explained by the included accounting moderators. In the 

full pooled OLS output (Appendix 1.9), the remaining moderator coefficients are statis-

tically insignificant across event windows, suggesting that these fundamentals have little 

explanatory power for differences in announcement-window abnormal returns in a pooled 

specification. This motivates placing greater interpretive weight on the fixed-effects re-

sults presented in the subsequent sections, where identification relies on within-firm var-

iation over time.  

Table 5: Pooled OLS Regression Significant Results 

Asset Turnover 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,225 0,123 -1,823 0,068 -0,225* 
Note: The table reports statistically significant pooled OLS moderator estimates from regressions of CAR on a constant and 

one moderator at a time, by symmetric event windows around FDA approval announcements. Standard errors are HC1-robust. 
“N Events” denotes the number of approval events used in the regression. “Coefficient (starred)” repeats the point estimate 

with significance stars: *** p < 0,01, ** p < 0,05, * p < 0,10.  

4.3 Firm Fixed-effects Results 

Controlling for time-invariant firm heterogeneity through firm fixed-effects, the single-

moderator specifications link within-firm variation in each moderator to variation in ap-

proval-window CARs. Statistically significant estimates from these models are reported 

in Table 6.  

Three patterns emerge. First, R&D intensity is positively associated with CARs across 

several short-to-medium windows. The coefficient is positive and statistically significant 

in [0,0] (1,182; p = 0,025) and remains significant at the 10% level in [−1,1], [−2,2], 

[−3,3], and [−5,5], with the magnitude increasing as the window expands. This pattern 

indicates that, within a given firm, approvals occurring in periods of higher R&D intensity 

are associated with less negative (or more positive) abnormal returns, consistent with the 
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market responding more favorably when approvals occur during periods of higher R&D 

spending intensity. Second, firm size exhibits a negative association with CARs in the 

fixed-effects models. Size is significant in [0,0] (−0,125; p = 0,047) and becomes more 

negative and remains significant in [−3,3] (−0,347; p = 0,031) and [−5,5] (−0,445; p = 

0,019). Within firms, approvals that occur in periods when the firm is larger are associated 

with more negative abnormal returns in the announcement window. One interpretation is 

that approvals may be less “surprising” or less value-relevant when the firm is already 

operating at a larger scale, reducing the marginal informational content of a given ap-

proval. Third, asset turnover is positively associated with CARs only in the widest win-

dow [−10,10] (2,024; p = 0,099). This estimate is weaker and appears only at longer 

horizons, which makes it more susceptible to concurrent information within the event 

window. As such, it should be interpreted cautiously relative to the more concentrated 

short-window effects.  

Overall, the firm fixed-effects results differ from the pooled OLS evidence by revealing 

economically interpretable within-firm relationships for R&D intensity and size, while 

most other moderators do not display statistically significant associations in the fixed-

effects setting. The full firm fixed-effects output for all moderators and windows is re-

ported in Appendix 1.10.  

Table 6: Firm Fixed-effects Regression Significant Results 

R&D Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 212 1,182 0,522 2,266 0,025 1,182** 

-1_1 212 2,471 1,428 1,730 0,085 2,471* 

-2_2 212 3,086 1,800 1,714 0,088 3,086* 

-3_3 212 4,011 2,179 1,840 0,067 4,011* 

-5_5 212 5,380 3,203 1,680 0,095 5,380* 

Size 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,125 0,063 -1,998 0,047 -0,125** 

-3_3 214 -0,347 0,160 -2,176 0,031 -0,347** 

-5_5 214 -0,445 0,189 -2,359 0,019 -0,445** 

Asset Turnover 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 
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-10_10 214 2,024 1,222 1,657 0,099 2,024* 
Note: The table reports statistically significant firm fixed-effects estimates from regressions of CAR on one moderator at a 

time, by symmetric event windows around FDA approval announcements. Firm fixed-effects are included in all specifications. 

Standard errors are heteroskedasticity-robust. “N Events” denotes the number of approval events used in each regression 
and may vary across moderators due to missing data. “Coefficient (starred)” repeats the point estimate with significance 

stars: *** p < 0,01, ** p < 0,05, * p < 0,10.  

4.4 Year Fixed-effects Results 

Where the firm fixed-effects results emphasize within-firm variation over time, the year 

fixed-effects models instead compare firms within the same calendar year. The statisti-

cally significant year fixed-effects estimates from the single-moderator regressions are 

summarized in Table 7.  

Four findings stand out. First, R&D intensity is positively associated with announcement-

day CARs in the [0,0] window (0,518; p = 0,057). This suggests that, conditional on year-

level market conditions, approvals for firms with higher R&D intensity are associated 

with less negative (or more positive) abnormal returns on the event day, consistent with 

approvals being more value-relevant when firms are more innovation-intensive. Second, 

leverage is positively associated with CARs in the widest window [−10,10] (0,962; p = 

0,098). Because this relationship appears only in the longest window, it should be inter-

preted cautiously, as wider horizons are more likely to reflect concurrent information un-

related to the approval announcement itself. Third, profitability exhibits a negative asso-

ciation with CARs over short-to-medium windows. ROA is negative and statistically sig-

nificant in [−1,1] (−0,231; p = 0,063), [−2,2] (−0,287; p = 0,082), and [−3,3] (−0,355; 

p = 0,045). This pattern indicates that approvals are followed by more negative abnormal 

returns for more profitable firms in the cross-section, conditional on year effects. Finally, 

asset turnover is negatively associated with CARs in multiple windows. The coefficient 

is negative and statistically significant in  [0,0] (−0,163; p = 0,024), [−2,2] (−0,211; p = 

0,092), and [−10,10] (−0,422; p = 0,085).  

Taken together, the results from the year fixed-effects regressions suggest that operational 

intensity proxies (ROA and asset turnover) are associated with more negative announce-

ment-window reactions, while R&D intensity is associated with less negative reactions 

on the event day. Full year fixed-effects results are reported in Appendix 1.11.  
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Table 7: Year Fixed-effects Regression Significant Results 

R&D Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 212 0,518 0,273 1,901 0,057 0,518* 

Leverage 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

-10_10 214 0,962 0,581 1,655 0,098 0,962* 

ROA 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

-1_1 214 -0,231 0,124 -1,856 0,063 -0,231* 

-2_2 214 -0,287 0,165 -1,742 0,082 -0,287* 

-3_3 214 -0,355 0,177 -2,002 0,045 -0,355** 

Asset Turnover 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,163 0,072 -2,251 0,024 -0,163** 

-2_2 214 -0,211 0,125 -1,684 0,092 -0,211* 

-10_10 214 -0,422 0,245 -1,721 0,085 -0,422* 
Note: The table reports statistically significant year fixed-effects estimates from regressions of CAR on a constant, year fixed-
effects, and one moderator at a time, by symmetric event windows around FDA approval announcements. Standard errors are 

HC1-robust. “N Events” denotes the number of approval events used in each regression and may vary across moderators due 

to missing data. “Coefficient (starred)” repeats the point estimate with significance stars: *** p < 0,01, ** p < 0,05, * p < 
0,10.  

4.5 Two-way Fixed-effects Results 

Moderator relationships that appear in simpler models may reflect either persistent firm 

traits or broad year-to-year shifts rather than the approval itself. Therefore, after sepa-

rately exploring one-way fixed-effects, the analysis next imposes both dimensions at 

once. The resulting two-way fixed-effects estimates, which absorb firm-specific baselines 

and year-specific conditions simultaneously, are presented in Table 8 for the statistically 

significant cases.  

Four results stand out, and they are concentrated in short windows. First, R&D intensity 

is positively associated with CARs in [0,0] (1,131; p = 0,045) and [−3,3] (2,900; p = 

0,041). Relative to the one-way specifications, the positive R&D association persists 

when both firm and year effects are included, suggesting that approvals occurring in pe-

riods of higher R&D intensity are associated with less negative (or more positive) abnor-

mal returns even after accounting for firm-specific baseline differences and calendar-year 
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conditions. Second, size enters negatively on the announcement day. In the [0,0] window, 

the size coefficient is −0,228 (p = 0,006), indicating that, conditional on firm and year 

fixed-effects, larger firms experience more negative event-day abnormal returns. This 

pattern is consistent with approvals carrying less incremental valuation impact for firms 

that are already larger. Third, leverage is negatively associated with event-day CARs. The 

leverage coefficient in [0,0] equals −0,597 (p = 0,021), suggesting that, within the two-

way fixed-effects framework, approvals for more highly levered firms are followed by a 

more adverse immediate market reaction. Finally, profitability, proxied by ROA, is also 

negatively associated with [0,0] CARs (−0,368; p = 0,045). This implies that, after con-

trolling for firm and year fixed-effects, approvals are followed by more negative event-

day abnormal returns for firms with higher profitability. 

Overall, the results from the two-way fixed-effects regressions indicate that heterogeneity 

in approval-window abnormal returns is most pronounced on the announcement day, with 

R&D intensity mitigating the negative reaction, while size, leverage, and ROA are asso-

ciated with more negative event-day responses. The full two-way fixed-effects results for 

all moderators and windows are reported in Appendix 1.12.  

Table 8: Two-way Fixed-effects Regression Significant Results 

R&D Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 212 1,131 0,559 2,025 0,045 1,131** 

-3_3 212 2,900 1,410 2,057 0,041 2,900** 

Size 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,228 0,082 -2,787 0,006 -0,228*** 

Leverage 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,597 0,257 -2,324 0,021 -0,597** 

ROA 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,368 0,182 -2,019 0,045 -0,368** 
Note: The table reports statistically significant two-way fixed-effects estimates from regressions of CAR on firm fixed-effects, 
year fixed-effects, and one moderator at a time, by symmetric event windows around FDA approval announcements. Standard 

errors are heteroskedasticity-robust. “N Events” denotes the number of approval events used in each regression and may 
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vary across moderators due to missing data. “Coefficient (starred)” repeats the point estimate with significance stars: *** p 
< 0,01, ** p < 0,05, * p < 0,10.  

4.6 Random-effects Results 

Relative to the fixed-effects results, the random-effects model attributes a larger share of 

cross-sectional variation in CARs to differences across firms, which is reflected in both 

the number and the stability of significant coefficients across windows. Table 9 reports 

the statistically significant random-effects estimates from the single-moderator specifica-

tions.  

Several moderators display consistent associations with CARs. R&D intensity is negative 

and statistically significant in all windows from [−1,1] onward, with the magnitude in-

creasing sharply as the window widens (e.g., −0,816 in [−1,1] and −5,570 in [−10,10]). 

CAPEX intensity is likewise negative and statistically significant in most windows, in-

cluding wide windows where the coefficient becomes large in magnitude (−13,745 in 

[−10,10]). Size exhibits a stable negative relationship with CARs across all windows, 

and the magnitude becomes increasingly negative in longer windows. Leverage is also 

negative and statistically significant across all windows, with coefficients that become 

more negative as the horizon expands. Asset turnover shows a particularly strong and 

consistent negative association with CARs. The coefficient is negative and statistically 

significant in every window, ranging from −0,179 in [0,0] to −1,600 in [−10,10]. This 

pattern indicates that firms with higher asset turnover experience more negative abnormal 

performance around approval announcements in the random-effects specification.  

Overall, the results from the random-effects regressions suggest broad cross-sectional re-

lationships between firm fundamentals and approval-window CARs. However, compared 

with the fixed-effects models, these estimates rely more heavily on between-firm varia-

tion and the random-effects orthogonality assumption. The differences in sign and signif-

icance relative to the firm and two-way fixed-effects results, therefore, motivate caution 

in interpretation and reinforce the need to treat the fixed-effects specifications as the pri-

mary basis for inference. The full random-effects results for all moderators and windows 

are reported in Appendix 1.13.  
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Table 9: Random-effect Regression Significant Results 

R&D Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 212 -0,217 0,182 -1,191 0,235 -0,217 

-1_1 212 -0,816 0,337 -2,419 0,016 -0,816** 

-2_2 212 -1,359 0,469 -2,898 0,004 -1,359*** 

-3_3 212 -1,697 0,594 -2,858 0,005 -1,697*** 

-5_5 212 -2,607 0,749 -3,479 0,001 -2,607*** 

-10_10 212 -5,570 1,276 -4,366 0,00002 -5,570*** 

CAPEX Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -1,334 0,716 -1,862 0,064 -1,334* 

-1_1 214 -3,039 1,255 -2,422 0,016 -3,039** 

-2_2 214 -4,177 1,902 -2,196 0,029 -4,177** 

-3_3 214 -6,035 2,404 -2,511 0,013 -6,035** 

-5_5 214 -5,575 3,096 -1,801 0,073 -5,575* 

-10_10 214 -13,745 4,615 -2,978 0,003 -13,745*** 

Size 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,011 0,006 -1,959 0,051 -0,011* 

-1_1 214 -0,022 0,008 -2,658 0,008 -0,022*** 

-2_2 214 -0,035 0,010 -3,297 0,001 -0,035*** 

-3_3 214 -0,045 0,011 -4,124 0,0001 -0,045*** 

-5_5 214 -0,060 0,018 -3,351 0,001 -0,060*** 

-10_10 214 -0,113 0,031 -3,704 0,0003 -0,113*** 

Leverage 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,239 0,119 -2,002 0,047 -0,239** 

-1_1 214 -0,338 0,174 -1,945 0,053 -0,338* 

-2_2 214 -0,553 0,231 -2,397 0,017 -0,553** 

-3_3 214 -0,802 0,275 -2,920 0,004 -0,802*** 

-5_5 214 -0,884 0,382 -2,314 0,022 -0,884** 

-10_10 214 -1,810 0,638 -2,836 0,005 -1,810*** 

Asset Turnover 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,179 0,061 -2,942 0,004 -0,179*** 

-1_1 214 -0,304 0,086 -3,555 0,0005 -0,304*** 

-2_2 214 -0,496 0,106 -4,673 0,00001 -0,496*** 

-3_3 214 -0,600 0,123 -4,887 0,000002 -0,600*** 

-5_5 214 -0,829 0,173 -4,798 0,000003 -0,829*** 

-10_10 214 -1,600 0,289 -5,533 0,0000001 -1,600*** 
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Note: The table reports statistically significant random-effects estimates from regressions of CAR on a constant and one 
moderator at a time, by symmetric event windows around FDA approval announcements. Standard errors are heteroskedas-

ticity-robust. “N Events” denotes the number of approval events used in each regression and may vary across moderators 

due to missing data. “Coefficient (starred)” repeats the point estimate with significance stars: *** p < 0,01, ** p < 0,05, * p 
< 0,10.  

4.7 Synthesis Across Regression Types 

Across each specification, the results support two central conclusions. First, FDA ap-

proval announcements are associated with negative abnormal performance on average, 

and the mean CAR becomes more negative as the event window widens. This pattern 

holds descriptively in the CAR distributions and formally in the intercept-only tests, 

which show statistically significant negative mean CARs in all six windows. Second, the 

evidence on heterogeneity depends materially on the identifying variation imposed by the 

regression framework. In pooled OLS, which relies primarily on cross-sectional variation, 

moderator effects are largely absent: only asset turnover is weakly significant on the event 

day, and the remaining coefficients are insignificant across windows. This contrasts with 

the fixed-effects specifications, where several economically interpretable relationships 

emerge once unobserved heterogeneity is absorbed.  

The firm fixed-effects results point to within-firm heterogeneity over time. R&D intensity 

is positively associated with CARs across multiple short-to-medium windows, while size 

is negatively associated with CARs on the event day and selected wider windows. This 

suggests that approvals tend to be received less negatively when the firm is in a more 

R&D-intensive phase, but more negatively when the firm is larger than in its own history. 

Accordingly, higher R&D intensity appears to attenuate the negative baseline reaction, 

whereas increases in firm scale are associated with a stronger negative response. The year 

fixed-effects regressions, which absorb common calendar-year shocks, highlight cross-

sectional heterogeneity conditional on time. In these models, R&D intensity is again pos-

itive on the announcement day, while ROA and asset turnover are associated with more 

negative CARs in several short-to-medium windows. The pattern is consistent with the 

interpretation that operational “maturity” proxies (profitability and turnover) are associ-

ated with more adverse reactions, whereas innovation intensity is associated with less 

adverse reactions, at least on the event day. 
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The two-way fixed-effects results sharpen this picture by controlling simultaneously for 

time-invariant firm differences and year-level shocks. The statistically significant effects 

are concentrated in short windows, especially [0,0]. R&D intensity remains positive (in 

[0,0] and [−3,3]), while size, leverage, and ROA are all negatively associated with event-

day CARs. Taken together, the two-way FE evidence implies that the most robust heter-

ogeneity in market reactions is immediate and occurs on the announcement day: innova-

tion intensity attenuates the negative reaction, whereas firm scale and balance-sheet/op-

erational strength proxies are associated with a more negative response. Finally, the ran-

dom-effects estimates produce many more statistically significant relationships, typically 

negative and increasingly so in longer windows, across R&D intensity, CAPEX intensity, 

size, leverage, and asset turnover. Because RE combines within- and between-firm vari-

ation under the orthogonality assumption, the broad significance in RE (and the sign re-

versals relative to FE for some moderators) is consistent with persistent firm traits being 

correlated with the moderators, making RE less reliable as a primary basis for inference 

in this setting.  

Overall, the results are most consistent with a negative baseline market response to device 

approvals, with economically meaningful heterogeneity that is primarily visible in speci-

fications that control for unobserved heterogeneity and is most pronounced in short win-

dows. This motivates treating the fixed-effects results, particularly the two-way FE esti-

mates, as the main evidence on conditional market reactions, while interpreting longer-

window and RE-based patterns more cautiously, given the higher risk of concurrent in-

formation and stronger identifying assumptions.  

5 Discussion 

5.1 Research Implications 

5.1.1 Baseline Market Response & Expectation Updating 

The baseline results indicate that FDA approval announcements in the medical-device 

sample are associated with negative abnormal performance on average, and that the mean 

CAR becomes more negative as the event window expands. From a research perspective, 



Page | 53  

 

this challenges the common prior, often informed by drug-approval studies, that regula-

tory approvals are generally “good news” that generate positive abnormal returns. In the 

device context, an approval can convey more nuanced information than simple regulatory 

success. The announcement may confirm an outcome already largely expected, limiting 

upside, while also revealing details that shape the economic interpretation of the approval, 

such as indication scope, labeling constraints, and the perceived commercial envelope of 

the product.  

This distinction matters because abnormal returns reflect changes in expectations when 

information is incorporated into prices, not the ex post importance of the regulatory mile-

stone. If the probability of approval is largely priced in through public milestones and 

predictable timelines, the decision date will mainly reprice the remaining uncertainty. In 

that setting, an approval announcement can still be associated with negative abnormal 

performance if the realized information bundle leads investors to revise expected cash 

flows downward or to increase perceived execution risk. For medical devices, such down-

ward revisions can plausibly be linked to modest addressable markets, reimbursement 

and adoption frictions, competitive positioning, or implementation requirements that con-

strain the near-term commercialization path.  

The negative mean CAR can therefore be interpreted as consistent with approvals func-

tioning as information-resolution points where the net update is frequently adverse rela-

tive to expectations. This does not imply that approvals are economically unimportant; 

rather, it implies that the market’s reference point before the decision is often optimistic 

enough that the realized approval package tends to disappoint on margin, or that approval 

coincides with the revelation of constraints that dominate the incremental regulatory suc-

cess component. The implication for literature is that device approvals should not be 

treated as homogeneous positive shocks. Instead, their value relevance appears to be state- 

and expectation-dependent, and the appropriate benchmark for interpretation is what the 

approval reveals relative to what the market had already priced in.  

An additional implication is that interpretation depends on event-window length. The 

mean CAR becomes more negative as the window expands, and the distribution exhibits 

greater dispersion in longer windows, consistent with wider horizons that increasingly 
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incorporate concurrent firm- and sector-level information beyond the approval itself. This 

supports treating narrow, symmetric windows as the primary evidence for announcement 

effects and interpreting longer windows more cautiously as reflections of the broader in-

formation environment surrounding approvals. The related identification concern is dis-

cussed further in the limitations section.  

5.1.2 State Dependence in Approval Reactions 

Patterns in moderator effects depend strongly on the source of identifying variation. In 

pooled OLS, the moderator coefficients are almost uniformly insignificant, whereas eco-

nomically interpretable relationships appear under firm fixed-effects and, most clearly, 

under two-way fixed-effects. This divergence is consistent with persistent firm differ-

ences being correlated with both fundamentals and announcement-window CARs, 

thereby masking heterogeneity in purely cross-sectional comparisons. The discussion 

therefore focuses on the firm characteristics that remain informative once unobserved 

firm heterogeneity and common-year conditions are accounted for. R&D intensity is as-

sociated with lower (and, in some specifications, higher) approval-window CARs over 

short horizons. This suggests that approvals are interpreted more favorably when they 

occur during periods in which the firm is more innovation-intensive. A plausible inter-

pretation is that approvals resolve more economically meaningful uncertainty when the 

firm’s value is more exposed to pipeline quality and growth options. In this sense, R&D 

intensity acts as a conditioning variable for value relevance: the same regulatory outcome 

can carry different informational content depending on the firm’s innovation posture at 

the time of the event.  

Firm scale is negatively associated with announcement-day CARs in the stricter specifi-

cations, consistent with diminishing marginal informational content of approvals for 

larger firms. For firms with broader portfolios, a single approval may represent a smaller 

share of expected cash flows and may be closer to confirmation than surprise, reducing 

upside while leaving scope for disappointment in labeling, timing, or commercial scope. 

The size pattern is therefore consistent with approval news being evaluated relative to the 

firm’s opportunity set, rather than relative to the technical success of regulatory clearance. 

Financial structure also conditions reactions. In the two-way fixed-effects results, 
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leverage is negatively associated with event-day CARs, consistent with approvals being 

priced through a financing-and-implementation lens. Because approvals can trigger costly 

post-approval activities, scale-up, distribution investment, reimbursement work, and 

post-market obligations, higher leverage may raise perceived execution risk or the ex-

pected cost of converting regulatory success into cash flows. This supports a constraint-

channel interpretation in which balance-sheet flexibility shapes how markets price regu-

latory milestones. Profitability proxies for maturity and expectations. ROA is negatively 

associated with CARs in the stricter specifications, suggesting that approvals for more 

profitable firms are interpreted as more incremental and less likely to prompt upward 

revisions to expected cash flows. When expectations are already high and the firm is per-

ceived as established, the approval may contribute relatively little upside, while details 

about commercial scope or residual frictions can dominate the revision in expectations. 

Overall, the combined evidence supports a state-dependent view of device approvals: in-

novation intensity attenuates the negative reaction, while scale, leverage, and profitability 

are associated with more negative event-day responses in the most conservative specifi-

cations.  

5.2 Managerial Implications 

5.2.1 Price-setting Investors & Expectation Management 

The managerial implications of this thesis are most relevant to the capital market partici-

pants who set prices around information events. In the context of FDA approval an-

nouncements, the primary audience is institutional investors with short holding periods, 

such as event-driven funds, sector-focused long/short hedge funds, and quantitative strat-

egies, because these investors actively trade on announcement-window information and 

contribute disproportionately to immediate price adjustment. A secondary, but still im-

portant, audience consists of sell-side analysts and active institutional portfolio managers, 

whose rapid valuation updates can influence order flow and sentiment around the ap-

proval date even when their trading horizons are longer.  

For this investor base, the approval outcome is not evaluated as a binary milestone but as 

an update to economic expectations. The results imply that an “approval achieved” 
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announcement is often insufficient as a value-relevant message, since abnormal returns 

reflect revisions relative to what was already priced in. When the probability of approval 

is largely anticipated, the marginal information on the decision date shifts toward what 

the approval implies for commercial scope and execution. In practice, investors update 

on whether the approval expands the addressable market as expected, whether labeling or 

indication scope is more restrictive than assumed, and whether the path to adoption and 

reimbursement appears credible. If the realized information bundle is interpreted as nar-

rower or more costly than the market’s reference point, negative repricing can occur even 

when the regulatory outcome is favorable.  

This places expectation management at the center of approval communication. The ob-

jective is to anchor investor beliefs about the commercial envelope of the approval before 

and at the decision date, rather than allowing optimistic assumptions to accumulate until 

the announcement. Communication is most decision-useful when it clarifies (i) the scope 

of the approved indication and any meaningful limitations, (ii) the practical adoption and 

reimbursement pathway, and (iii) the near-term execution steps required to monetize the 

approval. Importantly, expectation management does not require promotional language; 

it requires internal consistency and specificity about what the approval enables economi-

cally and what uncertainty remains. In a setting where approvals are not associated with 

positive abnormal performance on average, such clarity reduces the likelihood that the 

decision date becomes an expectations reset and increases the probability that approval 

news is interpreted as economically meaningful rather than merely procedural.  

5.2.2 Execution Credibility: Financing Capacity & Operational Readiness 

Approval announcements are priced not only as regulatory outcomes but as signals about 

whether the firm can convert approval into commercial cash flows. This makes execution 

credibility a central managerial implication, especially for the institutional investor base 

that trades on short-horizon information. For these investors, the key question is not 

simply whether the device can be marketed, but whether the firm can scale production, 

secure reimbursement and adoption, and do so without value-eroding frictions. Execution 

credibility, therefore, combines two closely related elements: financing capacity and op-

erational readiness.  
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Financing capacity matters because approvals often accelerate the need for investment in 

commercialization. Even when the regulatory outcome is favorable, the market may dis-

count the event if the firm appears financially constrained. Limited liquidity, high lever-

age, tight covenant headroom, or near-term refinancing needs can increase perceived ex-

ecution risk and raise concerns about dilution or costly capital. This is particularly salient 

in approval windows because investors may expect post-approval spending on manufac-

turing ramp-up, salesforce expansion, distribution, post-market obligations, and working 

capital. Clear communication about financial flexibility, such as runway, major financing 

needs, and capital allocation priorities, reduces uncertainty about whether approval-

driven growth requires near-term external funding under adverse terms. Operational read-

iness shapes the same valuation logic. FDA approval does not guarantee rapid uptake; 

adoption can be slowed by procurement cycles, training requirements, workflow integra-

tion, and reimbursement processes. Investors, therefore, interpret approvals through the 

lens of commercial feasibility. Approval-related disclosure is more decision-useful when 

it clarifies the practical path from approval to monetization: the initial launch scope, the 

next expected milestones (e.g., first shipments, initial sites, reimbursement steps), and the 

constraints management views as binding. The objective is not to provide exhaustive op-

erational detail, but to reduce ambiguity about timing and execution risk that markets may 

otherwise price pessimistically at the decision date.  

Taken together, these points imply that approval announcements are most effective as 

capital-market communication events when they integrate regulatory success with credi-

ble execution conditions. When approval news is released without clarity on financing 

capacity and readiness to commercialize, the market response can be dominated by con-

cerns about delayed rollout, constrained investment, or value-eroding financing. Con-

versely, approvals accompanied by credible evidence of financial flexibility and opera-

tional preparedness reduce the scope for negative inferences and can improve the inter-

pretation of approval news by short-horizon institutional investors.  

5.2.3 Innovation Posture & Pipeline Validation 

The results indicate that approvals are interpreted more favorably when they occur during 

periods when the firm is more innovation-intensive, implying that investors read approv-

als partly as signals of pipeline quality rather than as isolated regulatory wins. For 
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managers and investor relations teams, this suggests that approval announcements are 

more decision-useful when they are framed as validation of a coherent innovation trajec-

tory: how the approved device fits into the pipeline, what it implies about technological 

differentiation, and whether it enables follow-on products or expanded indications. This 

does not require promotional messaging; it requires a credible linkage between the ap-

proval and the broader innovation strategy. When the approval is presented without a 

pipeline context, investors are more likely to treat it as routine or anticipated and focus 

instead on residual commercial frictions. Clear pipeline positioning can therefore increase 

the perceived informational content of the approval for the institutional investor base that 

trades on catalyst events.  

5.2.4 Materiality & Scale: Making Approvals Economically Legible 

The evidence that scale conditions announcement-day reactions implies that approvals 

may be discounted for larger firms unless their incremental economic relevance is made 

explicit. For managers in larger device firms, the communication challenge is therefore 

materiality: why does the approval change the cash-flow outlook despite portfolio breadth 

and frequent regulatory milestones? Approval-related disclosure is more useful to inves-

tors when it specifies the commercial envelope in concrete terms, expected contribution 

range, margin implications, time-to-scale, or strategic importance, such as segment entry 

or portfolio synergy, rather than relying on the approval as a standalone signal. A con-

sistent hierarchy distinguishing transformative approvals from incremental extensions 

can also reduce ambiguity and limit adverse repricing driven by uncertainty about com-

mercial relevance. Overall, materiality framing helps short-horizon institutional investors 

translate approval news into a valuation update rather than treating it as another routine 

regulatory event.  

5.3 Investor implications 

The findings also have direct implications for short-horizon investors. The baseline re-

sults show that FDA approval announcements for medical-device firms are, on average, 

associated with negative CARs across all examined event windows. This suggests that 

investors should not automatically interpret approval announcements as positive trading 

signals. Instead, approval may function as an information-resolution event in which the 
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market reassesses commercialization risk, reimbursement uncertainty, adoption frictions, 

and execution demands. From a trading perspective, one implication is that investors 

holding shares in firms approaching an anticipated FDA approval announcement may 

consider reducing exposure before the announcement date, particularly when firm char-

acteristics indicate a higher likelihood of a negative reaction. In principle, more active 

investors could also consider short-position strategies around anticipated approval dates. 

However, this interpretation should be treated cautiously. The thesis does not test a formal 

trading strategy, and the profitability of such an approach would depend on transaction 

costs, liquidity, short-sale constraints, announcement timing, and the ability to identify 

approval dates before they occur.  

The moderator results further suggest that any investor strategy should not be based on 

the approval event alone. Firm characteristics appear to condition the market reaction. 

For example, R&D intensity is generally associated with less negative announcement-

window reactions in several fixed-effects specifications, whereas size, leverage, profita-

bility, and operating efficiency are linked to more muted or negative responses in some 

models. This implies that investors may benefit from interpreting FDA approvals jointly 

with the approving firm’s financial profile rather than treating all approvals as equivalent. 

A more cautious strategy would therefore be to use firm characteristics as screening var-

iables: approvals by firms with characteristics associated with more negative CARs may 

warrant reduced exposure or closer risk management, while approvals by firms with 

stronger mitigating characteristics may not justify the same response.  

At the same time, the results should not be interpreted as a universal recommendation to 

sell or short all medical-device firms before FDA approval announcements. The empirical 

analysis documents average effects, not guaranteed outcomes for individual events. FDA 

approvals may still generate positive abnormal returns when the decision exceeds market 

expectations, concerns a commercially important device, or validates a firm’s develop-

ment pipeline. The investment implication is therefore not that approval announcements 

are mechanically bad news, but that investors should treat them as risky short-horizon 

events where the average reaction in this sample is negative and where firm-level char-

acteristics help assess the likely direction and strength of the response.  
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5.4 General/Policy Implications 

5.4.1 Transparency & Standardization of Approval-related Information 

A general implication of the findings is that the informational value of an FDA approval 

announcement depends on whether market participants can translate the regulatory out-

come into an economically meaningful update. In the medical-device setting, an “ap-

proval” is not a single, homogeneous piece of information. Approvals differ in indication 

scope, labeling constraints, conditions of use, required post-market surveillance, and the 

extent to which the decision expands addressable markets relative to what investors pre-

viously expected. When these economically relevant attributes are not communicated in 

a consistent and comparable manner, the approval event becomes harder to interpret, and 

investors are forced to infer commercial implications from incomplete signals. This can 

increase disagreement and volatility around the event and can contribute to adverse re-

pricing when investors default to conservative assumptions.  

From a market transparency perspective, the results therefore motivate stronger standard-

ization in the way approval-relevant information is disclosed and summarized. Standard-

ization does not necessarily mean requiring firms to disclose proprietary strategy, but 

rather ensuring that a core set of decision-useful attributes is presented consistently across 

events. Examples include the approved indication(s), any meaningful labeling limitations, 

whether the decision materially expands usage relative to prior approvals or submissions, 

and whether the approval is accompanied by explicit conditions or post-market require-

ments that can affect costs and timing. A standardized “approval facts” summary would 

improve comparability across firms and across time, enabling investors, particularly in-

stitutional investors trading around catalyst events, to update valuations based on more 

consistent inputs rather than on heterogeneous disclosure formats. This point also relates 

to the broader issue of market efficiency. Event-study evidence is consistent with rapid 

price adjustment around announcements, but the direction and magnitude of that adjust-

ment depend on the clarity of the information set. Where disclosure is sparse or non-

standardized, the approval date can become a focal point for interpretive uncertainty ra-

ther than for straightforward information resolution. Improved transparency and stand-

ardization would reduce the scope for misinterpretation and selective emphasis, and it 
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would improve the conditions for price discovery by aligning what is publicly observable 

with what is economically material.  

Finally, standardization has an institutional dimension. It can be advanced not only 

through regulation, but also through industry and market practice, such as guidance from 

exchanges, industry associations, or disclosure norms encouraged by regulators. In a set-

ting where approvals are not associated with positive abnormal performance on average, 

and where the market response appears sensitive to the broader information environment, 

ensuring that approval announcements are accompanied by consistent, comparable, and 

economically interpretable information becomes a meaningful general implication for 

how regulated innovation events are communicated to capital markets.  

5.4.2 Reimbursement & Adoption Friction 

A second general implication is that regulatory approval is only one step in the process 

of creating economic value in medical devices. FDA approval resolves the question of 

whether a device can be marketed for a given indication, but it does not by itself ensure 

reimbursement, broad clinical adoption, or profitable scale. The negative average abnor-

mal returns observed around approvals are consistent with a setting in which market par-

ticipants evaluate approvals in the broader commercialization environment and, in partic-

ular, the frictions that determine how quickly and profitably an approved device can be 

adopted.  

In the medical device sector, this “translation gap” between regulatory success and eco-

nomic outcomes is shaped by multiple institutional frictions. Reimbursement and cover-

age processes can be slow, uncertain, and heterogeneous across payers, and hospitals of-

ten face procurement constraints and budgeting cycles that delay adoption even after 

clearance. Clinical uptake can also require training, workflow integration, and post-ap-

proval evidence generation to satisfy clinicians, payers, or hospital committees. These 

frictions are economically material because they affect the timing of cash flows, the cost 

of commercialization, and the risk that an approval yields a smaller market opportunity 

than initially anticipated. When these factors remain unresolved at the time of approval, 
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the approval announcement may not function as a clean positive signal for investors and 

can instead be interpreted as an event that shifts attention toward the remaining hurdles.  

This has broader implications for how policy and institutions coordinate the path from 

approval to patient access. When reimbursement clarity arrives only well after regulatory 

clearance, the informational content of the approval date for investors and potentially for 

other stakeholders becomes incomplete. Greater alignment between regulatory pathways 

and reimbursement/coverage processes could reduce uncertainty about the commercial 

envelope of approved devices and shorten the lag between approval and economic reali-

zation. Even without major institutional redesign, increased transparency around reim-

bursement timelines, evidence requirements, and coverage decision processes could make 

the economic implications of approvals more predictable and reduce the scope for adverse 

repricing driven by uncertainty.  

More generally, the results highlight that policies aimed solely at accelerating regulatory 

decisions may not translate into more favorable market outcomes if downstream frictions 

remain binding. From a systems perspective, patient welfare and innovation incentives 

depend not only on the speed of regulatory approval but also on the predictability and 

efficiency of adoption and reimbursement processes. In this sense, the evidence supports 

treating the approval announcement as an intermediate milestone in a multi-stage value-

creation process, in which the most economically relevant uncertainty may increasingly 

reside downstream of the regulator.  

5.4.3 Timely Dissemination & Uneven Access to Approval Information 

A further general implication follows from the fact that market reactions are most relevant 

in narrow windows around the announcement date. When price adjustment occurs 

quickly, small differences in when and how information becomes available can have 

meaningful effects on trading outcomes. This makes the timely and broadly accessible 

dissemination of approval-related information particularly important for market integrity. 

If approval news is incorporated into prices within a short horizon, any uneven access, 

whether through selective disclosure, delayed public release, or information that is easier 
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for sophisticated actors to infer, can shift returns toward those with informational or pro-

cessing advantages.  

This implication has two dimensions. The first concerns the mechanics of dissemination. 

Approval-related information should be released in a clear, time-stamped, and widely 

accessible format that enables all market participants to observe the same core facts sim-

ultaneously. Consistent release practices reduce the scope for ambiguity about “when the 

market learned” the relevant details and can limit volatility driven by staggered interpre-

tation. While fair-disclosure principles already exist in many jurisdictions and contexts, 

the reliance of short-horizon institutional investors on event-time information increases 

the practical importance of ensuring that approval-related updates are communicated 

cleanly and simultaneously.  

The second dimension concerns information gradients created by predictability and pre-

signals. In regulated settings, some information can be inferred from public breadcrumbs, 

review timelines, pathway characteristics, advisory schedules, submission milestones, or 

prior communications. Even when such signals are publicly available, sophisticated mar-

ket participants may be better positioned to process and act on them quickly. The policy-

relevant point is not that predictability is undesirable, but that it can create uneven effec-

tive access when some investors can translate diffuse public information into event-prob-

ability forecasts more effectively than others. This reinforces the value of clear public 

communication on the decision date, which reduces reliance on inference and limits the 

informational advantage derived from specialized processing.  

Overall, the findings motivate continued emphasis on release practices that support equal 

access to information on material approval and reduce ambiguity about the timing and 

content of disclosures. In a setting where approval announcements serve as short-horizon 

information events for institutional investors, ensuring timely and broad dissemination 

contributes to fairer price discovery and reduces the scope for returns to be driven by 

uneven access to information rather than by the economic content of the approval itself.  



Page | 64  

 

5.5 Limitations 

A first limitation concerns the construction of the moderator variables. The firm funda-

mentals used as moderators are based on accounting data observed at a monthly frequency 

and then aligned to daily event dates. As a result, the moderators are inherently slow-

moving relative to the short event windows used to measure CARs. This has two impli-

cations. First, within-firm variation in moderators across approval events can be limited, 

particularly when events occur close in time, which reduces statistical power in fixed-

effects specifications. Second, the mapping from monthly accounting values to daily 

event dates introduces potential measurement-timing issues, since the values used in the 

regressions may not fully reflect the information set available to investors on the approval 

date, given reporting lags and interim updates.  

A second limitation is the risk of confounding information, especially in wider event win-

dows. The results show that mean CARs become more negative as the event window 

expands, which is consistent with the possibility that longer windows increasingly capture 

other contemporaneous firm- or sector-level news in addition to the approval announce-

ment. Earnings releases, guidance changes, competitive developments, reimbursement 

updates, and broader market shocks can occur in the same period and influence returns. 

While the main analysis emphasizes short symmetric windows to mitigate this concern, 

complete isolation of the approval effect is difficult with daily data, and wider-window 

estimates should therefore be interpreted as capturing the broader information environ-

ment around approvals rather than a clean approval-only effect.  

A third limitation concerns benchmark and model dependence in the construction of ab-

normal returns. Abnormal returns are estimated using a market-model approach with a 

sector benchmark (SPSIHE) and betas estimated from the preceding 100 trading days. 

Although this approach is well-motivated for a healthcare-equipment setting, any abnor-

mal-return measure is conditional on the chosen benchmark and expected-return specifi-

cation. Alternative proxies for the market return or alternative factor models could yield 

different abnormal returns, particularly for firms with high idiosyncratic volatility or un-

stable betas. This implies that the estimated CARs and, consequently, the regression 
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results are subject to a degree of model risk tied to benchmark choice and estimation-

window design.  

5.6 Further Research 

A first direction for further research is improved measurement of firm fundamentals at 

the event date. In this thesis, moderator variables are constructed from monthly account-

ing data aligned to daily approval dates, which makes the moderators slow-moving rela-

tive to the event windows and may introduce timing mismatch with the information set 

available to investors. Future work could address this by using higher-frequency or mar-

ket-implied proxies that update closer to the event date (for example, liquidity measures, 

volatility measures, or analyst-based expectations) and by implementing “as-of” align-

ment that reflects reporting lags explicitly. More generally, refining the timing of funda-

mentals so that moderators represent information plausibly available at the time of the 

approval announcement would strengthen interpretation and reduce measurement error. 

A second avenue is a richer classification of approvals by materiality and regulatory path-

way. Medical-device approvals are heterogeneous, and pooling economically minor and 

economically consequential events can dilute average effects and mask heterogeneity. 

Future studies could stratify events by pathway (e.g., PMA versus 510(k) or de novo), by 

novelty (new product versus incremental modification or expanded indication), and by 

expected commercial impact. This can be complemented by constructing salience prox-

ies, such as product-category indicators, whether the device is core to the issuer’s portfo-

lio, or text-based measures of novelty derived from approval descriptions and firm com-

munications. Such classifications would allow more targeted inference about which types 

of approvals generate the most value-relevant information. 

A third direction is to address concurrent information contamination more explicitly. The 

increasing magnitude of negative CARs in wider windows is consistent with broader ho-

rizons capturing other firm- or sector-level news. Future work could operationalize this 

concern by excluding events that overlap with earnings announcements or other major 

corporate disclosures, or by incorporating explicit controls for confounding news using 

structured news databases. Another approach is to construct matched control firms or 
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matched non-event dates to separate approval-related price adjustment from sector-wide 

shocks. These strategies would improve the identification of approval-specific effects, 

especially when wider windows are used for sensitivity analysis. 

A fourth area is a deeper robustness analysis of abnormal return construction. Although 

a sector benchmark is well-motivated in a healthcare equipment setting, abnormal returns 

remain contingent on the chosen expected-return model, the estimation window design, 

and the market proxy. Future research could systematically compare SPSIHE-based mar-

ket-model abnormal returns with alternative benchmarks and factor models, and test the 

sensitivity of CARs to changes in the estimation window length and beta stability. This 

would clarify how much of the estimated approval effect reflects benchmark choice ver-

sus underlying return dynamics and would strengthen confidence in conclusions that are 

stable across reasonable expected-return specifications. 

Taken together, these extensions would sharpen inference by improving measurement at 

the event date, increasing the economic coherence of event classification, reducing con-

tamination from concurrent information, and establishing robustness to model choices in 

abnormal return estimation.  

6 Conclusion 

This thesis examined how investors can use knowledge about the effect of FDA approval 

announcements on U.S. medical-device firms. The study was motivated by limited de-

vice-specific capital-market evidence and the need to assess whether FDA approvals pro-

vide decision-relevant short-horizon information. Using an event-study framework, the 

thesis estimated cumulative abnormal returns (CARs) around FDA approval announce-

ments and examined whether these returns were systematically associated with firm-level 

characteristics, including R&D intensity, CAPEX intensity, size, leverage, ROA, and as-

set turnover.  

The first sub-research question asked what the average short-horizon CAR is around FDA 

approval announcements for U.S. medical-device firms, and whether this reaction is sta-

tistically distinguishable from zero. The results show that FDA approval announcements 
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are associated with statistically significant negative average CARs across all examined 

event windows. The announcement-day CAR is negative and significant, and the average 

CAR becomes increasingly negative as the window expands. This indicates that, in the 

sample examined, FDA approvals are not associated with a positive average short-horizon 

market reaction. Instead, the findings suggest that approval announcements often function 

as information-resolution events where the net update to investor expectations is negative 

relative to what was already priced in. This does not imply that FDA approvals are eco-

nomically unimportant. Rather, it indicates that the approval itself may already be partly 

anticipated, and that the announcement may also reveal or confirm commercial limita-

tions, adoption frictions, reimbursement uncertainty, or execution risks. The second sub-

research question asked how announcement-window CARs are associated with firm char-

acteristics. The evidence indicates that firm characteristics help explain variation in ap-

proval-window reactions, but the results depend on the econometric specification. In 

pooled OLS, firm-characteristic effects are limited, with only asset turnover showing a 

weak negative announcement-day association. Once firm fixed effects and year fixed ef-

fects are introduced, more economically interpretable patterns emerge. R&D intensity is 

generally positively associated with CARs in several short-to-medium windows, suggest-

ing that approvals are received less negatively when firms are in periods of higher R&D 

spending intensity. This supports the interpretation that investors may view approvals as 

more informative when they validate a firm’s development effort or pipeline exposure. 

By contrast, size is negatively associated with CARs in the fixed-effects specifications, 

indicating that approvals tend to generate more negative reactions when firms are larger 

relative to their own history. In the two-way fixed-effects model, leverage and ROA are 

also negatively associated with announcement-day CARs, suggesting that financial struc-

ture and operating maturity condition how investors interpret regulatory success.  

The third sub-research question asked whether the estimated approval effects and firm-

characteristic relationships are robust across event windows and econometric specifica-

tions. The negative baseline market reaction is the most robust empirical finding, as av-

erage CARs are negative and statistically significant across all event windows. However, 

the interpretation of wider windows requires caution because longer horizons are more 

exposed to confounding information. The moderator results are less uniform across spec-

ifications. The pooled OLS results provide little evidence of systematic heterogeneity, 
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while the fixed-effects models reveal stronger within-firm and time-adjusted relation-

ships. The two-way fixed-effects results are particularly important because they control 

for both time-invariant firm characteristics and common year-level shocks. These results 

suggest that the most credible firm-characteristic effects are concentrated in short win-

dows, especially on the announcement day. The random-effects models yield broader and 

more consistently negative estimates of the moderator relationships, but these estimates 

rely on the stronger assumption that unobserved firm effects are uncorrelated with the 

regressors. Given the Hausman test results and the differences between fixed-effects and 

random-effects estimates, the fixed-effects specifications provide a more cautious basis 

for interpretation. The fourth sub-research question asked to what extent the documented 

return patterns and firm-characteristic effects are useful for investors when interpreting 

FDA approval announcements as short-horizon information events. The findings are use-

ful for investors in three ways. First, they show that FDA approvals for medical-device 

firms should not automatically be interpreted as positive stock-price catalysts. In this sam-

ple, the average reaction is negative, implying that investors should evaluate approval 

announcements relative to prior expectations rather than treating the approval as a 

standalone positive signal. Second, the results suggest that investors can use firm charac-

teristics to structure their interpretation of approval news. Higher R&D intensity appears 

to be associated with less negative reactions, while greater size, leverage, and profitability 

are associated with more negative reactions in the stricter specifications. These charac-

teristics do not provide a mechanical trading rule, but they help investors assess whether 

an approval is likely to be interpreted as transformative, incremental, financially con-

strained, or already priced in. Third, the evidence is most relevant for investors operating 

over short horizons, such as event-driven funds, sector specialists, and active institutional 

investors, because the empirical design focuses on immediate announcement-window re-

actions rather than long-run operating performance.  

Taken together, the findings answer the main research question as follows: investors can 

use knowledge about the effect of FDA approval announcements for U.S. medical-device 

firms as a framework for interpreting short-horizon market reactions, but not as a simple 

buy-or-sell signal. The evidence suggests that investors should first recognize that ap-

proval announcements in this sector may, on average, generate negative abnormal returns, 

especially when expectations have already incorporated the likelihood of approval or 
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when the announcement shifts attention toward commercialization risks. Investors should 

then evaluate the firm-specific context in which the approval occurs. Approvals appear 

more favorably interpreted when they occur during periods of higher R&D intensity, 

while larger firm scale, higher leverage, and stronger profitability may reduce the per-

ceived incremental value of the event. In this sense, the investor relevance lies not only 

in knowing that FDA approvals move prices, but in understanding that the direction and 

strength of the reaction depend on the market’s prior expectations and the firm’s ability 

to convert regulatory success into economic value.  

The thesis, therefore, contributes to the literature by providing device-specific evidence 

on a class of regulatory events that has been less examined than pharmaceutical approvals. 

It also contributes in practical terms by showing that FDA approval announcements 

should be interpreted as expectation-dependent information events. For investors, the cen-

tral implication is that the approval date is not merely a confirmation of regulatory suc-

cess; it is a moment when the market reassesses the commercial meaning of that success. 

For managers, the findings highlight the importance of clearly communicating the eco-

nomic implications of an approval, including the indication scope, adoption pathway, re-

imbursement conditions, financing capacity, and commercialization readiness. For policy 

and market transparency, the results suggest that more standardized, economically inter-

pretable approval-related disclosure could improve price discovery and reduce uncer-

tainty around such events.  

The conclusion is subject to the limitations of the study. The analysis is delimited to U.S.-

listed medical-device firms, FDA approval events, and short-horizon stock-market reac-

tions. The results should therefore not be generalized automatically to private firms, non-

U.S. markets, other FDA-related events, or long-run operating performance. In addition, 

the abnormal-return estimates depend on the chosen benchmark, event-window structure, 

and available firm-level data. Despite these limitations, the thesis provides evidence that 

FDA approval announcements contain decision-relevant information for investors and 

that firm characteristics help interpret variation in market reactions. The overall answer 

is therefore that investors can most effectively use knowledge about FDA approval effects 

within a structured, short-horizon interpretation framework that combines event-study 

evidence with firm-level financial context.  
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8 Appendix 

8.1 Tables & Figures 

8.1.1 Appendix 1.1: Variable Definitions Table 

Table: Variable Definitions Table 
Variable Definition Construction / Source Unit / Format 

Panel & Event identifiers 

ISIN Firm Identifier 
Sourced from FactSet and used to link  
datasets 

Alphanumeric 

Date 
Trading date of each panel  

observation 

Matched across return, market, risk-free, 

and accounting data 
DD-MM-YYYY 

Event Date 
Trading date of the FDA PMA  

approval event 

Based on FDA approval date and matched 

to trading calendar 
DD-MM-YYYY 

Event Year Year of the FDA approval event.  Extracted from Event Date. Integer 

FDA_Approval 
Dummy equal to 1 on approval 

dates, 0 otherwise 

Constructed from FDA PMA approval  

records 
Binary, 0/1 

Event Window 
Period around the FDA approval 
date used to calculate CARs 

Defined as (0,0), (−1,1), (−2,2), (−3,3), 
(−5,5), and (−10,10) 

Trading-day  
window 

Estimation Window 
Pre-event period used to estimate 

expected returns 

100 trading days prior to the event  

window, excluding contaminated windows 
Trading days 

Return & Abnormal-return Construction 

Return Firm’s daily stock return 
Calculated from split- and  
dividend-adjusted closing prices 

Decimal 

SPSIHE 
Sector-specific market return 

benchmark 

Daily return on the S&P Health Care 

Equipment Select Industry Index 
Decimal 

Risk-free Rate 
Daily risk-free rate used in ex-

pected-return estimation 
Based on the U.S. 10-year Treasury yield Decimal 

Expected Return 
Predicted return in the absence of 

the event 

Estimated using the sector-specific market 

model over the estimation window 
Decimal 

Abnormal Return 
Difference between actual and ex-

pected return 
Return minus Expected Return Decimal 

CAR 
Cumulative abnormal return over 

the event window 

Sum of abnormal returns within each 

event window 

Decimal /  

percentage points 

Accounting Inputs 
Total Assets Firm’s total asset base 

Sourced from FactSet accounting data Million USD 

R&D Research and development expense 
CAPEX Capital expenditure 

Total Debt Firm’s interest-bearing debt 

Net Income 
Firm’s accounting profit after ex-
penses 

Sales Firm’s revenue 

Moderator Variables 
R&D Intensity R&D spending relative to assets R&D / Total Assets Decimal ratio 

CAPEX Intensity Capital investment relative to assets CAPEX / Total Assets Decimal ratio 
Size Firm size adjusted for scale Natural log of Total Assets Log-transformed 

Leverage Debt relative to assets Total Debt / Total Assets Decimal ratio 
ROA Profitability relative to assets Net Income / Total Assets Decimal ratio 

Asset Turnover Sales generated per unit of assets Sales / Total Assets Decimal ratio 

Note: The table defines the main variables used in the event-study and regression analysis. Return variables are expressed in 

decimals unless otherwise stated; CARs may be interpreted as percentage-point abnormal returns in the reported tables. Account-
ing inputs are measured in million USD and sourced from FactSet. Moderator variables are constructed from the most recent 

available accounting data matched to the event date. Decimal ratios are expressed as proportions, e.g., 0,05 = 5%. 

8.1.2 Appendix 1.2: Extended Summary Statistics 

Table: Extended Summary Statistics 
Variables Mean Median Std. Dev Min P25 P75 Max N Skewness Kurtosis 

FDA_Approval 0,024 0 0,152 0 0 0 1 114068 6,278 37,415 

Total Assets 11852,637 1357,961 30230,579 0,003 206,788 8008,859 226501 114068 4,512 22,342 

CAPEX 225,31 33,593 492,694 -0,168 4,753 199 3907 113769 3,826 17,055 
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Sales 8149,842 747,381 25833,293 0 105,555 3324,8 226826 113769 5,322 31,494 

Net Income 630,419 13,496 2588,344 -6034,688 -34,578 392,3 31366 113769 6,966 60,93 

R&D 493,165 61,565 1521,167 0,577 24,728 320,649 14478 110302 5,753 35,984 

Total Debt 3266,398 327,76 8277,127 0 15,38 2272 75041 114068 4,541 24,732 

Risk-free Rate 0,08 0,026 0,19 0,01 0,02 0,038 0,994 114068 3,379 9,898 

Return 0,007 0,004 0,359 -1 -0,042 0,048 4,143 114068 0,041 1,59 

SPSIHE 0,031 0,011 0,421 -0,998 -0,103 0,218 0,998 114068 0,027 0,16 

RD_Intensity 0,097 0,054 0,128 0,005 0,034 0,113 2,027 110302 6,497 73,102 

CAPEX_ 

Intensity 
0,029 0,021 0,028 -0,01 0,013 0,037 0,559 113769 4,196 31,958 

Log_Assets 7,231 7,214 2,338 -5,802 5,332 8,988 12,331 114068 -0,113 0,014 

Leverage 0,233 0,225 0,234 0 0,076 0,336 6,346 114068 9,38 204,695 

ROA -0,098 0,016 0,429 -8,243 -0,12 0,058 0,334 113769 -9,804 154,077 

Asset_Turnover 0,589 0,513 0,577 0 0,354 0,648 5,214 113769 4,711 26,094 

Note: The table presents cross-sectional summary statistics for the study sample (U.S.-listed medical device firms, 2013-11-29 to 
2025-01-31). Monetary items are in millions of USD. FDA_Approval is a firm-day dummy (1 on the PMA approval date). Return, 

SPSIHE, and Risk-free Rate are daily series; P25/P75 are quartiles, and N is the non-missing count.  

 

8.1.3 Appendix 1.3: Hausman Test Results 

Table: Hausman Test Results 

Moderator Window Obs Firms β FE SE FE β RE SE RE Hausman χ²(1) p-value Decision 

R&D_Intensity 0_0 212 42 1,182 0,681 0,459 0,348 1,528 0,216 RE OK 

R&D_Intensity -1_1 212 42 2,471 1,223 0,273 0,631 4,404 0,036 Prefer FE 

R&D_Intensity -2_2 212 42 3,086 1,527 0,459 0,789 4,039 0,044 Prefer FE 

R&D_Intensity -3_3 212 42 4,011 1,830 0,708 0,939 4,419 0,036 Prefer FE 

R&D_Intensity -5_5 212 42 5,380 2,482 0,175 1,284 6,005 0,014 Prefer FE 

R&D_Intensity -10_10 212 42 6,688 4,434 -0,514 2,272 3,577 0,059 RE OK 

Capex_Intensity 0_0 214 44 -0,942 1,260 -0,552 1,071 0,344 0,558 RE OK 

Capex_Intensity -1_1 214 44 -0,981 2,273 -1,112 1,852 0,010 0,921 RE OK 

Capex_Intensity -2_2 214 44 -0,784 2,839 -0,731 2,336 0,001 0,974 RE OK 

Capex_Intensity -3_3 214 44 -1,018 3,410 -1,535 2,735 0,065 0,799 RE OK 

Capex_Intensity -5_5 214 44 2,134 4,622 0,992 3,838 0,197 0,657 RE OK 

Capex_Intensity -10_10 214 44 0,907 8,203 -1,746 6,780 0,330 0,565 RE OK 

Log_Assets 0_0 214 44 -0,125 0,057 -0,016 0,017 3,990 0,046 Prefer FE 

Log_Assets -1_1 214 44 -0,156 0,104 -0,019 0,024 1,821 0,177 RE OK 

Log_Assets -2_2 214 44 -0,190 0,130 -0,017 0,032 1,877 0,171 RE OK 

Log_Assets -3_3 214 44 -0,347 0,155 -0,026 0,034 4,512 0,034 Prefer FE 

Log_Assets -5_5 214 44 -0,445 0,211 -0,032 0,055 4,135 0,042 Prefer FE 

Log_Assets -10_10 214 44 -0,451 0,377 -0,015 0,094 1,428 0,232 RE OK 

Leverage 0_0 214 44 -0,405 0,263 -0,130 0,184 2,145 0,143 RE OK 

Leverage -1_1 214 44 0,122 0,476 0,121 0,296 0,000 0,998 RE OK 

Leverage -2_2 214 44 0,101 0,595 0,187 0,377 0,036 0,850 RE OK 

Leverage -3_3 214 44 -0,111 0,715 0,113 0,428 0,153 0,695 RE OK 

Leverage -5_5 214 44 -0,122 0,969 0,445 0,622 0,582 0,445 RE OK 

Leverage -10_10 214 44 0,750 1,718 0,716 1,104 0,001 0,979 RE OK 

ROA 0_0 214 44 -0,222 0,229 -0,108 0,120 0,340 0,560 RE OK 

ROA -1_1 214 44 -0,067 0,415 -0,193 0,188 0,117 0,732 RE OK 

ROA -2_2 214 44 0,127 0,518 -0,214 0,241 0,555 0,456 RE OK 

ROA -3_3 214 44 0,163 0,622 -0,277 0,272 0,621 0,431 RE OK 

ROA -5_5 214 44 0,487 0,842 -0,048 0,408 0,529 0,467 RE OK 

ROA -10_10 214 44 0,947 1,494 -0,112 0,715 0,651 0,420 RE OK 

Asset_Turnover 0_0 214 44 0,126 0,210 -0,225 0,087 3,364 0,067 RE OK 
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Asset_Turnover -1_1 214 44 0,350 0,378 -0,236 0,156 2,901 0,089 RE OK 

Asset_Turnover -2_2 214 44 0,573 0,471 -0,373 0,195 4,883 0,027 Prefer FE 

Asset_Turnover -3_3 214 44 0,930 0,563 -0,367 0,233 6,402 0,011 Prefer FE 

Asset_Turnover -5_5 214 44 1,208 0,764 -0,577 0,319 6,607 0,010 Prefer FE 

Asset_Turnover -10_10 214 44 2,024 1,356 -1,022 0,564 6,099 0,014 Prefer FE 

Note: This table reports Hausman specification test results comparing firm fixed-effects (FE) and random-effects (RE) estimates 

for each moderator and event window. 𝛽𝐹𝐸 and 𝛽𝑅𝐸 are the estimated moderator coefficients under FE and RE, respectively, 

with corresponding standard errors (SE). The reported statistic is the Hausman 𝜒2(1) test. The null hypothesis is that the RE 

estimator is consistent (i.e., no systematic difference between FE and RE estimates); rejection implies that RE is inconsistent and 

FE is preferred for inference. “Decision” classifies outcomes using a 5% significance threshold. Obs denotes the number of 

event observations and Firms the number of unique firms included for the corresponding moderator–window regression.  

 

8.1.4 Appendix 1.4: Breusch-Pagan & White Test Results 

Table: Breusch-Pagan & White Test Results 

Win-

dow 
Moderator Obs BP LM BP LM p BP F BP Fp White LM White LM p White F White F p 

0_0 RD_Intensity 212 3,459 0,063* 3,484 0,063* 4,561 0,102 2,297 0,103 

0_0 
CAPEX_In-

tensity 
214 1,312 0,252 1,307 0,254 1,475 0,478 0,732 0,482 

0_0 Log_Assets 214 7,283 0,007*** 7,470 0,007*** 8,099 0,017** 4,150 0,017** 

0_0 Leverage 214 0,446 0,504 0,443 0,506 3,024 0,220 1,512 0,223 

0_0 ROA 214 0,787 0,375 0,782 0,377 1,100 0,577 0,545 0,581 

0_0 
Asset_Turno-

ver 
214 0,009 0,926 0,009 0,926 3,679 0,159 1,845 0,161 

-1_1 RD_Intensity 212 1,885 0,170 1,884 0,171 1,958 0,376 0,974 0,379 

-1_1 
CAPEX_In-

tensity 
214 1,628 0,202 1,625 0,204 3,177 0,204 1,590 0,206 

-1_1 Log_Assets 214 6,911 0,009*** 7,074 0,008*** 9,261 0,010*** 4,772 0,009*** 

-1_1 Leverage 214 0,002 0,964 0,002 0,965 3,189 0,203 1,596 0,205 

-1_1 ROA 214 0,242 0,622 0,240 0,624 0,291 0,865 0,144 0,866 

-1_1 
Asset_Turno-

ver 
214 0,789 0,374 0,785 0,377 4,965 0,084* 2,506 0.084* 

-2_2 RD_Intensity 212 0,532 0,466 0,529 0,468 0,630 0,730 0,311 0.733 

-2_2 
CAPEX_In-

tensity 
214 0,331 0,565 0,328 0,567 1,397 0,497 0,693 0.501 

-2_2 Log_Assets 214 3,526 0,060* 3,551 0,061* 5,303 0,071* 2,681 0.071* 

-2_2 Leverage 214 0,011 0,918 0,011 0,918 1,378 0,502 0,684 0.506 

-2_2 ROA 214 0,072 0,789 0,071 0,790 0,204 0,903 0,101 0.904 

-2_2 
Asset_Turno-

ver 
214 0,471 0,493 0,468 0,495 4,191 0,123 2,107 0.124 

-3_3 RD_Intensity 212 0,077 0,781 0,077 0,782 0,090 0,956 0,045 0.956 

-3_3 
CAPEX_In-

tensity 
214 0,025 0,873 0,025 0,874 1,201 0,549 0,595 0.552 

-3_3 Log_Assets 214 1,840 0,175 1,839 0,177 2,316 0,314 1,154 0.317 
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-3_3 Leverage 214 0,006 0,937 0,006 0,938 0,126 0,939 0,062 0.940 

-3_3 ROA 214 0,004 0,951 0,004 0,951 0,145 0,930 0,072 0.931 

-3_3 
Asset_Turno-

ver 
214 0,226 0,634 0,224 0,636 3,706 0,157 1,859 0.158 

-5_5 RD_Intensity 212 0,307 0,579 0,305 0,581 0,315 0,854 0,155 0.856 

-5_5 
CAPEX_In-

tensity 
214 0,373 0,542 0,370 0,544 1,368 0,505 0,679 0.508 

-5_5 Log_Assets 214 1,673 0,196 1,671 0,198 1,748 0,417 0,869 0.421 

-5_5 Leverage 214 0,016 0,899 0,016 0,899 0,461 0,794 0,228 0.797 

-5_5 ROA 214 0,021 0,885 0,021 0,885 0,241 0,887 0,119 0.888 

-5_5 
Asset_Turno-

ver 
214 0,529 0,467 0,526 0,469 4,972 0,083* 2,509 0.084* 

-10_10 RD_Intensity 212 0,341 0,559 0,339 0,561 0,379 0,828 0,187 0.830 

-10_10 
CAPEX_In-

tensity 
214 1,184 0,277 1,179 0,279 2,072 0,355 1,032 0.358 

-10_10 Log_Assets 214 1,531 0,216 1,528 0,218 1,805 0,405 0,898 0.409 

-10_10 Leverage 214 0,155 0,694 0,153 0,696 0,568 0,753 0,281 0.755 

-10_10 ROA 214 0,018 0,892 0,018 0,893 0,439 0,803 0,217 0.805 

-10_10 
Asset_Turno-

ver 
214 0,775 0,379 0,771 0,381 6,136 0,047** 3,114 0.046** 

Note: The table reports Breusch–Pagan and White heteroskedasticity test results for pooled OLS regressions estimated separately 

by event window and moderator (model: 𝐶𝐴𝑅𝑖,𝑒
(𝑤)

= 𝛼(𝑤) + 𝛽(𝑤)𝑀𝑖,𝑒 + 𝜀𝑖,𝑒
(𝑤)

). For each test, both the LM statistic and the corre-

sponding F-statistic are reported with p-values. The null hypothesis in both tests is homoskedasticity; small p-values indicate 

evidence of heteroskedasticity. Significance stars denotes *** p < 0,01, ** p < 0,05, * p < 0,10. Obs denotes the number of event 

observations used in the corresponding regression. 

 

 

8.1.5 Appendix 1.5: Event-Panel Dependence Diagnostics (Firm and Date 

Clustering)  

Table: Event-Panel Dependence Diagnostics (Firm and Date Clustering) 

Win-

dow 
Obs 

Fir

ms 

Dat

es 

Avg 

obs / 

firm 

Me-

dian 

events 

/ date 

P95 

events 

/ date 

Max 

events 

/ date 

Top-1 

date 

share 

Top-5 

dates 

share 

R² 

firm 

(resid) 

R² 

date 

(resid) 

Partial 

R² 

firm| 

date 

Partial 

R² 

date|fir

m 

R² 

both 

(resid) 

0_0 214 44 206 4,864 1 1 2 0,0093 0,047 0,208 0,975 1 1 1 

-2_2 214 44 206 4,864 1 1 2 0,0093 0,047 0,196 0,971 1 1 1 

-1_1 214 44 206 4,864 1 1 2 0,0093 0,047 0,188 0,985 1 1 1 

-3_3 214 44 206 4,864 1 1 2 0,0093 0,047 0,180 0,979 1 1 1 

-5_5 214 44 206 4,864 1 1 2 0,0093 0,047 0,199 0,981 1 1 1 

-10_10 214 44 206 4,864 1 1 2 0,0093 0,047 0,196 0,988 1 1 1 

Note: The table summarizes the firm–event panel structure by event window. Obs, Firms, and Dates report the number of event 

observations, unique firms, and unique event dates; Avg obs/firm is the average number of events per firm. Median/P95/Max 

events/date and Top-1/Top-5 date share describe event clustering on the same calendar date. The 𝑅2columns are obtained by 
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regressing intercept-only residuals on firm indicators, date indicators, and both; the partial 𝑅2terms report incremental explana-

tory power of firm effects conditional on date effects and vice versa. Given the near one-observation-per-date structure, date-

based 𝑅2measures can be mechanically high and are interpreted as descriptive diagnostics rather than substantive fit.  

8.1.6 Appendix 1.6: Event Overlap & Spacing Diagnostics 

Table:  Event Overlap & Spacing Diagnostics 

Win-

dow 

N 

events 

Win-

dow 

length 

(days) 

Share 

any 

over-

lap 

Mean 

over-

laps / 

event 

Max 

over-

laps 

(any 

firm) 

Share 

overlap 

within 

firm 

Median 

within-

firm 

gap 

(days) 

P25 

within-

firm 

gap 

(days) 

Share 

gap < 

win-

dow 

Share 

gap < 

30d 

Share 

gap < 

60d 

Share 

gap < 

90d 

Same-day 

cluster 

share (all 

events) 

0_0 214 1 0,075 0,075 1 0 285 208 0 0 0 0 0,075 

-1_1 214 3 0,220 0,262 3 0 285 208 0 0 0 0 0,075 

-2_2 214 5 0,364 0,439 3 0 285 208 0 0 0 0 0,075 

-3_3 214 7 0,509 0,692 4 0 285 208 0 0 0 0 0,075 

-5_5 214 11 0,743 1,215 4 0 285 208 0 0 0 0 0,075 

-10_10 214 21 0,864 2,178 7 0 285 208 0 0 0 0 0,075 

Note: The table reports overlap and spacing diagnostics for the retained FDA approval events, computed separately for each 

event window. Share any overlap, Mean overlaps/event, and Max overlaps (any firm) quantify how often the calendar-time event 

windows intersect across any two events in the sample (overlap defined as intersecting window intervals). Share overlap within 

firm measures overlaps arising only from multiple approvals by the same firm. Median/P25 within-firm gap (days) reports the 

distance in calendar days to the nearest other approval event for the same firm (minimum of the preceding and subsequent gap). 

Share gap < window and Share gap < 30/60/90d report the fraction of events whose nearest same-firm approval occurs within 

the corresponding horizon. Same-day cluster share is the fraction of events occurring on dates with more than one event in the 

sample.  

 

 

 

 

8.1.7 Appendix 1.7: Pre-trend & Placebo Diagnostics 

Table: Pre-trend & Placebo Diagnostics 
Window 

(trading 

days) 

N 

events 

(Act.) 

N  

firms 

(Act.) 

Pretrend F  

(Act.) 

Pretrend p  

(Act.) 

Reject  

pretrend 

(Act., 5%) 

N events 

(Placebo) 

N firms 

(Placebo) 

Pretrend F 

(Placebo) 

Pretrend p 

(Placebo) 

Reject  

pretrend 

(Placebo, 

5%) 

0_0 214 44    205 43    

-1_1 214 44    205 43    

-2_2 213 44 0,019 0,892 No 205 43 0,084 0,772 No 

-3_3 213 44 0,001 0,999 No 205 43 1,204 0,300 No 

-5_5 213 44 0,052 0,995 No 205 43 1,203 0,307 No 

-10_10 213 44 0,483 0,887 No 205 43 1,605 0,108 No 

Note: The table reports joint pre-trend tests from firm fixed-effects event-study regressions estimated by window (trading days), 

with 𝜏 = −1 as the omitted baseline. Pretrend F/p test 𝐻0: 𝛽𝜏 = 0 for all 𝜏 < 0 (no pre-event abnormal returns). The Placebo 

columns repeat the test after shifting event dates by +90 trading days. Pre-trend tests are not defined for windows without lead 
coefficients beyond the baseline (0_0 and −1_1).  
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8.1.8 Appendix 1.8: Moderator Within-Firm Variation Diagnostics 

Table: Moderator Within-Firm Variation Diagnostics 

Moderator 
Firms (non-

missing) 

Events (non-

missing) 

Share 

firms >1 

event 

Share firms 

>1 unique 

value 

Total 

SD 

Median 

within-firm 

SD 

Within/To-

tal SD ratio 

ICC (be-

tween share) 

R&D  

Intensity 

42 212 0,929 0,929 0,079 0,017 0,218 0,682 

CAPEX  

Intensity 

44 214 0,886 0,886 0,028 0,010 0,348 0,299 

Size 44 214 0,886 0,886 2,244 0,328 0,146 0,942 

Leverage 44 214 0,886 0,864 0,179 0,051 0,286 0,593 

ROA 44 214 0,886 0,886 0,276 0,063 0,226 0,764 

Asset  

Turnover 

44 214 0,886 0,886 0,321 0,094 0,291 0,789 

Note: The table summarizes within-firm variation in the moderator variables across retained FDA approval events (same event 

filters as the CAR sample). “Share firms >1 event” and “Share firms >1 unique value” indicate how much within-firm iden-

tifying variation is available for firm fixed-effects slopes. “Total SD”, “Median within-firm SD”, and “Within/Total SD ratio” 

summarize overall vs within-firm dispersion. “ICC (between share)” is the between-firm variance share (higher values imply 

weaker within-firm identification).  

8.1.9 Appendix 1.9: Pooled OLS Regression Full Results 

Table: Pooled OLS Regression Full Results 

R&D Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 212 0,459 0,302 1,520 0,129 0,459 

-1_1 212 0,273 0,505 0,541 0,588 0,273 

-2_2 212 0,459 0,644 0,713 0,476 0,459 

-3_3 212 0,708 0,908 0,780 0,435 0,708 

-5_5 212 0,175 1,139 0,153 0,878 0,175 

-10_10 212 -0,514 1,846 -0,278 0,781 -0,514 

CAPEX Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,486 0,783 -0,621 0,535 -0,486 

-1_1 214 -1,277 1,672 -0,763 0,445 -1,277 

-2_2 214 -0,952 2,461 -0,387 0,699 -0,952 

-3_3 214 -1,670 3,291 -0,507 0,612 -1,67 

-5_5 214 0,211 4,008 0,053 0,958 0,211 

-10_10 214 -2,791 5,651 -0,494 0,621 -2,791 

Size 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,009 0,014 -0,647 0,518 -0,009 
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-1_1 214 -0,017 0,026 -0,642 0,521 -0,017 

-2_2 214 -0,011 0,032 -0,344 0,731 -0,011 

-3_3 214 -0,024 0,037 -0,656 0,512 -0,024 

-5_5 214 -0,010 0,049 -0,195 0,846 -0,01 

-10_10 214 0,012 0,089 0,136 0,892 0,012 

Leverage 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,037 0,140 -0,265 0,791 -0,037 

-1_1 214 0,107 0,230 0,467 0,641 0,107 

-2_2 214 0,183 0,306 0,598 0,550 0,183 

-3_3 214 0,120 0,405 0,296 0,767 0,12 

-5_5 214 0,512 0,517 0,989 0,323 0,512 

-10_10 214 0,761 0,900 0,846 0,398 0,761 

ROA 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,102 0,076 -1,340 0,180 -0,102 

-1_1 214 -0,193 0,156 -1,235 0,217 -0,193 

-2_2 214 -0,226 0,200 -1,127 0,260 -0,226 

-3_3 214 -0,278 0,258 -1,081 0,280 -0,278 

-5_5 214 -0,087 0,352 -0,249 0,804 -0,087 

-10_10 214 -0,169 0,593 -0,284 0,776 -0,169 

Asset Turnover 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,225 0,123 -1,823 0,068 -0,225* 

-1_1 214 -0,236 0,210 -1,126 0,260 -0,236 

-2_2 214 -0,373 0,272 -1,374 0,170 -0,373 

-3_3 214 -0,367 0,338 -1,087 0,277 -0,367 

-5_5 214 -0,577 0,488 -1,184 0,236 -0,577 

-10_10 214 -1,022 0,881 -1,160 0,246 -1,022 
Note: The table reports pooled OLS moderator estimates from regressions of CAR on a constant and one moderator at a time, 
by symmetric event windows around FDA approval announcements. “N Events” denotes the number of approval events used 

in each regression and may vary across moderators due to missing data. Standard errors are HC1-robust. The reported t-

statistics and p-values test whether the moderator coefficient equals zero. “Coefficient (starred)” repeats the point estimate 
with significance stars: *** p < 0,01, ** p < 0,05, * p < 0,10.  

 

8.1.10 Appendix: 1.10: Firm Fixed Effect Regression Full Results 

Table: Firm Fixed Effect Regression Full Results 

R&D Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 212 1,182 0,522 2,266 0,025 1,182** 

-1_1 212 2,471 1,428 1,730 0,085 2,471* 

-2_2 212 3,086 1,800 1,714 0,088 3,086* 

-3_3 212 4,011 2,179 1,840 0,067 4,011* 



Page | 83  

 

-5_5 212 5,380 3,203 1,680 0,095 5,380* 

-10_10 212 6,688 5,699 1,174 0,242 6,688 

CAPEX Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,942 1,516 -0,621 0,535 -0,942 

-1_1 214 -0,981 2,920 -0,336 0,737 -0,981 

-2_2 214 -0,784 3,834 -0,204 0,838 -0,784 

-3_3 214 -1,018 4,763 -0,214 0,831 -1,018 

-5_5 214 2,134 5,791 0,369 0,713 2,134 

-10_10 214 0,907 9,190 0,099 0,921 0,907 

Size 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,125 0,063 -1,998 0,047 -0,125** 

-1_1 214 -0,156 0,110 -1,416 0,159 -0,156 

-2_2 214 -0,190 0,132 -1,442 0,151 -0,190 

-3_3 214 -0,347 0,160 -2,176 0,031 -0,347** 

-5_5 214 -0,445 0,189 -2,359 0,019 -0,445** 

-10_10 214 -0,451 0,314 -1,437 0,153 -0,451 

Leverage 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,405 0,267 -1,517 0,131 -0,405 

-1_1 214 0,122 0,484 0,252 0,801 0,122 

-2_2 214 0,101 0,565 0,178 0,859 0,101 

-3_3 214 -0,111 0,728 -0,153 0,879 -0,111 

-5_5 214 -0,122 0,943 -0,129 0,897 -0,122 

-10_10 214 0,750 1,741 0,431 0,667 0,750 

ROA 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,222 0,162 -1,369 0,173 -0,222 

-1_1 214 -0,067 0,282 -0,236 0,813 -0,067 

-2_2 214 0,127 0,349 0,363 0,717 0,127 

-3_3 214 0,163 0,480 0,340 0,734 0,163 

-5_5 214 0,487 0,550 0,886 0,377 0,487 

-10_10 214 0,947 0,988 0,958 0,339 0,947 

Asset Turnover 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 0,126 0,189 0,665 0,507 0,126 

-1_1 214 0,350 0,338 1,034 0,303 0,350 

-2_2 214 0,573 0,442 1,296 0,197 0,573 

-3_3 214 0,930 0,572 1,625 0,106 0,930 

-5_5 214 1,208 0,747 1,618 0,108 1,208 
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-10_10 214 2,024 1,222 1,657 0,099 2,024* 
Note: The table reports firm fixed-effects estimates from regressions of CAR on one moderator at a time, by symmetric event 

windows around FDA approval announcements. Firm fixed-effects are included in all specifications. Standard errors are 

heteroskedasticity-robust. “N Events” denotes the number of approval events used in each regression and may vary across 
moderators due to missing data. “Coefficient (starred)” repeats the point estimate with significance stars: *** p < 0,01, ** p 

< 0,05, * p < 0,10.  

 

8.1.11 Appendix 1.11: Year Fixed-effects Regression Full Results 

Table: Year Fixed-effects Regression Full Results 

R&D Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 212 0,518 0,273 1,901 0,057 0,518* 

-1_1 212 0,374 0,439 0,851 0,395 0,374 

-2_2 212 0,631 0,539 1,170 0,242 0,631 

-3_3 212 0,964 0,619 1,556 0,120 0,964 

-5_5 212 0,472 0,773 0,612 0,541 0,472 

-10_10 212 0,130 1,218 0,106 0,915 0,130 

CAPEX Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,665 0,794 -0,837 0,403 -0,665 

-1_1 214 -2,125 1,644 -1,293 0,196 -2,125 

-2_2 214 -1,507 2,379 -0,634 0,526 -1,507 

-3_3 214 -2,183 3,154 -0,692 0,489 -2,183 

-5_5 214 -0,515 3,638 -0,142 0,887 -0,515 

-10_10 214 -5,235 4,467 -1,172 0,241 -5,235 

Size 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,009 0,012 -0,746 0,456 -0,009 

-1_1 214 -0,011 0,022 -0,526 0,599 -0,011 

-2_2 214 -0,006 0,026 -0,244 0,807 -0,006 

-3_3 214 -0,014 0,027 -0,522 0,602 -0,014 

-5_5 214 0,010 0,035 0,295 0,768 0,010 

-10_10 214 0,052 0,054 0,948 0,343 0,052 

Leverage 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,112 0,137 -0,819 0,413 -0,112 

-1_1 214 0,089 0,220 0,407 0,684 0,089 

-2_2 214 0,135 0,278 0,487 0,626 0,135 

-3_3 214 0,112 0,332 0,338 0,735 0,112 

-5_5 214 0,583 0,400 1,456 0,145 0,583 

-10_10 214 0,962 0,581 1,655 0,098 0,962* 

ROA 
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Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,115 0,076 -1,507 0,132 -0,115 

-1_1 214 -0,231 0,124 -1,856 0,063 -0,231* 

-2_2 214 -0,287 0,165 -1,742 0,082 -0,287* 

-3_3 214 -0,355 0,177 -2,002 0,045 -0,355** 

-5_5 214 -0,136 0,257 -0,529 0,597 -0,136 

-10_10 214 -0,300 0,372 -0,805 0,421 -0,300 

Asset Turnover 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,163 0,072 -2,251 0,024 -0,163** 

-1_1 214 -0,127 0,092 -1,375 0,169 -0,127 

-2_2 214 -0,211 0,125 -1,684 0,092 -0,211* 

-3_3 214 -0,155 0,137 -1,132 0,258 -0,155 

-5_5 214 -0,258 0,174 -1,485 0,137 -0,258 

-10_10 214 -0,422 0,245 -1,721 0,085 -0,422* 
Note: The table reports year fixed-effects estimates from regressions of CAR on a constant, year fixed-effects, and one mod-

erator at a time, by symmetric event windows around FDA approval announcements. Standard errors are HC1-robust. “N 
Events” denotes the number of approval events used in each regression and may vary across moderators due to missing data. 

“Coefficient (starred)” repeats the point estimate with significance stars: *** p < 0,01, ** p < 0,05, * p < 0,10.  

 

 

8.1.12 Appendix 1.12: Two-way Fixed-effects Regression Full Results 

Table: Two-way Fixed-effects Regression Full Results 

R&D Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 212 1,131 0,559 2,025 0,045 1,131** 

-1_1 212 1,604 1,097 1,462 0,146 1,604 

-2_2 212 2,169 1,320 1,643 0,102 2,169 

-3_3 212 2,900 1,410 2,057 0,041 2,900** 

-5_5 212 3,348 2,042 1,639 0,103 3,348 

-10_10 212 2,741 3,468 0,790 0,431 2,741 

CAPEX Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -1,652 1,344 -1,229 0,221 -1,652 

-1_1 214 -2,793 2,352 -1,188 0,237 -2,793 

-2_2 214 -2,562 3,154 -0,813 0,418 -2,562 

-3_3 214 -3,047 4,063 -0,750 0,454 -3,047 

-5_5 214 -0,877 4,501 -0,195 0,846 -0,877 

-10_10 214 -5,242 5,878 -0,892 0,374 -5,242 

Size 
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Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,228 0,082 -2,787 0,006 -0,228*** 

-1_1 214 -0,161 0,153 -1,054 0,294 -0,161 

-2_2 214 -0,181 0,181 -0,997 0,320 -0,181 

-3_3 214 -0,301 0,213 -1,410 0,160 -0,301 

-5_5 214 -0,262 0,240 -1,093 0,276 -0,262 

-10_10 214 -0,038 0,334 -0,115 0,908 -0,038 

Leverage 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,597 0,257 -2,324 0,021 -0,597** 

-1_1 214 -0,174 0,420 -0,414 0,679 -0,174 

-2_2 214 -0,232 0,586 -0,397 0,692 -0,232 

-3_3 214 -0,336 0,633 -0,531 0,596 -0,336 

-5_5 214 -0,433 0,855 -0,507 0,613 -0,433 

-10_10 214 -0,169 1,195 -0,141 0,888 -0,169 

ROA 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,368 0,182 -2,019 0,045 -0,368** 

-1_1 214 -0,285 0,334 -0,852 0,396 -0,285 

-2_2 214 -0,231 0,405 -0,570 0,569 -0,231 

-3_3 214 -0,361 0,487 -0,741 0,460 -0,361 

-5_5 214 -0,100 0,543 -0,183 0,855 -0,100 

-10_10 214 -0,216 0,941 -0,229 0,819 -0,216 

Asset Turnover 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,033 0,189 -0,176 0,861 -0,033 

-1_1 214 -0,175 0,307 -0,569 0,570 -0,175 

-2_2 214 -0,052 0,391 -0,132 0,895 -0,052 

-3_3 214 0,193 0,485 0,398 0,691 0,193 

-5_5 214 0,027 0,550 0,050 0,960 0,027 

-10_10 214 -0,370 0,753 -0,492 0,624 -0,370 
Note: The table reports two-way fixed-effects estimates from regressions of CAR on firm fixed-effects, year fixed-effects, and 
one moderator at a time, by symmetric event windows around FDA approval announcements. Standard errors are heteroske-

dasticity-robust. “N Events” denotes the number of approval events used in each regression and may vary across moderators 

due to missing data. “Coefficient (starred)” repeats the point estimate with significance stars: *** p < 0,01, ** p < 0,05, * p 
< 0,10.  

 

8.1.13 Appendix 1.13: Random-effects Regression Full Results 

Table: Random-effects Regression Full Results 

R&D Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 
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0_0 212 -0,217 0,182 -1,191 0,235 -0,217 

-1_1 212 -0,816 0,337 -2,419 0,016 -0,816** 

-2_2 212 -1,359 0,469 -2,898 0,004 -1,359*** 

-3_3 212 -1,697 0,594 -2,858 0,005 -1,697*** 

-5_5 212 -2,607 0,749 -3,479 0,001 -2,607*** 

-10_10 212 -5,570 1,276 -4,366 0,00002 -5,570*** 

CAPEX Intensity 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -1,334 0,716 -1,862 0,064 -1,334* 

-1_1 214 -3,039 1,255 -2,422 0,016 -3,039** 

-2_2 214 -4,177 1,902 -2,196 0,029 -4,177** 

-3_3 214 -6,035 2,404 -2,511 0,013 -6,035** 

-5_5 214 -5,575 3,096 -1,801 0,073 -5,575* 

-10_10 214 -13,745 4,615 -2,978 0,003 -13,745*** 

Size 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,011 0,006 -1,959 0,051 -0,011* 

-1_1 214 -0,022 0,008 -2,658 0,008 -0,022*** 

-2_2 214 -0,035 0,010 -3,297 0,001 -0,035*** 

-3_3 214 -0,045 0,011 -4,124 0,0001 -0,045*** 

-5_5 214 -0,060 0,018 -3,351 0,001 -0,060*** 

-10_10 214 -0,113 0,031 -3,704 0,0003 -0,113*** 

Leverage 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,239 0,119 -2,002 0,047 -0,239** 

-1_1 214 -0,338 0,174 -1,945 0,053 -0,338* 

-2_2 214 -0,553 0,231 -2,397 0,017 -0,553** 

-3_3 214 -0,802 0,275 -2,920 0,004 -0,802*** 

-5_5 214 -0,884 0,382 -2,314 0,022 -0,884** 

-10_10 214 -1,810 0,638 -2,836 0,005 -1,810*** 

ROA 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,025 0,073 -0,346 0,730 -0,025 

-1_1 214 -0,013 0,148 -0,089 0,929 -0,013 

-2_2 214 0,083 0,189 0,439 0,661 0,083 

-3_3 214 0,114 0,245 0,467 0,641 0,114 

-5_5 214 0,419 0,332 1,260 0,209 0,419 

-10_10 214 0,815 0,563 1,446 0,150 0,815 

Asset Turnover 

Window N Events Coefficient Std. Err. t-stat p-value 
Coefficient 

(starred) 

0_0 214 -0,179 0,061 -2,942 0,004 -0,179*** 

-1_1 214 -0,304 0,086 -3,555 0,0005 -0,304*** 
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-2_2 214 -0,496 0,106 -4,673 0,00001 -0,496*** 

-3_3 214 -0,600 0,123 -4,887 0,000002 -0,600*** 

-5_5 214 -0,829 0,173 -4,798 0,000003 -0,829*** 

-10_10 214 -1,600 0,289 -5,533 0,0000001 -1,600*** 
Note: The table reports random-effects estimates from regressions of CAR on a constant and one moderator at a time, by 
symmetric event windows around FDA approval announcements. Standard errors are heteroskedasticity-robust. “N Events” 

denotes the number of approval events used in each regression and may vary across moderators due to missing data. “Coef-

ficient (starred)” repeats the point estimate with significance stars: *** p < 0,01, ** p < 0,05, * p < 0,10.  

 

8.2 Python Scripts 

For all Python scripts in the appendix the following packages were installed and im-

ported:  

# Installing needed packages 

!pip install linearmodels 

!pip install xlsxwriter 

!pip install dataframe-image 

 

import pandas as pd 

import numpy as np 

import seaborn as sns 

import matplotlib.pyplot as plt 

from tabulate import tabulate 

import statsmodels.api as sm 

from statsmodels.stats.outliers_influence import variance_inflation_factor 

from statsmodels.tools.tools import add_constant 

from statsmodels.stats.diagnostic import het_breuschpagan, het_white 

from linearmodels.panel import PanelOLS, RandomEffects, compare 

from scipy.stats import chi2, skew, kurtosis 

from IPython.display import display, HTML 

import dataframe_image as dfi 

import os 

import math 

from scipy import stats 

from linearmodels.panel import PanelOLS 

from linearmodels.panel import RandomEffects 

 

8.2.1 Appendix 2.1: Wide to Long-form Data Conversion 

Example: Converting Returns series to Long-form.  

INPUT_FILE = "Compounded Returns 10 08 2025.xlsx"   

SHEET = None       

DATE_COL = None     

PERCENT_TO_DECIMAL = False  
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import pandas as pd 

from pathlib import Path 

import sys, subprocess 

 

NA_VALUES = ["#N/A", "#N/A N/A", "N/A", "NA", "NaN", "nan", ""] 

 

def _pick_sheet(xf: pd.ExcelFile, prefer: str | None = None) -> str: 

    if prefer and prefer in xf.sheet_names: 

        return prefer 

    for name in xf.sheet_names: 

        low = name.lower() 

        if low.startswith("__") or "fdscache" in low: 

            continue 

        head = xf.parse(name, nrows=2) 

        if head.shape[1] > 1: 

            return name 

    return xf.sheet_names[0] 

 

def _detect_date_col(df: pd.DataFrame, user_col: str | None = None) -> str: 

    if user_col: 

        if user_col not in df.columns: 

            raise ValueError(f"DATE_COL '{user_col}' not found. Available: {list(df.col-

umns)}") 

        return user_col 

    for col in df.columns: 

        if str(col).strip().lower() in {"date", "dates"}: 

            return col 

    return df.columns[0] 

 

def _ensure_writer_engine() -> str: 

    try: 

        import xlsxwriter  # noqa: F401 

        return "xlsxwriter" 

    except Exception: 

        try: 

            import openpyxl  # noqa: F401 

            return "openpyxl" 

        except Exception: 

            subprocess.check_call([sys.executable, "-m", "pip", "install", "-q", "open-

pyxl"]) 

            import openpyxl  # noqa: F401 

            return "openpyxl" 

 

def excel_wide_to_long_to_excel( 

    input_path, 

    sheet=None, 
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    date_col=None, 

    percent_to_decimal=False, 

    na_values=NA_VALUES, 

    sort_output=True 

): 

    input_path = Path(input_path) 

    if not input_path.exists(): 

        raise FileNotFoundError(f"Input not found: {input_path}") 

 

    xf = pd.ExcelFile(input_path) 

    sheet = _pick_sheet(xf, sheet) 

 

    df = pd.read_excel(input_path, sheet_name=sheet, header=0, na_values=list(na_values)) 

 

    date_col = _detect_date_col(df, date_col) 

    df[date_col] = pd.to_datetime(df[date_col], errors="coerce") 

    df = df.dropna(subset=[date_col]) 

 

    # Wide -> long 

    long_df = df.melt(id_vars=[date_col], var_name="ISIN", value_name="ReturnPct") 

 

    # Ensure numeric and drop missing values (removes #N/A / blanks) 

    long_df["ReturnPct"] = pd.to_numeric(long_df["ReturnPct"], errors="coerce") 

    long_df = long_df.dropna(subset=["ReturnPct"]).copy() 

 

    if percent_to_decimal: 

        long_df["ReturnPct"] = long_df["ReturnPct"] / 100.0 

 

    long_df = long_df.rename(columns={date_col: "Date"}) 

    if sort_output: 

        long_df = long_df.sort_values(["ISIN", "Date"], kind="stable").reset_in-

dex(drop=True) 

 

    # Save as Excel next to the input file 

    out_xlsx = input_path.with_suffix("") 

    out_xlsx = out_xlsx.parent / f"{out_xlsx.name}_long.xlsx" 

 

    engine = _ensure_writer_engine() 

    with pd.ExcelWriter(out_xlsx, engine=engine) as writer: 

        long_df.to_excel(writer, sheet_name="LongData", index=False) 

 

    print(f"Sheet used: {sheet}") 

    print(f"Date column: {long_df.columns[0]} (renamed to 'Date')") 

    print(f"Rows written: {len(long_df):,}") 

    print(f"Excel file: {out_xlsx}") 

 

    # Quick peek 
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    display(long_df.head(10)) 

    return long_df, out_xlsx 

 

_ = excel_wide_to_long_to_excel( 

    INPUT_FILE, 

    sheet=SHEET, 

    date_col=DATE_COL, 

    percent_to_decimal=PERCENT_TO_DECIMAL 

) 

8.2.2 Appendix 2.2: Dummy Variable Maker 

import pandas as pd 

from glob import glob 

import os 

 

# ---- 1) Locate files you uploaded to Colab (/content) ---- 

def find_one(pattern, friendly): 

    matches = glob(pattern) 

    if not matches: 

        raise FileNotFoundError(f"Couldn’t find {friendly}. Upload it and ensure the name 

matches pattern: {pattern}") 

    if len(matches) > 1: 

        raise RuntimeError(f"Found multiple files for {friendly}: {matches}\nRefine the 

pattern.") 

    return matches[0] 

 

panel_path   = find_one("Compounded*Long Panel Data*.xlsx", "panel data") 

fda_path     = find_one("FDA*Med Device Approval*.xlsx", "FDA approvals file") 

mapping_path = find_one("Firm Mapping*.xlsx", "firm mapping file") 

 

print("Using:\n", panel_path, "\n", fda_path, "\n", mapping_path) 

 

# ---- 2) Load ---- 

panel_df   = pd.read_excel(panel_path, dtype={"ISIN": str}) 

fda_df     = pd.read_excel(fda_path) 

mapping_df = pd.read_excel(mapping_path, dtype=str) 

 

# ---- 3) Build FDA name → ISIN map (uses 'Firm List 1' + rightmost non-empty col as ISIN 

if unnamed) ---- 

if "Firm List 1" not in mapping_df.columns: 

    raise KeyError(f"'Firm List 1' not found in mapping file. Columns: {list(map-

ping_df.columns)}") 

 

# Prefer explicit 'ISIN' header, else fallback to rightmost non-empty column 

isin_col = next((c for c in mapping_df.columns if str(c).strip().upper() == "ISIN"), None) 

if isin_col is None: 
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    for c in mapping_df.columns[::-1]: 

        if mapping_df[c].notna().any(): 

            isin_col = c 

            break 

 

map_tbl = ( 

    mapping_df.rename(columns={"Firm List 1": "FDA_Firm_Name"})[["FDA_Firm_Name", 

isin_col]] 

    .rename(columns={isin_col: "ISIN"}) 

    .assign( 

        FDA_Firm_Name=lambda d: d["FDA_Firm_Name"].astype(str).str.strip(), 

        ISIN=lambda d: d["ISIN"].astype(str).str.strip() 

    ) 

    .dropna(subset=["FDA_Firm_Name","ISIN"]) 

    .drop_duplicates(subset=["FDA_Firm_Name"]) 

) 

 

# ---- 4) Prep FDA file (map applicant → ISIN, keep dates) ---- 

fda_clean = ( 

    fda_df.rename(columns={"applicant": "FDA_Firm_Name"}) 

          .assign(FDA_Firm_Name=lambda d: d["FDA_Firm_Name"].astype(str).str.strip()) 

          .merge(map_tbl, on="FDA_Firm_Name", how="inner")[["ISIN","decision_date"]] 

) 

 

# Normalize to day precision in case times are present 

fda_clean["decision_date"] = pd.to_datetime(fda_clean["decision_date"], errors="co-

erce").dt.normalize() 

fda_clean = fda_clean.dropna(subset=["ISIN","decision_date"]).drop_duplicates() 

 

panel_df["ISIN"] = panel_df["ISIN"].astype(str).str.strip() 

panel_df["Date"] = pd.to_datetime(panel_df["Date"], errors="coerce").dt.normalize() 

 

# ---- 5) Create dummy via merge on (ISIN, Date) ---- 

panel_with_dummy = panel_df.merge( 

    fda_clean.assign(FDA_Approval=1), 

    left_on=["ISIN","Date"], right_on=["ISIN","decision_date"], 

    how="left" 

) 

panel_with_dummy["FDA_Approval"] = panel_with_dummy["FDA_Approval"].fillna(0).astype(int) 

panel_with_dummy = panel_with_dummy.drop(columns=["decision_date"], errors="ignore") 

 

# ---- 6) Save ---- 

out_xlsx = "Panel_with_FDA_Dummy.xlsx" 

panel_with_dummy.to_excel(out_xlsx, index=False) 

print(f"Saved -> {os.path.abspath(out_xlsx)}") 

 

# Optional: also save a CSV (faster to write for large data) 
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# panel_with_dummy.to_csv("Panel_with_FDA_Dummy.csv", index=False) 

 

 

8.2.3 Appendix 2.3: Merging Data into Main Dataset 

Example: Merging Risk-free data into the Main Dataset.  

import pandas as pd 

 

# ==== filenames (use your uploaded names) ==== 

main_file = "Main Data (C-Returns+Dummy+C-Fin+Bm Returns) 18 08 2025.xlsx" 

rf_file   = "Risk-free Rate Data 18 08 2025.xlsx" 

main_sheet = "Sheet1"   # change if needed 

rf_sheet   = "Sheet1"   # change if needed 

 

# ==== load ==== 

main = pd.read_excel(main_file, sheet_name=main_sheet) 

rf   = pd.read_excel(rf_file,   sheet_name=rf_sheet) 

 

# risk-free file's date column is "Unnamed: 0" → rename to "Date" 

if "Date" not in rf.columns and "Unnamed: 0" in rf.columns: 

    rf = rf.rename(columns={"Unnamed: 0": "Date"}) 

 

# ==== normalize dates ==== 

main["Date"] = pd.to_datetime(main["Date"], errors="coerce").dt.date 

rf["Date"]   = pd.to_datetime(rf["Date"],   errors="coerce").dt.date 

 

# drop duplicates by date on the risk-free data (just in case) 

rf = rf.drop_duplicates(subset=["Date"]) 

 

# ==== merge ==== 

merged = main.merge(rf, how="left", on="Date")  # keeps all rows from main 

 

# ==== save ==== 

out_file = "Main Data + RiskFree Merged 18 08 2025.xlsx" 

merged.to_excel(out_file, index=False) 

print(f"Saved: {out_file}  |  rows={len(merged):,}  |  cols={len(merged.columns)}") 

 

8.2.4 Appendix 2.4: Converting Monthly Data into Daily Data 

import pandas as pd 

import numpy as np 

from glob import glob 

import os 

 

# -------- helpers -------- 
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def find_one(pattern, friendly): 

    hits = sorted(glob(pattern), key=os.path.getmtime, reverse=True) 

    if not hits: 

        raise FileNotFoundError(f"Couldn’t find {friendly} with pattern: {pattern}") 

    return hits[0] 

 

def clean_cols(df): 

    return df.rename(columns={c: str(c).strip() for c in df.columns}) 

 

def parse_dates(df, col="Date"): 

    if col not in df.columns: 

        df = df.rename(columns={df.columns[0]: col}) 

    # dayfirst=True for dates like 29/11/2013 

    df[col] = pd.to_datetime(df[col], errors="coerce", dayfirst=True).dt.normalize() 

    return df 

 

def monthly_long_to_daily_long(monthly_long, daily_dates): 

    """ 

    monthly_long: DataFrame with ['ISIN','Date','Value'] at monthly frequency. 

    daily_dates : DataFrame with ['Date'] (daily calendar). 

    Returns daily long with columns ['ISIN','Date','Value']. 

    - Carries monthly value to all days in the same month for that ISIN. 

    - Includes ALL daily dates for every ISIN (Value = NaN where that month has no 

observation). 

    """ 

    m = monthly_long.copy() 

    # one row per (ISIN, Month): keep the last observation in that month 

    m["Month"] = m["Date"].dt.to_period("M") 

    m = (m.sort_values(["ISIN","Month","Date"]) 

           .drop_duplicates(subset=["ISIN","Month"], 

keep="last"))[["ISIN","Month","Value"]] 

 

    # Build full daily grid = all ISINs in this sheet × all daily dates 

    isins = (monthly_long["ISIN"].dropna().drop_duplicates() 

             .sort_values().to_frame(name="ISIN")) 

    dd = daily_dates.copy() 

    dd["Month"] = dd["Date"].dt.to_period("M") 

 

    isins["key"] = 1 

    dd["key"] = 1 

    grid = dd.merge(isins, on="key").drop(columns="key")  # ['Date','Month','ISIN'] 

 

    # Map monthly value onto daily grid by (ISIN, Month) 

    out = grid.merge(m, on=["ISIN","Month"], how="left").drop(columns=["Month"]) 

 

    # Order & sort ISIN-first 
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    out = out[["ISIN","Date","Value"]].sort_values(["ISIN","Date"]).reset_in-

dex(drop=True) 

    return out 

 

# -------- locate files -------- 

financial_path = find_one("Financial Data Long Form Only*13 08 2025*.xlsx", 

                          "Financial Data Long Form workbook") 

dates_path     = find_one("Daily Dates*13 08 2025*.xlsx", 

                          "Daily Dates workbook") 

print("Using:\n ", financial_path, "\n ", dates_path) 

 

# -------- load daily dates -------- 

dates_df = pd.read_excel(dates_path) 

dates_df = clean_cols(dates_df) 

dates_df = parse_dates(dates_df, "Date") 

dates_df = dates_df[["Date"]].dropna().drop_duplicates().sort_values("Date") 

 

# -------- process each sheet independently (NO MERGE) -------- 

xlsx = pd.ExcelFile(financial_path) 

sheet_names = xlsx.sheet_names 

 

out_path = "Financial Data Long Form Daily (ISIN first, per sheet).xlsx" 

with pd.ExcelWriter(out_path, engine="openpyxl") as writer: 

    for sheet in sheet_names: 

        df = pd.read_excel(financial_path, sheet_name=sheet) 

        df = clean_cols(df) 

        # remove #N/A-style placeholders 

        df = df.replace(["#N/A","N/A","NA","na","n/a",""], np.nan) 

 

        # Expect long form; ensure we have Date, ISIN, and a value column 

        df = parse_dates(df, "Date") 

        if "ISIN" not in df.columns: 

            raise ValueError(f"Sheet '{sheet}' is not long-form (missing 'ISIN').") 

 

        # Identify value column: 'Value' if present, else first non-Date/ISIN column 

        if "Value" not in df.columns: 

            value_candidates = [c for c in df.columns if c not in ["Date","ISIN"]] 

            if not value_candidates: 

                raise ValueError(f"No value column found in sheet '{sheet}'.") 

            df = df.rename(columns={value_candidates[0]: "Value"}) 

 

        monthly_long = (df[["ISIN","Date","Value"]] 

                        .dropna(subset=["ISIN","Date","Value"])) 

        monthly_long["ISIN"] = monthly_long["ISIN"].astype(str).str.strip() 

 

        # Convert monthly -> daily (ISIN-first) 

        daily_long = monthly_long_to_daily_long(monthly_long, dates_df) 



Page | 96  

 

 

        # Save this sheet’s daily long data (columns: ISIN, Date, Value) 

        daily_long.to_excel(writer, sheet_name=sheet[:31], index=False) 

 

print("Saved ->", os.path.abspath(out_path)) 

 

8.2.5 Appendix 2.5: Merging Financial Firm Data into One Spreadsheet 

import pandas as pd 

from glob import glob 

import os, zipfile 

 

# ---------- find file ---------- 

def find_one(pattern): 

    hits = sorted(glob(pattern), key=os.path.getmtime, reverse=True) 

    if not hits: 

        raise FileNotFoundError(f"No file matches {pattern}") 

    return hits[0] 

 

in_path = find_one("Financial Data Long Form Daily*13 08 2025*.xls*") 

print("Using:", in_path) 

 

# ---------- validate workbook ---------- 

ext = os.path.splitext(in_path)[1].lower() 

if ext in [".xlsx", ".xlsm"]: 

    if not zipfile.is_zipfile(in_path): 

        raise ValueError( 

            "The file has .xlsx/.xlsm extension but isn't a valid Excel ZIP container.\n" 

            "Re-open it in Excel and 'Save As' → Excel Workbook (*.xlsx), then re-upload." 

        ) 

    xl = pd.ExcelFile(in_path, engine="openpyxl") 

elif ext == ".xls": 

    xl = pd.ExcelFile(in_path, engine="xlrd")  # old binary Excel 

else: 

    raise ValueError(f"Unsupported extension: {ext}") 

 

# ---------- read & merge sheets ---------- 

def clean_cols(df): 

    return df.rename(columns={c: str(c).strip() for c in df.columns}) 

 

merged = None 

metric_order = [] 

 

for sheet in xl.sheet_names: 

    df = pd.read_excel(in_path, sheet_name=sheet, dtype={"ISIN": str}) 

    df = clean_cols(df) 
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    # Expect long daily: ISIN, Date, Value (ISIN-first from your previous step) 

    if "ISIN" not in df.columns or "Date" not in df.columns: 

        print(f"Skipping '{sheet}' (missing ISIN/Date). Columns: {list(df.columns)}") 

        continue 

 

    # If 'Value' isn't present, take the first non-ISIN/Date column 

    if "Value" not in df.columns: 

        value_candidates = [c for c in df.columns if c not in ["ISIN", "Date"]] 

        if not value_candidates: 

            print(f"Skipping '{sheet}' (no Value column).") 

            continue 

        df = df.rename(columns={value_candidates[0]: "Value"}) 

 

    # Parse dates with dayfirst=True to keep 29/11/2013, etc. 

    df["Date"] = pd.to_datetime(df["Date"], errors="coerce", dayfirst=True).dt.normalize() 

    df = df.dropna(subset=["ISIN", "Date"]) 

    df = df.rename(columns={"Value": sheet}) 

    metric_order.append(sheet) 

 

    if merged is None: 

        merged = df[["ISIN", "Date", sheet]].copy() 

    else: 

        merged = merged.merge(df[["ISIN", "Date", sheet]], on=["ISIN", "Date"], 

how="outer") 

 

if merged is None: 

    raise RuntimeError("No valid sheets found to merge.") 

 

# Order columns: ISIN, Date, then metrics in original sheet order 

merged = merged.sort_values(["ISIN", "Date"]).reset_index(drop=True) 

merged = merged[["ISIN", "Date"] + metric_order] 

 

# ---------- save ---------- 

out_path = "Financial Data Long Form Daily Merged.xlsx" 

with pd.ExcelWriter(out_path, engine="openpyxl") as writer: 

    merged.to_excel(writer, sheet_name="Merged", index=False) 

 

print("Saved ->", os.path.abspath(out_path)) 

print("Rows:", len(merged), "| ISINs:", merged['ISIN'].nunique(), 

      "| Dates:", merged['Date'].min(), "→", merged['Date'].max()) 

 

8.2.6 Appendix 2.6: Pooled OLS Regression 

# ========================= 
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# 1. LOAD DATA 

# ========================= 

file_path = '/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx' 

df = pd.read_excel(file_path, sheet_name='Sheet1') 

 

# ========================= 

# 2. PREPARE DATA 

# ========================= 

df['Date'] = pd.to_datetime(df['Date']) 

df = df.sort_values(by=['ISIN', 'Date']).copy() 

 

# Excess returns (decimals) 

df['Excess_Return'] = df['Return'] - df['Risk-free Rate'] 

df['Excess_Market'] = df['SPSIHE'] - df['Risk-free Rate'] 

 

assets = df['Total Assets'].replace(0, np.nan) 

 

# Moderators 

df['RD_Intensity'] = df['R&D'] / assets 

df['CAPEX_Intensity'] = df['CAPEX'] / assets 

df['Size'] = np.log(assets) 

df['Leverage'] = df['Total Debt'] / assets 

df['ROA'] = df['Net Income'] / assets 

df['Asset_Turnover'] = df['Sales'] / assets 

 

for col in ['RD_Intensity', 'CAPEX_Intensity', 'Size', 'Leverage', 'ROA', 'Asset_Turno-

ver']: 

    df[col] = df[col].replace([np.inf, -np.inf], np.nan) 

 

# ========================= 

# 3. SETTINGS 

# ========================= 

event_windows = [(0, 0), (-1, 1), (-2, 2), (-3, 3), (-5, 5), (-10, 10)] 

 

moderators = { 

    'RD_Intensity': 'R&D Intensity', 

    'CAPEX_Intensity': 'CAPEX Intensity', 

    'Size': 'Size', 

    'Leverage': 'Leverage', 

    'ROA': 'ROA', 

    'Asset_Turnover': 'Asset Turnover' 

} 

 

approval_days = df[df['FDA_Approval'] == 1].copy() 

 

# ========================= 
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# 4. BUILD EVENT-LEVEL CAR DATA ONCE 

# ========================= 

car_data = [] 

 

for _, row in approval_days.iterrows(): 

    firm = row['ISIN'] 

    event_date = row['Date'] 

 

    estimation_window = ( 

        df[(df['ISIN'] == firm) & (df['Date'] < event_date)] 

        .sort_values('Date') 

        .tail(100) 

    ) 

    if len(estimation_window) < 100: 

        continue 

    if (estimation_window['FDA_Approval'] == 1).any(): 

        continue 

 

    X_est = sm.add_constant(estimation_window['Excess_Market']) 

    y_est = estimation_window['Excess_Return'] 

    est_model = sm.OLS(y_est, X_est).fit() 

    if 'Excess_Market' not in est_model.params.index: 

        continue 

    beta = est_model.params['Excess_Market'] 

 

    event_record_base = {'ISIN': firm, 'Event_Date': event_date} 

    for mod_col in moderators.keys(): 

        event_record_base[mod_col] = row.get(mod_col, np.nan) 

 

    for (start, end) in event_windows: 

        window_data = df[ 

            (df['ISIN'] == firm) & 

            (df['Date'] >= event_date + pd.Timedelta(days=start)) & 

            (df['Date'] <= event_date + pd.Timedelta(days=end)) 

        ].copy() 

 

        if window_data.empty: 

            continue 

 

        expected = window_data['Risk-free Rate'] + beta * (window_data['SPSIHE'] - win-

dow_data['Risk-free Rate']) 

        car = float((window_data['Return'] - expected).sum()) 

 

        event_record = event_record_base.copy() 

        event_record['Window'] = f"{start}_{end}" 

        event_record['CAR'] = car 

        car_data.append(event_record) 
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car_df = pd.DataFrame(car_data) 

if car_df.empty: 

    raise ValueError("No valid CAR observations were created. Check estimation-window 

and event-window logic.") 

 

# ========================= 

# 5. HELPERS 

# ========================= 

def stars(p): 

    if pd.isna(p): 

        return '' 

    return '***' if p < 0.01 else '**' if p < 0.05 else '*' if p < 0.10 else '' 

 

def fmt_comma(x, digits=6): 

    """Format number with decimal comma for presentation sheets.""" 

    if pd.isna(x): 

        return '' 

    return f"{x:.{digits}f}".replace('.', ',') 

 

def fmt_comma_p(x): 

    """p-values with 3 decimals + decimal comma.""" 

    if pd.isna(x): 

        return '' 

    return f"{x:.3f}".replace('.', ',') 

 

# ========================= 

# 6. RUN POOLED OLS FOR ALL MODERATORS (COEFFICIENTS ONLY) 

#    CAR ~ const + moderator   (we estimate const, but only export slope) 

# ========================= 

all_results = [] 

 

for mod_col, mod_label in moderators.items(): 

    for (start, end) in event_windows: 

        win = f"{start}_{end}" 

 

        data = car_df.loc[ 

            (car_df['Window'] == win) & (car_df[mod_col].notna()), 

            ['CAR', mod_col] 

        ].copy() 

 

        if len(data) < 3: 

            continue 

 

        X = sm.add_constant(data[[mod_col]]) 

        y = data['CAR'] 

        model = sm.OLS(y, X).fit(cov_type='HC1') 
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        if mod_col not in model.params.index: 

            continue 

 

        b1 = float(model.params[mod_col]) 

        se1 = float(model.bse[mod_col]) 

        t1  = float(model.tvalues[mod_col]) 

        p1  = float(model.pvalues[mod_col]) 

        ci  = model.conf_int().loc[mod_col] 

        ci_low, ci_high = float(ci.iloc[0]), float(ci.iloc[1]) 

 

        all_results.append({ 

            'Moderator': mod_label, 

            'Moderator_Column': mod_col, 

            'Window': win, 

            'N Events': int(len(data)), 

 

            'Coefficient': b1, 

            'Coefficient SE': se1, 

            'Coefficient t-stat': t1, 

            'Coefficient p-value': p1, 

            'Coefficient CI95 Low': ci_low, 

            'Coefficient CI95 High': ci_high, 

            'Coefficient (starred)': f"{fmt_comma(b1, 6)}{stars(p1)}" 

        }) 

 

results_table = pd.DataFrame(all_results) 

 

# Order results nicely 

moderator_order = list(moderators.values()) 

window_order = [f"{a}_{b}" for a, b in event_windows] 

results_table['Moderator'] = pd.Categorical(results_table['Moderator'], categories=mod-

erator_order, ordered=True) 

results_table['Window'] = pd.Categorical(results_table['Window'], categories=window_or-

der, ordered=True) 

results_table = results_table.sort_values(['Moderator', 'Window']).reset_in-

dex(drop=True) 

 

# Significant coefficients only (10% level) 

sig_coeff_table = results_table[results_table['Coefficient p-value'] < 0.10].copy() 

 

# ========================= 

# 7. DISPLAY (WITH DECIMAL COMMA) 

# ========================= 

if not results_table.empty: 

    display_cols = [ 

        'Moderator', 'Window', 'N Events', 
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        'Coefficient (starred)', 'Coefficient p-value', 

        'Coefficient CI95 Low', 'Coefficient CI95 High' 

    ] 

 

    fmt = { 

        'Coefficient p-value': fmt_comma_p, 

        'Coefficient CI95 Low': lambda x: fmt_comma(x, 6), 

        'Coefficient CI95 High': lambda x: fmt_comma(x, 6), 

    } 

 

    display(HTML(results_table[display_cols].to_html(index=False, formatters=fmt, es-

cape=False))) 

    print("\nNotes:") 

    print("- Reported estimates are pooled OLS moderator coefficients (HC1-robust SE).") 

    print("- Stars: * p<0.10, ** p<0.05, *** p<0.01. Values are decimals (0,0123 = 

1,23%).") 

else: 

    print("No valid pooled OLS results were produced.") 

 

# ========================= 

# 8. SAVE TO EXCEL 

#    - Numeric sheets: keep floats for computation 

#    - Presentation sheets: decimal comma strings for thesis tables 

# ========================= 

def make_presentation_sheet(df_in): 

    df_out = df_in.copy() 

    num6 = ['Coefficient', 'Coefficient SE', 'Coefficient t-stat', 'Coefficient CI95 

Low', 'Coefficient CI95 High'] 

    for c in num6: 

        if c in df_out.columns: 

            df_out[c] = df_out[c].apply(lambda x: fmt_comma(x, 6)) 

    if 'Coefficient p-value' in df_out.columns: 

        df_out['Coefficient p-value'] = df_out['Coefficient p-value'].apply(fmt_comma_p) 

    return df_out 

 

xlsx_path = '/content/Pooled_OLS_Moderator_Coefficients.xlsx' 

 

with pd.ExcelWriter(xlsx_path, engine='openpyxl') as writer: 

    # Numeric 

    results_table.to_excel(writer, index=False, sheet_name='All_Results_Numeric') 

    sig_coeff_table.to_excel(writer, index=False, sheet_name='Sig_Coeff_Numeric') 

 

    # Presentation (decimal comma) 

    make_presentation_sheet(results_table).to_excel(writer, index=False, 

sheet_name='All_Results') 

    make_presentation_sheet(sig_coeff_table).to_excel(writer, index=False, 

sheet_name='Sig_Coefficients') 
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    # One sheet per moderator (presentation) 

    for mod_label in moderator_order: 

        mod_sheet = results_table[results_table['Moderator'] == mod_label].copy() 

        safe_name = mod_label.replace('&', 'and')[:31] 

        make_presentation_sheet(mod_sheet).to_excel(writer, index=False, 

sheet_name=safe_name) 

 

print(f"Saved Excel: {xlsx_path}") 

 

 

8.2.7 Appendix 2.7: Firm Fixed-effects Regression 

# ========================= 

# 1. LOAD DATA 

# ========================= 

file_path = '/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx' 

df = pd.read_excel(file_path, sheet_name='Sheet1') 

 

# ========================= 

# 2. PREPARE DATA 

# ========================= 

df['Date'] = pd.to_datetime(df['Date']) 

df = df.sort_values(['ISIN', 'Date']).copy() 

 

# Excess returns (decimals) 

df['Excess_Return'] = df['Return'] - df['Risk-free Rate'] 

df['Excess_Market'] = df['SPSIHE'] - df['Risk-free Rate'] 

 

assets = df['Total Assets'].replace(0, np.nan) 

 

# Moderators 

df['RD_Intensity']     = df['R&D'] / assets 

df['CAPEX_Intensity']  = df['CAPEX'] / assets 

df['Size']             = np.log(assets) 

df['Leverage']         = df['Total Debt'] / assets 

df['ROA']              = df['Net Income'] / assets 

df['Asset_Turnover']   = df['Sales'] / assets 

 

for c in ['RD_Intensity','CAPEX_Intensity','Size','Leverage','ROA','Asset_Turnover']: 

    df[c] = df[c].replace([np.inf, -np.inf], np.nan) 

 

# ========================= 

# 3. SETTINGS 

# ========================= 
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event_windows = [(0, 0), (-1, 1), (-2, 2), (-3, 3), (-5, 5), (-10, 10)] 

 

moderators = { 

    'RD_Intensity': 'R&D Intensity', 

    'CAPEX_Intensity': 'CAPEX Intensity', 

    'Size': 'Size', 

    'Leverage': 'Leverage', 

    'ROA': 'ROA', 

    'Asset_Turnover': 'Asset Turnover' 

} 

 

approval_days = df[df['FDA_Approval'] == 1].copy() 

 

# ========================= 

# 4. BUILD EVENT-LEVEL CAR DATA ONCE (WITH ALL MODERATORS) 

# ========================= 

car_rows = [] 

 

for _, row in approval_days.iterrows(): 

    firm = row['ISIN'] 

    event_date = row['Date'] 

 

    # 100-day estimation window before event 

    est_window = ( 

        df[(df['ISIN'] == firm) & (df['Date'] < event_date)] 

        .sort_values('Date') 

        .tail(100) 

    ) 

    if len(est_window) < 100: 

        continue 

    if (est_window['FDA_Approval'] == 1).any(): 

        continue 

 

    # CAPM beta from estimation window 

    beta = sm.OLS( 

        est_window['Excess_Return'], 

        sm.add_constant(est_window['Excess_Market']) 

    ).fit().params.get('Excess_Market', np.nan) 

 

    if pd.isna(beta): 

        continue 

 

    # Event-day moderator values (from the approval day row) 

    mod_vals = {m: row.get(m, np.nan) for m in moderators.keys()} 

 

    # Compute CAR for each event window 

    for (start, end) in event_windows: 
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        w = df[ 

            (df['ISIN'] == firm) & 

            (df['Date'] >= event_date + pd.Timedelta(days=start)) & 

            (df['Date'] <= event_date + pd.Timedelta(days=end)) 

        ] 

 

        if w.empty: 

            continue 

 

        expected = w['Risk-free Rate'] + beta * (w['SPSIHE'] - w['Risk-free Rate']) 

        car = float((w['Return'] - expected).sum()) 

 

        rec = { 

            'ISIN': firm, 

            'EventDate': event_date, 

            'Window': f'{start}_{end}', 

            'CAR': car 

        } 

        rec.update(mod_vals) 

        car_rows.append(rec) 

 

car_df = pd.DataFrame(car_rows) 

 

if car_df.empty: 

    raise ValueError("No valid CAR observations were created. Check estimation-window 

and event-window logic.") 

 

car_df['EventDate'] = pd.to_datetime(car_df['EventDate']) 

car_df = car_df.set_index(['ISIN', 'EventDate']).sort_index() 

 

# ========================= 

# 5. HELPERS (STARS + DECIMAL COMMA FORMATTING) 

# ========================= 

def stars(p): 

    if pd.isna(p): 

        return '' 

    return '***' if p < 0.01 else '**' if p < 0.05 else '*' if p < 0.10 else '' 

 

def fmt_comma(x, digits=6): 

    if pd.isna(x): 

        return '' 

    return f"{x:.{digits}f}".replace('.', ',') 

 

def fmt_comma_p(x): 

    if pd.isna(x): 

        return '' 

    return f"{x:.3f}".replace('.', ',') 
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def make_presentation_sheet(df_in): 

    df_out = df_in.copy() 

    num6 = ['Coefficient', 'Standard Error', 't-statistic', 'CI95 Low', 'CI95 High', 

            'R-squared (Within)', 'R-squared (Between)', 'R-squared (Overall)', 'Avg obs 

/ firm'] 

    for c in num6: 

        if c in df_out.columns: 

            # R-squared and avg obs per firm look better with fewer decimals 

            if c.startswith('R-squared'): 

                df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 4)) 

            elif c == 'Avg obs / firm': 

                df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 3)) 

            elif c == 't-statistic': 

                df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 3)) 

            else: 

                df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 6)) 

    if 'p-value' in df_out.columns: 

        df_out['p-value'] = df_out['p-value'].apply(fmt_comma_p) 

    return df_out 

 

# ========================= 

# 6. RUN FIRM FE FOR ALL MODERATORS (COEFFICIENTS ONLY) 

#    CAR ~ moderator + EntityEffects 

# ========================= 

results = [] 

window_order = [f"{a}_{b}" for a, b in event_windows] 

moderator_order = list(moderators.values()) 

 

for mod_col, mod_label in moderators.items(): 

    for win in window_order: 

        data = car_df[car_df['Window'] == win].dropna(subset=['CAR', mod_col]).copy() 

        if data.empty or len(data) < 3: 

            continue 

 

        # Firm fixed-effects (EntityEffects); no need to report intercept 

        # "0 +" makes the intent explicit (no global intercept) 

        res = PanelOLS.from_formula(f'CAR ~ 0 + {mod_col} + EntityEffects', 

data=data).fit(cov_type='robust') 

 

        if mod_col not in res.params.index: 

            continue 

 

        b  = float(res.params[mod_col]) 

        se = float(res.std_errors[mod_col]) 

        t  = float(res.tstats[mod_col]) 

        p  = float(res.pvalues[mod_col]) 
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        ci = res.conf_int().loc[mod_col] 

        lo, hi = float(ci.iloc[0]), float(ci.iloc[1]) 

 

        n_obs   = int(len(data)) 

        n_firms = int(data.index.get_level_values(0).nunique()) 

        avg_obs = n_obs / n_firms if n_firms > 0 else np.nan 

 

        results.append({ 

            'Moderator': mod_label, 

            'Moderator_Column': mod_col, 

            'Window': win, 

            'Obs': n_obs, 

            'Firms': n_firms, 

            'Avg obs / firm': avg_obs, 

 

            'Coefficient': b, 

            'Standard Error': se, 

            't-statistic': t, 

            'p-value': p, 

            'CI95 Low': lo, 

            'CI95 High': hi, 

            'Coefficient (starred)': f"{fmt_comma(b, 6)}{stars(p)}", 

 

            'R-squared (Within)': res.rsquared_within, 

            'R-squared (Between)': res.rsquared_between, 

            'R-squared (Overall)': res.rsquared_overall 

        }) 

 

results_table = pd.DataFrame(results) 

 

if results_table.empty: 

    raise ValueError("No FE regressions were estimated. Check missing data and event 

construction.") 

 

# Order nicely 

results_table['Moderator'] = pd.Categorical(results_table['Moderator'], categories=mod-

erator_order, ordered=True) 

results_table['Window'] = pd.Categorical(results_table['Window'], categories=window_or-

der, ordered=True) 

results_table = results_table.sort_values(['Moderator', 'Window']).reset_in-

dex(drop=True) 

 

# Significant coefficients only (10%) 

sig_table = results_table[results_table['p-value'] < 0.10].copy() 

 

# ========================= 
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# 7. DISPLAY (DECIMAL COMMA) 

# ========================= 

display_cols = [ 

    'Moderator', 'Window', 'Obs', 'Firms', 'Avg obs / firm', 

    'Coefficient (starred)', 'p-value', 'CI95 Low', 'CI95 High', 

    'R-squared (Within)', 'R-squared (Between)', 'R-squared (Overall)' 

] 

fmt = { 

    'p-value': fmt_comma_p, 

    'CI95 Low': lambda v: fmt_comma(v, 6), 

    'CI95 High': lambda v: fmt_comma(v, 6), 

    'Avg obs / firm': lambda v: fmt_comma(v, 3), 

    'R-squared (Within)': lambda v: fmt_comma(v, 4), 

    'R-squared (Between)': lambda v: fmt_comma(v, 4), 

    'R-squared (Overall)': lambda v: fmt_comma(v, 4), 

} 

display(HTML(make_presentation_sheet(results_table[display_cols]).to_html(index=False, 

escape=False))) 

 

print("\nNotes:") 

print("- Estimates are firm fixed-effects (EntityEffects) coefficients for each modera-

tor, by event window.") 

print("- SEs are heteroskedasticity-robust (linearmodels: cov_type='robust').") 

print("- Stars: * p<0.10, ** p<0.05, *** p<0.01. Values are decimals (0,0123 = 1,23%).") 

 

# ========================= 

# 8. SAVE TO EXCEL (NUMERIC + PRESENTATION WITH DECIMAL COMMA) 

# ========================= 

xlsx_path = '/content/Firm_FE_Moderator_Coefficients.xlsx' 

 

with pd.ExcelWriter(xlsx_path, engine='openpyxl') as writer: 

    # Numeric sheets (floats) 

    results_table.to_excel(writer, index=False, sheet_name='All_Results_Numeric') 

    sig_table.to_excel(writer, index=False, sheet_name='Sig_Coeff_Numeric') 

 

    # Presentation sheets (decimal comma strings) 

    make_presentation_sheet(results_table).to_excel(writer, index=False, 

sheet_name='All_Results') 

    make_presentation_sheet(sig_table).to_excel(writer, index=False, sheet_name='Sig_Co-

efficients') 

 

    # Per moderator (presentation) 

    for mod_label in moderator_order: 

        sheet = results_table[results_table['Moderator'] == mod_label].copy() 

        safe_name = mod_label.replace('&', 'and')[:31] 

        make_presentation_sheet(sheet).to_excel(writer, index=False, 

sheet_name=safe_name) 
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print(f"Saved Excel: {xlsx_path}") 

 

 

8.2.8 Appendix 2.8: Year Fixed-effects Regression 

# ========================= 

# 1. LOAD DATA 

# ========================= 

file_path = '/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx' 

df = pd.read_excel(file_path, sheet_name='Sheet1') 

 

# ========================= 

# 2. PREPARE DATA 

# ========================= 

df['Date'] = pd.to_datetime(df['Date']) 

df = df.sort_values(['ISIN', 'Date']).copy() 

 

# Excess returns (decimals) 

df['Excess_Return'] = df['Return'] - df['Risk-free Rate'] 

df['Excess_Market'] = df['SPSIHE'] - df['Risk-free Rate'] 

 

assets = df['Total Assets'].replace(0, np.nan) 

 

# Moderators (same naming as other scripts) 

df['RD_Intensity']     = df['R&D'] / assets 

df['CAPEX_Intensity']  = df['CAPEX'] / assets 

df['Size']             = np.log(assets) 

df['Leverage']         = df['Total Debt'] / assets 

df['ROA']              = df['Net Income'] / assets 

df['Asset_Turnover']   = df['Sales'] / assets 

 

for c in ['RD_Intensity','CAPEX_Intensity','Size','Leverage','ROA','Asset_Turnover']: 

    df[c] = df[c].replace([np.inf, -np.inf], np.nan) 

 

# ========================= 

# 3. SETTINGS 

# ========================= 

event_windows = [(0, 0), (-1, 1), (-2, 2), (-3, 3), (-5, 5), (-10, 10)] 

window_order = [f"{a}_{b}" for a, b in event_windows] 

 

moderators = { 

    'RD_Intensity': 'R&D Intensity', 

    'CAPEX_Intensity': 'CAPEX Intensity', 

    'Size': 'Size', 
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    'Leverage': 'Leverage', 

    'ROA': 'ROA', 

    'Asset_Turnover': 'Asset Turnover' 

} 

moderator_order = list(moderators.values()) 

 

approval_days = df[df['FDA_Approval'] == 1].copy() 

 

# ========================= 

# 4. BUILD EVENT-LEVEL CAR PANEL ONCE (WITH YEAR + MODERATORS) 

# ========================= 

car_rows = [] 

 

for _, row in approval_days.iterrows(): 

    firm = row['ISIN'] 

    event_date = row['Date'] 

    year = int(event_date.year) 

 

    est = ( 

        df[(df['ISIN'] == firm) & (df['Date'] < event_date)] 

        .sort_values('Date') 

        .tail(100) 

    ) 

    if len(est) < 100: 

        continue 

    if (est['FDA_Approval'] == 1).any(): 

        continue 

 

    beta = sm.OLS(est['Excess_Return'], sm.add_constant(est['Excess_Mar-

ket'])).fit().params.get('Excess_Market', np.nan) 

    if pd.isna(beta): 

        continue 

 

    mod_vals = {m: row.get(m, np.nan) for m in moderators.keys()} 

 

    for (a, b) in event_windows: 

        w = df[ 

            (df['ISIN'] == firm) & 

            (df['Date'] >= event_date + pd.Timedelta(days=a)) & 

            (df['Date'] <= event_date + pd.Timedelta(days=b)) 

        ] 

        if w.empty: 

            continue 

 

        expected = w['Risk-free Rate'] + beta * (w['SPSIHE'] - w['Risk-free Rate']) 

        car = float((w['Return'] - expected).sum()) 
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        rec = { 

            'ISIN': firm, 

            'EventDate': event_date, 

            'Year': year, 

            'Window': f'{a}_{b}', 

            'CAR': car 

        } 

        rec.update(mod_vals) 

        car_rows.append(rec) 

 

panel = pd.DataFrame(car_rows) 

if panel.empty: 

    raise ValueError("No valid CAR observations were created. Check estimation-window 

and event-window logic.") 

 

# ========================= 

# 5. HELPERS (STARS + DECIMAL COMMA FOR PRESENTATION SHEETS) 

# ========================= 

def stars(p): 

    if pd.isna(p): 

        return '' 

    return '***' if p < 0.01 else '**' if p < 0.05 else '*' if p < 0.10 else '' 

 

def fmt_comma(x, digits=6): 

    if pd.isna(x): 

        return '' 

    return f"{x:.{digits}f}".replace('.', ',') 

 

def fmt_comma_p(x): 

    if pd.isna(x): 

        return '' 

    return f"{x:.3f}".replace('.', ',') 

 

def make_presentation_sheet(df_in): 

    df_out = df_in.copy() 

    # format p-values 

    if 'p-value' in df_out.columns: 

        df_out['p-value'] = df_out['p-value'].apply(fmt_comma_p) 

 

    # format numeric columns 

    for c in ['Coefficient', 'Std. Err.', 'CI95 Low', 'CI95 High']: 

        if c in df_out.columns: 

            df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 6)) 

    for c in ['t-stat', 'Avg obs / year']: 

        if c in df_out.columns: 

            df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 3)) 

    for c in ['R-squared', 'Adj. R-squared']: 
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        if c in df_out.columns: 

            df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 4)) 

    return df_out 

 

# ========================= 

# 6. YEAR FE REGRESSIONS (COEFFICIENTS ONLY) 

#    CAR ~ Moderator + Year FE 

#    Implemented as: no intercept + full year dummies 

# ========================= 

results = [] 

 

for mod_col, mod_label in moderators.items(): 

    for win in window_order: 

        data = panel[(panel['Window'] == win) & panel[mod_col].notna()].copy() 

        if len(data) < 3: 

            continue 

 

        y = data['CAR'].astype(float).values 

 

        # year dummies (include all) + no intercept 

        D_year = pd.get_dummies(data['Year'], drop_first=False).astype(float) 

 

        X = pd.concat( 

            [data[[mod_col]].astype(float).reset_index(drop=True), 

             D_year.reset_index(drop=True)], 

            axis=1 

        ) 

 

        res = sm.OLS(y, X).fit(cov_type='HC1') 

 

        b  = float(res.params[mod_col]) 

        se = float(res.bse[mod_col]) 

        t  = float(res.tvalues[mod_col]) 

        p  = float(res.pvalues[mod_col]) 

        ci = res.conf_int().loc[mod_col] 

        lo, hi = float(ci.iloc[0]), float(ci.iloc[1]) 

 

        n_obs = int(len(data)) 

        n_years = int(D_year.shape[1]) 

        avg_obs_year = n_obs / n_years if n_years > 0 else np.nan 

 

        results.append({ 

            'Moderator': mod_label, 

            'Moderator_Column': mod_col, 

            'Window': win, 

            'Obs': n_obs, 

            'Years': n_years, 
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            'Avg obs / year': avg_obs_year, 

 

            'Coefficient': b, 

            'Std. Err.': se, 

            't-stat': t, 

            'p-value': p, 

            'CI95 Low': lo, 

            'CI95 High': hi, 

            'Coefficient (starred)': f"{fmt_comma(b, 6)}{stars(p)}", 

 

            'R-squared': float(res.rsquared), 

            'Adj. R-squared': float(res.rsquared_adj) 

        }) 

 

results_table = pd.DataFrame(results) 

if results_table.empty: 

    raise ValueError("No Year FE regressions were estimated. Check missing data and 

event construction.") 

 

# ordering 

results_table['Moderator'] = pd.Categorical(results_table['Moderator'], categories=mod-

erator_order, ordered=True) 

results_table['Window'] = pd.Categorical(results_table['Window'], categories=window_or-

der, ordered=True) 

results_table = results_table.sort_values(['Moderator', 'Window']).reset_in-

dex(drop=True) 

 

# significant coefficients only (10%) 

sig_table = results_table[results_table['p-value'] < 0.10].copy() 

 

# ========================= 

# 7. DISPLAY (DECIMAL COMMA) 

# ========================= 

display_cols = [ 

    'Moderator', 'Window', 'Obs', 'Years', 'Avg obs / year', 

    'Coefficient (starred)', 'p-value', 'CI95 Low', 'CI95 High', 

    'R-squared', 'Adj. R-squared' 

] 

display(HTML(make_presentation_sheet(results_table[display_cols]).to_html(index=False, 

escape=False))) 

 

print("\nNotes:") 

print("- Models include full calendar-year dummies and no intercept; SEs are HC1-ro-

bust.") 

print("- Reported estimates are moderator coefficients by event window. Stars: * p<0.10, 

** p<0.05, *** p<0.01.") 
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# ========================= 

# 8. SAVE TO EXCEL (NUMERIC + PRESENTATION WITH DECIMAL COMMA) 

# ========================= 

xlsx_path = '/content/Year_FE_Moderator_Coefficients.xlsx' 

 

with pd.ExcelWriter(xlsx_path, engine='openpyxl') as writer: 

    # numeric sheets 

    results_table.to_excel(writer, index=False, sheet_name='All_Results_Numeric') 

    sig_table.to_excel(writer, index=False, sheet_name='Sig_Coeff_Numeric') 

 

    # presentation sheets (decimal comma strings) 

    make_presentation_sheet(results_table).to_excel(writer, index=False, 

sheet_name='All_Results') 

    make_presentation_sheet(sig_table).to_excel(writer, index=False, sheet_name='Sig_Co-

efficients') 

 

    # per moderator (presentation) 

    for mod_label in moderator_order: 

        sheet = results_table[results_table['Moderator'] == mod_label].copy() 

        safe_name = mod_label.replace('&', 'and')[:31] 

        make_presentation_sheet(sheet).to_excel(writer, index=False, 

sheet_name=safe_name) 

 

print(f"Saved Excel: {xlsx_path}") 

 

8.2.9 Appendix 2.9: Two-way Fixed-effects Regression 

# ========================= 

# 1. LOAD DATA 

# ========================= 

file_path = '/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx' 

df = pd.read_excel(file_path, sheet_name='Sheet1') 

 

# ========================= 

# 2. PREPARE DATA 

# ========================= 

df['Date'] = pd.to_datetime(df['Date']) 

df = df.sort_values(['ISIN', 'Date']).copy() 

 

# Excess returns (decimals) 

df['Excess_Return'] = df['Return'] - df['Risk-free Rate'] 

df['Excess_Market'] = df['SPSIHE'] - df['Risk-free Rate'] 

 

assets = df['Total Assets'].replace(0, np.nan) 

 



Page | 115  

 

# Moderators (same naming as other scripts) 

df['RD_Intensity']     = df['R&D'] / assets 

df['CAPEX_Intensity']  = df['CAPEX'] / assets 

df['Size']             = np.log(assets) 

df['Leverage']         = df['Total Debt'] / assets 

df['ROA']              = df['Net Income'] / assets 

df['Asset_Turnover']   = df['Sales'] / assets 

 

for c in ['RD_Intensity', 'CAPEX_Intensity', 'Size', 'Leverage', 'ROA', 'Asset_Turno-

ver']: 

    df[c] = df[c].replace([np.inf, -np.inf], np.nan) 

 

# ========================= 

# 3. SETTINGS 

# ========================= 

event_windows = [(0, 0), (-1, 1), (-2, 2), (-3, 3), (-5, 5), (-10, 10)] 

window_order = [f"{a}_{b}" for a, b in event_windows] 

 

moderators = { 

    'RD_Intensity': 'R&D Intensity', 

    'CAPEX_Intensity': 'CAPEX Intensity', 

    'Size': 'Size', 

    'Leverage': 'Leverage', 

    'ROA': 'ROA', 

    'Asset_Turnover': 'Asset Turnover' 

} 

moderator_order = list(moderators.values()) 

 

approval_days = df[df['FDA_Approval'] == 1].copy() 

 

# ========================= 

# 4. BUILD EVENT-LEVEL CAR PANEL ONCE (WITH YEAR + ALL MODERATORS) 

# ========================= 

car_rows = [] 

 

for _, row in approval_days.iterrows(): 

    firm = row['ISIN'] 

    event_date = row['Date'] 

    event_year = int(event_date.year) 

 

    # 100-day estimation window 

    est = ( 

        df[(df['ISIN'] == firm) & (df['Date'] < event_date)] 

        .sort_values('Date') 

        .tail(100) 

    ) 

    if len(est) < 100: 
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        continue 

    if (est['FDA_Approval'] == 1).any(): 

        continue 

 

    # CAPM beta 

    beta = sm.OLS(est['Excess_Return'], sm.add_constant(est['Excess_Mar-

ket'])).fit().params.get('Excess_Market', np.nan) 

    if pd.isna(beta): 

        continue 

 

    # event-day moderator values from the approval-day row 

    mod_vals = {m: row.get(m, np.nan) for m in moderators.keys()} 

 

    # CAR per window 

    for (a, b) in event_windows: 

        w = df[ 

            (df['ISIN'] == firm) & 

            (df['Date'] >= event_date + pd.Timedelta(days=a)) & 

            (df['Date'] <= event_date + pd.Timedelta(days=b)) 

        ] 

        if w.empty: 

            continue 

 

        expected = w['Risk-free Rate'] + beta * (w['SPSIHE'] - w['Risk-free Rate']) 

        car = float((w['Return'] - expected).sum()) 

 

        rec = { 

            'ISIN': firm, 

            'EventDate': event_date, 

            'EventYear': event_year, 

            'Window': f'{a}_{b}', 

            'CAR': car 

        } 

        rec.update(mod_vals) 

        car_rows.append(rec) 

 

panel = pd.DataFrame(car_rows) 

if panel.empty: 

    raise ValueError("No valid CAR observations were created. Check estimation-window 

and event-window logic.") 

 

panel['EventDate'] = pd.to_datetime(panel['EventDate']) 

panel = panel.set_index(['ISIN', 'EventDate']).sort_index() 

 

# ========================= 

# 5. HELPERS (STARS + DECIMAL COMMA FOR PRESENTATION) 

# ========================= 



Page | 117  

 

def stars(p): 

    if pd.isna(p): 

        return '' 

    return '***' if p < 0.01 else '**' if p < 0.05 else '*' if p < 0.10 else '' 

 

def fmt_comma(x, digits=6): 

    if pd.isna(x): 

        return '' 

    return f"{x:.{digits}f}".replace('.', ',') 

 

def fmt_comma_p(x): 

    if pd.isna(x): 

        return '' 

    return f"{x:.3f}".replace('.', ',') 

 

def make_presentation_sheet(df_in): 

    df_out = df_in.copy() 

    if 'p-value' in df_out.columns: 

        df_out['p-value'] = df_out['p-value'].apply(fmt_comma_p) 

 

    for c in ['Coefficient', 'Std. Err.', 'CI95 Low', 'CI95 High']: 

        if c in df_out.columns: 

            df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 6)) 

    for c in ['t-stat', 'Avg obs / firm']: 

        if c in df_out.columns: 

            df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 3)) 

    for c in ['R-squared (Within)', 'R-squared (Between)', 'R-squared (Overall)']: 

        if c in df_out.columns: 

            df_out[c] = df_out[c].apply(lambda v: fmt_comma(v, 4)) 

    return df_out 

 

# ========================= 

# 6. RUN TWO-WAY FE FOR ALL MODERATORS 

#    CAR ~ 0 + Moderator + EntityEffects + C(EventYear) 

# ========================= 

results = [] 

 

for mod_col, mod_label in moderators.items(): 

    for win in window_order: 

        data = panel[panel['Window'] == win].dropna(subset=['CAR', mod_col]).copy() 

        if data.empty or len(data) < 3: 

            continue 

 

        # Two-way FE: firm FE + year FE 

        # 0 + ... makes the "no global intercept" intent explicit (consistent with other 

scripts) 

        res = PanelOLS.from_formula( 
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            f'CAR ~ 0 + {mod_col} + EntityEffects + C(EventYear)', 

            data=data 

        ).fit(cov_type='robust') 

 

        if mod_col not in res.params.index: 

            continue 

 

        b  = float(res.params[mod_col]) 

        se = float(res.std_errors[mod_col]) 

        t  = float(res.tstats[mod_col]) 

        p  = float(res.pvalues[mod_col]) 

        ci = res.conf_int().loc[mod_col] 

        lo, hi = float(ci.iloc[0]), float(ci.iloc[1]) 

 

        n_obs = int(len(data)) 

        n_firms = int(data.index.get_level_values(0).nunique()) 

        n_years = int(data['EventYear'].nunique()) 

        avg_obs_firm = n_obs / n_firms if n_firms > 0 else np.nan 

 

        results.append({ 

            'Moderator': mod_label, 

            'Moderator_Column': mod_col, 

            'Window': win, 

            'Obs': n_obs, 

            'Firms': n_firms, 

            'Years': n_years, 

            'Avg obs / firm': avg_obs_firm, 

 

            'Coefficient': b, 

            'Std. Err.': se, 

            't-stat': t, 

            'p-value': p, 

            'CI95 Low': lo, 

            'CI95 High': hi, 

            'Coefficient (starred)': f"{fmt_comma(b, 6)}{stars(p)}", 

 

            'R-squared (Within)': float(res.rsquared_within), 

            'R-squared (Between)': float(res.rsquared_between), 

            'R-squared (Overall)': float(res.rsquared_overall) 

        }) 

 

results_table = pd.DataFrame(results) 

if results_table.empty: 

    raise ValueError("No firm+year FE regressions were estimated. Check missing data and 

event construction.") 

 

# ordering 



Page | 119  

 

results_table['Moderator'] = pd.Categorical(results_table['Moderator'], categories=mod-

erator_order, ordered=True) 

results_table['Window'] = pd.Categorical(results_table['Window'], categories=window_or-

der, ordered=True) 

results_table = results_table.sort_values(['Moderator', 'Window']).reset_in-

dex(drop=True) 

 

# significant coefficients only (10%) 

sig_table = results_table[results_table['p-value'] < 0.10].copy() 

 

# ========================= 

# 7. DISPLAY (DECIMAL COMMA) 

# ========================= 

display_cols = [ 

    'Moderator', 'Window', 'Obs', 'Firms', 'Years', 'Avg obs / firm', 

    'Coefficient (starred)', 'p-value', 'CI95 Low', 'CI95 High', 

    'R-squared (Within)', 'R-squared (Between)', 'R-squared (Overall)' 

] 

display(HTML(make_presentation_sheet(results_table[display_cols]).to_html(index=False, 

escape=False))) 

 

print("\nNotes:") 

print("- Two-way FE models include firm fixed-effects (EntityEffects) and calendar-year 

fixed-effects (C(EventYear)).") 

print("- SEs are heteroskedasticity-robust (linearmodels: cov_type='robust').") 

print("- Stars: * p<0.10, ** p<0.05, *** p<0.01. Values are decimals (0,0123 = 1,23%).") 

 

# ========================= 

# 8. SAVE TO EXCEL (NUMERIC + PRESENTATION WITH DECIMAL COMMA) 

# ========================= 

xlsx_path = '/content/Firm_Year_FE_Moderator_Coefficients.xlsx' 

 

with pd.ExcelWriter(xlsx_path, engine='openpyxl') as writer: 

    # numeric sheets 

    results_table.to_excel(writer, index=False, sheet_name='All_Results_Numeric') 

    sig_table.to_excel(writer, index=False, sheet_name='Sig_Coeff_Numeric') 

 

    # presentation sheets (decimal comma) 

    make_presentation_sheet(results_table).to_excel(writer, index=False, 

sheet_name='All_Results') 

    make_presentation_sheet(sig_table).to_excel(writer, index=False, sheet_name='Sig_Co-

efficients') 

 

    # per moderator (presentation) 

    for mod_label in moderator_order: 

        sheet = results_table[results_table['Moderator'] == mod_label].copy() 

        safe_name = mod_label.replace('&', 'and')[:31] 
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        make_presentation_sheet(sheet).to_excel(writer, index=False, 

sheet_name=safe_name) 

 

print(f"Saved Excel: {xlsx_path}") 

 

8.2.10 Appendix 2.10: Random-effects Regression 

# Random-effects (RE) with Moderators, one model per window, one sheet per moderator 

 

# Load and prepare the data 

file_path = '/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx' 

df = pd.read_excel(file_path, sheet_name='Sheet1') 

 

df['Date'] = pd.to_datetime(df['Date']) 

df = df.sort_values(['ISIN','Date']) 

 

# Excess returns 

df['Excess_Return'] = df['Return'] - df['Risk-free Rate'] 

df['Excess_Market'] = df['SPSIHE'] - df['Risk-free Rate'] 

 

# Moderators (computed once here to avoid duplication) 

df['RD_Intensity']      = df['R&D']        / df['Total Assets'] 

df['CAPEX_Intensity']   = df['CAPEX']      / df['Total Assets'] 

df['Log_Assets']        = np.log(df['Total Assets']) 

df['Leverage']          = df['Total Debt'] / df['Total Assets'] 

df['ROA']               = df['Net Income'] / df['Total Assets'] 

df['Asset_Turnover']    = df['Sales']      / df['Total Assets'] 

 

# Keep the moderator column names and nice labels 

moderators = [ 

    ('RD_Intensity',     'RD_Intensity'), 

    ('CAPEX_Intensity',  'CAPEX_Intensity'), 

    ('Log_Assets',       'Log_Assets'), 

    ('Leverage',         'Leverage'), 

    ('ROA',              'ROA'), 

    ('Asset_Turnover',   'Asset_Turnover'), 

] 

 

# -------------------------- 

# Event windows and CARs 

# -------------------------- 

event_windows = [(0,0), (-1,1), (-2,2), (-3,3), (-5,5), (-10,10)] 

ordered_windows = [f'{a}_{b}' for (a,b) in event_windows] 

 

car_rows = [] 
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approval_days = df[df['FDA_Approval'] == 1] 

 

for _, row in approval_days.iterrows(): 

    firm = row['ISIN'] 

    event_date = row['Date'] 

 

    # 100-day estimation window before event (no approvals inside) 

    est = df[(df['ISIN']==firm) & (df['Date']<event_date)].sort_values('Date').tail(100) 

    if len(est) < 100 or (est['FDA_Approval']==1).any(): 

        continue 

 

    beta = sm.OLS(est['Excess_Return'], sm.add_constant(est['Excess_Mar-

ket'])).fit().params['Excess_Market'] 

 

    # Moderators at the event day 

    mod_row = df[(df['ISIN']==firm) & (df['Date']==event_date)] 

    if mod_row.empty: 

        continue 

 

    # Pull all moderator values once 

    mod_vals = { 

        'RD_Intensity'   : float(mod_row['RD_Intensity'].values[0])      if 

pd.notna(mod_row['RD_Intensity'].values[0]) else np.nan, 

        'CAPEX_Intensity': float(mod_row['CAPEX_Intensity'].values[0])   if 

pd.notna(mod_row['CAPEX_Intensity'].values[0]) else np.nan, 

        'Log_Assets'     : float(mod_row['Log_Assets'].values[0])        if 

pd.notna(mod_row['Log_Assets'].values[0]) else np.nan, 

        'Leverage'       : float(mod_row['Leverage'].values[0])          if 

pd.notna(mod_row['Leverage'].values[0]) else np.nan, 

        'ROA'            : float(mod_row['ROA'].values[0])               if 

pd.notna(mod_row['ROA'].values[0]) else np.nan, 

        'Asset_Turnover' : float(mod_row['Asset_Turnover'].values[0])    if 

pd.notna(mod_row['Asset_Turnover'].values[0]) else np.nan, 

    } 

 

    for (a,b) in event_windows: 

        w = df[(df['ISIN']==firm) & 

               (df['Date']>=event_date + pd.Timedelta(days=a)) & 

               (df['Date']<=event_date + pd.Timedelta(days=b))] 

        if w.empty: 

            continue 

 

        expected = w['Risk-free Rate'] + beta*(w['SPSIHE'] - w['Risk-free Rate']) 

        car = float((w['Return'] - expected).sum()) 

 

        row_dict = { 

            'ISIN': firm, 
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            'EventDate': event_date, 

            'Window': f'{a}_{b}', 

            'CAR': car, 

        } 

        row_dict.update(mod_vals) 

        car_rows.append(row_dict) 

 

# Panel DataFrame 

car_df = pd.DataFrame(car_rows) 

car_df['EventDate'] = pd.to_datetime(car_df['EventDate']) 

car_df = car_df.set_index(['ISIN','EventDate']) 

 

# -------------------------- 

# Helpers for formatting 

# -------------------------- 

def stars(p): 

    return '***' if p<0.01 else '**' if p<0.05 else '*' if p<0.10 else '' 

 

def nice_display(df_): 

    f6 = lambda x: "" if pd.isna(x) else f"{x:.6f}" 

    f4 = lambda x: "" if pd.isna(x) else f"{x:.4f}" 

    f3 = lambda x: "" if pd.isna(x) else f"{x:.3f}" 

    fmt = { 

        "Moderator (coef)": f6, "Standard Error": f6, "t-statistic": f3, "p-value": f3, 

        "CI95 Low": f6, "CI95 High": f6, "R-squared (Overall)": f4, 

        "Avg obs / firm": f3 

    } 

    display(HTML(df_.to_html(index=False, formatters=fmt, escape=False))) 

 

# -------------------------- 

# Run RE per moderator/window 

# -------------------------- 

all_tables = {}  # name -> DataFrame for Excel export 

 

for col, label in moderators: 

    rows = [] 

 

    for win in ordered_windows: 

        d = car_df[car_df['Window']==win][['CAR', col]].dropna().copy() 

        if d.empty: 

            continue 

 

        # Random-effects with the moderator; robust (heteroskedasticity-robust) SEs 

        res = RandomEffects.from_formula(f'CAR ~ {col}', data=d).fit(cov_type='robust') 

 

        coef_name = col if col in res.params.index else res.params.index[-1] 

        b  = float(res.params[coef_name]) 
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        se = float(res.std_errors[coef_name]) 

        t  = float(res.tstats[coef_name]) 

        p  = float(res.pvalues[coef_name]) 

        lo, hi = map(float, res.conf_int().loc[coef_name]) 

 

        # Counts 

        n_obs   = int(len(d)) 

        n_firms = int(d.index.get_level_values(0).nunique()) 

        avg_obs = n_obs / n_firms if n_firms > 0 else np.nan 

 

        # R-squared (overall) if exposed 

        try: 

            r2_overall = float(getattr(res, 'rsquared', np.nan)) 

        except Exception: 

            r2_overall = np.nan 

 

        rows.append({ 

            "Window": win, 

            "Obs": n_obs, 

            "Firms": n_firms, 

            "Avg obs / firm": avg_obs, 

            "Moderator (coef)": b, 

            "Standard Error": se, 

            "t-statistic": t, 

            "p-value": p, 

            "CI95 Low": lo, 

            "CI95 High": hi, 

            f"{label} (starred)": f"{b:.6f}{stars(p)}", 

            "R-squared (Overall)": r2_overall 

        }) 

 

    table = pd.DataFrame(rows, columns=[ 

        "Window","Obs","Firms","Avg obs / firm", 

        "Moderator (coef)","Standard Error","t-statistic","p-value", 

        "CI95 Low","CI95 High",f"{label} (starred)","R-squared (Overall)" 

    ]) 

    all_tables[label] = table 

 

    # Print nicely to the notebook 

    if not table.empty: 

        print(f"\n=== Random-effects (robust) | Moderator: {label} ===") 

        nice_display(table) 

        print("Notes: CAR ~ 1 + Moderator with entity Random-effects. Covariance: 'ro-

bust' (heteroskedasticity-robust).") 

    else: 

        print(f"\n=== Random-effects | Moderator: {label} ===\nNo valid rows for any 

window.") 
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# -------------------------- 

# Save ONE Excel with one sheet per moderator 

# -------------------------- 

xlsx_path = '/content/RE Moderators Summary.xlsx' 

with pd.ExcelWriter(xlsx_path, engine='openpyxl') as writer: 

    for label, tab in all_tables.items(): 

        # Excel sheet names must be <=31 chars; keep label short 

        sheet_name = label[:31] 

        tab.to_excel(writer, index=False, sheet_name=sheet_name) 

 

print(f"\nSaved Excel (one sheet per moderator): {xlsx_path}") 

 

 

8.2.11 Appendix 2.11: Hausman Test 

# ========================= 

# 1) Load dataset 

# ========================= 

file_path = "/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx" 

df = pd.read_excel(file_path, sheet_name="Sheet1") 

 

# ========================= 

# 2) Prepare data 

# ========================= 

df["Date"] = pd.to_datetime(df["Date"]) 

df = df.sort_values(["ISIN", "Date"]).copy() 

 

# Excess returns (CAPM-style) 

df["Excess_Return"] = df["Return"] - df["Risk-free Rate"] 

df["Excess_Market"] = df["SPSIHE"] - df["Risk-free Rate"] 

 

# ========================= 

# 3) Moderator construction 

#    (Adjust formulas here to match your thesis definitions if needed) 

# ========================= 

df["R&D_Intensity"]     = df["R&D"] / df["Total Assets"] 

df["Capex_Intensity"]   = df["CAPEX"] / df["Total Assets"] 

df["Log_Assets"]        = np.log(df["Total Assets"]) 

df["Leverage"]          = df["Total Debt"] / df["Total Assets"] 

df["ROA"]               = df["Net Income"] / df["Total Assets"]     # adjust if you use 

EBIT/Assets 

df["Asset_Turnover"]    = df["Sales"] / df["Total Assets"] 

 

moderators = [ 
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    "R&D_Intensity", 

    "Capex_Intensity", 

    "Log_Assets", 

    "Leverage", 

    "ROA", 

    "Asset_Turnover" 

] 

 

# ========================= 

# 4) Event windows & CAR construction 

# ========================= 

event_windows = [(0, 0), (-1, 1), (-2, 2), (-3, 3), (-5, 5), (-10, 10)] 

 

rows = [] 

approval_days = df[df["FDA_Approval"] == 1] 

 

for _, r in approval_days.iterrows(): 

    firm = r["ISIN"] 

    event_date = r["Date"] 

 

    # Estimation window: last 100 observations before event date for firm 

    est = ( 

        df[(df["ISIN"] == firm) & (df["Date"] < event_date)] 

        .sort_values("Date") 

        .tail(100) 

    ) 

 

    # Skip if not enough estimation obs OR if another approval occurs in estimation win-

dow 

    if len(est) < 100 or (est["FDA_Approval"] == 1).any(): 

        continue 

 

    # CAPM beta using excess market (SPSIHE - RF) 

    capm = sm.OLS(est["Excess_Return"], sm.add_constant(est["Excess_Market"])).fit() 

    if "Excess_Market" not in capm.params.index: 

        continue 

    beta = float(capm.params["Excess_Market"]) 

 

    # Moderator values at the event date (grab once) 

    ev_row = df[(df["ISIN"] == firm) & (df["Date"] == event_date)] 

    if ev_row.empty: 

        continue 

 

    # Build CAR for each window 

    for (a, b) in event_windows: 

        w = df[ 

            (df["ISIN"] == firm) 
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            & (df["Date"] >= event_date + pd.Timedelta(days=a)) 

            & (df["Date"] <= event_date + pd.Timedelta(days=b)) 

        ] 

        if w.empty: 

            continue 

 

        expected = w["Risk-free Rate"] + beta * (w["SPSIHE"] - w["Risk-free Rate"]) 

        car = float((w["Return"] - expected).sum()) 

 

        row = { 

            "ISIN": firm, 

            "EventDate": event_date, 

            "Window": f"{a}_{b}", 

            "CAR": car, 

        } 

 

        # Attach all moderator values (may include NaNs; we drop per moderator later) 

        for m in moderators: 

            row[m] = float(ev_row[m].values[0]) if pd.notna(ev_row[m].values[0]) else 

np.nan 

 

        rows.append(row) 

 

car_df = pd.DataFrame(rows) 

if car_df.empty: 

    raise ValueError("No CAR observations built; check filters/windows.") 

 

# ========================= 

# 5) Hausman test helper (scalar test for one coefficient at a time) 

# ========================= 

def hausman_scalar(b_fe, v_fe, b_re, v_re): 

    diff = b_fe - b_re 

    V = v_fe - v_re 

    # Classic Hausman requires V > 0 (variance difference) 

    if (not np.isfinite(V)) or (V <= 0): 

        return np.nan, np.nan 

    stat = (diff ** 2) / V 

    pval = 1 - chi2.cdf(stat, df=1) 

    return float(stat), float(pval) 

 

# ========================= 

# 6) Run FE vs RE + Hausman for all moderators and windows 

# ========================= 

out = [] 

 

for m in moderators: 

    for (a, b) in event_windows: 
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        win = f"{a}_{b}" 

        w = car_df[car_df["Window"] == win].dropna(subset=["CAR", m]).copy() 

        if w.empty: 

            out.append({ 

                "Moderator": m, 

                "Window": win, 

                "Obs": 0, 

                "Firms": 0, 

                "β_FE": np.nan, "SE_FE": np.nan, 

                "β_RE": np.nan, "SE_RE": np.nan, 

                "Hausman χ²(1)": np.nan, "p-value": np.nan, 

                "Decision": "No data" 

            }) 

            continue 

 

        w = w.set_index(["ISIN", "EventDate"]) 

        X = sm.add_constant(w[[m]]) 

        y = w["CAR"] 

 

        # Use unadjusted cov for classic Hausman 

        fe = PanelOLS(y, X, entity_effects=True).fit(cov_type="unadjusted") 

        re = RandomEffects(y, X).fit(cov_type="unadjusted") 

 

        firms_n = int(w.index.get_level_values(0).nunique()) 

        obs_n = int(len(w)) 

 

        # If FE drops the regressor due to no within variation, record and continue 

        if (m not in fe.params.index) or (m not in re.params.index): 

            out.append({ 

                "Moderator": m, 

                "Window": win, 

                "Obs": obs_n, 

                "Firms": firms_n, 

                "β_FE": np.nan, "SE_FE": np.nan, 

                "β_RE": np.nan, "SE_RE": np.nan, 

                "Hausman χ²(1)": np.nan, "p-value": np.nan, 

                "Decision": "No within-firm variation (FE dropped regressor)" 

            }) 

            continue 

 

        b_fe = float(fe.params[m]) 

        v_fe = float(fe.cov.loc[m, m]) 

        b_re = float(re.params[m]) 

        v_re = float(re.cov.loc[m, m]) 

 

        stat, pval = hausman_scalar(b_fe, v_fe, b_re, v_re) 
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        if np.isnan(pval): 

            decision = "Indeterminate (v_FE - v_RE ≤ 0)" 

        elif pval < 0.05: 

            decision = "Prefer FE" 

        else: 

            decision = "RE OK" 

 

        out.append({ 

            "Moderator": m, 

            "Window": win, 

            "Obs": obs_n, 

            "Firms": firms_n, 

            "β_FE": b_fe, 

            "SE_FE": float(np.sqrt(v_fe)) if np.isfinite(v_fe) and v_fe >= 0 else 

np.nan, 

            "β_RE": b_re, 

            "SE_RE": float(np.sqrt(v_re)) if np.isfinite(v_re) and v_re >= 0 else 

np.nan, 

            "Hausman χ²(1)": stat, 

            "p-value": pval, 

            "Decision": decision 

        }) 

 

hausman_all = pd.DataFrame(out) 

 

# ========================= 

# 7) Export to Excel (no PNG) 

# ========================= 

xlsx_path = "/content/Hausman_AllModerators_ByWindow.xlsx" 

 

# Safe sheet names (Excel: max 31 chars, no []:*?/\\) 

def safe_sheet(name: str) -> str: 

    name = name.replace("&", "and").replace("/", "_").replace("\\", "_") 

    name = name.replace(":", "_").replace("*", "_").replace("?", "_") 

    name = name.replace("[", "(").replace("]", ")") 

    return name[:31] 

 

with pd.ExcelWriter(xlsx_path, engine="openpyxl") as writer: 

    # Long-format table 

    hausman_all.to_excel(writer, index=False, sheet_name="Hausman_All") 

 

    # One sheet per moderator (handy for thesis tables) 

    for m in moderators: 

        sheet = safe_sheet(m) 

        sub = hausman_all[hausman_all["Moderator"] == m].copy() 

        sub.to_excel(writer, index=False, sheet_name=sheet) 

 



Page | 129  

 

print(f"Saved Excel: {xlsx_path}") 

 

 

8.2.12 Appendix 2.12: Breusch-Pagan & White Test 

from statsmodels.stats.diagnostic import het_breuschpagan, het_white 

 

# -------- 1) Load & prepare ---------- 

file_path = '/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx' 

df = pd.read_excel(file_path, sheet_name='Sheet1').copy() 

 

df['Date'] = pd.to_datetime(df['Date']) 

df = df.sort_values(['ISIN', 'Date']) 

 

# Excess returns (decimals) 

df['Excess_Return'] = df['Return'] - df['Risk-free Rate'] 

df['Excess_Market'] = df['SPSIHE'] - df['Risk-free Rate'] 

 

# Moderators 

df['RD_Intensity']     = df['R&D']        / df['Total Assets'] 

df['CAPEX_Intensity']  = df['CAPEX']      / df['Total Assets'] 

df['Log_Assets']       = np.log(df['Total Assets']) 

df['Leverage']         = df['Total Debt'] / df['Total Assets'] 

df['ROA']              = df['Net Income'] / df['Total Assets'] 

df['Asset_Turnover']   = df['Sales']      / df['Total Assets'] 

 

# -------- 2) Build CARs for event windows ---------- 

event_windows = [(0,0), (-2,2), (-1,1), (-3,3), (-5,5), (-10,10)] 

car_rows = [] 

approval_days = df[df['FDA_Approval'] == 1] 

 

for _, row in approval_days.iterrows(): 

    firm, event_date = row['ISIN'], row['Date'] 

 

    est = ( 

        df[(df['ISIN'] == firm) & (df['Date'] < event_date)] 

        .sort_values('Date') 

        .tail(100) 

    ) 

 

    # Skip if insufficient estimation window or another approval in est window 

    if len(est) < 100 or (est['FDA_Approval'] == 1).any(): 

        continue 
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    capm_fit = sm.OLS(est['Excess_Return'], sm.add_constant(est['Excess_Market'])).fit() 

    if 'Excess_Market' not in capm_fit.params.index: 

        continue 

    beta = float(capm_fit.params['Excess_Market']) 

 

    # Moderator values on the event day 

    mod_row = df[(df['ISIN'] == firm) & (df['Date'] == event_date)].iloc[:1] 

    if mod_row.empty: 

        continue 

 

    for (a, b) in event_windows: 

        w = df[ 

            (df['ISIN'] == firm) & 

            (df['Date'] >= event_date + pd.Timedelta(days=a)) & 

            (df['Date'] <= event_date + pd.Timedelta(days=b)) 

        ] 

        if w.empty: 

            continue 

 

        expected = w['Risk-free Rate'] + beta * (w['SPSIHE'] - w['Risk-free Rate']) 

        car = float((w['Return'] - expected).sum()) 

 

        car_rows.append({ 

            'ISIN': firm, 

            'EventDate': event_date, 

            'Window': f'{a}_{b}', 

            'CAR': car, 

            'RD_Intensity':    mod_row['RD_Intensity'].values[0], 

            'CAPEX_Intensity': mod_row['CAPEX_Intensity'].values[0], 

            'Log_Assets':      mod_row['Log_Assets'].values[0], 

            'Leverage':        mod_row['Leverage'].values[0], 

            'ROA':             mod_row['ROA'].values[0], 

            'Asset_Turnover':  mod_row['Asset_Turnover'].values[0], 

        }) 

 

car_df = pd.DataFrame(car_rows) 

if not car_df.empty: 

    car_df['EventDate'] = pd.to_datetime(car_df['EventDate']) 

 

# -------- 3) Run heteroskedasticity tests per window & moderator ---------- 

def stars(p): 

    if pd.isna(p): 

        return '' 

    return '***' if p < 0.01 else '**' if p < 0.05 else '*' if p < 0.10 else '' 

 

moderators = ['RD_Intensity', 'CAPEX_Intensity', 'Log_Assets', 'Leverage', 'ROA', 'As-

set_Turnover'] 
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results = [] 

 

if car_df.empty: 

    print("No CAR observations built; check filters/windows.") 

else: 

    windows_present = [f'{a}_{b}' for (a, b) in event_windows if f'{a}_{b}' in 

car_df['Window'].unique()] 

 

    for win in windows_present: 

        sub = car_df[car_df['Window'] == win].copy() 

 

        for m in moderators: 

            d = sub[['CAR', m]].dropna() 

 

            # Need enough observations + variation 

            if len(d) < 20 or d[m].nunique() < 2: 

                continue 

 

            y = d['CAR'].values 

            X = sm.add_constant(d[m].values) 

            ols = sm.OLS(y, X).fit() 

 

            # Breusch–Pagan (LM and F) 

            lm, lm_p, fval, f_p = het_breuschpagan(ols.resid, ols.model.exog) 

            # White (LM and F) 

            w_lm, w_lm_p, w_f, w_f_p = het_white(ols.resid, ols.model.exog) 

 

            results.append({ 

                'Window': win, 

                'Moderator': m, 

                'N': int(len(d)), 

                'BP_LM': float(lm), 

                'BP_LM_p': float(lm_p), 

                'BP_F': float(fval), 

                'BP_F_p': float(f_p), 

                'White_LM': float(w_lm), 

                'White_LM_p': float(w_lm_p), 

                'White_F': float(w_f), 

                'White_F_p': float(w_f_p) 

            }) 

 

res_df = pd.DataFrame(results) 

 

# -------- 4) Sort + create formatted view ---------- 

if res_df.empty: 

    print("No tests ran (insufficient data/variation).") 

else: 
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    order_map = {m: i for i, m in enumerate(moderators)} 

    res_df['mod_order'] = res_df['Moderator'].map(order_map).fillna(999) 

    res_df = res_df.sort_values(['Window', 'mod_order']).drop(columns='mod_order') 

 

    fmt_df = res_df.copy() 

    for c in ['BP_LM_p', 'BP_F_p', 'White_LM_p', 'White_F_p']: 

        fmt_df[c] = fmt_df[c].map(lambda p: "" if pd.isna(p) else f"{p:.3f}{stars(p)}") 

 

# -------- 5) Export to Excel ---------- 

out_path = '/content/BreuschPagan_White_Tests_ByWindow.xlsx' 

 

with pd.ExcelWriter(out_path, engine='openpyxl') as writer: 

    # Always write something, even if empty 

    res_df.to_excel(writer, index=False, sheet_name='BP_White_raw') 

    if not res_df.empty: 

        fmt_df.to_excel(writer, index=False, sheet_name='BP_White_fmt') 

 

print(f"Saved Excel: {out_path}") 

 

# Optional: print short notes in console 

print("\nNotes:") 

print("• Null hypothesis (BP/White): homoskedasticity. Small p-values → evidence of het-

eroskedasticity.") 

print("• Stars: * p<0.10, ** p<0.05, *** p<0.01.") 

print("• Tests are run on pooled OLS per window: CAR ~ 1 + moderator.") 

 

8.2.13 Appendix 2.13: Event Overlap & Spacing Diagnostics 

# --- Load dataset --- 

file_path = '/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx' 

df = pd.read_excel(file_path, sheet_name='Sheet1') 

 

# --- Prepare --- 

df['Date'] = pd.to_datetime(df['Date']) 

df = df.sort_values(['ISIN','Date']) 

df['Excess_Return'] = df['Return'] - df['Risk-free Rate'] 

df['Excess_Market'] = df['SPSIHE'] - df['Risk-free Rate'] 

 

# --- Event windows list --- 

event_windows = [(0,0), (-2,2), (-1,1), (-3,3), (-5,5), (-10,10)] 

 

# --- Build retained event list (same filters you use for CARs) --- 

kept = [] 

approval_days = df[df['FDA_Approval'] == 1].copy() 
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for _, row in approval_days.iterrows(): 

    firm = row['ISIN'] 

    event_date = row['Date'] 

 

    est = df[(df['ISIN']==firm) & (df['Date']<event_date)].sort_values('Date').tail(100) 

    if len(est) < 100: 

        continue 

    if (est['FDA_Approval'] == 1).any(): 

        continue 

 

    kept.append({'ISIN': firm, 'EventDate': event_date}) 

 

events = pd.DataFrame(kept).drop_duplicates() 

events['EventDate'] = pd.to_datetime(events['EventDate']) 

 

if len(events) == 0: 

    raise RuntimeError("No retained events after filters; cannot run overlap/spacing di-

agnostics.") 

 

# --- Within-firm spacing (independent of window) --- 

events = events.sort_values(['ISIN','EventDate']).reset_index(drop=True) 

events['prev_gap'] = events.groupby('ISIN')['EventDate'].diff().dt.days 

events['next_gap'] = events.groupby('ISIN')['EventDate'].diff(-1).abs().dt.days 

events['min_gap']  = events[['prev_gap','next_gap']].min(axis=1) 

 

# --- Same-day clusters (independent of window) --- 

date_counts = events.groupby('EventDate').size().rename('cluster_size') 

events = events.merge(date_counts, on='EventDate', how='left') 

same_day_share = (events['cluster_size'] > 1).mean() 

 

# --- Helper to compute overlap stats for a specific window --- 

def overlap_stats_for_window(ev_df, win): 

    a, b = win 

 

    tmp = ev_df[['ISIN','EventDate','min_gap','cluster_size']].copy() 

    tmp['start'] = tmp['EventDate'] + pd.to_timedelta(a, unit='D') 

    tmp['end']   = tmp['EventDate'] + pd.to_timedelta(b, unit='D') 

    tmp['win_len_days'] = (tmp['end'] - tmp['start']).dt.days + 1 

 

    # Cross-join (n ~ 214 so O(n^2) is fine) 

    left  = tmp.rename(columns={'ISIN':'ISIN_L','EventDate':'EventDate_L', 

                                'start':'start_L','end':'end_L','min_gap':'min_gap_L', 

                                'cluster_size':'cluster_L'}) 

    right = tmp.rename(columns={'ISIN':'ISIN_R','EventDate':'EventDate_R', 

                                'start':'start_R','end':'end_R','min_gap':'min_gap_R', 

                                'cluster_size':'cluster_R'}) 
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    left['key'] = 1 

    right['key'] = 1 

    pairs = left.merge(right, on='key', how='inner') 

 

    # Remove self-pair 

    pairs = pairs[~((pairs['ISIN_L']==pairs['ISIN_R']) & (pairs['Event-

Date_L']==pairs['EventDate_R']))] 

 

    # Overlap condition: intervals intersect 

    overlaps = (pairs['start_L'] <= pairs['end_R']) & (pairs['start_R'] <= 

pairs['end_L']) 

    pairs = pairs[overlaps] 

 

    # Count overlaps per event 

    over_ct = pairs.groupby(['ISIN_L','EventDate_L']).size().rename('overlaps_all') 

    over_ct_firm = ( 

        pairs.loc[pairs['ISIN_L']==pairs['ISIN_R']] 

        .groupby(['ISIN_L','EventDate_L']).size() 

        .rename('overlaps_withinfirm') 

    ) 

 

    out = left[['ISIN_L','EventDate_L','min_gap_L','cluster_L','win_len_days']].drop_du-

plicates() 

    out = out.merge(over_ct, left_on=['ISIN_L','EventDate_L'], right_index=True, 

how='left') 

    out = out.merge(over_ct_firm, left_on=['ISIN_L','EventDate_L'], right_index=True, 

how='left') 

 

    out['overlaps_all'] = out['overlaps_all'].fillna(0).astype(int) 

    out['overlaps_withinfirm'] = out['overlaps_withinfirm'].fillna(0).astype(int) 

 

    n = len(out) 

    share_any_overlap    = (out['overlaps_all']>0).mean() 

    mean_overlaps        = out['overlaps_all'].mean() 

    max_overlaps         = out['overlaps_all'].max() 

    share_within_overlap = (out['overlaps_withinfirm']>0).mean() 

    total_win_len        = int(out['win_len_days'].iloc[0]) 

 

    mg = out['min_gap_L'].dropna() 

    med_gap = float(mg.median()) if len(mg)>0 else np.nan 

    p25_gap = float(mg.quantile(0.25)) if len(mg)>0 else np.nan 

    share_gap_lt_win = float((mg < total_win_len).mean()) if len(mg)>0 else np.nan 

    share_gap_lt_30  = float((mg < 30).mean()) if len(mg)>0 else np.nan 

    share_gap_lt_60  = float((mg < 60).mean()) if len(mg)>0 else np.nan 

    share_gap_lt_90  = float((mg < 90).mean()) if len(mg)>0 else np.nan 

 

    return { 
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        'Window': f'{a}_{b}', 

        'N events': int(n), 

        'Window length (days)': int(total_win_len), 

        'Share any overlap': share_any_overlap, 

        'Mean overlaps / event': mean_overlaps, 

        'Max overlaps (any firm)': int(max_overlaps), 

        'Share overlap within firm': share_within_overlap, 

        'Median within-firm gap (days)': med_gap, 

        'P25 within-firm gap (days)': p25_gap, 

        'Share gap < window': share_gap_lt_win, 

        'Share gap < 30d': share_gap_lt_30, 

        'Share gap < 60d': share_gap_lt_60, 

        'Share gap < 90d': share_gap_lt_90, 

        'Same-day cluster share (all events)': float(same_day_share) 

    } 

 

# --- Build table across windows --- 

diag = pd.DataFrame([overlap_stats_for_window(events, win) for win in event_windows]) 

 

# --- Export to Excel --- 

out_path = '/content/EventOverlap_Spacing_Diagnostics.xlsx' 

with pd.ExcelWriter(out_path, engine='openpyxl') as writer: 

    diag.to_excel(writer, index=False, sheet_name='Overlap_Spacing') 

    # Optional: also export the retained event list for transparency 

    events.to_excel(writer, index=False, sheet_name='Retained_Events') 

 

print(f"Saved Excel: {out_path}") 

 

# --- Optional: display nicely in notebook --- 

if not diag.empty: 

    f3 = lambda x: "" if pd.isna(x) else f"{x:.3f}" 

    f0 = lambda x: "" if pd.isna(x) else f"{int(x)}" 

    fmt = { 

        'N events': f0, 

        'Window length (days)': f0, 

        'Share any overlap': f3, 

        'Mean overlaps / event': f3, 

        'Max overlaps (any firm)': f0, 

        'Share overlap within firm': f3, 

        'Median within-firm gap (days)': f0, 

        'P25 within-firm gap (days)': f0, 

        'Share gap < window': f3, 

        'Share gap < 30d': f3, 

        'Share gap < 60d': f3, 

        'Share gap < 90d': f3, 

        'Same-day cluster share (all events)': f3 

    } 
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    display(HTML(diag.to_html(index=False, formatters=fmt))) 

 

8.2.14 Appendix 2.14: Pre-Trend & Placebo Diagnostics 

# ========= Event-study FE (HC1) with PRE-TREND + PLACEBO summary table (Appendix-ready) 

========= 

# - τ is measured in TRADING DAYS (per firm) 

# - Placebo shifts event timing by trading days 

# - Exports: (i) tau-coefficient sheets (Actual/Placebo per K) 

#            (ii) an Appendix-ready ONE-PAGE summary table of joint pretrend tests 

across windows 

# 

========================================================================================

======= 

 

import numpy as np 

import pandas as pd 

import statsmodels.api as sm 

 

# ---------------- Config ---------------- 

file_path = '/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx' 

SHEET_NAME = 'Sheet1' 

 

EVENT_WINDOWS = [(0,0), (-1,1), (-2,2), (-3,3), (-5,5), (-10,10)] 

BASE_DAY = -1                 # base τ (reference); used only if inside the window 

PLACEBO_SHIFT_TDAYS = 90      # placebo shift IN TRADING DAYS 

excel_out = '/content/EventStudy_FE_HC1_TradingDays_WITH_APPENDIX.xlsx' 

 

# ---------------- Helpers ---------------- 

def clean_sheet_name(s: str) -> str: 

    bad = '[]:*?/\\' 

    for ch in bad: 

        s = s.replace(ch, '_') 

    return s[:31] 

 

def stars(p): 

    if p is None or (isinstance(p, float) and np.isnan(p)): 

        return '' 

    return '***' if p < 0.01 else ('**' if p < 0.05 else ('*' if p < 0.10 else '')) 

 

def fmt_p(p): 

    if p is None or (isinstance(p, float) and np.isnan(p)): 

        return '' 

    return f"{p:.3f}{stars(p)}" 
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def fmt_num(x, d=3): 

    if x is None or (isinstance(x, float) and np.isnan(x)): 

        return '' 

    return f"{x:.{d}f}" 

 

# ------------- Load & prepare ------------- 

df = pd.read_excel(file_path, sheet_name=SHEET_NAME).copy() 

df['Date'] = pd.to_datetime(df['Date']) 

df = df.sort_values(['ISIN','Date']).reset_index(drop=True) 

 

# Excess returns (decimals) 

df['Excess_Return'] = df['Return'] - df['Risk-free Rate'] 

df['Excess_Market'] = df['SPSIHE'] - df['Risk-free Rate'] 

 

# Event list (unique firm-date approvals) 

approvals = df.loc[df['FDA_Approval']==1, ['ISIN','Date']].drop_duplicates().reset_in-

dex(drop=True) 

 

def capm_beta_before_event(sub, event_date_actual): 

    """Beta from last 100 trading observations strictly before ACTUAL event date; skip 

if FDA event in est window.""" 

    sub = sub.sort_values('Date') 

    est = sub.loc[sub['Date'] < event_date_actual].tail(100) 

    if len(est) < 100: 

        return None 

    if (est['FDA_Approval'] == 1).any(): 

        return None 

    X = sm.add_constant(est['Excess_Market']) 

    y = est['Excess_Return'] 

    try: 

        fit = sm.OLS(y, X).fit() 

        return float(fit.params['Excess_Market']) 

    except Exception: 

        return None 

 

def build_event_panel_trading(K, shift_tdays=0): 

    """ 

    Build AR_{i,tau} panel using TRADING-DAY offsets per firm. 

    shift_tdays shifts the event index forward by that many trading days (placebo tim-

ing). 

    """ 

    rows = [] 

    by_firm = {k: g.sort_values('Date').reset_index(drop=True) for k, g in 

df.groupby('ISIN')} 

 

    for _, ev in approvals.iterrows(): 

        firm = ev['ISIN'] 
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        event_date_actual = ev['Date'] 

 

        sub = by_firm.get(firm) 

        if sub is None or sub.empty: 

            continue 

 

        idx_list = sub.index[sub['Date'] == event_date_actual].tolist() 

        if not idx_list: 

            continue 

        idx_event = idx_list[0] 

 

        idx0 = idx_event + shift_tdays 

        if idx0 - K < 0 or idx0 + K >= len(sub): 

            continue 

 

        beta = capm_beta_before_event(sub, event_date_actual) 

        if beta is None: 

            continue 

 

        for tau in range(-K, K+1): 

            obs = sub.iloc[idx0 + tau] 

            rf = float(obs['Risk-free Rate']) 

            rm = float(obs['SPSIHE']) 

            exp = rf + beta * (rm - rf) 

            ar  = float(obs['Return'] - exp) 

 

            rows.append({ 

                'ISIN': firm, 

                'ObsTime': pd.Timestamp(obs['Date']), 

                'Tau': int(tau), 

                'AR': ar, 

                'EventDate': pd.Timestamp(event_date_actual)  # keep actual event iden-

tifier 

            }) 

 

    return pd.DataFrame(rows) 

 

def event_study_fe_LSDV(panel_df, base_day=None, add_base_row=True): 

    """ 

    Firm FE via LSDV (firm dummies) + tau dummies, HC1 SEs. 

    Drops base_day dummy if base_day is present. 

    Returns (tau_table, joint_pretrend_dict). 

    """ 

    if panel_df.empty: 

        return None, None 

 

    taus = sorted(panel_df['Tau'].unique().tolist()) 
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    has_base = (base_day is not None and base_day in taus) 

 

    T = pd.get_dummies(panel_df['Tau'].astype(int), prefix='tau', dtype=float) 

    if has_base: 

        T = T.drop(columns=[f'tau_{base_day}'], errors='ignore') 

 

    F = pd.get_dummies(panel_df['ISIN'], prefix='f', drop_first=True, dtype=float) 

 

    X = pd.concat([T, F], axis=1) 

    if X.shape[1] == 0: 

        return None, None 

 

    y = panel_df['AR'].astype(float).values 

    model = sm.OLS(y, X).fit(cov_type='HC1') 

 

    out = [] 

    for tau in taus: 

        if has_base and tau == base_day: 

            continue 

        col = f'tau_{tau}' 

        if col not in model.params.index: 

            continue 

        b  = float(model.params[col]) 

        se = float(model.bse[col]) 

        t  = float(model.tvalues[col]) 

        p  = float(model.pvalues[col]) 

        ci_low, ci_high = model.conf_int().loc[col].tolist() 

        out.append({ 

            'tau': int(tau), 

            'Coef': b, 

            'StdErr': se, 

            't': t, 

            'p': p, 

            'CI95 Low': float(ci_low), 

            'CI95 High': float(ci_high), 

            'Coef (starred)': f"{b:.6f}{stars(p)}" 

        }) 

 

    if not out: 

        return None, None 

 

    tab = pd.DataFrame(out).sort_values('tau').reset_index(drop=True) 

 

    # Optional: include baseline row for readability (does not affect estimation) 

    if add_base_row and has_base: 

        base_row = pd.DataFrame([{ 

            'tau': int(base_day), 
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            'Coef': 0.0, 

            'StdErr': np.nan, 

            't': np.nan, 

            'p': np.nan, 

            'CI95 Low': np.nan, 

            'CI95 High': np.nan, 

            'Coef (starred)': '0 (base)' 

        }]) 

        tab = pd.concat([base_row, tab], ignore_index=True).sort_values('tau').reset_in-

dex(drop=True) 

 

    # Joint pre-trend test: all tau < 0 (relative to base day if included) 

    joint = None 

    if has_base: 

        pre_cols = [f'tau_{t}' for t in taus if t < 0 and f'tau_{t}' in model.params.in-

dex] 

        if len(pre_cols) >= 1: 

            pnames = list(model.params.index) 

            R = np.zeros((len(pre_cols), len(pnames))) 

            for i, c in enumerate(pre_cols): 

                R[i, pnames.index(c)] = 1.0 

            ftest = model.f_test(R) 

            joint = { 

                'k_pre': int(len(pre_cols)), 

                'df_num': int(ftest.df_num), 

                'df_denom': int(ftest.df_denom), 

                'F': float(np.asarray(ftest.fvalue).ravel()[0]), 

                'p': float(np.asarray(ftest.pvalue).ravel()[0]), 

            } 

 

    return tab, joint 

 

# ---------------- Run & Save ---------------- 

raw_index = [] 

appendix_rows = [] 

sheets_written = 0 

 

with pd.ExcelWriter(excel_out, engine='openpyxl') as writer: 

    # Info sheet 

    info = pd.DataFrame({ 

        'Setting': ['Base day (reference)', 'Placebo shift (trading days)', 'Windows'], 

        'Value': [BASE_DAY, PLACEBO_SHIFT_TDAYS, str(EVENT_WINDOWS)] 

    }) 

    info.to_excel(writer, index=False, sheet_name='Info') 

    sheets_written += 1 

 

    # Run each symmetric K 
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    for (a,b) in EVENT_WINDOWS: 

        K = int(max(abs(a), abs(b))) 

        base = BASE_DAY if (-K <= BASE_DAY <= K) else None 

        win_label = f"[-{K},+{K}]" 

 

        # ---- Actual ---- 

        panel_a = build_event_panel_trading(K, shift_tdays=0) 

        tab_a, joint_a = event_study_fe_LSDV(panel_a, base_day=base, add_base_row=True) 

 

        if tab_a is not None and not tab_a.empty: 

            tab_a.to_excel(writer, index=False, sheet_name=clean_sheet_name(f"Ac-

tual_m{K}_p{K}")) 

            sheets_written += 1 

 

        # ---- Placebo ---- 

        panel_p = build_event_panel_trading(K, shift_tdays=PLACEBO_SHIFT_TDAYS) 

        tab_p, joint_p = event_study_fe_LSDV(panel_p, base_day=base, add_base_row=True) 

 

        if tab_p is not None and not tab_p.empty: 

            tab_p.to_excel(writer, index=False, sheet_name=clean_sheet_name(f"Pla-

cebo+{PLACEBO_SHIFT_TDAYS}_m{K}_p{K}")) 

            sheets_written += 1 

 

        # counts (unique events/firms) for each panel 

        def panel_counts(panel): 

            if panel is None or panel.empty: 

                return (0, 0, 0) 

            n_events = int(panel[['ISIN','EventDate']].drop_duplicates().shape[0]) 

            n_firms  = int(panel['ISIN'].nunique()) 

            n_rows   = int(len(panel)) 

            return (n_events, n_firms, n_rows) 

 

        a_events, a_firms, a_rows = panel_counts(panel_a) 

        p_events, p_firms, p_rows = panel_counts(panel_p) 

 

        # raw index (machine-friendly) 

        raw_index.append({ 

            'Window': win_label, 'K': K, 

            'Actual events': a_events, 'Actual firms': a_firms, 'Actual AR rows': 

a_rows, 

            'Actual pretrend F': None if joint_a is None else joint_a['F'], 

            'Actual pretrend p': None if joint_a is None else joint_a['p'], 

            'Placebo events': p_events, 'Placebo firms': p_firms, 'Placebo AR rows': 

p_rows, 

            'Placebo pretrend F': None if joint_p is None else joint_p['F'], 

            'Placebo pretrend p': None if joint_p is None else joint_p['p'], 

        }) 
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        # appendix-friendly row (formatted) 

        appendix_rows.append({ 

            'Window (trading days)': win_label, 

            'N events (Actual)': a_events, 

            'N firms (Actual)': a_firms, 

            'Pretrend F (Actual)': '' if joint_a is None else fmt_num(joint_a['F'], 

d=3), 

            'Pretrend p (Actual)': '' if joint_a is None else fmt_p(joint_a['p']), 

            'Reject pretrend (Actual, 5%)': '' if joint_a is None else ('Yes' if 

joint_a['p'] < 0.05 else 'No'), 

            'N events (Placebo)': p_events, 

            'N firms (Placebo)': p_firms, 

            'Pretrend F (Placebo)': '' if joint_p is None else fmt_num(joint_p['F'], 

d=3), 

            'Pretrend p (Placebo)': '' if joint_p is None else fmt_p(joint_p['p']), 

            'Reject pretrend (Placebo, 5%)': '' if joint_p is None else ('Yes' if 

joint_p['p'] < 0.05 else 'No'), 

        }) 

 

    # Write raw + appendix summary sheets 

    idx_raw = pd.DataFrame(raw_index).sort_values('K') 

    idx_raw.to_excel(writer, index=False, sheet_name='Index_raw') 

    sheets_written += 1 

 

    idx_app = pd.DataFrame(appendix_rows) 

    # sort by K extracted from window label 

    idx_app['__K'] = idx_app['Window (trading days)'].str.extract(r'\[-

(\d+),\+').astype(int) 

    idx_app = idx_app.sort_values('__K').drop(columns='__K') 

    idx_app.to_excel(writer, index=False, sheet_name='Appendix_JointTests') 

    sheets_written += 1 

 

print(f"Wrote {sheets_written} sheet(s) to: {excel_out}") 

 

print("\nAppendix tip:") 

print("• Use the sheet 'Appendix_JointTests' as your appendix table (compact: one row 

per window).") 

print("• Keep the per-τ coefficient sheets (Actual_*, Placebo_*) as supplementary mate-

rial if needed.") 

 

8.2.15 Appendix 2.15: Moderator Within-Firm Variation Diagnostics 

# ============================================================ 

# Moderator Identification Feasibility in Firm-FE (Within-Firm Variation) 

# - Uses same retained-event filter as CAR construction: 
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#   (i) >= 100 pre-event observations, (ii) no FDA event in the 100-day estimation win-

dow 

# - Computes within-firm variation diagnostics per moderator 

# - Uses pooled-within variance for ICC-style "between share" 

# - Exports an appendix-ready Excel with comma decimals 

# ============================================================ 

 

# --- Load data --- 

file_path = "/content/Main Data 6 (C-Returns+Dummy+C-Fin+Bm Returns+RF+FF3F+MKAR+Sec-

tor+Decimals) 20 08 2025.xlsx" 

df = pd.read_excel(file_path, sheet_name="Sheet1").copy() 

 

df["Date"] = pd.to_datetime(df["Date"]) 

df = df.sort_values(["ISIN", "Date"]).copy() 

 

# --- Build moderators (safe denominators / log) --- 

ta = df["Total Assets"].replace(0, np.nan) 

df["RD_Intensity"]    = df["R&D"] / ta 

df["CAPEX_Intensity"] = df["CAPEX"] / ta 

df["Log_Assets"]      = np.log(ta.where(ta > 0, np.nan)) 

df["Leverage"]        = df["Total Debt"] / ta 

df["ROA"]             = df["Net Income"] / ta 

df["Asset_Turnover"]  = df["Sales"] / ta 

 

# --- Retained event sample (same filters you use elsewhere) --- 

approval_days = df[df["FDA_Approval"] == 1].copy() 

 

kept = [] 

for _, row in approval_days.iterrows(): 

    firm, event_date = row["ISIN"], row["Date"] 

    est = df[(df["ISIN"] == firm) & (df["Date"] < event_date)].sort_val-

ues("Date").tail(100) 

    if len(est) < 100: 

        continue 

    if (est["FDA_Approval"] == 1).any(): 

        continue 

    kept.append((firm, event_date)) 

 

events = pd.DataFrame(kept, columns=["ISIN", "EventDate"]) 

events["EventDate"] = pd.to_datetime(events["EventDate"]) 

 

# Merge moderator values on event day 

events = events.merge( 

    df[[ 

        "ISIN", "Date", 

        "RD_Intensity", "CAPEX_Intensity", "Log_Assets", 

        "Leverage", "ROA", "Asset_Turnover" 
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    ]], 

    left_on=["ISIN", "EventDate"], right_on=["ISIN", "Date"], how="left" 

).drop(columns=["Date"]) 

 

print(f"Events retained after filters: {len(events):,}".replace(",", "")) 

print(f"Firms with at least one retained event: {events['ISIN'].nunique():,}".re-

place(",", "")) 

 

# --- Helpers: weighted between variance + pooled-within ICC --- 

def weighted_var(values, weights): 

    v = np.asarray(values, float) 

    w = np.asarray(weights, float) 

    if w.sum() == 0: 

        return np.nan 

    w = w / w.sum() 

    mu = np.sum(w * v) 

    return np.sum(w * (v - mu) ** 2) 

 

def icc_unbalanced(df_mod, firm_col="ISIN", val_col="val"): 

    g = df_mod.groupby(firm_col) 

    means = g[val_col].mean() 

    sizes = g.size() 

 

    # Between-firm variance of means (weighted by n_i) 

    var_between = weighted_var(means.values, sizes.values) 

 

    # Pooled within-firm variance using (n_i - 1) weights 

    within_var = g[val_col].var(ddof=1).fillna(0.0) 

    df_within = (sizes - 1).clip(lower=0) 

 

    num = np.nansum(df_within.values * within_var.values) 

    den = np.nansum(df_within.values) 

    var_within = np.nan if den == 0 else num / den 

 

    denom = var_between + var_within 

    icc = np.nan if (denom == 0 or np.isnan(denom)) else var_between / denom 

    return icc, var_between, var_within 

 

# --- Summaries per moderator --- 

mods = [ 

    ("RD_Intensity",    "R&D Intensity"), 

    ("CAPEX_Intensity", "CAPEX Intensity"), 

    ("Log_Assets",      "Size (log assets)"), 

    ("Leverage",        "Leverage"), 

    ("ROA",             "ROA"), 

    ("Asset_Turnover",  "Asset Turnover"), 

] 
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rows = [] 

for col, name in mods: 

    dat = events[["ISIN", col]].dropna().rename(columns={col: "val"}).copy() 

 

    if dat.empty: 

        rows.append({ 

            "Moderator": name, 

            "Firms (non-missing)": 0, 

            "Events (non-missing)": 0, 

            "Share firms >1 event": np.nan, 

            "Share firms >1 unique value": np.nan, 

            "Total SD": np.nan, 

            "Median within-firm SD": np.nan, 

            "Within/Total SD ratio": np.nan, 

            "ICC (between share)": np.nan, 

        }) 

        continue 

 

    g = dat.groupby("ISIN") 

    events_per_firm = g.size() 

    uniq_vals = g["val"].nunique() 

    within_sd = g["val"].std(ddof=1) 

 

    share_gt1_event = float((events_per_firm > 1).mean()) 

    share_gt1_uniq  = float((uniq_vals > 1).mean()) 

 

    total_sd = float(dat["val"].std(ddof=1)) if pd.notna(dat["val"].std(ddof=1)) else 

np.nan 

    med_within_sd = float(np.nanmedian(within_sd.values)) 

 

    within_total_ratio = np.nan 

    if pd.notna(total_sd) and total_sd != 0: 

        within_total_ratio = med_within_sd / total_sd 

 

    icc, _, _ = icc_unbalanced(dat, firm_col="ISIN", val_col="val") 

 

    rows.append({ 

        "Moderator": name, 

        "Firms (non-missing)": int(g.ngroups), 

        "Events (non-missing)": int(len(dat)), 

        "Share firms >1 event": share_gt1_event, 

        "Share firms >1 unique value": share_gt1_uniq, 

        "Total SD": total_sd, 

        "Median within-firm SD": med_within_sd, 

        "Within/Total SD ratio": float(within_total_ratio) if pd.notna(within_total_ra-

tio) else np.nan, 
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        "ICC (between share)": float(icc) if pd.notna(icc) else np.nan, 

    }) 

 

out = pd.DataFrame(rows, columns=[ 

    "Moderator", 

    "Firms (non-missing)", 

    "Events (non-missing)", 

    "Share firms >1 event", 

    "Share firms >1 unique value", 

    "Total SD", 

    "Median within-firm SD", 

    "Within/Total SD ratio", 

    "ICC (between share)" 

]) 

 

# --- Format for appendix (comma decimals as strings) --- 

def fmt_comma(x, d): 

    if pd.isna(x): 

        return "" 

    return f"{x:.{d}f}".replace(".", ",") 

 

out_fmt = out.copy() 

for c in ["Share firms >1 event", "Share firms >1 unique value", "Within/Total SD ra-

tio", "ICC (between share)"]: 

    out_fmt[c] = out_fmt[c].map(lambda x: fmt_comma(x, 3)) 

for c in ["Total SD", "Median within-firm SD"]: 

    out_fmt[c] = out_fmt[c].map(lambda x: fmt_comma(x, 6)) 

 

# --- Export (numeric + appendix-formatted) --- 

excel_out = "/content/FE_ModeratorWithinVariation_Diagnostics.xlsx" 

with pd.ExcelWriter(excel_out, engine="openpyxl") as writer: 

    out.to_excel(writer, index=False, sheet_name="Numeric") 

    out_fmt.to_excel(writer, index=False, sheet_name="Appendix_Comma") 

 

print(f"Saved Excel: {excel_out}") 

 

print("\nInterpretation cheatsheet:") 

print("- Share firms >1 event: low values imply limited within-firm identifying varia-

tion for FE slopes.") 

print("- Share firms >1 unique value: if low, moderator is nearly time-invariant across 

events within firms.") 

print("- Within/Total SD ratio: small values imply weak within-firm movement relative to 

cross-sectional dispersion.") 

print("- ICC close to 1 implies most variation is between firms (FE slope identification 

may be weak).") 

 


