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Abstract 

In this thesis, I examine how firms with different prioritizations of innovation strategy utilize 

narrative disclosures in their 10-K filings to communicate information about their innovation 

activities. I hypothesize and find that firms with a greater focus on exploratory innovations (versus 

exploitative innovations) disclose less narrative innovation information based on a cost-benefit 

tradeoff. Conducting a content analysis of the quality of narrative innovation disclosures, I find that 

exploration-focused firms tend to disclose fewer details but use a more positive tone in their 

disclosures compared to exploitation-focused firms. The tendency for exploration-focused firms to 

employ a more positive tone in narrative disclosures may be due to managerial overconfidence rather 

than management opportunism or firm performance. I also find that product market competition and 

technology spillover have opposite effects on narrative innovation disclosures due to their different 

proprietary cost implications. The negative relation between exploration-focused firms and narrative 

innovation disclosures is more pronounced when product market competition intensifies, while it 

becomes less pronounced when technology spillover becomes more prominent. Finally, I find that 

narrative innovation disclosures enhance investors’ understanding of innovative activities and reduce 

misvaluation and future stock price crash risk for exploration-focused firms. My thesis contributes to 

the disclosure and innovation literature with insights into how firms’ innovation strategies affect their 

narrative innovation disclosure decisions, which helps investors better evaluate corporate innovation 

strategy. 
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Chapter 1 

Introduction 

Corporate innovation strategy varies among firms, with exploration and exploitation at the 

two ends of the continuum for innovation (Gupta et al., 2006).1 This spectrum reflects the degree of 

overlap in which knowledge utilized in innovation is drawn from the firm’s existing knowledge pool 

(Lavie et al., 2010). A lower degree of overlap indicates an emphasis on exploratory innovations, 

whereas a higher degree of overlap indicates a focus on exploitative innovations (Fitzgerald et al., 

2021).2 Firms with a higher proportion of exploratory innovations are known as exploration-focused 

firms, while those with a higher proportion of exploitative innovations are known as exploitation-

focused firms. Since technological innovation is a primary driver of long-term economic growth 

(Solow, 1957), the ability of firms to innovate and improve technology is crucial not only for their 

success but also for their survival (Eisdorfer & Hsu, 2011; Galor & Weil, 2000). Corporate 

innovation strategy outlines objectives, supports alignment, and concentrates efforts within the firms, 

which enables managers to make tradeoff decisions and prioritize innovation initiatives effectively 

(Pisano, 2015). This thesis examines how firms’ innovation strategies affect their narrative innovation 

disclosure decisions and how the implications of innovation disclosures, combined with different 

innovation strategies, affect investors’ valuation. 

Firms face challenges in effectively conveying the value of their innovation activities using 

accounting numbers (Canibano et al., 2000) because the accounting standard requires firms to 

 
1 Innovation in this thesis is defined as the technological innovation that uses new technologies to improve 

products, services, or efficiency, to enhance firm operation and performance. 
2  For instance, the transition from manual-wind watches to automatic watches in watch manufacturing 

represents exploitation, as the knowledge required for manufacturing automatic watches largely stems from 

existing knowledge about mechanical technology. In contrast, the shift from mechanical watches to battery-

powered digital watches represents exploration, as it involves a move from established mechanical technology 

to quartz technology with minimal overlap with existing knowledge. The degree of overlap between a firm’s 

new technology and existing technology determines the position of the innovation along the exploration-

exploitation spectrum (Lavie et al., 2010). 
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immediately expense (rather than capitalize) the research and development (R&D) investments.3 This 

exacerbates the information asymmetry between managers and investors (Lev & Sougiannis, 1999). 

Moreover, prior research shows that investors tend to overvalue exploration-focused firms compared 

to exploitation-focused firms (Fitzgerald et al., 2021; Jia, 2018). 

Exploitation involves a steady improvement or extension of existing innovative knowledge, 

while exploration requires firms to venture into unfamiliar territory. The different nature of these two 

strategies is associated with different financial reporting implications. Exploration has a more 

uncertain nature and a higher failure rate than exploitative innovation, which likely leads to a higher 

probability of unsatisfactory earnings performance (Fitzgerald et al., 2021). Therefore, investors face 

increased information asymmetry when evaluating exploration-focused firms and need to rely on 

alternative information channels, such as narrative innovation disclosures, for insights into the firm’s 

future growth and competitiveness. Narrative innovation disclosures can play a pivotal role in 

bridging the gap between a firm’s financial statement numbers and its underlying business 

fundamentals (Merkley, 2014) with information about R&D, products, patents, and other innovation-

related activities. 

In this thesis, I first explore whether firms with different innovation strategies make different 

decisions regarding narrative innovation disclosures. The decision of firms to disclose information 

involves a tradeoff between mitigating information asymmetry and managing proprietary costs (i.e., 

disclosures related to innovation may attract competition and imitation, potentially eroding the firm’s 

 
3 Under U.S. Generally Accepted Accounting Principles (GAAP) as per Accounting Standards Codification 

(ASC 730-10-25), firms must expense R&D costs on their financial statements unless certain costs meet criteria 

for capitalization with alternative future uses. Under International Financial Reporting Standards (IFRS), 

specifically International Accounting Standard (IAS) 38, research costs are also expensed like U.S. GAAP. 

However, there is a distinction in the treatment of development costs. Unlike U.S. GAAP, IFRS allows 

capitalization of development costs only when the technical and commercial feasibility of the asset for sale or 

use has been established. This implies that firms must have the intent and capability to complete, utilize, or sell 

intangible assets and demonstrate how the assets will generate future economic benefits. 
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competitive advantage; Cao et al., 2018).4 While some firms may opt for more extensive innovation-

related disclosures to address information asymmetry between firms and investors, others may restrict 

disclosures to mitigate proprietary costs, particularly when sensitive or detailed information regarding 

core operations is at stake (Ryou et al., 2022). The distinct nature of their innovation strategies leads 

exploration-focused and exploitation-focused firms to make different disclosure decisions. 

The extent to which exploration-focused firms benefit from disclosures in alleviating 

information asymmetry compared to exploitation-focused firms remains uncertain. On the one hand, 

March’s (1991) theoretical framework suggests that exploration-focused firms typically experience 

higher levels of informational asymmetry and earnings volatility. This volatility reduces the 

predictability of reported earnings, making it challenging for investors to assess their financial 

performance accurately (Hayn, 1995). As a result, investors of exploration-focused firms demand 

more information about innovation activities to better understand future cash flows and associated 

uncertainty. On the other hand, exploitation-focused firms might benefit more from reducing 

information asymmetry with investors. Cognitive biases lead investors to pay more attention to 

radical exploratory innovations than to incremental exploitative innovations (Fitzgerald et al., 2021). 

This limited attention can result in stock returns that do not fully reflect all available information (e.g., 

Li & Yu, 2012). Thus, exploitation-focused firms may need to provide substantial investor guidance 

to signal the profitability of exploitative innovations. However, it remains unclear which type of firm 

provides a higher quantity of narrative innovation disclosures to mitigate information asymmetry. 

However, exploration-focused firms potentially face higher proprietary costs when disclosing 

detailed information about their innovation activities, compared to exploitation-focused firms (Jia, 

 
4 Both adverse selection and moral hazard can lead to information asymmetry between insiders (i.e., managers) 

and outsiders (i.e., investors). Adverse selection occurs when firm managers possess information that investors 

do not, leading investors to assume that firms lack transparency and, as a result, to assume the worst. Moral 

hazard, on the other hand, involves managers taking actions that benefit themselves personally, often not 

observable by investors. Although this thesis does not primarily focus on moral hazard, Section 7.2.3.2 

addresses the effect of management opportunism. 
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2019). This is because such disclosures can provide competitors with valuable insights that may 

enable them to make entry-exit decisions or imitate products, thereby jeopardizing the competitive 

position of disclosing firms in the market (Darrough & Stoughton, 1990; Verrecchia, 1983). With 

limited public information on exploratory innovation, competitors find disclosures from exploration-

focused firms more valuable (Kaplan & Tripsas, 2008; Rindova & Petkova, 2007). Prior research 

shows that exploration-focused firms issue more frequent but less accurate earnings forecasts and 

provide fewer updates on innovative activities (Jia, 2017, 2019). These findings indicate that for 

exploration-focused firms, the proprietary costs of disclosures outweigh the potential benefits of 

reducing information asymmetry. Therefore, I hypothesize that exploration-focused firms may opt to 

disclose less narrative innovation information to avoid higher proprietary costs compared to 

exploitation-focused firms.5 

Second, I examine two factors influencing innovation disclosures in firms with different 

innovation strategies: product market competition and technology spillover. Product market 

competition refers to the level of competition among existing rivals for the same product space, 

whereas technology spillover represents the firm’s capacity to gain advantages from the technological 

knowledge generated by its peers. Although there exists some overlap between peer firms in the 

product market space (product market competition) and those in the technology space (technology 

spillover), they are distinct enough to allow for empirical analysis (Bloom et al., 2013). Successful 

exploration yields a more significant competitive advantage than successful exploitation (Jia, 2019). 

As product market competition intensifies, exploration-focused firms face higher proprietary costs 

due to the unique knowledge development inherent in exploratory innovation. In contrast, technology 

spillover enables more efficient innovation by leveraging research from peers in similar fields (Jaffe, 

 
5  However, it is important to consider that the cost-benefit tradeoff associated with reducing narrative 

innovation disclosures may differ from the tradeoff linked to less precise earnings forecasts and fewer news 

releases. Factors such as the inherent uncertainty in exploration, litigation risks, regulatory obligations, and 

perceived transparency and credibility can play a role in this variation. 
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1986), benefiting exploration-focused firms through shared information across industries (Cao et al., 

2018). Therefore, I expect that exploration-focused firms tend to provide (1) fewer narrative 

innovation disclosures when facing intense product market competition to mitigate proprietary costs 

and (2) more such disclosures when technology spillover is high to benefit from technological 

synergy than exploitation-focused firms. 

My sample includes innovation-intensive firms that applied for at least one patent per year 

from 1994 to 2018. I obtain cleaned 10-K filings from Bill McDonald’s website, available since 

1994.6 I measure the quantity of narrative innovation disclosures as the natural logarithm of the total 

number of innovation-related sentences in a firm’s 10-K filing. I identify innovation-related words by 

conducting the textual analysis using a modified keyword list from Merkley (2014). I retrieve patent-

related data from Stoffman et al. (2022), originally from the United States Patent and Trademark 

Office (USPTO), spanning 1976 and 2021. My sample ends in 2018, with a three-year buffer before 

the patent data ends in 2021 to alleviate truncation issues (i.e., patent data becomes incomplete when 

patent application dates move closer to the end of the dataset). To operationalize the construct of 

corporate innovation strategy, I follow the literature and employ a continuous ratio by dividing the 

number of exploratory patents applied for in a year by the total number of patents applied for in that 

year (Fitzgerald et al., 2021; Jia, 2018). A higher (lower) ratio indicates a greater emphasis on 

exploratory (exploitative) innovation activities. I collect financial statement data from Compustat and 

stock return data from the Center for Research in Security Prices (CRSP) for U.S. publicly listed 

firms. I retrieve analyst data from IBES and executive compensation data from ExecuComp. My final 

sample consists of 18,560 firm-year observations from 3,107 unique firms. 

My results are consistent with my predictions. I find that exploration-focused firms tend to 

disclose less narrative innovation information compared to their exploitation-focused counterparts. To 

 
6 I discuss the advantages and features of narrative innovation disclosures within the context of the 10-K filings 

in Section 2.3.3. 
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enhance the robustness of my analysis, I incorporate lagged independent variables as well as year, 

industry, and/or firm fixed effects. My results hold after controlling for potential endogeneity and 

conducting additional tests to strengthen the causal inference. To address concerns about sample 

selection bias, omitted correlated variables, and reverse causality (simultaneity), I use various 

methodologies including propensity score matching, instrumental variables, change specification, and 

Regulation Fair Disclosure as an exogenous shock. These additional tests help strengthen the validity 

and reliability of my findings. 

I further examine the moderating effects of product market competition (calculated as the 

cosine similarity of segment sales distribution between the focal firm and its competitors in the 

product market) and technology spillover (calculated as the cosine similarity of patent distributions 

across technology classes between the focal firm and its peers) on the relation between a firm’s 

innovation strategy and narrative innovation disclosures. I find that product market competition has a 

more negative effect on exploration-focused firms than exploitation-focused firms, leading to a 

reduction in narrative innovation disclosures when competition intensifies. In contrast, technology 

spillover has a more positive effect on exploration-focused firms than exploitation-focused firms, 

encouraging firms to increase their narrative innovation disclosures as technology spillover becomes 

more prominent. 

Considering the potential skewness in patent data, I examine extreme cases where firms 

applied for only one patent in a year and conduct subsample analyses. The results consistently 

indicate the robust and enduring effect of a firm’s innovation strategy on narrative innovation 

disclosures. Given the substantial variations in innovation across industries, it is crucial to examine 

innovation-intensive versus non-innovation-intensive industries. To address this concern, I perform a 

subsample analysis by comparing the top 10 innovation-intensive industries with other industries. 

Also, considering the significance of firm-specific innovation activities, I conduct subsample analyses 

by comparing firms above and below the sample mean in patent application activities and size. In 
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addition to proprietary costs, firms may also consider the litigation risk associated with disclosing 

sensitive information. Exploration-focused firms, which often operate in industries with high 

litigation risks, may be particularly concerned about these risks and therefore may refrain from 

disclosing certain information. I compare firms in industries with low litigation risks to those in 

industries with high litigation risks. My findings suggest that the tendency for exploration-focused 

firms to disclose less than exploitation-focused firms is generalizable to sample firms in non-

innovation-intensive industries, those with lower frequencies of patent application activities, those 

with smaller sizes, and those operating in industries with low litigation risks. 

An alternative explanation could be that firms combine R&D expenses with other 

expenditures to protect proprietary information (Koh & Reeb, 2015). Firms that do not report R&D 

might have higher proprietary costs than those that do, which aligns with the traits of exploration-

focused firms. I find that whether firms report R&D does not explain the proprietary cost differences 

between exploration-focused and exploitation-focused firms. Furthermore, I examine the relationship 

between narrative innovation disclosures and other voluntary disclosure channels, such as 

management forecasts. The findings suggest that exploration-focused firms are more likely to use 

management forecasts and narrative innovation disclosures as substitutes compared to exploitation-

focused firms, highlighting their concerns about the proprietary costs associated with narrative 

innovation disclosures. 

In robustness checks, I perform several tests to ensure the validity of my measures. Regarding 

the innovation strategy measure, I extend the search period for a firm’s existing knowledge pool, 

utilize alternative thresholds to categorize whether a patent is exploratory, and employ alternative 

measures such as the exploitative ratio. For alternative disclosure measures, I rerun regressions using 

measures derived from Merkley’s keyword list. In addition, I substitute the sentence count of 

disclosures with the word count to assess the consistency and robustness of the results. 

In evaluating the effect of narrative innovation disclosures on investors’ ability to assess 
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exploration-focused firms, I conduct consequence analyses. These analyses aim to determine whether 

narrative innovation disclosures aid investors in evaluating firms with different innovation strategies. 

First, I perform short-term market reaction tests to examine the initial investor reaction to corporate 

innovation strategy and narrative innovation disclosures. Fitzgerald et al. (2021) observe that 

investors have a preference bias toward exploratory innovations over exploitative ones, resulting in 

the undervaluation of exploitation-focused firms. This indicates that exploration-focused firms are 

more likely to be overvalued by investors. I find some evidence suggesting that narrative innovation 

disclosures play a role in attracting investors’ attention and improving their understanding of firms’ 

innovative activities. This increased transparency enables investors to take corrective actions. 

Therefore, narrative innovation disclosures serve as a mitigating factor, contributing to the reduction 

of potential overvaluation associated with exploration-focused firms. 

Second, I conduct long-term stock price crash risk tests. Jia (2018) finds that firms with a 

greater focus on exploratory (exploitative) innovations are positively (negatively) related to stock 

price crash risk, indicating that investors underestimate the risk of exploration-focused firms that later 

experience downward corrections in stock prices. The author posits that one reason that leads to crash 

risk for exploration-focused firms can be through managers withholding interim bad news. Narrative 

innovation disclosures can inform investors about firms’ R&D and in-process innovation activities 

and the fundamental risk of exploratory innovation. By providing such disclosures, firms prevent 

managers from withholding interim negative news until the completion of innovative activities, 

thereby mitigating stock price crash risk. My findings suggest that as exploration-focused firms 

provide adequate narrative innovation disclosures, investors gain insights into the firm’s innovation 

strategy. This reduction in information asymmetry leads to a decreased likelihood of future stock 

price crashes. 

It is worth considering that firms may also adjust the quality of their narrative innovation 

disclosures that do not necessarily enhance their relevance. To examine the qualitative characteristics 
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of innovation-related disclosures, I measure the numerical, forward-looking, repetitive, and tone of 

narrative innovation disclosures (Brown & Tucker, 2011; Henry, 2008; F. Li, 2010; Merkley, 2014). I 

find that compared to exploitation-focused firms, exploration-focused firms tend to disclose fewer 

details in numerical, forward-looking, and repetitive terms, aligning with H1 and the baseline findings 

on innovation disclosure quantity. Moreover, I find that firms with greater exploratory intensity tend 

to employ a more positive tone in their narrative innovation disclosures. Various factors may 

contribute to this tone usage, including operational characteristics, management opportunism, and 

management dispositional characteristics (Luo & Zhou, 2020). My findings are consistent with the 

third argument: firms with overconfident executive teams are more likely to use a positive tone in 

disclosures than those with less overconfident executive teams. This suggests that exploration-

focused firms tend to use a more positive tone in narrative disclosures, possibly due to managerial 

overconfidence. 

For conditional analyses, I find that the effect of product market competition on the detail of 

narrative innovation disclosures is more negative for exploration-focused firms than exploitation-

focused firms. In contrast, the effect of technology spillover on the detail of narrative innovation 

disclosures is more positive for exploration-focused firms than exploitation-focused firms. Moreover, 

the positive effect of exploratory innovation strategy on the tone of innovation disclosures is less 

pronounced in the presence of increased technology spillover. One possible explanation for this 

phenomenon is that when technology spillover is high and innovations are more readily shared or 

accessible across firms, there may be an increased risk of legal disputes over intellectual property and 

patent infringement. This heightened litigation risk could lead exploration-focused firms to adopt a 

more cautious or reserved tone in their narrative innovation disclosures (Luo & Zhou, 2020). 

However, I do not find the effect of product market competition on the relation between corporate 

innovation strategy and narrative innovation disclosure tone. 

In addition to product market competition and technology spillover, I also examine how 
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corporate innovation strategy affects firms’ disclosure behaviors when facing technological peer 

pressure (also known as technology-based product market competition). Technological peer pressure 

involves firms undertaking R&D initiatives to innovate new products and processes, thereby securing 

future market competitiveness (Cao et al., 2018). However, limited evidence exists regarding the 

effect of technological peer pressure on corporate disclosure. Furthermore, there is a gap in 

understanding how different innovation strategies influence disclosure practices. My findings show 

that exploration-focused firms tend to disclose more information when faced with high technological 

peer pressure. This suggests that when competition focuses on technology and innovation, the effect 

of technological peer pressure aligns with that of technology spillover. 

My thesis makes the following contributions. First, my thesis responds to calls from Glaeser 

and Lang (2024) and Simpson and Tamayo (2020) to study the effect of innovation on financial 

reporting. Different from prior studies that assume different innovation strategies have an equal effect 

on disclosure (e.g., Jones, 2007; Merkley, 2014), I extend the literature by investigating how firms 

with different prioritizations of innovation strategy affect their disclosure decisions. Moreover, prior 

studies focus on the determinants of firms’ choices of innovation strategy between exploration and 

exploitation (e.g., McGrath, 2001; Smith & Tushman, 2005). Evidence on the consequences of 

innovation strategy is growing but limited (Fitzgerald et al., 2021; Jia, 2018; Katila & Ahuja, 2002; 

Uotila et al., 2009; Yang, 2023). My thesis adds insights into how different innovation strategies 

shape firms’ disclosure policies, particularly in the context of narrative innovation disclosures. 

Second, my thesis fills a void in the literature by examining how proprietary costs influence 

firms’ disclosure decisions based on their different innovation strategies. Existing research identifies 

firm characteristics, information asymmetry, and proprietary costs as determinants of innovation 

disclosures (Gu & Li, 2003; Jones, 2007; Merkley, 2014). Prior studies show initial evidence that 

exploration-focused (versus exploitation-focused) firms issue more frequent earnings forecasts and 

less innovation-related news to meet analysts’ information demand by avoiding disclosing proprietary 
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information (Jia, 2017, 2019). My thesis examines how product market competition and technology 

spillover affect the relation between corporate innovation strategy and narrative innovation 

disclosures differently because of their distinct impacts on proprietary costs. Specifically, my thesis 

highlights that product market competition functions as a form of proprietary cost, by leading to a 

reduction in the disclosure of proprietary information. In contrast, technology spillover can motivate 

exploration-focused firms, which have more proprietary information by nature, to disclose more 

innovation information. This nuanced perspective adds depth to the current understanding of the 

determinants of narrative innovation disclosures. 

Third, my thesis contributes to the ongoing discussion on enhancing the value-relevance of 

accounting models in capturing the financial position of innovative firms (Anagnostopoulou, 2008). 

Previous research highlights the valuation issues of corporate innovation strategy, leading to the 

potential misallocation of resources among firms with different innovation strategies (Fitzgerald et 

al., 2021; Jia, 2018). The literature has examined the value relevance of some innovation-related 

metrics, such as R&D investments and patents, revealing the market’s difficulty in evaluating 

innovative firms (e.g., Cohen et al., 2013; Hirshleifer et al., 2018; Lev et al., 2005). This challenge is 

exacerbated for firms with different innovation strategies (Jia, 2018). My thesis investigates whether 

narrative innovation disclosures aid investors in assessing corporate innovation strategy, bringing 

greater attention to these disclosures in 10-K filings. My findings respond to the call from Fitzgerald 

et al. (2021) to explore the impact of corporate disclosures on investor perceptions of the value of 

exploration-focused versus exploitation-focused firms. 

My thesis also has practical implications by highlighting the importance of narrative 

innovation disclosures in 10-K filings. Investors seeking to evaluate firms with varying innovation 

strategies need to pay closer attention to these narrative disclosures. For standard setters, although 

current standards mandate the disclosure of some innovation-related information, they still allow 

firms to exercise discretion. This flexibility enables firms to make rational decisions based on a cost-
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benefit analysis regarding whether, and to what extent, to disclose narrative innovation information to 

reflect their innovation strategies. 

The rest of this thesis proceeds as follows: Chapter 2 provides a review of relevant literature. 

Chapter 3 develops hypotheses. Chapter 4 outlines the research designs, including sample selection 

and research models. Chapter 5 presents the results of how corporate innovation strategy affects 

narrative disclosures. Chapter 6 examines the stock market consequences of corporate innovation 

strategy on narrative disclosures. In Chapter 7, I conduct additional analyses. Chapter 8 concludes. 



 

13 

Chapter 2 

Background and Literature Review 

2.1 Introduction 

In this chapter, I provide theoretical and regulatory background about corporate innovation 

strategy and narrative innovation disclosures. In Section 2.2, I first discuss the notion of exploration 

and exploitation, followed by discussing the definition of corporate innovation strategy and the 

difference between innovation strategy and other innovation-related metrics. In addition, I discuss the 

consequences of corporate innovation strategy. In Section 2.3, I describe innovative firms’ disclosure 

decisions. Then, I discuss innovation-related disclosures. I focus on narrative disclosures in 10-K 

filings because they are suitable channels for firms to communicate with investors. Section 2.4 

discusses product market competition and Section 2.5 discusses technology spillover. At the end of 

this chapter, I highlight the gap in the literature and the contribution of my thesis. 

2.2 Corporate Innovation Strategy: Exploration versus Exploitation 

2.2.1 The Notion of Exploration and Exploitation 

Since the publication of the seminal paper by March (1991), the concept of exploration and 

exploitation has been studied in a wide variety of literature, such as organizational learning (Levinthal 

& March, 1993), strategic management (Uotila et al., 2009), corporate innovation (Katila & Ahuja, 

2002), and financial market (Fitzgerald et al., 2021). However, the literature engages in debates 

regarding the definition and characteristics of exploration and exploitation. 

Debates over the definition of exploration and exploitation center on whether these concepts 

are distinguished by the mere presence versus absence of learning or by the specific types of learning 

involved (Gupta et al., 2006). The former argument posits that exploration involves active learning 

and innovation, while exploitation does not (e.g., Rosenkopf & Nerkar, 2001; Vassolo et al., 2004). In 

contrast, my definition aligns with the latter argument, suggesting that both exploration and 
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exploitation involve learning and innovation, although with differing trajectories or levels of intensity 

in terms of these activities (e.g., Benner & Tushman, 2002; He & Wong, 2004). 

An additional question arises regarding whether the relationship between exploration and 

exploitation is continuous or orthogonal. Some studies view exploration and exploitation as 

orthogonal and even complementary strategies (e.g., Tushman & O’Reilly, 1996) due to the different 

definitions and operationalizations of exploration and exploitation. However, both theoretical 

frameworks and empirical evidence suggest that the distinction between exploration and exploitation 

is more a matter of degree than kind (Gupta et al., 2006; Lavie & Rosenkopf, 2006). Therefore, I view 

exploration and exploitation as two ends of a continuum rather than distinct and separate decisions.7 

A further debate is whether the balance between exploration and exploitation exists. March 

(1991) notes that both exploration and exploitation are essential for firms to thrive in the long run, but 

these two strategies are fundamentally conflicting. Prior studies argue that although it is favorable for 

firms to maintain an appropriate balance between exploration and exploitation, such balance is 

difficult to achieve (Jansen et al., 2006; Koryak et al., 2018). This is because any effort (e.g., learning 

and technological change) to enhance organizational performance and improve competitive advantage 

involves a tradeoff between exploration and exploitation, which is affected by the allocation of 

resources in various contexts (March, 1991). First, both strategies are self-reinforcing. For example, 

exploration-oriented firms may often face failures, which in turn incentivize the firm to search for 

even newer technologies and ideas, thus becoming more exploratory (Gupta et al., 2006). Second, 

mindsets and organizational routines of exploration should be different from those needed for 

exploitation. Exploration requires adaptability and changes, while exploitation requires stability and 

inertia, which results in opposing cultures and organizational structures (Lavie et al., 2010; Menguc & 

Auh, 2008). As a result, these two strategies compete for limited resources, compelling firms to 

 
7 In the previous watch example, the extent of overlap between the firms’ mechanical technology (existing 

knowledge) and new quartz technology (new knowledge) “defines the position of this innovation on the 

exploration-exploitation continuum” (Lavie et al., 2010, p. 114). 
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prioritize one over the other at any given time (Fourné et al., 2019). 

In addition to debating the existence of a balance between exploration and exploitation, the 

literature also discusses how such a balance might be achieved. Some studies advocate for 

ambidexterity, suggesting that firms should pursue both exploration and exploitation simultaneously 

(Benner & Tushman, 2002). However, resource constraints often force firms to prioritize one strategy 

over the other (March, 1991). Alternatively, some studies propose punctuated equilibrium, wherein 

firms alternate between extended periods of exploitation and shorter bursts of exploration (Gupta et 

al., 2006). Despite these theoretical differences, both perspectives suggest that a firm’s prioritization 

of exploration or exploitation can change over time. 

2.2.2 Definition of Corporate Innovation Strategy 

A firm’s innovation strategy is an internal choice between exploring new technologies and 

exploiting existing technologies (Manso, 2011; Mueller et al., 2013). Exploration-focused firms 

pioneer new avenues, aiming for groundbreaking innovations and a potential competitive advantage; 

exploitation-focused firms, in contrast, focus on refining existing innovations through steady 

improvements or extensions of current knowledge (Jia, 2018). 

Corporate innovation strategy exhibits two key characteristics: relativity and dynamism. A 

firm’s innovation strategy, whether exploration or exploitation, is relative and depends on the focal 

firm’s perspective (Lavie et al., 2010). First, corporate innovation strategy identifies an important 

relation of a firm’s new knowledge relative to its existing knowledge base (Fitzgerald et al., 2021). 

For example, when Apple first introduced “multipoint touchscreen” technology in the first iPhone, 

this touchscreen technology could be considered an exploratory innovation for Apple due to the low 

overlap with its existing technology. However, subsequent enhancements to the touchscreen, 

characterized by a higher degree of overlap, could be classified as exploitative innovations for Apple. 

Second, certain technology might be existing knowledge for one firm but new to another. Therefore, 
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what constitutes exploitative innovation for one firm could be viewed as exploratory innovation for 

another. Continuing with the Apple example, the upgraded touchscreen technology (which represents 

exploitative innovations for Apple) might still be considered exploratory for an incumbent technology 

firm that does not possess this knowledge previously. 

A firm’s innovation strategy is not static but can change along the exploration-exploitation 

continuum. While debates persist regarding the feasibility and methods of achieving a balance 

between exploration and exploitation, existing literature recognizes the dynamic nature of a firm’s 

prioritization of these strategies (Benner & Tushman, 2002; Gupta et al., 2006; March, 1991). 

Furthermore, empirical evidence suggests that a firm’s innovation strategy is subject to change and 

evolves over time (Cao et al., 2023; Gao et al., 2018; Lin et al., 2021). 

2.2.3 Innovation-Related Metrics 

The literature shows that investors face difficulty evaluating firms across different innovation 

metrics, including input-based (e.g., R&D intensity and growth) and output-based (e.g., number of 

patents granted, number of patent citations, innovative originality, innovative efficiency, and 

innovation strategy). Prior studies show a positive relation between market value and firms’ 

innovative input captured by R&D investment (Chan et al., 2001; Cohen et al., 2013; Lev & 

Sougiannis, 1996; Sougiannis, 1994). However, input measures, such as R&D expenditures, are 

subject to limitations. R&D investments involve uncertainty and do not guarantee successful 

outcomes (Hirshleifer et al., 2018). Moreover, Koh and Reeb (2015) show that R&D investments may 

not successfully capture the firms’ innovative activities as a considerable number of innovation-

intensive firms do not report R&D in financial statements. 

Prior studies identify patents as output measures for innovation because they capture 
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successful innovative activities (Huang et al., 2021).8 Gu (2005) finds that the change in patent 

citations is positively related to firms’ future stock returns. Matolcsy and Wyatt (2008) find that 

technological conditions (e.g., the success rate of past technological investments, technology 

complexity, and the technology development period) are positively related to market valuation and 

future firm earnings. 

Hirshleifer et al. (2013, 2018) find that investors undervalue the information on innovative 

efficiency and innovative originality. Innovative efficiency means a firm’s ability to generate 

innovation outputs (e.g., patents and patent citations) relative to its innovation inputs (e.g., R&D 

investments; Hirshleifer et al., 2013). Although innovative efficiency considers both innovation 

output and input, it focuses on whether the firm can produce innovation output at a reasonable cost. 

Firms may generate efficient innovation output at a low R&D cost, but this innovation can be either 

exploratory or exploitative as innovative efficiency does not factor in the knowledge acquired from 

each invention. 

Hirshleifer et al. (2018) define innovative originality as the “breadth of knowledge used to 

innovate” (p.2555) and use the diversity of cited technology classes to proxy this measure. Innovative 

originality only considers the horizontal comparison across firms but not the vertical comparison 

within the same firm. Exploration and exploitation, on the other hand, focuses on searching for 

knowledge relative to the same firms’ existing technology pool. While a firm may produce an original 

invention by citing a diverse range of technology classes, the knowledge utilized in this invention 

remains within the firm’s existing knowledge base. Consequently, despite its originality, this 

invention would be categorized as more exploitative in nature, as it builds upon existing knowledge 

and technologies within the firm. 

A firm’s internal choice between exploration-focused and exploitation-focused strategies is 

 
8 While there are some concerns about patenting metrics in specific scenarios, such as defensive patenting, 

patent thickets, and potential exploitation by patent trolls (Bessen et al., 2011; Shapiro, 2000), the patent 

remains a valid proxy for innovation. 
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conceptually and empirically different from other innovation-related metrics (e.g., R&D intensity, 

number of patents, innovative efficiency, and innovative originality) studied in the prior literature 

(Fitzgerald et al., 2021). Corporate innovation strategy focuses on the extent of a firm’s new 

knowledge of the innovation relative to its existing knowledge pool within the same firm (Lavie et al., 

2010). Recent findings highlight the difficulty that investors face when understanding the return 

predictability of a firm’s internal choice of innovation strategy between exploration and exploitation 

(Fitzgerald et al., 2021; Jia, 2018). The predictive power of corporate innovation strategy on return is 

distinct and incremental to that of other innovation-related variables (Fitzgerald et al., 2021). 

2.2.4 Consequence of Corporate Innovation Strategy 

While the literature extensively explores the determinants of innovation strategy (e.g., 

Balsmeier et al., 2017; Brav et al., 2018; Cohen & Levinthal, 1994; Lin et al., 2021; McGrath, 2001; 

Smith & Tushman, 2005), research on the consequences of corporate innovation strategy is relatively 

scarce. Some studies examine the effect of innovation strategy on firm performance. Katila and Ahuja 

(2002) find a positive effect of exploratory innovation on new product introduction. Uotila et al. 

(2009) find an inverted U-shaped relationship between exploratory innovation and revenue growth. 

Studies on the capital market consequences provide initial evidence on how market 

participants value firms’ different innovation strategies. Jia (2018) finds a positive (negative) relation 

between exploration-focused (exploitation-focused) firms and stock price crash risk. This relation is 

stronger when firms have higher agency issues and weaker corporate governance. Fitzgerald et al. 

(2021) show that analysts and investors tend to overvalue exploration-focused firms compared to 

exploitation-focused counterparts due to cognitive and strategic biases. 

Several studies examine how disclosure policy relates to the market implications of 

innovation strategy. Jia (2017, 2019) finds that exploration-focused firms are associated with lower 

analyst coverage, higher forecast errors, and higher forecast dispersion than exploitation-focused 
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firms. Moreover, exploration-focused firms are more inclined to issue management earnings forecasts 

to mitigate information asymmetry. 

While the evidence on the consequences of innovation strategy is increasing, it remains 

limited. My thesis provides insights into how different innovation strategies shape firms’ disclosure 

decisions, especially in the context of narrative innovation disclosures. Specifically, I examine 

whether narrative innovation disclosures assist investors in evaluating firms with different innovation 

strategies, thereby highlighting the importance of narrative innovation disclosures in 10-K filings. In 

addition, my thesis addresses the call made by Fitzgerald et al. (2021) to explore how corporate 

disclosures concerning innovation strategies affect investors’ valuation. 

2.3 Narrative Innovation Disclosures 

2.3.1 Disclosure Decision by Innovative Firms 

Due to the high information asymmetry in innovative-intensive firms, innovation has a 

negative effect on financial reporting quality (Lobo et al., 2018). It is difficult for investors to 

understand the financial statements of innovative firms when firms provide limited information on 

R&D investment and innovation-related activities. The literature discusses how to modify the 

financial statement model to improve the usefulness of information depicting innovative firms’ 

financial positions. One proposed approach to enhance the value-relevance of accounting information 

is to mitigate the information asymmetry between innovative firms and investors by disclosing non-

financial information. Investors can use such information to augment the financial statement numbers 

to better evaluate the implications of innovation on both short- and long-term financial performance 

in innovative firms (Canibano et al., 2000). 

Innovative firms face a tradeoff between disclosing proprietary information and mitigating 

information asymmetry with investors (Ellis et al., 2012; Hayes & Lundholm, 1996; Wagenhofer, 

1990). Previous research indicates that firms consider the proprietary costs associated with 
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competition when making disclosure decisions (e.g., Glaeser & Landsman, 2021; Jones, 2007; 

Merkley, 2014). Cao et al. (2018) find that high-tech firms face heightened proprietary costs when 

disclosing information that may erode their competitive advantage. Glaeser (2018) finds that firms 

that pursue trade secrecy also show a higher likelihood of providing earnings guidance and issuing a 

greater volume of guidance. The findings imply that firms with trade secrets may replace proprietary 

disclosures with nonproprietary disclosures, as earnings information is considered less proprietary 

than trade secrets. Huang et al. (2021) find that innovative firms facing heightened competition are 

less inclined to enhance their issuance of management forecasts after receiving a patent grant. 

However, such disclosures offer the benefits of mitigating information asymmetry. For 

instance, Tasker (1998) shows that R&D-intensive firms hold more conference calls with analysts and 

receive a majority of questions related to R&D activities during conference calls. Gelb (2002) finds 

that firms with more intangible assets underline additional disclosures due to the inadequacy of 

mandated accounting disclosures for firms’ performances. Managers face the challenge of weighing 

the costs and benefits associated with disclosures to effectively serve their information goals. They 

choose to reveal proprietary information solely when the benefits outweigh the costs (Ellis et al., 

2012). 

Prior studies typically assume different effects on disclosure decisions between innovative 

and non-innovative firms; however, they often assume equal effects within innovative firms (e.g., Gu 

& Li, 2003; Jones, 2007; Merkley, 2014). This implies that firms with different innovation strategies 

make similar disclosure decisions. However, exploration-focused and exploitation-focused firms may 

differ in their disclosure decisions due to the tradeoff between the proprietary costs of disclosures and 

information asymmetry with investors. This thesis contributes to the literature by exploring the 

dynamics within innovative firms, thereby highlighting the differing effects of innovation strategies 

on disclosure decisions. 
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2.3.2 Innovation-Related Disclosures 

Firms have the option to disclose information related to innovation in diverse formats, 

including quantitative financial data and qualitative narrative content. These disclosures can be 

disseminated through a variety of channels, such as press releases, patents, and regulatory 10-K 

filings. Prior empirical research typically emphasizes disclosures of quantitative financial metrics, 

such as management earnings guidance and R&D expenditure, rather than focusing on qualitative 

information (Healy & Palepu, 2001; Hirst et al., 2008). One possible explanation for this discrepancy 

is investors’ perceived ability to process and interpret quantitative data more readily (Ajinkya & Gift, 

1984; Berger & Hann, 2007; Patell, 1976; Penman, 1980). Narrative disclosures contain qualitative 

and descriptive information, which lacks standardization and may pose challenges for comparison 

across firms. As a result, investors may find it difficult and costly to extract meaningful insights from 

such disclosures, potentially undermining their informative value. 

Firms often use management earnings guidance as a form of voluntary disclosure to project 

future performance to market participants (Coller & Yohn, 1997; Goodman et al., 2014; Li & Zhuang, 

2012). These earnings forecasts also incorporate managers’ expectations regarding the value that a 

firm can derive from its ongoing innovation projects. Huang et al. (2021) find that innovative firms 

are more likely to issue management forecasts than non-innovative firms. However, management 

forecasts do not contain direct proprietary information about firms’ innovation activities. Moreover, 

for exploration-focused firms, it might be more difficult for managers to provide accurate earnings 

forecasts based on their exploration activities. Jia (2019) finds that compared to exploitation-focused 

firms, exploration-focused firms are more likely to issue management earnings forecasts. However, 

these forecasts are generally less optimistic, less accurate, and less precise. 

Firms may also disclose quantitative innovation-related information in 10-K filings. SFAS 2 

requires firms to recognize total R&D costs in the income statement (FASB, 2010). In practice, 

managers of innovation-intensive firms exert considerable discretion regarding the materiality and 
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classification of R&D investments and may report R&D expenses together with other expenses as a 

lump-sum amount in income statements (Koh & Reeb, 2015). 

In addition to quantitative information, firms can disclose qualitative information to 

communicate with stakeholders. Narrative innovation disclosures include quantitative and qualitative 

descriptions of a firm’s innovation activities, including objectives, R&D, patents, and technological 

collaboration as well as competition. Compared to traditional quantitative disclosures, these 

disclosures are more future-oriented, more difficult to quantify, and more closely tied to firm strategy 

(Merkley, 2014). First, narrative disclosures provide a forward-looking perspective, showing a firm’s 

objective and vision for innovation. This is crucial for innovative firms in a dynamic, competitive 

market. Second, these disclosures go beyond numbers by providing a contextual description of a 

firm’s technological advancements. Third, prior studies find that narrative innovation disclosures 

complement financial statement numbers (Jones, 2007; Merkley, 2014). This is important when 

earnings are less predictable and more volatile in innovative firms (Gu & Li, 2003). 

Prior studies examine narrative disclosures in different channels. He and Lee (2022) find that 

firms with more patents are more likely to release patent-related information in 8-K filings. Skinner 

and Valentine (2024) find a positive relation between firms’ green patenting activities and narrative 

disclosures in conference calls. Cao et al. (2018) examine firm-initiated press releases related to 

product development, which discuss firms’ strategies, allocations, and progress of technological 

investments in product development. The authors find a negative relation between technological peer 

pressure and product disclosures. Chu et al. (2023) show the predictive ability of new product 

announcements in Capital IQ. Firms may also accelerate the publication of their patent applications 

on the USPTO website before the mandatory publication by the USPTO, which occurs 18 months 

after the filing date.9 Glaeser and Landsman (2021) find that patent applicants in more competitive 

 
9 The USPTO publishes patent applications 18 months after the filing date when the American Inventors 

Protection Act (AIPA) was enacted on November 29, 1999 (USPTO, 2000). 
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industries voluntarily accelerate their patent disclosure to deter product market competitors. 

2.3.3 Narrative Innovation Disclosures in the 10-K Setting 

In this thesis, I examine narrative innovation disclosures in the 10-K setting for several 

reasons. First, these disclosures are presented alongside financial statements, which are mandated 

disclosures. This co-presentation of qualitative information complements the quantitative data in 

financial statements. This integrated approach offers a more comprehensive and credible perspective 

of a firm’s innovation activities. While firms disclose a broad range of nonfinancial information 

through alternative sources such as press releases and firm websites, 10-K filings still serve as a 

prominent avenue for innovation-related information (Cohen et al., 2012). 

Second, the purpose of these disclosures differs from that of other voluntary narrative 

innovation disclosures, such as patents. Patents serve two primary purposes: (1) providing legal 

protections for inventions, granting exclusive rights to the inventor, and (2) documenting innovations 

to facilitate replication and further development by others. In contrast, 10-K filings are aimed at 

communicating with financial statement users, including investors. Narrative innovation disclosures 

within 10-K filings may provide insights into the financial implications of firms’ innovation 

activities, a dimension not addressed in patent documents. 

Moreover, Item 101(c) of Regulation S-K (Reg S-K) outlines specific elements for the 

registrant’s disclosures, including new products and intellectual property. This approach helps 

mitigate selection bias and allows for sampling across diverse industries and timeframes, as all firms 

with substantial investments in innovation must provide a minimum level of innovation-related 

disclosures within their 10-K filings (Merkley, 2014). However, it is important to note that while 

some innovation-related disclosures are mandatory, managers retain discretion regarding the 
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disclosures’ level of detail (Rawson, 2022).10 Appendix A provides examples of narrative innovation 

disclosures in 10-K filings. 

Despite the discretionary nature of narrative innovation disclosures, firms may choose to 

disclose relevant information in 10-K filings to reduce the information asymmetry with financial 

reporting users and enhance market value implications (Jones, 2007). Jones (2007) examines the 

disclosures in conference calls and 10-K filings using a hand-collected sample of R&D-intensive 

firms and finds that R&D-intensive firms disclose less narrative R&D-related information when 

proprietary costs are high. In addition, Merkley (2014) shows a negative association between earnings 

performance and the extent of narrative R&D disclosures, highlighting the added value of such 

disclosures to investors beyond financial statement figures. However, the author only finds empirical 

evidence of information demand but fails to find evidence of proprietary costs. 

2.4 Product Market Competition 

The proprietary cost hypothesis (Verrecchia, 1983, 2001) suggests that revealing proprietary 

information puts the disclosing firm at risk of losing its competitive edge in the product market if its 

rivals strategically use the information to the firm’s disadvantage. Empirical findings support the 

theory, indicating that proprietary cost concerns reduce firms’ incentive to report their disclosures in 

various contexts, such as management earnings forecasts (Huang et al., 2021), segment reports (Bens 

et al., 2011), and nonfinancial information (Ryou et al., 2022). In a survey conducted by Graham et 

al. (2005), the majority of survey respondents agree that disclosing proprietary information is an 

important barrier to increased voluntary disclosure. Moreover, a few CFOs show reluctance to 

explicitly disclose sensitive proprietary information, even if competitors might infer some details 

 
10 In the 2020 amendments to Reg S-K, Item 101(c) transitioned from a specific list of disclosures to a 

principle-based approach. It offers a non-exclusive list of information that firms should disclose when it is 

material for understanding their business. This includes details about the duration and impact of patents, 

trademarks, licenses, franchises, and concessions within their business descriptions in filings (SEC, 2020). This 

amendment is outside my sample period, so studying the effect of the amendment is outside the scope of this 

thesis. 
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from alternative sources like trade journals or conferences. The survey findings highlight the 

considerable concerns of proprietary costs in constraining voluntary disclosures. 

However, Hughes and Pae (2015) highlight that competition and disclosure involve 

multifaceted dimensions. The direction of the relation between competition and disclosure depends on 

the alignment between the nature of competition and the type of disclosure, especially regarding 

whether product market competitors can gain advantages from such disclosures (Cao et al., 2018). 

Competition with existing rivals and potential rivals differs, as theoretical frameworks suggest that 

firms may choose to disclose their innovations as a strategy to deter potential rivals from entering the 

market (Baker & Mezzetti, 2005).11 Using patent documents as an example, firms may strategically 

publish their patent applications on the USPTO website before the mandated publication timeline 

(Glaeser & Landsman, 2021). The accelerated disclosure allows them to demonstrate their 

competitive advantage to potential rivals in the product market, potentially influencing competitors’ 

decisions regarding pricing or production strategies. Potential rivals, upon recognizing the unique 

value and potential cost advantages associated with patents or patented processes, may be 

discouraged from engaging in direct competition. Glaeser and Landsman (2021) provide empirical 

evidence supporting that firms voluntarily expedite their patent disclosures to deter potential rivals in 

the product market. 

2.5 Technology Spillover 

In contrast to product market competition, which often results in a negative impact through 

business-stealing among existing rivals, technology spillover generates positive externalities by 

encouraging collaboration with compatible peers and facilitating exchanges (Cao et al., 2018; 

Ettredge et al., 2018). Bloom et al. (2013) show that there is an overlap between peer firms in the 

 
11 Anecdotal evidence suggests that firms disclose information to deter potential product market competitors. 

For example, Ford Motor publicly announced its adoption of the moving assembly line process, aiming to 

convey its extremely low production costs to deter potential rivals (Hall et al., 2014). 
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technology space (technology spillover) and peer firms in the product market space (product market 

competition), but these aspects are sufficiently different to allow for empirical analysis.12 

Bloom et al. (2013) identify two conditions necessary for the occurrence of technology 

spillover: technology proximity and complementarity. First, both the focal firm and its peer firms 

must share similar technology classes, indicating closeness in the technology space. Second, the 

knowledge stock of peer firms needs to exceed that of the focal firm, facilitating the knowledge 

inflow from technology peers to the focal firm and thereby enabling knowledge spillover. Assuming 

these conditions are met, technology spillover can occur. Firm 𝑖, operating in Industry 1, utilizes 

narrative innovation disclosures to demonstrate its technological competence. This prompts Firm 𝑗, 

from Industry 2, to engage in licensing agreements with Firm 𝑖, thereby enabling Firm 𝑖 to make 

profits on its innovations. Moreover, such disclosures can serve as signals of willingness for 

collaboration, attracting potential partners like Firm 𝑘 in Industry 3 who seek joint ventures. When 

multiple firms possess similar or related technologies, sharing innovation information can lead to 

synergies, such as joint research projects. Given that Firms 𝑗 and 𝑘 possess larger knowledge stocks, 

Firm 𝑖 benefits from the knowledge inflow from Firms 𝑗 and 𝑘 through collaboration. However, if 

firms choose to free ride without disclosing information, they might miss out on potential benefits and 

synergies. Consequently, the existence of technology spillover enhances firms’ motivation to share 

innovation information and thereby reduces proprietary costs. 

Moreover, empirical evidence indicates a positive relationship between technology spillover 

and firm disclosures. Ettredge et al. (2018) show a positive correlation between technology spillover 

and the transparency of narrative R&D disclosures. Similarly, Cao et al. (2018) identify a positive 

association between technology spillover and disclosures related to product announcements. 

 
12 For example, IBM and Apple, competitors in the personal computer market, also qualify as technology 

spillover peers. However, IBM and Intel are technology spillover peers, despite not competing directly in the 

same product market. Phillips and Segway compete in the hard disk market but originate their technologies 

from different areas. Therefore, Phillips and Segway are product market competitors but are not technology 

spillover peers. See more details in Appendix D of the Supplemental Material provided by Bloom et al. (2013). 
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In summary, existing research highlights firm characteristics, information asymmetry, and 

proprietary costs as key determinants of innovation disclosures (Gu & Li, 2003; Jones, 2007; 

Merkley, 2014). While some initial evidence suggests that exploration-focused (versus exploitation-

focused) firms issue more frequent earnings forecasts and less innovation-related news to meet 

analysts’ information demand by avoiding disclosing proprietary information (Jia, 2017, 2019), the 

specific role of proprietary costs remains an empirical question. My research aims to address this gap 

by examining the differential impacts of product market competition and technology spillover on the 

association between corporate innovation strategy and narrative innovation disclosures. This is 

particularly important due to their contrasting effects on proprietary costs. This nuanced perspective 

adds to the literature on determinants of narrative innovation disclosures. 

2.6 Conclusion 

This chapter reviews the literature on corporate innovation strategy as well as narrative 

innovation disclosures. I discuss the definition and importance of corporate innovation strategy. I also 

discuss narrative innovation disclosures in the 10-K setting. Prior studies on corporate innovation 

strategy focus on its determinants, with increasing interest in its effects. Prior research on narrative 

disclosures focuses on the firm or institutional factors that may affect firms’ disclosure decisions. 

However, there remains a gap in the literature concerning how firms with different innovation 

strategies make disclosure decisions and communicate with investors. This thesis aims to bridge these 

two strands of literature and offer insights into the influence of corporate innovation strategy on 

narrative innovation disclosure decisions within 10-K filings and to assess whether such disclosures 

contribute to investors’ valuation processes. 
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Chapter 3 

Hypothesis Development 

3.1 Introduction 

This chapter examines the overall relation between corporate innovation strategy and 

narrative innovation disclosures. The baseline prediction is that exploration-focused firms provide 

lower narrative innovation disclosure quantity compared to exploitation-focused firms. Specifically, I 

hypothesize that firms with different innovation strategies face differing tradeoffs between proprietary 

costs and information asymmetry. In Section 3.2, I develop this main hypothesis by drawing on the 

related literature reviewed in Chapter 2 and other related theories. I further hypothesize two 

moderating factors of the baseline prediction. In Section 3.3, I predict that the effect of product 

market competition on the quantity of narrative innovation disclosures is more negative for 

exploration-focused firms than exploitation-focused firms. In Section 3.4, I predict that the effect of 

technology spillover on the quantity of narrative innovation disclosures is more positive for 

exploration-focused firms than exploitation-focused firms. I conclude with a summary in Section 3.5. 

3.2 Corporate Innovation Strategy and Narrative Innovation Disclosure Quantity (H1) 

Firms face a tradeoff between disclosing proprietary information and reducing information 

asymmetry with investors (Ellis et al., 2012; Hayes & Lundholm, 1996; Wagenhofer, 1990). 

Narrative innovation disclosures come with associated costs, such as preparation, announcement, 

potential litigation, and the risk of competitors utilizing disclosed proprietary information (Diamond 

& Verrecchia, 1991; Leuz & Verrecchia, 2000; X. Li, 2010). Among various forgone information 

disclosure costs, researchers are particularly concerned with the impact of proprietary costs on 

managers’ disclosure decisions regarding proprietary information (Cao et al., 2018; Glaeser, 2018; 

Huang et al., 2021). However, narrative innovation disclosures offer benefits, including the reduction 

of information asymmetry and lower financing costs. For instance, Gu and Li (2003) find that firms 
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disclose more information about innovative activities when current earnings are less value-relevant or 

future earnings are more uncertain. In order to fulfill the informational purpose of disclosures, 

managers must weigh the costs and benefits, opting to disclose proprietary information when the 

benefits outweigh the costs (Ellis et al., 2012). In such scenarios, managers of firms with different 

innovation strategies may employ different disclosure decisions based on these considerations. 

The extent to which exploration-focused firms benefit from disclosures in mitigating 

information asymmetry relative to exploitation-oriented firms is unclear ex ante. On the one hand, 

March’s (1991) theoretical framework suggests that exploration-focused firms face higher 

information asymmetry with outsiders than do exploitation-focused firms. March (1991) characterizes 

the payoffs associated with exploratory activities as “uncertain, distant, and often negative” (p. 85). 

Therefore, exploratory firms tend to have higher levels of informational opacity and experience 

greater earnings volatility (Jia, 2017). This elevated volatility diminishes the predictive power of 

reported earnings for future performance, resulting in less reliable earnings (Hayn, 1995). While 

innovative firms inherently possess higher information asymmetry than less innovative firms, this 

asymmetry intensifies when firms engage in exploration-focused innovation activities. Moreover, 

exploration-focused firms typically experience a longer time lag before their exploratory innovations 

yield tangible results in terms of operating performance. Therefore, these firms often exhibit poorer 

short-term operating performance compared to their exploitation-focused firms (Fitzgerald et al., 

2021). The inherent risk and uncertainty associated with exploratory innovation make it more 

challenging for investors to accurately predict the financial performance and value of exploration-

focused firms (March, 1991; Rindova & Petkova, 2007). Moreover, prior research finds that 

exploration-focused firms report more conservatively than exploitation-focused firms, as a rational 

response to uncertainty (Yang, 2023). As a result, investors of exploration-focused firms seek more 

information about these innovation activities to better gauge future cash flows and associated 

uncertainty, encouraging managers to provide information. 
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On the other hand, exploitation-focused firms may benefit more from reducing the 

information asymmetry with investors compared to exploration-focused firms. Literature in 

psychology and neuroscience suggests that individuals show a consistent preference for novel and 

salient information, particularly when confronted with complex issues (Bunzeck et al., 2011; Song & 

Schwarz, 2010; Wittmann et al., 2007). Due to these cognitive biases, investors tend to pay more 

attention to radical exploratory innovations than to incremental exploitative innovations (Fitzgerald et 

al., 2021). This limited attention from investors results in stock returns that may not fully reflect all of 

the available information (Cohen & Frazzini, 2008; Da et al., 2014; Huberman & Regev, 2001; 

Klibanoff et al., 1998; Li & Yu, 2012). Consequently, investors place a high value on exploratory 

innovations, which represent breakthroughs that firms have not previously pursued. In contrast, 

incremental exploitative innovations fall within a firm’s established research trajectory, leading 

investors to pay less attention and potentially fail to fully understand their economic significance 

(Fitzgerald et al., 2021). In addition, during a panel discussion on innovation among academics and 

practitioners organized by the Wall Street Journal, Michel M. Liès, the group chief executive of Swiss 

Re, highlighted that exploitative incremental innovation can lead to significant improvements and 

help maintain a firm’s market position while being less visible to investors (WSJ, 2013). Fitzgerald et 

al. (2021) provide empirical evidence supporting this view, indicating that exploitation-focused firms 

have a greater need to provide detailed investor guidance regarding the profitability associated with 

exploitative patents. By providing narrative innovation disclosures, exploitation-focused firms can 

bridge the information gap and signal investors about the potential future profitability arising from 

successful exploitative innovations. 

Based on the mixed theoretical and empirical evidence, it is unclear whether exploration-

focused or exploitation-focused firms provide a higher quantity of narrative innovation disclosures to 

mitigate information asymmetry. It is plausible that exploration-focused firms provide a higher 

quantity of narrative innovation disclosures than exploitation-focused firms to mitigate information 
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asymmetry if the costs of information disclosure for exploration-focused firms are comparable to or 

not greater than those for exploitation-focused firms. 

However, exploration-focused firms may face higher proprietary costs than exploitation-

focused firms. Exploratory innovations are inherently firm-specific, offering a unique market position 

tailored to the firm’s strategic objectives, strengths, and resources. Detailed disclosures about these 

innovations can enable competitors to adapt them to their own context, thereby diluting the disclosing 

firm’s market standing (Cao et al., 2018). The radical nature of exploratory innovation means that it 

has a high potential to achieve a competitive edge. Research suggests that successful exploration may 

result in significant growth in new products and establish a more substantial competitive advantage 

compared to successful exploitation (Jia, 2019). Given the limited public information on exploratory 

innovation, competitors find disclosures from exploration-focused firms particularly valuable (Kaplan 

& Tripsas, 2008; Rindova & Petkova, 2007). Existing competitors may respond to these disclosures 

by quickly replicating or counteracting the innovations, eroding the disclosing firm’s advantage from 

early market entry (Darrough & Stoughton, 1990; Verrecchia, 1983). Consequently, exploration-

focused firms may incur profitability losses from disclosing narrative innovation information. 

Empirical evidence indicates that exploration-focused firms show lower transparency by issuing more 

frequent but less accurate earnings forecasts and releasing less media news about innovation progress 

and objectives (Jia, 2017, 2019). This suggests that for exploration-focused firms, the proprietary 

costs associated with issuing more innovation details outweigh the benefits of reducing information 

asymmetry. In contrast, for exploitation-focused firms, the benefits of reducing information 

asymmetry outweigh the proprietary costs of disclosing information about their incremental 

innovation activities. Assuming that the tradeoff for narrative innovation disclosures follows a similar 

pattern to the tradeoff observed for management earnings forecasts and press news, I posit that 

compared to exploitation-focused firms, exploration-focused firms disclose less narrative innovation 

information to mitigate their higher proprietary costs. 
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Nevertheless, this prediction regarding narrative innovation disclosures may not hold for a 

few reasons. First, it is plausible that managers have incentives to highlight a firm’s exploratory 

innovations to establish their reputation, as these activities attract greater media coverage of both the 

firm and its managers (Raimondo, 2019). Managers may emphasize significant shifts in the 

technological direction of a firm’s innovative efforts in their 10-K filings to show the management 

team’s successful long-term growth strategy to investors, as well as boost investor confidence and 

stock prices (Fitzgerald et al., 2021; Kuhnen & Niessen, 2012). Therefore, managers in exploration-

focused firms may have the incentive to disclose more narrative innovation disclosures. 

Second, the cost-benefit tradeoff for narrative innovation disclosures in the 10-K setting 

might differ from the findings observed for traditional quantitative disclosures (e.g., earnings 

forecasts) or other types of narrative disclosures (e.g., media news; Jia, 2017, 2019). Exploration-

focused firms face higher litigation risks when disclosing information in 10-K filings rather than 

using other voluntary channels, such as media news (Ganguly, 2018; Milstead & Foster, 2024). 

Importantly, regulatory requirements mandate a minimum level of narrative innovation disclosures in 

10-K filings for innovative firms. Investors heavily rely on these filings as a primary source for 

evaluating a firm’s future cash flows and growth potential, underlining the crucial role of narrative 

innovation disclosures in 10-K filings to exhibit transparency. In contrast, while narrative innovation 

disclosures in media news offer greater content and presentation flexibility with reduced legal 

liability, they may not consistently ensure the same level of visibility and credibility as audited 

mandatory 10-K filings. 

In summary, I propose that exploration-focused firms may disclose less narrative innovation 

information compared to exploitation-focused firms. This assumption aligns with patterns observed in 

management earnings forecasts and press releases (Jia, 2017, 2019). However, due to variances in 

litigation risks, regulatory environments, and perceived credibility between 10-K filings and other 

disclosure channels, exploration-focused firms may find 10-K filings a more suitable channel for 
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disclosing innovation-related information. Therefore, my first hypothesis is as follows: 

H1: Firms with a greater focus on exploratory (exploitative) innovations disclose a lower 

(higher) quantity of narrative innovation information. 

3.3 Conditional Analysis: Product Market Competition (H2) 

Theories predict that product market competition from existing rivals discourages disclosures 

(Clinch & Verrecchia, 1997; Hughes & Pae, 2015). Consistent with these theories, empirical evidence 

shows that firms disclose less information as proprietary costs increase due to intensified competition 

from existing rivals (X. Li, 2010). Narrative innovation disclosures, in contrast to earnings forecasts 

as a general-purpose measure of voluntary disclosure (Cao et al., 2018), contain more specific 

proprietary information about their innovation activities, such as objective, progress, expenditure, and 

other innovation-related information (Merkley, 2014). Competing firms in the product market may 

closely follow disclosures made by other firms, enabling them to develop similar products and 

potentially erode the competitive advantage of disclosing firms. 

The adverse impact of product market competition on disclosures can be attributed to the 

motivation of exploration-focused firms to safeguard innovative ideas that are vulnerable to 

replication by competitors. In highly competitive markets, revealing information can erode their 

potential competitive advantages (Cao et al., 2018; Ettredge et al., 2018). In contrast, for exploitation-

focused firms, competition might still reduce some disclosures, but the incremental nature of their 

innovations means that the competitive risk of disclosing information is lower. As a result, the impact 

of competition on reducing disclosures is less pronounced for exploitation-focused firms. Thus, I 

conjecture that as product market competition becomes more intense, exploration-focused firms may 

have a greater incentive to reduce their narrative innovation disclosures to mitigate proprietary costs 

and safeguard their competitive edge. Therefore, I propose the following hypothesis: 

H2: The effect of product market competition on the quantity of narrative innovation 

disclosures is more (less) negative for firms with a greater focus on exploratory (exploitative) 

innovations. 
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3.4 Conditional Analysis: Technology Spillover (H3) 

Differing from product market competition, which yields a negative business-stealing effect 

among existing rivals, technology spillover generates positive externalities by attracting compatible 

partners and facilitating exchanges (Bloom et al., 2013). Futia (1980) posits that product market 

competition eventually erodes the advantages of innovative firms unless these firms continually 

innovate. Technology spillover allows a firm to achieve innovation more efficiently by leveraging the 

research efforts of other firms engaged in similar technologies, thereby reducing the research burden 

on the firm itself (Jaffe, 1986). Furthermore, technology spillover enhances a firm’s research 

capabilities by providing additional resources to compete effectively in its product market (Cao et al., 

2018). Prior research also provides empirical evidence that technology spillover has a positive effect 

on firms’ disclosure decisions (Cao et al., 2018; Ettredge et al., 2018). 

I posit that exploration-focused firms benefit more from the decreased proprietary costs 

associated with technology spillover than exploitation-focused firms. This is because exploration-

focused firms engage in more revolutionary, radical, and creative destruction, granting them a 

competitive advantage in the product market (Jia, 2019). Notably, technology spillover often spans 

across industries rather than being limited solely to a specific industry, thereby reducing the 

likelihood of direct product competition with peers experiencing technology spillover. Exploration-

focused firms, therefore, find value in disclosing information about their technologies, as they can 

benefit from knowledge inflow, technology sales, licensing opportunities, and favorable negotiations 

for strategic alliances when their technology spillover peers possess similar and complementary 

technologies (Arora & Ceccagnoli, 2006; Bena & Li, 2014; Ettredge et al., 2018). In such cases, 

exploration-focused firms can leverage the synergy facilitated by technology spillover, thereby 

reducing their concerns about the proprietary costs of disclosing narrative innovation information. In 

contrast, exploitation-focused firms tend to conduct more conventional and incremental innovation, 

which may yield a different level of synergy from technology spillover than exploration-focused 
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firms. Therefore, I propose that as technology spillover increases, exploration-focused firms are likely 

to have greater incentives to disclose innovation information than exploitation-focused firms to 

receive the benefits brought by technology spillover. Accordingly, I make the following hypothesis: 

H3: The effect of technology spillover on the quantity of narrative innovation disclosures is 

more (less) positive for firms with a greater focus on exploratory (exploitative) innovations. 

3.5 Conclusion 

In this chapter, I develop three hypotheses. I present my first hypothesis of a baseline 

negative association between exploration-focused (versus exploitation-focused) firms and narrative 

innovation disclosure quantity. I present the next two hypotheses on a negative moderating effect of 

product market competition and a positive moderating effect of technology spillover on the baseline 

negative association. 
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Chapter 4 

Research Design 

4.1 Introduction 

In this chapter, I outline the research design for the hypotheses developed in Chapter 3. 

Section 4.2 outlines my data sources and sample selection process. Section 4.3 describes the measures 

of major variables. Section 4.4 introduces the baseline model. Section 4.5 describes the model for 

conditional hypotheses H2 and H3. I conclude with a summary in Section 4.6. 

4.2 Data Sources and Sample Collection 

My sample consists of publicly listed U.S. firms that are actively engaged in innovation. I 

select firms that applied for at least one new patent per year during the period. This selection criterion 

allows me to concentrate on firms that are consistently engaged in innovative activities as their core 

business operations. This approach mitigates operationalization validity issues by avoiding 

assumptions about whether firms without new innovation lean toward exploration or exploitation.13 I 

obtain patent-related data from Stoffman et al. (2022).14 The dataset contains information on all U.S. 

patents granted by the USPTO between 1976 and 2021, including patent and patent citation numbers, 

application (filing) and grant (issue) dates, and technology classes. To mitigate the look-ahead bias, I 

use the patent application year instead of the grant year. Firms have control over the timing of their 

 
13  This method is consistent with prior studies (see Fitzgerald et al., 2021; Jia, 2017, 2018, 2019). One 

alternative approach is to include firms that applied for at least one patent during the sample period and assign 

zeros for firms that did not apply for a patent in a year. This method assumes that firms not receiving patents in 

a particular year prioritized exploitative innovations. A second alternative approach is to include firms that 

applied for at least one patent for at least three years during the sample period and assign zeros for firms that did 

not receive a patent in a year. A third alternative approach is to include firms that applied for at least one patent 

for at least five consecutive years during the sample period and assign zeros for firms that did not receive a 

patent in a year. In robustness tests, I use these three alternative sample selection methods and the results remain 

robust across all methods. 
14 I thank the authors of Stoffman et al. (2022) for making the data publicly available on Mike Woeppel’s 

website at: https://www.mikewoeppel.com/data. 
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patent portfolio applications, but not over when the patents will be granted.15 To address potential 

truncation issues with patent data as it becomes incomplete toward the end of the dataset in 2021, I set 

the last year of my sample period to 2018, providing a three-year buffer.16 To construct measures of 

narrative innovation disclosures, I obtain cleaned (post-stage one parsing) 10-K filings from 1994 to 

2021, sourced from Bill McDonald’s website.17 I start the sample period from 1994 because it is the 

earliest year for which cleaned 10-K filings are available. My sample period is from 1994 to 2018. 

I collect financial statement data from Compustat, stock return data from CRSP, analyst data 

from IBES, and executive compensation data from ExecuComp. My initial sample consists of 21,875 

firm-year observations from 3,589 unique firms. I exclude 790 observations without positive total 

assets and book values of equity (Fitzgerald et al., 2021). I remove 348 observations with a year-end 

share price below $1 (Kim et al., 2011b). I drop 774 financial firms (Standard Industrial 

Classification [SIC] codes 6000 to 6999) due to industry-specific effects in the financial sector 

(Fitzgerald et al., 2021; Jia, 2018). After excluding observations lacking essential data for computing 

variables used in the regression analyses, the final sample consists of 18,560 firm-year observations 

from 3,107 unique firms. Table 1 outlines the sample selection process. 

4.3 Major Variables 

4.3.1 Patent-Based Measure of Corporate Innovation Strategy 

To operationalize the construct of the innovation strategy, which reflects the extent to which 

knowledge utilized in innovation is derived from the firm’s existing knowledge pool, I adopt the 

 
15 This is consistent with Benner and Tushman (2002) and Gao et al. (2018). However, some studies use grant 

years to mitigate the truncation issues that patent data increasingly suffers from missing observations when 

patent application dates move closer to the end of the dataset (Fitzgerald et al., 2021; Jia, 2018). In robustness 

tests, I replace application years with grant years and the results still hold. 
16 The average time from filing a patent application to receiving a patent grant is three years (Cao et al., 2018). 
17  I thank the authors of Loughran and Mcdonald (2016) for making the data publicly available on Bill 

McDonald’s website at: https://sraf.nd.edu/sec-edgar-data/cleaned-10x-files/. 
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approach used in prior research (Fitzgerald et al., 2021; Jia, 2018).18 I measure innovation strategy as 

the overlap between a firm’s citations of new patents applied for in a year and its previous five years’ 

patents and enclosed citations. If the citation in a new patent cannot be matched with past citations or 

patents, it indicates that the firm acquires new knowledge and the citation is categorized as a “new 

citation”. In contrast, if the citation is matched with past citations or patents, it suggests that the firm 

utilizes existing knowledge and the citation is labeled as an “old citation”. For each patent, if the 

majority of the enclosed citations are new (i.e., greater than 80%), I categorize it as an exploratory 

patent. This classification emphasizes patents that primarily draw from new knowledge, reflecting the 

firm’s innovative efforts to expand beyond its existing knowledge base. 

To transition from a patent-level measure to a firm-level measure, I use a continuous 

measure, exploratory patent ratio (ExploreRatio), to assess the firm’s exploratory intensity. 

ExploreRatio is calculated as the total count of exploratory patents applied for in a year divided by the 

total number of patents applied for during the same year.19 This metric indicates a firm’s prioritization 

of exploratory innovations by quantifying the proportion of its patents that are exploratory. A higher 

(lower) level of ExploreRatio indicates a greater focus on exploratory (exploitative) innovations. 

ExploreRatio falls within the range of zero to one, with a value of one (zero) indicating that all 

patents applied for in a year are exploratory (exploitative), representing an exclusive exploration 

(exploitation) strategy. Appendix B provides a more comprehensive calculation process and an 

 
18 While there may be alternative methods to proxy for innovation strategy, the current literature predominantly 

focuses on patent-based measures (Benner & Tushman, 2002; Gao et al., 2018; Lin et al., 2021). In addition to 

using patent citations, an alternative method involves examining patents’ technology classes (Balsmeier et al., 

2017; Fitzgerald et al., 2021). Firms that focus on producing patents in new technological areas are likely to be 

engaging in more exploratory innovation activities. Conversely, firms that file more patents in familiar 

technological classes may rely on their previous patent experience, indicating a tendency to avoid exploratory 

innovation pursuits. Another approach utilizes self-cited patents (Balsmeier et al., 2017; Gao et al., 2018). A 

higher number of self-citations suggests that the firm primarily innovates within its previously known areas of 

expertise, implying a more exploitative innovation strategy. Conversely, fewer self-citations indicate a broader 

exploration into new areas for the firm, indicating a more exploratory innovation strategy. 
19 I use the ratio measure instead of the number of exploratory patents because corporate innovation strategy 

requires firms to navigate a tradeoff between exploration and exploitation. Relying solely on the count of 

exploratory or exploitative patents fails to account for this tradeoff decision. 
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example of Apple’s exploratory patent and corporate innovation strategy.20 

4.3.2 Measure of Narrative Innovation Disclosures 

Following Merkley (2014), I extract narrative disclosures relating to innovation from 10-K 

filings. This involves identifying specific keywords or phrases directly related to innovation activities. 

The purpose of this dictionary is to capture the diverse aspects of a firm’s innovation activities, 

including objectives, progress, funding, collaboration, and facilities in 10-K filings spanning various 

industries and an extended timeframe. Such information is primarily prepared for general 

communications with investors, rather than specialized technological exchanges. To enhance the 

efficiency of this process, I modify Merkley’s (2014) keyword list by stemming and combining 

keywords to capture terms with similar meanings but differing forms. In addition, I supplement the 

list with additional keyword phrases based on my review of 10-K filings (e.g., introduce product, 

technological change). Appendix C provides my keyword list of narrative innovation disclosures. 

I measure narrative innovation disclosures (InvDiscQty) as the natural logarithm of the total 

number of innovation-related sentences in a firm’s 10-K filing (Merkley, 2014).21 I conduct textual 

analysis at the sentence level because of its advantages in capturing variations in tone and content 

within paragraphs. This approach helps minimize noise and improves classification accuracy. 

4.4 Baseline Model 

I estimate the following regression model in Equation (1) to test H1, which examines the 

effect of corporate innovation strategy on firms’ narrative innovation disclosure quantity: 

 
20 This patent-based measure is subject to limitations as it only considers backward citations and does not 

account for the actual influence of the innovation, such as future citations. To improve this measurement, future 

research may consider adjusting for future citations and the scientific value of patents (Kogan et al., 2017). 
21 In the robustness tests, I measure narrative innovation disclosures as the natural logarithm of one plus the 

total number of innovation-related sentences in a firm’s 10-K filing. The results remain consistent. 
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𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑆𝑖𝑧𝑒𝑡−1 + 𝛽3𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽4𝐵𝑇𝑀𝑡−1

+ 𝛽5𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽6𝐿𝑒𝑣𝑡−1 + 𝛽7𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 + 𝛽8𝑅&𝐷𝑡−1 + 𝛽9𝑅&𝐷𝑆𝑞𝑡−1

+ 𝛽10𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽11𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1 + 𝛽12𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1

+ 𝛽13𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽14𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + 𝛽15𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸
+ ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (1) 

The dependent variable, narrative innovation disclosure quantity (InvDiscQty), is the natural 

logarithm of sentences that contain innovation-related information in the 10-K filing.22 The variable 

of interest, exploratory intensity (ExploreRatio), is calculated as the number of exploratory patents 

divided by total patents. Based on the prediction for H1, I expect a negative association between 

InvDiscQty and ExploreRatio, i.e., a negative coefficient of 𝛽1. I include control variables that may 

affect firms’ disclosure choices, including firm performance, disclosure environments, investment 

strategy, and financing incentives. I control for the adjusted return on assets (AdjROA, calculated as 

the net income before R&D expenditure and advertising expenses scaled by lagged total assets) since 

research evidence shows that firms’ narrative R&D disclosures are negatively associated with 

earnings performance (Merkley, 2014). I also include sales growth (Growth, calculated as the year-to-

year percentage change in sales) to control for financial performance. 

Prior research suggests that firms’ size, life cycle (maturity), and external monitoring affect 

the firms’ disclosure environment (Healy & Palepu, 2001; Lang & Lundholm, 1993). I control for the 

following variables: firm size (Size, calculated as the natural logarithm of firms’ total assets), firms’ 

life cycle (FirmAge, calculated as the natural logarithm of the firm’s age), external monitoring 

(AnalystFollow, calculated as the natural logarithm of one plus the number of analysts following), and 

firms’ overall disclosure level, including non-innovation disclosures (NonInvDisc, calculated as the 

natural logarithm of the number of sentences not related to innovation) in 10-K filings and whether 

firms provide innovation disclosures in their prior year’s 10-K filings (PriorInvDisc). Research 

evidence shows that firms with a greater focus on exploratory innovations are more likely to issue 

 
22 In the robustness tests, I replace the measure of the narrative innovation disclosure quantity with the ratio 

measure (calculated as the number of narrative innovation sentences divided by the total number of sentences). 

The results still hold. 
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earnings forecasts (Jia, 2019). Therefore, I control for the alternative channels of disclosure using the 

natural logarithm of one plus the number of management forecasts in the reporting period 

(MgmtForecast) and patenting activities (TotalPatent, calculated as the number of patents granted to 

the firm scaled by lagged total assets; Glaeser & Landsman, 2021; Lehavy et al., 2011; Merkley, 

2014; Nagar et al., 2003).23 Research evidence suggests that firms’ investment mix affects firms’ 

disclosure behaviors (Entwistle, 1999; Kothari et al., 2002). Thus, I control for R&D expenditures 

(R&D, calculated as the R&D expenditure scaled by lagged total assets) and its squared value 

(R&DSq).24 I include firms’ investment activities, capital intensity (CapInt), calculated as the ratio of 

property, plant, and equipment and inventories to lagged total assets, and book-to-market ratio (BTM). 

Lastly, firms with different innovation strategies have different financing incentives 

(Fitzgerald et al., 2021) and prior research suggests that firms adjust their disclosures around capital 

offerings (Lang & Lundholm, 1993). Thus, I control for financial leverage (Lev), calculated as the 

ratio of debt to lagged total assets. I lag independent and control variables (except for the concurrent 

variables NonInvDisc and PriorInvDisc) for one year to alleviate the potential reverse effect of firms’ 

disclosure choices on their innovation strategies.25 I include year and industry fixed effects to control 

for time-variant factors at the macro level that may affect firms’ disclosure decisions and unobserved 

time-invariant factors across industries.26 Appendix D provides detailed definitions of all variables. 

 
23 In the robustness tests, I calculate patenting activities as the natural logarithm of the number of patents 

granted to the firm and the results still hold. 
24 The innovation literature highlights the value of knowledge stocks (Hall et al., 2005). In the robustness tests, I 

compute the R&D stock by aggregating cumulative R&D investments with a 15% annual depreciation rate and 

then scale it by lagged total assets. The patent stock is calculated as the total number of patents applied for up to 

year 𝑡−1 scaled by lagged total assets. I replace the “flow of knowledge” variables (R&D and TotalPatent) with 

the “stock of knowledge” variables (R&D stock and Patent Stock) and the results remain robust. 
25 The results are still robust if using the concurrent independent and control variables. 
26 I do not use firm fixed effects because they treat all sample years of a firm equally, while for disclosure 

decisions, a firm’s behavior in the previous year holds greater relevance than its earlier years’ behavior (Cao et 

al., 2018). Therefore, I control for whether firms disclose narrative innovation disclosures in their previous 

year’s 10-K filings (PriorInvDisc). Moreover, my study focuses more on variations across firms rather than 

within firms and firm fixed effects would eliminate this cross-firm variation. In the robustness tests, I replace 

the industry fixed effect with the firm fixed effect to control for the omitted time-invariant firm characteristics. 

The results remain significant at the 1% level (one-tailed). 
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4.5 Conditional Analysis: Product Market Competition and Technology Spillover 

I estimate the following Equation (2) to examine conditional hypotheses H2 and H3: 

𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑃𝑀𝐶𝐻𝑖𝑔ℎ𝑡−1 or 𝑇𝑆𝐻𝑖𝑔ℎ𝑡−1

+ 𝛽3𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 ∗ 𝑃𝑀𝐶𝐻𝑖𝑔ℎ𝑡−1 𝑜𝑟 𝑇𝑆𝐻𝑖𝑔ℎ𝑡−1 + 𝛽4𝑆𝑖𝑧𝑒𝑡−1

+ 𝛽5𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽6𝐵𝑇𝑀𝑡−1 + 𝛽7𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽8𝐿𝑒𝑣𝑡−1 + 𝛽9𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1

+ 𝛽10𝑅&𝐷𝑡−1 + 𝛽11𝑅&𝐷𝑆𝑞𝑡−1 + 𝛽12𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽13𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1

+ 𝛽14𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1 + 𝛽15𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽16𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡

+ 𝛽17𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (2) 

The moderating variables are product market competition (PMC) and technology spillover 

(TS). I use a firm-level variable developed by Bloom et al. (2013) to capture product market 

competition from existing rivalry (PMC). Using firm-specific product market competition measures 

offers several advantages over industry-level measures such as industry concentration ratios and the 

Herfindahl index (HHI). First, industry-level competition measures may fail to fully account for 

variations in firm-level disclosure decisions. Second, within an industry, larger firms often experience 

different levels of competition compared to smaller ones, which may not be accurately reflected in 

industry-level measures. Third, industry-level measures typically rely on a firm’s primary industry 

classification, potentially overlooking its broader range of operations. For example, while Apple’s 

SEC filing may categorize it under the mobile communication equipment industry (primary SIC code 

= 36), it also operates in the personal computer industry (secondary SIC code = 35).27 In contrast, 

PMC, as a firm-specific measure, considers segment sales across both primary and secondary 

industries, thus providing more comprehensive insights into firms’ operations.28 

I calculate the cosine similarity of sales distribution between the focal firm and its 

 
27 https://www.naics.com/company-profile-page/?co=9957 
28 Current literature introduces alternative firm-specific competition measures. One measure, LLMCompetition, 

introduced by Li et al. (2013), counts the number of competition-related words in a firm’s 10-K report divided 

by the total number of words in the report. Another firm-level competition measure, Fluidity, introduced by 

Hoberg et al. (2014), measures the changes in a firm’s product space due to moves made by its competitors by 

taking the cosine similarity between a firm’s own word-usage vector and the absolute aggregate change in all 

firms’ word-usage vectors. Note that LLMCompetition and Fluidity are based on 10-K disclosures, they might 

overlap with my narrative innovation disclosures. Thus, LLMCompetition and Fluidity might not be ideal 

measures of competition for testing the relation between competition and disclosure, even though they could be 

useful in other settings. 
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competitors in the product market, reflecting the extent of rivalry for the same product space (Bloom 

et al., 2013). First, I assign a product market distribution vector 𝑃𝑖  to each firm 𝑖, which is based on 

the firm’s sales distribution across industry sectors (two-digit SIC codes): 𝑃𝑖 = {𝑝1, 𝑝2, 𝑝3, … , 𝑝𝑛}, 

where 𝑝1  is the average market share of firm 𝑖  based on sales in the first industry sector in the 

previous two years. 29  Second, I calculate the measure of product market similarity 𝑁𝑖𝑗 =

𝑃𝑖
′𝑃𝑗 √𝑃𝑖√𝑃𝑗⁄ , where 𝑁𝑖𝑗  is the cosine similarity approach in Jaffe (1986) between firm 𝑖’s sales 

distribution (𝑃𝑖 ) and firm 𝑗’s sales distribution (𝑃𝑗 ). Third, I multiply product market similarity 

between firm 𝑖 and firm 𝑗 (𝑁𝑖𝑗) with the R&D stock of firm 𝑗 (𝐺𝑗). To calculate the R&D stock of 

firm 𝑗’s technological knowledge, I use the inventory method employed by Hall et al. (2005). I 

calculate firm 𝑗’s imputed R&D stock in year 𝑡 as the R&D expense in year 𝑡 plus the depreciated 

R&D stock in year 𝑡 −1, where the depreciation rate is 15% (δ = 0.15): 𝐺𝑗𝑡 = 𝑅&𝐷𝑗𝑡 + (1 − δ)𝐺𝑗𝑡−1. 

Fourth, I aggregate all multiples and take the natural logarithm to construct the product market 

competition for firm 𝑖  in year 𝑡 : 𝑃𝑀𝐶𝑖 = Log(1 + ∑ 𝐺𝑗𝑁𝑖𝑗𝑗≠𝑖 ) . A higher PMC value indicates a 

greater overlap between the sales distributions of the focal firm and other firms across product 

industries, indicating intensified product market competition. To enhance the interpretation of the 

moderating effect, I rank the sample based on PMC and create an indicator variable, PMCHigh, with 

a value of one if PMC exceeds the median and zero otherwise. Based on the H2 prediction, I expect a 

more adverse effect of product market competition on exploration-focused firms, i.e., a negative 

coefficient of 𝛽3 on the interaction term. 

In contrast, technology spillover (TS) measures the firm’s ability to benefit from the 

technological knowledge generated by its peers. I follow Bloom et al. (2013) and use a firm-level 

variable to capture TS. Firm 𝑖 benefits from the technology spillover from firm 𝑗 when firm 𝑖 and firm 

 
29 I use the average market share of firms based on sales in the industry sectors over the previous two years to 

better reflect fast changes in the product market landscape of R&D firms (Cao et al., 2018). As a robustness 

check, I use a longer period of the previous five years (Qiu & Wan, 2015) and the result still holds. 
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𝑗 use similar technologies and when the stock of knowledge in firm 𝑗 is larger than that of firm 𝑖 

(𝐺𝑗𝑡 > 𝐺𝑖𝑡). I calculate the technological similarity between firms 𝑖 and 𝑗 to measure the ability of 

firm 𝑖  to benefit from firm 𝑗 ’s technology through learning. I follow Jaffe (1986) and calculate 

technological similarity based on firm’s patent distributions across technology classes. First, I assign 

a technology distribution vector 𝑆𝑖 to firm 𝑖, which is based on the firm’s patent distribution across 

673 technology subclasses in the Cooperative Patent Classification (CPC). 𝑆𝑖 = {𝑠1, 𝑠2, 𝑠3, … , 𝑠673}, 

where 𝑠1 is the proportion of patents held by firm 𝑖 in the first technology subclass in the previous 

five years. Second, I calculate the measure of technological similarity 𝑀𝑖𝑗 = 𝑆𝑖
′𝑆𝑗 √𝑆𝑖√𝑆𝑗⁄ , where 𝑀𝑖𝑗  

is calculated using the cosine similarity approach that measures the ability of firm 𝑖 to take advantage 

of technological knowledge developed by firm 𝑗. Third, I multiply technological similarity between 

firm 𝑖 and firm 𝑗 (𝑀𝑖𝑗) with the R&D stock of firm 𝑗 (𝐺𝑗𝑡). Fourth, I aggregate the multiples across all 

firms 𝑗 (𝑗 ≠ 𝑖), scaled by firm 𝑖’s own R&D stock, and take the natural logarithm to construct the 

technology spillover for firm 𝑖  in year 𝑡 : 𝑇𝑆𝑖𝑡 = Log(1 + ∑ 𝐺𝑗𝑀𝑖𝑗𝑗≠𝑖 /𝐺𝑖) . A higher TS value 

suggests that a firm is exposed to greater knowledge inflow and increased technology spillover. 

TSHigh is an indicator that equals one if TS exceeds the median and zero otherwise. Based on H3’s 

prediction, I anticipate a more favorable effect of technology spillover on exploration-focused firms 

(i.e., a positive coefficient of 𝛽3). I lag both explanatory and control variables by one year. All control 

variables and fixed effects are explained in Section 4.4. 

4.6 Conclusion 

In summary, this chapter presents the research design for hypotheses. I describe my sample 

selection process, the measures of major variables, and the regression models for my baseline and 

conditional hypotheses. Equation (1) is used to test H1 and Equation (2) is used to test H2 and H3. 
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Chapter 5 

Empirical Analysis of the Effect of Corporate Innovation Strategy on 

Narrative Disclosures 

5.1 Introduction 

In this chapter, I test my main hypothesis on the association between corporate innovation 

strategy and narrative innovation disclosures and two conditional hypotheses about the moderating 

effects of product market competition and technology spillover. Section 5.2 reports the descriptive 

statistics for the sample firms and the out-of-sample firms. Section 5.3 reports the results of the 

univariate analysis. Section 5.4 provides the results of the baseline hypothesis (H1). Section 5.5 

reports the results of employing propensity score matching, instrumental variables, change 

specification, and exogenous shock to strengthen causal effects and mitigate endogeneity issues. 

Section 5.6 provides the results of conditional hypotheses (H2 and H3). In Section 5.7, I perform 

several tests to ensure the robustness of the measures of innovation strategy and narrative innovation 

disclosures. I conclude this chapter in Section 5.8. 

5.2 Descriptive Statistics 

Panel A of Table 2 presents the sample distribution by industry, utilizing the two-digit SIC 

code. The Electronic and Other Electric Equipment sector (SIC code 36) holds the most significant 

representation, followed closely by Chemicals and Allied Products (SIC code 28), Instruments and 

Related Products (SIC code 38), Industrial Machinery and Equipment (SIC code 35), and Business 

Services (SIC code 73) sectors. These industries are frequently related to intensified innovative 

activities and patent production.30 Panel B shows the average (median) ExploreRatio across two-digit 

SIC classifications of industries. The data reveals substantial variations in exploratory intensity across 

 
30 The distribution of my sample is comparable to that of prior studies (e.g., Jia, 2017, 2018, 2019), which 

enhances the credibility of my findings in relation to previous research. 
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these industries, with averages (medians) ranging from 0.381 (0.333) to 0.631 (0.667).31 

Figure 1 illustrates the sample distribution across years, which reveals a gradual upward trend 

without notable dominance by a specific year.32 Figure 2 shows the trends in the average number of 

total patents and exploratory patents applied for by firms across years. An upward trend in total 

patents indicates that patenting remains a prevalent method for safeguarding intellectual property. The 

average number of exploratory patents exhibits relative stability with a gradually increasing trend. 

Figure 3 shows the trend of average innovation strategy with exploratory intensity across 

years. The average exploratory intensity shows a declining trend over time. This pattern aligns with 

expectations, as obtaining exploratory patents is generally easier when there are relatively few 

existing patents. As the number of patents increases over the years, the opportunity and ease of 

securing exploratory patents may diminish, leading to a downward trend in exploratory intensity. 

Figure 4 illustrates the trends of the average number of narrative innovation sentences and the 

average percentage of narrative innovation sentences as a proportion of total sentences in 10-K filings 

over time. The length of narrative innovation sentences (also the untabulated length of 10-K filings) 

shows substantial increases over the years. This growth can be attributed partially to the increasing 

complexity of the operating and reporting environment. Additionally, Reg S-K specifies elements for 

registrant disclosures, including new products and intellectual property. Moreover, the lengthening of 

narrative innovation sentences is influenced by the tendency of firms to add new information without 

necessarily removing outdated content, a phenomenon known as the stickiness of disclosures in 10-K 

filings (Brown & Tucker, 2011). The trend line of the average narrative innovation sentence ratio also 

demonstrates an upward trajectory over time. 

Panel A of Table 3 presents the summary statistics for the key variables of sample firms over 

 
31 In untabulated results, I observe differences in the quantity of narrative innovation across various innovation-

intensive industries. 
32 I observe a significant increase in sample observations in 2003, which may be due to a surge in 10-K filings. 
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the period from 1994 to 2018.33 The average (median) exploratory intensity (ExploreRatio) is 0.537 

(0.519). The average (median) firm in the sample shows a narrative innovation disclosure quantity of 

4.046 (4.094) and a non-narrative innovation disclosure quantity in 10-K filings of 7.237 (7.260). On 

average, 85.5% of sample firms disclose innovation-related information in their prior year’s 10-K 

filings. The product market competition (PMC), which measures the intensity of competition among 

existing rivals for the same product space, shows a mean (median) of 10.975 (11.895). Technology 

Spillover (TS) measures the positive externality that firms can obtain given the technological 

investment in patents by peers, with a mean of 5.445 and a median of 6.059. The innovative firms 

have a mean (median) Size of 6.607 (6.479), a book-to-market ratio (BTM) of 0.457 (0.369), capital 

intensity (CapInt) of 0.328 (0.296), sales growth (Growth) of 0.172 (0.071), and a leverage ratio (Lev) 

of 0.198 (0.149). R&D has an average (median) of 0.107 (0.057), while the adjusted return-on-assets 

(AdjROA) has an average (median) of 0.087 (0.094).34 

Table 3, Panel B provides the summary statistics for raw measures of sample firms. The 

average (median) of the total number of patents (CountTotalPatent) that a firm applied for per year is 

60 (7), with 24 (3) exploratory patents (CountExplorePatent).35 The average (median) length of 10-K 

filings is 1,661 (1,518) sentences (TotalSent). I modify the keyword list from Merkley et al. (2014) by 

stemming and re-ordering keyword combinations, as well as adding new keywords based on reading 

10-K filings. The average (median) number of narrative innovation disclosure sentences (InvSent) is 

98 (60), comprising 5.9% (4.0%) of the total disclosures in 10-K filings. In comparison, firms 

disclose an average (median) of 43 (25) R&D-related sentences (InvSentMerkley) based on Merkley’s 

list, representing 2.6% (1.6%) of the total 10-K disclosures. My modified keyword list captures a 

 
33 I do not winsorize all continuous variables as this procedure modifies the tail distribution and can affect the 

randomness of the sample. Instead, to minimize the influence of outliers, I winsorize BTM and Growth at the 1st 

and 99th percentiles. In the robustness tests, I winsorize all continuous variables and the results still hold. 
34 The sample distribution is consistent with those in prior papers (e.g., Fitzgerald et al., 2021; Jia, 2017, 2018). 
35 Given the potential skewness in patent data, I perform the subsample analysis focusing on extreme cases in 

Section 5.7.1. 
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broad range of narrative innovation disclosure sentences, including R&D, product development, and 

technology enhancement. This shows that narrative innovation disclosures account for a substantial 

portion of 10-K filings, which is especially significant considering that managers have the discretion 

to disclose only the minimum amount of information. On average (median), 10 (7) analysts 

(AnalystFollowRaw) follow the sample firms, while managers (MgmtForecastRaw) issue 1 (0) 

forecast per year. These sample firms have been publicly listed (FirmAgeRaw) for an average 

(median) of 24 (18) years. All raw measures are defined in Appendix D. 

Panels C and D of Table 3 provide the summary statistics for out-of-sample firms that did not 

apply for any patents in a year. In Panel C, out-of-sample firms are relatively smaller than sample 

firms, with an average (median) Size of 5.897 (5.826). The average (median) out-of-sample firms 

disclose less innovation-related information, with 2.803 (2.833) and non-narrative innovation 

disclosures in 10-K filings of 7.140 (7.166). On average, 81.4% of out-of-sample firms disclose 

innovation-related information in their prior year’s 10-K filings. The product market competition 

(PMC) is also less intense in out-of-sample firms, which have a mean (median) of 9.893 (10.834). In 

addition, the average (median) out-of-sample firms have a book-to-market ratio (BTM) of 0.588 

(0.501), capital intensity (CapInt) of 0.434 (0.398), sales growth (Growth) of 0.309 (0.065), and a 

leverage ratio (Lev) of 0.242 (0.187).36  The adjusted return-on-assets (AdjROA) has an average 

(median) of 0.050 (0.056). Noticeably, R&D expense (R&D) for out-of-sample firms is 0.038 (0), 

which is significantly lower than that of innovation-active firms. 

Table 3, Panel D provides the summary statistics for raw measures of out-of-sample firms. 

The length of 10-K filings (TotalSent) for out-of-sample firms is 1,482 (1,331) sentences, which is 

comparable to sample firms. The number of narrative innovation disclosures using Merkley’s 

keyword list (InvSentMerkley) shows that out-of-sample firms disclose 15 (6) R&D-related sentences, 

representing 1.0% (0.5%) of the total disclosures in 10-K filings. The number of narrative innovation 

 
36 CapInt is winsorized at the 1st and 99th percentiles to minimize the influence of outliers. 
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disclosure sentences using my modified keyword list (InvSent) for out-of-sample firms is 36 (17), 

representing 2.4% (1.3%) of the total disclosure sentences in 10-K filings. This proportion is 

significantly lower compared to that of sample firms. These findings align with the notion that out-of-

sample firms engage in and disclose fewer innovative activities than their innovation-active 

counterparts. On average (median), 6 (4) analysts (AnalystFollowRaw) follow the out-of-sample firms 

and managers (MgmtForecastRaw) issue 1 (0) forecast per year. These out-of-sample firms have been 

publicly listed (FirmAgeRaw) for an average (median) of 21 (17) years. 

In Panel E of Table 3, I categorize firms into three portfolios based on the 30th and 70th 

percentiles of their exploratory intensity (ExploreRatio) measured in year t−1. On average, these 

portfolios consist of 5,568, 7,239, and 5,753 firms in the low, middle, and high exploratory-focus 

categories, respectively. The average Size of firms in each portfolio is 6.267, 7.266, and 6.106 

respectively. Among firms actively involved in innovation and patent activities, smaller firms tend to 

be more exploration-focused than larger firms. Moreover, there is significant variation in the 

exploratory intensity across the portfolios. In particular, the average exploratory intensity in the low 

ExploreRatio group is 0.101, while the average value in the high group is 0.962. Also, I observe that 

firms with higher exploratory focus tend to exhibit lower R&D intensity (0.085) and produce fewer 

patents (0.027) compared to firms with higher exploitative focus with R&D intensity of 0.145 and 

patents of 0.059. These findings align with prior research (Fitzgerald et al., 2021). One plausible 

explanation is the lower frequency of breakthroughs in exploratory innovation compared to the 

incremental improvements in exploitative innovation. Exploratory innovation can also be more 

challenging to scale up and typically carries a higher failure-to-success ratio (Jia, 2017). Narrative 

innovation disclosures (InvDiscQty) are lower in the high exploratory-focus group (3.675) than in the 

low exploratory-focus group (4.452), which provides preliminary evidence supporting my prediction 

that exploration-focused firms tend to disclose a lower quantity of narrative innovation information. 

Table 4 presents the correlation matrix of major variables. Using Pearson correlation (lower 



 

50 

left) as an example, I observe a negative correlation between ExploreRatio and InvDiscQty with a 

coefficient of –0.297, which is consistent with my prediction that firms with a greater focus on 

exploratory activities tend to provide lower narrative innovation disclosure quantity than firms with a 

greater focus on exploitative activities. I also find a positive but weak correlation between PMC and 

TS with a coefficient of 0.089, showing that although there is overlap between peer firms in the 

technology space and peer firms in the product market space, they are sufficiently different to allow 

for empirical analysis (Bloom et al., 2013). This preliminary evidence reinforces the notion that PMC 

and TS represent distinct constructs. Moreover, I find a positive correlation between R&D and 

InvDiscQty with a coefficient of 0.497, suggesting that firms with higher R&D expenses tend to 

disclose more innovation-related information in 10-K filings. I also observe a negative relation 

between AdjROA and InvDiscQty, consistent with research evidence that firms’ narrative innovation 

disclosures are negatively associated with earnings performance (Merkley, 2014).37 

5.3 Univariate Analysis 

Table 5 presents the univariate analysis for two sample groups categorized by firms’ 

exploratory intensity and examines the correlation between a firm’s innovation strategy and firm 

characteristics. I divide firms into two groups based on whether their exploratory intensity 

(ExploreRatio) measured in year 𝑡−1 falls above or below the median (ExploreHigh). On average, 

firms with above-median exploratory intensity report 4.5% of narrative innovation disclosures in 10-

K filings, whereas firms below-median report 7.2% of narrative innovation disclosures (untabulated). 

This comparison suggests that firms with above-median exploratory intensity report 2.7% less 

narrative innovation disclosure quantity than those below-median (p-value < 0.001). In addition, I 

observe that firms with above-median exploratory intensity report lower R&D expenses (p-value < 

0.001) and hold fewer patents (p-value < 0.001). Overall, the univariate results are consistent with my 

 
37 The variance inflation factors (VIFs) in my regressions are no greater than 4, which is well below the 

suggested multicollinearity problem threshold of 10 (Gujarati, 1995). 
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H1, suggesting that firms with a greater focus on exploratory activities tend to provide lower narrative 

innovation disclosure quantity than firms with a greater focus on exploitative activities. 

5.4 Baseline Result (H1) 

My H1 predicts a negative association between firms’ innovation strategy of focusing more 

on exploratory innovations and their narrative innovation disclosures. To test this hypothesis, I 

estimate an OLS model that regresses the quantity of firms’ narrative innovation disclosures 

(InvDiscQty) on firms’ exploratory intensity (ExploreRatio), using Equation (1). I control factors 

related to innovation-related disclosures, or both innovation disclosures and innovation strategy. 

In Table 6, Columns (1) to (3) report the results for regressions with different control 

variables and fixed effects. Across all columns, the coefficients on ExploreRatio are significantly 

negative at the 1% level. Column (1) shows the results of the baseline model after controlling for year 

and industry fixed effects (coefficient = –0.428). Columns (2) and (3) show the results including 

control variables and further including fixed effects (coefficients = –0.461 and –0.265). The results 

have economic significance (e.g., Column [3]): for every one percent increase in exploratory 

innovation intensity, firms decrease their narrative innovation disclosure quantity in 10-K filings by 

27%. Overall, the results align with my prediction for H1, suggesting that exploration-focused firms 

disclose less narrative innovation information compared to exploitation-focused firms. 

My regression model includes R&D expenses to control for proprietary costs. In Column (3), 

the coefficient on R&D is positive and significant, while the coefficient on R&DSq is significantly 

negative at the 1% level. The coefficients on the two R&D variables (R&D and R&DSq) are 

consistent with Merkley (2014), suggesting a non-linear effect of R&D expenditures on narrative 

innovation disclosures. Moreover, firms’ adjusted return on assets (AdjROA), sales growth (Growth), 

and overall disclosure level (NonInvDisc) are associated with increased narrative innovation 

disclosures. Although AdjROA and InvDiscQty show a negative correlation in Table 4, I observe a 
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positive relation in baseline regression results. This indicates that firms with higher AdjROA may be 

financially robust and more likely to communicate their innovation activities with investors. Firms 

experiencing high sales growth may find it beneficial to highlight their innovation efforts to sustain 

the growth. Firms that generally disclose more information may have a more transparent disclosure 

environment, which leads them to disclose more about their innovation activities. 

I find negative relationships between narrative innovation disclosure and firm size (Size), 

book-to-market ratio (BTM), capital intensity (CapInt), as well as leverage (Lev). I observe that firms 

with larger sizes tend to disclose less narrative innovation information. This phenomenon may be 

attributed to the prevalence of innovation-intensive industries, such as electronics, chemicals, and 

measuring (SIC 36, 28, and 38, respectively), where firms typically exhibit smaller sizes relative to 

the industry average. Firms with higher book-to-market ratios (BTM), which are typically more 

growth-oriented innovative firms, tend to disclose less narrative innovation information. Firms with 

higher capital intensity (CapInt) might invest significantly in technological infrastructure and 

factories and disclose less to protect their innovation activities. Firms with higher leverage (Lev) may 

disclose less to maintain their financial stability and manage debt obligations. I also find a negative 

effect of firms’ life cycle (FirmAge) on narrative innovation disclosures. Older firms, particularly 

those in mature stages of their life cycle, may prioritize stability over innovation. Firms tend to 

provide more narrative innovation disclosures under external monitoring as measured by the number 

of analysts following (AnalystFollow). 

5.5 Endogeneity Issue of H1 

5.5.1 Propensity Score Matching 

Although I control for factors that may influence disclosure choices, including firm 

performance, disclosure environments, investment strategy, and financing incentives, as well as 

incorporate year, industry, and/or firm fixed effects, I cannot rule out the possibility of potential 
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endogeneity problems caused by selection bias due to observables (Tucker, 2011). It is possible that 

firms’ total patents affect firms’ innovation strategy and firms with an exploration focus have fewer 

patents than firms with an exploitation focus. To reduce the bias of observable factors such as control 

variables on firms’ innovation strategies, I set the indicator variable ExploreHigh to identify the 

treatment group, assigning it a value of one if ExploreRatio exceeds the sample median and zero 

otherwise. Then, I use the propensity score matching (PSM) method to compare two highly similar 

groups of firms across observable dimensions. To find a control group that is as similar as possible to 

the treatment group, I use a year-by-year and one-on-one method for matching.38 I use the control 

variables from Equation (1) as matching variables and estimate the propensity score for each 

observation using a logit regression. The single nearest-neighbor approach is utilized to identify the 

control group, allowing for the calculation of the average treatment effect for the treated value. 

Table 7, Panel A compares firm characteristics in a t-test for treatment (firms with higher 

exploratory intensity, ExploreHigh = 1) and matched control firms (firms with higher exploitative 

intensity, ExploreHigh = 0). Insignificant differences in variables between the treatment and control 

firms in the matched sample confirm the success of the matching process. Panel B shows the H1 

results using the PSM sample. Notably, Column (1) shows the result using the indicator ExploreHigh 

as the independent variable, with a coefficient of −0.150 at the 1% level. Column (2) shows the result 

using the continuous ratio ExploreRatio as the independent variable, with a coefficient of −0.273 at 

the 1% level. I find that exploration-focused firms tend to disclose less narrative innovation 

information compared to exploitation-focused firms in the matched sample, suggesting that my 

findings are robust against the endogeneity issue of sample self-selection based on observables. 

 
38 In an alternative method for PSM, I estimate a logit model to predict firms with higher exploratory intensity 

versus firms with higher exploitative intensity based on a vector of firm characteristics and controlled by year 

and industry fixed effects. I then implement nearest-neighbor matching without replacement within a caliper of 

0.03 to select benchmark observations. The result is still robust at the 1% level. 
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5.5.2 Instrumental Variables 

To mitigate potential issues related to correlated omitted variables and to enhance the 

reliability of causal inferences drawn from the baseline results, I implement two instrumental 

variables (IVs): the availability of patent practitioners (attorneys and agents) where the firm’s 

headquarters are located and the industry average of exploratory intensity (Huang et al., 2021). Patent 

practitioners play a crucial role in advocating for clients’ inventions and persuading the USPTO to 

grant patents. They should have adequate knowledge of technology to understand the invention and 

protect clients’ innovation activities (De Rassenfosse et al., 2023). I posit that the availability of 

patent practitioners might affect firms’ innovation strategy through their involvement in innovation 

and patent activities. However, it is unlikely that the availability of patent practitioners directly affects 

firms’ innovation disclosures. I use the variable, PatentPractitioner, which counts the number of 

patent practitioners within each state from the USPTO.39 

Furthermore, I follow a common approach in the accounting literature that uses the industry 

average of the variable of interest as the second instrument, ExploreRatioIndAvg (Huang et al., 2021; 

Jia, 2017). Industry-level factors may indirectly influence firms’ disclosure behaviors through firms’ 

innovation strategies, although there is no direct evidence suggesting that industries prioritizing 

exploratory innovations provide fewer innovation disclosures. All variables are defined in Appendix 

D. I estimate the following two-stage least squares (2SLS) model using Equations (3.1) and (3.2): 

𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1

= 𝛽0 + 𝛽1𝐼𝑉𝑠𝑡−1 + 𝛽2𝑆𝑖𝑧𝑒𝑡−1 + 𝛽3𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽4𝐵𝑇𝑀𝑡−1

+ 𝛽5𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽6𝐿𝑒𝑣𝑡−1 + 𝛽7𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 + 𝛽8𝑅&𝐷𝑡−1 + 𝛽9𝑅&𝐷𝑆𝑞𝑡−1

+ 𝛽10𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽11𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1 + 𝛽12𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1

+ 𝛽13𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽14𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + 𝛽15𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡

+ ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (3.1) 

 
39  This data is available from 2006 to 2018 at: https://www.uspto.gov/learning-and-resources/patent-and-

trademark-practitioners. 
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𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1
̂ + 𝛽2𝑆𝑖𝑧𝑒𝑡−1 + 𝛽3𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽4𝐵𝑇𝑀𝑡−1

+ 𝛽5𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽6𝐿𝑒𝑣𝑡−1 + 𝛽7𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 + 𝛽8𝑅&𝐷𝑡−1 + 𝛽9𝑅&𝐷𝑆𝑞𝑡−1

+ 𝛽10𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽11𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1 + 𝛽12𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1

+ 𝛽13𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽14𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + 𝛽15𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡

+ ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (3.2) 

Table 8 presents the results of the 2SLS analysis. Both IVs are lagged by one year. The first 

instrument is PatentPractitioner and the coefficient on this instrument (−0.006) in the first stage is 

significantly negative at the 1% level. 40 This aligns with the argument that firms may face higher 

competition for innovation with a greater number of patent attorneys in a particular area. Thus, firms 

may be incentivized to protect their current innovations by focusing more on exploitative innovation 

activities and less on exploratory innovation activities. The second instrument, ExploreRatioIndAvg, 

shows a significantly positive coefficient (0.949) at the 1% level in the first stage. This aligns with the 

notion that firms have incentives to conduct more exploratory innovation activities if the industry 

averages also emphasize exploratory innovation activities. 

The predicted value of the instrumental variables from the first stage is used in the second 

stage to examine the relation between firm innovation strategy and narrative innovation disclosures. 

In the second stage, the coefficient on ExploreRatio (−0.195) is negative and significant at the 1% 

level (one-tailed), which is consistent with my baseline findings. 

5.5.3 Change Specification 

To enhance causal inference and address potential reverse causality issues in my thesis, I 

employ a change specification analysis. This method allows for the investigation into the dynamic 

relationship between firms’ innovation strategies and their disclosure decisions, focusing on how 

shifts in innovation strategies relate to changes in disclosure choices over time. Building on prior 

research highlighting the enduring nature of innovative activities (Nikolaev & Van Lent, 2005), I 

recognize that a firm’s innovation strategy tends to persist longitudinally. Thus, the intensity of 

 
40 The results still hold if using the patent practitioner measure (PatAttorney) from Huang et al., (2021). I thank 

the authors for sharing the data. 
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exploration and exploitation in the current year may be influenced by past trends. To implement this 

approach, I use a four-year window in Equation (4) of the change specification, examining the 

connection between shifts in a firm’s innovation strategy and corresponding changes in narrative 

innovation disclosures. 41  The dependent variable represents the change in narrative innovation 

disclosures from year 𝑡−4 to year 𝑡. Both independent and control variables are lagged by one year, 

capturing changes from year 𝑡−5 to year 𝑡−1. 

∆𝑡−4
𝑡 𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦

= 𝛽0 + ∆𝑡−5
𝑡−1𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜 + ∆𝑡−5

𝑡−1𝛽2𝑆𝑖𝑧𝑒 + ∆𝑡−5
𝑡−1𝛽3𝐴𝑑𝑗𝑅𝑂𝐴 + ∆𝑡−5

𝑡−1𝛽4𝐵𝑇𝑀

+ ∆𝑡−5
𝑡−1𝛽5𝐶𝑎𝑝𝐼𝑛𝑡 + ∆𝑡−5

𝑡−1𝛽6𝐿𝑒𝑣 + ∆𝑡−5
𝑡−1𝛽7𝐺𝑟𝑜𝑤𝑡ℎ + ∆𝑡−5

𝑡−1𝛽8𝑅&𝐷 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸
+ ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (4) 

Table 9 reports the results of changes in firms’ exploratory intensity and narrative innovation 

disclosure quantity over four years. In Columns (1) to (3), the coefficients on the overall changes in 

ExploreRatio (−0.093, −0.103, and −0.073, respectively) during this window are negative and 

significant at the 5% and 1% levels (one-tailed) in Columns (1) and (2), respectively. These results 

suggest that an increased intensity of exploratory innovation is associated with a subsequent reduction 

in firms’ narrative innovation disclosures. I further divide the sample into cases with positive changes 

in ExploreRatio in Columns (4) to (6) and negative changes in ExploreRatio in Columns (7) to (9). 

Results in Columns (4) to (6) provide some evidence that an increased emphasis on exploratory 

innovation is associated with a subsequent reduction in firms’ narrative innovation disclosures. In 

Columns (7) and (9), Although I find positive coefficients on negative changes in ExploreRatio, they 

are not statistically significant. The lack of significance may be attributed to the challenges of 

capturing disclosure behaviors over an extended time frame. Overall, the results indicate that 

managers become more attentive to proprietary costs when transitioning toward a more exploration-

focused strategy, suggesting a dynamic causal relationship is, to some extent, in effect. 

 
41  In the robustness tests, I also utilize three-year and five-year change window periods. The results are 

qualitatively hold. 
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5.5.4 Exogenous Shock: Regulation Fair Disclosure 

Private communications serve as a natural alternative to public disclosures and prove 

particularly valuable when a firm is actively involved in significant innovation activities (Hutton, 

2005; Wang, 2007). The enactment of Regulation Fair Disclosure (Reg FD) in October 2000 prevents 

private disclosures by public firms to market professionals and certain shareholders. Reg FD does not 

prohibit the disclosure of information but requires that the information is accessible to all parties. 

Nevertheless, if channels for private disclosures are constrained, the increased demand for 

information, especially in the context of innovation activities, can only be satisfied through public 

channels. If narrative innovation disclosures contain lower proprietary costs for exploitation-focused 

firms relative to exploration-focused firms, I might observe an increase in such disclosures for 

exploitation-focused firms and a decrease for exploration-focused firms. 

Prior studies find evidence of the positive effect of the enactment of Reg FD on corporate 

disclosures. Bailey et al. (2003) and Heflin et al. (2003) find that issuances of earnings forecasts 

increase in the post-Reg FD period. Huang et al. (2021) find that there is a notable increase in 

management forecasts following successful innovation outcomes after the adoption of Reg FD. In line 

with the concept that limitations on private communications lead to increased disclosures with no or 

low proprietary costs, investors may expect exploitation-focused firms to provide more transparent 

and detailed disclosures to validate their incremental and exploitative innovation activities as well as 

future profitability opportunities. However, exploration-focused firms may be perceived as more risky 

investments with higher proprietary costs and therefore may not increase disclosures after the 

enactment of Reg FD. 

To examine the impact of Reg FD, I use an indicator variable, PostRegFD, which takes the 

value of one for firm years from 2001 onwards and zero otherwise, and its interactions with 

ExploreRatio. All other variables are defined in Appendix D. I estimate the model in Equation (5): 
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𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑃𝑜𝑠𝑡𝑅𝑒𝑔𝐹𝐷𝑡 + 𝛽3𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1

∗ 𝑃𝑜𝑠𝑡𝑅𝑒𝑔𝐹𝐷 + 𝛽4𝑆𝑖𝑧𝑒𝑡−1 + 𝛽5𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽6𝐵𝑇𝑀𝑡−1 + 𝛽7𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1

+ 𝛽8𝐿𝑒𝑣𝑡−1 + 𝛽9𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 + 𝛽10𝑅&𝐷𝑡−1 + 𝛽11𝑅&𝐷𝑆𝑞𝑡−1

+ 𝛽12𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽13𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1 + 𝛽14𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1

+ 𝛽15𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽16𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + 𝛽17𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸
+ ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (5) 

The results are reported in Table 10. As expected, I observe negative and significant 

coefficients on the main effect of ExploreRatio. Also, the coefficients on PostRegFD show an 

increase in narrative innovation disclosures in the main effect. The coefficients on the interaction 

term, ExploreRatio * PostRegFD, are negative and significant. The results suggest that after the 

adoption of Reg FD, exploitation-focused firms with lower proprietary costs increased their narrative 

innovation disclosures, while exploration-focused firms with higher proprietary costs decreased their 

narrative innovation disclosures. 

5.6 Conditional Analysis (H2 and H3) 

Table 11 reports the results of testing H2 and H3, which predict the moderating effects on the 

relation between a firm’s innovation strategy and narrative innovation disclosures. The main effects 

of the independent variable, ExploreRatio, are significant and negative across all columns (–0.232, –

0.352, and –0.314), at the 1% level. Column (1) shows the results of H2, which predicts that the effect 

of product market competition is more negative on exploration-focused firms than on exploitation-

focused firms. The coefficient on the interaction term, ExploreRatio * PMCHigh, is significantly 

negative (–0.070) at the 5% level (one-tailed). Column (2) reports the results of H3, which predicts a 

more positive effect of technology spillover on narrative innovation disclosures for exploration-

focused firms than for exploitation-focused firms. The coefficient on the interaction term, 

ExploreRatio * TSHigh, is positive (0.170) and significant at the 1% level. 

Column (3) presents the results that include both product market competition and technology 

spillover and their interaction terms with ExploreRatio. The coefficient on the interaction term, 

ExploreRatio * PMCHigh, is significantly negative (–0.090) at the 1% level (one-tailed) and 
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ExploreRatio * TSHigh is significantly positive (0.179) at the 1% level. These findings hold 

economic significance, suggesting that as product market competition intensifies from low to high, 

firms reduce their narrative innovation disclosures in their 10-K filings by 9% for every one percent 

increase in exploratory innovation intensity. This indicates that when product market competition 

increases, exploration-focused firms tend to reduce their narrative innovation disclosures to a greater 

extent compared to exploitation-focused firms. In contrast, as technology spillover increases from low 

to high, firms increase their narrative innovation disclosures in their 10-K filings by 18% for every 

one percent increase in exploratory innovation intensity. This indicates that as technology spillover 

increases, exploration-focused firms tend to increase their narrative innovation disclosures to a greater 

extent compared to their exploitation-focused counterparts. 

Overall, the conditional analyses provide evidence that, when faced with heightened product 

market competition, exploration-focused firms are more likely to reduce their narrative innovation 

disclosures compared to exploitation-focused firms. However, with growing technology spillover, 

exploration-focused firms are more inclined to increase their narrative innovation disclosures 

compared to exploitation-focused firms. 

5.7 Robustness Tests 

5.7.1 Subsample Analysis 

Considering patent data might be skewed, I look at extreme cases and conduct subsample 

analyses. Out of 18,560 observations, 3,527 firms have applied for one patent in a year. Within these 

observations, 1,208 firms have an ExploreRatio value of zero, indicating that the patent applied for is 

exploitative. In addition, among these observations where firms applied for one patent per year, 2,319 

observations have an ExploreRatio value of one, which means that the patent applied for is 

exploratory. To examine whether my results are affected by extreme cases, I split the sample based on 

whether firms applied for more than one patent per year. 
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Table 12 reports the results of subsample analyses. Panel A shows the results for firms that 

applied for more than one patent per year (CountTotalPatent > 1) in Columns (1) to (3) and firms that 

applied for only one patent per year (CountTotalPatent = 1) in Columns (4) to (6). The coefficients on 

the variable of interest, ExploreRatio, remain significant at the 1% level in both groups, with larger 

coefficients in the group of firms that applied for more than one patent per year. 

Then, I further investigate the group without extreme cases (CountTotalPatent > 1). I 

examine firms with non-exclusive exploitative patents (ExploreRatio > 0) in Panel B and firms with 

non-exclusive exploratory patents (ExploreRatio < 1) in Panel C. The coefficients on ExploreRatio 

are negative and significant at the 1% level in all columns. The results consistently show that the 

effect of a firm’s innovation strategy on innovation disclosure is robust and enduring. 

Since innovation levels differ across industries, it is essential to examine firms in innovation-

intensive industries versus non-innovation-intensive industries. I conduct a subsample analysis by 

comparing the top 10 innovation-intensive industries with other industries.42 In untabulated results, 

the coefficients on ExploreRatio are negative and significant at the 1% level in both groups. These 

findings suggest that the tendency of exploration-focused firms to disclose less than exploitation-

focused firms is generalizable to firms in non-innovation-intensive industries. 

It is also worth considering firm-specific innovation activities. I conduct a subsample analysis 

by comparing firms with patent activities above and below the sample mean. In untabulated results, 

the coefficients on ExploreRatio are negative and significant at the 1% level in both groups. This 

result suggests that the tendency of exploration-focused firms to disclose less than exploitation-

focused firms is generalizable to sample firms with lower frequencies in patent activities. 

Moreover, I adopt the ratio measure (ExploreRatio) instead of using the count of exploratory 

patents because innovation strategy requires firms to navigate a tradeoff between exploration and 

 
42 Top 10 industries include SIC2 codes 36, 28, 38, 35, 73, 37, 34, 20, 48, and 26. Details are explained in 

Section 5.2. 
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exploitation. Instead, I conduct a subsample analysis based on the sample mean of firm size, 

comparing large and small firms. In untabulated results, the coefficients on ExploreRatio remain 

significant in both groups at the 1% level, with higher coefficients for the group of larger firms. This 

finding indicates that the trend of exploration-focused firms disclosing less than exploitation-focused 

firms holds even for smaller firms. 

Besides proprietary costs, firms may also consider the litigation risk of disclosing sensitive 

information. It is possible that exploration-focused firms generally operate in industries with high 

litigation risks and have concerns about litigation risks, causing them to refrain from disclosing. 

Therefore, I include litigation risk (LitRisk) by using an indicator variable that equals one if the firm’s 

four-digit SIC code falls within the ranges 2833–2836, 3570–3577, 3600–3674, 5200–5961, or 7370–

7374 and zero otherwise (Hsieh et al., 2019; Lafond & Roychowdhury, 2008; Ramalingegowda & 

Yu, 2012).43 Table 13, Panel D shows the subsample results of firms that operate in industries with 

low litigation risks (LitRisk = 0) in Columns (1) to (3) and firms that operate in industries with high 

litigation risks (LitRisk = 1) in Columns (4) to (6). The coefficients on the variable of interest, 

ExploreRatio, remain significant at the 1% level in both groups. The findings support my prediction 

and indicate that it is less likely that litigation risk concerns influence firms’ narrative innovation 

disclosure decisions when they have different innovation strategies. 

5.7.2 Alternative Explanations 

An alternative explanation could be that firms consolidate R&D expenses with other 

expenditures to safeguard the proprietary costs of the information (Koh & Reeb, 2015). It is possible 

that firms that do not report R&D have higher proprietary costs than firms that report R&D, which is 

consistent with the characteristics of exploration-focused firms. In Table 13, Column (1), the 

 
43  In industries with high litigation risks, 31.5% of the firms are exploration-focused (those in the 70th 

percentile or above for ExploreRatio), while 28.8% are exploitation-focused (those in the 30th percentile or 

below for ExploreRatio). Specifically, among exploration-focused firms, 58.6% operate in industries with high 

litigation risks. Conversely, 55.3% of exploitation-focused firms operate in industries with high litigation risks. 
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coefficients on the main variables, ExploreRatio and MissR&D, are negative and significant at the 1% 

level. The results indicate that my main findings hold and firms that do not report R&D expenditure 

disclose less narrative innovation information. However, the coefficient on the interaction term, 

ExploreRatio * MissR&D, is not significant, suggesting that whether firms report R&D does not 

explain the differences in proprietary costs between exploration-focused and exploitation-focused 

firms.44 

I further examine the relation between narrative innovation disclosures and other voluntary 

disclosure channels, such as management forecasts. In Table 13, Column (2), the coefficient on the 

main variable, ExploreRatio, is negative and significant. The coefficient on MgmtForecast is positive 

and significant at the 10% level. The results indicate that firms that provide management forecasts are 

more likely to provide narrative innovation disclosures, reflecting an overall transparent disclosure 

environment. However, the coefficient on the interaction term, ExploreRatio * MgmtForecast, is 

negative and significant at the 1% level. This finding suggests that exploration-focused firms are 

more likely to treat management forecasts and narrative innovation disclosures as substitutes 

compared to exploitation-focused firms, highlighting their concerns about the proprietary costs 

associated with narrative innovation disclosures. 

5.7.3 Measures of Main Variables 

To ensure the robustness of the innovation strategy measure, I perform several robustness 

tests. First, my current search period for a firm’s knowledge pool spans the previous five years.45 As a 

robustness check, I extend the search period by redefining firm 𝑖’s past innovation output in year 𝑡 as 

all granted patents applied by firm 𝑖 plus patent citations from 1976 to year 𝑡−1 (originally from 𝑡−5 

to year 𝑡−1). This expanded period provides a more comprehensive view of a firm’s innovation 

 
44 In the robustness test, I add MissR&D as an additional control in the regression and the results still hold. 
45 Lev and Sougiannis (1996) demonstrate that the duration of the benefits derived from research investments, 

known as technology cycles, is approximately five years. 
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activities. Second, I use alternative thresholds (e.g., 50%, 60%, and 90%) to categorize a patent as 

“exploratory”, allowing for sensitivity analysis. I rerun the regressions and find that the results remain 

robust. Third, from a different perspective, I calculate a firm’s focus on exploitative innovation 

activities, which is the ratio of the total number of a firm’s patents applied for in year 𝑡 that are 

categorized as “exploitative” to the total number of a firm’s patents applied for in that year. A patent 

is considered “exploitative” if at least 80% of its citations are based on the firm’s existing knowledge. 

The results show opposite signs but similar significances, consistent with my main findings. 

For alternative dependent variables, I replace my modified keyword list (InvDiscQty) with 

Merkley’s narrative R&D disclosure keyword list (InvSentMerkley). Since using a sentence-level 

measure has the drawback in that the meaning of a sentence can be influenced by its surrounding 

context, I replace the sentence count of disclosures with the word count. I re-estimate the regressions 

with alternative measures of the dependent variable and the results still mostly hold. 

5.8 Conclusion 

In summary, this chapter reports that exploration-focused firms provide lower narrative 

innovation disclosure quantity in their 10-K filings compared to exploitation-focused firms. The 

baseline results remain robust even after employing various methods to address endogeneity issues, 

including propensity score matching, instrumental variables, change specification, and Reg FD as an 

exogenous shock. Moreover, I conduct subsample analyses to further investigate the baseline relation 

and perform additional tests to ensure the robustness of the measures of major variables. Furthermore, 

I conduct conditional analyses. The negative relation observed in the baseline results is more 

pronounced for firms facing intensified product market competition and less pronounced for firms 

facing increased technology spillover. As existing evidence on the relation between innovation 

strategy and disclosure is scarce, my thesis contributes to the literature with evidence from both the 

baseline and conditional analysis findings. 
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Chapter 6 

Empirical Analysis of Stock Market Consequences of Corporate 

Innovation Strategy on Narrative Disclosures 

6.1 Introduction 

In this chapter, I examine the consequences of firms’ narrative innovation disclosure 

decisions based on their innovation strategies. This chapter begins by investigating whether narrative 

innovation disclosures help investors better evaluate exploration-focused firms. Prior research 

indicates that exploration-focused firms may be prone to overvaluation by investors due to a 

preference for exploratory and radical innovation activities (Fitzgerald et al., 2021) and an increased 

likelihood of future stock price crash risk possibly stemming from a lack of information transparency 

(Jia, 2018). I argue that narrative innovation disclosures may play a role in better evaluating 

exploration-focused firms. In section 6.2, I examine the short-term market reaction to the release of 

narrative innovation disclosures by exploration-focused firms. In Section 6.3, I examine the effect of 

firms’ narrative innovation disclosures on the stock price crash risk for exploration-focused firms. I 

conclude this chapter in Section 6.4. 

6.2 Short-term Market Reaction 

Investors face challenges when evaluating innovative firms due to the increased volatility and 

decreased predictability of their earnings (Gu & Li, 2003). Moreover, recent findings highlight the 

difficulty investors face in understanding the return predictability associated with a firm’s innovation 

strategy, whether it leans toward exploration or exploitation (Fitzgerald et al., 2021; Jia, 2018). The 

predictive power of a firm’s innovation strategy regarding returns supplements the value offered by 

other innovation-related metrics such as R&D intensity, patent counts, innovation efficiency, and 

innovation originality (Fitzgerald et al., 2021).46 This suggests that information on innovation strategy 

 
46  Fitzgerald et al. (2021) find that, compared to exploration-focused firms, investors tend to undervalue 

exploitation-focused firms. The authors also find that exploitation-focused firms are more likely to generate 



 

65 

offers additional insights for investors beyond existing innovation-related metrics. 

I conduct short-term market reaction tests to examine initial investor reactions to corporate 

innovation strategy and narrative innovation disclosures. I estimate the following Equation (6): 

𝐶𝐴𝑅𝑡  𝑜𝑟 𝑠𝐶𝐴𝑅𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 + 𝛽3𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1

∗ 𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 + 𝛽4𝐵𝑒𝑡𝑎𝑡 + 𝛽5𝑀𝑇𝐵𝑡 + 𝛽6𝑆𝑖𝑧𝑒𝑡 + 𝛽7𝐴𝑑𝑗𝑅𝑂𝐴𝑡 + 𝛽8𝑅&𝐷𝑡

+ 𝛽9𝑆𝐺&𝐴𝑡 + 𝛽10𝑅𝑂𝐸𝑡 + 𝛽11𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸
+ 𝜀 (6) 

The dependent variables include cumulative abnormal return (CAR) and standardized 

cumulative abnormal return (sCAR) during a short-term (−5, +5) event window around the 10-K 

filing date (Tucker, 2007).47 I calculate CAR as the sum of abnormal returns over the event window, 

while sCAR is derived by scaling CAR by the square root of the product of the event window length 

and the estimated variance of abnormal returns. For the independent variables, I interact exploratory 

intensity (ExploreRatio) with narrative innovation disclosure quantity (InvDiscQty). I include controls 

to account for risk factors, including Beta, Size, and MTB.48 Beta captures the sensitivity of a stock’s 

returns to the overall market returns. I control for financial performance indicators such as adjusted 

return on assets (AdjROA) and return on equity (ROE) for profitability. I also control for R&D 

expenses and selling, general, and administrative expenses (SG&A) as indicators of proprietary costs 

(Fitzgerald et al., 2021). Lastly, I control for non-innovation disclosures (NonInvDisc) to capture the 

overall market reaction to the firms’ 10-K filing. All additional variables are defined in Appendix D.49 

The results in Panel A of Table 14 show that the coefficients on the main variable, 

ExploreRatio, are positive and significant. This indicates that investors respond positively to firms 

 
superior short-term performance in the future. Furthermore, financial analysts and investors often overlook the 

significance of a firm’s innovation strategy, especially when exploitation-focused firms exceed the market’s 

near-term earnings expectations. The authors also show that exploitation-focused firms are undervalued due to 

investors’ attention biases. 
47 In the robustness tests, I investigate alternative windows. While the results remain consistent, they show 

weaker significance within the (−3, +3) and (−7, +7) event windows. However, I do not observe significant 

results within the (−1, +1) event window. 
48 CAR, sCAR, and MTB are winsorized at the 1st and 99th percentiles to mitigate the effects of outliers. 
49 In the placebo tests, I examine pseudo-filing period windows, such as (-25, -15), (-20, -15), and (-20, -10). No 

significant results are observed across any of these pseudo-event windows, suggesting that the findings are not 

random. 
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emphasizing exploratory innovation, interpreting it as a favorable signal for the firms’ future 

performance. This aligns with prior research indicating investor preference for exploratory 

innovations (Fitzgerald et al., 2021). However, the coefficients on the interaction term, ExploreRatio 

* InvDiscQty, are negative in both columns and significant at the 1% level (one-tailed) in Column (1). 

These findings provide some evidence that narrative innovation disclosures serve to attract investors’ 

attention and enhance their understanding of the firms’ innovative activities. As a result, this 

heightened transparency enables investors to respond with corrective actions, which can potentially 

mitigate overvaluation concerns associated with exploration-focused firms. In summary, narrative 

innovation disclosures act as a mitigating factor, helping to alleviate potential overvaluation concerns 

linked to exploration-focused firms. 

Although investors might not be able to observe a firm’s innovation strategy from the 

previous year at the time of the 10-K filing, the literature suggests that they can still obtain related 

information through other channels (Glaeser & Landsman, 2021). Moreover, research indicates that 

exploratory intensity tends to be persistent over time (Jia, 2017, 2019). 50  Therefore, I lag the 

explanatory variable by one more year and rerun the short-term market reaction tests using 

ExploreRatio in year 𝑡−2.51 Consistent with the findings in Panel A, the coefficients on the main 

variable, ExploreRatio, are positive in Panel B and significant in Column (1). The coefficients on the 

interaction term, ExploreRatio * InvDiscQty, are negative in both columns and significant at the 5% 

level (one-tailed) in Column (1). These findings provide evidence of the stickiness and persistence of 

firms’ innovation strategies, indicating that investors react to narrative innovation disclosures from 

firms with different innovation strategies. 

 
50  In untabulated results, the Pearson (Spearman) correlation between ExploreRatio in year 𝑡 −2 and 

ExploreRatio in year 𝑡−1 is 0.5 (0.545) at the 5% level of significance. The average (median) change of 

ExploreRatio between year 𝑡−2 and year 𝑡−1 is −0.028 (0) and the average (median) change of ExploreRatio 

between year 𝑡−1 and year 𝑡 is −0.031 (0). These statistics provide preliminary evidence of the stickiness of 

corporate innovation strategy. 
51 I do not include ExploreRatio from both years 𝑡−2 and 𝑡−1 in the same regression due to high VIFs indicating 

multicollinearity. 
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6.3 Stock Price Crash Risk 

Jia (2018) finds that firms that prioritize exploratory innovations tend to be positively 

associated with stock price crash risk, while those that prioritize exploitative innovations tend to be 

negatively associated with crash risk. This suggests that investors may underestimate the inherent risk 

associated with exploration-focused firms, which subsequently experience downward corrections in 

stock prices. The author suggests that the discrepancy in crash risk between firms with different 

innovation strategies can be attributed to various factors, both direct and indirect. 

Directly, certain stock price crash risks arise from the nature of firms’ operations (Habib et 

al., 2018). Exploration, while offering the potential for significant payoff upon success, also involves 

a higher risk of failure compared to the exploitation strategy (March, 1991). This asymmetry in 

payoff implies that exploration-focused firms may experience a higher ratio of failures to successes 

and may encounter more negative news during the innovation process (He & Wong, 2004). 

Indirectly, exploration-focused firms can impact crash risk through managerial actions, such 

as withholding interim bad news (Jia, 2018). The exploratory nature of innovation may widen the 

information gap between firms and investors, which leads to a less transparent information 

environment (Kaplan & Tripsas, 2008). Jia (2018) suggests that investors tend to underestimate the 

fundamental risk associated with exploration-focused firms in the absence of adequate disclosures. 

Prior research shows that a lack of information transparency increases stock price crash risk, 

reflecting a third-moment effect of future extreme returns (Hutton et al., 2009; Kim et al., 2011a). 

Narrative innovation disclosures can provide investors with insights into a firm’s innovation activities 

and the risk associated with exploratory innovation. By providing timely information, these 

disclosures prevent managers from withholding negative news until the completion of innovative 

activities, thereby mitigating stock price crash risk. In addition, narrative innovation disclosures 

facilitate the communication of contextual information to investors, bridging the gap between a firm’s 

financial statement numbers and its underlying business fundamentals (Merkley, 2014). Investors can 



 

68 

leverage this information to supplement financial statement numbers, leading to more accurate 

projections of firms’ future performance and cash flow implications. Thus, I argue that narrative 

innovation disclosures play a role in reducing stock price crash risk for exploration-focused firms. To 

investigate this, I first estimate the following Equation (7) to examine the effect of corporate 

innovation strategy on crash risk, similar to Jia (2018): 

𝐶𝑟𝑎𝑠ℎ𝑅𝑖𝑠𝑘𝑡+1 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝐷𝑇𝑢𝑟𝑛𝑡 + 𝛽3𝑆𝑖𝑔𝑚𝑎𝑡 + 𝛽4𝑀𝑒𝑎𝑛𝑅𝑒𝑡𝑡

+ 𝛽5𝑆𝑖𝑧𝑒𝑡 + 𝛽6𝑀𝑇𝐵𝑡 + 𝛽7𝐿𝑒𝑣𝑡 + 𝛽8𝑅𝑂𝐴𝑡 + 𝛽9𝐴𝑐𝑐𝑀𝑡 + 𝛽10𝑅&𝐷𝑡

+ 𝛽11𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡 + 𝛽12𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡 + 𝛽13𝐶𝑟𝑎𝑠ℎ𝑅𝑖𝑠𝑘𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸
+ ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (7) 

The dependent variables, CrashRisk, are a set of variables that measure stock price crash risk 

in year t+1, starting from one month after the 10-K filing date. I follow prior studies (e.g., Chen et al., 

2001; Kim et al., 2011a, 2011b) and use two measures of CrashRisk based on firm-specific weekly 

returns estimated as the residuals from the market model. The first measure is the down-to-up 

volatility (DUVol) of the crash likelihood. I use three specifications to measure DUVol. DUVol1 is 

calculated as the natural logarithm of the standard deviation in the negative weeks divided by the 

standard deviation in the positive weeks. DUVol2 and DUVol3, each computed as the natural 

logarithm of the standard deviation during down weeks divided by that of up weeks, involve distinct 

calculation methods. Second, I use the negative conditional skewness of firm-specific weekly returns 

over the fiscal year (NCSkew), measured as the negative of the third moment of firm-specific weekly 

returns for each year and normalized by the standard deviation of firm-specific weekly returns raised 

to the third power (multiplied by negative one for interpretation). Higher values of CrashRisk indicate 

greater stock price crash risk. The independent variable is exploratory intensity (ExploreRatio). Based 

on prior research evidence (Jia, 2018), I anticipate a positive association between firms that 

emphasize exploratory innovations and stock price crash risk. 

I include a set of control variables that affect firm-specific price crash risk, such as firm size 

(Size), leverage (Lev), and return on assets (ROA; Chen et al., 2001). To account for potential bubbles 
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in glamor stocks or those with high past returns that could lead to significant price declines, I control 

for the average of firm-specific weekly returns of the year (MeanRet) and market-to-book ratio (MTB) 

(Jia, 2018). I also control for R&D, life cycle (FirmAge), and external monitoring as well as market 

visibility (AnalystFollow). Kim et al. (2014) show that stocks with higher volatility are more prone to 

crashing. Thus, I control for stock volatility (Sigma), calculated as the standard deviation of firm-

specific weekly returns over the year. I control for detrended stock trading volume (DTurn) for 

investor heterogeneity, which is calculated as the average monthly share turnover over the fiscal year 

minus the average monthly share turnover over the previous fiscal year. In addition, I control for the 

absolute value of performance-matched discretionary accruals (AccM) for earnings management, 

which has predictable power for future crash risk (Chen et al., 2001; Kothari et al., 2005).52 I also 

control for the current value of CrashRisk to account for potential serial correlation of crash risk (Kim 

et al., 2011a). Appendix D provides detailed definitions and calculations of additional variables. 

Panel A of Table 15 presents the results examining the effect of the firm’s innovation strategy 

and the firm’s future stock price crash risk. The coefficients on ExploreRatio are positive and 

significant across all columns. These findings align with existing research (Jia, 2018), which suggests 

that exploration-focused firms are more likely to experience future stock price crash risk, while 

exploitation-focused firms are less prone to such risks. 

Building on this, I investigate the role of narrative innovation disclosures in influencing the 

association between exploration-focused firms and stock price crash risk. I estimate Equation (8) to 

investigate the effect of firms’ narrative innovation disclosures on stock price crash risk in the 

subsample of exploration-focused firms. The dependent variables are stock price crash risk measures 

(CrashRisk) and the independent variable is narrative innovation disclosure quantity (InvDiscQty). 

All other variables are defined in Appendix D. 

 
52 To minimize the influence of outliers, I winsorize MeanRet and DTurn at the 1st and 99th percentiles. 
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𝐶𝑟𝑎𝑠ℎ𝑅𝑖𝑠𝑘𝑡+1 = 𝛽0 + 𝛽1𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 + 𝛽2𝐷𝑇𝑢𝑟𝑛𝑡 + 𝛽3𝑆𝑖𝑔𝑚𝑎𝑡 + 𝛽4𝑅𝑒𝑡𝑡 + 𝛽5𝑆𝑖𝑧𝑒𝑡

+ 𝛽6𝑀𝑇𝐵𝑡 + 𝛽7𝐿𝑒𝑣𝑡 + 𝛽8𝑅𝑂𝐴𝑡 + 𝛽9𝐴𝑐𝑐𝑀𝑡 + 𝛽10𝑅&𝐷𝑡 + 𝛽11𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡

+ 𝛽12𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡 + 𝛽13𝐶𝑟𝑎𝑠ℎ𝑅𝑖𝑠𝑘𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (8) 

Table 15, Panel B presents the effect of innovation disclosure quantity (InvDiscQty) on stock 

price crash risk in the subsample of exploration-focused firms. Although the coefficients on 

InvDiscQty are statistically insignificant, their mixed signs prompt further examination. Therefore, I 

investigate whether firm characteristics differ between firms categorized by extensive and limited 

disclosures. In Panel C, a univariate analysis based on InvDiscHigh reveals that exploration-focused 

firms disclosing above the median report significantly higher narrative innovation disclosures than 

those below the median. On average, exploration-focused firms with above-median disclosure report 

8% of narrative innovation disclosures, while those below-median report only 2.1% (untabulated). 

This finding indicates that exploration-focused firms that provide more disclosures exhibit different 

characteristics, implying a potential non-linear relationship. 

Consequently, I partition the exploration-focused firms into “Disclosure More” (InvDiscHigh 

= 1) and “Disclosure Less” (InvDiscHigh = 0) groups, leading to piecewise regressions. Table 15, 

Panel D provides the results of the effect of narrative innovation disclosures on future stock price 

crash risk. Columns (1) to (4) show that for exploration-focused firms disclosing below the median, 

the coefficients on InvDiscQty are insignificant. This suggests that inadequate disclosures may lead to 

a lack of investor understanding regarding a firm’s innovation strategy, potentially failing to mitigate 

the probability of future stock price crashes. In contrast, Columns (5) to (8) show that the coefficients 

on InvDiscQty for exploration-focused firms disclosing above the median are negative. The 

coefficients in Columns (5), (7), and (8) are statistically significant (t-statistics = 1.79, 2.28, and 1.62, 

respectively). These results suggest that as exploration-focused firms provide adequate narrative 

innovation disclosures, investors gain insights into the firm’s innovation strategy. This reduction in 

information asymmetry might lead to a decreased likelihood of future stock price crashes. 
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6.4 Conclusion 

In summary, this chapter investigates the stock market consequences of corporate innovation 

strategy and narrative innovation disclosures. In the short-term event window, I find that investors 

react positively to exploration-focused firms with fewer disclosures but react negatively to those with 

more disclosures. This suggests that narrative innovation disclosures act as a mitigating factor, 

assisting in addressing potential overvaluation concerns associated with exploration-focused firms in 

the short term. In a long-term window, I find that exploration-focused firms that provide more 

information about their innovation are less prone to experiencing future stock price crashes compared 

to those that disclose less. This highlights the importance of adequate narrative innovation disclosures 

in reducing information asymmetry, enabling investors to gain valuable insights into the firm’s 

innovation strategy, thereby potentially lowering the likelihood of future stock price crashes. 

Firms make disclosure decisions based on a cost-benefit analysis, aiming to boost their share 

price. However, the nature of exploratory innovation poses unique challenges for exploration-focused 

firms. They often face higher failure-to-success ratios and may withhold interim bad news about their 

innovations (Jia, 2018). Additionally, investors tend to have a preference bias toward radical and 

exploratory innovations, leading them to predict overly optimistic future cash flows (Fitzgerald et al., 

2021). This overvaluation can increase the risk of future stock price crashes, which leads to negative 

social influence and impairs the firm reputation. Narrative disclosures can help mitigate risks by 

enabling investors to project future cash flows more accurately and evaluate the firms based on their 

fundamental value. Therefore, exploration-focused firms benefit from becoming more transparent, 

reducing information asymmetry with investors, and thus mitigating the misvaluation issues. Overall, 

the evidence presented in this chapter corresponds with the motivation and importance of my thesis 

that narrative innovation disclosures help investors better evaluate exploration-focused firms. 
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Chapter 7 

Additional Analysis 

7.1 Introduction 

In this chapter, I perform additional analyses on the effect of corporate innovation strategy on 

narrative disclosures. In Section 7.2, I examine qualitative characteristics of narrative innovation 

disclosures, including numerical terms, forward-looking statements, repetitiveness, and tone. I also 

investigate the factors influencing the use of by exploration-focused firms. Section 7.3 examines the 

moderating effect of technology peer pressure on the relation between corporate innovation strategy 

and narrative disclosures. Section 7.4 concludes this chapter. 

7.2 Narrative Innovation Disclosure Qualitative Characteristics 

7.2.1 Research Design for Complementary Tests of H1 

It is worth considering that firms may adjust the quality of their narrative innovation 

disclosures without necessarily improving their relevance. In terms of disclosure content details, 

exploration-focused firms may choose to provide a higher quantity but vague narrative innovation 

disclosures in response to higher proprietary costs. I estimate an OLS model using Equations (9), 

(10), and (11), which regress detailed characteristics (InvDiscDetail; i.e., numerical and forward-

looking), repetitiveness (InvDiscRep), and tone (InvDiscTone) of innovation-related disclosures on 

firms’ exploratory intensity (ExploreRatio), respectively: 

𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝐷𝑒𝑡𝑎𝑖𝑙𝑡

= 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑆𝑖𝑧𝑒𝑡−1 + 𝛽3𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽4𝐵𝑇𝑀𝑡−1

+ 𝛽5𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽6𝐿𝑒𝑣𝑡−1 + 𝛽7𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 + 𝛽8𝑅&𝐷𝑡−1 + 𝛽9𝑅&𝐷𝑆𝑞𝑡−1

+ 𝛽10𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽11𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1 + 𝛽12𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1

+ 𝛽13𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽14𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + 𝛽1510𝐾𝐷𝑖𝑠𝑐𝐷𝑒𝑡𝑎𝑖𝑙𝑡

+ ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (9) 

𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑅𝑒𝑝𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑆𝑖𝑧𝑒𝑡−1 + 𝛽3𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽4𝐵𝑇𝑀𝑡−1

+ 𝛽5𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽6𝐿𝑒𝑣𝑡−1 + 𝛽7𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 + 𝛽8𝑅&𝐷𝑡−1 + 𝛽9𝑅&𝐷𝑆𝑞𝑡−1

+ 𝛽10𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽11𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1 + 𝛽12𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1

+ 𝛽13𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽14𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + 𝛽15𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸
+ ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (10) 
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𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑇𝑜𝑛𝑒𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑆𝑖𝑧𝑒𝑡−1 + 𝛽3𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽4𝐵𝑇𝑀𝑡−1

+ 𝛽5𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽6𝐿𝑒𝑣𝑡−1 + 𝛽7𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 + 𝛽8𝑅&𝐷𝑡−1 + 𝛽9𝑅&𝐷𝑆𝑞𝑡−1

+ 𝛽10𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽11𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1 + 𝛽12𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1

+ 𝛽13𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽14𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + 𝛽15𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡

+ 𝛽1610𝐾𝐷𝑖𝑠𝑐𝑇𝑜𝑛𝑒𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (11) 

To examine qualitative characteristics of innovation-related disclosures, I measure the 

numerical (InvDiscNum), forward-looking (InvDiscFls), repetitive (InvDiscRep), and tone 

(InvDiscTone) of narrative innovation disclosures (Brown & Tucker, 2011; Henry, 2008; F. Li, 2010; 

Merkley, 2014). Numerical innovation-related disclosures (InvDiscNum) are calculated as the natural 

logarithm of one plus the number of numerical innovation-related sentences in a firm’s 10-K filing. 

An innovation-related sentence is numerical if it contains numerical information that is not in a date 

format. I include the control of overall numerical disclosures in a 10-K filing (10KDiscNum) and 

remove the control of non-innovation-related disclosures (NonInvDisc) due to multicollinearity 

between these two control variables. I calculate forward-looking innovation-related disclosures 

(InvDiscFls) as the natural logarithm of one plus the number of forward-looking innovation-related 

sentences in a firm’s 10-K filing. An innovation-related sentence is forward-looking if it contains 

future tense words, as specified by F. Li (2010). I replace non-innovation-related disclosures 

(NonInvDisc) with the overall usage of the future tense in the 10-K filing (10KDiscFls) to mitigate 

multicollinearity. I calculate repetitive innovation-related disclosures (InvDiscRep) as the natural 

logarithm of one plus the total number of similar innovation-related sentences within the same 10-K 

filing. Similar disclosures are based on whether the innovation disclosure sentence is similar to other 

innovation-related sentences in the same 10-K filing (Merkley, 2014).53 

The tone of innovation-related disclosures is calculated as the total number of positive 

innovation-related sentences minus the number of negative innovation-related sentences divided by 

the total number of innovation-related sentences. A sentence is determined to be positive (negative) if 

 
53 An innovation-related sentence is repetitive if the cosine similarity between the two-word sets of the current 

sentence and its previous sentence is greater than 0.9 (Merkley, 2014). 
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it contains more positive (negative) words based on Henry’s (2008) word list (InvDiscTone).54 I 

control for factors related to innovation-related disclosures, or both innovation disclosures and 

corporate innovation strategy. In addition to the control variables in the baseline model in Equation 

(1), I include the overall tone of the 10-K filing (10KDiscTone) as an additional control. I lag all 

explanatory and control variables by one year except for concurrent variables (NonInvDisc, 

PriorInvDisc, 10KDiscNum, 10KDiscFls, and 10KDiscTone). All additional variables are defined in 

Appendix D. 

7.2.2 Results of Narrative Innovation Disclosure Qualitative Characteristics (Complementing 

H1) 

Table 16 presents the results of regressing detailed (numerical and forward-looking) and 

repetitive narrative innovation disclosures on ExploreRatio using the models in Equations (9) and 

(10). Columns (1) and (2) provide the regression results of numerical innovation-related disclosures 

(InvDiscNum). The negative coefficients on ExploreRatio, significant at the 1% level, align with H1’s 

prediction and the baseline findings on innovation disclosure quantity. Specifically, compared to 

exploitation-focused firms, exploration-focused firms tend to disclose fewer details in numerical 

terms. In Columns (3) and (4), the results show a negative relation between corporate innovation 

strategy and forward-looking innovation-related disclosures (InvDiscFls). The coefficients on 

ExploreRatio are negative and significant at the 1% level, suggesting that exploration-focused firms 

provide less forward-looking information to mitigate proprietary costs. 

In Columns (5) and (6), the results reveal a negative association between ExploreRatio and 

the repetition of innovation-related disclosures (InvDiscRep), with negative and significant 

coefficients at the 1% level. However, these results should be interpreted with caution. If I interpret 

fewer repetitive disclosures as indicative of reduced disclosure detail, the finding aligns with H1, 

 
54 I also use the Loughran and McDonald’s (2011) sentiment word list to calculate an alternative measure of 

innovation-related disclosure tone and the results majorly hold. 
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suggesting that exploration-focused firms disclose information with less detail to mitigate the 

proprietary costs linked to innovative activities, compared to exploitation-focused firms. However, 

existing literature provides limited guidance on the optimal extent of repetition—what amount is 

beneficial and what is burdensome. Managers may perceive the utility of repetition for (1) 

emphasizing important information or (2) redundancy, limited attention, and the mere repetition of 

vague disclosure information (Merkley, 2014). 

Table 17 presents the results of regressing narrative innovation disclosure tone (InvDiscTone) 

on ExploreRatio using the model in Equation (11). The coefficients on the innovation-related 

disclosure tone are significant and positive at the 1% level. This suggests that exploration-focused 

firms tend to use a more positive tone in their narrative innovation disclosures compared to 

exploitation-focused firms. Various factors may contribute to this tone usage, including operational 

characteristics, management opportunism, and management dispositional characteristics (Luo & 

Zhou, 2020). I conduct further analyses to explore the reasons underlying the relation between 

exploratory intensity and the tone of narrative innovation disclosures, as shown in the following 

section. 

7.2.3 Explanation of Positive Tone for Exploration-focused Firms 

7.2.3.1 Firm Characteristic 

One plausible explanation for firms’ disclosure choices relates to firm characteristics. This 

suggests that firms actively engaged in exploratory innovation may perceive such initiatives as 

promising for their future success, which reflects their confidence. Exploration-focused firms may use 

optimistic language to convey the potential benefits, opportunities, and achievements associated with 

their exploratory innovation efforts. This positive tone can attract investor interest and shape 

perceptions of the firm’s innovative potential. Therefore, I test whether the usage of tone is related to 

future firm performance in the following Equation (12): 
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𝐹𝑂𝑃𝑡+1 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑇𝑜𝑛𝑒𝑡 + 𝛽3𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡

+ 𝛽4𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 ∗ 𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑇𝑜𝑛𝑒𝑡 + 𝛽5𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1

∗ 𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 + 𝛽6𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 ∗ 𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑇𝑜𝑛𝑒𝑡 + 𝛽7𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1

∗ 𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 ∗ 𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑇𝑜𝑛𝑒𝑡 + 𝛽8ΔFO𝑃𝑡 + 𝛽9𝐹𝑂𝑃𝑡 + 𝛽10𝐵𝑇𝑀𝑡

+ 𝛽11𝐶𝑎𝑝𝐸𝑥𝑝𝑡 + 𝛽12𝑅&𝐷𝑡 + 𝛽13𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡 + 𝛽14𝐿𝑒𝑣𝑡 + 𝛽15𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡

+ 𝛽16𝐶𝑔𝑙𝑚𝑡 + 𝛽17𝐴𝑑𝑣𝑡 + 𝛽18𝑆𝐺&𝐴𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (12) 

The dependent variable, future operating performance (FOP), is defined as either a one-year-

ahead return on assets (ROA) or one-year-ahead operating cash flow (OCF; calculated as income 

before extraordinary items plus depreciation less changes in working capital, scaled by lagged total 

assets). Following the literature, I include a variety of control variables that are significant predictors 

of future operating performance. Variables of interest include the three-way interaction, ExploreRatio 

* InvDiscQty * InvDiscTone, their two-way interactions, and main variables. I control for current firm 

performance (ROA and OCF) to account for performance persistence and changes in firm 

performance (ΔROA and ΔOCF) to accommodate mean reversion in future operating performance 

(Fama & French, 2000; Gu, 2005). In addition, I include control variables such as leverage (Lev), firm 

age (FirmAge), advertising expenditures (Adv), selling, general, and administrative expenditures 

(SG&A), and whether the firm has segments operating in several industries (Cglm; Fitzgerald et al., 

2021). Furthermore, I control for R&D, patenting (TotalPatent), capital expenditure (CapExp), and 

book-to-market ratio (BTM; Pandit et al., 2011). All additional variables are defined in Appendix D. 

Panel A of Table 18 reports the results of regressing firms’ future operational performance on 

the interaction terms of exploratory intensity (ExploreRatio), narrative innovation disclosure quantity 

(InvDiscQty), and narrative innovation disclosure tone (InvDiscTone). In Columns (1) and (2), the 

coefficients on ExploreRatio remain negative and significant. The results of the interaction term, 

ExploreRatio * InvDiscTone, are negative and significant at the 5% level. The findings suggest that 

exploration-focused firms tend to use a more positive tone management strategy when firms have 

lower future performance compared to exploitation-focused firms. 

Columns (3) and (4) add the results of the three-way interaction, ExploreRatio * InvDiscQty * 
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InvDiscTone. The coefficients on the two-way interaction, InvDiscQty * InvDiscTone, are positive 

and significant. This indicates that when firms prioritize exploitation (ExploreRatio = 0), higher 

future performance is positively associated with increased disclosure and a positive tone in narrative 

innovation disclosures. The coefficients on the three-way interaction are negative and show a degree 

of significance, albeit marginal (t statistic = −1.61) in Column (4). The results add to evidence that for 

exploration-focused firms, narrative innovation disclosure tone is negatively related to future 

performance even when disclosing more information about innovation activities. In addition, there is 

a significantly negative association between R&D as well as patenting activities and future operating 

performance, indicating the long-term and uncertain returns associated with investments in 

innovation. In summary, the findings suggest that exploration-focused firms tend to use a more 

positive tone in disclosures when anticipating lower future performance compared to exploitation-

focused firms This result suggests that the positive tone is less likely to be associated with firm 

characteristics.55 

7.2.3.2 Managerial Opportunism 

I examine whether exploration-focused firms tend to use a more positive tone due to 

management opportunism. Managers may have opportunistic incentives to use a positive tone to 

divert investors’ attention away from volatile and unpredictable earnings resulting from a greater 

uncertainty of exploratory innovation. Prior studies find that managers are more likely to use a tone to 

bias investors’ perceptions when their equity-based compensation is more sensitive to stock price 

movements (Arslan-Ayaydin et al., 2016; Huang et al., 2014). I split the sample based on two 

measures of management opportunism, management pay-performance sensitivity (Delta) and risk-

 
55  F. Li (2010) finds that firms with higher current performance use a more positive tone in their 10-K 

disclosures. Therefore, I conduct the robustness tests and change the dependent variables from future firms’ 

performance to current firm performance (ROA and OCF). The results show that exploration-focused firms also 

tend to employ upward tone management when firms have lower current performance compared to exploitation-

focused firms. 
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taking incentives (Vega). 

I follow the approach in Coles et al. (2006) and Core and Guay (2002) and calculate Delta as 

the dollar change in the value of the CEO’s wealth resulting from a one-percent increase in the firm’s 

stock price at the fiscal year-end. I partition the sample based on whether the CEO falls below or 

above the sample median of Delta (Low Delta and High Delta, respectively). I calculate Vega as the 

dollar change in the CEO’s wealth for a percentage change in the standard deviation of the stock 

returns. I split the sample based on whether the CEO falls below or above the sample median of Vega 

(Low Vega and High Vega, respectively). I lag explanatory and control variables (except for 

concurrent control variables) by one year, using Equation (11) discussed in Section 7.2.1. 

Table 18, Panel B reports the results of the subsample analysis for management opportunism 

by regressing InvDiscTone on ExploreRatio. The coefficients on ExploreRatio are significantly 

positive at the 1% level for CEOs in both the Low Delta group and the High Delta group. The results 

show that the narrative innovation disclosure tone of exploration-focused firms does not vary based 

on the level of sensitivity of the CEO’s equity-based compensation to the stock price (Delta) and 

return volatility (Vega). 56  Thus, these results are not consistent with management opportunism 

argument.57 

7.2.3.3 Management Dispositional Characteristics 

Management dispositional characteristics may affect narrative innovation disclosure tone. 

Previous research indicates that the managers’ optimistic tendencies are associated with the tone of 

disclosures (Davis et al., 2015). I utilize the average of the CEO and CFO’s confidence measure as a 

proxy for executives’ overconfidence (OC; OC67 or OC100). CEO (CFO) confidence is an indicator 

 
56 In additional tests, I examine the effect of the sensitivity of CFO’s equity-based compensation. I find no 

statistically significant differences between CFOs in the Low Delta (Vega) group and CFOs in the High Delta 

(Vega) group. 
57 As a robustness check for the subsample of Delta and Vega, I regress InvDiscQty on ExploreRatio and do not 

observe evidence of managerial opportunism in narrative innovation disclosure quantity. 
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that equals one if a CEO (CFO) postpones the exercise of vested options that are at least 67% (100%) 

in the money and zero otherwise. I calculate the average realizable value per option by dividing the 

total realizable value of the options by the number of options held by the CEO (CFO). The strike 

price is calculated as the fiscal year-end stock price minus the average realizable value. The ratio is 

calculated as the stock price divided by the estimated strike price to compute the average moneyness 

of the CEO’s (CFO’s) option portfolio for the fiscal year (Campbell et al., 2011; Hirshleifer et al., 

2012; Malmendier & Tate, 2005, 2008). I use a subsample split by two measures of executives’ 

overconfidence (OC67 and OC100).58 I partition the sample based on whether executives fall below 

or above the sample mean of OC67 (OC100), resulting in Low OC67 (OC100) and High OC67 

(OC100) groups, respectively. All additional variables are defined in Appendix D. 

Table 18, Panel C reports the results of the subsample analysis for management dispositional 

characteristics by regressing InvDiscTone on InvDiscQty using Equation (11). In Columns (1) and (2), 

the coefficient on ExploreRatio is positive but not significant for executives in the Low OC67 group, 

while the corresponding coefficient is positive and significant at the 1% level for executives in the 

High OC67 group. The results are robust using the threshold of executives delaying the exercise of 

vested options that are at least 100% in the money in Columns (3) and (4).59 Overall, the results 

indicate that executive teams with high overconfidence are more likely to use positive tone in 

disclosures compared to executive teams with low overconfidence.60 This suggests that compared to 

exploitation-focused firms, the tendency of exploration-focused firms to use a more positive tone in 

narrative disclosures could be attributed to managerial overconfidence.61 

 
58 In the robustness tests, I partition the sample into terciles based on whether they fall in the lower tercile or 

upper tercile of OC67 (OC100) groups and the results still hold. 
59 As a robustness check for the subsample of OC67 and OC100, I regress InvDiscQty on ExploreRatio and do 

not find evidence of management dispositional characteristics affecting narrative innovation disclosure quantity. 
60 This managerial overconfidence is a collective executive team characteristic, as I do not observe a leading 

effect from either CEOs or CFOs. 
61 In additional tests, I explore other management dispositional characteristics, such as CEO and CFO age 

(Marquez-Illescas et al., 2019), but do not find results. 
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7.2.4 Research Design for Complementary Tests of H2 and H3 

I estimate Equations (13), (14), and (15) to examine conditional hypotheses H2 and H3. The 

dependent variables, narrative innovation disclosure qualitative characteristics, include disclosure 

details (InvDiscDetail), such as numerical (InvDiscNum) and forward-looking (InvDiscFls), repetitive 

narrative innovation disclosures (InvDiscRep), as well as tone of narrative innovation disclosures 

(InvDiscTone). All variables are defined in Appendix D. 

𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝐷𝑒𝑡𝑎𝑖𝑙𝑡

= 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑃𝑀𝐶𝐻𝑖𝑔ℎ𝑡−1 𝑜𝑟 𝑇𝑆𝐻𝑖𝑔ℎ𝑡−1

+ 𝛽3𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 ∗ 𝑃𝑀𝐶𝐻𝑖𝑔ℎ𝑡−1 𝑜𝑟 𝑇𝑆𝐻𝑖𝑔ℎ𝑡−1 + 𝛽4𝑆𝑖𝑧𝑒𝑡−1

+ 𝛽5𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽6𝐵𝑇𝑀𝑡−1 + 𝛽7𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽8𝐿𝑒𝑣𝑡−1 + 𝛽9𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1

+ 𝛽10𝑅&𝐷𝑡−1 + 𝛽11𝑅&𝐷𝑆𝑞𝑡−1 + 𝛽12𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽13𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1

+ 𝛽14𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1 + 𝛽15𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽16𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡

+ 𝛽1710𝐾𝐷𝑖𝑠𝑐𝐷𝑒𝑡𝑎𝑖𝑙𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (13) 

𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑅𝑒𝑝𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑃𝑀𝐶𝐻𝑖𝑔ℎ𝑡−1 𝑜𝑟 𝑇𝑆𝐻𝑖𝑔ℎ𝑡−1

+ 𝛽3𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 ∗ 𝑃𝑀𝐶𝐻𝑖𝑔ℎ𝑡−1 𝑜𝑟 𝑇𝑆𝐻𝑖𝑔ℎ𝑡−1 + 𝛽4𝑆𝑖𝑧𝑒𝑡−1

+ 𝛽5𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽6𝐵𝑇𝑀𝑡−1 + 𝛽7𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽8𝐿𝑒𝑣𝑡−1 + 𝛽9𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1

+ 𝛽10𝑅&𝐷𝑡−1 + 𝛽11𝑅&𝐷𝑆𝑞𝑡−1 + 𝛽12𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽13𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1

+ 𝛽14𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1 + 𝛽15𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽16𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡

+ 𝛽17𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (14) 

𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑇𝑜𝑛𝑒𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑃𝑀𝐶𝐻𝑖𝑔ℎ𝑡−1 𝑜𝑟 𝑇𝑆𝐻𝑖𝑔ℎ𝑡−1

+ 𝛽3𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 ∗ 𝑃𝑀𝐶𝐻𝑖𝑔ℎ𝑡−1 𝑜𝑟 𝑇𝑆𝐻𝑖𝑔ℎ𝑡−1 + 𝛽4𝑆𝑖𝑧𝑒𝑡−1

+ 𝛽5𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽6𝐵𝑇𝑀𝑡−1 + 𝛽7𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1 + 𝛽8𝐿𝑒𝑣𝑡−1 + 𝛽9𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1

+ 𝛽10𝑅&𝐷𝑡−1 + 𝛽11𝑅&𝐷𝑆𝑞𝑡−1 + 𝛽12𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽13𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1

+ 𝛽14𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1 + 𝛽15𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽16𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡

+ 𝛽17𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + 𝛽1810𝐾𝐷𝑖𝑠𝑐𝑇𝑜𝑛𝑒𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸 + ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸
+ 𝜀 (15) 

7.2.5 Results of Narrative Innovation Disclosure Qualitative Characteristics (Complementing 

H2 and H3) 

Table 19 provides the regression results on the effect of corporate innovation strategy on 

narrative innovation disclosure characteristics under the moderating effects of product market 

competition and technology spillover. Columns (1) to (3) provide the results of numerical 

(InvDiscNum), forward-looking (InvDiscFls), and repetitive (InvDiscRep) innovation disclosures, 

using the models in Equations (13) and (14). The coefficients on the interaction term, ExploreRatio * 

PMCHigh, are significantly negative, showing that exploration-focused firms tend to disclose fewer 
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details in numerical, forward-looking, and repetitive terms compared to exploitation-focused firms 

when product market competition becomes more intense. However, the coefficients on the interaction 

term, ExploreRatio * TSHigh, are significantly positive, showing that exploration-focused firms tend 

to disclose more details in numerical, forward-looking, and repetitive terms when technology 

spillover is high. Overall, the results show that the effect of product market competition on the detail 

and repetitiveness of narrative innovation disclosures is more negative for exploration-focused firms 

and less negative for exploitation-focused firms. In contrast, the effect of technology spillover on the 

detail and repetitiveness of narrative innovation disclosures is more positive for exploration-focused 

firms and less positive for exploitation-focused firms. 

Column (4) provides the results of narrative innovation disclosure tone, using the model in 

Equation (15). The coefficient on the interaction term, ExploreRatio * PMCHigh, is insignificant, 

showing that product market competition may have a limited deterministic effect on exploration-

focused firms when considering the tone of narrative innovation disclosures. The result may indicate 

that the positive tone is a characteristic associated with exploration-focused firms, irrespective of 

competitive pressures from the product market. However, I find a negative and significant coefficient 

on the interaction term of ExploreRatio * TSHigh at the 1% level, indicating that the positive effect of 

exploratory innovation on the tone of innovation disclosures is less pronounced in the presence of 

increased technology spillover. One possible explanation is that when technology spillover is high 

and innovations are more readily shared or accessible across technology peer firms, there may be an 

increased risk of legal disputes over intellectual property and patent infringement. This heightened 

litigation risk could lead exploration-focused firms to adopt a more cautious or reserved tone in their 

narrative innovation disclosures (Luo & Zhou, 2020). 

7.3 Conditional Analysis: Technological Peer Pressure 

Prior research has recognized the multidimensional relationship between competition and 
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disclosure across various domains (Bertrand, 1883; Cournot, 1838; Dixit & Stiglitz, 1977; Hotelling, 

1929; Schumpeter, 2003; Stahl, 1988). Technological peer pressure involves firms making 

investments in innovation to develop new products and processes, thereby securing future market 

competitiveness (Cao et al., 2018). To date, there is limited evidence on the effects of technological 

peer pressure on corporate disclosures. Cao et al. (2018) introduce a firm-level measure of 

technology-based product market competition, technological peer pressure (TPP). TPP assesses the 

combined technological advancements of firms that compete with the focal firm in the product market 

compared to the focal firm’s technological readiness. A higher TPP value indicates that a firm faces 

more intense technological peer pressure. Even under the same product market pressure (PMC), a 

firm experiences higher technological peer pressure when it has lower technological preparedness. 

Prior studies find a negative relation between technological peer pressure and product disclosures 

(Cao et al., 2018) as well as R&D disclosures (Ettredge et al., 2018). However, no prior research 

simultaneously considers product market competition (PMC), technology spillover (TS), and 

technological peer pressure (TPP).62 In addition, there is a lack of evidence within the context of 

firms’ different innovation strategies. To address this gap, I investigate how corporate innovation 

strategy affects firms’ narrative innovation disclosure quantity (InvDiscQty) when facing high 

technological peer pressure (TPPHigh), using the following Equation (16): 

𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑄𝑡𝑦𝑡 = 𝛽0 + 𝛽1𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1 + 𝛽2𝑇𝑃𝑃𝐻𝑖𝑔ℎ𝑡−1 + 𝛽3𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑅𝑎𝑡𝑖𝑜𝑡−1

∗ 𝑇𝑃𝑃𝐻𝑖𝑔ℎ𝑡−1 + 𝛽4𝑆𝑖𝑧𝑒𝑡−1 + 𝛽5𝐴𝑑𝑗𝑅𝑂𝐴𝑡−1 + 𝛽6𝐵𝑇𝑀𝑡−1 + 𝛽7𝐶𝑎𝑝𝐼𝑛𝑡𝑡−1

+ 𝛽8𝐿𝑒𝑣𝑡−1 + 𝛽9𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 + 𝛽10𝑅&𝐷𝑡−1 + 𝛽11𝑅&𝐷𝑆𝑞𝑡−1

+ 𝛽12𝐹𝑖𝑟𝑚𝐴𝑔𝑒𝑡−1 + 𝛽13𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝐹𝑜𝑙𝑙𝑜𝑤𝑡−1 + 𝛽14𝑀𝑔𝑚𝑡𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑡−1

+ 𝛽15𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑡𝑒𝑛𝑡𝑡−1 + 𝛽16𝑁𝑜𝑛𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + 𝛽17𝑃𝑟𝑖𝑜𝑟𝐼𝑛𝑣𝐷𝑖𝑠𝑐𝑡 + ∑𝑌𝑒𝑎𝑟 𝐹𝐸
+ ∑𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝐸 + 𝜀 (16) 

I follow Cao et al. (2018) to calculate technological peer pressure (TPP), which builds upon 

the measure of product market competition (PMC). To calculate PMC, Bloom et al. (2013) multiply 

the product market similarity between firm 𝑖 and firm 𝑗 (𝑁𝑖𝑗) by the R&D stock of firm 𝑗 (𝐺𝑗) and 

 
62 Untabulated Pearson (Spearman) correlation matrix shows that the coefficient between TPP and PMC is 

0.687 (0.317). The coefficient between TPP and TS is 0.21 (0.416). 
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then aggregate all multiples. Cao et al. (2018) take a step further by dividing the sum by the focal 

firm’s own R&D stock (𝐺𝑖). TPP is calculated as the natural logarithm to construct the technological 

peer pressure for firm 𝑖  in year 𝑡: 𝑇𝑃𝑃𝑖 = Log(1 + ∑ 𝐺𝑗𝑁𝑖𝑗𝑗≠𝑖 /𝐺𝑖).63  The numerator of the ratio 

inside the parentheses is the pool of peers’ R&D stock in dollars, which implies the threats posed by 

rivals’ technological developments. The denominator represents the focal firm’s own technological 

preparedness. To enhance the interpretation of the moderating effect, I rank the sample based on TPP 

and create an indicator variable, TPPHigh, which takes a value of one if TPP exceeds the median and 

zero otherwise. All variables are defined in Appendix D. 

Table 20 reports the results of the moderating effect of technological peer pressure (TPP) on 

the relation between corporate innovation strategy and narrative innovation disclosure by regressing 

InvDiscQty on the interaction of ExploreRatio and different moderators (TPPHigh, PMCHigh, and 

TSHigh). The main variable, ExploreRatio, remains significant and negative across all columns, 

showing a negative effect of firms’ exploratory intensity on narrative innovation disclosure quantity. 

In Column (1), I regress InvDiscQty on the interaction term, ExploreRatio * TPPHigh. The 

coefficient on the interaction, ExploreRatio * TPPHigh, is significantly positive at the 1% level. The 

result shows that the effect of technological peer pressure is more positive on exploration-focused 

firms than on exploitation-focused firms. 

To examine whether technological peer pressure and product market competition capture 

different aspects of competition, I include the interaction term, ExploreRatio * PMCHigh, in Column 

(2). The coefficient on the interaction term, ExploreRatio * TPPHigh, remains significantly positive 

at the 1% level and ExploreRatio * PMCHigh remains significantly negative at the 1% level. To 

further examine whether technological peer pressure and technology spillover capture different 

technological effects, I include the interaction term, ExploreRatio * TSHigh, in Column (3). The 

 
63 The results remain largely robust when substituting TPP with the TPP proxy used in Cao et al. (2018). I thank 

the authors for sharing the data. 
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coefficient on the interaction term, ExploreRatio * TPPHigh, remains significantly positive at the 1% 

level and ExploreRatio * TSHigh remains significantly positive at the 1% level. Column (4) shows 

the results including the interaction terms of technological peer pressure, product market competition, 

and technology spillover and the results are significant at the 1% level. 

Overall, these results indicate the nuanced nature of product market competition (PMC), 

technological spillover (TS), and technological peer pressure (TPP), as well as their distinct impacts 

on the disclosure behaviors of exploration-focused firms. Exploration-focused firms disclose less 

information compared to exploitation-focused firms in the presence of high product market 

competition. This suggests that when faced with intense competition in the product market, 

exploration-focused firms may adopt a more cautious or reserved approach in their narrative 

innovation disclosures to mitigate the proprietary costs of the information. Unlike competitive 

strategies, which focus on gaining an advantage over rivals, technology spillover involves the 

collaborative diffusion of knowledge across firms and industries. Exploration-focused firms 

acknowledge the collaborative nature of innovation, leading them to be more open in sharing 

information to promote collective progress compared to exploitation-focused firms. 

In addition to the effect of product market competition and technology spillover, exploration-

focused firms disclose more information when confronted with high technological peer pressure. This 

indicates that when the competition is centered around technology and innovation, the effect of 

technological peer pressure is consistent with the effect of technological spillover. Therefore, future 

research should carefully consider the multidimensional relation between competition and disclosure 

within the context of innovation strategy. 

7.4 Conclusion 

In summary, I find that compared to exploitation-focused firms, exploration-focused firms 

tend to disclose fewer details in numerical, forward-looking, and repetitive narrative innovation 
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disclosures, consistent with their overall disclosure decisions regarding quantity. I also find a positive 

relation between exploratory intensity and disclosure tone, potentially influenced by overconfident 

executives. Moreover, I find evidence of the moderating effect of technological peer pressure. When 

product competition revolves around technology and innovation, the effect of technological peer 

pressure is similar to technology spillover. Overall, the evidence presented in this chapter reinforces 

and supplements my primary results from Chapter 5. 
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Chapter 8 

Conclusion 

Current accounting standards present challenges for innovative firms in effectively 

communicating the value of their innovation activities through conventional accounting measures, 

thus creating information asymmetry between firms and investors (Lev & Sougiannis, 1999). Recent 

research highlights the complexity that investors encounter in understanding the return predictability 

associated with a firm’s internal decision on innovation strategy, whether oriented toward exploration 

or exploitation (Fitzgerald et al., 2021; Jia, 2018). 

This thesis examines the relation between corporate innovation strategy and narrative 

innovation disclosure decisions, as well as the moderating effects of product market competition and 

technology spillover. I find that compared to exploitation-focused firms, exploration-focused firms 

disclose a lower quantity of narrative innovation information due to a cost-benefit tradeoff. I also find 

that exploration-focused firms tend to disclose fewer numerical, forward-looking, and repetitive 

narrative innovation disclosures and adopt a more positive tone in their communications compared to 

exploitation-focused firms. In addition, firms led by overconfident executive teams are more likely to 

utilize a positive tone in their disclosures. 

Moreover, product market competition and technology spillover exhibit opposing effects on 

both the quantity and the qualitative characteristics of narrative innovation disclosures by exploration-

focused firms, emphasizing their differential impacts on proprietary costs. In environments with high 

levels of product market competition, exploration-focused firms tend to disclose less information in 

terms of both the quantity and the detail of narrative innovation disclosures compared to exploitation-

focused firms. This cautious approach suggests they aim to mitigate the proprietary costs associated 

with innovation-related information in highly competitive markets. In contrast to competitive 

strategies, technology spillover encourages collaborative knowledge exchange among firms and 

across industries. Exploration-focused firms embrace this collaborative nature, leading them to be 
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more open in sharing information to drive collective progress. Therefore, in scenarios with high levels 

of technology spillover, exploration-focused firms disclose more information with greater detail, 

potentially signaling their willingness to collaborate. These findings contribute to the disclosure and 

innovation literature by shedding light on the effect of proprietary costs associated with firms’ 

disclosure decisions within the context of different innovation strategies. 

While the existing literature examines the effect of corporate innovation strategy on firm 

performance and market valuation (Fitzgerald et al., 2021; Jia, 2018), there is limited research on how 

firms enhance communication with investors and on the value relevance of such communication. My 

thesis fills the research gap by examining how firms with different innovation strategies utilize 

narrative innovation disclosures to communicate effectively, reducing information asymmetry and 

aiding investors in alleviating the valuation challenges associated with their innovation strategy. 

Narrative innovation disclosures enhance investors’ understanding of innovative activities and reduce 

the potential overvaluation due to preference bias toward exploration-focused firms. These 

disclosures also inform investors about R&D and ongoing innovation efforts, thereby reducing the 

risk of managers withholding interim negative news. Eventually, as exploration-focused firms offer 

more narrative innovation disclosures, investors gain valuable insights into their innovation strategies, 

leading to reduced information asymmetry and a decreased likelihood of future stock price crashes. 

My thesis primarily focuses on public firms that engage in innovation activities, and the 

findings may have limited generalizability to private firms with a strong emphasis on innovation. Gao 

et al. (2018) find a significant divergence in exploratory (58%) and exploitative (12%) patents in 

private firms compared to public firms (48% and 9%, respectively). As a result, the conclusions 

drawn from my thesis may not be generalizable to private firms. 

In addition, my findings may not generalize to firms that rely on trade secrecy rather than 
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patents to protect their intellectual property.64 Although both types of firms engage in innovation 

activities, they exhibit systematic differences. Glaeser (2018) finds that firms that opt for trade secrets 

are less inclined to file patents in the future, indicating that patenting and trade secrets act as 

substitutes for protecting innovation. However, patents remain a prevalent method for protecting 

intellectual property, particularly among U.S. firms that receive the highest number of global 

patents.65 Given the prominence of patenting and its widespread usage, my thesis holds substantial 

importance by providing insights into the dynamics of firms’ innovation strategies through the lens of 

patenting activities. 

 
64 https://ncses.nsf.gov/pubs/nsf21339 
65 https://www.uspto.gov/web/offices/ac/ido/oeip/taf/us_stat.htm 
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Appendices 

Appendix A 

Examples of Narrative Innovation Disclosures in 10-K Filings 

Strategy 

“Our markets are characterized by rapid technological changes and advances. Accordingly, we make 

substantial investments in the design and development of new products and manufacturing processes, 

and the improvement of existing products and manufacturing processes. We spent approximately 

$560 million during fiscal 2014 on the design, development and improvement of new and existing 

products and manufacturing processes, compared to approximately $513 million during fiscal 2013 

and approximately $512 million during fiscal 2012. Our research and development strategy focuses 

on building technical leadership in core technologies of converters, amplifiers and RF and 

microwave, MEMS, power management, and DSP. In support of our research and development 

activities, we employ thousands of engineers involved in product and manufacturing process 

development throughout the world” (Analog Devices Inc, 2014, p.6). 

 

Patent 

“On December 31, 2002, the FDA approved Humira for the treatment of rheumatoid arthritis. 

Worldwide sales of Humira are forecasted to be more than $150 million in 2003. The expiration of 

patent protection can affect the future revenues and operating income of Abbott. Significant patent 

expirations and activities in the next three years are as follows. The original U.S. compound patent on 

clarithromycin expires in 2005. Approximately 50% of the U.S. sales of clarithromycin in 2002 were 

made under a form covered by patents that expire later than 2005. U.S. sales of clarithromycin were 

$487 million in 2002. Abbott markets TriCor in the U.S. under a license agreement. Patents covering 

TriCor are being challenged by competitors. Abbott is vigorously defending the patents. U.S. sales of 

TriCor were $403 million in 2002. An NDA for Synthroid, which is not protected by a patent, was 

approved by the FDA in 2002. The FDA is studying the conditions under which competitors may rely 

on Abbott’s NDA to market a competitive product. U.S. sales of Synthroid were $489 million in 

2002” (Abbott Laboratories, 2002, p.27). 

 

“We have obtained a substantial number of patents and trademarks in the United States and in other 

countries. As of October 31, 2015, we held approximately 2,280 U.S. patents and approximately 635 

non-provisional pending U.S. patent applications with expiration dates ranging from 2015 through 

2034” (Analog Devices Inc, 2015, p.6). 

 

R&D Expense 

“Research and development expenses of $1.4 billion in 2012, decreased by $99 million, or 7%, 

compared to $1.5 billion in 2011. The decrease was due to a $60 million decrease in research and 

development expenses attributable to our Graphics segment and a $45 million decrease in research 

and development expenses attributable to our Computing Solutions segment, partially offset by a $6 

million increase in stock-based compensation expense recorded in the All Other category. Research 

and development expenses attributable to our Graphics segment decreased as a result of a $36 million 

decrease in product engineering and design costs, a $16 million decrease in other employee 

compensation and benefit expense and a $9 million decrease in manufacturing process technology 

expenses. The decrease in research and development expenses attributable to our Computing 

Solutions segment was primarily due to a $26 million decrease in other employee compensation and 

benefit expense, an $11 million decrease in manufacturing process technology expenses related to GF 
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for our future products and a $9 million decrease in product engineering and design costs” (Advanced 

Micro Devices, 2012, p.51). 

 

“IBM’s research and development (R&D) operations differentiate the company from its competitors. 

IBM annually invests 7 to 8 percent of total revenue for R&D, focusing on high-growth, high-value 

opportunities. IBM Research works with clients and the company’s business units through global labs 

on near-term and mid-term innovations. It delivers many new technologies to IBM’s portfolio every 

year and helps clients address their most difficult challenges. IBM Research scientists are conducting 

pioneering work in artificial intelligence, quantum computing, blockchain, security, cloud, 

nanotechnology, silicon and post-silicon computing architectures and more—applying these 

technologies across industries including healthcare, IoT, education and financial services” 

(International Business Machines Corporation, 2017, p.7) . 

 

Collaboration 

“We conduct our microprocessor manufacturing process development activities primarily through our 

joint development agreement with IBM. Under this agreement, we jointly develop new process 

technologies, including 45-nanometer, 32-nanometer, 22-nanometer and certain other advanced 

technologies, to be implemented on silicon wafers. Our relationship also includes laboratory-based 

research of emerging technologies such as new transistor, interconnect, lithography and die-to-

package connection technologies. We pay fees to IBM for joint development projects” (Advanced 

Micro Devices, 2006, p.15). 

 

Employee 

“At January 31, 2011, we had 172 employees, 142 of whom were engaged in research and 

development. None of our employees are represented by a labor union or covered by a collective 

bargaining agreement, nor have we experienced work stoppages. We believe that relations with our 

employees are good” (Alnylam Pharmaceuticals Inc, 2010, p.42). 

 

Competition 

“The competitive environment in the semiconductor industry is in a constant state of flux, with new 

products continually emerging and existing products approaching technological obsolescence. We 

compete on the basis of time-to-market, new product innovation, quality, performance, price, 

compliance with industry standards, strategic relationships with customers and baseband vendors, 

personnel and protection of our intellectual property. We participate in highly competitive markets 

against numerous competitors that may be able to adapt more quickly than we can to new or emerging 

technologies and changes in customer requirements, or may be able to devote greater resources to the 

development, promotion and sale of their products than we can. Erosion of average selling prices of 

established products is typical of the semiconductor industry. Consistent with trends in the industry, 

we anticipate that average selling prices for our established products will continue to decline at a 

normalized rate of five to ten percent per year. As part of our normal course of business, we mitigate 

the gross margin impact of declining average selling prices with efforts to increase unit volumes, 

reduce material costs and lower manufacturing costs of existing products and by introducing new and 

higher value-added products” (Skyworks Solutions Inc, 2014, p.9). 

 

Facility 

“At December 29, 2012, we owned principal research and development, engineering, manufacturing, 

warehouse and administrative facilities located in the United States, Canada, China, Singapore and 

Malaysia. These facilities totaled approximately 2.4 million square feet. Our main facility with 

respect to our graphics and chipset products is located in Markham, Ontario, Canada. This facility 
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consists of approximately 240,000 square feet of office and research and development space” 

(Advanced Micro Devices, 2012, p.35). 
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Appendix B 

Patent-Based Measure of Corporate Innovation Strategy 

A firm initiates the patent process by filing a patent application, which is assigned a unique 

patent application number. Upon approval, the application transforms into a patent, and the USPTO 

issues a patent document containing both the patent number and the original patent application 

number. The document also includes citations to existing patents or patent applications, which serve 

as references that contribute to the development of the innovation. These citations can originate from 

patents or patent applications generated by the firm itself or from those produced by other firms. A 

firm incurs high learning costs to acquire the knowledge in the citation and to produce its own 

innovation as a new patent that builds on those citations. Therefore, I consider citations as part of the 

firms’ own knowledge and use them as a measure to assess the firm’s knowledge base. 

Therefore, I start with the citation level of each patent granted to a firm. 66 To build up the 

firm’s existing knowledge pool in year 𝑡, I identify all patents applied for by firm 𝑖 plus citations 

made by those patents in year 𝑡−5 to 𝑡−1 to account for the depreciation of patent stock. For a patent 

𝑝 applied for by firm 𝑖 in year 𝑡, I consider all citations made by this patent as knowledge utilized in 

innovation. To determine the extent to which knowledge utilized in innovation is derived from the 

firm’s existing knowledge pool, I compare each citation in patent 𝑝 with every patent and citation in 

the firm’s existing knowledge pool in year 𝑡. If there is a match, it means that the citation has been 

used before (or the firm cites its own patent), which indicates that the firm refers to existing 

knowledge that requires less time and effort to learn and apply. Thus, this citation is defined as an 

“old citation.” If there is no match, it means that the citation has never been used before, which 

indicates that the firm spends substantial time and effort to acquire the new knowledge in order to cite 

it in the patent. Thus, the citation is defined as a “new citation.” 

 
66 It is empirically unfeasible to analyze a firm’s innovation strategy at the product level, such as the iPhone, 

due to the data limitation. 
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Next, at the patent level, if patent 𝑝 exhibits a higher “new citation ratio” (calculated as the 

total number of new citations divided by the total number of citations), it indicates that the knowledge 

utilized in innovation mainly originates from outside the firm’s existing knowledge. This reflects the 

firm’s efforts to expand beyond its existing technology base. I follow the literature (Fitzgerald et al., 

2021; Jia, 2018) and flag patent 𝑝 as “exploratory” if it contains 80% or more new citations (new 

citation ratio ≥ 80%). 

The final step involves transitioning from a patent-level measure to a firm-level measure. If 

firm 𝑖 generates a higher proportion of exploratory patents out of total patents, it indicates that the 

firm prioritizes an exploration strategy. To operationalize the construct of corporate innovation 

strategy at the firm level, I calculate a continuous measure, exploratory patent ratio (ExploreRatio), to 

assess the firm’s exploratory intensity. ExploreRatio is calculated as the total number of firm 𝑖’s 

patents applied for in year 𝑡 that are flagged as “exploratory,” divided by the total number of firm 𝑖’s 

patents applied for in year 𝑡. A higher (lower) value of ExploreRatio indicates that the firm relatively 

focuses more (less) on exploratory (exploitative) innovations. 

Taking the “multipoint touchscreen” in the first iPhone as an example, when Steve Jobs, the 

former CEO of Apple, announced the first iPhone in 2007, he introduced a core technology called 

“multipoint touchscreen,” enabling users to perform multi-finger gestures directly on the screen 

without the need for a stylus (Apple, 2007). This technology was applied for a patent in 2004 and was 

granted patent number US7663607 in 2010. From a theoretical perspective, this patent is considered 

exploratory because the introduction of the multi-touch iPhone revolutionized the phone production 

and led a phenomenal revolution in user interfaces (Annett, 2007). This suggests that the knowledge 

utilized in screen technology primarily originates from outside Apple’s existing knowledge pool. 

To operationalize the measure based on my definition, I first identify Apple’s existing 

knowledge in the application year 2004, which includes all patents applied for by Apple plus patents 
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or patent applications produced by other firms that were cited by those patents from 1999 to 2003. 

At the citation level of the patent “multipoint touchscreen” (US7663607), Apple’s knowledge 

utilized in innovation includes all citations within this patent. Among the total of 223 citations, I 

identify 166 U.S. citations, 24 foreign citations, and 33 patent applications, which are consistent with 

the original patent document. Then, I compare each citation with patents and citations within the 

existing knowledge pool and identify 183 new citations and 40 old citations. 

At the patent level, I calculate the “new citation ratio” as 0.82 (183/223). I follow the 

literature and flag this patent as “exploratory” because more than 80% of its citations are based on 

new knowledge (new citation ratio ≥ 80%). Therefore, I identify the patent “multipoint touchscreen” 

as an exploratory patent. 

To transition from patent-level measure to firm-level measure for Apple in the application 

year 2004, I calculate the exploratory intensity (ExploreRatio) as the total number of Apple’s patents 

applied for in the year 2004 that are flagged as “exploratory,” divided by the total number of Apple’s 

patents applied for in the year 2004. The ExploreRatio measure for 2004 is 0.55 (162/294). 
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Appendix C 

Narrative Innovation Disclosure Keywords Modified from Merkley (2014)

Application Pending 

Breakthrough 

Clinic Candidate 

Clinic Data 

Clinic Development 

Clinic Program 

Clinic Study 

Collaboration 

Continue Development 

Develop Product 

Develop Proprietary Technology 

Develop Technology 

Drug Candidate 

Enter Development 

Enhance Product 

Evaluate Potential 

Innovation 

Introduce Product 

Improve Product 

Joint Venture Development 

Milestone 

New Product 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

New Technology 

Patent 

Pending Application 

Pilot Study 

Preclinical Data 

Preclinical Development 

Product Candidate 

Product Development 

Product Engineering 

Product Enhance 

Product Improvement 

Product Introduction 

Project Development 

Proprietary Technology 

R&D 

Research 

Safety Study 

Technical Development 

Technological Advance 

Technological Change 

Technology Development 
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Appendix D 

Variable Definitions 

Variable Definition 

 Measure of Corporate Innovation Strategy in Equation (1) 

ExploreRatio Exploratory patent ratio that shows a firm’s innovation strategy on exploratory 

intensity, calculated as the total number of firm 𝑖’s patents applied for in a year 

that is flagged as “exploratory,” divided by the total number of firm 𝑖’s patents 

applied for in the same year. A patent is “exploratory” if at least 80% of its 

citations are based on new knowledge outside of a firm’s existing knowledge 

(i.e., not citing the firm’s existing patents or the citations made by those 

patents). See the detailed calculation in Appendix B. 

 Measure of Narrative Innovation Disclosure Quantity in Equation (1) 

InvDiscQty Narrative innovation disclosure quantity, calculated as the natural logarithm of 

the number of innovation-related sentences in a firm’s 10-K filing. 

 Control Variables in Equation (1) 

Size Firm size, calculated as the natural logarithm of a firm’s book value of total 

assets in a year. 

AdjROA Adjusted return on asset, calculated as net income before R&D expenditure 

and advertising expenses scaled by lagged total assets. 

BTM Book-to-market ratio, calculated as the book value of equity divided by the 

market value of equity at the fiscal year-end. 

CapInt Capital intensity, calculated as the ratio of property, plant, and equipment 

(PP&E) and inventories scaled by lagged total assets. 

Lev Financial leverage, calculated as total debt scaled by lagged total assets. 

Growth Sales growth, calculated as the year-to-year percentage change in sales. 

R&D Research and development (R&D) expenditure, calculated as R&D 

expenditure scaled by lagged total assets. 

R&DSq Square of R&D expenditure scaled by lagged total assets. 

FirmAge Firm age, calculated as the natural logarithm of the number of years the firm 

exists in the Compustat annual fundamental file. 

AnalystFollow Analyst following, calculated as the natural logarithm of one plus the number 

of analysts that issue earnings forecasts for the firm in a year. 

MgmtForecast Management forecast frequency, calculated as the natural logarithm of one 

plus the number of management forecasts issued in a year. 

TotalPatent Number of granted patents, calculated as the number of patents granted to the 

firm scaled by lagged total assets. 

NonInvDisc Non-innovation disclosure quantity, calculated as the natural logarithm of the 

number of sentences in the 10-K filing that are not related to innovation. 

PriorInvDisc Prior innovation disclosure, an indicator that equals one if the firm discloses 

narrative innovation information in the prior 10-K filing. 

 Conditional Variables in Equation (2) 

PMC Product market competition from existing rivalry, measured as a firm-level 

variable from Bloom et al. (2013). First, I assign a product market distribution 

vector 𝑃𝑖  to each firm 𝑖, which is based on the firm’s sales distribution across 

industry sectors (two-digit SIC codes): 𝑃𝑖 = {𝑝1, 𝑝2, 𝑝3, … , 𝑝𝑛}, where 𝑝1 is the 

average market share of firm 𝑖 based on sales in the first industry sector in the 
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previous two years. Second, I calculate the measure of product market 

similarity 𝑁𝑖𝑗 = 𝑃𝑖
′𝑃𝑗 √𝑃𝑖√𝑃𝑗⁄ , where 𝑁𝑖𝑗  is the cosine similarity approach in 

Jaffe (1986) between firm 𝑖’s sales distribution (𝑃𝑖) and firm 𝑗’s sales 

distribution (𝑃𝑗). Third, I multiply product market similarity between firm 𝑖 

and firm 𝑗 (𝑁𝑖𝑗) with the R&D stock of firm 𝑗 (𝐺𝑗). To calculate R&D stock of 

firm 𝑗’s technological knowledge, I use the inventory method employed by 

Hall et al. (2005). I calculate firm 𝑗’s imputed R&D stock in year 𝑡 as the 

R&D expense in year 𝑡 plus depreciated R&D stock in year 𝑡 −1, where the 

depreciation rate is 15% (δ = 0.15): 𝐺𝑗𝑡 = 𝑅&𝐷𝑗𝑡 + (1 − δ)𝐺𝑗𝑡−1. Fourth, I 

aggregate all multiples and take the natural logarithm to construct the product 

market competition for firm 𝑖 in year 𝑡: 𝑃𝑀𝐶𝑖 = Log(1 + ∑ 𝐺𝑗𝑁𝑖𝑗𝑗≠𝑖 ). 

PMCHigh High PMC, an indicator equals one if PMC is above the sample median and 

zero otherwise. 

TS Technology spillover, measured a firm-level variable from Bloom et al. (2013) 

by highlighting the significance of technological closeness and 

complementarity as essential components of the technology spillover. Firm 𝑖 
benefits from the technology spillover from firm 𝑗 when firm 𝑖 and firm 𝑗 use 

similar technologies and when the stock of knowledge in firm 𝑗 is larger than 

firm 𝑖 (𝐺𝑗𝑡 > 𝐺𝑖𝑡). I calculate the technological similarity between firms 𝑖 and 

𝑗 to measure the ability of firm 𝑖 to benefit from firm 𝑗’s technology through 

learning. I follow Jaffe (1986) and calculate technological similarity based on 

the firm’s patent distributions across technology classes. First, I assign a 

technology distribution vector 𝑆𝑖 to firm 𝑖, which is based on firm’s patent 

distribution across 673 technology subclasses in the Cooperative Patent 

Classification (CPC). 𝑆𝑖 = {𝑠1, 𝑠2, 𝑠3, … , 𝑠673}, where 𝑠1 is the proportion of 

patents held by firm 𝑖 in the first technology subclass in the previous five 

years. Second, I calculate the measure of technological similarity 𝑀𝑖𝑗 =

𝑆𝑖
′𝑆𝑗 √𝑆𝑖√𝑆𝑗⁄ , where 𝑀𝑖𝑗  is the cosine similarity approach that measures the 

ability of firm 𝑖 to take advantage of technological knowledge developed by 

firm 𝑗. Third, I multiply technological similarity between firm 𝑖 and firm 𝑗 

(𝑀𝑖𝑗) with the R&D stock of firm 𝑗 (𝐺𝑗𝑡). Fourth, I aggregate the multiples 

across all firms 𝑗 (𝑗 ≠ 𝑖), scaled by firm 𝑖’s own R&D stock, and take the 

natural logarithm to construct the technology spillover for firm 𝑖 in year 𝑡: 

𝑇𝑆𝑖𝑡 = Log(1 + ∑ 𝐺𝑗𝑀𝑖𝑗𝑗≠𝑖 /𝐺𝑖). 

TSHigh High TS, an indicator equals one if TS is above the sample median and zero 

otherwise. 

 Raw Measures of Major Variables in Table 3 

CountExplorePatent Count of exploratory patents. A patent is “exploratory” if at least 80% of its 

citations are based on new knowledge outside of a firm’s existing knowledge 

(i.e., not citing the existing patents or the citations made by those patents). See 

a detailed definition and calculation in Appendix B. 

CountTotalPatent Count of total patents applied for in a year. 

InvSentMerkley Count of narrative R&D sentences in a firm’s 10-K filing using Merkley’s 

keyword list. 

InvSent Count of narrative innovation sentences in a firm’s 10-K filing using the 

modified keyword list. 
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TotalSent Count of total sentences in a firm’s 10-K filings. 

FirmAgeRaw Count of years the firm exists in the Compustat annual fundamental file. 

AnalystFollowRaw Count of analysts that issue earnings forecasts for the firm in a year. 

MgmtForecastRaw Count of management earnings forecasts issued in a year. 

 Additional Independent Variable in Table 5 

ExploreHigh High exploratory intensity, an indicator equals one if ExploreRatio is above 

the sample median and zero otherwise. 

 Instrumental Variables in Equation (3.1) and Equation (3.2) 

PatentPractitioner Total number of patent practitioners (agents and attorneys) within each state 

(divided by 1000 for interpretation). 

ExploreRatioIndAvg Industry average of ExploreRatio. 

 Exogenous Shock Study Variable in Equation (5) 

PostRegFD Post-Regulation Fair Disclosure period, an indicator that equals one for firm-

years from 2001 onwards and zero otherwise. 

 Additional Alternative Explanation Variables in Table 13 

LitRisk Litigation risks, an indicator equals one if the firm’s four-digit SIC code falls 

within the ranges 2833–2836, 3570–3577, 3600–3674, 5200–5961, or 7370–

7374 and zero otherwise. 

MissR&D Missing R&D, an indicator equals one if the firm does not report R&D 

expenditure and zero otherwise. 

 Short-term Consequence Variables in Equation (6) 

CAR Cumulative abnormal return, calculated as the sum of abnormal returns over 

the event window, using filing date as trading day within (−5, +5) event 

window. 

sCAR Standardized cumulative abnormal return, calculated as CAR scaled by the 

square root of the product of the event window length and the estimated 

variance of abnormal returns using filing date as trading day within (−5, +5) 

event window. 

Beta Beta coefficient on the market factor, which captures the sensitivity of a 

stock’s returns to the overall market returns. 

MTB Market-to-book ratio during fiscal year 𝑡, calculated as the market value of 

equity divided by book value of equity at the fiscal year-end.  

SG&A Selling, general, and administrative expenses scaled by lagged total assets. 

ROE Return on equity, calculated as income before extraordinary items divided by 

lagged book value of shareholder’s equity. 

 Stock Price Crash Risk Variables in Equation (7) and Equation (8) 

DUVol1 Down-to-up volatility, calculated as the natural logarithm of the standard 

deviation in the negative weeks divided by the standard deviation in the 

positive weeks. 

DUVol2 Down-to-up volatility, calculated as the natural logarithm of the standard 

deviation in the down weeks divided by the standard deviation in the up 

weeks. Down weeks are determined as weeks with firm-specific weekly 

returns below the annual mean and up weeks are those with firm-specific 

weekly returns above the period mean. Standard deviation is calculated 

separately in down week and up week subsamples. DUVol2 is the natural 

logarithm of the ratio of the standard deviation in the “down” weeks to the 

standard deviation in the “up” weeks: 𝐷𝑈𝑉𝑜𝑙2 = log {(𝑛𝑢 − 1) ∑ 𝑊𝑖,𝜏
2

𝐷𝑜𝑤𝑛 /
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(𝑛𝑑 − 1) ∑ 𝑊𝑖,𝜏
2

𝑈𝑝 } where 𝑛𝑢 and 𝑛𝑑  are the number of up and down weeks in 

year 𝑡, respectively. 

DUVol3 Down-to-up volatility, calculated as the natural logarithm of the standard 

deviation in the down weeks divided by the standard deviation in the up 

weeks. Down weeks are determined as weeks with firm-specific weekly 

returns below the annual mean and up weeks are those with firm-specific 

weekly returns above the period mean. Standard deviation is calculated 

separately in down week and up week subsamples. DUVol3 is the natural 

logarithm of the ratio of the standard deviation in the “down” weeks to the 

standard deviation in the “up” weeks: 𝐷𝑈𝑉𝑜𝑙3 = log (𝑆𝑡𝑑𝑈𝑃/𝑆𝑡𝑑𝐷𝑂𝑊𝑁). 
NCSkew Negative conditional skewness of firm-specific weekly returns over the year, 

calculated as the negative of the third moment of firm-specific weekly returns 

for each year and normalizing it by the standard deviation of firm-specific 

weekly returns raised to the third power. For each firm 𝑖 in year 𝑡, 𝑁𝐶𝑆𝑘𝑒𝑤 =

−[𝑛(𝑛 − 1)2/3 ∑ 𝑊𝑖,𝜏
3 ]/[(𝑛 − 1)(𝑛 − 2)(∑ 𝑊𝑖,𝜏

2 )
2/3

] where 𝑛 is the number of 

weekly returns during year 𝑡. The negative sign is put in front of the third 

moment for the interpretation that a higher value of NCSkew indicates a higher 

crash risk. The firm-specific weekly return for firm 𝑖 in week 𝜏 (𝑊𝑖,𝜏) is 

calculated as the natural logarithm of one plus the residual return from the 

following regression using firm-specific returns: 𝑟𝑖,𝜏 = 𝛼𝑗 + 𝛽2,𝑖𝑟𝑚,𝜏−2 +

𝛽2,𝑖𝑟𝑚,𝜏−1 + 𝛽3,𝑖𝑟𝑚,𝜏 + 𝛽4,𝑖𝑟𝑚,𝜏+1 + 𝛽5,𝑖𝑟𝑚,𝜏+2 + 𝜀𝑖,𝜏 where 𝑟𝑖,𝜏 is the return on 

stock 𝑖 in week 𝜏 and 𝑟𝑚,𝜏 is the return on the CRSP value-weighted market 

index in week 𝜏. The lead and lag terms of the market index return allow for 

nonsynchronous trading (Dimson, 1979). 

DTurn Detrended average monthly stock turnover, calculated as the average monthly 

share turnover over the fiscal year minus the average monthly share turnover 

over the previous fiscal year, where monthly share turnover is calculated as the 

monthly trading volume divided by the number of shares outstanding during 

the month. 

Sigma The standard deviation of firm-specific weekly returns over the year. 

MeanRet The average of firm-specific weekly returns of the year (multiplied by 100 for 

interpretation). 

ROA Return on assets, calculated as income before extraordinary items scaled by 

lagged total assets. 

AccM Absolute value of discretionary accruals, calculated as the absolute value of 

the estimated residuals derived from the methodology proposed by Kothari et 

al. (2005). 

 Qualitative Disclosure Variables in Equation (9) 

InvDiscNum Numerical innovation-related disclosures, calculated as the natural logarithm 

of one plus the number of numerical innovation-related sentences in a firm’s 

10-K filing. An innovation-related sentence is numerical if it contains 

numerical information that is not in a date format. 

InvDiscFls Forward-looking innovation-related disclosures, calculated as the natural 

logarithm of one plus the number of forward-looking innovation-related 

sentences in a firm’s 10-K filing. An innovation-related sentence is forward-
looking if it contains future tense words, as specified by F. Li (2010). 

10KDiscNum Numerical information in the 10-K disclosures, calculated as the natural 
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logarithm of one plus the number of numerical sentences in a firm’s 10-K 

filing. A 10-K sentence is numerical if it contains numerical information that is 

not in a date format. 

10KDiscFls Forward-looking information in the 10-K disclosures, calculated as the natural 

logarithm of one plus the number of forward-looking sentences in a firm’s 10-

K filing. A 10-K sentence is forward-looking if it contains future tense words, 

as specified by F. Li (2010). 

 Additional Qualitative Disclosure Variable in Equation (10) 

InvDiscRep Repetitive innovation-related disclosures, calculated as the natural logarithm 

of one plus the total number of similar innovation-related sentences in the 

same 10-K filing. Similar disclosures are based on whether the innovation 

disclosure sentence is similar to other innovation-related sentences in the same 

10-K filing (Merkley, 2014). An innovation-related sentence is repetitive if the 

cosine similarity between the two-word sets of the current sentence and its 

previous sentence is greater than 0.9. 

 Additional Qualitative Disclosure Variables in Equation (11) 

InvDiscTone Tone of innovation-related disclosures, calculated as the total number of 

positive innovation-related sentences minus the number of negative 

innovation-related sentences divided by the total number of innovation-related 

sentences. A sentence is determined as positive (negative) if it contains more 

positive (negative) words based on the word lists in Henry (2008). 

10KDiscTone Tone of the 10-K disclosures, calculated as the total number of positive 

sentences minus the number of negative sentences divided by the total number 

of sentences in 10-K. A sentence is determined as positive (negative) if it 

contains more positive (negative) words based on the word lists in F. Li 

(2010). 

 Additional Variables in Equation (12) 

OCF Operating cash flow, calculated as income before extraordinary items plus 

depreciation less changes in working capital (defined as changes in current 

assets minus changes in current liabilities) scaled by lagged total assets. 

CapExp Capital expenditure scaled by lagged total assets. 

Cglm Conglomerate, indicator equals one if a firm has segments with positive sales 

in more than one industry during the year and zero otherwise. 

Adv Advertising expenses scaled by lagged total assets. 

 Management Dispositional Characteristics Variables in Table 17 

Delta Executive pay-performance sensitivity, calculated as the dollar change in the 

value of the CEO’s wealth resulting from a one percent increase in the firm’s 

stock price at the fiscal year-end (Coles et al., 2006; Core & Guay, 2002). 

Vega Executive risk-taking incentives, calculated as the dollar change in the CEO’s 

wealth for a 0.01 change in the standard deviation of the stock returns (Coles 

et al., 2006; Core & Guay, 2002). 

OC (OC67 or 
OC100) 

Executive overconfidence, an average of the CEO and CFO’s confidence 

measure. CEO (CFO) confidence is an indicator that equals one if a CEO 

(CFO) delays the exercise of vested options that are at least 67% (100%) in the 

money, i.e., degree of option-in-money exceeds 0.67(1), zero otherwise. The 

degree of option-in-money by using the ratio between the average value per 

option (i.e., the value of unexercised exercisable options divided by a number 

of unexercised exercisable options) and the average exercise price per option 
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(i.e., the difference between the stock price at fiscal year-end and the average 

value per option; Campbell et al., 2011; Hirshleifer et al., 2012). 

 Technology Peer Pressure Variables in Equation (16) 

TPP Technological peer pressure, a firm-level measure of technology-based 

product market competition (Cao et al., 2018). First, I assign a product market 

distribution vector 𝑃𝑖  to each firm 𝑖, which is based on the firm’s sales 

distribution across industry sectors (two-digit SIC codes): 𝑃𝑖 =
{𝑝1, 𝑝2, 𝑝3, … , 𝑝𝑛}, where 𝑝1 is the average market share of firm 𝑖 based on 

sales in the first industry sector in previous two years. Second, I calculate the 

measure of product market similarity 𝑁𝑖𝑗 = 𝑃𝑖
′𝑃𝑗 √𝑃𝑖√𝑃𝑗⁄ , where 𝑁𝑖𝑗  is the 

cosine similarity approach in Jaffe (1986) between firm 𝑖’s sales distribution 

(𝑃𝑖) and firm 𝑗’s sales distribution (𝑃𝑗). Third, I multiply the product market 

similarity between firm 𝑖 and firm 𝑗 (𝑁𝑖𝑗) with the R&D stock of firm 𝑗 (𝐺𝑗). 

Next, I aggregate all multiples and divide the sum by the firm’s own R&D 

stock (𝐺𝑖). Finally, I take the natural logarithm to construct the technological 

peer pressure for firm 𝑖 in year 𝑡: 𝑇𝑃𝑃𝑖 = Log(1 + ∑ 𝐺𝑗𝑁𝑖𝑗𝑗≠𝑖 /𝐺𝑖). 

TPPHigh High TPP, an indicator equals one if TPP is above the sample median and zero 

otherwise. 
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Figure 1: Sample Distribution by Year 

 
 

Note: This figure illustrates the sample distribution across fiscal years of 10-K filings. The horizontal axis 

represents the fiscal years. The vertical axis shows the number of observations in each year, depicted by the 

purple dots. 

 

Figure 2: Average Number of Patents by Year 

 
 

Note: This figure shows the trends in the average number of total patents and exploratory patents applied for by 

firms across fiscal years of 10-K filings. The horizontal axis represents the fiscal years. The vertical axis shows 

the average number of patents applied for by a firm in each year. The average number of total patents is 

depicted by the dark grey dots, while the average number of exploratory patents is represented by the light blue 

dots. 
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Figure 3: Average Exploratory Intensity by Year 

 
 

Note: This figure illustrates the trend of average exploratory intensity across fiscal years of 10-K filings. The 

horizontal axis represents the fiscal years. The vertical axis shows the firm’s average exploratory intensity 

measured by the exploratory ratio (ExploreRatio), represented by the light blue dots. 

 

Figure 4: Average Narrative Innovation Disclosure Quantity by Year 

 
 

Note: This figure shows the trends of the average number of narrative innovation sentences and the average 

percentage of narrative innovation sentences as a proportion of total sentences in 10-K filings over time 

(narrative innovation disclosure ratio). The horizontal axis shows the fiscal years of 10-K filings. The left 

vertical axis shows the average length (i.e., total number of sentences) of innovation disclosures in 10-K filings 

filed each year, represented by the light green vertical bars. The right vertical axis shows the ratio of narrative 

innovation disclosures, as a percentage of innovation-related sentences in the 10-K filings, represented by the 

dark green line. 
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Table 1: Sample Selection Process 
  Firm-Year Unique Firm 

Firms that applied for at least one new patent per year during the period 

from 1994 to 2018 
21,875 3,589 

 Less: observations without positive total assets and book value of equity (790)  

  21,085 3,543 
 Less: observations with a year-end share price below $1 (348)  

  20,737 3,495 
 Less: financial firms (SIC codes 6000 to 6999) (774)  

  19,963 3,364 
 Less: observations without data necessary to compute key variables (1,403)  

Final sample 18,560 3,107 

 

Note: This table describes the sample selection process. I construct the initial sample starting with firms that 

applied for at least one new patent per year during the period from 1994 to 2018. The sample consists of 21,875 

firm-year observations (representing 3,589 unique firms). Next, I exclude firm-year observations without 

positive total assets and book value of equity, observations with a year-end share price below $1, and financial 

firms (SIC codes 6000 to 6999). Finally, I exclude observations without data necessary to compute test 

variables and control variables. The final sample consists of 18,560 firm-year observations (representing 3,107 

unique firms). 

 

Table 2: Sample Distribution by Industry 

Panel A: Frequency Distribution by Industry 

SIC2 Industry Frequency Percent 

36 Electronic & Other Electrical Equipment & Components 3,173 17.10% 

28 Chemicals and Allied Products 3,127 16.85% 

38 Measuring, Photographic, Medical, & Optical Goods, & Clocks 2,541 13.69% 

35 Industrial and Commercial Machinery and Computer Equipment 2,348 12.65% 

73 Business Services 2,041 11.00% 

37 Transportation Equipment 840 4.53% 

34 Fabricated Metal Products 461 2.48% 

20 Food and Kindred Products 349 1.88% 

48 Communications 338 1.82% 

26 Paper and Allied Products 298 1.61% 
 Others 3,044 16.39% 

Total  18,560 100.00% 
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Panel B: Exploratory Intensity Distribution by Industry 

SIC2 Industry Mean Median SD 

36 Electronic & Other Electrical Equipment & Components 0.612 0.629 0.307 

28 Chemicals and Allied Products 0.381 0.333 0.346 

38 Measuring, Photographic, Medical, & Optical Goods, & Clocks 0.470 0.480 0.353 

35 Industrial and Commercial Machinery and Computer Equipment 0.569 0.556 0.317 

73 Business Services 0.583 0.611 0.379 

37 Transportation Equipment 0.604 0.600 0.282 

34 Fabricated Metal Products 0.631 0.667 0.345 

20 Food and Kindred Products 0.618 0.657 0.328 

48 Communications 0.626 0.631 0.331 

26 Paper and Allied Products 0.497 0.487 0.343 

 

Note: This table provides the sample distribution by industry. Panel A presents the distribution of frequency. 

Panel B presents the distribution of average, median, and standard deviation of the variable of interest, 

ExploreRatio, across two-digit SIC classifications of industries. 

 

Table 3: Summary Statistics 

Panel A: Key Variables of Sample Firms 
 N Mean SD P25 Median P75 

ExploreRatio 18,560 0.537 0.353 0.250 0.519 0.895 

InvDiscQty 18,560 4.046 1.054 3.401 4.094 4.644 

PMC 18,560 10.975 3.011 11.219 11.895 12.370 

TS 18,560 5.445 2.750 4.347 6.059 7.293 

Size 18,560 6.607 2.079 5.073 6.479 7.980 

AdjROA 18,560 0.087 0.205 0.030 0.094 0.169 

BTM 18,560 0.457 0.365 0.219 0.369 0.595 

CapInt 18,560 0.328 0.233 0.145 0.296 0.467 

Lev 18,560 0.198 0.238 0.004 0.149 0.303 

Growth 18,560 0.172 0.666 -0.013 0.071 0.207 

R&D 18,560 0.107 0.169 0.015 0.057 0.136 

FirmAge 18,560 2.881 0.787 2.303 2.890 3.555 

AnalystFollow 18,560 1.993 0.952 1.386 2.079 2.708 

MgmtForecast 18,560 0.490 0.755 0.000 0.000 1.099 

TotalPatent 18,560 0.042 0.101 0.005 0.015 0.040 

NonInvDisc 18,560 7.237 0.489 6.956 7.260 7.541 

PriorInvDisc 18,560 0.855 0.352 1.000 1.000 1.000 

 



116 

Panel B: Raw Measures of Sample Firms 
 N Mean SD P25 Median P75 

CountExplorePatent 18,560 24 90 1 3 12 

CountTotalPatent 18,560 60 278 2 7 27 

InvSentMerkley 18,560 43 61 11 25 44 

InvSent 18,560 98 125 30 60 104 

TotalSent 18,560 1,661 856 1,124 1,518 2,004 

FirmAgeRaw 18,560 24 17 10 18 35 

AnalystFollowRaw 18,560 10 9 3 7 14 

MgmtForecastRaw 18,560 1 2 0 0 2 

 

Panel C: Key Variables of Out-of-Sample Firms 

 N Mean SD P25 Median P75 

InvDiscQty 23,960 2.803 1.253 1.946 2.833 3.689 

PMC 23,960 9.893 3.211 9.154 10.834 12.073 

Size 23,960 5.897 1.819 4.570 5.826 7.157 

AdjROA 23,960 0.050 0.264 0.009 0.056 0.114 

BTM 23,960 0.588 6.259 0.289 0.501 0.800 

CapInt 23,960 0.434 0.316 0.158 0.398 0.649 

Lev 23,960 0.242 0.299 0.014 0.187 0.367 

Growth 23,960 0.309 11.177 -0.014 0.065 0.201 

R&D 23,960 0.038 0.155 0.000 0.000 0.022 

FirmAge 23,960 2.782 0.761 2.197 2.833 3.401 

AnalystFollow 23,960 1.466 0.995 0.693 1.609 2.197 

MgmtForecast 23,960 0.331 0.638 0.000 0.000 0.000 

NonInvDisc 23,960 7.140 0.529 6.823 7.166 7.480 

PriorInvDisc 23,960 0.814 0.389 1.000 1.000 1.000 

 

Panel D: Raw Measures of Out-of-Sample Firms 
 N Mean SD P25 Median P75 

InvSentMerkley 23,960 15 34 2 6 16 

InvSent 23,960 36 64 7 17 40 

TotalSent 23,960 1,482 832 949 1,331 1,816 

FirmAgeRaw 23,960 21 15 9 17 30 

AnalystFollowRaw 23,960 6 6 1 4 8 

MgmtForecastRaw 23,960 1 2 0 0 0 
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Panel E: Firm Characteristics of Exploratory Intensity Portfolios 

 Low Middle High 

 N = 5,568 N = 7,239 N = 5,753 

 Mean Median SD Mean Median SD Mean Median SD 

ExploreRatio 0.101 0.041 0.113 0.535 0.510 0.123 0.962 1.000 0.072 

InvDiscQty 4.452 4.431 1.104 4.028 4.078 0.916 3.675 3.784 1.025 

NonInvDisc 7.276 7.293 0.459 7.287 7.302 0.474 7.136 7.170 0.518 

Size 6.267 6.021 2.124 7.266 7.252 2.047 6.106 5.952 1.844 

AdjROA 0.071 0.090 0.237 0.106 0.105 0.178 0.078 0.084 0.201 

BTM 0.408 0.317 0.344 0.444 0.365 0.348 0.522 0.434 0.395 

CapInt 0.283 0.238 0.221 0.333 0.308 0.208 0.366 0.338 0.264 

Lev 0.184 0.109 0.248 0.210 0.182 0.216 0.195 0.133 0.252 

Growth 0.236 0.081 0.920 0.131 0.067 0.510 0.159 0.070 0.530 

R&D 0.145 0.081 0.223 0.096 0.056 0.139 0.085 0.037 0.134 

FirmAge 2.782 2.773 0.744 3.032 3.045 0.790 2.786 2.833 0.793 

AnalystFollow 1.971 2.079 0.921 2.222 2.303 0.910 1.726 1.792 0.962 

MgmtForecast 0.483 0.000 0.758 0.570 0.000 0.797 0.397 0.000 0.684 

TotalPatent 0.059 0.021 0.145 0.039 0.017 0.078 0.027 0.009 0.063 

 

Note: This table presents the summary statistics. Panel A reports the descriptive statistics of the key variables of 

sample firms. BTM and Growth are winsorized at the 1st and 99th percentiles. Panel B reports the descriptive 

statistics of raw measures of sample firms. Panel C reports the descriptive statistics of the key variables of out-

of-sample firms. CapInt is winsorized at the 1st and 99th percentiles. Panel D reports the descriptive statistics of 

raw measures of out-of-sample firms. Panel E provides the descriptive statistics of the key variables for three 

portfolios. Firms are categorized into three portfolios based on the 30th and 70th percentiles of their exploratory 

intensity (ExploreRatio) measured in year t−1. All variables are defined in Appendix D. 
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Table 4: Correlation Matrix 

 

Note: This table reports the correlation matrix. Pearson (Spearman) correlations of the key variables are reported lower left (upper right) of the diagonal. 

Correlation coefficients with significance at the 5% level are boldfaced. All variables are defined in Appendix D. 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) 

(1) ExploreRatio  -0.287 -0.130 -0.179 -0.107 -0.003 0.001 0.143 0.155 0.044 -0.019 -0.183 0.018 -0.081 -0.036 -0.195 -0.087 

(2) InvDiscQty -0.297  0.481 0.207 0.261 -0.274 0.045 -0.247 -0.529 -0.295 0.082 0.706 -0.388 0.023 -0.049 0.423 0.089 

(3) PMC -0.046 0.280  0.106 0.179 -0.076 0.044 -0.123 -0.439 -0.183 0.012 0.438 -0.112 0.068 0.015 0.147 0.171 

(4) TS -0.225 0.190 0.089  -0.070 -0.357 -0.104 -0.005 -0.147 -0.189 0.049 0.200 -0.286 -0.238 -0.132 0.272 -0.036 

(5) NonInvDisc -0.108 0.293 -0.050 0.008  0.441 -0.091 -0.074 -0.165 0.203 -0.020 -0.067 0.096 0.389 0.231 -0.268 0.205 

(6) Size -0.004 -0.237 -0.197 -0.173 0.441  0.113 -0.017 0.191 0.457 -0.035 -0.457 0.519 0.728 0.387 -0.563 0.192 

(7) AdjROA 0.024 -0.029 -0.002 -0.051 -0.055 0.154  -0.266 0.041 -0.160 0.248 0.198 0.078 0.223 0.119 0.137 0.051 

(8) BTM 0.120 -0.206 -0.019 -0.020 -0.071 -0.057 -0.153  0.187 -0.038 -0.210 -0.292 0.099 -0.235 -0.089 -0.164 -0.043 

(9) CapInt 0.150 -0.496 -0.193 -0.103 -0.153 0.156 0.036 0.130  0.345 0.075 -0.439 0.303 -0.028 -0.025 -0.166 -0.098 

(10) Lev 0.021 -0.169 -0.113 -0.077 0.160 0.307 -0.065 -0.068 0.315  0.014 -0.396 0.291 0.200 0.188 -0.364 0.012 

(11) Growth -0.052 0.146 0.052 0.049 0.018 -0.085 -0.043 -0.095 0.013 0.062  0.131 -0.134 0.088 0.017 0.096 -0.019 

(12) R&D -0.151 0.497 0.194 0.118 -0.020 -0.361 -0.036 -0.198 -0.263 -0.102 0.216  -0.407 -0.088 -0.200 0.605 -0.034 

(13) FirmAge 0.016 -0.360 -0.150 -0.163 0.093 0.510 0.114 0.044 0.240 0.164 -0.143 -0.307  0.228 0.242 -0.332 0.157 

(14) AnalystFollow -0.083 0.051 -0.053 -0.065 0.386 0.694 0.176 -0.252 -0.038 0.129 0.005 -0.097 0.199  0.314 -0.284 0.170 

(15) MgmtForecast -0.038 -0.034 -0.078 -0.066 0.240 0.385 0.103 -0.107 -0.052 0.123 -0.062 -0.184 0.255 0.312  -0.256 0.154 

(16) TotalPatent -0.126 0.189 0.082 0.162 -0.139 -0.339 -0.102 -0.105 -0.070 -0.109 0.085 0.361 -0.201 -0.199 -0.147  -0.127 

(17) PriorInvDisc -0.086 0.099 -0.003 -0.007 0.211 0.191 0.066 -0.056 -0.104 0.011 -0.034 -0.039 0.165 0.179 0.163 -0.084  
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Table 5: Univariate Analysis 

 ExploreHigh = 1 ExploreHigh = 0 Difference 

 N = 9,280 N = 9,280     

 Mean Median Mean Median Mean p-value Median p-value 

InvDiscQty 3.777 3.871 4.315 4.317 -0.538 0.000 -0.446 0.000 

Size 6.590 6.521 6.623 6.431 -0.033 0.288 0.090 0.332 

AdjROA 0.090 0.093 0.084 0.096 0.006 0.051 -0.003 0.812 

BTM 0.494 0.409 0.421 0.330 0.073 0.000 0.079 0.000 

CapInt 0.357 0.332 0.299 0.263 0.058 0.000 0.069 0.000 

Lev 0.201 0.158 0.194 0.141 0.007 0.034 0.017 0.000 

Growth 0.141 0.068 0.202 0.075 -0.061 0.000 -0.007 0.011 

R&D 0.087 0.043 0.127 0.071 -0.040 0.000 -0.028 0.000 

FirmAge 2.886 2.890 2.875 2.890 0.011 0.337 0.000 0.083 

TotalPatent 0.031 0.012 0.052 0.020 -0.021 0.000 -0.008 0.000 

 

Note: This table provides univariate analysis by comparing the mean and median of firm characteristics in two 

sample groups determined by firms’ exploratory intensity. All variables are defined in Appendix D.  
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Table 6: Baseline Result (H1) 

DV = InvDiscQtyt (1) (2) (3) 

    

ExploreRatiot-1 -0.428*** -0.461*** -0.265*** 

 (0.030) (0.026) (0.021) 

Sizet-1  -0.106*** -0.058*** 

  (0.013) (0.011) 

AdjROAt-1  0.163*** 0.143*** 

  (0.039) (0.032) 

BTMt-1  -0.101*** -0.063** 

  (0.025) (0.025) 

CapIntt-1  -1.071*** -0.787*** 

  (0.070) (0.066) 

Levt-1  -0.113** -0.127*** 

  (0.049) (0.040) 

Growtht-1  0.037*** 0.032*** 

  (0.011) (0.008) 

R&Dt-1  2.653*** 1.786*** 

  (0.173) (0.142) 

R&DSqt-1  -0.442*** -0.302*** 

  (0.122) (0.089) 

FirmAget-1  -0.176*** -0.243*** 

  (0.018) (0.018) 

AnalystFollowt-1  0.098*** 0.112*** 

  (0.019) (0.015) 

MgmtForecastt-1  0.025 -0.003 

  (0.018) (0.015) 

TotalPatentt-1  -0.122 0.083 

  (0.112) (0.116) 

NonInvDisct  0.660*** 0.535*** 

  (0.024) (0.023) 

PriorInvDisct  0.151*** -0.002 

  (0.019) (0.016) 

Constant 4.276*** 0.522*** 1.297*** 

 (0.022) (0.173) (0.168) 

Observations 18,557 18,560 18,557 

R-squared 0.496 0.561 0.697 

Industry & Year FE Yes No Yes 

 

Note: This table reports the results of regressing narrative innovation disclosure quantity (InvDiscQty) on 

exploratory innovation intensity (ExploreRatio), using the model in Equation (1). Column (1) shows the 

baseline results with fixed effects. Column (2) shows the results with control variables. Column (3) shows the 

results with control and fixed effects. The fixed effects refer to SIC’s two-digit industry and year fixed effects. 

All variables are defined in Appendix D. Robust standard errors are clustered at the firm level and displayed in 

parentheses below the coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, 

respectively (two-tailed). 
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Table 7: Propensity Score Matching (H1) 

Panel A: Comparison of Firm Characteristics between Treatment and Control groups 

 ExploreHigh = 1 ExploreHigh = 0 Difference 

 N = 2,429 N = 2,429     

 Mean Median Mean Median Mean p-value Median p-value 

InvDiscQty 4.020 4.094 4.258 4.277 -0.238 0.000 -0.183 0.000 

Size 6.696 6.678 6.723 6.494 -0.027 0.657 0.184 0.497 

AdjROA 0.086 0.099 0.087 0.097 -0.001 0.919 0.002 0.686 

BTM 0.429 0.351 0.430 0.342 -0.001 0.929 0.009 0.352 

CapInt 0.298 0.261 0.304 0.272 -0.006 0.339 -0.011 0.421 

Lev 0.195 0.143 0.192 0.142 0.003 0.629 0.001 0.457 

Growth 0.156 0.077 0.152 0.072 0.004 0.752 0.005 0.321 

R&D 0.115 0.067 0.112 0.065 0.003 0.591 0.002 0.653 

FirmAge 2.899 2.890 2.882 2.833 0.017 0.450 0.057 0.332 

TotalPatent 0.043 0.014 0.043 0.018 0.000 0.886 -0.004 0.000 

 

Panel B: Propensity Score Matched Regression (H1) 

DV = InvDiscQtyt (1) (2) 

   

ExploreHight-1 -0.150***  

 (0.021)  

ExploreRatiot-1  -0.273*** 

  (0.031) 

Observations 4,854 4,854 

R-squared 0.690 0.693 

Controls Yes Yes 

Industry & Year FE Yes Yes 

 

Note: This table reports the results for the PSM sample. Panel A compares variables using a t-test for treatment 

(ExploreHigh = 1) and matched control firms (ExploreHigh = 0). Panel B shows the results of regressing 

InvDiscQty on exploratory intensity, using the model in Equation (1), with controls and fixed effects. Column 

(1) shows the results using ExploreHigh as the independent variable. Column (2) shows the results using 

ExploreRatio as the independent variable. The fixed effects refer to SIC’s two-digit industry and year fixed 

effects. All variables are defined in Appendix D. Robust standard errors are clustered at the firm level and 

displayed in parentheses below the coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% 

levels, respectively (two-tailed). 
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Table 8: Instrumental Variables (H1) 

DV = InvDiscQtyt (1) (2) 

 First Stage Second Stage 

   

PatentPractitionert-1 -0.006***  

 (0.001)  

ExploreRatioIndAvgt-1 0.949***  

 (0.037)  

ExploreRatiot-1  -0.195** 

  (0.078) 

Observations 18,557 18,560 

R-squared 0.162 0.697 

Controls Yes Yes 

Industry & Year FE Yes Yes 
 

Note: This table reports the results of the 2SLS analysis. Column (1) reports the results of the first stage by 

regressing instrumental variables, including patent practitioners (PatentPractitioner) and the industry average of 

the variable of interest (ExploreRatioIndAvg), on ExploreRatio, using the model in Equation (3.1). Column (2) 

shows the results of the second stage by regressing InvDiscQty on the predicted value in the first stage using 

Equation (3.2). Control variables and fixed effects are included. The fixed effects refer to SIC’s two-digit 

industry and year fixed effects. All variables are defined in Appendix D. Robust standard errors are displayed in 

parentheses below the coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, 

respectively (two-tailed). 
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Table 9: Change Specification (H1) 

DV = ΔInvDiscQty (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 Total Δ Total Δ Total Δ Positive Δ Positive Δ Positive Δ Negative Δ Negative Δ Negative Δ 

          

ΔExploreRatio -0.093** -0.103* -0.073 -0.220** -0.405*** -0.217 0.051 0.150 0.046 

 (0.043) (0.054) (0.054) (0.111) (0.141) (0.139) (0.096) (0.119) (0.111) 

ΔSize  -0.006 0.024*  -0.021 0.026  -0.014 0.016 

  (0.009) (0.013)  (0.022) (0.022)  (0.020) (0.017) 

ΔAdjROA  0.056** 0.042**  0.310*** 0.239**  0.045* 0.036** 

  (0.024) (0.018)  (0.120) (0.098)  (0.024) (0.014) 

ΔBTM  0.088* 0.083  0.042 0.026  0.098 0.083 

  (0.053) (0.052)  (0.104) (0.108)  (0.068) (0.063) 

ΔCapInt  -0.061 0.010  0.016 0.049  -0.064 0.029 

  (0.039) (0.043)  (0.046) (0.040)  (0.090) (0.078) 

ΔLev  0.075** 0.029  -0.007 -0.024  0.146** 0.082 

  (0.032) (0.036)  (0.060) (0.051)  (0.061) (0.056) 

ΔGrowth  -0.007* -0.008  0.009 0.006  -0.005 -0.008 

  (0.004) (0.007)  (0.015) (0.011)  (0.010) (0.009) 

ΔR&D  0.867*** 0.580***  0.900*** 0.617***  0.821*** 0.572*** 

  (0.061) (0.113)  (0.246) (0.212)  (0.186) (0.163) 

Constant 2.580*** 2.531*** 2.369*** 2.580*** 2.668*** 2.351*** 2.645*** 2.657*** 2.453*** 

 (0.015) (0.059) (0.083) (0.046) (0.154) (0.161) (0.042) (0.133) (0.121) 

Observations 5,621 4,281 4,276 2,000 1,536 1,530 2,980 2,280 2,275 

R-squared 0.203 0.057 0.222 0.193 0.070 0.230 0.202 0.056 0.218 

Industry & Year FE Yes No Yes Yes No Yes Yes No Yes 

 

Note: This table reports the results of regressing changes in narrative innovation disclosure (ΔInvDiscQty) on changes in exploratory innovation intensity 

(ΔExploreRatio), using a four-year window change model in Equation (4). Columns (1) to (3) show the results of overall changes. Columns (4) to (6) show the 

results of positive changes. Columns (7) to (9) show the results of negative changes. The fixed effects refer to SIC’s two-digit industry and year fixed effects. All 

variables are defined in Appendix D. Robust standard errors are clustered at the firm level and displayed in parentheses below the coefficients. *, **, and *** 

indicate significance at the 10%, 5%, and 1% levels, respectively (two-tailed). 
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Table 10: Exogenous Shock Impact of Reg FD (H1) 

DV = InvDiscQtyt (1) (2) (3) 

    

ExploreRatiot-1 -0.244*** -0.318*** -0.174*** 

 (0.056) (0.049) (0.044) 

PostRegFDt 0.263** 0.384*** 0.054 

 (0.103) (0.046) (0.077) 

ExploreRatiot-1 * PostRegFDt -0.215*** -0.153*** -0.106** 

 (0.060) (0.054) (0.047) 

Observations 18,557 18,560 18,557 

R-squared 0.497 0.568 0.698 

Controls No Yes Yes 

Industry & Year FE Yes No Yes 

 

Note: This table reports the results for the effect of post-Reg FD (PostRegFD) on the relation between narrative 

innovation disclosure quantity (InvDiscQty) and exploratory intensity (ExploreRatio), using the model in 

Equation (5). The fixed effects refer to SIC’s two-digit industry and year fixed effects. All variables are defined 

in Appendix D. Robust standard errors are clustered at the firm level and displayed in parentheses below the 

coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively (two-tailed). 

 

Table 11: Conditional Analysis (H2 and H3) 

DV = InvDiscQtyt (1) (2) (3) 

    

ExploreRatiot-1 -0.232*** -0.352*** -0.314*** 

 (0.028) (0.033) (0.036) 

PMCHight-1 0.137***  0.147*** 

 (0.033)  (0.033) 

ExploreRatiot-1 * PMCHight-1 -0.070*  -0.090** 

 (0.038)  (0.038) 

TSHight-1  -0.064** -0.070** 

  (0.032) (0.032) 

ExploreRatiot-1 * TSHight-1  0.170*** 0.179*** 

  (0.038) (0.038) 

Observations 18,557 18,557 18,557 

R-squared 0.699 0.698 0.700 

Controls Yes Yes Yes 

Industry & Year FE Yes Yes Yes 

 

Note: This table reports the results for the conditional analyses of how ranked product market competition 

(PMCHigh) and ranked technology spillover (TSHigh) influence the relation between InvDiscQty and 

ExploreRatio, using the model in Equation (2). Column (1) reports the results of regressing InvDiscQty on the 

interaction term, ExploreRatio * PMCHigh. Column (2) reports the results of regressing InvDiscQty on the 

interaction term, ExploreRatio * TSHigh. Column (3) presents the results of regressing InvDiscQty on both 

interaction terms, ExploreRatio * PMCHigh and ExploreRatio * TSHigh. The fixed effects refer to SIC’s two-

digit industry and year fixed effects. All variables are defined in Appendix D. Robust standard errors are 

clustered at the firm level and displayed in parentheses below the coefficients. *, **, and *** indicate 

significance at the 10%, 5%, and 1% levels, respectively (two-tailed). 
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Table 12: Subsample Analysis 

Panel A: Whether Firms Applied for More Than One Patent Per Year 

DV = InvDiscQtyt CountTotalPatent > 1 CountTotalPatent = 1 

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

       

ExploreRatiot-1 -0.505*** -0.529*** -0.313*** -0.199*** -0.174*** -0.102*** 

 (0.040) (0.032) (0.028) (0.032) (0.030) (0.024) 

Observations 15,026 15,033 15,026 3,525 3,527 3,525 

R-squared 0.483 0.567 0.696 0.547 0.605 0.724 

Controls No Yes Yes No Yes Yes 

Industry & Year FE Yes No Yes Yes No Yes 

 

Panel B: Firms Applied for More Than One Patent Per Year with Non-Exclusive Exploitative Patents 

DV = InvDiscQtyt CountTotalPatent > 1 & ExploreRatio > 0 

 (1) (2) (3) 

    

ExploreRatiot-1 -0.527*** -0.657*** -0.407*** 

 (0.046) (0.039) (0.033) 

Observations 13,548 13,554 13,548 

R-squared 0.445 0.549 0.675 

Controls No Yes Yes 

Industry & Year FE Yes No Yes 

 

Panel C: Firms Applied for More Than One Patent Per Year with Non-Exclusive Exploratory Patents 

DV = InvDiscQtyt CountTotalPatent > 1 & ExploreRatio < 1 

 (1) (2) (3) 

    

ExploreRatiot-1 -0.558*** -0.516*** -0.327*** 

 (0.056) (0.043) (0.039) 

Observations 12,967 12,972 12,967 

R-squared 0.476 0.560 0.692 

Controls No Yes Yes 

Industry & Year FE Yes No Yes 

 

Panel D: Firms Operate in Industries with High Litigation Risks 

DV = InvDiscQtyt LitRisk = 0 LitRisk = 1 

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

       

ExploreRatiot-1 -0.398*** -0.320*** -0.223*** -0.266*** -0.616*** -0.200*** 

 (0.035) (0.033) (0.026) (0.036) (0.037) (0.028) 

Observations 10,684 10,687 10,684 7,873 7,873 7,873 

R-squared 0.464 0.523 0.636 0.620 0.511 0.763 

Controls No Yes Yes No Yes Yes 

Industry & Year FE Yes No Yes Yes No Yes 

 

Note: This table reports the results of regressing narrative innovation disclosure (InvDiscQty) on exploratory 

innovation intensity (ExploreRatio) in subsamples, using the model in Equation (1). Panel A reports the results 

based on whether firms applied for more than one patent per year. Panel B shows the results of firms without 

extreme cases (CountTotalPatent > 1) and with non-exclusive-exploitative patents (ExploreRatio > 0). Panel C 
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shows the results of firms without extreme cases (CountTotalPatent > 1) and with non-exclusive-exploratory 

patents (ExploreRatio < 1). Panel D shows the results of firms that operate in industries with low litigation risks 

(LitRisk = 0) and those in industries with high litigation risks (LitRisk = 1). The fixed effects refer to SIC’s two-

digit industry and year fixed effects. All variables are defined in Appendix D. Robust standard errors are 

clustered at the firm level and displayed in parentheses below the coefficients. *, **, and *** indicate 

significance at the 10%, 5%, and 1% levels, respectively (two-tailed).

 

Table 13: Alternative Explanations 

DV = InvDiscQtyt (1) (2) 

   

ExploreRatiot-1 -0.228*** -0.228*** 

 (0.022) (0.023) 

MissR&Dt -0.599***  

 (0.061)  
ExploreRatiot-1 * MissR&Dt -0.007  

 (0.060)  

MgmtForecastt-1 -0.010 0.043* 

 (0.015) (0.022) 

ExploreRatiot-1 * MgmtForecastt-1  -0.090*** 

  (0.028) 

Observations 18,557 18,557 

R-squared 0.720 0.698 

Controls Yes Yes 

Industry & Year FE Yes Yes 

 

Note: This table reports the results of examining alternative explanations by regressing narrative innovation 

disclosure (InvDiscQty) on exploratory innovation intensity (ExploreRatio) and its interactions with alternative 

explanatory variables, using the model in Equation (1). Column (1) reports the results of MissR&D. Column (2) 

reports the results of MgmtForecast. The fixed effects refer to SIC’s two-digit industry and year fixed effects. 

All variables are defined in Appendix D. Robust standard errors are clustered at the firm level and displayed in 

parentheses below the coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, 

respectively (two-tailed). 
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Table 14: Consequence Analysis of Short-term Market Reaction 

Panel A: Short-term Market Reaction to Narrative Disclosures and Exploratory Intensity in Year 𝑡−1 

 (1) (2) 

DV =  CARt sCARt 

   

ExploreRatiot-1 2.207*** 14.038* 

 (0.843) (8.205) 

InvDiscQtyt 0.041 -0.725 

 (0.154) (1.442) 

ExploreRatiot-1 * InvDiscQtyt -0.516** -2.971 

 (0.212) (1.954) 

Betat -0.483** -5.629*** 

 (0.202) (1.628) 

MTBt -0.017 -0.094 

 (0.014) (0.126) 

Sizet -0.049 0.271 

 (0.050) (0.488) 

AdjROAt 2.300*** 18.242*** 

 (0.586) (4.724) 

R&Dt -1.301* -7.901 

 (0.746) (5.109) 

SG&At -0.335 -0.767 

 (0.394) (3.047) 

ROEt -0.010** -0.035 

 (0.004) (0.059) 

NonInvDisct -0.123 -0.238 

 (0.219) (2.092) 

Constant 1.647 11.286 

 (1.446) (13.839) 

Observations 15,561 15,561 

R-squared 0.017 0.016 

Industry & Year FE Yes Yes 

 

Panel B: Short-term Market Reaction to Narrative Disclosures and Exploratory Intensity in Year 𝑡−2 

 (1) (2) 

DV =  CARt sCARt 

   

ExploreRatiot-2 1.876* 15.245 

 (1.072) (10.247) 

InvDiscQtyt 0.068 -0.618 

 (0.182) (1.724) 

ExploreRatiot-2 * InvDiscQtyt -0.494* -3.364 

 (0.269) (2.444) 

Observations 12,828 12,828 

R-squared 0.019 0.019 

Controls Yes Yes 

Industry & Year FE Yes Yes 
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Note: This table reports the results of the short-term event study, which examines the market reaction to the 

firm’s exploratory intensity (ExploreRatio) and narrative innovation disclosure quantity (InvDiscQty), using the 

model in Equation (6). Panel A reports the results of ExploreRatio in year 𝑡−1. Panel B reports the results of 

ExploreRatio in year 𝑡−2. CAR, sCAR, and MTB are winsorized at the 1st and 99th percentiles. The fixed effects 

refer to SIC’s two-digit industry and year fixed effects. All variables are defined in Appendix D. Robust 

standard errors are clustered at the firm level and displayed in parentheses below the coefficients. *, **, and *** 

indicate significance at the 10%, 5%, and 1% levels, respectively (two-tailed). 

 

Table 15: Consequence Analysis of Stock Price Crash Risk 

Panel A: Exploratory Intensity and Stock Price Crash Risk 

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

DV =  DUVol1t+1 DUVol2t+1 DUVol3t+1 NCSkewt+1 

     

ExploreRatiot-1 0.036** 0.042** 0.021* 0.054** 

 (0.016) (0.016) (0.011) (0.027) 

DTurnt -0.043*** -0.049*** -0.032*** -0.080*** 

 (0.010) (0.010) (0.007) (0.016) 

Sigmat -0.782** -1.612*** 0.141 -0.788 

 (0.336) (0.399) (0.231) (0.609) 

MeanRett -0.470*** -0.781*** -0.217*** -0.904*** 

 (0.013) (0.016) (0.009) (0.022) 

Sizet 0.010* 0.007 0.007** 0.014 

 (0.005) (0.005) (0.004) (0.008) 

MTBt 0.001 0.001 0.001 0.001 

 (0.001) (0.001) (0.001) (0.001) 

Levt -0.014 -0.012 0.001 -0.005 

 (0.025) (0.025) (0.017) (0.043) 

ROAt 0.148*** 0.146*** 0.116*** 0.236*** 

 (0.033) (0.036) (0.023) (0.055) 

AccMt 0.055 0.042 0.031 0.076 

 (0.052) (0.056) (0.037) (0.093) 

R&Dt 0.125*** 0.128** 0.107*** 0.243*** 

 (0.046) (0.050) (0.033) (0.079) 

FirmAget -0.002 0.003 0.001 0.006 

 (0.009) (0.010) (0.007) (0.016) 

AnalystFollowt 0.052*** 0.054*** 0.037*** 0.080*** 

 (0.009) (0.009) (0.006) (0.014) 

DUVol1t or DUVol2t -0.001 -0.027*** 0.009 -0.011 

or DUVol3t or NCSkewt (0.010) (0.009) (0.010) (0.010) 

Constant -0.207*** -0.157*** -0.183*** -0.291*** 

 (0.044) (0.050) (0.031) (0.078) 

Observations 13,512 13,519 13,519 13,530 

R-squared 0.150 0.295 0.086 0.185 

Industry & Year FE Yes Yes Yes Yes 
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Panel B: Narrative Innovation Disclosures and Stock Price Crash Risk in Exploration-focused Firms 

 Exploration-focused Firms 

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

DV =  DUVol1t+1 DUVol2t+1 DUVol3t+1 NCSkewt+1 

     

InvDiscQtyt 0.005 0.009 -0.003 -0.010 

 (0.013) (0.014) (0.009) (0.022) 

Observations 4,084 4,086 4,086 4,086 

R-squared 0.170 0.319 0.103 0.203 

Controls Yes Yes Yes Yes 

Industry & Year FE Yes Yes Yes Yes 

 

Panel C: Univariate Analysis of Narrative Innovation Disclosures in Exploration-focused Firms 

 InvDiscHigh = 1 InvDiscHigh = 0 Difference 

 N = 1,615 N = 2,481     

 Mean Median Mean Median Mean p-value Median p-value 

InvDiscQty 4.688 4.522 3.142 3.296 1.546 0.000 1.226 0.000 

Size 0.080 0.064 0.025 0.021 0.055 0.000 0.043 0.000 

MTB 5.597 5.497 6.652 6.618 -1.055 0.000 -1.121 0.000 

Lev 4.827 2.934 3.284 2.088 1.543 0.000 0.846 0.000 

ROA 0.144 0.018 0.234 0.204 -0.090 0.000 -0.186 0.000 

R&D -0.082 0.003 0.034 0.051 -0.116 0.000 -0.048 0.000 

FirmAge 0.166 0.120 0.039 0.013 0.127 0.000 0.107 0.000 

AnalystFollow 2.535 2.485 3.052 3.091 -0.517 0.000 -0.606 0.000 

 



130 

Panel D: Piece-wise Regression of Narrative Innovation Disclosures in Exploration-focused Firms 

 Exploration-focused Firms 

 Disclose Less (InvDiscHigh = 0) Disclose More (InvDiscHigh = 1) 

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

DV =  DUVol1t+1 DUVol2t+1 DUVol3t+1 NCSkewt+1 DUVol1t+1 DUVol2t+1 DUVol3t+1 NCSkewt+1 

         

InvDiscQtyt 0.005 -0.002 -0.003 -0.011 -0.077* -0.049 -0.072** -0.125 

 (0.016) (0.017) (0.012) (0.027) (0.043) (0.045) (0.031) (0.077) 

Observations 2,475 2,475 2,475 2,475 1,604 1,606 1,606 1,606 

R-squared 0.174 0.318 0.108 0.214 0.201 0.349 0.132 0.216 

Controls Yes Yes Yes Yes Yes Yes Yes Yes 

Industry & Year FE Yes Yes Yes Yes Yes Yes Yes Yes 

 

Note: This table reports the results of the consequences of the firm’s future stock price crash risk. Panel A reports the effect of the firm’s innovation strategy and 

future stock price crash risk by regressing CrashRisk variables (DUVol1, DUVol2, DUVol3, and NCSkew) on ExploreRatio, using Equation (7). Panel B shows 

the results of the subsample analysis for exploration-focused firms by regressing CrashRisk variables on InvDiscQty, using Equation (8). Panel C shows the 

results of the univariate analysis based on exploration-focused firms disclosing above the median compared to those below the median (InvDiscHigh). Panel D 

presents the results of piecewise regression by regressing CrashRisk variables on InvDiscQty, using Equation (8). The subsample is based on exploration-focused 

firms disclosing above the median compared to those below the median (InvDiscHigh). The fixed effects refer to SIC’s two-digit industry and year fixed effects. 

All variables are defined in Appendix D. MeanRet and DTurn are winsorized at 1st and 99th percentiles. Robust standard errors are clustered at the firm level and 

displayed in parentheses below the coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively (two-tailed). 
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Table 16: Exploratory Intensity and Narrative Innovation Disclosure Details and Repetitiveness 

(Complementing H1) 

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

DV =  InvDiscNumt InvDiscNumt InvDiscFlst InvDiscFlst InvDiscRept InvDiscRept 

       

ExploreRatiot-1 -0.489*** -0.321*** -0.425*** -0.246*** -0.489*** -0.290*** 

 (0.032) (0.024) (0.033) (0.021) (0.037) (0.027) 

Observations 18,557 18,557 18,557 18,557 18,557 18,557 

R-squared 0.427 0.616 0.462 0.706 0.511 0.691 

Controls No Yes No Yes No Yes 

Industry & Year 

FE 

Yes Yes Yes Yes Yes Yes 

 

Note: This table reports the results of regressing detailed and repetitive innovation-related disclosures 

(InvDiscNum, InvDiscFls, and InvDiscRep) on exploratory intensity (ExploreRatio). Columns (1) and (2) 

provide the regression results of numerical innovation-related disclosures (InvDiscNum), using the model in 

Equation (9). Columns (3) and (4) provide the regression results of forward-looking innovation-related 

disclosures (InvDiscFls), using the model in Equation (9). Columns (5) and (6) provide the regression results of 

repetitive innovation-related disclosures (InvDiscRep), using the model in Equation (10). The fixed effects refer 

to SIC’s two-digit industry and year fixed effects. All variables are defined in Appendix D. Robust standard 

errors are clustered at the firm level and displayed in parentheses below the coefficients. *, **, and *** indicate 

significance at the 10%, 5%, and 1% levels, respectively (two-tailed). 

 

Table 17: Exploratory Intensity and Narrative Innovation Disclosure Tone (Complementing 

H1) 

DV = InvDiscTonet (1) (2) 

   

ExploreRatiot-1 0.046*** 0.032*** 

 (0.007) (0.006) 

Observations 18,557 18,557 

R-squared 0.117 0.254 

Controls No Yes 

Industry & Year FE Yes Yes 

 

Note: This table reports the results of regressing innovation-related disclosures tone (InvDiscTone) on firms’ 

exploratory intensity (ExploreRatio), using the model in Equation (11). The fixed effects refer to SIC’s two-

digit industry and year fixed effects. All variables are defined in Appendix D. Robust standard errors are 

clustered at the firm level and displayed in parentheses below the coefficients. *, **, and *** indicate 

significance at the 10%, 5%, and 1% levels, respectively (two-tailed). 
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Table 18: Explanation of Positive Tone for Exploration-focused Firms 

Panel A: Future Operational Performance and Narrative Innovation Disclosure Tone  

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

DV = ROAt+1 OCFt+1 ROAt+1 OCFt+1 

     

ExploreRatiot-1 -0.013** -0.046*** 0.004 -0.007 

 (0.006) (0.013) (0.022) (0.042) 

InvDiscTonet 0.042*** 0.079*** -0.060* -0.148*** 

 (0.014) (0.027) (0.033) (0.056) 

InvDiscQtyt   -0.007 0.004 

   (0.006) (0.011) 

ExploreRatiot-1 * InvDiscTonet -0.050** -0.091** 0.040 0.088 

 (0.020) (0.036) (0.045) (0.075) 

ExploreRatiot-1 * InvDiscQtyt   -0.006 -0.012 

   (0.007) (0.013) 

InvDiscQty * InvDiscTonet   0.026** 0.060*** 

   (0.012) (0.020) 

ExploreRatiot-1 * InvDiscQtyt *    -0.023 -0.044 

InvDiscTonet   (0.017) (0.027) 

ΔROA or ΔOCF -0.223*** -0.139*** -0.220*** -0.136*** 

 (0.041) (0.032) (0.041) (0.031) 

ROAt or OCFt 0.580*** 0.092*** 0.578*** 0.091*** 

 (0.036) (0.031) (0.036) (0.031) 

BTMt -0.038*** 0.023** -0.041*** 0.020* 

 (0.007) (0.011) (0.006) (0.010) 

CapExpt 0.066* 0.421*** 0.051 0.397*** 

 (0.040) (0.083) (0.040) (0.083) 

R&Dt -0.049 -0.507*** -0.025 -0.477*** 

 (0.072) (0.122) (0.073) (0.126) 

TotalPatentt -0.157*** -0.516*** -0.158*** -0.515*** 

 (0.052) (0.116) (0.051) (0.117) 

Levt 0.008 0.039** 0.006 0.037** 

 (0.009) (0.016) (0.009) (0.016) 

FirmAget 0.029*** 0.060*** 0.023*** 0.054*** 

 (0.004) (0.007) (0.003) (0.007) 

Cglmt 0.022*** 0.016* 0.019*** 0.012 

 (0.005) (0.008) (0.004) (0.008) 

Advt 0.168** 0.316*** 0.165** 0.308*** 

 (0.082) (0.115) (0.082) (0.114) 

SG&At 0.049*** 0.009 0.044*** 0.004 

 (0.014) (0.028) (0.014) (0.029) 

Constant -0.081*** -0.124*** -0.027 -0.103** 

 (0.019) (0.035) (0.023) (0.044) 

Observations 14,173 14,173 14,173 14,173 

R-squared 0.472 0.230 0.474 0.232 

Industry & Year FE Yes Yes Yes Yes 
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Panel B: Management Opportunism and Narrative Innovation Disclosure Tone 

DV = InvDiscTonet (1) (2) (3) (4) 

 Low Delta High Delta Low Vega High Vega 

     

ExploreRatiot-1 0.045*** 0.027*** 0.049*** 0.028*** 

 (0.014) (0.007) (0.014) (0.007) 

Observations 3,582 14,969 3,579 14,975 

R-squared 0.239 0.273 0.222 0.282 

Controls Yes Yes Yes Yes 

Industry & Year FE Yes Yes Yes Yes 

 

Panel C: Management Dispositional Characteristics and Narrative Innovation Disclosure Tone 

DV = InvDiscTonet (1) (2) (3) (4) 

 Low OC67 High OC67 Low OC100 High OC100 

     

ExploreRatiot-1 0.017 0.036*** 0.013 0.038*** 

 (0.014) (0.007) (0.014) (0.007) 

Observations 5,888 12,662 6,399 12,154 

R-squared 0.244 0.269 0.247 0.264 

Controls Yes Yes Yes Yes 

Industry & Year FE Yes Yes Yes Yes 

 

Note: This table reports the results of the determinants of narrative innovation disclosure tone. Panel A reports 

the results of regressing firms’ future operational performance on the interaction terms of ExploreRatio, 

InvDiscQty, and InvDiscTone, using the model in Equation (12). Panel B reports the results of the subsample 

analysis for management opportunism by regressing InvDiscTone on ExploreRatio, using the model in Equation 

(11). I partition the sample based on whether the CEO falls below or above the sample median of Delta and 

Vega. Panel C reports the results of the subsample analysis for management dispositional characteristics by 

regressing InvDiscTone on ExploreRatio, using the model in Equation (11). I split the sample based on whether 

executives fall below or above the sample mean of OC67 and OC100. The fixed effects refer to SIC’s two-digit 

industry and year fixed effects. All variables are defined in Appendix D. Robust standard errors are clustered at 

the firm level and displayed in parentheses below the coefficients. *, **, and *** indicate significance at the 

10%, 5%, and 1% levels, respectively (two-tailed). 
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Table 19: Narrative Innovation Disclosure Qualitative Characteristics (Complementing H2 and 

H3) 

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

DV = InvDiscNumt InvDiscFlst InvDiscRept InvDiscTonet 

     

ExploreRatiot-1 -0.387*** -0.261*** -0.361*** 0.050*** 

 (0.041) (0.036) (0.045) (0.013) 

ExploreRatiot-1 * PMCHight-1 -0.106** -0.145*** -0.093* -0.011 

 (0.044) (0.038) (0.048) (0.012) 

PMCHight-1 0.170*** 0.174*** 0.198*** 0.006 

 (0.038) (0.033) (0.041) (0.010) 

ExploreRatiot-1 * TSHight-1 0.225*** 0.159*** 0.221*** -0.025* 

 (0.044) (0.038) (0.047) (0.013) 

TSHight-1 -0.098*** -0.084*** -0.101** 0.011 

 (0.036) (0.031) (0.039) (0.010) 

Observations 18,557 18,557 18,557 18,557 

R-squared 0.619 0.708 0.694 0.254 

Controls Yes Yes Yes Yes 

Industry & Year FE Yes Yes Yes Yes 

 

Note: This table reports the results of the conditional analysis on how ranked product market competition 

(PMCHigh) and ranked technology spillover (TSHigh) influence the relation between narrative innovation 

disclosure quality and ExploreRatio. Column (1) shows the results of InvDiscNum using the model in Equation 

(13). Column (2) shows the results of InvDiscFls using the model in Equation (13). Column (3) shows the 

results of InvDiscRep using the model in Equation (14). Column (4) shows the results of InvDiscTone using the 

model in Equation (15). The fixed effects refer to SIC’s two-digit industry and year fixed effects. All variables 

are defined in Appendix D. Robust standard errors are clustered at the firm level and displayed in parentheses 

below the coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively (two-

tailed). 
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Table 20: Conditional Analysis of Technological Peer Pressure 

DV =InvDiscQtyt (1) (2) (3) (4) 

     

ExploreRatiot-1 -0.400*** -0.362*** -0.428*** -0.386*** 

 (0.038) (0.039) (0.042) (0.042) 

ExploreRatiot-1 * TPPHight-1 0.212*** 0.248*** 0.189*** 0.229*** 

 (0.042) (0.043) (0.042) (0.043) 

TPPHight-1 -0.228*** -0.261*** -0.234*** -0.270*** 

 (0.037) (0.037) (0.037) (0.037) 

ExploreRatiot-1 * PMCHight-1  -0.127***  -0.136*** 

  (0.039)  (0.039) 

PMCHight-1  0.187***  0.193*** 

  (0.034)  (0.034) 

ExploreRatiot-1 * TSHight-1   0.097*** 0.096*** 

   (0.037) (0.037) 

TSHight-1   0.011 0.015 

   (0.031) (0.030) 

Observations 18,557 18,557 18,557 18,557 

R-squared 0.700 0.702 0.701 0.703 

Controls Yes Yes Yes Yes 

Industry & Year FE Yes Yes Yes Yes 

 

Note: This table presents the results of regressing InvDiscQty on the interaction of ExploreRatio and different 
moderators (TPPHigh, PMCHigh, and TSHigh). The fixed effects refer to SIC’s two-digit industry and year 

fixed effects. All variables are defined in Appendix D. Robust standard errors are clustered at the firm level and 

displayed in parentheses below the coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% 

levels, respectively (two-tailed). 
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