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Abstract We examine the impact of a firm’s innovation strategy on its disclosure policy.

Using a sample of innovation-intensive U.S. firms from 1992 to 2012, we find that firms

with higher intensity of exploratory (exploitative) innovation are more (less) inclined to

issue management earnings forecasts. These forecasts are generally less (more) optimistic,

accurate and precise. We also find that exploration-oriented firms issue more earnings

forecasts in order to avoid disclosing proprietary information about their innovation

activities. They tend to issue more conservative forecasts in order to avoid large stock price

decline. Overall, exploration-oriented firms have a more opaque information environment

as manifested in higher analyst earnings forecast error and greater forecast dispersion. Our

findings suggest that knowledge-intensive firms appear to incorporate innovation strategy

in developing their disclosure policy.

Keywords Innovation strategy � Exploration � Exploitation � Management

forecasts � Proprietary information

JEL Classification M40 � O30 � M41

1 Introduction

As competition intensifies and the pace of change accelerates, firms need to continuously

renew themselves and seek new sources of growth by investing in innovation. While

knowledge-intensive firms are all committed to investing more resources into this activity,

there is considerable variation in their innovation strategy. The management literature has

identified two generic types of innovation: exploratory innovation and exploitative inno-

vation (Levinthal and March 1993; McGrath 2001; Benner and Tushman 2002). Firms that
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pursue exploratory innovation are constantly in search of new technologies or approaches,

hoping to achieve breakthrough inventions and the ‘‘next big thing’’. Exploitation-oriented

firms, on the other hand, primarily build on improvements and refinements of current skills

and processes that lead to incremental product changes (Holmqvist 2004; Levinthal and

March 1993; Amason et al. 2006). As succinctly summarized by March (1991), the dis-

tinction between ‘‘exploration of new possibilities’’ and ‘‘exploitation of old certainties’’ is

associated with firm behavior that has significant implications for a firm’s underlying

earnings stream and information environment (He and Wong 2004).

In this study, we are interested in how a firm’s choice of innovation strategy affects its

disclosure practices. For publicly traded companies, communicating with market partici-

pants and maintaining a transparent information environment are important considerations

as they directly affect the cost of capital (Lambert et al. 2007), which is a key source of

input into innovation activities. Exploration and exploitation are each associated with a set

of features that may influence corporate disclosure practices. Exploratory firms that are

able to successfully innovate at a breakthrough level can increase the likelihood that they

will dominate the market and build a sustainable competitive edge. However, exploratory

activities are characterized by high failure and the associated returns are ‘‘uncertain, dis-

tant, and often negative’’ (March 1991), which increases the volatility of the firm’s

underlying earnings stream. Moreover, given the novel and proprietary nature of explo-

ration, it creates significant knowledge and information gap with firm outsiders, which

makes it hard for market participants to accurately assess the value of such innovation and

its contribution to future firm performance (Rindova and Petkova 2007; Kaplan and Tripsas

2008). Exploitation, in contrast, exhibits returns that are more proximate and pre-

dictable (He and Wong 2004). Because exploitation emphasizes on extending currently

successful approaches, there is more information about this type of innovation (e.g.,

information about past track record or prior performance data). As a result, exploitation-

oriented firms face less severe information asymmetry and knowledge gap with outsiders.

However, a downside of exploitation is that by limiting innovation to incremental

improvements, exploitative firms may fail to create significant economic rents or step

changes.

We begin to examine the relationship between a firm’s innovation strategy and its

disclosure practices by focusing on management earnings forecasts because they are the

most common form of voluntary disclosure for a firm to communicate future performance

projections to market participants (Pownall and Waymire 1989; King et al. 1990; Skinner

1994, 1997; Frankel et al. 1995; Coller and Yohn 1997; Noe 1999). Earnings forecasts also

incorporate managers’ expectation about how much value the firm can extract from current

innovation projects. Ex ante it is not clear whether firms with higher exploratory intensity

are more willing to issue management forecasts. On the one hand, management-provided

disclosure is particularly valuable in the cases of severe information asymmetry and per-

formance unpredictability. So exploratory firms may have greater incentives to provide

earnings forecasts. On the other hand, however, exploratory firms may be reluctant to

disclose future information given higher proprietary information costs (Verrecchia 1983;

Bamber and Cheon 1998; Li 2010).1 Given these opposing incentives and concerns, the

1 We take the view that public disclosure made by the firm to capital market investors is one venue through
which competitors learn about the firm’s operation and R&D activities. This view is supported by prior
studies (e.g., Li 2010) showing that competition from existing rivals decreases the quantity of firm’s
disclosure to the capital markets, as proxied by management forecasts on earnings and capital expenditures.
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relationship between innovation strategy and management forecast behavior is essentially

an open, empirical question.

We measure innovation strategy using empirical constructs that have been developed in

prior research based on a firm’s patent information (e.g., Balsmeier et al. 2017; Custódio

et al. 2015; Katila and Ahuja 2002; Benner and Tushman 2003). Specifically, the extent to

which a firm adopts an exploratory innovation strategy Explore, is calculated as the number

of exploratory patents filed in a given year divided by the number of all patents filed by the

firm in the same year. A higher value of Explore indicates that the firm is more exploration-

oriented. In contrast, we define the extent to which a firm adopts an exploitative innovation

strategy Exploit, as the number of exploitative patents filed in a given year divided by the

number of all patents filed by the firm in the same year.2

Using a sample of publicly-traded U.S. firms over the period of 1992–2012, we find a

positive (negative) relationship between exploratory (exploitation) innovation intensity and

the likelihood of issuing management earnings forecasts. Conditional on issuing a forecast,

we further examine how innovation strategy affects the properties of these forecasts,

including forecast optimism, accuracy, and precision. Consistent with the notion that

innovation projects entail significant failure risk and the associated outcome can be highly

unpredictable, we find that earnings forecasts issued by exploratory firms are generally less

optimistic, less accurate, and less precise.

One challenge in interpreting our baseline findings is that the association between

corporate innovation strategy and management forecasts could be driven by unobservable

characteristics that are related to both constructs. There is also a reverse causality concern

that a firm’s choice of innovation strategy is affected by its disclosure policy. We attempt

to address these issues in two ways. Our first approach is the two-stage least squares

(2SLS) analysis. Our instrumental variable, InventorMobility, is defined as the difference

between the natural logarithm of one plus the inflow of inventors and the natural logarithm

of one plus the outflow of inventors in a given year.3 Findings from the 2SLS analysis are

consistent with our baseline results.

Our second approach to mitigating the endogeneity concern is to examine changes in

corporate innovation strategy and corresponding changes in management forecast behav-

ior. We find that changes in exploration (exploitation) intensity positively (negatively)

relate to changes in the likelihood of issuing forecasts, but negatively (positively) relate to

changes in the forecast optimism and accuracy. Taken together, our findings suggest that

exploration-oriented firms are more willing to provide forward-looking earnings guidance.

2 Although exploration and exploitation are two distinct types of innovation strategy, prior studies also
suggest that companies rarely make exclusive choice between them. March (1991) suggests that maintaining
an appropriate balance between exploration and exploitation is critical for firm survival and prosperity.
Therefore, instead of using an indicator variable to partition between exploratory and exploitative innovation
strategy, we examine the intensity of exploration versus exploration.
3 The idea is that a firm’s workforce with long tenure and little mobility may hinder exploratory innovation.
This is because stagnant workforce may fail to refresh itself in a timely manner, can no longer keep current
with technological developments, and grow unable to offer new ideas into corporate activities (including
R&D activities). Prior management literature notes that long tenure is often associated with rigidity and a
commitment to established policies and practices that potentially kill the entrepreneurial spirit and hinder
novel creation (Marcus and Goodman 1986; Tushman and O’Reilly 1997). March and March (1977) find
that executives with short tenure contribute fresh insights and are more willing to take risks that deviate from
industry norms. Jia (2017) study board tenure and find that firms with a higher portion of outside directors
enjoying extended tenure have significantly lower exploratory innovation intensity. So we expect Inven-
torMobility to be positively (negatively) related to exploitation (exploration) intensity, but is unlikely to
directly affect management forecast behavior.
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However, because of greater uncertainty about future payoffs from exploratory innovation,

these forecasts are generally less optimistic, less accurate and precise. We find opposite

results for exploitation-oriented firms.

It is somewhat puzzling that exploratory firms are more inclined to issue management

earnings forecasts, despite greater difficulty in making these forecasts accurate and precise

given the highly uncertain nature of exploratory innovation. We offer one plausible

explanation for such behavior, that is, mangers of exploratory firms may choose to issue

more earnings forecasts to satisfy the information demand of capital market participants in

order to avoid disclosing more proprietary information about their innovation projects. To

test this conjecture, we obtain information on the disclosure of R&D expenditures from

Compustat (Koh and Reeb 2015), and search the LexisNexis News Wires for disclosure of

non-financial information related to innovation activities made by our sample firms.

Empirical evidence suggests that exploratory firms are less likely to report R&D expen-

ditures. They are also less willing to disclose additional information about their innovation

activities, especially information related to the strategy and progress of innovation.

However, the effect is less pronounced for firms with large institutional ownership as

institutional investors possess superior ability than retail investors in understanding the

value of patents. As such, they are more likely to (successfully) demand the disclosure of

such information. We generally find opposite results for exploitative firms.

We also attempt to explore why exploratory firms issue more conservative (i.e., pes-

simistically biased) earnings forecasts. We conjecture that due to the highly uncertain

nature and high failure rate of exploratory innovation, the probability that exploratory firms

incur unsatisfactory earnings performance is high. Moreover, because investors face higher

information gap with exploratory firms, they rely more heavily on management provided

guidance in making investment decision. So if managers of exploratory firms issue overly-

optimistic forecasts to hype up investors’ expectation and later miss their forecasts, they

may lose credibility and investors may be disappointed more and respond with a greater

decline in stock price, which is undesirable for the firm. So managers of exploratory firms

may prefer more conservative forecasts to guide down investors’ expectation in order to

avoid large disappointment and stock price decline. To test this conjecture, we examine

market reaction to management forecast error and the interaction effect with exploration

and exploitation intensity, respectively. We find that market reaction to positive man-

agement forecast error (i.e., actual performance is below manager’s expectation) is greater

for exploratory firms.

Finally, we examine the impact of corporate innovation strategy on the firm’s overall

information environment, as measured by analyst forecast accuracy and degree of forecast

dispersion among them. We find that higher exploratory (exploitative) intensity is asso-

ciated with higher (lower) analyst forecast error and greater dispersion, suggesting that

these firms appear to have a more (less) opaque information environment.

Our study contributes to the literature on management forecasts and provides evidence

that innovation strategy is an important determinant of corporate disclosure policy. As

Hirst et al. (2008) conclude in their review of the literature on management forecasts:

‘‘…managers’ choice of forecast characteristics appears to be the least understood (both in

terms of theory and research) even though it is the component over which managers have

the most control.’’ Several prior studies examined investment into innovation activities

(i.e., R&D expenditure) and its impact on disclosure practice. For example, Jones (2007)

studies voluntary disclosure in R&D intensive industries. Barron et al. (2002) examines

technology intangibles and analyst forecast. However, these studies implicitly assume that

how a firm’s use of R&D resources or technology intangibles based on different strategy
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have an equal impact on disclosure or analyst behavior. In contrast, we highlight that

innovation strategy has a direct and significant impact on corporate disclosure behavior.

Our study also contributes to the growing literature on innovation (Chen et al. 2016;

Guo and Zhou 2016; Jia and Tian 2016; Adhikari and Agrawal 2016; Hsu et al. 2015; Gao

et al. 2006). The choice between exploratory and exploitative innovation is an important

strategic decision that has implications for multiple aspects of corporate practices and

performance. Prior work has documented positive effects of exploratory innovation on new

product development and revenue growth (e.g., Katila and Ahuja 2002; Uotila et al. 2009),

but little is known about its impact on corporate disclosure practices. We provide evidence

on this issue.

The remainder of the paper proceeds as follows. Section 2 reviews the related literature

and develops the hypotheses. Section 3 describes the data and presents descriptive

statistics. Section 4 reports baseline empirical results. Section 5 addresses the endogeneity

issues and provide results of additional analyses. Section 6 concludes the paper.

2 Literature review and hypothesis development

2.1 Corporate innovation strategy

Since the seminal work of March (1991), the management literature has identified two

distinct strategies in organizational learning trajectories that pertain to innovation activi-

ties: exploratory innovation and exploitative innovation (Levinthal and March 1993;

McGrath 2001; Benner and Tushman 2002; Smith and Tushman 2005). Exploration

implies firm behaviors characterized by experimentation and risk-taking (Cheng and Van

de Ven 1996; March 1991). Such innovation involves experimenting with new technolo-

gies or approaches, and continued efforts to achieve breakthrough inventions. Exploitation,

in contrast, implies firm behaviors characterized by refinement and efficiency (March

1991). Exploitative innovation involves incremental changes to existing products or

approaches. These changes are primarily aimed at protecting market share and generating

returns from currently successful approach (Manso 2011).

A firm’s choice of innovation strategy has significant implications for its underlying

earnings stream and information environment (He and Wong 2004). Exploration, by its

nature, is associated with more substantial success as well as failure. The associated returns

are systematically less certain, more variable and distant in time, which makes the firm’s

underlying earnings stream more volatile and less predictable. In contrast, exploitation is

associated with greater certainty of short-term success, therefore the future performance of

exploitative firms is relatively more stable and predictable (March 1991).

Exploration and exploitation also differ in the extent of information and knowledge gap

with firm outsiders. Exploratory innovation involves the departure from existing knowl-

edge and experiment with new technologies or approaches. These breakthrough inven-

tions—which have not been seen in the market before—likely impose a larger knowledge

and information gap between the firm and outside stakeholders. Exploitative inventions, on

the other hand, rely on existing capabilities and knowledge. They are more familiar to

outsiders and have past track record or performance data which makes it easier for out-

siders to understand and assess the value of these inventions and their contributions to the

firm’s future performance (Rindova and Petkova 2007; Kaplan and Tripsas 2008).
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Exploration and exploitation also differ in terms of proprietary information costs.

Henderson (1999) classifies innovation strategies into proprietary versus standards-based

strategies, and suggests that the former may be more related to exploration while the latter

may be more related to exploitation. Exploration involves internally-developed, firm-

specific new knowledge and therefore is more proprietary in nature. Successful exploration

can generate explosive growth in major new categories of products and services, and create

greater competitive advantage than incremental innovations. Therefore, exploratory firms

may have stronger strategic incentives to withhold disclosure in order to protect their

competitive edge and avoid unwanted competition.

One stream of management literature studies the determinants of corporate choice

between exploratory and exploitative innovation strategy. It has been shown that firms are

less (more) likely to engage in exploratory (exploitative) innovation when their share-

holders/managers are myopic or risk-averse (Levinthal and March 1993; Smith and

Tushman 2005), when they pursue economies of scale (Crossan et al. 1999), when their

innovative activities are more likely to be subjects of imitation (Cohen and Levinthal

1994), or when their environment appears to be less volatile (McGrath 2001). Prior

research also recognizes that firms rarely choose exclusively between exploration and

exploitation strategy. In fact, March (1991) and Levinthal and March (1993), among

others, suggest that firms tend to be ambidextrous, that is, they ‘‘engage in sufficient

exploitation to ensure its current viability and, at the same time, devote enough energy to

exploration to ensure its future viability’’ (Levinthal and March 1993, p.105). Therefore,

instead of using a dichotomous variable for innovation strategy (i.e., exploration vs.

exploitation), we focus on the intensity of exploration and exploitation, that is, the extent to

which a firm leans towards an exploration-oriented or exploitation-oriented innovation

strategy.

2.2 Innovation strategy and management earnings forecasts

We develop four hypotheses regarding how corporate innovation strategy affects man-

agement forecast practice. The first hypothesis pertains to the likelihood of issuing a

forecast. For publicly traded companies, the supply of and the demand for management

forecasts is significantly influenced by capital market considerations, with managers

issuing forecasts to reduce the level of information asymmetry with external stakeholders

(Ajinkya and Gift 1984; Verrecchia 2001). Lower information asymmetry is desirable

because it is associated with higher liquidity (Diamond and Verrecchia 1991) and lower

cost of capital (Leuz and Verrecchia 2000). For knowledge-intensive firms, the ability to

raise low-cost external funds when needed is an important consideration since innovation

activities require large and continued capital commitment. As discussed earlier, firms

pursuing an exploration strategy have intrinsically higher information and knowledge gap

with firm outsiders, so management forecasts may be more valuable and useful to investors

in such cases. So we expect these firms to have stronger incentives to provide voluntary

forecasts.

Although there are benefits to voluntarily disclosing more corporate information, there

are also costs. Economic theory suggests that proprietary costs are an important deterrent to

full voluntary disclosure (Verrecchia 1983; Wagenhofer 1990; Bamber and Cheon 1998; Li

2010). Releasing management estimates of future earnings can reveal valuable information

about how much gain the firm is expecting to extract from undergoing innovation efforts.

Such information could be used by competitors to make entry or exit decisions that can

erode the firm’s competitive edge and invite unwanted competition or imitation. Disclosure
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made by exploratory firms is arguably more valuable to competitors because there is little

public information available about this type of innovation (Rindova and Petkova 2007;

Kaplan and Tripsas 2008). Competitors can act on such firm-provided information to

determine their response to the disclosing firm’s innovation strategy which may erode the

firm’s competitive edge. As a result, exploratory firms may choose to refrain from making

earnings guidance. Bamber and Cheon (1998) and Ali et al. (2014), among others, show

that industry concentration, a common proxy for proprietary costs, is associated with a

lower likelihood of issuing management earnings forecasts.

In summary, the relation between innovation strategy and the propensity of issuing

management forecasts is unclear ex ante. Therefore, we propose an un-directional

hypothesis.

Hypothesis 1 (issuance) Exploratory (Exploitative) innovation strategy is associated

with the likelihood of issuing a management earnings forecast.

The next three hypotheses pertain to the properties of management earnings forecasts.

With respect to forecast bias, early research (during the 1970–1980 period) documented a

tendency for optimistically biased earnings forecasts (Basi et al. 1976; Penman 1980).

However, this trend reversed over the time period 1994–2003 (which overlaps with our

sample period) when more pessimistically biased forecasts were issued by managers. This

recent trend is often explained as the result of managers applying their discretion in order

to strategically walk-down market earnings expectations to avoid negative surprises at

earnings announcements (Bergman and Roychowdhury 2008; Cotter et al. 2006; Mat-

sumoto 2002).

Rogers and Stocken (2005) argue that the degree of which a manager biases forecasts

for strategic purposes is affected by the difficulty that market participants experience

detecting manager misrepresentation. The idea is that when there is little uncertainty about

the firm’s earnings, it is less difficult for investors and competitors to assess the truth-

fulness of the manager’s forecast, which reduces managers’ willingness to strategically

bias their forecasts. In contrast, when a firm’s earnings are volatile and unpredictable, it is

more difficult for investors to evaluate the truthfulness of the manager’s forecast. In such

cases, managers are less constrained in issuing self-serving forecasts. We conjecture that

because exploratory innovation is inherently associated with higher earnings unpre-

dictability, it is harder for investors to assess the truthfulness of management forecasts and

to prove intentional bias on the part of managers, thereby leaving the management more

room to bias earnings forecasts downwards to fulfill strategic needs.

Forecast bias is also affected by other strategic reasons such as the concern over

competition. Disclosure of optimistic information encourages potential entrants to enter the

product market, which imposes proprietary costs on the incumbent (Li 2010). Based on

these arguments, we expect exploratory innovation strategy to be associated with greater

pessimism in earnings forecast.

Hypothesis 2 (optimism) Conditional on issuing a forecast, exploratory (exploitative)

innovation strategy is negatively (positively) associated with the optimism of management

earnings forecast.

Next we consider management forecast accuracy, which is defined as the forecast’s

deviation from the actual earnings realization. Exploratory innovation involves experi-

menting with new technologies and approaches, and is inherently associated with higher

likelihood of unanticipated failure that could lower earnings and consequently lead a firm

to miss its own forecasts, thereby resulting in a larger forecast error. In contrast, the returns

Corporate innovation strategy and disclosure policy 259

123



associated with exploitation innovation are more stable and predictable (He and Wong

2004). We therefore expect exploratory firms to be associated with lower earnings forecast

accuracy.

Hypothesis 3 (accuracy) Conditional on issuing a forecast, exploratory (exploitative)

innovation strategy is negatively (positively) associated with management earnings fore-

cast accuracy.

Lastly, we consider management forecast precision. Researchers suggest that forecast

form captures the precision of managers’ beliefs about the future (King et al. 1990). More

precise forecasts are generally perceived to reflect greater managerial certainty relative to

less precise forecasts (Hughes and Pae 2004). Because returns associated with exploratory

innovation are distant and uncertain, managers may provide a wider forecast range and thus

less precise forecasts.

Prior studies show that proprietary costs are also negatively associated with forecast

precision. Instead of disclosing private information precisely, firms may strategically

choose to issue a vague forecast. For example, Verrecchia (2001) argues, ‘‘the manager

may vaguely claim that the firm is expected to have earnings of at least $1 per share when

in fact she expects earnings to be exactly $1 per share.’’ Li (2010) finds supporting

evidence that competition among existing players in a given industry sector, a proxy for

proprietary costs, is associated with less precise management earnings forecasts. Based on

these discussions, we posit that exploratory innovation strategy is associated with less

precise earnings forecasts.

Hypothesis 4 (precision) Conditional on issuing a range forecast, exploratory (ex-

ploitative) innovation strategy is associated with less (more) precise management earnings

forecast.

3 Sample selection and summary statistics

3.1 Sample selection

Our sample includes U.S. listed firms during the period of 1992–2012. Since we study

innovation-intensive firms, we exclude firms that have never filed a patent with the United

States Patent and Trademark Office (USPTO) during our sample period. We collect firm-

year patent information from Google USPTO Bulk Downloads.4 This database provides

rich information on all patents filed to and granted by the USPTO, including patent

application and grant date, patent assignee name, the technology class of the patent, and

detailed information on subsequent patents that cite the focal patent, etc.

Data on management forecasts is obtained from I/B/E/S Guidance. We obtain data on

firms’ R&D investments and financial statement items from Compustat Industrial Annual

Files, institutional holdings data from Thomson’s CDA/Spectrum database (form 13F),

stock price data from CRSP. Data on analyst coverage and forecasting performance is also

retrieved from I/B/E/S. After excluding observations with missing data, our final sample

consists of 5959 firm-year observations.

4 Available at http://www.google.com/googlebooks/uspto.html. There are a number of other studies that
used this data source, including among others, Chien (2011), Weatherall and Webster (2014), Jia et al.
(2016), and Tian and Ye (2017).
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3.2 Variable measurement

3.2.1 Measuring innovation strategy

We examine two types of innovation strategy, exploration and exploitation. Our measure

of exploratory intensity Explore is calculated as the number of exploratory patents filed

(and eventually obtained) in a given year divided by the number of all patents filed by the

firm in the same year.5 Similarly, our measure of exploitative intensity Exploit is calculated

as the number of exploitative patents filed (and eventually obtained) in a given year

divided by the number of all patents filed by the firm in the same year. These are com-

monly used measures of innovation strategy (see, e.g., Balsmeier et al. 2017; Custódio

et al. 2015; Jia and Tian 2016). Following the management literature, we define patents

unrelated to the firm’s existing knowledge and serving as pilot trials into new fields as

‘‘exploratory patents’’, and patents built on a firm’s strength and expertise in the current

domain as ‘‘exploitative patents’’ (e.g., Benner and Tushman 2002; Katila and Ahuja 2002;

Phelps 2010). Operationally, we follow Custódio et al. (2015) and classify a patent as

exploratory if at least 60% of its citations are based on new knowledge. We define a firm’s

existing knowledge as its previous patent portfolio and the set of patents that has been cited

by its own patents over the past five years. A higher value of Explore indicates a higher

intensity of exploratory innovation. In contrast, a patent is classified as exploitative if at

least 60% of its citations are based on current knowledge. A higher value of Exploit

indicates a higher intensity of exploitative innovation.

3.2.2 Measuring management earnings forecasts

Our measure of the likelihood of issuing management forecast Issue, is a dummy variable

that equals one if a firm issues at least one management earnings forecast during the year,

and zero otherwise. Conditional on issuing a forecast, we also examine three properties of

these forecasts. The first one is forecast Optimism, calculated as the difference between the

forecasted earnings per share (EPS) minus the actual EPS, divided by the stock price

2 days prior to the management forecast release date. We multiple Optimism by 100 for

better exposition of the regression coefficients.

The second forecast attribute that we examine is Accuracy, calculated as the absolute

value of the difference between the management forecasted EPS and the actual EPS,

divided by the stock price 2 days prior to the management forecast release date. As higher

forecast error indicates lower accuracy, we multiple this construct by - 100 to transform it

in an increasing-in-accuracy measure.

The third attribute that we examine is Precision, calculated as the difference between

the upper and lower bound of the range forecast, divided by the stock price 2 days prior to

the management forecast release date. Wider forecast range implies lower precision. So we

multiple this construct by - 100 to transform it in an increasing-in-precision measure.

3.2.3 Measuring control variables

Following the disclosure literature, we control for a vector of firm and industry charac-

teristics that may affect management forecast behavior. Prior literature has consistently

5 We use patent application year instead of patent grant year because prior studies (such as Griliches et al.
1987) have shown that the former is superior in capturing the actual time of innovation.
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shown evidence supporting a positive association between firm size and management

earnings forecasts (e.g., Kasznik and Lev 1995). So we control for firm size, measured by

the natural logarithm of total assets. Ajinkya et al. (2005) find that firms with greater

institutional ownership are more likely to issue a forecast. Further, these forecasts tend to

be more specific and accurate. Therefore we include institutional ownership, calculated as

the arithmetic mean of the four quarterly institutional holdings reported through form 13F.

We also include market-to-book ratio as a proxy for proprietary costs (Bamber and Cheon

1998). Ali et al. (2014) find that in more concentrated industries firms’ management

earnings forecasts are less frequent, so we include industry concentration, measured by the

Herfindahl index of 4-digit SIC industry where the firm belongs.

Prior research suggests that earnings are less value-relevant for loss firms (Hayn 1995),

and that meeting or beating financial analyst expectation is less important for these firms

(Degeorge et al. 1999). Matsumoto (2002) finds that firms with losses are less likely to

guide analyst forecasts downward. In keeping with Matsumoto (2002) and Choi and

Ziebart (2004), we include a dummy variable for firms that reported a loss in the previous

period.

We also include leverage (measured by total debt to total assets ratio) as a proxy for

risk, return-on-assets ratio as a proxy for profitability, asset tangibility (measured by net

property, plants, and equipment scaled by total assets), stock return volatility over the prior

year, and capital expenditure scaled by total assets. To control for the scope of innovation

activities, we include number of patents, measured by natural logarithm of one plus firm’s

total number of patents granted in a given year. Prior research has shown that analyst

following influences the decision to forecast (e.g., Lang and Lundholm 1996), so we

include the natural logarithm of one plus the number of analysts as an additional control

variable. We provide detailed variable definitions in Appendix 1.

3.3 Sample description and summary statistics

Table 1 Panel A reports sample distribution by industry where industry classification is

based on the 2-digit SIC code. The largest sector in our sample is Industrial Machinery &

Equipment (SIC code 35), followed by Chemical & Allied Products (SIC code 28) and

Electronic & Other Electric Equipment (SIC code 36), respectively. There does not appear

to be significant clustering in the industry distribution. Panel B provides summary statistics

of variables used in the baseline regressions. To minimize the effect of outliers, we win-

sorize all continuous variables at the 1st and 99th percentiles. The mean forecast optimism

is - 0.017, which is consistent with prior findings that managers tend to issue pes-

simistically biased forecasts in order to strategically walk-down market earnings expec-

tations to avoid negative surprises at earnings announcements (Bergman and

Roychowdhury 2008; Cotter et al. 2006; Matsumoto 2002). The mean forecast accuracy

and precision, which have been multiplied by - 100 to transform into an increasing-in-

accuracy/precision measure, is - 0.909 and - 0.366, respectively.

An average firm in our sample has an exploration intensity of 0.582, an exploitation

intensity of 0.232, a natural logarithm of assets of 7.599, return on asset of 0.149, leverage

ratio of 19.5%, scope of innovation activity of 3.100, PPE-to-assets ratio of 22.5%, capital

expenditure ratio of 4.8%, institutional ownership of 0.713, industry concentration of

0.262, market-to-book ratio of 3.647, return volatility of 0.110, and natural logarithm of

analyst coverage of 2.573.

Panel C of Table 1 displays the correlation among variables used in the baseline

regression analyses. Because Explore and Exploit capture opposite innovation approach,
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Table 1 Summary Statistics

SIC
code

Industry Number of
obs.

Percentage of sample
(%)

Cumulative
percentage (%)

Panel A: Sample distribution by industry

35 Electronic & Other Electric

Equipment

865 14.52 14.52

28 Chemical & Allied Products 849 14.25 28.76

36 Electrical & Electronic Equipment 836 14.03 42.79

38 Instruments & Related Products 708 11.88 54.67

73 Business Services 632 10.61 65.28

37 Transportation Equipment 406 6.81 72.09

20 Food & Kindred Products 187 3.14 75.23

34 Fabricated Metal Products 150 2.52 77.75

39 Miscellaneous Manufacturing

Industries

139 2.33 80.08

26 Paper & Allied Products 136 2.28 82.36

25 Furniture & Fixtures 103 1.73 84.09

13 Oil & Gas Extraction 94 1.58 85.67

30 Rubber & Miscellaneous Plastics

Products

85 1.43 87.10

– Others 769 12.90 100.00

Total 5959 100.00 100.00

Variable 25% Median Mean 75% SD N

Panel B: Summary statistics of main variables used in the baseline analysis

Issue 0 0 0.473 1 0.499 5959

Optimism - 0.403 - 0.110 - 0.017 0.099 1.012 2452

Accuracy - 0.790 - 0.295 - 0.909 - 0.106 2.101 2452

Precision - 0.413 - 0.212 - 0.366 - 0.098 0.512 1788

Explore 0.374 0.680 0.582 1 0.328 5959

Exploit 0 0.143 0.232 0.385 0.277 5959

Size 6.388 7.484 7.599 8.669 1.688 5959

ROA 0.102 0.149 0.149 0.197 0.090 5959

Leverage 0.051 0.183 0.195 0.292 0.162 5959

Patent 1.792 2.944 3.100 4.357 1.829 5959

PPEAssets 0.101 0.184 0.225 0.303 0.164 5959

Capex 0.022 0.037 0.048 0.062 0.040 5959

InstOwn 0.601 0.741 0.713 0.855 0.194 5959

HHI 0.118 0.196 0.262 0.329 0.208 5959

MTB 1.841 2.756 3.647 4.258 3.719 5959

ReturnVol 0.067 0.093 0.110 0.133 0.066 5959

Loss 0 0 0.126 0 0.331 5959

LnAnalysts 2.079 2.639 2.573 3.091 0.666 5959
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Variable 1 2 3 4 5 6 7 8 9

Panel C: Correlation matrix

1 Issue 1

2 Optimism – 1

3 Accuracy – 0.30a 1

4 Precision – 0.02 0.41a 1

5 Explore 0.16a - 0.13a - 0.12b - 0.09b 1

6 Exploit - 0.15a 0.04c 0.08b 0.04c - 0.87a 1

7 Size 0.26a - 0.03 0.16a 0.11a - 0.06a 0.04a 1

8 ROA 0.03b - 0.12 0.32a 0.29a 0.06a - 0.06a 0.14a 1

9 Leverage 0.09a 0.10a 0.01 0.04 0.02c - 0.04a 0.34a - 0.04a 1

10 Patent 0.10a - 0.02 0.06b 0.04 - 0.15a 0.15a 0.61a 0.04a 0.06a

11 PPEAssets - 0.10a 0.08a 0.04c 0.12a 0.17a - 0.18a 0.07a 0.23a 0.19a

12 Capex - 0.16a 0.10a 0.02 0.14a 0.14a - 0.14a - 0.10a 0.29a - 0.03b

13 InstOwn 0.24a - 0.02 0.09a - 0.04 - 0.24a 0.26a 0.09a 0.01 - 0.01

14 HHI 0.07a 0.00 - 0.03 - 0.03 0.03b - 0.05a 0.16a 0.02 0.11a

15 MTB - 0.02 - 0.10a 0.09a 0.13a 0.01 - 0.02 0.08a 0.29a - 0.01

16 ReturnVol - 0.18a 0.19a - 0.29a - 0.21a 0.06a - 0.07a - 0.37a - 0.29a - 0.10

17 Loss - 0.11a 0.24a - 0.33a - 0.19a - 0.01 0.01 - 0.18a - 0.53a 0.04a

18 LnAnalysts 0.20a - 0.05a 0.14a 0.02c - 0.06a 0.06a 0.61a 0.15a 0.01c

Variable 10 11 12 13 14 15 16 17 18

Panel C: Correlation matrix

1 Issue

2 Optimism

3 Accuracy

4 Precision

5 Explore

6 Exploit

7 Size

8 ROA

9 Leverage

10 Patent 1

11 PPEAssets - 0.10a 1

12 Capex - 0.06a 0.61a 1

13 InstOwn 0.07a - 0.18a - 0.18a 1

14 HHI 0.02 0.05a - 0.03b 0.03b 1

15 MTB 0.06a - 0.02c 0.08a - 0.10a - 0.05a 1

16 ReturnVol - 0.15a - 0.15a 0.05a - 0.13a - 0.10a - 0.00 1

17 Loss - 0.07a - 0.09a - 0.07a - 0.04a - 0.04a - 0.10a 0.38a 1

18 LnAnalysts 0.41a 0.07a 0.06a 0.40a - 0.04a 0.15a - 0.19a - 0.13a 1

Pearson correlations are reported
a,b,cSignificance at the 1, 5, and 10% levels, respectively
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they are significantly and negatively correlated. Explore has a significant positive rela-

tionship with the likelihood of issuing management forecasts, and a significant negative

relationship with forecast optimism, accuracy and precision. In contrast, Exploit has a

significant negative relationship with the likelihood of issuing management forecasts, and a

significant positive relationship with forecast optimism, accuracy and precision. As uni-

variate correlation analysis does not take into account the effects of the other correlated

variables, we consider the evidence to be suggestive and rely on subsequent multivariate

analyses to draw inferences.

4 Baseline empirical results

4.1 Baseline results

To assess how a firm’s choice of innovation strategy affects its management forecast

behavior, we estimate the following models:

Prob Issueð Þi;t=ForecastPropertyi;t ¼ aþ bExplore Exploitð Þi;tþk0Controli;t þ Yeart

þ Industryj þ ei;t ð1Þ

where i indexes firm, j indexes industry, and t indexes time. The dependent variables

(either Issue or ForecastProperty) are the propensity of issuing management earnings

forecasts and properties of these forecasts (Optimism, Accuracy, and Precision), respec-

tively. The main variables of interest Explorei,t and Exploiti,t capture firm i’s exploratory

and exploitative innovation intensity in year t.6 Control is a vector of firm characteristics

that could affect management forecast propensity and characteristics as discussed in

Sect. 3.2.3. Year and Industry capture year and industry fixed effects, respectively. We

cluster standard errors at the firm level.

Table 2 presents the regression results of Eq. (1) that examines the impact of innovation

strategy on the likelihood issuing management earnings forecasts. We apply the probit

model given the binary nature of the dependent variable. We begin with a parsimonious

model in column (1) that only includes the key variable of interest Explore as well as the

industry and year fixed effects. The coefficient estimate on Explore is 0.182 and significant

at the 5% level, suggesting that firms with higher exploration intensity are more willing to

provide earnings forecasts in an attempt to mitigate severe information asymmetry prob-

lem. In column (2) we include additional control variables, and the coefficient estimate on

Explore remains significantly positive. We also report the marginal effect on Explore on

the bottom of Table 2 which is calculated as the change in the probability of issuing a

forecast when Explore changes from the first to the third quartile and other variables are

held at the corresponding means. The marginal effect is 0.048, suggesting that increasing

exploration intensity from the first to the third quartile increases the probability of issuing

management forecasts by 4.8%. Columns (3) and (4) report the results of exploitation

intensity. In contrast to the results on exploration intensity, the coefficient estimate on

Exploit is significantly negative in both columns. In the column (4), the marginal effect is

0.030, suggesting that increasing exploration intensity from the first to the third quartile

decreases the probability of issuing management forecasts by 3.0%.

6 Jia and Tian (2016) show that the patent application process on average takes 2 years. So as an alternative
measure, we replace the key variable of interest by exploration intensity in year t ? 2, results are quali-
tatively the same as those reported in Table 2.

Corporate innovation strategy and disclosure policy 265

123



Table 2 Innovation strategy and the likelihood of management earnings forecasts

Dep Var= Prob(Issue) = 1

(1) (2) (3) (4)

Explore 0.182** 0.200** – –

(0.085) (0.084) – –

Exploit – – - 0.217** - 0.205**

– – (0.093) (0.098)

Size – 0.148*** – 0.147***

– (0.040) – (0.040)

ROA – 0.570 – 0.570

– (0.440) – (0.440)

Leverage – 0.150 – 0.146

– (0.217) – (0.217)

Patent - 0.036 - 0.038

(0.183) (0.186)

PPEAssets – - 0.777** – - 0.773**

– (0.328) – (0.328)

Capex – 1.041 – 1.023

– (0.974) – (0.976)

InstOwn – 0.557*** – 0.561***

– (0.200) – (0.199)

HHI – 0.229 – 0.227

– (0.213) – (0.213)

MTB – - 0.007 – - 0.007

– (0.008) – (0.008)

ReturnVol – - 3.160*** – - 3.144***

– (0.496) – (0.494)

Loss – - 0.188** – - 0.187**

– (0.077) – (0.077)

LnAnalysts – 0.146** – 0.144**

– (0.071) – (0.071)

Constant – - 5.870*** – - 5.710***

– (0.315) – (0.326)

Year and industry fixed effects Included Included Included Included

Pseudo R2 0.18 0.23 0.18 0.23

Observations 5959 5959 5959 5959

Marginal effect on explore/exploit 0.040** 0.048** - 0.031** - 0.030**

This table reports probit regression estimates of corporate innovation strategy and the likelihood of issuing
management earnings forecasts. The dependent variable is a dummy variable that equals 1 if management
issues at least one earnings forecast in a given year and 0 otherwise. Definitions of other variables are
provided in Appendix 1. Robust standard errors clustered by firm are displayed in parentheses. The marginal
effect on the main variable of interest (reported at the bottom of table) is calculated as the change in the
probability of issuing a forecast when the variable of interest changes from the first to the third quartile and
other variables are held at the corresponding means

***, **, and * denote significance at the 1, 5, and 10% levels, respectively
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Results on the control variables are largely consistent with prior findings. Large firms,

firms with higher institutional ownership and analyst coverage are more likely to issue

management forecasts. In contrast, loss firms, firms with more tangible assets, and firms

with higher return volatility are less likely to provide earnings guidance. Together, results

from Table 2 provide evidence for hypothesis H1 and suggest that exploration (exploita-

tion) intensity is associated with a higher (lower) likelihood of management forecast

issuance.

Next we explore how innovation strategy affects properties of management earnings

forecasts (i.e., hypothesis H2–H4), and the results are reported in Table 3. Because the

decision to issue management forecast is non-random, therefore we use Heckman (1979)’s

method to control for potential self-selection bias. In the first step, we predict the proba-

bility of issuing management forecast (as shown in Table 2) and obtain the inverse Mills

ratio (IMR). We need to identify a variable that predicts forecast issuance, but is not a

determinant of forecast optimism, accuracy and forecast precision (Larcker and Rusticus

2010). Prior research has shown that analyst following influences disclosure and the

decision to forecast (e.g., Lang and Lundholm 1996), but is not associated with forecast

accuracy (Ajinkya et al. 2005). Following Hribar and Yang (2016), we use analyst cov-

erage (LnAnalysts) as the variable that is included in the forecast issuance model, but not

included in the second stage models for forecast optimism, accuracy, and precision. IMR is

then included as an additional control variable to explain the variation in management

forecast properties.

In columns (1)–(3) of Table 3, the coefficient estimate on Explore is significantly

negative, suggesting that earnings forecasts issued by firms with higher exploration

intensity are less optimistic, less accurate and less precise. These results are consistent with

the conjecture that managers of exploration-oriented firms may strategically walk-down

market earnings expectations to avoid negative surprises and unwanted competition

because such strategic bias is less likely be detected by the market due to higher infor-

mation asymmetry. Moreover, these forecasts also exhibit higher error and lower precision

due to the uncertainty of exploratory innovation success and the associated future earnings

stream. Results on the control variables are largely consistent with prior studies. For

instance, more profitable firms tend to issue more accurate and precise forecasts, while

forecasts issued by loss firms and firms with higher return volatility are generally less

accurate and precise.

We find opposite results in columns (4)–(6) where the main variable of interest is

Exploit. That is, earnings forecasts issued by firms with higher exploitation intensity are

more optimistic, more accurate and more precise. It is also worth noting that in columns

(1)–(3) of Table 3, the IMRs are negatively loaded, suggesting that factors leading firms to

pursue exploration strategy lead firms to issue less optimistic, accurate and precise man-

agement forecasts. In contrast, in Columns (4)–(6), the IMRs are positively loaded

[although insignificant in column (6)], suggesting that factors leading firms to pursue

exploitation strategy lead firms to issue more optimistic, accurate and precise management

forecasts.

Taken together, results from Table 3 provide support for hypotheses H2, H3 and H4 that

there is a negative (positive) relationship between exploration (exploitation) intensity and

management forecast optimism, accuracy and precision.
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Table 3 Innovation strategy and management earnings forecast characteristics

Dep Var= Optimism Accuracy Precision Optimism Accuracy Precision
(1) (2) (3) (4) (5) (6)

Explore - 0.107** - 0.310** - 0.182* – – –

(0.045) (0.155) (0.101) – – –

Exploit – – – 0.115** 0.313* 0.240*

– – – (0.055) (0.162) (0.124)

Size - 0.009 0.202* - 0.005 - 0.041 0.155 0.019

(0.052) (0.120) (0.064) (0.045) (0.109) (0.057)

ROA - 0.189 6.296*** 1.848*** - 0.249 4.828*** 1.798**

(0.876) (1.399) (0.654) (0.783) (1.088) (0.728)

Leverage 0.452** - 0.261 - 0.051 0.483*** - 0.587 0.019

(0.203) (0.422) (0.225) (0.185) (0.366) (0.226)

Patent 0.019 - 0.104* 0.001 0.035* - 0.052 0.038

(0.026) (0.062) (0.026) (0.020) (0.046) (0.034)

PPEAssets 0.826** - 0.758 - 0.266 0.850** - 0.335 - 0.629

(0.420) (0.849) (0.402) (0.351) (0.806) (0.476)

Capex 2.034 - 0.469 1.624* 0.525 0.179 2.514**

(1.354) (3.797) (0.832) (0.106) (2.339) (1.167)

InstOwn 0.421 1.273* - 0.218 0.245 1.316* - 0.025

(0.297) (0.745) (0.354) (0.263) (0.726) (0.324)

HHI 0.029 - 0.524 - 0.484 0.047 - 0.570* - 0.024

(0.148) (0.384) (0.428) (0.136) (0.307) (0.124)

MTB - 0.029*** - 0.025 - 0.002 - 0.019** - 0.115 - 0.006

(0.010) (0.024) (0.007) (0.009) (0.018) (0.005)

ReturnVol 1.259 - 2.577 - 1.857** 1.412 - 1.998 - 0.661

(1.309) (2.793) (0.890) (1.384) (2.894) (1.579)

Loss 0.675*** - 1.406*** - 0.098 0.758*** - 1.297*** - 0.186**

(0.169) (0.403) (0.116) (1.647) (0.318) (0.092)

IMR - 0.919* - 2.034** - 0.383* 1.248** 2.661** 0.517

(0.493) (1.002) (0.227) (0.538) (1.239) (0.405)

Constant - 0.342 - 2.164 - 0.251 0.781 - 0.855 - 0.930

(1.488) (3.946) (0.227) (1.529) (3.925) (1.870)

Year and industry fixed
effects

Included Included Included Included Included Included

R2 0.18 0.22 0.14 0.17 0.25 0.19

Observations 2452 2452 1788 2452 2452 1788

This table reports the second stage estimates of Heckman (1979)’s regression of corporate innovation
strategy and the characteristics of management earnings forecasts—optimism, accuracy, and precision,
respectively. Definitions of other variables are provided in Appendix 1. Robust standard errors clustered by
firm are displayed in parentheses

***, **, and * denote significance at the 1, 5, and 10% levels, respectively
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5 Additional tests

5.1 Endogeneity: instrumental variable (IV) approach

A major concern of our baseline results is that omitted variables that affect both corporate

innovation strategy and disclosure practices drive our results. Furthermore, there is a

reverse causality concern that management disclosure practices may affect a firm’s choice

of innovation strategy. For example, it is possible that firms with more frequent forecasts

are under greater pressure to produce short-term performance and therefore choose an

exploitative-oriented innovation strategy that generates faster and more stable return.

We attempt to address the endogeneity issue and infer causality in two ways. The first

approach is the 2SLS analysis. We use instrumental variable (IV) that likely influences the

firm’s innovation orientation but is unlikely to be directly related to management disclo-

sure behavior. Our choice of instrumental variable, InventorMobility, is defined as the

difference between the natural logarithm of one plus the inflow of inventors and the natural

logarithm of one plus the outflow of inventors for a firm in a given year.

Since our focus is on innovation activities, we focus on the mobility of a firm’s R&D

workforce (i.e., inventors). We collect individual inventor data from the Harvard Business

School (HBS) patent and inventor database.7 This database provides a unique identifier for

each inventor so that we were able to track the mobility of individual inventors for a given

firm. Following Marx et al. (2009), we identify mobile inventors as changing employers if

he has ever filed two successive patent applications that are assigned to different firms. As

we need at least two patents to detect a move, inventors that have filed a single patent

throughout their career are excluded from our analysis. We assume that for a given firm, an

inventor’s move-in year is the year when he filed his first patent at this firm. An inventor’s

move-out year is when an inventor filed his first patent in a new firm. InventorMobility

captures the net inflow of new inventors. Based on prior studies, we expect a positive

(negative) relationship between InventorMobility and exploration (exploitation) intensity.

We do not, however, expect InventorMobility to directly affect the propensity and attri-

butes of management earnings forecasts.

Table 4 presents the regression estimates for the 2SLS analysis. In Panel A where the

main variable of interest is exploration intensity, the coefficients on the instrument In-

ventorMobility is significantly positive, which is consistent with our conjecture that

inventor mobility is positively associated with exploratory innovation activities. The

predicted value of InventorMobility from the first stage is then used in the second stage

[i.e., columns (2)–(5)] to examine the relationship between exploration intensity and

management forecast propensity and properties. The results are consistent with our

baseline findings. Specifically, the coefficient on Explore remains significantly positive in

column (2) where the dependent variable is the likelihood of issuing management fore-

casts. In contrast, the coefficient on Explore is significantly negative in columns (3)–(5),

suggesting that earnings forecasts issued by exploratory-oriented firms are less optimistic,

less accurate and less precise. Panel B of Table 4 reports the results where the main

variable of interest is exploitation intensity. We find opposite results. Specifically, In-

ventorMobility has a significantly negative relationship with Exploit. The coefficient on

Exploit remains significantly negative in column (2) where the dependent variable is the

likelihood of issuing management forecasts, and is significantly positive in columns (3)–

7 Available at http://dvn.iq.harvard.edu/dvn/dv/patent. See Lai et al. (2013) for details about this database.
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Table 4 Innovation strategy and management earnings forecast—2SLS analysis

Dep Var = First stage (for
Optimism)

Second stage

Explore Prob(Issue) Optimism Accuracy Precision
(1) (2) (3) (4) (5)

Panel A: Exploration intensity

Endogenous variable

Explore – 1.946** - 0.271** - 0.503** - 0.275*

– (0.940) (0.120) (0.253) (0.153)

Control variables

Size 0.036*** 0.128*** - 1.001 0.169 0.154***

(0.008) (0.039) (3.047) (0.563) (0.046)

ROA 0.167 0.575 - 0.048 3.509*** 1.680*

(0.147) (0.461) (0.904) (0.938) (1.030)

Leverage - 0.193*** 0.501* 0.591 0.873 0.103

(0.062) (0.264) (0.453) (1.292) (1.156)

Patent - 0.040*** 0.030 - 0.107 0.192 0.102

(0.008) (0.030) (0.326) (0.603) (0.342)

PPEAssets 0.137 - 1.429*** 1.846*** 0.920 0.527

(0.106) (0.524) (0.508) (1.621) (0.972)

Capex - 0.505 2.542* 0.153 2.440 1.121

(0.388) (1.405) (3.067) (2.945) (1.927)

InstOwn - 0.061 0.594*** 0.196 0.445** - 0.759

(0.060) (0.186) (0.547) (0.210) (1.397)

HHI 0.032 0.189 - 0.779 - 0.193 - 0.089

(0.037) (0.171) (1.053) (0.564) (0.549)

MTB 0.004** 0.002 - 0.048*** - 0.088 0.008

(0.002) (0.010) (0.012) (0.230) (0.016)

ReturnVol 0.391** - 2.998*** - 0.092 - 3.207*** - 3.320**

(0.183) (0.692) (2.284) (1.219) (1.334)

Loss 0.009 - 0.211* 0.371*** - 0.208 - 0.163*

(0.033) (0.115) (0.119) (0.219) (0.009)

LnAnalysts – 0.137* – – –

– (0.076) – – –

Instrumental variable

InventorMobility 0.027*** – – – –

(0.008) – – – –

Constant 0.529** - 1.384* 0.482 - 2.948* - 4.874**

(0.226) (0.756) (1.048) (1.736) (2.340)

Year and industry fixed
effects

Included Included Included Included Included

Observations 5037 5574 2067 2067 1403

Panel B: Exploitation intensity

Endogenous variable

Exploit – - 1.081* 0.204** 0.379* 0.212

– (0.584) (0.100) (0.223) (0.174)
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Table 4 continued

Dep Var = First stage (for
Optimism)

Second stage

Explore Prob(Issue) Optimism Accuracy Precision
(1) (2) (3) (4) (5)

Control variables

Size - 0.030*** 0.020 0.605 0.129 0.101**

(0.007) (0.138) (1.194) (0.746) (0.050)

ROA - 0.099 0.621 1.548 2.645** 1.646

(0.124) (0.697) (4.523) (1.350) (1.730)

Leverage 0.111** 0.793* 0.598 - 0.219 0.010

(0.051) (0.457) (0.458) (0.846) (1.179)

Patent 0.029*** 0.183 - 0.593 0.163 0.131

(0.007) (0.144) (1.179) (0.746) (0.307)

PPEAssets - 0.200*** - 2.331* 2.692*** 1.363 0.500

(0.072) (1.365) (0.750) (1.928) (0.833)

Capex 0.465* 4.599 0.424 1.867 2.254

(0.273) (3.271) (1.158) (3.657) (2.343)

InstOwn 0.106** 1.211** 0.184 0.608*** - 1.502

(0.044) (0.579) (0.422) (0.204) (1.795)

HHI - 0.049 - 0.111 1.082 - 0.152 - 0.045

(0.032) (0.361) (1.901) (0.364) (0.353)

MTB - 0.002 00.005 - 0.022** - 0.041 - 0.009

(0.002) (0.013) (0.011) (0.150) (0.032)

ReturnVol - 0.190 - 3.089*** - 0.053 - 4.813*** - 2.471*

(0.137) (1.071) (1.947) (1.522) (1.462)

Loss - 0.033 - 0.280 1.304*** - 0.282 - 0.355

(0.026) (0.197) (0.404) (0.277) (0.124)

LnAnalysts – 0.079 – – –

– (0.101) – – –

Instrumental variable

InventorMobility - 0.022*** – – – –

(0.007) – – – –

Constant 0.472** - 0.746 1.846* - 0.947 0.483

(0.202) (1.380) (1.099) (1.038) (0.577)

Year and industry fixed
effects

Included Included Included Included Included

Observations 5037 5574 2067 2067 1403

This table reports 2SLS regressions of the propensity and characteristics of management earnings forecast
on corporate innovation strategy. The instrument, InventorMobility, is the difference between the natural
logarithm of one plus the inflow and the natural logarithm of one plus the outflow of inventors in a given
year. All dependent and control variables are defined in Appendix 1. Year and industry fixed effects are
included. Robust standard errors clustered by firm are displayed in parentheses

***, **, and * denote significance at the 1, 5, and 10 percent levels, respectively
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(5), which suggests that earnings forecasts issued by exploitative-oriented firms are more

optimistic, accurate and precise.

As an alternative way to address endogeneity and establish causality, we examine

whether changes in a firm’s exploration and exploitation intensity are associated with

corresponding changes in the propensity and properties of management earnings forecasts.

Given the long-term nature of innovation activity, it is plausible that exploration and

exploitation intensity exhibits certain stickiness, that is, exploration and exploitation

intensity in the current year is correlated with the intensity in previous years. Therefore we

calculate changes based on a 4-year window and the regression results are reported in

Table 5.8 To alleviate the simultaneity concern, we lag changes in exploration or

exploitation intensity by 1 year. We find supportive evidence that an increase in explo-

ration intensity is associated with a corresponding increase in forecast propensity and a

decrease in the level of forecast optimism and accuracy. In contrast, an increase in

exploitation intensity is associated with a corresponding decrease in forecast propensity

Table 5 Changes in exploration and exploitation intensity, and corresponding changes in management
earnings forecast propensity and characteristics

Dep Var= DProb(Issue) DOptimism DAccuracy DPrecision
(1) (4) (5) (5)

Panel A: Changes in exploration intensity

DExplore_Lag 0.127* - 0.173* - 0.366** - 0.033

(0.077) (0.077) (0.187) (0.064)

Constant - 5.147*** 0.050 - 0.123** - 0.089***

(0.222) (0.081) (0.058) (0.033)

Control Variables Included Included Included Included

Year and industry fixed effects Included Included Included Included

Pseudo R2/R2 0.03 0.15 0.15 0.17

Observations 4627 1754 1736 1116

Panel B: Changes in exploitation intensity

DExploit_Lag 0.208* 0.174 0.410* 0.033

(0.117) (0.314) (0.230) (0.101)

Constant - 5.122*** 0.047 - 0.121** - 0.086***

(0.219) (0.082) (0.059) (0.033)

Control variables Included Included Included Included

Year and industry fixed effects Included Included Included Included

Pseudo R2/R2 0.03 0.16 0.15 0.17

Observations 4627 1754 1736 1116

This table reports regression estimates of changes in company’s exploration and exploitation intensity, and
corresponding changes in the propensity and characteristics of management forecasts. Changes in man-
agement earnings forecast propensity and characteristics are calculated over a 4-year window. Changes in
exploration and exploitation intensityDExplore_Lag andDExploit_Lag are also calculated over a 4-year
window, although lagged by 1 year. Definitions of other variables are provided in Appendix 1. Robust
standard errors clustered by firm are displayed in parentheses

***, **, and * denote significance at the 1, 5, and 10% levels, respectively

8 As a robustness check, we also used a 3-year window and a 5-year window. Results remain qualitatively
unchanged.
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and an increase in the level of forecast accuracy. Together, these findings provide addi-

tional support to our baseline findings and suggest that a causal relationship is at least

partially in effect.

5.2 Disclosure of innovation-related information

In this section we offer one plausible explanation for the higher likelihood of earnings

forecasts issued by exploratory firms. We posit that managers of exploratory firms may

issue more earnings forecasts to satisfy the information needs of capital market participants

in order to avoid disclosing proprietary information about their innovation activities (such

as major milestone of R&D, details of pipeline projects or new products under develop-

ment, turnover of key scientists and details of research teams). In a highly competitive

environment, innovative firms would safeguard their projects from their established rivals

and operate in a secretive manner to ensure profitability of the projects (e.g., Hall 2002).

Proprietary information about their innovation activities (such as R&D expenditures or key

project milestones) is more specific and valuable to competitors than innovation infor-

mation contained in earnings forecasts (i.e., managerial forecasts of the contribution of

undergoing innovation projects to firm value).

We examine whether firms with higher exploratory intensity (higher exploitative

intensity) are associated with lower (higher) likelihood of disclosing proprietary infor-

mation about their innovation activities. In particular, we examine the disclosure of R&D

expenditures and non-financial, qualitative disclosure of innovation activities, respectively.

R&D is a commonly used measure of innovation and technological progress in the firm

(Lerner and Wulf 2007). It captures innovation input, including the wages of R&D staff

and other related capital outlay. R&D disclosure decision is discretionary and the notion of

what outlays are considered R&D can be difficult to assess (Horwitz and Kolodny 1980).

Koh and Reeb (2015) show that a substantial portion of innovative firms (i.e., those who

own patents) do not report R&D expenditures in their financial statements. They found that

non-reporting R&D firms file more patents and more influential patents than firms that

report zero R&D. Moreover, Pseudo-Blank R&D firms, relative to positive R&D firms,

obtain individual patents with broader contributions, greater citation breadth, and lengthier

competitor discovery periods despite having fewer patents. A plausible interpretation of

blank R&D values, commonly accepted in the management literature, is that it represents a

firm’s conscious decision to conceal positive R&D due to strategic reasons (e.g., McVay

2006).

Based upon this line of research, we test whether firms with higher (lower) intensity of

exploratory (exploitative) innovation are less (more) likely to report R&D expenditures in

their financial statements. Results from the 2SLS analysis are presented in Table 6. In the

first stage our instrumental variable is still InventorMobility. The dependent variable R&D

Disclosure is a dummy variable that equals one if a firm reports non-missing R&D

expenditures in a given year, and zero otherwise.9 In column (1), coefficient on the key

variable of interest Explore is significantly negative. The marginal effect is 0.550,

9 Some firms nay not report R&D expenses because they do not investment in R&D. To ensure our findings
are not sensitive to this issue, we refined the R&D dataset by removing observations that have missing R&D
in year t and do not have any patents in the next 3 years (year t ? 1, t ? 2, and t ? 3). Although this
approach may not perfectly identify firms that truly have no R&D in year t and therefore didn’t report it
(appear as missing in Compustat), nevertheless this approach is one reasonable strategy to identify such
firms. The underlying idea is that R&D investment made in a year is expected to generate some outcome in
the next 3 years.
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suggesting that increasing exploration intensity from the first to the third quartile decreases

the probability of disclosing R&D expenditures by 5.5%. In contrast, in column (2),

coefficient on Exploit is significantly positive. The marginal effect is 0.793, suggesting that

increasing exploitation intensity from the first to the third quartile increases the probability

of disclosing R&D expenditures by 7.93%.

Among control variables, larger firms, firms with more tangible assets and higher

market-to-book value are more inclined to report R&D. Consistent with Koh and Reeb

(2015), we also find that firms who own more patents are less likely to disclose R&D

Table 6 Innovation strategy and
disclosure of R&D expenditure—
2SLS analysis

This table reports the second-
stage results of 2SLS estimates of
corporate innovation strategy and
the likelihood of disclosing R&D
expenditures. Dependent variable
is a dummy variable that equals 1
if the firm reports R&D
expenditures in the financial
statement in a given year and 0
otherwise. Definitions of other
variables are provided in
Appendix 1. The marginal effect
on the main variable of interest
(reported at the bottom of table)
is calculated as the change in the
probability of issuing a forecast
when the variable of interest
changes from the first to the third
quartile and other variables are
held at the corresponding means.
Robust standard errors clustered
by firm are displayed in
parentheses

***, **, and * denote
significance at the 1, 5, and 10%
levels, respectively

Dep Var= 2SLS—Second stage
Prob(R&D Disclosure) = 1

(1) (2)

Explore - 0.878** –

(0.365) –

Exploit – 2.061*

– (1.260)

Size 0.283*** 0.482**

(0.085) (0.229)

ROA 1.354 0.906

(0.902) (1.229)

Leverage - 0.462 - 1.093

(0.575) (1.169)

Patent - 0.406*** - 0.652***

(0.067) (0.232)

PPEAssets 3.643*** 5.347**

(1.176) (2.724)

Capex - 0.052 - 9.148

(1.093) (6.755)

InstOwn - 0.488 - 1.850

(0.354) (1.140)

HHI 0.627** 1.253**

(0.300) (0.553)

MTB 0.047*** 0.035

(0.018) (0.025)

ReturnVol - 2.605* - 2.096

(1.383) (2.057)

Loss - 0.252 - 0.288

(0.251) (0.350)

Constant 4.657* - 4.371**

(2.610) (2.239)

Year and industry fixed effects Included Included

Pseudo R2 0.34 0.33

Observations 5574 5574

Marginal effect on explore/exploit 0.550** 0.793*
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expenditure. Firms with higher return volatility are also less likely to disclose R&D

information.

A growing body of research has emphasized the importance of value-relevant, non-

financial information (e.g., Amir and Lev 1996; Barth et al. 1999). Knowledge-intensive

firms can disclose additional, qualitative information about their innovation activities via

media news. Compared to annual reports, news media allows companies to disseminate

information in a more timely manner. We are interested in how corporate innovation

strategy affects non-financial disclosure of innovation activities. To operationalize the

inquiry, we search the LexisNexis News Wires for disclosure of innovation activities made

by our sample firms. Following Gu and Li (2003), we classify the disclosure into three

categories: (1) Type I: Information about progress of innovation (e.g., major milestone of

R&D; details of pipeline projects or new products under development; details of research

teams; implementation, continuation, or termination of R&D projects; financing for R&D

projects; and whether R&D projects are on schedule); (2) Type II: Information about

completion/commercialization of innovation (e.g., new product launch; licensing and

royalty; transfer or sale of technology); and (3) Type III: Information about strategy of

innovation (e.g., goal, objective, or plan of innovation; relation with current innovation,

time frame; acquisition of other firms for new technology or other innovation capabilities).

Table 7 Panel A presents the distribution of disclosure per firm-year by disclosure type.

There appears to be more disclosure about progress of innovation, followed by comple-

tion/commercialization of innovation, and information about strategy of innovation,

respectively.

In Panel B, we examine the impact of corporate innovation strategy on different types of

innovation disclosure. We include the same set of control variables as in the baseline

regressions but their coefficients are suppressed for brevity. Coefficient estimate on Ex-

plore is significantly negative in column (1) and (3) where the dependent variable is the

probability of disclosure about the progress of innovation and the strategy of innovation,

respectively. Interestingly, no significant relation is found between Explore and disclosure

about completion/commercialization of innovation. Taken together, these results suggest

that exploration-oriented firms are less willing to disclose detailed information about their

innovation activities, especially regarding innovation that is still work-in-progress as well

as regarding firm’s future innovation plans. But for completed and commercialized

exploratory innovation, there is less need to keep it confidential, so exploratory firms do

not strategically refrain from disclosing such information. Finally, in column (4) we

consider a composite disclosure measure that equals 1 if a firm provides any one of the

three types of disclosure in a given year. We again find a significantly negative coefficient

on Explore, suggesting that overall, exploration-oriented firms tend to disclose less about

their innovation activities in order to protect their proprietary know-how and to preserve

competitive gains. We find largely opposite results when using exploitation as the inde-

pendent variable. In particular, coefficient estimate on Exploit is significantly positive in

column (1) and (4) where the dependent variable is the probability of disclosure about the

progress of innovation and the composite disclosure measure, respectively.

Several prior studies (e.g., Guo and Zhou 2016; Gu and Wang 2005) find that capital

market participants tend to incorporate patent information (i.e., a type of valuable non-

financial information) in their investment decisions. However, different types of investors

may exhibit differential ability in understanding the value of patents and their potential

contribution to firm’s future economic performance. Specifically, we conjecture that

between institutional investors and retail investors, the former are expert investors, so they

possess superior abilities than retail investors in understanding the value of patents. As
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such, they are more likely to (successfully) demand the disclosure of such information. To

test this idea, we consider the moderating role of institutional ownership on the relationship

between innovation strategy and disclosure of innovation-related information.10 As

reported in Panel C of Table 7, we find largely supportive evidence that while exploration

intensity is negatively associated with the disclosure of innovation information, such

relationship is mitigated for firms with significant institutional ownership. In contrast,

while exploitation intensity is positively associated with the disclosure of innovation

information, such relationship is more pronounced for firms with significant institutional

ownership.

5.3 Why do exploratory firms issue more conservative earnings forecasts?

Our main analysis shows that firms with higher exploration intensity tend to issue more

‘‘conservative’’ (i.e., pessimistically biased) management earnings forecasts than firms

with higher exploitation intensity. In this section, we attempt to provide one plausible

explanation. The management forecast literature suggests that managers prefer to avoid

negative earnings surprises because such surprises generally lead to negative price revi-

sions. Skinner and Sloan (2002) document that the absolute magnitude of the price

response to negative surprises significantly exceeds the price response to positive surprises.

We conjecture that due to the highly uncertain nature and high failure rate of

exploratory innovation, the probability that exploratory firms incur unsatisfactory earnings

performance is high. Moreover, because investors face higher information gap with

exploratory firms, they rely more heavily on management provided guidance in making

investment decision. So if managers of exploratory firms issue overly-optimistic forecasts

to hype up investors’ expectation and later miss their forecasts, they may lose credibility

and investors may be disappointed more and respond with a greater decline in stock price,

which is undesirable for the firm. So managers of exploratory firms may prefer more

conservative forecasts to guide down investors’ expectation in order to avoid large dis-

appointment and stock price decline.

To test this conjecture, we examine market reaction to management forecast error and

the interaction effect with exploration and exploitation intensity, respectively. Specifically,

we choose the last management earnings forecast prior to the annual earnings announce-

ment and calculate management forecast error as (MgmtFoecastEPS-Actual EPS)/Price,

where ActualEPS is the actual earnings per share (EPS) for the year. MgmtForecastEPS is

the last management earnings forecast issued prior the earnings announcement date. Price

is the stock price at the end of the day prior to the management forecast. Since we are

interested in market reaction to disappointing news, we focus on a subsample of positive

management forecast error, i.e., BadNews.

The results are reported in Table 8. The dependent variable CAR is cumulative

abnormal returns in the (- 1, ? 1) window around the actual earnings announcement. The

daily abnormal return is calculated as the firm’s return on day t minus the daily return of a

benchmark portfolio with the same size decile as the firm. We find that larger BadNews is

associated with a greater stock price decline (as evidenced by a significantly positive

10 A number of prior studies have used institutional ownership to capture different types of investors. For
example, Nofsinger and Sias (1999) use institutional ownership to partition shareholders into institutional
and individual investors and examine herding and feedback trading of these two types of investors. Yan and
Zhang (2009) use institutional ownership to examine the relation between institutions’ investment horizons
and their informational roles in the stock market. Aghion et al. (2013) utilize institutional ownership to
examine the role of institutional investors on corporate innovation performance.
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coefficient on BadNews). Interestingly, coefficient on the interaction term

BadNews 9 Exploration is significantly positive while the coefficient on the interaction

term BadNews 9 Exploitation is significantly negative. These results provide support for

our conjecture that investors react more negatively to the bad news of exploratory firms

than to those of exploitative firms. This finding provides one potential explanation as to

why managers of exploratory firms tend to issue more ‘‘conservative’’ earnings forecasts.

5.4 Innovation strategy and corporate information environment

Our findings so far suggest that exploratory-oriented firms are more willing to provide

earnings forecasts, but they are reluctant to disclose information about their innovation

Table 8 Innovation strategy and market reaction to management forecast error

Dep Var= CAR

(1) (2)

BadNews 0.207*** 0.193***

(0.049) (0.036)

BadNews 9 Exploration 0.035** –

(0.015) –

Exploration 0.002 –

(0.009) –

BadNews 9 Exploitation – - 0.029*

– (0.017)

Exploitation – - 0.004

– (0.012)

Horizon - 0.001** - 0.001**

(0.000) (0.000)

Size - 0.001 - 0.002

(0.002) (0.002)

LnAnalysts - 0.008*** - 0.008***

(0.003) (0.003)

Volume 0.005* 0.004

(0.003) (0.003)

Constant - 0.043** - 0.049**

(0.020) (0.021)

Industry and year fixed effects Included Included

R2 0.08 0.07

Observations 1385 1385

This table reports regression estimates of stock market reaction to management forecast error and the
interaction effect with corporate innovation strategy. The dependent variable CAR is cumulative abnormal
returns in the (- 1, ? 1) window around the actual earnings announcement. The daily abnormal return is
calculated as the firm’s return on day t minus the daily return of a benchmark portfolio with the same size
decile as the firm. Management forecast error is calculated as (MgmtFoecastEPS-Actual EPS)/Price, where
the positive value of management forecast error means BadNews. Price is the stock price at the end of the
day prior to the management forecast. Robust standard errors clustered by firm are displayed in parentheses

***, **, and * denote significance at the 1, 5, and 10% levels, respectively
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activities. Given these two opposing disclosure practices, in this section we examine the

net impact of innovation strategy on the firm’s overall information environment. Specifi-

cally, we examine the accuracy of analyst forecasts and the dispersion among them.

Analyst dispersion reflects the complexity in understanding a firm’s ability to generate

future cash flows (Datta et al. 2011; Chen and Huang 2013) and is often viewed as an

indicator of information uncertainty, which potentially stems from either the uncertainty

about a firm’s future performance or from a poor information environment (e.g., Barron

and Stuerke 1998; Zhang 2006).

Prior studies show that financial analysts incorporate management earnings forecasts in

their forecasts. Waymire (1986) finds that management forecasts are more accurate than

contemporaneous analyst forecasts, and analyst earnings forecast accuracy improves after

management forecasts are released. Cotter et al. (2006) show analysts react quickly to

management guidance. Williams (1996) shows that analysts’ response to management

forecasts depends on the usefulness of managers’ prior forecasts. Barth et al. (2001) find

that analysts also use other value-relevant information as inputs in their forecasts.

Table 9 reports the second stage estimates of 2SLS regression analyses. The dependent

variable in column (1) is analyst forecast error AnalystForecastError, defined as the

12-month average of the absolute values of analyst forecast error, calculated as actual

earnings minus median forecast for the firm, deflated by stock price at the end of the

previous fiscal year. We multiply forecast error by 100 for expositional purposes. We also

control for a vector of firm characteristics that potential affect analyst forecast accuracy. As

shown, the coefficient estimate on Explore is significantly positive, suggesting that

exploratory firms overall suffer from more severe information asymmetry problem that

results in higher analyst forecast error. In column (2) we examine analyst forecast dis-

persion AnalystForecastDispersion, which is defined as defined as the 12-month average of

standard deviation of analyst forecasts for the firm, scaled by the stock price at the end of

the previous fiscal year. We again multiply forecast dispersion by 100 for expositional

purposes. The coefficient estimate on Explore is also significantly positive, suggesting that

exploratory firms are associated with higher analyst forecast dispersion. We find opposite

results in columns (3) and (4) where the main variable of interest is exploitation intensity.11

5.5 Alternative measures of innovation intensity

In the main analyses, we measure a firm’s exploratory innovation intensity by the number

of exploratory patents filed in a given year divided by the number of all patents filed by the

firm in the same year. To ensure the robustness of our findings, we use two alternative

measures of exploration intensity. The first one is SearchDistance, which is calculated as

the technological search distance between a firm’s new patents and its patent portfolio.

11 Barron et al. (2002) suggest an alternative explanation to the results reported in Table 9. They
hypothesize that analysts’ earnings forecasts for firms with a higher composition of intangibles contain
higher proportions of private (or idiosyncratic) information relative to common information. Such effect
reflects the disagreement arising from analysts placing greater reliance on their own idiosyncratic knowledge
and skill relative to the common information they infer from sources such as current earnings. Their
empirical results reveal that analyst consensus is negatively related to the degree to which a firm is
comprised of intangibles, indicating that forecasts of earnings for high-intangible firms contain a higher
proportion of private information. We find that exploratory firms’ earnings forecasts are less informative and
such firms are less likely to disclose innovation-related information, so there is less ‘‘common information’’
available to and shared by analysts (Footnote 1 of Barron et al. 2002). As a result, we find a positive
relationship between exploration intensity and analyst forecast dispersion (and error). This also reflects a
poorer overall information environment for exploratory firms.
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Following Chao et al. (2012) and Custódio et al. (2015), we take the current distribution of

the number of a firm’s patents across two digit technological classes and then measure the

degree of difference between this distribution and the analogous distribution calculated for

new patents and adjusted for the expected degree of knowledge spillovers between patent

classes (i.e., adjusted for the ‘‘closeness’’ of patent classes). A higher TechDistance

indicates a higher degree of innovation complexity and novelty, and which is more

exploratory in nature. We repeat the baseline analyses using TechDistance as the proxy for

exploration intensity. Results (untabulated for brevity) are consistent with the baseline

findings. In particular, TechDistance is positively associated with the propensity of issuing

management earnings forecasts, but is negatively associated with forecast optimism,

accuracy and precision.

The second alternative proxy is the similar to our main measures of exploratory and

exploitative intensity but using 80% as the threshold (as opposed to 60%). Our findings

remain robust.

6 Concluding remarks

In this paper, we examine the impact of a firm’s innovation strategy on its disclosure

policy. Using a sample of innovation-intensive U.S. firms from 1992 to 2012, we find that

firms with an exploration-oriented innovation strategy are more likely to provide man-

agement earnings forecasts. These forecasts are generally less optimistic, less accurate and

precise. We find opposite results for exploitation-oriented innovation strategy.

To alleviate the endogeneity concern and to establish causality, we conduct the 2SLS

analysis that uses the net inflow of R&D staff each year as an instrument. Results are

consistent with the baseline findings. We also examine changes in the innovation intensity

and how they are associated with corresponding changes in management earnings forecast

behavior. We find that an increase in exploration (exploitation) intensity is associated with

an increase (decrease) in the likelihood of issuing management earnings forecasts, but a

corresponding decrease (increase) in the optimism, accuracy, and precision of these

forecasts. These findings alleviate the endogeneity concern and provide support that our

baseline results appear causal.

We also examine how corporate innovation strategy affects management disclosure

practices related to innovation activities. We find that exploration-oriented firms are less

willing to report R&D expenditures in their financial statements and are less inclined to

provide additional non-financial information about their innovation activities, especially

information regarding innovation that is still work-in-progress as well as regarding firm’s

future innovation plans. However, such effect is mitigated when the firm has a large

institutional ownership. We also find that market reacts more negatively to positive

management forecast error (bad news) of exploratory firms, which provides a plausible

explanation for why mangers of exploratory firms issue more conservative forecasts.

Finally, we find that overall, exploration-oriented firms have a more opaque information

environment than exploitation-oriented firms as manifested in higher analyst earnings

forecast error and forecast dispersion.

Our study sheds new light on the determinants of corporate disclosure policy. Findings

of this study suggest that knowledge-intensive firms appear to incorporate innovation

strategy in developing their disclosure policy. Exploratory firms are more willing to pro-

vide forward-looking earnings estimates but tend to avoid disclosing detailed information
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about their innovation activities in order to guard their proprietary know-how and to

preserve competitive gains. Findings of this paper also provide evidence on the disclosure

consequences of corporate innovation strategy and enable knowledge-intensive firms to

more fully understand the trade-offs they may face when attempting to develop compet-

itive edge based on different types of innovation.
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Appendix 1

See Table 10.

Table 10 Variable definition

Variable Definition

Measures of management earnings forecasts

Accuracy Absolute value of the difference between the management forecasted EPS
minus the actual EPS, divided by the stock price 2 days prior to the
management forecast release date. Accuracy is multiplied by - 100 to
transform it in an increasing-in-accuracy measure

Issue A dummy variable that equals one if the firm issues at least one management
earnings forecast during the year, and zero otherwise

Optimism Difference between the management forecasted earnings per share (EPS)
minus the actual EPS, divided by the stock price 2 days prior to the
management forecast release date; Optimism is multiplied by 100

Precision Difference between the upper and lower bound of the range forecast, divided
by the stock price 2 days prior to the management forecast release date;
Precision is multiplied by - 100 to transform it in an increasing-in-
precision measure

Measures of innovation strategy

Explore Number of exploratory patents filed in a given year divided by the number of
all patents filed by the firm in the same year; a patent is classified as
exploratory if at least 60% of its citations are based on new knowledge

Exploit Number of exploitative patents filed in a given year divided by the number
of all patents filed by the firm in the same year; a patent is classified as
exploitive if at least 60% of its citations are based on current knowledge

Measures of control variables used in baseline regressions

AnalystForecastError Analyst forecast error, defined as the 12-month average of the absolute
values of analyst forecast error, calculated as actual earnings minus
median forecast for firm, deflated by stock price at the end of the previous
fiscal year. We multiply forecast error by 100 for expositional purposes

AnalystForecastDispersion Analyst forecast dispersion, defined as the 12-month average of standard
deviation of analyst forecasts for firm scaled by the stock price at the end
of the previous fiscal year. We multiply forecast dispersion by 100 for
expositional purposes
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Table 10 continued

Variable Definition

BadNews Management forecast error is calculated as (MgmtFoecastEPS-Actual EPS)/
Price, where the positive value of management forecast error means
BadNews, that is, the firm’s actual performance is below manager’s
expectation. Price is the stock price at the end of the day prior to the
management forecast

Capex Capital expenditure scaled by book value of total assets measured at the end
of fiscal year

CAR Cumulative abnormal returns in the (- 1, ? 1) window around the actual
earnings announcement. The daily abnormal return is calculated as the
firm’s return on day t minus the daily return of a benchmark portfolio with
the same size decile as the firm

HHI Herfindahl index of 4-digit SIC industry where the firm belongs, measured at
the end of fiscal year

Horizon Number of calendar days between the management forecast issuance date
and the subsequent earnings announcement date

InstOwn The institutional holdings (%) for firm i over fiscal year t, calculated as the
arithmetic mean of the four quarterly institutional holdings reported
through form 13F

InstOwn_High A dummy variable that equals 1 if institutional ownership is above the
sample median, and 0 otherwise

InventorMobility Difference between the natural logarithm of one plus the inflow and the
natural logarithm of one plus the outflow of inventors in a given year

Leverage Leverage ratio, defined as book value of debt divided by book value of total
assets measured at the end of fiscal year

LnAnalysts Natural logarithm of one plus the number of analysts following the firm in a
given year

Loss A dummy variable that equals one if the firm’s net income is negative, and
zero otherwise

MTB Market-to-book ratio during fiscal year, calculated as [market value of equity
plus book value of assets minus book value of equity minus balance sheet
deferred taxes (set to 0 if missing)] divided by book value of assets

Patent Natural logarithm of one plus a firm’s total number of patents granted in a
given year;

PPEAssets Net property, plant & equipment divided by book value of total assets
measured at the end of fiscal year

R&D Disclosure A dummy variable that equals 1 if the firm reports R&D expenditures in the
financial statement in a given year and 0 otherwise

ReturnVol Stock return volatility, calculated with monthly stock return data over the
firm’s fiscal year

ROA Return on assets ratio, defined as operating income before depreciation
divided by book value of total assets, measured at the end of fiscal year

Size Firm size, defined as the natural logarithm of assets measured at the end of
fiscal year

Volume Natural logarithm of monthly trading volume
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