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Abstract 

Time is a fundamental resource for innovation, yet its influence on innovation is often overlooked. 

While shorter working hours may constrain the time available for innovative activities, they can also 

foster innovation by improving employees’ work-life balance and recovery. Exploiting the 2018 

Korean Working Hours Reform—which capped weekly working hours at 52—as an exogenous shock 

to working hours, we examine how limiting working hours affects firms’ innovation outcomes. We find 

that the quantity of innovation either increased or remained stable, as indicated by the rise in patent 

applications and the steady number of granted patents following the reform. However, there is a 

significant increase in rejected patent applications, along with decreases in both patent citations and 

the number of patents ever cited, suggesting a decline in innovation quality. Moreover, this effect is 

more pronounced in firms that undertake significant R&D investments. In addition, treated firms 

experience declines in both abnormal stock returns and the economic value of their patents, indicating 

that capital markets likewise perceive a deterioration in the economic value of innovation. Our findings 

broaden our understanding of how working hours, a key aspect of the work environment, affect both 

the quantity and the quality of innovation, and suggest that the strategic management of working time 

plays a crucial role in sustaining firms’ innovation performance and long-term competitive advantage. 
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“In innovation, as in any other endeavor, there is talent, there is ingenuity, and there is knowledge. But 

when all is said and done, what innovation requires is hard, focused, purposeful work. If diligence, 

persistence, and commitment are lacking, talent, ingenuity, and knowledge are of no avail.”                       

- Peter F. Drucker, “The Discipline of Innovation,” Harvard Business Review (1985) 

1 Introduction 

In the rapidly evolving landscape of the global economy, corporate innovation is recognized as a 

key driver of economic growth and organizational development (Aghion and Howitt, 2006; Grossman 

and Helpman, 1990). Innovation does not, however, occur overnight; it requires continuous effort and 

repeated trials, necessitating substantial time devoted to innovation-related activities (Amabile, 1988; 

Amabile et al., 2002). Given this, how work time is managed can significantly influence innovation 

outcomes. Notably, to the best of our knowledge, the importance of managing working time for 

innovation has been largely overlooked, and no prior research has provided causal evidence of the 

impact of working hours—one of the key aspects of the work environment—on innovation. 

Furthermore, prior studies on the effects of time pressure on work performance offer inconclusive 

findings. Some studies suggest that time pressure, whether perceived subjectively or imposed via 

deadlines, enhances the quantitative operating performance of organizations, but its impact on the 

quality or creativity of performance is more varied. Some research indicates positive effects of time 

pressure on creativity (Andrews and Farris, 1972; Kelly and Karau, 1999; Rostmai et al., 2019), other 

studies observe negative impacts (Amabile et al., 2002; Andrews and Smith, 1996; Kelly and McGrath, 

1985), and yet others show no (Bassett, 1979) or non-linear effects (Zhang et al., 2023). Meanwhile, 

some studies suggest that providing employees with a healthy work–life balance or additional leisure 

time is beneficial for fostering innovative outcomes (Agrawal et al., 2018; Hambrick and Snow, 1977; 

Moses, 1992; Thompson, 1967). 

Given this background, we examine the effects of limiting working hours on innovation. We ask 

several key questions: Does limiting working hours have positive or negative effects on corporate 

innovation? How do reduced working hours affect the quantity and quality of innovation differently, 

and how do these effects vary among firms with differing levels of R&D spending? These questions 

have important implications for corporate managers because, when working-hours limits become 

binding, managers have to balance efforts to curb excessive hours and support employees’ work-life 

balance against the need to maintain the innovative capabilities that underpin firms’ long-run survival 

and competitiveness. 
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Prior literature highlights two significant trade-offs of limiting working hours: it may stifle 

innovation by restricting the time available for innovation-related activities, yet it could also promote 

innovation by enhancing employees’ work–life balance. According to the componential theory of 

creativity (Amabile, 2011; Wallas, 1926), creative outcomes such as innovation require sufficient time 

for creative thinking and novel solutions often emerge from exploring unfamiliar territory (Newell et 

al., 1962; Campbell, 1960; Simonton, 1999). Reducing working hours can therefore constrain the time 

available for these creative cognitive processes, limiting the depth of exploration and experimentation 

that underpin high-quality innovation. Time pressure resulting from shorter working hours may cause 

individuals to become “hypervigilant”—a state of excessive alertness that narrows attention and 

discourages flexible, integrative thinking (Janis, 1982). When workers face tighter time constraints, 

they often shift their focus toward simple or familiar tasks that can be completed within shorter 

timeframes (Andrews and Farris, 1972; Kelly and Karau, 1993, 1999). Such behavioral shifts may 

increase the quantity of outputs but reduce novelty and originality, as the cognitive space for 

experimentation and reflection becomes compressed (Amabile et al., 2002). 

At the same time, other studies suggest a countervailing mechanism: reducing excessive working 

hours can improve recovery and intrinsic motivation, fostering a more balanced lifestyle for employees 

and an atmosphere conducive to innovation. Shorter working hours allow employees to rest and 

replenish depleted cognitive resources, reducing fatigue and enabling faster and more focused task 

execution (Ahn, 2016; Kivimäki et al., 2015; Virtanen et al., 2012). Improved work–life balance and 

greater freedom for employees can also enhance creative productivity and intrinsic motivation 

(Agrawal et al., 2018; Angelici and Profeta, 2024; Bloom et al., 2015; Choudhury et al., 2021; Dutcher, 

2012; Kelly et al., 2014; Schieman et al., 2009). In this sense, limiting working hours does not 

necessarily hamper innovation; instead, under certain conditions, it can promote work-life balance, 

prevent burnout, and even enhance innovation performance.  

Taken together, the net effect of limiting working hours on innovation is a priori ambiguous. 

Ultimately, the relative strength of these opposing forces determines heterogeneous effects on the 

quantity and quality of innovation. These perspectives motivate our three alternative hypotheses, 

which capture the potential scenarios of how firms’ innovation activities may evolve under working-

hour constraints. When time compression dominates, firms may experience simultaneous declines in 

both innovation quantity and quality (constraint-trap scenario). When firms adapt by emphasizing 

short-cycle, incremental projects that fit tighter schedules, the quantity of innovation may increase 

while its novelty and impact diminish (speed-over-depth scenario). Conversely, when recovery and 
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motivational benefits prevail, firms may channel restored creative energy into fewer but more original 

and higher-quality innovations (creative-rebound scenario). 

To test the effects of a limit on working hours on innovation empirically, we exploit the quasi-

natural experiment created by the 2018 working-hours reform in Korea, which reduced maximum 

weekly work time from 68 to 52 hours.1 The law was implemented on July 1, 2018, for businesses 

carrying at least 300 employees. Using this quasi-natural setting and employing a difference-in-

differences (DID) approach, we identify the causal impact of reduced working hours on corporate 

innovation. In particular, our DID estimation compares changes in innovation performance between 

firms affected by the legislation—that is, firms with at least 300 employees—and those that are not, 

before and after the reform. 

To develop proxies that are suitable for measuring innovation performance, we use the patent 

database provided by the Korean Intellectual Property Office (KIPO). A unique feature of the database 

is that patent application information is available. Specifically, not only granted patents but also patents 

that were applied for and eventually denied are recorded. Therefore, we utilize both patent grants and 

rejected patents to measure innovation. While both act as quantitative measures of innovation, rejected 

patents are seen as indicative of low-quality innovation outcomes. In this regard, patent grants 

incorporate a somewhat qualitative aspect of innovation compared to patent applications. Additionally, 

we use citation information to assess the more qualitative aspects of innovation. To account for 

unobserved time-invariant firm-level characteristics and time-varying macroeconomic factors that 

may influence innovation performance, we include both firm and year fixed effects in our DID 

regressions. 

Our findings suggest that working-hours restrictions have not reduced—or may have even slightly 

increased—the quantity of innovation, as indicated by the stable number of granted patents and the 

rise in patent applications. However, they have diminished the quality of innovation. This decline in 

quality is evidenced by the increase in rejected patent grants, the decrease in patent citations, and the 

reduction in patents that were ever cited, despite no significant changes in R&D expenditures. 

Furthermore, the negative impact on innovation quality is more significant in firms with higher R&D 

investment. Treated firms also experience declines in both abnormal stock returns and the economic 

value of their patents, suggesting that capital markets likewise perceive a deterioration in the economic 

 
1 According to Statistics Korea, as of the second quarter of 2017 (before the implementation of the 2018 working-hours 

reform), of a total of 26.75 million employed individuals, about 5.45 million, or 20.4%, worked over 54 hours per week. 

This indicates that overtime work was frequent in Korea, often causing actual working hours to exceed 52 hours, which 

comprise the standard 40-hour workweek and 12 hours of overtime as specified by the Labor Standards Act. 
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value of innovation. 

These results are broadly consistent with the speed-over-depth scenario proposed in our theoretical 

framework, in which firms facing binding time constraints prioritize short-cycle, incremental projects 

that sustain or raise innovation output but sacrifice novelty and creative depth. These findings also 

resonate with perspectives that emphasize the importance of providing employees with adequate slack 

time for creative exploration (Amabile et al., 2002; Campbell, 1960; Simonton, 1999). For example, 

3M’s 15% time program and Google’s 20% rule demonstrate how slack time in the workplace can 

foster an environment where groundbreaking ideas thrive.  

Collectively, this study advances our understanding of how working hours—a crucial yet 

underexplored aspect of the work environment—shape corporate innovation. We develop a conceptual 

framework that clarifies the mechanisms through which working-hour reforms influence firms’ 

innovation outcomes: limiting working hours reduces the temporal resources available for deep 

creative exploration while at the same time improving employees’ work–life balance and replenishing 

cognitive resources that support creative productivity. We empirically identify the causal effect of 

limiting working hours on innovation by exploiting Korea’s working-hours reform and document 

trade-offs between innovation quantity and quality under binding working-hours constraints. Our 

findings contribute to the existing body of research on time pressure and creativity (Amabile et al., 

1996, 2002; Andrews and Smith, 1996; Kelly and McGrath, 1985) as well as studies on the effects of 

labor regulations on innovation (Aghion et al., 2023; Gust and Marquez, 2004; Vega et al., 2019). 

From a strategic management perspective, our findings highlight that time is not merely an 

operational input but a strategic resource that needs to be deliberately allocated between recovery and 

creative exploration. When working-hour caps become binding, managers should therefore design 

work environments that mitigate the costs of time compression associated with reduced working hours, 

while at the same time amplifying the benefits of shorter working hours in terms of recovery and 

cognitive focus. In addition, managers need to decide where to position their firms on the spectrum 

between innovation quantity and quality: in some contexts, it may be optimal to emphasize the volume 

of moderately novel outputs, whereas in others, enhancing the impact of innovation—even at the 

expense of quantity—will be more important. 

This paper is organized as follows. In Section 2 we review the related literature and discuss our 

contributions. Section 3 provides the institutional background on working-hours restrictions in Korea. 

Section 4 develops our hypotheses. Section 5 provides a description of the data and variables used in 

our analysis. Section 6 presents the results. In Section 7 we discuss the implications of our findings, 
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suggest recommendations for future research, and conclude the study. 

 

2 Related literature and contributions 

Our paper contributes to several strands of literature. First, our research relates to studies on 

working-hours adjustments and their impact on worker productivity and welfare, which report mixed 

findings. Earlier studies by Craine (1973), Feldstein (1967), and Leslie (1984) suggest that shorter 

working hours may diminish labor productivity, reporting an output elasticity greater than one with 

respect to working hours. In contrast, studies by Aberg (1985), Hart and McGregor (1988), Leslie and 

Wise (1980), Malinvaud (1973), and Tatom (1980) report elasticities below one, suggesting that 

reducing working hours can enhance labor productivity. A more recent study by Agrawal et al. (2018) 

focus on the quality, rather than just the quantity, of output; they observe that more complex and high-

quality crowdfunding campaigns tend to be launched during break weeks, during which the 

opportunity costs in time are lower than during work weeks, supporting the idea that providing 

employees with ample slack time can enhance inventive outcomes within organizations. 

Similarly, existing studies on the effects of time pressure on creativity in individuals and 

organizations present mixed results, making it difficult to predict how working hours influence 

innovation performance. Studies by Andrews and Farris (1972), Kelly and Karau (1999), and Rostmai 

et al. (2019) suggest positive impacts, whereas studies by Amabile et al. (2002), Andrews and Smith 

(1996), and Kelly and McGrath (1985) report negative effects. Additionally, Bassett (1979) finds no 

effects while Zhang et al. (2023) show non-linear effects Building on these mixed findings, our 

theoretical framework considers both potential costs (e.g., reduced time for creative thinking) and 

benefits (e.g., improved work–life balance and enhanced creativity) of limiting working hours. We 

then provide empirical evidence allowing for a causal interpretation. 

Second, this study is related to the substantial body of literature that investigates the effects of 

working-hours regulations on labor-market outcomes. These studies focus mostly on employment and 

job creation. Traditional arguments in support of reducing the working hours of full-time workers 

appeal to their beneficial effects on employment through work-sharing, assuming that the amount of 

work that needs to be done is fixed (Hunt and Katz, 1998). However, existing evidence remains 

inconclusive, supporting skepticism regarding the idea that reducing working hours boosts 

employment. For example, early theoretical work by Calmfors and Hoel (1988) shows that, based on 

plausible assumptions, a reduction in working time is likely to be counterproductive with respect to 

employment. Building on this theoretical framework, Crépon and Kramarz (2002) analyze the effects 
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of France’s 1982 mandate to reduce the workweek from 40 to 39 hours and show that, in the context 

of stable monthly wages, the policy effectively increased hourly wages for current employees. 

Consequently, firms were less likely to retain existing staff, who became more costly per hour worked 

under the new regime. This finding highlights the negative impact of reducing working hours on 

employment. Similarly, Hunt and Katz (1998), Marimon and Zilibotti (2000), and Chemin and Wasmer 

(2009) examine the impact of France’s 1998 implementation of the 35-hour workweek and find no 

significant employment effects. Other studies, by Skuterud (2007) in Canada and Varejão (2005) in 

Portugal, also document little evidence of positive employment effects. In summary, these papers cast 

doubt on the effectiveness of regulations aimed at reducing working hours as a means of increasing 

employment. Our focus differs from theirs as we explore how working-hours regulations affect 

corporate innovation outcomes. Our paper emphasizes the importance of considering a broad spectrum 

of policy implications, including effects on innovation and creativity as well as on the labor market, 

when designing such regulations. 

Third, our analysis is closely related to papers that evaluate the effects of labor regulations, beyond 

those that apply to working hours, on innovation. Most of the literature reports a negative or ambiguous 

impact of stricter labor regulations on innovation. For example, Vega et al. (2019) analyze a Spanish 

reform that reduced firing costs to a greater extent for small firms than for large ones, finding that such 

a relaxation boosted innovation in the small firms that were affected most impactfully by the reform. 

This suggests that the effects of stringent labor regulations on innovative activities might be negative. 

Similarly, Gust and Marquez (2004) show that regulating the labor market has a negative impact on 

the adoption of information and communication technologies, arguing that these restrictions may drive 

the economy to a sub-optimal outcome. More recently, Aghion et al. (2023) find a sharp reduction in 

innovation activities just below the regulatory threshold where the burden of labor regulations 

increases sharply, suggesting that these regulations might discourage firms from seeking growth. 

Additionally, the study distinguishes between types of innovation, finding that labor regulations 

discourage low-value (incremental) innovation but have no impact on high-value (radical) innovation. 

Unlike their structural estimation approach, we leverage an exogenous working-hours reform as a 

quasi-natural experiment to identify the causal effect of reduced working hours on innovation. In doing 

so, we consider both quantitative and qualitative dimensions of innovation performance. 

In contrast to prior studies that find negative effects, several studies report a positive impact of 

labor regulations on innovation. Acharya, Baghai, and Subramanian (2013, 2014) find that 

employment-protection laws—designed to protect employees from unjust dismissal—enhance 
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employees’ innovation efforts and encourage firms to invest in risky but potentially breakthrough 

innovations. These laws prevent employers from holding up innovating employees after their 

innovations prove successful. Meanwhile, some studies report ambiguous effects. Griffith and 

Macartney (2014) examine the effects of employment-protection legislation on innovation, reporting 

that, while such legislation may enhance job security, it also increases the adjustment costs for firms. 

This, in turn, discourages investment specifically in technologically advanced innovation-generating 

activities. Similarly, Alesina et al. (2018) observe that labor regulations have a negative effect on high-

skill patents while positively influencing low-skill patents, showing that labor-market policies can 

exert heterogeneous effects on technological advancement across sectors. In addition, Mukoyama and 

Osotimehin (2019) find that raising firing taxes can exert opposing effects on innovation activities in 

both new entrants and incumbents, with the overall outcome depending on the relative strengths of 

these forces. In summary, the literature regarding the effects of labor regulations on innovation presents 

mixed findings. 

Our research extends the literature by examining the impact of reduced working hours on 

innovation, a topic that has received scant attention. Building on relevant theoretical foundations, we 

develop testable hypotheses and employ a quasi-experimental design to identify the causal effect of 

these working-hours regulations on innovation. Furthermore, our study distinguishes between the 

quantity and quality of corporate innovation, providing a more comprehensive understanding of these 

effects. 

 

3 Institutional background 

South Korea is widely recognized for its long working hours. In 2017, prior to the implementation 

of the 52-hour weekly working-hours limit, the average annual hours worked per worker in South 

Korea were 2,018, ranking it fourth among the 38 OECD member countries. This figure was far above 

the OECD average of 1,779 hours for the same year.2 The Labor Standards Act in Korea, enacted on 

May 10, 1953, established standards for wages, working hours, holidays, and leave for businesses with 

five or more workers. Initially, the legal working time was capped at 48 hours per week, but challenges 

such as low wages and long working hours persisted. By 1988, despite these legal limits, the average 

annual working hours in Korea amounted to 2,912, averaging about 55.8 hours per week. 

 

2 https://www.oecd.org/en/data/indicators/hours-worked.html 
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In response to persistent concerns over long working hours and to mitigate the risk of death from 

overwork, the Korean government made several key amendments to the Labor Standards Act. The first 

significant amendment was passed on March 29, 1989, reducing the standard weekly working hours 

from 48 to 44, while still allowing for up to 68 hours including holidays, provided there was mutual 

agreement from both employer and employee. Subsequent legislation, notably the 5th amendment to 

the Labor Standards Act, which took effect on September 15, 2003, further reduced the standard 

workweek from 44 to 40 hours and introduced a five-day workweek. Exemptions for small businesses 

and certain industries have, however, limited the effectiveness of these reforms in reducing excessive 

working hours. 

The most recent amendment of the Labor Standards Act, enacted on March 20, 2018, reaffirmed 

the standard 40-hour workweek and capped the maximum weekly working hours, including holidays, 

at 52 hours per week. This reform, widely known as the 52-hour workweek system, aimed to promote 

a “balance between work and life for a life with rest” (National Policy Advisory Committee, 2017). 

Prior to the implementation of the 52-hour workweek system, the Labor Standards Act in Korea 

permitted up to 68 hours a week—40 standard hours, 12 hours of overtime, and an additional 16 hours 

on weekends. There was confusion regarding whether weekends were included in the official 

workweek, which meant that weekend hours were not considered overtime. In contrast, the 2018 

amendment resolved this ambiguity by explicitly defining the workweek as running from Monday 

through Sunday, thereby reducing the maximum permissible working hours from 68 to 52 hours, 

consisting of 40 standard hours and 12 overtime hours. 

To minimize confusion and mitigate any negative impact on businesses in Korea, the 52-hour 

workweek system was phased in according to firm size. Initially, beginning July 1, 2018, it applied to 

firms with 300 or more employees. The system was then extended to firms employing between 50 and 

299 employees as of January 1, 2020, and finally to those carrying between 5 and 49 employees as of 

July 1, 2021. In addition, to ease the transition, firms were granted a range of grace periods: firms with 

300 or more employees were given a nine-month transition period, while those carrying between 50 

and 299 employees received a one-year transition period, with enforcement beginning January 1, 2021. 

This staggered implementation and the allowance for adaptation periods were designed to facilitate a 

smoother transition to the new working-hours regime. 

To avoid potential confounding effects from the staggered implementation, we restrict our 

empirical analysis to the first treatment group—firms with 300 or more employees as of July 1, 2018. 

By concentrating on the initial phase of the reform, we can more accurately isolate the impact of 

https://nsp.nanet.go.kr/plan/subject/detail.do?nationalPlanControlNo=PLAN0000031461
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reduced working hours on innovation outcomes, avoiding the complications introduced by subsequent 

extensions of the regulation. 

 

4 Conceptual framework and hypothesis development 

4.1 Theoretical background and hypotheses 

Prior research offers mixed perspectives on how the management of working hours influences 

innovation. From componential and organizational perspectives, time functions as a critical input for 

innovation (Amabile et al., 2002; Nohria and Gulati, 1996). Sufficient time—including a moderate 

amount of slack within working hours—enables idea generation, experimentation, and knowledge 

recombination, all of which are essential for driving innovation. Restricting working hours is therefore 

likely to diminish the temporal resources available for deep creative work and experimentation, 

thereby hindering innovation. In contrast, behavioral–psychological perspectives emphasize that limits 

on working hours help prevent exhaustion and enhance creative productivity, creating conditions 

conducive to innovation (Agrawal et al., 2018; Angelici and Profeta, 2024; Kivimäki et al., 2015; 

Virtanen et al., 2012). Building on these contrasting views, in this section we develop hypotheses on 

how Korea’s 52-hour workweek reform shapes firms’ innovation outcomes—both in quality and in 

quantity. 

As discussed above, the componential theory of creativity posits that time is a fundamental input 

for the creative cognitive processes—such as preparation, incubation, and idea generation—that 

underlie innovation. Sufficient time enables individuals to explore unfamiliar domains, engage in 

deeper creative thinking, and develop novel solutions (Newell et al., 1962; Campbell, 1960; Simonton, 

1999). Beyond facilitating idea generation, the quality of innovation depends heavily on domain-

relevant skills and accumulated expertise. Such sophisticated cognitive capabilities typically require 

considerable time and effort to develop and are unlikely to improve merely through reduced working 

hours or temporary rest periods (Amabile, 1988; Amabile et al., 2002; Newell et al., 1962). 

Complementing this perspective, organizational slack theory (Cyert and March, 1963; Nohria and 

Gulati, 1996) emphasizes that slack resources—including discretionary, unallocated time within 

regular working hours (e.g., Google’s “20% rule”)—provide a buffer that allows employees to 

experiment, adjust, and pursue novel ideas. Taken together, these studies suggest that when working 

hours are constrained, firms lose the temporal resources necessary for creative exploration and 
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cognitive processing, thereby limiting their potential for innovation.3 

Furthermore, when working-hour regulations impose binding constraints on available time, firms 

may need to reallocate limited hours across competing projects. Such constraints can trigger 

hypervigilance (Janis, 1982), prompting individuals and teams to narrow their focus and organizations 

to prioritize low-uncertainty, incremental tasks that can be completed within shorter horizons rather 

than pursuing high-uncertainty, radical projects that require extended experimentation and iteration.  

Prior studies of team behavior under time pressure support this view. Andrews and Farris (1972) and 

Kelly and Karau (1993, 1999) find that time pressure motivates workers to execute simple tasks more 

rapidly. Similarly, Gersick’s (1988) punctuated-equilibrium model shows that as time pressure mounts 

toward a deadline, teams shift their focus from experimentation to an execution-oriented mode. 

Accordingly, working-hour restrictions may increase the number of straightforward task completions 

but constrain creative exploration, yielding a trade-off between the quantity and the quality of 

innovation. 

Conversely, behavioral–psychological perspectives suggest a countervailing mechanism: 

reducing working hours lowers burnout risk and improves work–life balance, thereby increasing 

creative productivity. Consistent with this view, Agrawal et al. (2018) show that, relative to regular 

weeks, “break weeks” free from routine obligations are associated with more crowdfunding project 

launches and a higher likelihood of launching high-potential, complex projects, implying that 

uninterrupted, off-schedule time blocks facilitate exploration of creative ideas.4 Evidence from health 

research also corroborates this idea by showing that sustained long work hours are associated with 

elevated physical and mental health risks (Kivimäki et al., 2015; Virtanen et al., 2012), suggesting that 

cutting back excessive overtime can foster recovery from fatigue and replenish cognitive resources. 

Therefore, limits on working hours need not dampen innovation; by enhancing creative productivity 

 
3 Some might question why innovative activities are presumed to be confined to working hours. While employees may 

indeed explore other innovative ideas during their increased leisure time, in practice significant limitations could persist 

for pursuing innovation activities outside of these hours. For example, many R&D activities require access to specialized 

tools and facilities such as computers, databases, and laboratory equipment. However, due to designated work-hour 

limitations, those facilities may have to be shut down at prescribed times. In Korea, for instance, major firms like Samsung, 

Hyundai, SK, LG, Lotte, GS, and Doosan have widely adopted enforced measures such as ‘PC shutdown’ or ‘Office lights 

off’ policies (Ko, 2019). These policies could restrict access for workers during off-hours, potentially disrupting innovation 

activities outside of official working hours. 

4 The term slack time is used in two related ways. Nohria and Gulati (1996) use in-hours slack time to mean excess temporal 

resources within working hours that buffer experimentation and exploration. By contrast, Agrawal et al. (2018) 

conceptualize slack time as off-schedule break time when routine obligations are suspended—for example, university 

breaks—which create contiguous blocks free from routine duties. We henceforth adopt the in-hours slack definition in this 

paper. 
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and improving well-being, such policies can expand capacity for innovation activities. 

Taken together, the net effect of limiting working hours on innovation is a priori ambiguous. On 

the one hand, limiting working hours imposes time constraints that reduce the temporal resources 

needed for creative exploration and shift effort toward low-risk, incremental tasks that fit shorter 

horizons. On the other hand, by improving work–life balance and replenishing cognitive resources, 

reduced working hours can support faster execution and enable the pursuit of novel, exploratory ideas. 

Which mechanism dominates is ultimately an empirical question.5 

Building on these theoretical perspectives, we expect that the impact of the 52-hour cap on 

innovation depends on whether the regulation is binding and on how firms strategically allocate limited 

time resources between innovation quantity and quality, as well as on the extent to which reduced 

working hours differently affect the productivity of quantitative and qualitative innovation efforts. 

When the 52-hour limit is non-binding—that is, when firms’ optimal working hours already lie within 

the legal limit—the reform imposes no real constraint on temporal resources. In such cases, the policy 

should not alter firms’ allocation of time to innovation activities, and resulting innovation outcomes 

are expected to remain largely unchanged. 

By contrast, when the cap binds—namely, when firms previously relied on long working hours—

the regulation compresses available time for developing innovation and forces firms to make strategic 

trade-offs between the volume and the novelty of their innovation activities. Reduced time availability 

can thus suppress both the quantity and the quality of innovation. Yet shorter working hours may also 

improve recovery, focus, and intrinsic motivation, potentially enhancing the creative efficiency needed 

for innovative problem-solving. 

As a result, we expect that these countervailing mechanisms will yield three distinct patterns 

among firms under a binding cap. Firms that depend heavily on extended hours are likely to experience 

declines in both innovation quantity and quality because time compression dominates (compression-

trap scenario). Others may prioritize short-cycle, incremental projects that fit tighter schedules, thereby 

increasing the quantity of innovation but reducing novelty (speed-over-depth scenario). Still others 

may narrow their scope and channel recovered energy into fewer but more creative projects, improving 

the quality of innovation even as total output declines (creative-rebound scenario). 

 
5 The implementation of a 52-hour workweek in Korea has been generally appreciated by employees, leading to increased 

job satisfaction and an improved work–life balance. However, despite these positive changes, some workers have expressed 

concerns over increased time pressure, as the workload remains unchanged while working hours have been reduced (Jung 

et al., 2018; Lee, 2018). 

https://www.khan.co.kr/national/labor/article/201806182220005?utm_source=urlCopy&utm_medium=social&utm_campaign=sharing
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In summary, when the cap is non-binding, innovation outcomes should remain largely unchanged. 

When the cap is binding, however, the reform may lead either to an overall suppression of innovation 

or to a trade-off between innovation quantity and quality. Such trade-offs can arise because firms 

potentially prioritize efficiency-oriented over creativity-oriented innovation activities, and because 

reduced working hours may alter the relative productivity of quantitative and qualitative innovation 

efforts. As such, we propose the following hypotheses. 

H1a (Compression-trap). When the 52-hour workweek cap is binding and the time-compression 

effect dominates, both innovation quality and quantity decline. 

H1b (Speed-over-depth). When the cap is binding and firms adapt by prioritizing short-cycle, low-

uncertainty projects that fit tighter schedules, or when reduced working hours disproportionately 

enhance quantitative over qualitative innovation productivity, innovation quantity increases and 

quality declines. 

H1c (Creative-rebound). When the cap is binding and firms channel recovered energy into fewer 

deeper creative projects, or when reduced working hours yield greater productivity gains in quality-

enhancing innovation, innovation quantity decreases but quality rises. 

4.2 Illustrative numerical examples 

In this section, we illustrate numerical examples corresponding to the above hypotheses. The 

examples are based on a simple model that captures the two opposing effects of the 52-hour cap: it can 

limit the total time available for innovation activities, while also enhancing creative productivity 

through improved work-life balance. In this framework, the payoff from innovation is defined as the 

innovation value net of the cost of effort associated with total working hours. The innovation value 

reflects both the quantity and quality of innovation outcomes, each requiring dedicated time and 

cognitive effort. Specifically, in this model, the innovation value is represented as the product of 

innovation quantity and quality, capturing how time allocation between these dimensions determines 

overall innovation performance. The detailed model setup and analytical derivations are provided in 

Appendix A.6 

 
6 Moreover, although not incorporated in the model, incentive structures in some workplaces likely favor quantitative 

output, as employees are frequently evaluated and rewarded based on the number of patents filed, patents granted, or 

products developed during a given period. The unchanged level of quantitative innovation could be attributed to adaptations 

undertaken by workers to meet these targets within the reduced timeframe. On the other hand, qualitative innovation often 
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The model highlights how changes in total working hours influence innovation outcomes through 

the interaction between time availability and creative productivity. As total working hours increase, 

the time available for exploration expands, but creative productivity gradually declines due to fatigue 

and cognitive overload. Conversely, shorter working hours reduce the total time available for 

innovation activities but can enhance workers’ per-hour productivity by improving recovery and 

replenishing cognitive resources. The interplay between these two opposing forces—time compression 

effect and recovery-driven creative efficiency effect—determines the overall effect of the 52-hour cap, 

giving rise to three distinct outcomes corresponding to Hypotheses H1a–H1c.  

Figure 1 presents a numerical example of the compression-trap scenario (H1a), where the loss of 

working time outweighs the benefits of shorter working hours, leading both innovation quantity and 

quality to decline. In this case, the time available for innovation activities is compressed, and the 

efficiency gains from shorter working hours are insufficient to offset this time loss. Panel (a) shows 

the innovation payoff (π) as a function of total working hours (𝑡𝑤), where 𝑡𝑤 consists of 𝑡𝑣 and 𝑡𝑞, 

denoting the time allocated to improving quality and increasing quantity, respectively. The 

unconstrained optimum yields the highest payoff π(𝑡𝑤
∗ ) = 185.7  at 𝑡𝑤

∗ = 66 , but after the 

implementation of the 52-hour cap, the total payoff declines to π(𝑡𝑤 = 52) = 175.2, reflecting the 

suboptimal outcome imposed by the binding time constraint on innovation activities. 

Panel (b) examines how this outcome translates into changes in the innovation quantity. The 

quantity-of-innovation curve under the 52-hour constraint lies above that of the unconstrained case, 

indicating higher execution efficiency (i.e., efficiency in increasing innovation quantity) resulting from 

shorter working hours. However, the total time allocated to execution decreases (from 𝑡𝑞 = 33 under 

the unconstrained optimum to 𝑡𝑞 = 26  under the 52-hour constraint), and this efficiency 

improvement is insufficient to compensate for the time loss. Consequently, overall innovation quantity 

𝑞(𝑡𝑞; 𝑡𝑤) decreases from 15.1 (unconstrained) to 14.2 (constrained).  

Panel (c) presents the expected innovation quality as a function of time devoted to exploring novel, 

complex ideas (𝑡𝑣 ). Like the pattern observed for innovation quantity in Panel (b), the quality-of-

innovation curve under the 52-hour limit shifts slightly upward—reflecting higher per-hour creative 

 

involves breakthroughs that are harder to measure and may not be immediately rewarded, making such innovation more 

vulnerable to disruptions in time and focus caused by the reduction in working hours. We speculate that this scenario could 

be addressed by modifying the payoff function to place greater weight on q (quantity) than on ν (quality). Such a 

modification could further reinforce the tendency among workers to prioritize greater quantity over higher quality. 

Consequently, with incentive structures favoring quantity over quality, qualitative innovation may have been further 

impacted by the reduction in working hours. 
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productivity—but the effect of time compression remains dominant (time devoted to quality 

improvement 𝑡𝑣 decreases from 33 to 26). As a result, the expected quality under the 52-hour cap 

(E[v(tv; tw = 52)]) = 14.2) is lower than under the unconstrained optimum (E[v(tv; tw
∗ )] = 15.1). 

Similarly, Panel (d) displays the distribution of innovation quality outcomes, which shifts toward lower 

values, consistent with the decline in expected quality shown in Panel (c). 

<Figure 1 about here> 

Figure 2 illustrates a numerical example of the speed-over-depth scenario (H1b), in which firms 

become more efficiency-oriented under time pressure. In this example, we assume that reduced 

working hours disproportionately increase the productivity of quantitative relative to qualitative 

innovation efforts. In other words, the creative-recovery benefits from shorter working hours are 

relatively modest, whereas the gains in execution productivity—completing simpler, incremental tasks 

more efficiently—are more substantial. As a result, innovation quantity rises, whereas innovation 

quality declines.7  

Panel (a) shows the innovation payoff as a function of total working hours. Because the parameter 

values are largely symmetric to those in Figure 1, the overall payoff level remains nearly identical. 

However, the composition of innovation is different: the same total payoff is achieved through higher 

quantity but lower quality of innovation.  

Panel (b) presents the quantity-of-innovation curve, which under the 52-hour constraint lies above 

that of the unconstrained case, indicating higher execution efficiency resulting from shorter working 

hours. Although the time devoted to execution decreases (from 𝑡𝑞 = 33  under the unconstrained 

optimum to 𝑡𝑞 = 26 under the 52-hour cap), this reduction in time resources is modest relative to the 

increase in execution productivity enabled by shorter working hours. Consequently, the overall 

innovation quantity increases from 8.9 (unconstrained) to 9.4 (constrained).  

Panel (c) illustrates the expected innovation quality, which declines from E[v(tv; tw
∗ )] = 25.7 

(unconstrained) to E[v(tv; tw = 52)]) = 21.6 (under the 52-hour constraint), as less time is devoted 

to complex, high-novelty ideas, despite a modest improvement in creative productivity from shorter 

 
7 Alternatively, we can derive a similar result using different assumptions, as follows: If agents can choose from multiple 

types of projects—where one type is more time-intensive, producing a larger number of innovations within a shorter 

timeframe but of lower quality at a higher cost of effort, and another type yields fewer innovations but of higher quality 

over the same period—these workweek reductions might prompt a strategic shift toward the more time-intensive projects 

that generate a greater volume of lower-quality innovation outcomes. In such a scenario, reducing working hours may 

induce workers to produce a larger quantity of innovations in less time, potentially compromising the quality of the 

innovations. This extension is further elaborated on in Appendix A. 
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working hours. In particular, tv decreases from 33 under the unconstrained optimum to 26 under the 

52-hour cap. Panel (d) displays the distribution of innovation quality outcomes, which shifts toward 

lower values, consistent with the decline in expected quality shown in Panel (c). 

<Figure 2 about here> 

Finally, Figure 3 illustrates a numerical example of the creative-rebound scenario (H1c), in which 

firms channel the creative efficiency gained from shorter working hours into deeper, more exploratory 

work, producing fewer but higher-quality innovations. In this example, we assume that reduced 

working hours generate greater productivity gains in quality-enhancing innovation, prompting firms 

to focus on exploratory, high-novelty projects rather than further expanding output under binding time 

constraints. 

Panel (a) shows the innovation payoff as a function of total working hours. The parameter values 

are largely symmetric to those in Figures 1 and 2, so the overall payoff level remains nearly identical. 

In contrast to Figures 1 and 2, however, the same total payoff is achieved through higher quality but 

lower quantity of innovation.  

Panel (b) presents the quantity-of-innovation curve, which under the 52-hour constraint lies above 

that in the unconstrained case, indicating higher execution efficiency resulting from shorter working 

hours. However, the time devoted to execution decreases substantially (from 𝑡𝑞 = 33  under the 

unconstrained optimum to 𝑡𝑞 = 26 under the 52-hour cap), and this reduction in time resources is 

much larger relative to the gains in execution productivity achieved through shorter working hours. 

Consequently, the overall innovation quantity decreases from 25.7 (unconstrained) to 21.6 

(constrained). 

Panel (c) illustrates the expected innovation quality as a function of time devoted to quality 

enhancement (𝑡𝑣). As creative gains arise from improved recovery and work–life balance enabled by 

shorter working hours, the quality-of-innovation curve shifts upward. Although the time devoted to 

quality enhancement decreases (from 𝑡𝑣 = 33 under the unconstrained optimum to 𝑡𝑣 = 26 under 

the 52-hour cap), this reduction in time resources is modest compared with the increase in creative 

gains enabled by shorter working hours. Consequently, the expected innovation quality under the 52-

hour cap (𝐸[𝑣(𝑡𝑣;  𝑡𝑤  =  52)] = 9.4) is higher than under the unconstrained optimum (𝐸[𝑣(𝑡𝑣;  𝑡𝑤
∗ )]  =

 8.9). Panel (d) presents the distribution of innovation quality outcomes, which shifts toward higher 

values, consistent with the increase in expected quality shown in Panel (c).  

<Figure 3 about here> 
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Taken together, these numerical examples illustrate that the 52-hour cap can reshape firms’ 

innovation outcomes depending on which mechanism dominates. When time compression prevails 

(H1a), both innovation quantity and quality decline. When firms become efficiency-oriented (H1b), 

innovation quantity rises while quality falls. Finally, when recovery-driven creative efficiency 

dominates (H1c), firms produce fewer but higher-quality innovations. These examples show how 

working-hour regulations generate trade-offs between the quantity and quality of innovation, 

depending on whether firms prioritize efficiency-oriented rather than creativity-oriented innovation 

activities, and on the extent to which reduced working hours disproportionately increase the 

productivity of quantitative relative to qualitative innovation efforts. 

 

5. Data and empirical strategy 

5.1. Data and sample selection 

The sample for our analysis consists of firms listed on the Korea Composite Stock Price Index 

(KOSPI) and the Korea Securities Dealers Automated Quotations (KOSDAQ) markets from 2016 

through 2019. We limit the sample period to 2019 because, starting in 2020, the regulation was 

expanded to include smaller firms carrying between 50 and 299 employees. 8  To mitigate the 

confounding effects, we choose the years 2016 through 2019 as our sample period and compare the 

pre-treatment period (2016–2017) with the post-treatment period (2018–2019). We classify firms with 

over 300 employees as of 2018 as treated firms, while the others are designated as control firms 

because the regulation that became effective in 2018 targeted firms with more than 300 employees. 

We then conduct a difference-in-differences analysis. 

We exclude financial institutions and firms that experience capital erosion from our sample. To 

avoid measurement errors involving Tobin’s Q that could result from the seasonality of market value, 

only firms that observe a December fiscal year-end are included in the sample.9 Firms listed after 2018 

are excluded to ensure that data were available for all firms during both the pre- and post-2018 periods. 

In addition, firms that exhibit zero R&D expenditures throughout the entire sample period were also 

excluded, as we are focusing on innovation-generating activities. We also exclude firms carrying more 

 
8 We do not employ a staggered difference-in-differences strategy using the 2019 regulation, as doing so would introduce 

significant bias in the regression coefficients; nearly all the clean control firms—those that were never subject to the 

legislation—would be deleted from the sample (Baker et al., 2022). 
9 In Korea, a majority of public firms (98.25%, 2,467 out of 2,511) observe a December fiscal year-end. 
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than 10,000 employees in 2018 because these firms likely differ fundamentally from control firms with 

respect to innovation and other characteristics (Cohen, 2010; Cohen and Klepper, 1996; Schumpeter, 

1942). After dropping singleton observations to avoid estimation bias in the two-way fixed effects 

model (Breuer and DeHann, 2024), our sample consists of 5,891 firm-year observations across 1,443 

firms. 

Accounting information and stock-price data are obtained from DataGuide, Korea’s leading 

financial data provider. Patent data are sourced from the bulk patent database provided by the KIPO. 

This dataset, accessible via KIPO’s patent information search service, contains comprehensive 

information on all patents filed and registered since KIPO's establishment in 1977. The data include 

details such as application numbers, filing dates, registration statuses, International Patent 

Classification (IPC) codes, names and addresses of inventors, and citations of prior patents. As 

mentioned above, since our dataset comprehensively includes all patents filed for examination with 

KIPO, it allows us to accurately capture both the total number of patent applications and the number 

of patents granted to Korean firms. As is the case with the United States Patent and Trademark Office 

(USPTO), in Korea, there is an average lag of two years between a patent’s application date and its 

grant date. Considering this, we downloaded the patent data in 2023, while the sample period ends in 

2019. Therefore, our analysis is unlikely to suffer from truncation bias due to lag effects, which can 

negatively impact the patent count, especially for recent years (Hall et al., 2001). 

5.2. Empirical strategy 

To test our hypothesis, we run difference-in-differences regressions of corporate innovation. The 

dependent variables, which measure corporate innovation performance, are divided into two groups. 

The first group, related to patent applications, includes the number of patent applications, the number 

of rejected patents, and the number of granted patents. The second group, pertaining to citations, 

includes the total number of patent citations, the number of citations per patent, the number of granted 

patents that were cited at least once, and the ratio of ever-cited patents to granted patents in a given 

year.  

In the difference-in-differences analysis, the first difference is based on whether a firm is subject 

to the regulation. We define Treat as a dummy variable that equals one if a firm had 300 or more 

employees as of 2018 and zero otherwise. The second difference pertains to the periods before and 

after the reform. We define After as a dummy variable that equals one for years 2018 and 2019 and 

zero otherwise. The regression model is presented in Equation (11). 
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𝐼𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑜𝑛𝑖,𝑡 = 𝛽0 + 𝛽1𝑇𝑟𝑒𝑎𝑡𝑖 × 𝐴𝑓𝑡𝑒𝑟𝑡 + 𝛽𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡−1 + 𝐹𝑖𝑟𝑚 𝐹𝐸 + 𝑌𝑒𝑎𝑟 𝐹𝐸   (11) 

The coefficient on interaction between the two dummy variables, Treat × After, captures the 

difference-in-differences effect, indicating the relative change in innovation for treated firms compared 

to control firms after the reform. The expected sign of 𝛽1  differs across the three hypothesized 

mechanisms. It is negative for both quantity and quality measures under the compression-trap scenario, 

positive for quantity but negative for quality under the speed-over-depth scenario, and negative for 

quantity but positive for quality under the creative-rebound scenario. Firm FE stands for firm fixed 

effects and Year FE stands for year fixed effects. We include these fixed effects to account for the 

influence of time-invariant unobservable firm-specific characteristics and time-varying 

macroeconomic effects, respectively. Because firm and year fixed effects are included in the regression, 

the individual dummy variables, Treat and After, are dropped from the estimation. Controls denote the 

set of control variables, which are defined in the following section. 

5.3. Variable definitions 

As mentioned above, the dependent variables representing innovation performance include various 

patent-related variables. First, the number of patent applications is used to measure the quantitative 

aspect of innovation. This variable represents the number of inventions a firm has submitted for a 

patent grant within a given year, reflecting the existence of the firm's innovation output. Second, the 

number of rejected patents represents the inventions a firm sought to patent within a given year but 

ultimately failed to pass the examination and secure legal protection. An increase in rejected patents, 

therefore, indicates a rise in low-quality innovation outcomes. Third, the number of granted patents is 

also used to measure the quantitative aspect of innovation. While it primarily reflects the quantitative 

side, this variable also captures some qualitative aspects, as it represents the number of inventions 

submitted for examination within a given year that were novel and sufficiently innovative to meet the 

established patent approval criteria.  

As the number of granted patents alone cannot determine whether a firm's innovation performance 

is groundbreaking or influential societally (Tian and Wang, 2014), we use patent citation information 

(Hall et al., 2001; 2005). We first utilize the number of citations. In particular, we count the number of 

citations in other patent documents for each patent. We then sum the citation counts of all patents 

granted in a particular year for each firm, representing the total citation count. We also use the citations-

per-patent measure, which is calculated as the total citation count divided by the number of granted 

patents. Since total citation counts are likely positively related to the number of patents, the per-patent 
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measure serves as a more robust indicator of average patent quality (Mukherjee et al., 2017).  

The raw count of citations suffers, however, from two types of bias. First, older patents tend to 

accumulate more citations over time, regardless of their actual innovativeness. Second, patents in 

certain fields may be cited more frequently than those in other fields. To address these biases related 

to time and technological fields, we normalize the number of patent citations by dividing it by the 

average number of citations per year and per technological field. This fixed-effects adjustment 

effectively eliminates biases related to time and technological field (Chang et al., 2015; Chang et al., 

2019). For the technological classification of patents, we use the relevant sections of the IPC, which 

broadly categorize all patents into eight groups. For year cohorts, we group patents based on their grant 

year, since citations can only occur after the patents have been published.  

Total citation counts or citations per patent can be driven by a few patents with extremely high 

quality, while most granted patents receive no citations. To better reflect each patent’s quality, we also 

categorize patent grants based on whether they have ever been cited or not. Patents that were never 

cited are considered an indicator of low-quality innovation. On the other hand, granted patents that 

were cited at least once suggest relatively high-quality innovation outcomes. Additionally, we calculate 

the ratio of ever-cited patents to the total number of granted patents. As suggested by the innovation 

literature (Griliches et al., 1987; Tian and Wang, 2014), the application year, rather than the grant year, 

is considered when constructing innovation variables because it is closer to the actual time of the 

innovation. 

To address the non-normal distribution of patent measures, logarithmic transformations are 

applied to the number of patents and citations after adding one to each value (Atanassov, 2013; Chang 

et al., 2015; Chang et al., 2019; Mukherjee et al., 2017). These transformations produce our primary 

innovation variables. lnAPPL is defined as the natural logarithm of the number of patent applications 

in a given year. lnRJT denotes the natural logarithm of the number of rejected patents, while lnGRT is 

the natural logarithm of the number of granted patents. lnCITE is defined as the natural logarithm of 

the total number of citations in a given year, while lnCPP represents the natural logarithm of the 

number of citations per patent in a given year. Furthermore, lnCITED is defined as the natural 

logarithm of the number of granted patents that have ever been cited. CITED/GRT is calculated as the 

number of ever-cited patents divided by the total number of granted patents. 

To complement our analysis of patent-based innovation outcomes, we additionally test for capital-

market evidence on the value of firms’ innovation. RET follows the widely used market-adjusted 

annual return measure. Specifically, we compound firms’ daily stock returns over the fiscal year to 
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compute annual buy-and-hold returns and subtract the value-weighted annual market return, which is 

constructed from daily price data for all KOSPI- and KOSDAQ-listed firms. This approach captures 

firm-specific stock performance net of broader market movements. PMV is constructed following 

Kogan et al. (2017), who estimate the economic value of each patent using firms’ daily market 

capitalization and stock return data. We aggregate these patent-level valuations to the firm–application-

year level by summing across all patents filed by a firm in a given year and scale the resulting figure 

so that one unit corresponds to KRW 1 billion (approximately USD 1 million). 

We define our control variables as follows. A firm’s size, Size, is defined as the logarithm of total 

assets for each year. Return on Assets, ROA, is defined as operating profit plus depreciation divided 

by the average of total assets in the current and previous years. Sales growth, SalesGrowth, is defined 

as the difference between current sales and lagged sales, scaled by lagged sales. R&D intensity, R&D, 

is defined as the ratio of R&D expenditures to sales for each year. R&D spending, lnR&D, is defined 

as the natural logarithm of R&D expenditures plus one. Cash holdings (Cash) are defined as cash and 

cash equivalents scaled by total assets. Leverage is calculated as a firm’s total debt divided by total 

assets. Tobins’ q (Q) is calculated as market capitalization plus total assets minus total equity, all 

divided by total assets. Capital expenditures, Capex, are defined as the change in property, plant, and 

equipment (PPE) plus depreciation divided by the previous year’s PPE. Foreign ownership, Foreign, 

is defined as the percentage of shares held by foreign investors. Stock return volatility, Volatility, is the 

standard deviation of monthly stock returns measured annually (Hegde et al., 2020). Firm age, Age, is 

the natural logarithm of a firm’s age after adding one. HHI represent the Herfindahl-Hirschman Index, 

which we use to control for industry concentration. HHI is calculated by summing the squared market 

share values of all firms within a given industry and year. All variables are winsorized at the 1% level 

to mitigate bias stemming from extreme values. 

 

6. Empirical results 

6.1. Summary statistics and correlations 

Table 1 presents the descriptive statistics for the total sample of 5,891 observations. Examining 

the quantitative innovation variables, firms applied for an average of 1.863 patents annually (lnAPPL 

of 1.052), had 0.663 applications rejected (lnRJT of 0.509), and were granted 1.339 patents (lnGRT of 

0.850). Regarding citation-based measures, firms received an average of 0.772 citations (lnCITE of 

0.572) and 0.240 citations per patent (lnCPP of 0.215). On average, 0.504 granted patents were cited 
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at least once (lnCITED of 0.408), and the share of granted patents that were ever cited (CITED/GRT) 

averaged 16.5%, indicating that a significant proportion of patents remained uncited. The number of 

granted patents and total citations remained at zero up to the 48th and 68th percentiles, respectively. 

As such, zero values are common across innovation metrics.   

<Table 1 about here> 

Table 2 presents the correlation coefficients among the variables. Size is significantly correlated 

with all innovation measures, consistent with prior findings (Cohen, 2010; Cohen and Klepper, 1996). 

R&D and lnR&D also exhibit statistically significant and positive correlations with patenting activity, 

reinforcing the link between R&D investment and innovation output. Since none of the control 

variables have a correlation coefficient exceeding 0.5 or falling below -0.5, multicollinearity is unlikely 

to be a serious concern.10 In an untabulated result, the average Variance Inflation Factor (VIF) across 

control variables is 1.54, well below the commonly accepted threshold of 10 (O’Brien, 2007), 

indicating a low likelihood of multicollinearity.  

<Table 2 about here> 

6.2. Main results 

Table 3 presents the results of the test of our hypothesis, for which we estimate regression model 

(11). For columns (1)–(3) we compare data from the years 2016–2017 (the pre-treatment period) with 

data from the years 2018–2019 (the post-treatment period). For columns (4)–(6), we use a reduced 

sample period consisting of only the years 2017 and 2019, as the regulation was adopted in mid-2018. 

The dependent variables are lnAPPL, lnRJT, and lnGRT, corresponding to columns (1) and (4), (2) and 

(5), and (3) and (6), respectively. 

The coefficients of the interaction between Treat and After, as seen in column (1), are positive 

and statistically significant at the 5% level, indicating an increase in patent applications after the 

regulation took effect. This indicates an increase in the number of innovation outcomes generated by 

employees for which patent protection was sought. The magnitude of the coefficient reflects an 6.93% 

rise in patent applications. In column (2), the coefficient of interest is again positive and statistically 

significant at the 5% level, suggesting an increase in denied patent applications following the reform. 

 

10 In general, collinearity is likely to exist when the absolute value of the Pearson correlation coefficient is close to 0.8 

(Shrestha, 2020). 
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The magnitude of the coefficient indicates that rejected patent applications rose by 4.71% after the 

reform. This result implies that the quality of innovation output likely declined, as these applications 

failed to meet the criteria for patent grants. On the other hand, the coefficient of interest is statistically 

and economically insignificant in column (3), suggesting that the number of granted patents did not 

change significantly after the reform.  

The signs of the coefficients of interest remain consistent when we limit the sample period to 

2017–2019, as shown in columns (4)–(6). However, the statistical significance weakens, possibly due 

to the smaller sample size. In particular, the coefficient for the interaction between Treat and After in 

column (4) is positive but statistically insignificant (p-value = 0.141). The coefficient of interest in 

column (5) is marginally significant at the 10% level (p-value = 0.103), while the coefficient in column 

(6) is statistically insignificant (p-value = 0.536). Overall, the results in this table suggest that the 

working-hours reform either increased or maintained the quantity of innovation, as evidenced by the 

rise in patent applications and the stable number of granted patents. However, the findings also indicate 

a decline in innovation quality, as reflected by the increase in rejected patent applications.   

With respect to the control variables, the coefficient on Size is positive and statistically significant 

in most cases, a finding that is consistent with prior studies (Cohen and Klepper, 1996). ROA, Capex, 

and Age generally have positive coefficients and, in some cases, are statistically significant. The 

positive signs for these variables are broadly consistent with prior studies, although mixed observations 

exist depending on the context and setting (Atanassov, 2013; Chemmanur and Tian, 2018; Yuan and 

Wen, 2018; Lee et al., 2024). Cash, Leverage, and Volatility generally have negative coefficients, 

which are statistically significant in some cases. 

< Table 3 about here> 

Table 4 presents the results of the regression analysis using citation information as the dependent 

variable. Specifically, the dependent variables are lnCITE, lnCPP, lnCITED, and CITED/GRT for 

columns (1) and (5), (2) and (6), (3) and (7), and (4) and (8). Columns (1) to (4) report the results 

comparing innovation quality between the years 2016–2017 (pre-treatment period) and 2018–2019 

(post-treatment period), while columns (5) to (8) use a reduced sample consisting of only the years 

2017 and 2019. The coefficients of interest in columns (1) and (2) are -0.181 and -0.054, respectively, 

both statistically significant at the 1% level. The results in column (1) indicate that the total number of 

citations (lnCITE) declined by 16.55% following the working-hours restriction. This effect is more 

pronounced in the reduced sample in columns (5) and (6), where the coefficients are -0.293 and -0.072, 
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respectively, maintaining strong statistical significance at the 1% level. For instance, this corresponds 

to a year-to-year decline of 25.40% in total patent citations. These results suggest that the regulation 

led to a deterioration in the quality of innovations.  

Similarly, the coefficients for lnCITED and CITED/GRT in columns (3) and (4) indicate 

significant shifts in innovation quality. The coefficient for lnCITED in column (3) is -0.183, suggesting 

a 16.72% reduction in patents that received at least one citation. The proportion of cited patents among 

granted patents (CITED/GRT) also declined. The p-values for all measures are less than 1%. These 

patterns hold in the reduced sample in columns (7) and (8). lnCITED and CITED/GRT exhibit even 

more negative coefficients of -0.265 and -0.053, respectively, compared to those in columns (3) and 

(4), with p-values lower than 1%. Collectively, these results suggest that innovation quality, as 

measured by patent citation information, deteriorated after the working-hours regulations, supporting 

our hypothesis.  

<Table 4 about here> 

6.3. Innovation inputs: R&D expenditures 

Next, we examine whether the working-hours restriction led to changes in innovation inputs, 

specifically focusing on R&D spending. If the reform discouraged firms from allocating resources to 

innovation, the reduction in innovation quality observed in Tables 3 and 4 could be attributed to a 

decline in R&D investment rather than the direct effects of the working-hours restriction itself. To test 

this possibility, we run difference-in-differences regressions of R&D intensity and R&D expenditures. 

The results are presented in Table 5. The dependent variables are R&D for the odd-numbered 

columns and lnR&D for the even-numbered columns. We use data from 2016–2019 for columns (1) 

and (2) and restrict the sample period to 2017 and 2019 for columns (3) and (4). The coefficients on 

interaction between After and Treat are statistically insignificant in all columns, suggesting that neither 

R&D intensity nor R&D spending changed significantly around the reform. 

<Table 5 about here> 

6.4. Sample division by R&D investment 

We expect the effect of working-hours restrictions on innovation to be stronger among firms that 

invest more heavily in R&D, as these firms are more likely to produce radical innovations. In particular, 

firms with high R&D expenditures likely engage in complex and ambitious projects that require 
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iterative processes and ongoing adjustments, and thus disruptions caused by working-hours restrictions 

could lead to a more significant diminishment of innovation outcomes. 

Furthermore, in firms with significant R&D investments, the distinction between work and breaks 

during official working hours is often blurred. For example, in Korea, thanks to loosely monitored 

work hours, employees in R&D-intensive firms may find it easier to take breaks at their own discretion 

and keep their offices open beyond standard hours, unlike traditional ‘brick-and-mortar’ industries.11 

In such environments, where the working-hours management culture is flexible, imposing limits on 

working hours would compel workers to complete all their tasks within the allotted time, thereby 

intensifying time pressure. Prior research suggests that excessive time pressure narrows cognitive 

scope (Janis, 1982), results in a preference for low-risk solutions (Ben Zur and Breznitz, 1981), and 

leads to the omission of some information (Edland and Svenson, 1993), which together can produce 

less-creative work. As a result, we conjecture that firms that heavily invest in R&D experience more 

pronounced declines in innovation quality.  

The results are presented in Table 6. The dependent variables are those examined in Tables 3 and 

4. Panel (a) includes firms with above-median R&D expenditure, while Panel (b) consists of those 

with below-median R&D expenditure. The coefficients on Treat × After are positive in columns (1) 

and (2) of both panels, where the dependent variables are lnAPPL and lnRJT, but statistically 

significant only in Panel (a). This indicates that the increase in patent applications and rejections 

occurred exclusively among firms with higher R&D investments. The number of granted patents 

(lnGRT) is not significant in either group, as shown in column (3) of both panels, consistent with the 

findings in Table 3. 

A similar pattern emerges in the innovation quality measures examined in Table 4. The 

coefficients of interest are negative in columns (4)–(6) in both panels, where the dependent variables 

are lnCITE, lnCPP, and lnCITED, respectively. However, while the coefficients are statistically 

significant in Panel (a), none of them are significant in Panel (b). Furthermore, the magnitudes of the 

coefficients are significantly larger in Panel (a) compared to those in Panel (b). This suggests that the 

decline in citation-based innovation quality is concentrated in firms with greater R&D expenditure. 

 
11  In Korea, many firms have compensated office workers with comprehensive salary packages that do not clearly 

distinguish between regular and overtime work (Kang and Park, 2023). Consequently, these workers often spend more time 

at the office than stipulated without receiving overtime pay, while their regular working hours are not strictly monitored 

and interim breaks are generally allowed. Given this work culture, the enforcement of a 52-hour workweek may intensify 

time pressure, especially in research-oriented jobs where the line between focused work and breaks tends to blur and 

employees often utilize their offices beyond regular hours without strict oversight. 
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Lastly, the coefficient of interest is not statistically significant in column (7), where the dependent 

variable is CITED/GRT, in either group. However, the economic magnitude and statistical significance 

are twice as large in Panel (a). Overall, the results in this table suggest that the effect of the working-

hours restrictions on innovation quality is mostly observed in firms with high R&D investment.  

<Table 6 about here> 

6.5. Prior trends 

In this section, we examine whether there is a particular time trend in our innovation measures 

prior to the reform. For the analysis we generate indicator variables that take the value of one for a 

given year and zero otherwise. For example, Year2011 is one for the year 2011 and zero otherwise. 

The interaction of Treat with these year indicators captures whether the trends in treated and control 

firms’ innovation quantity or quality diverges in a given year. The model for testing the parallel trends 

assumption is summarized in equation (12).12 

𝐼𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑜𝑛𝑖,𝑡 = 𝛽0 + 𝛽1𝑇𝑟𝑒𝑎𝑡𝑖 + 𝛽2∑ 𝑌𝑒𝑎𝑟 𝑘𝑡
2019

𝑘=2011
+ 𝛽3∑ 𝑇𝑟𝑒𝑎𝑡𝑖 × 𝑌𝑒𝑎𝑟 𝑘𝑡

2019

𝑘=2011
 

+ 𝛽𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡−1 + 𝐹𝑖𝑟𝑚 𝐹𝐸 + 𝑌𝑒𝑎𝑟𝐹𝐸                         (12)  

 

   The results are presented in Table 7. The dependent variables are lnAPPL, lnRJT, lnGRT, lnCITE, 

lnCPP, lnCITED and CITED/GRT, corresponding to columns (1), (2), (3), (4), (5), (6) and (7), 

respectively. In column (1), where the dependent variable is lnAPPL, the coefficients on the interaction 

terms for the pre-treatment periods (2011–2016) are consistently negative and statistically significant 

up to 2014. In the post-treatment periods (2018–2019), the coefficients turn positive, though without 

statistical significance. A similar trend appears in column (2), where the dependent variable is lnRJT. 

The coefficients on the interaction terms are consistently negative and sometimes statistically 

significant before treatment, turning positive afterward. In column (3), the coefficients for lnGRT 

remain negative across all periods and are statistically insignificant in most cases, suggesting no 

fundamental differences in the number of granted patents between treated and control firms. These 

findings indicate that while the parallel trends assumption is not fully validated, there is no clear 

evidence of a specific time trend driving the results for these variables.  

 
12 Year2017 and its interaction term TreatxYear2017 are dropped from the model to avoid multicollinearity. 
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The results regarding citation variables are reported in columns (4)–(7). In column (4), where the 

dependent variable is lnCITE, the coefficients on the interaction terms for the pre-treatment periods 

are statistically insignificant but turn negative and statistically significant during the post-reform 

period. In column (5), with lnCPP as the dependent variable, the coefficients on the pre-treatment 

interaction terms are statistically insignificant, except for Treat × Year2013. This suggests that there 

were no substantial differences in citations per patent between treated and control firms before the 

treatment. On the other hand, the coefficients on the interaction terms for the post-treatment periods 

are negative and statistically significant. In column (6), where the dependent variable is lnCITED, the 

coefficients on the interaction terms for the pre-treatment periods are statistically insignificant, 

indicating no differential trends in the number of ever-cited patents between treated and control firms 

before the treatment. However, the coefficients on the interaction terms for the post-treatment periods 

are negative and statistically significant. Lastly, in column (7), where the dependent variable is 

CITED/GRT, the coefficients on the interaction terms for the pre-treatment periods are statistically 

insignificant, except for the coefficient on Treat × Year2013, which further confirms that there were 

no fundamental differences in cited patents between treated and control firms before the treatment. In 

contrast, the coefficients on the interaction terms for the post-treatment periods turn negative and 

statistically significant. Therefore, the results presented in this table suggest that it is unlikely our main 

findings—no significant change in the quantity of innovation but a deterioration in innovation quality 

after the reform—are driven by any pre-existing trends.  

<Table 7 about here> 

6.6. Capital-Market Evidence: Abnormal Returns and the Market Value of Patents 

We additionally examine two capital‐market–based measures to assess how investors perceive 

firms’ innovative activity following the reform: abnormal stock returns (RET) and patent market value 

(PMV). Together, RET and PMV provide complementary evidence on how the stock market evaluates 

firms’ innovation prospects and the economic value of their intellectual property in the post-reform 

environment. 

Table 8 reports the regression results using RET and PMV as dependent variables. Across all 

specifications, the coefficient on Treat × After is negative. When RET is the dependent variable, as 

shown in Columns (1) and (3), the coefficient is negative but statistically insignificant in the broader 

event window (t–2, t–1 vs. t, t+1). However, when the analysis focuses on a narrower window (t–1 vs. 

t+1) that reduces the likelihood of contamination from unrelated events, the estimate becomes negative, 
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larger in magnitude, and statistically significant at the 1% level. This pattern indicates that investors 

interpret the reform as an adverse shock to the stock performance of treated firms.   

The dependent variable is PMV in Columns (2) and (4). The coefficient on Treat × After is 

negative and statistically significant in both columns, regardless of whether the event window is wide 

or narrow. This suggests a robust decline in the economic value of patents for treated firms following 

the reform. Because PMV captures how capital markets evaluate the future returns to a firm’s 

innovative activity, the significant reduction in patent value implies that investors anticipate weaker 

economic benefits from these innovations after the reform. Taken together, the evidence from both 

tests indicates that reduced working hours not only diminish the quality of innovative output but also 

lead capital markets to assign lower valuations to treated firms and their patents. 

<Table 8 about here> 

6.7. Impact of the 52-hour workweek restriction on work–life balance 

We examine whether the 52-hour workweek restriction indeed improves employees’ work–life 

balance. For this analysis, we use employee satisfaction survey data from JobPlanet, an online platform 

that aggregates employee feedback across multiple firms in Korea. The dataset includes firm-level 

metrics on employee satisfaction in five categories: work–life balance, management, compensation, 

corporate culture, and promotion opportunities. We perform difference-in-differences regressions for 

each satisfaction category. In the survey, employees rate their firms in each category on a 100-point 

scale with options of 20, 40, 60, 80, and 100. Therefore, the minimum possible score is 20 and the 

maximum is 100. We calculate average satisfaction scores per firm-year and then convert these scores 

into a 5-point ordinal scale: averages from 20 to 39 are assigned the value of 1, averages from 40 to 

59 are assigned the value of 2, averages from 60 to 79 are assigned the value of 3, and averages from 

80 to 99 are assigned the value of 4. An average score of 100 is assigned the value of 5. The resulting 

variables are WLB (work–life balance), Manager (management), Compensation (compensation), 

Culture (corporate culture), and Promotion (promotion opportunities). We obtain these variables for 

3,811 firm-year observations. Summary statistics for these employee satisfaction variables are reported 

in Panel (a) of Table 9. 

The results of the difference-in-differences regressions for each satisfaction category are 

presented in Panel (b). The dependent variables are WLB, Manager, Compensation, Culture, and 

Promotion in columns (1), (2), (3), (4), and (5), respectively. The variable of interest in all columns is 

Treat × After. The coefficient on Treat × After is statistically significant and positive in column (1), 
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where the dependent variable is WLB (coefficient = 0.086, p-value = 0.023). The coefficients of interest 

in the regressions for the other satisfaction dimensions are, however, statistically insignificant. These 

findings indicate that the policy intervention exerted a targeted effect on employees’ perceptions of the 

work–life balance, which is consistent with the policy’s aims. The lack of significant effects along 

other satisfaction dimensions suggests that the improvement in the work–life balance is unlikely to be 

driven by a general improvement in overall employee satisfaction. 

<Table 9 about here> 

7. Discussion and conclusion 

Time is a fundamental resource for innovation, yet its management has received relatively limited 

attention in the literature. Our study shows that working-hours regulations do not have a uniformly 

positive or negative effect on innovation; instead, they generate two-opposing effects. On the one hand, 

binding working-hours limits compress the time that can be devoted to innovation-related activities, 

reducing the temporal slack available for exploration and experimentation. On the other hand, shorter 

working hours can generate creativity-recovery benefits by improving work-life balance, lowering 

fatigue, and replenishing cognitive resources. The net effect on innovation performance thus depends 

on how these two forces balance out in a given organization. Our analysis of the 2018 Korean working-

hours reform shows that the quantity of innovation remains stable or slightly increases, while 

innovation quality deteriorates. These results suggest that firms’ innovation activities became more 

output-oriented, consistent with our speed-over-depth scenario. In line with this deterioration in 

innovation quality, we also observe a decline in the economic value of patents, reinforcing the 

possibility that reduced working hours shifted firms’ innovation portfolios toward higher volume but 

lower-impact outcomes.   

Our study offers an important managerial implication: time should be managed as a strategic 

resource. Managers need to design working-time systems that mitigate the costs of time compression—

for example, by protecting innovation activities from routine overload and non-essential tasks and by 

allowing temporal slack for deep exploration and autonomy—while at the same time amplifying the 

benefits of shorter working hours, such as improved focus and higher per-hour productivity. The key 

challenge for managers is thus to arrange working hours and internal processes so that the gains from 

shorter working hours are not fully offset by the loss of temporal resources for innovation. 

Another implication of our study is that managers need to strategically decide where to position 

their firms on the spectrum between innovation quantity and quality. Our findings indicate that, under 
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binding working-hour caps, firms may face situations in which maintaining or increasing the volume 

of innovation outputs comes at the cost of their novelty or impact. In some industries where 

quantitative productivity is relatively valuable, generating a larger number of moderately novel ideas 

may be more profitable. In contrast, in technology-intensive sectors where breakthrough innovations 

are critical for firms’ long-term survival and competitive advantage, enhancing the quality of 

innovations, even at the expense of quantity, will be more strategically important. 

From an empirical standpoint, identifying the effects of working-hours reductions on innovation 

is challenging. Researchers often rely on labor-regulation indices provided by international agencies 

such as the OECD and the World Bank Group and conduct country-level analyses. For example, the 

OECD provides data under the categories ‘Indicators of Employment Protection’ and ‘Hours Worked,’ 

while the World Bank Group offers ‘Doing Business’ measures, which include indices that assess 

labor-market rigidity, such as the difficulty involved in hiring and firing workers, the rigidity of 

working hours, and the cost of increasing working hours. Other unobservable factors may however 

simultaneously influence both innovation and these indices at the country level (Aghion et al., 2023). 

Some studies also examine this relationship at the firm level. Yet even at the firm level, when we 

observe a negative association between working hours and innovation and interpret it as evidence that 

reducing working hours improves innovation performance, reverse causality might arise; firms that 

achieve strong innovation performance may offer shorter working hours. Moreover, certain 

unobservable firm-level attributes might lead them to hire more efficient workers who work fewer 

hours and are more innovative, introducing issues that might involve omitted variable bias. 

Against this background, 2018 working-hours reform in Korea presents an ideal setting for 

identifying the causal impact of limited working hours on corporate innovation, for two primary 

reasons. First, the regulatory threshold for firm size was set arbitrarily by the government, mitigating 

endogeneity concerns that might come into play if firms had self-selected into the treatment. This 

enables us to employ a difference-in-differences approach to compare innovation outcomes in the 

periods before and after the regulation went into effect between treated and control groups of firms. 

Second, because the laws were not enacted with the goal of either promoting or stifling innovation and 

did not directly influence the innovation aspect, changes observed in innovation outcomes post-reform 

can be attributed to the reduction in working hours. 

Our study provides important insights for policymakers who are interested in designing labor 

regulations that enhance the working environment for employees. Despite widespread recognition of 

the need to enhance workers’ well-being and provide better employee protection, there remains a 
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debate over the impact of such labor regulations on the broader economy, including economic growth, 

productivity, and firm-level innovation. While some research suggests that stringent labor regulations 

may impede corporate innovation and economic growth (Autor et al., 2007; Bassanini et al., 2009; 

Cingano et al., 2010; Griffith and Macartney, 2014; World Bank Group, 2019), other studies argue that 

stronger employee protections can enhance innovation (Acharya et al., 2013; 2014) and that improving 

the work–life balance may foster creativity and innovation (Agrawal et al., 2018; Hambrick and Snow, 

1977; Moses, 1992; Thompson, 1967).  

The negative impact of the 2018 reform on innovation contrasts sharply with the impact of similar 

regulations that offer greater flexibility for managing working hours. For example, the five-day 

workweek system, which was introduced in Korea gradually between 2004 and 2011, is generally 

associated with positive effects on labor productivity and employee welfare (Ahn, 2016; Lee and Lee, 

2016; Park and Park, 2019). Unlike the five-day workweek, which offers greater flexibility for 

managing working time, the 52-hour workweek imposes a strict cap on working hours. This rigidity 

likely reduces operational flexibility and may also entail significant compliance costs, such as 

mandatory computer shutdowns and turning off office lights at designated times—measures that are 

designed solely for complying with regulations and may not necessarily enhance productivity. 

Consequently, unlike the more adaptable five-day workweek system, the 52-hour workweek may 

provide less flexibility for managing work time, generating less favorable innovation outcomes. 

Our findings suggest that, when designing labor regulations, such as limiting working hours, it is 

crucial to ensure that they achieve their intended objectives without adversely affecting other aspects. 

By offering adaptable and flexible policy options, policymakers could more effectively achieve their 

primary objectives associated with improving the work–life balance for employees without 

compromising financial and managerial performance. This perspective is also in line with recent 

discussions that suggest that relaxing the weekly working-hours limit in certain sectors, such as 

manufacturing, construction, healthcare, and engineering, during peak periods will produce favorable 

outcomes (Ministry of Employment and Labor, 2023). 13  Our findings emphasize that, when 

implementing regulations, it is necessary to thoroughly consider the consequences and tailor labor 

 
13 In 2024, several years after the implementation of the working-hours reform in 2018, the 52-hour workweek faced 

criticism from the Korean semiconductor industry, which places a high premium on innovation under intense competition 

with global companies such as Nvidia and TSMC. An industry insider noted that “Korean researchers have to leave the 

office even if they come up with an idea after a discussion.” (Kwak, 2024). This has prompted a legislative proposal to 

relax working-hours constraints for high-income employees, which is similar to the white-collar overtime exemptions 

under the Fair Labor Standards Act in the US (Hwang, 2024; Jeong and Park, 2024; Park, 2024; Park et al., 2024). 

https://www.donga.com/en/article/all/20241104/5264857/1
https://www.joongang.co.kr/article/25289154
https://www.hankyung.com/article/2024110371131
https://www.chosun.com/economy/industry-company/2024/11/04/5UFBFXHZNJAMNDSIG223JEKU6M/
https://www.mk.co.kr/en/business/11158160#none
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policies to the specific needs and conditions of individual industries to ensure that these regulations 

support, rather than hinder, productivity and innovation. 

Last, this study highlights a potential trade-off between regulatory-driven improvements in 

environmental, social, and governance (ESG) factors and competitiveness, particularly in terms of 

innovation, offering valuable insights for both policymakers and corporate strategists. We find that the 

2018 working-hours reform has successfully improved employees’ work–life balance, aligning with 

the regulatory objective of enhancing employee well-being. This improvement is closely tied to the 

‘social’ dimension of ESG. For example, the Korea Corporate Governance Service (KCGS), a leading 

ESG rating agency in Korea, explicitly incorporates employee-related factors as one of the four key 

categories in its social responsibility assessment. Our results indicate, however, that while such 

regulatory efforts may enhance ESG performance by prioritizing employee satisfaction, they could 

inadvertently impact other aspects of performance, particularly in areas requiring long-term strategic 

innovation. In the long run, this could result in lower employee satisfaction due to diminished firm 

performance. Moreover, weakened innovation and competitiveness may ultimately harm not only 

employees but also shareholders and other stakeholders who depend on the firm’s sustained success. 

These findings underscore the importance of carefully balancing regulatory objectives with the need 

to maintain long-term value creation for all stakeholders. 

  To the best of our knowledge, this study is the first to establish causal evidence indicating that 

limiting working hours impacts innovation. It offers theoretical implications for understanding how 

working-hours limits, targeting one of the most important aspects of the work environment, affect 

innovation as well as empirical implications for identifying a causal effect of working hours on 

innovation. This study also however recognizes limitations that open up avenues for future research. 

In our analysis we narrow our sample period around the 2018 regulation to secure clean control firms 

and identify a causal impact of the reform. Future studies could explore the long-term effects of similar 

reforms, as their impact on innovation may persist. In addition, although we identify a significant link 

between working hours and innovation, the specific mechanisms through which working hours 

influence innovation remain understudied. Future research could investigate how these reforms 

influence creative-thinking processes and individual motivations to undertake innovative behavior, 

thereby providing deeper insights into the mechanisms by which working hours affect innovation 

outcomes. 
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Figure 1. Impact of a 52-hour workweek limit on innovation quality and quantity:  

H1a (Compression-trap)  

Notes. Both innovation quality and quantity decline under a binding 52-hour limit. (a) Expected payoff from an innovation 

project as a function of total working time, 𝑡𝑤. (b) Quantity of the innovation project as a function of time spent on 

improving innovation quantity, 𝑡𝑞. (c) Expected quality of the innovation project as a function of time spent on increasing 

innovation quality, 𝑡𝑣. (d) Simulated distribution of innovation quality outcomes. Parameter values: 𝐴𝑣 = 1.5, 𝐴𝑞 = 1.5,

𝛼 = 0.85, 𝛽 = 0.85, 𝛿𝑣 = 0.01, 𝛿𝑞 = 0.01, and 𝛾 = 0.02.  
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Figure 2. Impact of a 52-hour workweek limit on innovation quality and quantity:  

H1b (Speed-over-depth) 

Notes. Innovation quantity increases but quality declines under binding time constraints. (a) Expected payoff from an 

innovation project as a function of total working time, 𝑡𝑤. (b) Quantity of the innovation project as a function of time spent 

on improving innovation quantity, 𝑡𝑞 . (c) Expected quality of the innovation project as a function of time spent on 

increasing innovation quality, 𝑡𝑣. (d) Simulated distribution of innovation quality outcomes. The parameter values: 𝐴𝑣 =

1.5, 𝐴𝑞 = 1.5, 𝛼 = 0.85, 𝛽 = 0.85, 𝛿𝑣 = 0.002, 𝛿𝑞 = 0.018, and 𝛾 = 0.02.  
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Figure 3. Impact of a 52-hour workweek limit on innovation quality and quantity:  

H1c (Creative-rebound) 

Notes. Innovation quantity decreases but quality improves following reduced working hours. (a) Expected payoff from an 

innovation project as a function of total working time, 𝑡𝑤. (b) Quantity of the innovation project as a function of time spent 

on improving innovation quantity, 𝑡𝑞 . (c) Expected quality of the innovation project as a function of time spent on 

increasing innovation quality, 𝑡𝑣. (d) Simulated distribution of innovation quality outcomes. The parameter values: 𝐴𝑣 =

1.5, 𝐴𝑞 = 1.5, 𝛼 = 0.85, 𝛽 = 0.85, 𝛿𝑣 = 0.018, 𝛿𝑞 = 0.002 and 𝛾 = 0.02.  
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Table 1. Summary statistics 

Variable N Mean Std. Dev. Min 25% Median 75% Max 

lnAPPL 5,891  1.052 1.199 0.000 0.000 0.693 1.792 5.011 

lnRJT 5,891  0.509 0.896 0.000 0.000 0.000 0.693 4.394 

lnGRT 5,891  0.850 1.054 0.000 0.000 0.693 1.386 4.443 

lnCITE 5,891  0.572 0.980 0.000 0.000 0.000 0.994 4.052 

lnCPP 5,891  0.215 0.378 0.000 0.000 0.000 0.349 1.578 

lnCITED 5,891  0.408 0.710 0.000 0.000 0.000 0.693 3.258 

CITED/GRT 5,891  0.165 0.292 0.000 0.000 0.000 0.250 1.000 

Size 5,891  18.893 1.266 16.361 18.032 18.699 19.555 22.789 

ROA 5,891  0.057 0.083 -0.229 0.020 0.056 0.100 0.286 

SalesGrowth 5,891  0.079 0.370 -0.654 -0.082 0.029 0.150 2.228 

R&D 5,891  0.053 0.115 0.000 0.003 0.016 0.052 0.859 

lnR&D 5,891  12.561 5.115 0.000 12.850 14.252 15.303 18.521 

Cash 5,891  0.093 0.096 0.001 0.025 0.062 0.127 0.490 

Leverage 5,891  0.368 0.199 0.034 0.204 0.361 0.511 0.860 

Q 5,891  1.655 1.372 0.510 0.913 1.199 1.808 9.212 

Capex 5,891  0.282 0.859 -0.669 0.026 0.088 0.236 6.847 

Foreign 5,891  0.065 0.099 0.000 0.008 0.024 0.074 0.526 

Volatility 5,891  0.134 0.081 0.022 0.080 0.114 0.164 0.486 

Age 5,891  3.155 0.707 0.693 2.833 3.178 3.714 4.290 

HHI 5,891  0.152 0.117 0.025 0.059 0.110 0.213 0.507 
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Table 2. Correlation coefficients 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) 

(1) lnAPPL 1.000                                       

                                          

(2) lnRJT 0.833 1.000                                     

  (0.000)                                       

(3) lnGRT 0.942 0.655 1.000                                   

  (0.000) (0.000)                                     

(4) lnCITE 0.753 0.518 0.815 1.000                                 

  (0.000) (0.000) (0.000)                                   

(5) lnCPP 0.445 0.217 0.486 0.798 1.000                               

  (0.000) (0.000) (0.000) (0.000)                                 

(6) lnCITED 0.770 0.536 0.836 0.968 0.703 1.000                             

  (0.000) (0.000) (0.000) (0.000) (0.000)                               

(7) CITED/GRT 0.375 0.151 0.414 0.672 0.910 0.657 1.000                           

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)                             

(8) Size 0.350 0.370 0.331 0.282 0.073 0.297 0.030 1.000                         

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.022)                           

(9) ROA 0.172 0.123 0.179 0.162 0.111 0.167 0.104 0.198 1.000                       

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)                         

(10) SalesGrowth 0.014 0.012 0.010 0.018 0.019 0.023 0.027 -0.034 0.217 1.000                     

  (0.296) (0.356) (0.437) (0.159) (0.156) (0.075) (0.042) (0.009) (0.000)                       

(11) R&D 0.069 0.064 0.036 -0.010 0.006 -0.007 0.021 -0.222 -0.318 -0.007 1.000                   

  (0.000) (0.000) (0.005) (0.433) (0.645) (0.572) (0.113) (0.000) (0.000) (0.581)                     

(12) lnR&D 0.368 0.294 0.339 0.248 0.163 0.249 0.143 0.121 0.044 -0.043 0.250 1.000                 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.000)                   

(13) Cash -0.071 -0.065 -0.075 -0.051 -0.005 -0.059 -0.003 -0.288 0.034 0.048 0.126 -0.002 1.000               

  (0.000) (0.000) (0.000) (0.000) (0.701) (0.000) (0.832) (0.000) (0.009) (0.000) (0.000) (0.892)                 

(14) Leverage 0.100 0.098 0.091 0.077 0.040 0.077 0.030 0.166 -0.126 -0.002 -0.129 0.041 -0.236 1.000             

  (0.000) (0.000) (0.000) (0.000) (0.002) (0.000) (0.022) (0.000) (0.000) (0.876) (0.000) (0.002) (0.000)               

(15) Q 0.045 0.050 0.029 0.021 0.027 0.026 0.041 -0.262 -0.111 0.114 0.471 0.091 0.201 -0.108 1.000           

  (0.001) (0.000) (0.026) (0.102) (0.036) (0.045) (0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)             

(16) Capex -0.032 -0.030 -0.031 -0.018 -0.003 -0.018 0.003 -0.108 -0.011 0.130 0.076 -0.070 0.086 -0.057 0.123 1.000         

  (0.013) (0.022) (0.016) (0.176) (0.805) (0.169) (0.826) (0.000) (0.408) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)           

(17) Foreign 0.273 0.281 0.260 0.206 0.046 0.222 0.019 0.443 0.232 0.011 -0.058 0.102 -0.023 -0.128 0.022 -0.024 1.000       

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.153) (0.000) (0.000) 0.4098 (0.000) (0.000) (0.076) (0.000) (0.085) (0.062)         

(18) Volatility -0.091 -0.076 -0.093 -0.086 -0.033 -0.086 -0.016 -0.276 -0.194 0.028 0.126 0.005 0.123 0.095 0.349 0.051 -0.165 1.000     

  (0.000) (0.000) (0.000) (0.000) (0.012) (0.000) (0.218) (0.000) (0.000) (0.035) (0.000) (0.710) (0.000) (0.000) (0.000) (0.000) (0.000)       

(19) Age -0.048 -0.021 -0.048 -0.042 -0.063 -0.040 -0.059 0.313 -0.058 -0.107 -0.168 0.019 -0.209 0.054 -0.199 -0.136 0.085 -0.082 1.000   

  (0.000) (0.114) (0.000) (0.001) (0.000) (0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.155) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)     

(20) HHI 0.000 0.014 0.002 -0.004 -0.034 0.003 -0.040 0.078 0.003 -0.070 -0.134 -0.053 -0.001 0.027 -0.191 -0.025 0.047 -0.057 0.030 1.000 

  (0.998) (0.277) (0.879) (0.785) (0.010) (0.838) (0.002) (0.000) (0.813) (0.000) (0.000) (0.000) (0.950) (0.042) (0.000) (0.057) (0.000) (0.000) (0.021)   

Notes. The p-values are presented in parentheses. 
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Table 3. Patent application filings, rejections, and grants 

  t-2, t-1 vs. t, t+1   t-1 vs. t+1  

  (1) lnAPPL (2) lnRJT (3) lnGRT   (4) lnAPPL (5) lnRJT (6) lnGRT 

TreatAfter 0.067** 0.046** 0.013      0.060 0.053 -0.025 

  (2.44) (2.07) (0.47)      (1.47) (1.63) (-0.62) 

Size 0.146*** 0.107*** 0.073*     0.150** 0.101* 0.080 

  (3.67) (3.29) (1.83)      (2.28) (1.93) (1.22) 

ROA 0.206 -0.140 0.369**    0.062 0.041 0.107 

  (1.23) (-1.02) (2.21)      (0.22) (0.18) (0.37) 

SalesGrowth -0.033 0.000 -0.037      -0.036 -0.021 -0.037 

  (-1.43) (0.01) (-1.61)      (-0.81) (-0.59) (-0.84) 

R&D -0.123 -0.081 -0.099      -0.371 -0.185 -0.277 

  (-0.91) (-0.73) (-0.74)      (-1.59) (-1.00) (-1.19) 

Cash -0.202 -0.067 -0.160      -0.183 -0.365** 0.093 

  (-1.58) (-0.64) (-1.25)      (-0.83) (-2.09) (0.42) 

Leverage -0.163* -0.184** -0.070      -0.131 -0.260** 0.063 

  (-1.73) (-2.39) (-0.74)      (-0.84) (-2.11) (0.40) 

Q 0.018 0.014 0.011      0.032 0.006 0.025 

  (1.47) (1.36) (0.85)      (1.45) (0.37) (1.12) 

Capex 0.007 0.002 0.006      0.021 -0.010 0.034* 

  (0.76) (0.23) (0.60)      (1.14) (-0.67) (1.85) 

Foreign 0.073 -0.101 0.326      0.209 0.106 0.485 

  (0.31) (-0.53) (1.40)      (0.53) (0.34) (1.24) 

Volatility -0.271** -0.253** -0.111      -0.028 -0.004 0.031 

  (-2.24) (-2.57) (-0.92)      (-0.12) (-0.02) (0.13) 

Age 0.282** 0.156* 0.236**    0.183 0.177 0.089 

  (2.45) (1.66) (2.05)      (1.04) (1.26) (0.51) 

HHI 0.143 0.017 0.095      -0.225 -0.120 -0.396 

  (0.26) (0.04) (0.17)      (-0.24) (-0.16) (-0.43) 

constant -2.561*** -1.916*** -1.286*     -2.335* -1.838* -1.003 

  (-3.30) (-3.03) (-1.66)      (-1.87) (-1.85) (-0.81) 

N 5,891  5,891  5,891    2,908  2,908  2,908  

R-sq 0.874 0.850 0.838   0.907 0.895 0.880 

adj. R-sq 0.829 0.796 0.780   0.813 0.788 0.758 

Notes. T-statistics are shown in parentheses. Firm and year fixed effects are included in all 

regressions. ***, **, and * indicate significance levels of less than 1%, 5%, and 10%, respectively. 
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Table 4. Citations received 

  t-2, t-1 vs. t, t+1   t-1 vs. t+1 

  (1) lnCITE (2) lnCPP (3) lnCITED (4) CITED/GRT   (5) lnCITE (6) lnCPP (7) lnCITED (8) CITED/GRT 

TreatAfter -0.181*** -0.054*** -0.183*** -0.051***   -0.293*** -0.072*** -0.265*** -0.053*** 

  (-5.40) (-3.09) (-7.90) (-3.66)      (-6.03) (-3.04) (-7.81) (-2.85)    

Size 0.021 -0.006 0.019 -0.002      0.044 -0.021 0.033 -0.029    

  (0.43) (-0.24) (0.56) (-0.10)      (0.56) (-0.54) (0.60) (-0.96)    

ROA 0.093 0.057 0.109 0.094      -0.086 -0.094 -0.015 -0.093    

  (0.45) (0.54) (0.77) (1.11)      (-0.25) (-0.56) (-0.06) (-0.71)    

SalesGrowth -0.003 0.002 0.009 0.007      0.002 0.003 0.010 0.011    

  (-0.12) (0.13) (0.47) (0.63)      (0.04) (0.14) (0.26) (0.52)    

R&D -0.220 -0.104 -0.100 -0.036      -0.211 -0.055 -0.166 -0.055    

  (-1.34) (-1.20) (-0.88) (-0.52)      (-0.75) (-0.40) (-0.85) (-0.51)    

Cash 0.105 0.007 0.000 -0.048      0.371 0.074 0.240 0.029    

  (0.66) (0.09) (0.00) (-0.74)      (1.41) (0.57) (1.31) (0.29)    

Leverage -0.012 0.009 -0.046 -0.003      0.045 0.003 -0.013 -0.032    

  (-0.11) (0.15) (-0.58) (-0.06)      (0.24) (0.03) (-0.10) (-0.45)    

Q 0.002 0.002 0.004 0.005      0.027 0.001 0.026 0.003    

  (0.15) (0.30) (0.34) (0.75)      (1.00) (0.10) (1.39) (0.29)    

Capex 0.002 -0.001 0.004 0.000      0.056** 0.018* 0.041*** 0.014    

  (0.15) (-0.23) (0.53) (0.06)      (2.52) (1.65) (2.66) (1.64)    

Foreign -0.019 -0.227 0.114 -0.188      0.353 0.011 0.424 0.008    

  (-0.06) (-1.52) (0.58) (-1.59)      (0.75) (0.05) (1.29) (0.05)    

Volatility -0.175 -0.029 -0.119 -0.012      -0.214 -0.099 -0.138 -0.077    

  (-1.18) (-0.37) (-1.17) (-0.19)      (-0.78) (-0.74) (-0.72) (-0.74)    

Age 0.139 0.079 0.049 0.037      -0.156 0.039 -0.123 0.056    

  (0.98) (1.08) (0.51) (0.63)      (-0.74) (0.37) (-0.83) (0.69)    

HHI 0.171 -0.132 0.028 -0.151      0.640 0.658 0.343 0.718*   

  (0.26) (-0.38) (0.06) (-0.55)      (0.57) (1.20) (0.44) (1.68)    

constant -0.236 0.123 -0.058 0.127      0.035 0.367 0.048 0.425    

  (-0.25) (0.25) (-0.09) (0.32)      (0.02) (0.50) (0.05) (0.74)    

N 5,891  5,891  5,891  5,891    2,908  2,908  2,908  2,908  

R-sq 0.717 0.483 0.744 0.456    0.776 0.617 0.787 0.598 

adj. R-sq 0.616 0.298 0.653 0.261   0.547 0.227 0.569 0.189 

Notes. T-statistics are shown in parentheses. Firm and year fixed effects are included in all regressions. ***, **, and * indicate significance levels of less than 

1%, 5%, and 10%, respectively. 
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Table 5. Innovation inputs: R&D expenditures  

  t-2, t-1 vs. t, t+1   t-1 vs. t+1  

  (1) R&D (2) lnR&D   (3) R&D (4) lnR&D 

TreatAfter 0.005 0.001      0.001 -0.035    

  (1.32) (0.01)      (0.14) (-0.17)    

Size 0.019*** 0.534**    0.019** 0.458    

  (3.75) (2.48)      (2.23) (1.33)    

ROA 0.023 2.087**    -0.019 0.265    

  (1.12) (2.35)      (-0.52) (0.18)    

SalesGrowth -0.010*** -0.181      -0.005 -0.097    

  (-3.55) (-1.48)      (-0.93) (-0.42)    

Cash 0.032** 0.307      0.043 0.131    

  (2.01) (0.44)      (1.51) (0.11)    

Leverage 0.034*** 0.257      0.003 -0.685    

  (2.87) (0.50)      (0.14) (-0.84)    

Q 0.001 0.081      0.001 0.033    

  (0.41) (1.22)      (0.31) (0.29)    

Capex 0.002 0.122**    0.003 0.259*** 

  (1.30) (2.40)      (1.33) (2.67)    

Foreign 0.074** -0.542      0.104** -4.358**  

  (2.52) (-0.43)      (2.06) (-2.12)    

Volatility 0.004 -0.022      -0.010 2.171*   

  (0.23) (-0.03)      (-0.33) (1.81)    

Age 0.023 3.002***   -0.012 2.419*** 

  (1.62) (4.84)      (-0.51) (2.62)    

HHI 0.021 7.014**    -0.354*** 4.215    

  (0.31) (2.39)      (-2.94) (0.87)    

constant -0.396*** -8.339**    -0.224 -4.330    

  (-4.10) (-2.00)      (-1.39) (-0.67)    

N 5,886  5,891    2,906  2,908  

R-sq 0.838 0.794   0.875 0.861 

adj. R-sq 0.780 0.721   0.748 0.720 

Notes. T-statistics are shown in parentheses. Firm and year fixed effects are included in all 

regressions. ***, **, and * indicate significance levels of less than 1%, 5%, and 10%, 

respectively.  
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Table 6. Sample division by R&D investment 

Panel (a) High R&D investment 

  (1) lnAPPL (2) lnRJT (3) lnGRT (4) lnCITE (5) lnCPP (6) lnCITED (7) CITED/GRT 

TreatAfter 0.122*** 0.091** 0.036 -0.164*** -0.049* -0.159*** -0.028 

  (2.84) (2.28) (0.81) (-2.89) (-1.79) (-4.04) (-1.35) 

Controls Yes Yes Yes Yes Yes Yes Yes 

N 2,836  2,836  2,836  2,836  2,836  2,836  2,836  

R-sq 0.884 0.860 0.845 0.737 0.487 0.769 0.477 

adj. R-sq 0.836 0.802 0.781 0.629 0.276 0.673 0.261 

Panel (b) Low R&D investment 

  (1) lnAPPL (2) lnRJT (3) lnGRT (4) lnCITE (5) lnCPP (6) lnCITED (7) CITED/GRT 

TreatAfter 0.052 0.041 0.025 -0.010 -0.001 -0.027 -0.014 

  (1.23) (1.50) (0.62) (-0.21) (-0.05) (-0.90) (-0.61) 

Controls Yes Yes Yes Yes Yes Yes Yes 

N 2,830  2,830  2,830  2,830  2,830  2,830  2,830  

R-sq 0.731 0.657 0.697 0.601 0.475 0.622 0.442 

adj. R-sq 0.621 0.516 0.572 0.438 0.260 0.467 0.214 

Notes. T-statistics are shown in parentheses. Firm and year fixed effects are included in all regressions. ***, **, and * indicate significance levels of less 

than 1%, 5%, and 10%, respectively. 
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Table 7. Parallel trends 

  (1) lnAPPL (2) lnRJT (3) lnGRT (4) lnCITE (5) lnCPP (6) lnCITED (7) CITED/GRT 

TreatYear2011 -0.102** -0.072* -0.098** -0.047 -0.014 0.032 0.029    

  (-2.14) (-1.83) (-2.09) (-0.83) (-0.49) (0.76) (1.16)    

TreatYear2012 -0.093** -0.084** -0.058 -0.001 -0.033 0.054 -0.019    

  (-1.98) (-2.15) (-1.26) (-0.02) (-1.16) (1.31) (-0.81)    

TreatYear2013 -0.109** -0.059 -0.079* -0.064 -0.059** 0.003 -0.042*   

  (-2.35) (-1.52) (-1.73) (-1.17) (-2.10) (0.07) (-1.74)    

TreatYear2014 -0.106** -0.073* -0.062 0.029 -0.001 0.058 0.006    

  (-2.30) (-1.92) (-1.38) (0.54) (-0.05) (1.42) (0.27)    

TreatYear2015 -0.034 -0.053 -0.041 -0.004 -0.010 0.029 -0.001    

  (-0.75) (-1.41) (-0.91) (-0.08) (-0.37) (0.71) (-0.06)    

TreatYear2016 -0.018 -0.022 -0.050 -0.029 -0.026 0.014 -0.008    

  (-0.41) (-0.60) (-1.13) (-0.54) (-0.96) (0.35) (-0.37)    

TreatYear2018 0.033 0.002 -0.012 -0.125** -0.064** -0.112*** -0.057**  

  (0.76) (0.05) (-0.29) (-2.43) (-2.44) (-2.89) (-2.55)    

TreatYear2019 0.059 0.050 -0.021 -0.305*** -0.074*** -0.275*** -0.055**  

  (1.35) (1.37) (-0.48) (-5.89) (-2.83) (-7.12) (-2.44)    

Controls Yes Yes Yes Yes Yes Yes Yes 

N 11,825  11,825  11,825  11,825  11,825  11,825  11,825  

R-sq 0.815 0.762 0.778 0.689 0.434 0.716 0.421 

adj. R-sq 0.787 0.726 0.744 0.642 0.348 0.673 0.333 

Notes. T-statistics are shown in parentheses. Firm and year fixed effects are included in all regressions. ***, **, and * indicate significance levels of less 

than 1%, 5%, and 10%, respectively. 
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Table 8. Abnormal returns and the market value of patents 

  t-2, t-1 vs. t, t+1   t-1 vs. t+1  

  (1) RET (2) PMV   (3) RET (4) PMV 

TreatAfter -0.020 -28.502**    -0.125*** -81.548*** 

  (-0.89) (-2.56)      (-3.85) (-4.54)    

Size -0.510*** 7.840      -0.613*** -4.293    

  (-15.49) (0.48)      (-11.71) (-0.15)    

ROA 0.089 32.827      0.429* 39.207    

  (0.64) (0.48)      (1.88) (0.31)    

SalesGrowth -0.052*** 3.739      -0.028 -1.934    

  (-2.74) (0.40)      (-0.79) (-0.10)    

R&D 0.156 -3.506      0.289 9.775    

  (1.40) (-0.06)      (1.55) (0.09)    

Cash -0.091 45.659      -0.016 78.785    

  (-0.86) (0.88)      (-0.09) (0.81)    

Leverage -0.022 -11.848      0.045 -34.404    

  (-0.28) (-0.31)      (0.36) (-0.50)    

Q -0.232*** -3.123      -0.247*** -2.878    

  (-22.39) (-0.61)      (-13.95) (-0.29)    

Capex 0.002 -1.535      0.015 4.928    

  (0.23) (-0.40)      (1.02) (0.60)    

Foreign -0.681*** 282.860***   -1.246*** 335.452*   

  (-3.53) (2.98)      (-3.99) (1.93)    

Volatility -0.949*** -104.517**    -0.050 -158.515    

  (-9.51) (-2.13)      (-0.28) (-1.56)    

Age 0.416*** 56.842      0.470*** -9.718    

  (4.36) (1.21)      (3.33) (-0.12)    

HHI 0.954** 338.873      1.126 373.187    

  (2.12) (1.53)      (1.51) (0.90)    

constant 8.632*** -257.707      10.195*** 180.571    

  (13.46) (-0.82)      (10.27) (0.33)    

N 5,891 5,891      2,908 2,908    

R-sq 0.409 0.860      0.606 0.859    

adj. R-sq 0.198 0.810      0.204 0.715    

Notes. T-statistics are shown in parentheses. ***, **, and * indicate significance levels of less than 

1%, 5%, and 10%, respectively. 
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Table 9. Employee satisfaction 

Panel (a): Summary statistics 

Variable N Mean Std. Dev. Min Median Max 

WLB 3,811  2.244 0.839 1 2 5 

Manager 3,811  1.792 0.681 1 2 5 

Compensation 3,811  2.220 0.804 1 2 5 

Culture 3,811  2.123 0.706 1 2 5 

Promotion 3,811  2.185 0.624 1 2 5 

Panel (b): DiD regression 

    t-2, t-1 vs. t, t+1 

    (1) WLB (2) Manager (3) Compensation (4) Culture (5) Promotion 

TreatAfter 0.086** 0.048 0.008 0.010 0.004    

    (2.27) (1.35) (0.24) (0.28) (0.12)    

Size -0.069 0.046 0.086 0.000 -0.060    

    (-1.04) (0.72) (1.44) (0.01) (-1.00)    

ROA -0.005 0.259 0.325 -0.218 0.625*** 

    (-0.02) (1.03) (1.38) (-0.85) (2.61)    

SalesGrowth -0.005 0.087** 0.043 0.071* -0.064*   

    (-0.13) (2.45) (1.30) (1.94) (-1.90)    

R&D -0.119 0.037 0.116 0.099 -0.106    

    (-0.44) (0.14) (0.48) (0.37) (-0.44)    

Cash -0.120 0.022 -0.104 -0.126 -0.307*   

    (-0.60) (0.12) (-0.58) (-0.63) (-1.68)    

Leverage -0.117 -0.146 -0.171 -0.284* -0.162    

    (-0.75) (-0.98) (-1.22) (-1.86) (-1.14)    

Q -0.007 0.043** 0.019 0.019 0.016    

    (-0.39) (2.41) (1.18) (1.03) (0.95)    

Capex -0.018 0.000 0.016 0.011 0.007    

    (-1.12) (0.02) (1.15) (0.71) (0.52)    

Foreign -0.071 -0.011 0.269 -0.053 0.014    

    (-0.21) (-0.04) (0.91) (-0.16) (0.05)    

Volatility 0.004 -0.075 -0.042 -0.143 0.282*   

    (0.02) (-0.42) (-0.26) (-0.79) (1.68)    

Age 0.560*** 0.408** 0.004 0.176 0.283    

    (2.87) (2.20) (0.02) (0.92) (1.60)    

HHI 0.242 -0.389 0.428 0.008 -0.873    

    (0.31) (-0.52) (0.62) (0.01) (-1.24)    

constant 1.803 -0.371 0.490 1.658 2.561**  

    (1.35) (-0.29) (0.41) (1.27) (2.12)    

N 3,811  3,811  3,811  3,811  3,811  

R-sq 0.679 0.558 0.722 0.566 0.523 

adj. R-sq 0.557 0.391 0.617 0.402 0.344 

Notes. T-statistics are shown in parentheses. Firm and year fixed effects are included in all regressions. 

***, **, and * indicate significance levels of less than 1%, 5%, and 10%, respectively.  
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Appendix A. Model underlying the numerical examples 

In this appendix, we present the model that underlies the numerical examples in the main text. The 

model highlights a key trade-off: individuals must balance their working time to enhance the quality 

and increase the quantity of innovation they produce, while also managing the associated effort costs 

of work. The optimal level of working hours is determined at the point where the marginal gains from 

extended hours equal the marginal costs of the effort stemming from accumulated fatigue. Within this 

framework, working-hours regulations act as constraints that limit the time available for innovative 

activities, thereby imposing time pressure (Amabile et al., 2002; Andrews and Smith, 1996; Kelly and 

McGrath, 1985). Consequently, if the initial optimal working hours without the regulation exceed the 

regulatory threshold, these constraints may reduce the total time spent on innovation-generating 

activities, potentially resulting in suboptimal outcomes. 

We later extend the model to incorporate a potential benefit of reduced working hours: enhanced 

creativity and productivity arising from greater freedom to experiment with innovative ideas and an 

improved work–life balance. Reducing excessive work hours allows employees to recover, restore 

cognitive resources, and better utilize their latent creative potential, thereby improving overall 

innovative performance (Agrawal et al. 2018). In this extended setting, working-hours regulations 

need not produce a uniform decline in innovation outcomes; instead, reductions in available time may 

be partially compensated by improvements in either the quantity or the quality of innovation. 

 

A. Basic setting 

We begin with a single-period model where one innovation project arrives at the beginning of 

each period. The value of an innovation project, 𝑅, depends on two factors: the innovation’s intrinsic 

quality, 𝑣  (proxied by the number of future patent citations in our context) and the quantity of 

innovation, 𝑞 (the number of patent applications or grants). We assume that 𝑅 = 𝑣 ⋅ 𝑞, which implies 

that the value of an innovation project rises with both the innovation’s intrinsic quality and its quantity. 

In addition, both the quality and quantity of the innovation are assumed to improve with the effort—

or equivalently the working time—devoted to them. Specifically, we assume that 𝑣′(𝑡𝑣) >

0, 𝑞′(𝑡𝑞) > 0 , where 𝑡𝑣  and 𝑡𝑞  denote the time allocated to improving quality and increasing 

quantity, respectively. 

The individual’s payoff from developing an innovation, 𝜋, is defined as 
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𝜋 = 𝑣(𝑡𝑣)𝑞(𝑡𝑞) − 𝑐(𝑡𝑤)     where      𝑡𝑣 + 𝑡𝑞 = 𝑡𝑤,     𝑡𝑣, 𝑡𝑞 ≥ 0.             (A1) 

where 𝑐(𝑡𝑤)  represents the cost of the effort, which increases with total working time (weekly 

working hours), that is, 𝑐′(𝑡𝑤) > 0. This implies that as more time is devoted to the innovation project, 

the value of the project increases, but the cost of the effort, associated with fatigue or burnout, also 

rises, creating a trade-off that determines the overall payoff. 

We assume that an individual’s decision-making process unfolds in two stages. In the first stage, 

the individual decides the total working time 𝑡𝑤 to invest in the innovation project. In the second 

stage, given this total time, the individual decides how to allocate it between enhancing innovation 

quality and increasing innovation quantity to maximize the innovation value.  

Formally, the second-stage problem is: 

max
𝑡𝑣,𝑡𝑞

  𝑣(𝑡𝑣)𝑞(𝑡𝑞)         𝑠. 𝑡.         𝑡𝑣 + 𝑡𝑞 = 𝑡𝑤  ,     𝑡𝑣, 𝑡𝑞 ≥ 0.              (A2) 

Solving this problem yields the time devoted to enhancing the quality of innovation and increasing 

the quantity of innovation, 𝑡𝑣
∗(𝑡𝑤) and 𝑡𝑞

∗(𝑡𝑤), respectively, as functions of total working hours, 𝑡𝑤. 

Substituting these optimal allocations back into the first-stage problem, the individual chooses 𝑡𝑤 to 

maximizes her overall payoff: 

max
𝑡𝑤
 𝜋(𝑡𝑤) ≡ 𝑣(𝑡𝑣

∗(𝑡𝑤))𝑞 (𝑡𝑞
∗(𝑡𝑤)) − 𝑐(𝑡𝑤).                   (A3) 

To obtain an analytical solution, we assume specific functional forms for the three key variables: 

𝑣(𝑡𝑣), 𝑞(𝑡𝑞), and 𝑐(𝑡𝑤). The quality of innovation is assumed to be increasing and concave in time, 

𝑣(𝑡𝑣) = 𝐴𝑣𝑡𝑣
𝛼 ,   𝐴𝑣>0 and 𝛼 ∈ (0,1) , where 𝐴𝑣  represents the efficiency with which effort is 

transformed into quality improvements (e.g., future patent citations). Similarly, the quantity of 

innovation is increasing and concave in time, 𝑞(𝑡𝑞) = 𝐴𝑞𝑡𝑞
𝛽
,  𝐴𝑞 > 0 and  𝛽 ∈ (0,1) , where 𝐴𝑞 

represents the efficiency of transforming time into tangible innovation outputs, such as patent 

applications or grants. The effort cost is assumed to be increasing and convex in total working time, 

𝑐(𝑡𝑤) =
𝛾𝑡𝑤
2

2
, 𝛾 > 0. 

Substituting these functional forms, 𝑣(𝑡𝑣)  and 𝑞(𝑡𝑞),   into Equation (A2) and solving the 

second-stage problem yields: 

𝑡𝑣
∗(𝑡𝑤) =

𝛼

𝛼+𝛽
𝑡𝑤     and      𝑡𝑞

∗(𝑡𝑤) =
𝛽

𝛼+𝛽
𝑡𝑤.                  (A4) 
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That is, the individual allocates time across the two tasks in proportion to their respective elasticities 

of output with respect to time. 

Finally, substituting these results back into Equation (A3), the optimal working time is:  

𝑡𝑤
∗ = [

𝐴𝑣𝐴𝑞

𝛾
𝛼𝛼𝛽𝛽(𝛼 + 𝛽)1−(𝛼+𝛽)]

1

2−(𝛼+𝛽)
                   (A5a) 

and the corresponding maximum payoff is: 

𝜋(𝑡𝑤
∗ ) = 𝐴𝑣𝐴𝑞α

𝛼β𝛽𝑡𝑤
∗ −

γ𝑡𝑤
∗ 2

2
                       (A5b) 

The payoff rises with the efficiency of innovation generation, 𝐴𝑣 and 𝐴𝑞, and falls with higher costs 

of effort, 𝛾. 

A.1. Impact of the 52-hour workweek restriction: Baseline scenario  

We model the 52-hour workweek regulation by assuming that total working time available for an 

innovation project cannot exceed a fixed threshold 𝑡𝑤 ≤ 𝑡 (𝑡 =52 hours). We focus on the case in 

which the unconstrained optimal working hours 𝑡𝑤
∗  derived from Equation (A5a) exceeds the legal 

cap, so that the regulation becomes binding.14 Under this condition, the individual faces a constrained 

optimization problem. 

As shown in the basic setting, given any total work hours 𝑡𝑤, an individual allocates time between 

quality and quantity as in Equation (A2). Using the functional forms introduced earlier, the solution to 

this second-stage problem remains, 𝑡𝑣
∗(𝑡𝑤) =

𝛼

𝛼+𝛽
𝑡𝑤 and 𝑡𝑞

∗(𝑡𝑤) =
𝛽

𝛼+𝛽
𝑡𝑤, as presented in Equation 

(A4).  

Moving backward to the first stage, the payoff-maximization problem under the working-hours 

restriction is: 

max
𝑡𝑤
 𝑣(𝑡𝑣

∗(𝑡𝑤))𝑞 (𝑡𝑞
∗(𝑡𝑤)) − 𝑐(𝑡𝑤)     𝑠. 𝑡.    𝑡𝑤 ≤ 𝑡 ("working hour limit")     (A6) 

Note that the working-hours constraint added to the unconstrained problem in Equation (A3) 

transforms it into a constrained optimization problem. 

As a baseline, we assume that the unconstrained optimal working time exceeds the regulatory cap 

 
14 Obviously, if the initial optimal working hours are below the regulatory threshold, there is no effect. 
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of 52 hours. In this case, since the payoff function increases monotonically in total working time up to 

the unconstrained optimum, the working-hours constraint becomes binding (that is, the constrained 

optimum is pinned at the upper limit, 𝑡𝑤
∗ = 𝑡 = 52). Consequently, the optimal time allocation for 

enhancing innovation quality and quantity, 𝑡𝑣
∗(𝑡𝑤) and 𝑡𝑞

∗(𝑡𝑤), are: 

𝑡𝑣
∗(𝑡)̅ =

𝛼

𝛼+𝛽
𝑡̅       𝑎𝑛𝑑      𝑡𝑞

∗(𝑡̅) =
𝛽

𝛼+𝛽
𝑡̅ ,   𝑤ℎ𝑒𝑟𝑒    𝑡̅ = 52 ℎ𝑜𝑢𝑟𝑠.      (A7) 

Plugging these results into Equation (A6) yields the constrained maximized payoff: 

𝜋(𝑡̅) = 𝑣(𝛼𝑡̅)𝑞(𝛽𝑡̅) − 𝑐(𝑡̅) = 𝐴𝑣𝐴𝑞α
𝛼β𝛽𝑡̅ −

γ𝑡̅2

2
.                    (A8)  

Note that the payoff function rises with working hours up to the unconstrained optimum, the 

binding constraint lowers the payoff relative to the unconstrained case in Equation (A5b). In addition, 

since both 𝑡𝑣
∗(𝑡𝑤)  and 𝑡𝑞

∗(𝑡𝑤)  are proportional to total working hours, the restriction reduces the 

time allocated to both quality and quantity improvement, thereby lowering innovation performance in 

both dimensions. This baseline case thus illustrates that the working-hours restriction compresses 

available working time, the 52-hour limit diminishes the total innovation output and overall project 

value.  

Figure A1 presents a numerical example of this baseline case. Panel (a) displays the value of 

the innovation project, 𝜋(𝑡𝑤), as a function of total working time 𝑡𝑤. The unconstrained optimal 

working time, 𝑡𝑤
∗ = 60.4,  leads to the highest payoff 𝜋(𝑡𝑤

∗ ) = 9.67 , marked as ‘Unrestricted.’ 

Following the implementation of a 52-hour workweek restriction, 𝑡𝑤 = 52, however, the total payoff 

decreases to, 𝜋(52) = 9.48 , marked as ‘Restricted.’ This drop in the payoff illustrates how the 

working-hours regulation constrains the time that can be devoted to enhancing innovation quality and 

increasing quantity optimally, thereby resulting in a suboptimal outcome relative to the unconstrained 

benchmark. 

<Figure A1 about here> 

A.2. Model extension: Incorporating the benefit of reduced working hours 

Building on the baseline framework, we now extend the model to incorporate a potential benefit 

of reduced working hours. The reduction in working hours, coupled with increased personal freedom, 

can improve an employee’s work–life balance and physical and mental health, thereby fostering a more 
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creative and productive workforce (Agrawal et al., 2018; Angelici and Profeta, 2024; Bloom et al., 

2015; Choudhury et al., 2021; Dutcher, 2012; Kelly et al., 2014; Kivimäki et al., 2015; Schieman et 

al., 2009; Virtanen et al., 2012). Such improvements in well-being may enhance the efficiency with 

which time and effort are converted into innovative outcomes, particularly by facilitating recovery and 

experimentation. 

To formalize this idea, we allow the parameters 𝐴𝑣  and 𝐴𝑞  that represent efficiency in 

generating innovation quality and quantity, respectively, to vary with total working hours 𝑡𝑤. 

𝐴𝑣(𝑡𝑤) = 𝐴𝑣𝑒
−𝛿𝑣𝑡𝑤 ,    𝐴𝑞(𝑡𝑤) = 𝐴𝑞𝑒

−𝛿𝑞𝑡𝑤 ,      𝐴𝑣, 𝐴𝑞 , 𝛿𝑣, 𝛿𝑞 > 0.       (A9) 

where the constants 𝐴𝑣 and 𝐴𝑞 denote the maximum potential of workers to enhance the quality and 

quantity of innovation outputs, respectively. The parameters 𝛿𝑣 and 𝛿𝑞 capture the rate at which these 

productivities diminish as total working hours 𝑡𝑤 increase, reflecting the erosion of work–life balance 

and creative efficiency under excessive working hours.  

Given these extensions, the functions for the quality and quantity of innovation, incorporating the 

time-varying productivity parameters, are expressed as: 

𝑣(𝑡𝑣; 𝑡𝑤) = 𝐴𝑣𝑒
−𝛿𝑣𝑡𝑤𝑡𝑣

𝛼 ,       𝑞(𝑡𝑞; 𝑡𝑤) = 𝐴𝑞𝑒
−𝛿𝑞𝑡𝑤𝑡𝑞

𝛽
.            (A10) 

The payoff function then becomes: 

 𝜋(𝑡𝑤) =  𝑣(𝑡𝑣; 𝑡𝑤)𝑞(𝑡𝑞; 𝑡𝑤) − 𝑐(𝑡𝑤).                  (A11) 

As in the baseline model, the optimal working hours 𝑡𝑤
∗   and the corresponding time allocations 

𝑡𝑣
∗(𝑡𝑤) and 𝑡𝑞

∗(𝑡𝑤) can be obtained using backward induction.15 

In this framework, a working-hours restriction presents two important trade-offs: it enhances 

workers’ work–life balance, thereby efficiency in terms of 𝐴𝑣(𝑡𝑤) and 𝐴𝑞(𝑡𝑤), yet it also limits the 

total time available for innovation, which may reduce the scope for exploration and experimentation. 

The overall impact of the 52-hour workweek therefore depends on the relative magnitudes of these 

two forces—whether the gains from enhanced creative efficiency offset, fully or partially, the losses 

 
15  Deriving analytical solutions for 𝑡𝑣

∗(𝑡𝑤)  and 𝑡𝑞
∗(𝑡𝑤)  may not be feasible due to the complexity introduced by the 

exponential decay functions. Nonetheless, under plausible parameter values (e.g., positive decay rates, 𝛿𝑣 , 𝛿𝑞 > 0 and a 

convex cost function), the overall payoff function remains concave with respect to 𝑡𝑤. This ensures the existence of an 

interior optimal working hour 𝑡𝑤
∗  that maximizes the agent’s payoff. 
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from reduced time availability. 

The numerical examples presented in the main text illustrate how different parameter 

configurations of this extended model yield varying innovation outcomes under these competing 

mechanisms. 

 

B. Impact of the 52-hour workweek restriction: A case involving two types of projects 

Building on the extended model that incorporated time-varying productivity parameters and 

demonstrated how reductions in working hours can shift the balance between innovation quantity and 

quality, we now explore a complementary mechanism that captures the agent’s choice between 

alternative project types. While the previous framework treated innovation as a single activity with 

continuous effort allocation, in many real-world settings employees and firms can choose among 

projects that differ in their time intensity, productivity, and cost structures. 

To examine how the 52-hour cap affects such project choices, we extend the baseline setup to 

include two distinct types of innovation projects. The first project type corresponds to the original 

specification in the basic model, while the second represents a time-intensive project characterized by 

higher productivity factors but also by greater and more rapidly increasing effort costs. This new 

project can yield greater innovation output within a fixed time limit, although its effort costs escalate 

more sharply as total working time increases. As in the baseline model, we assume that the quality 

function of innovation remains unchanged in the short term, reflecting that cognitive processes and 

domain expertise develop only gradually over time. Specifically, we impose the following assumption: 

 

Assumption A.1. The time-intensive project, characterized by a quantity function 𝑞̂(𝑡𝑞) and a cost 

function 𝑐̂(𝑡𝑤), exhibits higher productivity factors but also a faster increase in time-related effort 

costs than the original project. Formally, the two functions are defined as follows: 

𝑞̂(𝑡𝑞) = 𝐴𝑞̂𝑡𝑞
𝛽
     where     𝐴𝑞̂ > 𝐴𝑞         (Quantity function) 

𝑐̂(𝑡𝑤) =
𝛾̂𝑡𝑤
2

2
     where     𝛾 > 𝛾              (Cost function) 

and 𝐴𝑞̂ and  𝛾 are sufficiently large to satisfy the following condition: 

{
 

 𝐴𝑣𝐴𝑞̂𝛼
𝛼𝛽𝛽𝑡𝑤 −

𝛾𝑡𝑤
2

2
> 𝐴𝑣𝐴𝑞𝛼

𝛼𝛽𝛽𝑡𝑤 −
𝛾𝑡𝑤

2

2
       𝑖𝑓     𝑡𝑤 < 𝑇

𝐴𝑣𝐴𝑞̂𝛼
𝛼𝛽𝛽𝑡𝑤 −

𝛾𝑡𝑤
2

2
< 𝐴𝑣𝐴𝑞𝛼

𝛼𝛽𝛽𝑡𝑤 −
𝛾𝑡𝑤

2

2
       𝑖𝑓     𝑡𝑤 > 𝑇
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These inequalities imply that, below a threshold level of total working hours 𝑇, the time-intensive 

project yields a higher payoff despite its higher effort costs, whereas beyond this threshold the rising 

cost dominates and makes the original project more efficient. 

 

We now specify that the threshold 𝑇 in Assumption A.1 be set at 52 hours. In this case, the 

working-hours restriction significantly affects the agent’s project selection. Under a 52-hour constraint, 

individuals are likely to favor the more time-intensive project because it has higher productivity factors, 

even though its time-related effort costs increase more rapidly than those of the original project. This 

time-intensive project can generate greater innovation output within the restricted timeframe, making 

it particularly advantageous when total working hours are limited.  

However, prioritizing the more time-intensive project may come at the expense of innovation 

quality, as reduced available time limits opportunities for in-depth, quality-enhancing efforts. In 

contrast, without the working-hours restriction, the original project would remain more attractive 

because it allows for extended working hours, providing the opportunity to refine both the quality and 

quantity of innovation without incurring sharply increasing effort costs. 

Consequently, if the agent shifts to the more time-intensive project in response to the working-

hours cap, the quantity of innovation may remain stable or even increase, whereas the quality of 

innovation may diminish. The working-hours cap thus directs the agents’ efforts toward leveraging 

higher productivity to achieve greater innovation outputs, albeit potentially at the expense of 

innovation quality. This case highlights the trade-off between maximizing output within restricted time 

limits and maintaining the depth and quality of innovation.  

Figure A2 illustrates this situation. When unconstrained optimal working hours exceed 52 hours 

and a more time-intensive project with higher productivity is available, imposing a 52-hour limit leads 

the agent to shift toward that project. This shift sustains or even increases the quantity of innovation 

but reduces its quality, reflecting a trade-off between output and creative depth. 

Panel (a) of Figure A2 shows the payoff functions for two types of innovation projects as a 

function of total working time 𝑡𝑤. Project 1 (blue curve) achieves its highest payoff 𝜋(𝑡𝑤) = 9.67 

at 𝑡𝑤 = 60.4 hours. Project 2 (green curve) attains its highest payoff 𝜋(𝑡𝑤) = 9.59 at 𝑡𝑤 = 36.63 

hours, making it the less preferred choice when working hours are unrestricted. Under the 52-hour cap, 

however, Project 2 becomes optimal: although Project 1 yields the highest overall payoff, its payoff at 

52 hours (𝜋(𝑡𝑤) = 9.48) is surpassed by that of Project 2 (𝜋(𝑡𝑤) = 9.59). Hence, the working-hour 

restriction renders Project 2 more attractive, as it produces higher output within the legal time limit. 
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Panels (b) and (c) further visualize this shift in project choice in terms of innovation quality and 

quantity. The quality function 𝑣(𝑡𝑣) is assumed to be identical for both projects, whereas the quantity 

function 𝑞(𝑡𝑞) differs. Project 2 has a higher productivity factor 𝐴𝑞̂, its quantity curve lies above that 

of Project 1. As shown in panel (c), the agent’s shift from Project 1 to Project 2 increases innovation 

quantity from 𝑞(𝑡𝑞) = 4.89  to 𝑞(𝑡𝑞) = 5.37 , while panel (b) shows that innovation quality 

diminishes from 𝑣(𝑡𝑣) = 3.95  to 𝑣(𝑡𝑣) = 3.57 . Overall, this shift toward a more time-intensive 

project illustrates a trade-off between innovation quantity and quality, as higher output is achieved at 

the expense of depth and novelty. 
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Figure A1. Impact of a 52-hour workweek limit on innovation: Baseline scenario 

Notes. (a) Payoff from an innovation project as a function of total working time, 𝑡𝑤. (b) Quality of the innovation project 

as a function of time spent on improving innovation quality, 𝑡𝑣. (c) Quantity of the innovation project as a function of time 

spent on increasing innovation quantity, 𝑡𝑞 . The parameter values: 𝐴𝑣 = 2.4, 𝐴𝑞 = 0.22, 𝛼 = 0.2, 𝛽 = 0.8, and 𝛾 =

0.0053. 
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Figure A2. Impact of a 52-hour workweek limit on innovation: Two-project illustration 

Notes. (a) Payoff from an innovation project as a function of total working time, 𝑡𝑤. (b) Quality of the innovation project 

as a function of time spent on improving innovation quality, 𝑡𝑣. (c) Quantity of the innovation project as a function of time 

spent on increasing innovation quantity, 𝑡𝑞. The parameter values: 𝐴𝑣 = 2.4, 𝐴𝑞 = 0.22, 𝐴𝑞̂ = 0.36, 𝛼 = 0.2, 𝛽 = 0.8,

𝛾 = 0.0053, and 𝛾 = 0.0143.  
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Appendix B. Variable definitions 

Variable Definition 

lnAPPL Natural log of 1 + number of patent applications filed in year t. 

lnRJT Natural log of 1 + number of rejected patent applications. 

lnGRT Natural log of 1 + number of granted patents. 

lnCITE Natural log of 1 + total citations received by patents granted in year t.  

lnCPP Natural log of 1 + (total citations / number of granted patents) in year t. 

lnCITED Natural log of 1 + number of granted patents in year t that were cited at least once. 

CITED/GRT Ratio of granted patents ever cited to total granted patents in year t. 

RET Market-adjusted annual stock return 

PMV Economic value of patents following Kogan et al. (2017), scaled so 1 = KRW 1 billion. 

Treat 1 if firm has ≥300 employees in 2018; 0 otherwise. 

After 1 for years 2018–2019; 0 for years 2016–2017. 

Size Natural log of total assets. 

ROA (Operating profit + depreciation) / average total assets. 

SalesGrowth (Salest− Salest-1) / Salest-1. 

R&D R&D expenditure divided by sales. 

lnR&D Natural log of 1 + R&D expenditure. 

Cash Cash and cash equivalents divided by total assets. 

Leverage Total debt divided by total assets. 

Q Tobin’s Q 

Capex (ΔPPE + depreciation) / lagged PPE. 

Foreign Fraction of shares held by foreign investors. 

Volatility Standard deviation of monthly stock returns in year t. 

Age Natural log of 1 + firm age. 

HHI Herfindahl–Hirschman Index of industry concentration. 

 

 


