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The Non-linear Relationship between Horizontal Pay 

Dispersion and Technological Knowledge Production   

 

 

ABSTRACT 

       Firms’ pay structure alter individual and collective behavior through motivation and 

coordination mechanisms, and thus, designing a pay structure that balances the need to incentivize 

both individual effort such as hard work and collective effort such as knowledge sharing is a 

challenge for decision makers trying to incentivize innovation. In this paper, I replicate previous 

findings that high horizontal pay dispersion among R&D workers, is negatively associated with 

knowledge production. However, when firm fixed effects are considered the effect becomes 

positive. I show that this inconsistency is due to a non-linear relationship between pay dispersion 

measured by the Gini coefficient of R&D employees’ salaries and technological knowledge 

production measured as number of new patent filings. Furthermore, pay dispersion appear only to 

alter knowledge production in single-establishment settings indicating that social comparison is a 

driving mechanism, and in settings with a dynamic labor market, i.e., large supply of both R&D 

employees and R&D intensive firms. These results suggest that the negative externality of pay 

dispersion kicks in at a later stage and that innovative firms may benefit from a more hierarchical 

pay structure than what we have thought, traditionally. 

 

Key words: pay dispersion, knowledge production, incentives 
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Introduction 

With roots in the knowledge-based view of the firm (Grant, 1996), it is widely acknowledged 

that firm innovation to a large extent is determined by the knowledge embedded in organizations’ 

human capital as well as the knowledge sharing among individuals to create new combinations of 

knowledge (Kogut and Zander, 1992; Tsai, 2001; Grigoriou and Rothaermel, 2014; Haas and Ham, 

2015). Consequently, research within the innovation literature looks at firms’ human capital, e.g., 

labor composition and mobility of knowledge workers (e.g., Song, Almeida and Wu, 2003; Singh 

and Agrawal, 2011; Kaiser et al., 2018) and its effect on invention outcomes. While human capital 

determines the pool of knowledge available to the firm, organizational structure and practices 

affects how this pool of knowledge may be utilized through collaboration and motivation 

mechanisms (Garicano, 2000; Manso, 2011; Patacconi, 2009).  

 Complementing human capital literature are studies looking at how organizational structure 

and practices shape decisions and outcomes for R&D and innovation (e.g., Brown and Duguid, 

1991; Argyres and Silverman, 2004; Foss, Laursen and Pedersen, 2011).  Pay structure is a key 

organizational practice which is closely linked to organization structure and has been shown to 

affect multiple organizational outcomes including employee turnover (John Michel, 2002a; 

Carnahan, Agarwal and Campbell, 2012; Kacperczyk and Balachandran, 2018), firm performance 

(Brown, Sturman and Simmering, 1996; Bloom and Milkovich, 1998; Bloom, 1999; Lazear, 

2000a), and invention (Balkin, Markman and Gomez-Mejia, 2000; Lerner and Wulf, 2007a; Ederer 

and Manso, 2013; Yanadori and Cui, 2013; Cui, Ding and Yanadori, 2019).  Building on social 

comparison theory and compensation theory, Yanadori and Cui (2013) predict and find a negative 

relationship between horizontal pay dispersion among R&D employees and patents. 
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While high pay differentials may be conductive to individual performance through motivation 

mechanisms, it may be detrimental to collaborative behavior and thereby team performance. High 

pay differentials may incentivize individuals to prioritize their own performance at the expense of 

team performance to win the tournament price, i.e., the higher salary (Bloom, 1999; Gerhart & 

Rynes, 2003).  High pay dispersion, especially among employees at the same hierarchical level, 

that is horizontal pay dispersion, may install feelings of unfairness and distrust due to social 

comparison which further hinders collaboration (Fredrickson, Davis-Blake and Sanders, 2010). As 

innovation is a collaborative process relying on knowledge distributed across individuals, the 

negative consequences of pay dispersion have been argued and shown to outweigh the positive. 

Following the method by Kacperczyk & Balachandran (2018), I use International Standard 

Classification of Occupations (ISCO) to create hierarchical layers within the firm to calculate to 

horizontal and vertical pay dispersion measured as the Gini coefficient. I rely on data from the 

European Patent Office (EPO) to measure technological knowledge production. These datasets are 

linked to the Integrated Database for Labor Market Research (IDA) from Statistics Denmark to 

obtain individual wages among other information at the individual and firm level. And to identify 

R&D workers through information on educational background and functional position in the focal 

firm. 

I set out by replicating the finding by Yanadori & Cui (2013) that pay dispersion at the 

horizontal level, i.e., pay differentials between R&D workers at the same organizational layer is 

negatively related to new patent filings. Though negative at a first glance, the relationship becomes 

weekly positive when considering firm-fixed effects. Including a squared term of horizontal pay 

dispersion, I find a non-linear inverted u-shaped relationship between pay dispersion and 

knowledge production. Plotting marginal effects reveals that the majority of firms in my sample 

has pay dispersion below the infliction point at which dispersion becomes detrimental to 
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knowledge production. These results seem to suggest that while the negative effects of pay 

dispersion on the collaborative nature of knowledge creation holds at a certain level of dispersion, 

the positive effect of pay inequality appears to outweigh the negative ones at lower levels of 

dispersion. Hence, by extending the model of Yanadori & Cui (2013), I provide evidence that the 

optimal structure for innovation may not be as egalitarian as we have traditionally thought (Burns 

& Stalker, 1994).  

I explore the theoretical mechanism of social comparison (Fredrickson et al., 2010) by showing 

that pay dispersion only seem to impact knowledge production in firms with single R&D 

establishments as opposed to multiple establishments, indicating that social comparison is a driver 

when employees can compare themselves and their salaries with colleagues at the same physical 

location. I also show another interesting boundary condition in that pay dispersion only appear to 

affect knowledge production when the focal firm is surrounded by a local dynamic labor market 

with a large presence of R&D intensive firms. Employees may not only compare themselves with 

co-workers at the same geographical location but also with workers in other firms within the same 

geographical region. In other terms, social comparison mechanisms seem to span boundaries of the 

organization.  

This paper makes two main contributions to extant literature. First, by providing evidence that 

past findings of a negative relationship between horizontal pay dispersion and knowledge 

production may be driven by unobserved time-invariant firm qualities, as the negative effect 

disappears by the inclusion of firm fixed effects. In firm-fixed models, I show that pay dispersion 

and knowledge production follows a non-linear u-shaped association. Finding that the relationship 

between pay dispersion and performance is non-linear has important theoretical and managerial 

implication when it comes to the mechanisms of pay structure. Second, I identify boundary 

conditions which suggests that social comparison is the driving mechanisms behind the impact of 
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horizontal pay dispersion on knowledge production. Although preliminary, these results may 

suggest that the effect of pay structure is not only dependent on internal firm conditions but that 

the external labor market has to be taken into account by decisions makers designing pay structures 

in firms. 

Theory 

      Innovation is a complex process relying on the generation of new knowledge and, thus, highly 

skilled human capital is especially important (Haas & Ham, 2015; Kogut & Zander, 1992). Pay is 

an important tool in attracting and retaining highly qualified human capital (Andersson et al., 2009; 

Kacperczyk & Balachandran, 2018).  In addition to having an effect on individuals’ decision to 

join or leave the firm, and more importantly for this study, pay also affects individuals’ efforts and 

propensity to collaborate or compete with colleagues while working in the firm (Bloom, 1999). 

Pay dispersion refers to pay inequality and can be distinguished by a vertical and a horizontal 

dimension. Vertical pay dispersion refers to wage inequality between organizational layers 

(Devaro, 2006). A high vertical pay dispersion corresponds to a classic hierarchical organization 

where pay increases as employee moves up the hierarchical ladders. Horizontal pay dispersion 

refers to pay inequality within organization layers, hence between employees occupying similar 

ranks in the firm (Gupta et al., 2012; Siegel & Hambrick, 2005).   

Pay Dispersion and Performance   

The arguments in favor of high pay dispersion when it comes to performance are tied to 

individuals’ motivation. As such, pay can be viewed in terms of agency theory as a principal-agent 

problem (Alchian & Demsetz, 1972; Bloom & Milkovich, 1998; Foss & Laursen, 2005). The 

principal (manager) seeks to maximize agent (employee) effort, while the agent is assumed to 
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minimize effort creating a relationship of divergent interests. By the lack of constant monitoring, 

setting up a pay structure that incentivizes performance, may provide a solution to the problem of 

divergent interests, in which agents maximize effort incentivized by maximizing income. Hence, 

in a setting where individual performance is traceable, a high pay dispersion driven by performance 

differences should increase performance. Along the same lines, pay is a means to reward employee 

effort (Gerhart & Rynes, 2003) and can motivate employees to improve their performance (Vroom, 

1964). Vertical dispersion, that is consecutively increasing pay by hierarchical layer, may be 

especially well suited to induce employee motivation and effort as individuals exert more effort in 

the expectation of future reward (Vroom, 1964), by the expectation of moving up the organization 

hierarchy to receive higher pay. 

High pay variation also increases firms’ ability to attract highly qualified human capital such 

as star scientists as well as retaining the high performers in the firm (Andersson et al., 2009; 

Kacperczyk & Balachandran, 2018; Lazear, 2000b). However, the sorting argument is less likely 

to drive performance effects from pay dispersion in my setting as this will increase the pay level 

of the firm and thereby be controlled out of the analysis both in the construction of the pay 

dispersion variables and as a control in regression models. 

Horizontal pay dispersion, i.e., variation among individuals at the same hierarchical layer, is a 

means to set up a market-like structure at the workplace where highest performing employees 

receive larger compensation such that individual effort is rewarded regardless of prospects of 

moving up the hierarchy (Nickerson & Zenger, 2008). This incentive system may increase 

competition through social comparison and increase employee efforts (Trevor et al., 2012). But it 

relies on the ability to measure performance indicators to which the pay is tied. Linking pay to 

performance motivates employees to increase their performance (Vroom, 1964), but it may have 

the opposite effect if the pay distribution is perceived as unfair by employees in which case, they 
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may withhold effort (Levine et al., 1993). This is especially true for horizontal dispersion as 

individuals may perceive pay differential to individuals who are similar to themselves, e.g., at the 

same rank, as unfair, such that social comparison becomes negative for performance (Fredrickson 

et al., 2010).   

Pay Dispersion and Knowledge Production   

Arguments in favor of pay dispersion and performance are tied to individual performance. 

While individuals’ knowledge and entrepreneurial drive play a key role for innovation, creating 

new knowledge is a collaborative process relying on the shared contributions of multiple 

individuals (Haas & Ham, 2015; Kogut & Zander, 1992). For this reason, a pay structure that favors 

collaboration would be the preferred structure for innovation. High pay dispersion may lead 

individuals to prioritize individual performance over the performance of the team, by for example 

withholding knowledge to keep a relative advantage over colleagues whom they see as competitors 

(Pfeffer & Langton, 1993). This is especially detrimental to innovation for which knowledge 

sharing is an essential component. High pay differentials may evoke feelings of distrust and divide 

which further hampers collaboration (Levine et al., 1993). These negative effects are expected to 

be especially present at the horizontal level where they are aggravated by social comparison 

mechanisms (Fredrickson et al., 2010).  

Turning again to agency theory, in addition to being effort-minimizing agents are risk-

minimizing (Bloom & Milkovich, 1998; Foss & Laursen, 2005). Innovation activities are 

inherently risky behavior with a substantial component of exploration of different combinations 

many of which many fail (Ederer & Manso, 2013). Hence, tying individual pay variation to 

performance indicators may motivate R&D workers to pursue ideas of lower novelty as these entail 

less risk (Cui et al., 2019). Uncertainty in innovation outcome also increase errors in performance 
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measures (Holmstrom, 1989; Prendergast, 2002), which is likely to promote feelings of unfairness 

and dissatisfaction among employees (Gupta et al., 2012; Levine et al., 1993; Pfeffer & Langton, 

1993).    

These arguments against pay dispersion, especially on the horizontal axis, explains previous 

negative predictions and findings on pay dispersion and team performance (Bloom, 1999; Yanadori 

& Cui, 2013). However, most of these arguments are tied to pay dispersion driven by pay for 

performance. In a call center it is easy to imagine the measurement of performance indicators such 

as number of phone calls handled, number of customer complaints resolved, or sales numbers. In 

this setting and other settings where key performance indicators (KPIs) can be traced at a 

reasonable cost (Lazear, 2000a), pay for performance is expected to be prevalent following the 

arguments from expectancy theory (Vroom, 1964) and agency theory (Alchian & Demsetz, 1972). 

However, when it comes to R&D teams and the creation of knowledge, it is much measure 

performance due to learning and experimentation (Ederer & Manso, 2013). Therefore, I argue, that 

pay for performance is unlikely to drive pay dispersion among R&D workers. 

Instead, pay dispersion among R&D workers may be based in pay differentials linked to a set 

of observable quality signals at the individual level. R&D workers, namely researchers, differ from 

the general population of workers in that their relative human capital can be accessed through a 

number of observables such as the rank of the institution from which they have their degree, patents 

and awards, and functional specialization. Pay differentials on the basis of these quality indicators 

may increase effort and motivation by the individuals receiving the pay, because their specific 

qualities are rewarded (Gerhart & Rynes, 2003). On the other hand, such pay differentials may not 

have negative effects due to social comparison mechanisms on the motivation of R&D workers 

receiving a lower compensation, as these pay differentials may be perceived as fair  (Levine et al., 

1993). Furthermore, researchers may be intrinsically motivated (Amabile, 1997) by the research 
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task itself such that agency-theory predictions on effort-minimization may not be prevalent in the 

setting of R&D workers. 

Assuming that pay dispersion among R&D employees are driven by pay differentials based 

on individuals’ qualities rather than pay for performance, the negative externality of pay dispersion 

pertains to feelings of divide and inequality which hinders knowledge sharing and collaboration 

(Pfeffer & Langton, 1993). Such negative effects may only kick in at relatively high levels of pay 

dispersion such that the positive motivational effects of rewarding individual quality are not 

outweighed by the negative effects of inequality at lower levels of pay dispersion.  

Few empirical studies have been done on the relationship between pay dispersion and 

knowledge production, most of which consider pay dispersion at the executive level (Amore & 

Failla, 2020; Balkin et al., 2000; Dechow & Sloan R G, 1991; Holthausen et al., 1995; Lerner & 

Wulf, 2007). These studies find incentives with a long-time horizon, such as stock options, are 

beneficial to firm innovation. Executives influence corporate R&D and innovation by directing 

resources and managerial attention. R&D employees, on the other hand, are at the center of 

knowledge creation making motivation and collaboration mechanisms driven by pay dispersion 

more directly linked to innovation. Cui, Ding and Yanadori (2019) show that vertical pay 

dispersion in the R&D workforce is associated with more exploratory patents while horizontal pay 

dispersion is negatively associated with exploration. Most closely related to my study, Yanadori 

and Cui (2013) find a negative correlation between horizontal pay dispersion of R&D workers and 

number of patents. To the best of my knowledge, my study is the first to theorizing and empirically 

exploring potential non-linearities.   

Following the approach by Yanadori and Cui (2013) I focus on horizontal pay dispersion rather 

than vertical pay dispersion although I control for the vertical dimension. Vertical pay dispersion, 

i.e., pay inequality between organizational layers is unlikely to drive performance of R&D teams. 
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When it comes to R&D employees, their position within the firm hierarchy is relatively stable. If 

you are a lab technician, you are unlikely to move to a higher layer by a promotion to researcher 

as these functions require different educational backgrounds. Furthermore, R&D employees when 

compared to for example business professionals, may prefer to stay in their specialist roles as 

opposed to climbing the organizational hierarchy to reach supervisor or managerial positions which 

are of a more general nature. R&D workers are, thus, unlikely to be motivated by tournament 

incentives.  

Data 

Empirical Setting    

I investigate the relationship between horizontal pay dispersion and knowledge production in 

the empirical setting of Denmark. This setting is attractive as Danish employers report salaries of 

employees to a central tax authority implying that individual salaries, and thus, pay structure can 

be measured accurately. Furthermore, employer-employee linked labor market data allows me to 

track employees’ educational backgrounds as well as functional and hierarchical position in the 

focal firm providing unique benefits for investigating the relationship between pay dispersion and 

knowledge production. Datasets used in this paper covers the universe of Danish firms such that a 

large sample can be obtained even with the sample restriction that firms need to be R&D intensive. 

A large and balanced panel enables the inclusion of firm fixed effects which are relative demanding 

on the statistical power of models. As results will demonstration, controlling for time-invariant 

firm qualities is important in identifying the association between pay and patents.   

In Denmark, wages are to a large extent determined by collective bargains between labor 

unions and employers implying that employees in the same job functions and seniority ranks have 
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similar base salaries. Hence, variation in pay tends to come from bonused based on qualifications 

and performance. This also implies that dispersion to a large extent is driven by variation in the 

higher end of the pay distribution as opposed to the lower end. Potential negative effects of 

increased pay dispersion are, thus, unlikely to arise because of variation in the lower end of the pay 

distribution where individuals withhold effort due pay below their hygiene wage. 

Linked Employer-Employee Data and Patent Data   

      The Integrated Database for Labor Market Research (IDA) provided by the national statistics 

bureau, Statistics Denmark, is used to identify individual salaries as well as hierarchical layers 

inside the firm based on individual occupational codes. I link this dataset to a general firm register 

to obtain firm-level information including corporation type, firm age, and financial data. A key 

feature of this dataset is the ability to track linked employer-employee data over time and it has 

been used in numerous studies published in top journals (for instance, Dahl & Sorenson, 2012; 

Kaiser et al., 2018; Rocha & van Praag, 2020). Firms can be reliably followed over time from year 

1999 and onwards. Patent data from the European Patent Office (EPO) is matched to the IDA data 

to obtain firm-level measures of new patent applications which I have available until 2012.  

Dependent Variables    

       To measure the relationship between pay dispersion and firms’ ability to produce technological 

knowledge I employ a classic measure of technological knowledge reflected by the number of new 

patents in a given year (Trajtenberg, 1990). Patents are measured as number of patent application 

filings recorded at the priority date, that is, the first date of filing the application. The advantage of 

using the priority date as registration of a new patents is that this is the first formal record of new 

knowledge. 
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Independent Variables    

       My main independent variable is horizontal pay dispersion. Following the same approach as 

Kacperczyk & Balachandran (2018), I use International Standard Classification of Occupations 

(ISCO) to establish layers within the firm hierarchy and measure pay dispersion within and between 

theses layers using the Gini Coefficient. This method of constructing the firm hierarchy has been 

used in multiple studies (Caliendo et al., 2015; Tåg, 2013; Tåg et al., 2016) and creates four layers 

inside the firm: 1) Management, 2) High knowledge professionals, 3) Medium knowledge 

professionals, and 4) Basic knowledge professionals. Table 1 illustrates that this approach 

establishes a classic hierarchy where the number of employees decrease and pay levels increase by 

rank. 

 

 

I restrict my calculation of the Gini coefficient to include only layers; 2) High knowledge 

professionals and 3) Medium knowledge professionals. Basic knowledge professionals include job 

functions such as machine operators and cashiers and are assumed not to have any noticeable 

impact on knowledge creation. The managerial layer is excluded from the Gini coefficient 

calculation as my theoretical reasoning is built around the relationship between pay differentials 
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among R&D workers and production of knowledge. Incentives at the managerial layer are 

fundamentally different from those at the worker layers such that theories of future reward and 

collaboration does not apply to the same extent.  

Gini coefficients are calculated for R&D workers within the firm. R&D workers are defined 

as individuals with a higher degree (Bachelor’s, Master’s, or PhD) in a STEM related field 

(technical, natural, veterinary, agricultural, and health sciences) occupying high and medium 

knowledge positions (Kaiser et al., 2015). High knowledge professionals (layer 2) corresponds to 

researchers, while medium knowledge professionals (layer 3) corresponds to technicians. 

Individuals’ education backgrounds are identified by linking my dataset to a register containing 

information on highest completed education. Position within the firm hierarchy is determined via 

International Standards Classification of Occupations codes at the 1-digit level.  

Figure 1 illustrates labor composition of the R&D workforce for firms in my sample, while 

Figure 2 shows the labor composition of all employees having their main occupation with the firm. 

As one would expect, when considering all employees in the firm, the largest layer is the basic 

layer while number of employees decease as the rank increases. For R&D employees however, the 

high knowledge layer is by far the largest indicating the R&D workforce of these R&D intensive 

firms consist mainly of researchers.    
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Following previous research on pay dispersion (e.g., Bloom, 1999; John Michel, 2002b; 

Sørensen and Sharkey, 2014; Kacperczyk and Balachandran, 2018), I measure pay dispersion by 

the Gini coefficient which is given by the following formular: 

𝐺𝑖𝑛𝑖 =  
2 ∑ 𝑖𝑤𝑖

𝑚
𝑖=1

𝑚 ∑ 𝑤𝑖
𝑚
𝑖=1

− 
𝑚+1

𝑚
                     (1) 

𝑤𝑖  denotes hourly salary of an individual at the ith layer in the organizational hierarchy indexed 

in nondecreasing order and m denotes count of workers at a given layer. A Gini coefficient of 0 

reflects a situation of total equality where all employees at the layer earns the same while 1 reflects 

absolute dispersion. After calculating dispersion at each layer, I add them up and divide by the 

number of layers to obtain the measure of horizontal pay dispersion. For the analysis, I include 

only two layers and restrict my sample to firms with employees in both layers implying that number 

of layers is always two. 

Similar to the approach for the horizontal Gini, the vertical Gini is calculated using average 

pay within a layer as inputs to formular (1) instead of individual salaries such that 𝑤𝑖  equals the 

average of salaries within a given layer and m is the number of layers. Again, the number of layers 

is always two due to my theoretical focus on R&D workers which are found at two layers within 

the firm hierarchy. This also means, that the vertical Gini by construction ranges between 0 and 

0.5. Using salary averages by group as an input to the Gini coefficient to calculate vertical 

dispersion is an approach the has been used by several scholars (e.g., Ohtake, 2008; Cowell, 2011; 

Kacperczyk and Balachandran, 2018) To alleviate concerns of reverse causality, all independent 

variables including controls are lagged by one year.  

Control Variables    

I control for a set of factors at the firm-level and worker group-level which may affect patent 

outcomes. I control for logged Number of R&D workers as R&D workers are likely to affect 
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dispersion and patents. A control for Pay average is included as horizontal Gini increases with pay 

level as seen in Figure 4. Furthermore, increased pay levels are likely to increase knowledge 

production due to the increased ability to attract and retain highly skilled human capital. I control 

for average and standard deviation of worker age and tenure within the firm to capture the level 

and variation in both tenure on the job market (proxied by worker age) and seniority within in the 

firm (proxied by tenure) as these are important drivers of pay levels. Vertical pay dispersion is 

included as a control. 

I include a host of firm characteristics which may affect firms’ ability to produce knowledge. 

Controls include firm size as measured by number of employees (including only those having their 

main occupation with the firm), firm age measured as years since the firm was established, physical 

capital given by the natural logarithm of the book value of firms’ fixed assets. The number of 

establishments reflecting the total number of physical working places within the firm is included 

as a control as physical dispersion of workers may affect both pay dispersion and collaboration 

mechanisms. I include two dummies controlling for whether the firm is a publicly traded company 

and located in the capital region which in this setting is the greater area of Copenhagen. As a 

measure of investment opportunities and actual investments I control for sales growth and the 

logged value of net investments. All models control for year, industry, and firm fixed effects. In 

robustness checks I include a control for R&D spending as this is an important determinant of 

innovation potential. This variables comes from the Community Innovation Survey which is a 

sample as opposed to the full population of firms available in other datasets used for this study. 

Hence, to preserve a large-unbalanced sample, R&D intensity is not included in main 

specifications.  
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Sample    

      While The Integrated Database for Labor Market Research (IDA) database includes the 

universe of firms in Denmark (~ 300,000 active firms excl. holding companies but including solo 

ventures which account for half of the firms) uniquely identified from 1999 and until now, my 

analysis sample is restricted to the availability of patent data until and including 2012. I restrict my 

sample to firms with at least six R&D employees at each relevant layer (layer 2 and 3). This leaves 

me with a sample of 4,151 observations and 838 unique firms for years 2002-2012. I restrict the 

sample to firms with multiple employees at each firm layer to ensure meaningful variation in the 

dependent variable. For robustness, different layer size cutoffs are used. This restriction also 

implies that the sample is representative relatively large and R&D intensive firms compared to the 

Danish population of firms, but smaller than the average firm size of samples typically used for 

studies on pay dispersion as these are often American studies for which detailed pay information 

is only available for a subset of corporations which are typically very large  

Descriptive Statistics     

      Table 2 to shows descriptive statistics for main variables reported for the sampled firms. An 

average firm in my sample files 1.264 new patent applications per year reflecting the fact that few 

firms file for new patents regularly.  Turning to the measure of horizontal pay dispersion, which is 

my main explanatory variable, average horizontal Gini coefficient of R&D employees is 0.125 

which is slightly lower than comparable variables in related research. Yanadori & Cui (2013) report 

a horizontal dispersion of 0.177 and Cui et al (2019) report 0.181 for the same variable both in the 

setting of large American firms. Figure 3 illustrates that horizontal pay dispersion increases with 

firm size (small < 50, medium <= 250, large > 250 as per OECDs definition) and figure 4 shows 

that horizontal pay dispersion increases with pay level of the firm such that firms in the upper 
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quartile of the pay distribution have higher pay variation among employees at the same rank as 

compared to firms at lower quartiles. Interestingly, firms in low-tech industries (OECD definition 

based on R&D intensity) have higher pay dispersion than firms in medium- and high-tech 

industries.  
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The average firm in my sample has 152 R&D workers. R&D workers have, on average, 5 

years of experience in the focal firm and an average age of 42. The relative high age may be driven 

by the high education level of these workers such that they enter le labor market in their thirties. 

The average firm is 26 years old. 69 percent of firms are publicly traded companies and 46 percent 

are located in the greater capital region. The average number of establishments within a firm is 31 

different physical locations.    

Results 

       I regress patents on a Gini coefficient reflecting horizontal dispersion along with the rich set 

of control variables. Poisson models which are the natural choice for over dispersed count data 

with many zeros are used as the dependent variable is patent counts. In addition to Poisson 

estimations, separate models are estimated by ordinary least squares to allow for the inclusion of 

firm fixed effects In these model the dependent variable is logged due to its skewed distribution. 

Given the panel structure of the data and, thus, repeated observations of firms, standard errors are 

clustered at the firm level in all models. All independent variables are lagged by one year.   

Main Results     

       Table 3 reports the estimated effects of pay dispersion among R&D workers on number of 

patents as a measure of technological knowledge output or invention. In line with the expectation 

based on previous research, results in model shows that horizontal pay dispersion is statistically 

significant and negatively associated with output implying that increased pay inequality among 

R&D workers appears to be negative for knowledge production. Interestingly, as displayed in 

model II, the results is positive and significant when the relationship between dispersion and 

patents is estimated in a linear model with firms fixed effects. Including a squared term of 
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horizontal pay dispersion both the Poisson estimation (model III) and OLS estimation (model IV) 

shown a non-linear relationship with the original term as positive and the squared term as negative. 

Results from table 3 indicates that a certain level of pay differentials among R&D employees 

is beneficial to reward differences in skills and efforts and that the detrimental effects on 

collaboration from feelings of inequality and competition only kicks in at higher levels of 

dispersion.  
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      Plotting the marginal effects of the relationship between horizontal pay dispersion and patents, 

Figure 6 reveals a clear pattern of increasing and decreasing returns when the relationship is 

modelled without firm fixed effects. The infliction points at which increased pay dispersion 

become negative for patent performance is at a Gini coefficient of 0.12 with almost have of firms 

in my sample having dispersion below this point. These results suggest that many firms may 

benefit from increasing horizontal pay dispersion as opposed to what previous results without the 

inclusion of a squared term suggest. In the fixed effects estimation, the negative returns to high 

pay dispersion is less pronounced and with an infliction point of 0.22 implying that 99 percent of 

the sample could potentially benefit from increasing dispersion.  
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Additional Analyses  

      In table 4, I split the sample by firms with single R&D establishments and firms with multiple 

R&D establishments. Results from model V and VI shows that pay dispersion only influence 

knowledge production in settings where all R&D employees are working at the same physical 

location. This is an interesting boundary conditions which supports the theoretical mechanism of 

social comparison, by showing that the proposed motivational effect of social comparison only 

works for co-workers within close proximity. Model VII and VIII shows that pay dispersion 

matters only for firms located in the capital region which I take as a proxy for dynamic labour 

market. The capital region has by far the highest concentration of R&D intensive firms and highly 

skilled individuals. These results suggest that social comparison plays a role beyond firm 

boundaries as employees compare themselves with workers of similar functions in other firms in 

close geographical proximity.  

Robustness Checks     

In this section, I comment on a selection of robustness checks which are displayed in 

appendix. To alleviate concerns that results are driven by past patent performance, I re-estimate 

main models controlling for average past three-year patent output. In a separate set of models, I 

control for R&D intensity which is variable coming from the Community Innovation Survey and 

is excluded from main models to preserve a large and balanced sample. Table A.2 shows that 

results are robust to the inclusion of both of these additional controls.   

Table A.3 displays the results of re-estimating the main model with different sample cuts with 

respect to the number of R&D employees at relevant firm layers. Models A-V and A-VI show 

results of running models with a sample cut of minimum three R&D employees per layer. The 

signs of main coefficients remains the same but become insignificant in the firm fixed effects 

model. On the other hand, effect sizes increase when the sample instead is cut at minimum ten 
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R&D employees at each relevant firm layer as per model A-VII and A-VIII. It is not surprising 

that pay dispersion matters more in larger team sizes where variation in pay is more likely to occur 

between members of same function and seniority.  

Discussion 

In this paper I show, in line with previous studies of pay dispersion and collaborative 

performance (Bloom, 1999; Yanadori & Cui, 2013), that pay dispersion on the horizontal axis is 

negatively associated with invention outcomes of firms at least at a first glance. I show, however, 

that this relationship is non-linear and that increases in horizontal pay dispersion are positively 

associated with patent output up until a curtain point, after which increases in dispersion becomes 

negative. Interestingly, most firms would appear to benefit from increases in pay dispersion. These 

results indicate that the negative effects of increased inequality related to lack of knowledge 

sharing and feelings of unfairness are outweighed by the positive effects of rewarding differences 

in employee qualities and efforts.   

Horizontal dispersion among R&D employees may not provoke negative feelings as a results 

of social comparison, because differences in pay can be attributed to measurable quality factors 

of the individual researcher such as field of specialization, citations, awards, and rank of the 

institution from which the researcher got her degree. Pay differentials resulting from pay for 

performance are less likely among R&D employees compared to other business professional as 

performance in the R&D process is inherently difficult to measure due to a high degree of 

experimentation (Ederer & Manso, 2013). But if R&D employees are rewarded based on past 

performance indicators as opposed to current ones, how are they incentivized to increase 

performance (Alchian & Demsetz, 1972; Vroom, 1964)?  Perhaps they are intrinsically motivated 

by the research itself and pay shall be viewed as a means to incentivize the researcher by rewarding 

their quality.   
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Results of the heterogeneity analysis points to important boundary conditions of the influence 

on pay structure and knowledge production while at the same time finding support of social 

comparison as a driving mechanic (Fredrickson et al., 2010). Horizontal pay dispersion seem to 

matter in settings where workers can compare themselves to either co-workers or employees of 

other firms on close geographical proximity. In sum, this study suggests that increases in pay 

dispersion may not be detrimental to the creation of knowledge and may even be beneficial in 

contrast to the idea that knowledge production requires egalitarian structures to promote 

knowledge sharing (Burns & Stalker, 1994; Yanadori & Cui, 2013).  

A key limitation of this study is the lack of ability to draw causal inference. Pay structure may 

correlate with underlying firm factors such as organizational culture and structure which may 

affect invention outcomes. An ideal setting to test the effect of pay dispersion on innovation would 

be a field experiment in which the pay structure of firms is altered to track changes in innovation 

outputs. A such experiment is infeasible due to costs and ethical issues of altering individuals’ 

pay. Given the observational nature of my data, a source of exogenous variation affecting the pay 

structure of certain firms or the pay of certain individuals within the firm increase the ability to 

draw causal inference as such exogenous change in pay would rule out concerns related to the 

endogenous choice of firm managers to alter pay structure. Though these concerns are to some 

extent ruled out by the inclusion of a past performance measures and firm fixed effects, richness 

of the Danish data may enable me and other researchers to get closer at causality in the future.   
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