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ABSTRACT 

We develop an R&D investment model and empirically examine the processes by which 

the R&D assets of R&D-intensive firms accumulate and depreciate.  We focus on the difference 

between technology leaders and followers in their resource depreciation patterns.  Our model 

incorporates many important elements which affect a firm’s investment decisions.  Using firm-

level data for IT hardware, semiconductors, software and pharmaceuticals between 1990 and 

2008, we find that, in general, the R&D stocks of technology leaders depreciate faster than those 

of followers. We also find that the R&D depreciation rates of technology leaders we studied are 

almost always lower than 50%.  This implies that technology leaders do accumulate and sustain 

R&D resources, and their R&D resources do not completely dissipate.  Furthermore, we find that 

the R&D depreciation rates of firms in pharmaceuticals are overall lower than those of other 

industries we studied, perhaps reflecting the difference in appropriability conditions.  However, 

technology leaders constantly invest more in R&D than their followers to sustain R&D resources, 

implying that technology leaders are not necessarily more productive in R&D than followers.  

This implication reconciles the results derived from past studies related to firm size and the 

productivity of innovation.
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INTRODUCTION 

 The processes of accumulation and depreciation of intangible assets greatly impact the 

performance of a firm and the sustainability of its superior position.  Dierickx and Cool (1989) 

point out factors which prevent the imitation of valuable but nontradable asset stocks.  They 

discuss that the imitability of an asset depends on the nature of the process by which it was 

accumulated.   Two mechanisms they identify as serving to impede imitation are particularly 

relevant to the accumulation of intangible assets such as R&D assets.  One is asset mass 

efficiencies, which imply that the possession of a high level of asset stock facilitates the 

accumulation of additional stock.  In the case of R&D resources, they argue that “firms who 

already have an important stock of R&D know-how are often in a better position to make further 

breakthroughs and add to their existing stock of knowledge than firms who have low initial 

levels of know-how.”  The other is asset erosion.  R&D resources depreciate over time because 

of technological obsolescence.  High depreciation rates weaken the position of the firms having 

important asset stocks vis-à-vis those having lower asset stock levels.  However, even if the 

depreciation rate is high, the possession of superior R&D resources can make a firm’s 

advantageous resource position sustainable due to its efficiency in the accumulation of additional 

assets.  It is therefore necessary to investigate both the accumulation and depreciation of 

resources in order to understand their contribution to firm performance.   

While the main focus of the resource-based view (RBV) has been on how a firm can gain 

competitive advantage, the issue of the sustainability of such an advantage has received 

relatively limited empirical investigation.  RBV attempts to link superior firm performance to the 

resources and capabilities possessed by firms (Wernerfelt, 1984; Barney, 1986).  It argues that 

the existence of heterogeneous resources firms possess, accompanied by some forms of isolating 
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mechanisms that protect individual firms from imitation, allows firms to achieve and preserve 

sustainable competitive advantage (Rumelt, 1984; Peteraf, 1993).  While the theoretical 

contributions of RBV flourish (Barney 1991; Teece et al. 1997; Barney and Arican 2001; Priem 

and Butler 2001), empirical examinations of the relationship between the amount of specific 

resources and firm performance show limited support for RBV (Newbert, 2007).  Furthermore, 

in empirical analysis of RBV, the speed that recourses depreciate is typically assumed, not 

estimated (Dutta et al., 2005).  Therefore further examination of the nature of resource 

accumulation is necessary.  Especially, we need to understand under what circumstances the 

resources firms accumulate contribute to their superior performance, and how sustainable the 

value of these accumulated resources is.  

 To examine the sustainability of intangible assets is especially an important issue in 

technology-intensive industries.  As Dierickx and Cool (1989) suggest, if R&D assets depreciate 

slowly, the possession of R&D assets serves as an entry barrier.  On the other hand, if R&D 

assets depreciate quickly, incumbents need to accumulate their assets rapidly to deter entry or to 

compete effectively once entry occurs.  The speed at which R&D assets depreciate also affects 

the strategy of technology followers.  As Cohen and Levinthal (1989, 1990) argue, R&D 

investment not only enhances its own innovative capability but also develops its absorptive 

capacity to learn from others.  In the industries where firms face high R&D depreciation rates, 

firms might find it more beneficial to focus on imitating technology leaders.  Furthermore, the 

R&D depreciation rate should vary by industry and by firm.  In an industry with abundant 

technological opportunities and rapid technological change, technology becomes obsolete 

quickly and the R&D depreciation rate should be high.  However, even in such an industry, a 

firm which possesses valuable and inimitable R&D assets should exhibit a lower depreciation 
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rate.  In addition, industries such as pharmaceutical and medicine manufacturing typically have a 

longer product life cycle and a greater protection from competition over a longer period, 

resulting in a lower R&D depreciation rate (Hall, 2007). 

 We develop an R&D investment model and empirically examine the processes by which 

the R&D assets of R&D-intensive firms accumulate and depreciate.   We focus on the 

heterogeneity of firm resources.  For example, we investigate how technology leaders and 

followers exhibit their resource depreciation patterns differently.  We contribute to the literature 

in several ways.  First, we develop an R&D investment model based on a micro-economic 

foundation; we employ a structural modeling technique for our empirical examination, bringing a 

new methodology for the analysis of an important aspect of RBV.  The premise of our model is 

that R&D assets depreciate because their contribution to a firm’s profit declines over time.  Our 

model reflects a firm’s investment decision process and incorporates many important elements 

which affect a firm’s investment decisions.  These elements include how long it takes for R&D 

investment to contribute to profits (i.e. the gestation lag), how long a particular year’s R&D 

investment contributes to profits, and how demand conditions affect a firm’s investment 

decisions.  Our model does not employ any restrictive assumptions adopted by other methods 

and allows us to utilize secondary data from Compustat for our empirical analysis.  Second, to 

our knowledge, our study is the first attempt to estimate firm-level time-varying R&D 

depreciation rates.  Our methodology allows us to examine the nature of the heterogeneity of 

firm resources: how firms differ in their sustainability of resources and how the sustainability 

changes over time.  Therefore we examine a central issue of RBV.  Third, we contrast 

technology leaders and followers and illustrate how they differ in their R&D depreciation rates.  

The asymmetry between technology leaders and followers has attracted many studies in 
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economics (Loury, 1979; Gilbert and Newbery, 1982; Reinganum, 1989), strategy (Lieberman 

and Montgomery, 1998), marketing (Ofek and Sarvary, 2003), finance (Sundaram et al., 1996) 

and innovation studies (Khanna, 1995; Lerner, 1997), but we bring a new perspective based on 

RBV to the literature.1  

 Using firm-level data in four technology-intensive industries (IT hardware, 

semiconductors, software and pharmaceuticals) between 1990 and 2008, our results show that, in 

general, R&D stocks of technology leaders depreciate faster than those of followers.  This is 

reasonable in that technology leaders in high-tech industries are normally at the technology 

frontier, and hence bear risks of being imitated and their R&D stocks being dissipated.  However, 

except for the IT hardware industry, the depreciation rates of technology leaders are always 

lower than 50%.  This implies that technology leaders do accumulate and sustain R&D resources, 

and their R&D resources do not completely dissipate.  Moreover, R&D depreciation rates vary 

by industries, most likely reflecting the difference in their appropriability conditions.   

 The rest of the paper is organized as follows.  Section 2 reviews the studies which 

analyze R&D depreciation rates and challenges they face.  Section 3 introduces an R&D 

investment model which becomes the basis for our estimation.  Section 4 presents an industry-

level analysis to confirm that our estimate is in line with past studies.  Section 5 introduces an 

empirical methodology for our firm-level analysis and presents results.  Section 6 discusses 

conclusions and implications. 

 
LITERATURE REVIEW 

 In the management literature, a firm’s R&D resource is usually measured by its R&D 

stock (or sometimes by patent stock).  The most prevalent method to calculate R&D stock is a 
                                                 
1 Our focus is the asymmetry of R&D assets between technology leaders and followers, not about the timing of entry 
a la Lieberman and Montgomery (1998).  
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perpetual inventory method, which considers both accumulated and current R&D expenditures .  

A standard approach is to assume a certain depreciation rate to its past R&D expenditures (or 

past R&D stock).  Typically a fixed R&D depreciation rate which is common across firm and 

industry is used.  The most commonly used depreciation rate is 0.15 as suggested by Grilliches 

and Mairesse (1984) (e.g., Berry and Sakakibara, 2008).  Some other fixed rates are also used 

(e.g., Dutta et al., 2005).  

 A recent work by Knott et al. (2003) adopts a production function approach to estimate 

the depreciation rate of R&D assets in the pharmaceutical industry.  The authors study 40 firms 

and obtain R&D depreciation rates as high as 0.88 or 1.00, which implies that R&D asset stock 

will completely depreciate after three years.  They conclude that the asset accumulation process 

itself cannot deter entry and that entrants can easily catch up with and possibly outperform 

incumbents in asset accumulation.  

 While there have been many attempts to measure R&D depreciation rates in economics, 

such studies need to address many challenges.  First, it is difficult to measure R&D depreciation 

rates because both the price and output of R&D assets, which are necessary for estimation, are 

normally unobservable.  Also, there is no arms-length market for most R&D assets and the 

majority of R&D assets are developed for the firms’ own use.  It is therefore hard to isolate R&D 

assets from the rest of assets and independently calculate the depreciation rate of R&D assets 

(Corrado et al., 2006).  Moreover, unlike tangible assets which depreciate due to physical decay 

or wear and tear, R&D assets depreciate because their contribution to a firm’s profit declines 

over time due to their economic obsolescence caused by competitors’ introduction of new 

technology (Hall, 2007).  The degree of economic obsolescence depends on the nature of 
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technology, industry, and competition.  Given that these environments can vary significantly 

across industries and over time, the resulting R&D depreciation rates are expected to vary as well.  

In response to these measurement difficulties, economists have adopted four major 

approaches to calculate the depreciation rate of R&D assets: production function, amortization, 

patent renewal, and market valuation (Mead, 2007).  By assuming the formula of capital 

accumulation, the degree of market competition, and the production technologies of product and 

knowledge output, the production function approach incorporates R&D stock as one of the key 

inputs in a production process and estimates the R&D depreciation rate from the model setup 

(Hall, 2007).  The amortization approach derives the R&D depreciation rate by assuming a 

specific relationship between the amortization rate of R&D assets and earnings that those assets 

generate.  For example, it assumes that operating income serves as a proxy for R&D benefits 

(Lev and Sougiannis, 1996).  The patent renewal approach estimates a model in which firms 

maximize the present discounted value of their returns to R&D investments and derives the R&D 

depreciation rate by using information on renewed patents (Pakes and Schankerman, 1986).  The 

market valuation approach estimates R&D depreciation rates from a model related to the market 

value of a firm (Hall, 2007). As summarized by Mead (2007), all approaches either encounter the 

problem of lacking sufficient variation in data2 or require strong identifying assumptions to 

estimate R&D depreciation rates.  In addition, the patent renewal approach cannot capture all 

innovation activities; the production function approach relies on the strong assumptions of initial 

R&D stock and R&D depreciation rate.  This approach also treats R&D investment just like 

other standard inputs such as capital, ignoring potentially more complex processes R&D 

                                                 
2 For example, Griliches (2000) points out that the lack of time-series variation in R&D expenditures as a share of 
GDP makes it difficult to identify the contribution of R&D at the aggregated level. 
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investment contributes to production (Griliches, 2000).  Currently no consensus exists on which 

approach can provide the best solution.   

Furthermore, because of the difficulties involved in incorporating the gestation lag into 

the model, most research fails in dealing with the issue of the gestation lag by treating it as zero 

or one to calculate the R&D stock (Corrado et al., 2006).  Considering that the duration between 

R&D investment and its contribution to profit should vary by many factors such as the maturity 

of technology and/or industry, the number of competitors, and the size of demand, this treatment 

is questionable.  We seek to address these challenges in our model and estimation.   

 
R&D INVESTMENT MODEL 

 The objective of our model is to depict a firm’s R&D investment decision process.  The 

premise of our model is that R&D assets depreciate because their contribution to a firm’s profit 

declines over time (Hall, 2007).  R&D assets generate privately-appropriable returns; thus, they 

depreciate when their appropriable return declines over time. 

 A firm pursuing profit maximization will invest in R&D optimally such that the marginal 

benefit equals the marginal cost.  That is, in each period i, a firm will choose an R&D investment 

amount to maximize the net present value of the returns to R&D investment:    
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where RDi  is the R&D investment amount in period i,  i is the sales in period i, I(RDi) is the 

increase in profit percentage due to R&D investment RDi, δ is the R&D depreciation rate, and d 

is the gestation lag and is assumed to be an integer which is equal to or greater than 1.  Period i’s 

R&D investment RDi will contribute to the profits in later periods, i.e., i+d, i+d+1, …, i+d+(J-

1), but at a geometrically declining rate.   is the length of R&D assets’ contribution to a firm’s 
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profit (i.e., their economic contribution).  r is the cost of capital.  In period i, the sales q in 

periods later than i are not known, and so a firm uses forecasted sales q̂  to determine RDi.    

To derive the optimal solution, we define  as a concave function, an approach that 

follows the assumption adopted by Cohen and Klepper (1996): 
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where 0 and 0. Also,     0. 

 approaches  when RD → ∞. The functional form of   has very few parameters but 

still gives us the required concave property to derive the optimality condition.  

 is the upper bound of increase in profit rate due to R&D investments, and  defines the 

curvature of I(RD) and is a reference number. That is,  indicates how fast the R&D investment 

helps a firm achieve a higher profit rate.  The value of  can vary from firm to firm.  Figure 1 

presents a graphical illustration of equation (2). 

------------------------------------------ 
Insert Figure 1 about here 

------------------------------------------ 
 

From the above graph, we can see that, for example, when the current-period R&D investment 

amount  is equal to , the increase in profit rate due to this investment will be 0.64 . When 

RD is equal to 2 , the increase in profit rate due to this investment will be 0.87 .  Therefore we 

should see different firms having different R&D investment levels to achieve . 

As R&D investment has multiplied in two decades,  is expected to gradually grow with 

time as well. We model the time-dependent feature of  by ,

2000 , in which 2000 is the value of  in year 2000.  The coefficient α is estimated by a 

linear regression of log(RDt)=intercept + αt for each industry.   
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The R&D investment model becomes: 

  
1

1                                                            

 1 ,
1

1    3  

 The optimal condition is met when 0=∂∂ ii RDπ , that is, 

     
,

,

1
1                        4  

which is the basis for our estimation of R&D depreciation rate δ. 

 It is important to note that the level of δ can be influenced by both industry-level and 

firm-level factors.  At the industry level, when the degree of competition is high technological 

obsolescence is rapid, which indicates a high δ (Hall, 2007).  Similarly, when technological 

opportunity is abundant, a high level of R&D activities is expected in the industry because 

expected profit margin is high (Cohen and Klepper, 1996).  However, the resulting level of δ 

depends on whether or not the abundant technological opportunity can draw more entrants into 

the industry (Cohen, 2010).  If entry occurs, market competition intensifies, resulting in a high δ.  

On the other hand, when the industry has a more appropriable technological regime (Teece, 

1986), such as the case that patent protection is effective, we expect less intensive market 

competition and a low δ.   

 At the firm level, technology leaders have to face imitations from followers, so the 

technology that leaders possess becomes obsolete more quickly than that of followers.  This 

implies technology leaders have a higher δ than followers.  However, technology leaders tend to 
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be large firms, and they are likely to possess complementary assets such as brand recognition and 

distribution channels to protect their own technology and prevent imitation (Teece, 1986).  In 

this case, we expect less intense market competition and expect that leaders have a lower δ than 

followers.  Whether leaders have lower δ than that of followers, therefore, is a combined effect 

of two forces: rapid imitation vs. isolating mechanisms.  In addition, in an industry where patent 

protection is effective, a firm which has many patents will enjoy a low δ.          

 
INDUSTRY-LEVEL ANALYSIS 

 As a first step in our empirical analysis, we estimate the R&D depreciation rate δ for four 

industries (IT hardware, semiconductor, software, and pharmaceuticals) by using the data from 

1989 to 2008 to check whether our model gives us R&D depreciation rates in line with rates in 

past studies.  These industries are important for the initial test of our model because the 

combined R&D investments of these four industries account for 54.56% of U.S. total business 

R&D investments in 2004 (National Science Foundation, 2009).   

 We use Equation (4) as the model to estimate the R&D depreciation rate from data.  We 

use sales and R&D investment data at the firm level from Compustat.  For the estimation we take 

average values of all the firms in each industry in each year.3 

Past sales records are used to determine forecasted sales q̂ .  The time-series data of sales 

is taken logs and first differences in order to satisfy the stationary condition, and the converted 

time series is modeled by the autoregressive (AR) process.  For the data of various industries 

included in this study, the optimal order of the AR model as identified by the Akaike Information 

                                                 
3 The dataset derived from Compustat includes 463 firms in semiconductor industries (SIC codes 3622, 3661-3666, 
3669-3679, 3810, 3812), 153 firms in IT hardware (SIC codes 3570-3579, 3680-3689, 3695), 551 firms in 
pharmaceuticals (SIC codes 2830, 2831, 2833-2836), and 651 firms in software (SIC codes 7370-7373). 
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Criterion (Mills, 1990) is found to range from 0 to 2.  To be consistent throughout the study, 

AR(1) is used to forecast future sales.  

The forecast error of the AR model will also affect the estimation of the depreciation rate.  

To calculate the standard deviations of the estimated R&D depreciation rates resulting from the 

forecast error of the AR model, we perform a Monte Carlo study (e.g., Kennedy, 1998) with 

1000 replications.  In each replication, the forecast error of AR(1) at k steps ahead, ∑ , 

is calculated with εt ~ N(0,σ2) where σ is obtained by the AR estimation.  This error is then 

added to the forecast values based on the AR(1) model.  For all the industries included in this 

study, the 1000 estimates of the depreciation rate exhibit a Gaussian distribution. 

The value of  can be inferred from the Bureau of Economic Analysis (BEA) annual 

return rates of all assets for non-financial corporations.  As Jorgenson and Griliches (1967) argue, 

in equilibrium the rates of return for all assets should be equal to ensure no arbitrage, and so we 

can use a common rate of return for both tangibles and intangibles (such as R&D assets).  For 

simplicity, we use the average return rates of all assets for non-financial corporations during 

1987-2007, 8.9%, for .  In addition, in equilibrium the rate of returns (i.e. marginal benefit) 

should be equal to the cost of capital (i.e. marginal cost).  Therefore, we use 8.9% for r.  

We choose J , the length of R&D assets’ contribution to a firm’s profit, large enough so 

that no artificial cutoff occurs.  We use 20 for J except for firms in the pharmaceutical industry, 

where we use 25 due to its longer product life cycle than other industries.  We use a 2-year 

gestation lag for d, which is consistent with the finding in Pakes and Schankerman (1984) who 

examined 49 manufacturing firms across industries and reported that gestation lags between 1.2 

and 2.5 years are appropriate values to use.  As mentioned earlier, the coefficient α is estimated 

by a linear regression of log(RD) for each industry. 
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The only remaining unknown parameters in Equation 4 are δ and 2000.  Because 

Equation (4) holds when the true values of δ and 2000 are given, the difference between the left 

hand side and the right hand side of Equation (4) is expected to be zero or close to zero when we 

conduct a least square fitting to derive the optimal solution.  Therefore, we can estimate these 

unknowns by minimizing the following quantity: 

,

,

1
1      5 , 

in which N is the total duration of data.  In practice N is a large number relative to J + d and 

therefore multiple least squares should be summed over in Equation (5).  

Minimizing Equation (5) is therefore the same as least squares fitting between the model 

and the data.  As the functional form is nonlinear, the calculation needs to be carried out 

numerically, and in this study the downward simplex method is applied.  In each numerical 

search of the optimal solution of δ and 2000, several sets of start values are tried to ensure the 

stability of the solution.  

The estimated value of constant δ is 11.82 ± 0.73 % for the pharmaceutical industry, 

37.64 ± 1.00 % for the IT hardware industry, 17.95 ± 1.78 % for the semiconductor industry, and 

30.17 ± 1.89 % for the software industry.4 These results indicate that the ranking of R&D 

depreciation rates across industries in a descending order is: IT hardware, software, 

semiconductor, and pharmaceutical industries.   

In Table 1, we compare our results with those from recent studies on the estimation of 

R&D depreciation rates. 

 

                                                 
4 The depreciation rate for software is very close to the number used  by  Corrado et al. (2006).  
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------------------------------------------ 
Insert Table 1 about here 

------------------------------------------ 
 

 This comparison points to several promising features of our model.  First, the derived 

industry-specific R&D depreciation rates fall within the range of recent research estimates based 

on production-function and market-valuation approaches (Berstein and Mamuneas, 2006; Hall, 

2007; Huang and Diewert, 2007; Warusawitharana, 2008).  We achieve this without using 

restrictive assumptions typically adopted by other studies.  The high depreciation rates found by 

Knott et al. (2003) appear more the exception than the rule.  Also, our results are consistent with 

those of recent studies, which indicate that depreciation rates for business R&D are likely to vary 

across industries due to different competition environments each industry faces, and are higher 

than the traditional 15% assumption derived using the data of the 1970s (Berstein and Mamuneas, 

2006; Corrado et al., 2006; Hall, 2007; Huang and Diewert, 2007; Warusawitharana, 2008; 

Grilliches and Mairesse, 1984).   

We conduct a simple sensitivity analysis by setting the gestation lag as 4 years for all four 

industries, and the results show that, for each industry, the R&D depreciation rate drops by 2 or 3 

percentage points. Therefore, the ranking of R&D depreciation rates for four industries is still 

maintained.  

 Since the technological and competition environments change over time, the R&D 

depreciation rates are expected to vary over the 19 years (1990-2008) covered by our dataset.  To 

address this issue, we calculate industry-specific and time-dependent R&D depreciation rates.  

The time-dependent feature of δ was obtained by minimizing Equation (5) with subsets of data.  

Instead of using all years of data, we performed least squares fitting over a five-year interval 

each time, in addition to the five prior years used for sales forecasts.  Three more subsets of data 
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are examined in the same way, each with a step of 3 years in progression.  As a result there are 

four subsets of data where the data-model fit is carried out, and the estimated depreciation rates 

are time-stamped at the mid-years of time windows, which are years 1995, 1998, 2001, and 2004. 

The best-fit time-varying R&D depreciation rates for the studied four industries show that 

the ranking order of the depreciation rates is in general maintained over time (See Figure 2). The 

vertical error bars are the standard deviations of the estimated R&D depreciation rates resulting 

from the errors associated with sales forecasts.5 

------------------------------------------ 
Insert Figure 2 about here 

     ------------------------------------------ 

The results of the time-varying R&D depreciation rates indicate that (1) The R&D 

deprecation rate of the pharmaceutical industry is almost always lower than that of other 

industries, ranging between 10% and 18%.  It appears pharmaceutical companies can maintain 

the value of R&D assets better than those in other high-tech industries because of effective 

patent protection they can enjoy and entry barriers such as necessary large-scale R&D 

investments and experience in R&D and government regulation; (2) The IT hardware industry 

has the highest R&D depreciation rate and it is increasing from 31% in 1995 to 44% in 2004.  It 

appears R&D assets in this industry are imitated quickly and become obsolete rapidly and this 

tendency is escalating over time.  One possible explanation is the increasing use of modular 

design and global outsourcing, which makes imitation easy to occur; (3) The R&D depreciation 

rate of the semiconductor industry has been constant since the middle 1990s and then slightly 

declined since the early 2000s. This is consistent with the view that the rate of technological 

progress in the microprocessor industry has slowed down after 2000.  

 
                                                 
5 When we alter the value of d and J parameters we obtain qualitatively similar results. 
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FIRM-LEVEL ANALYSIS 

 Having established that the empirical results based on our model are consistent with 

existing studies, as a next step we conduct firm-level empirical analysis.  Our goal is to analyze 

how R&D assets of technology leaders and followers exhibit different accumulation and 

depreciation patterns.  To achieve this goal, we calculate firm-specific time-varying R&D 

depreciation ratios in the same manner as the previous section.  We perform least squares fitting 

on 7 years of data with a step of 2 years in each progression.  As a result there are five subsets of 

data where the data-model fit is carried out, and in each calculation δ is time-stamped at the 

center of the time window. 

 To illustrate how R&D depreciation rates differ by the technological positions of firms in 

the same industry, we present the case of Intel and AMD in the semiconductor industry.  Intel 

has been a clear technology leader, and AMD lagged behind Intel in technology until the late 

1990s.  Figure 3 shows our estimation results.6  We find that the R&D depreciation rates of 

Intel’s R&D assets are much higher than those of AMD in 1996 and 1998, and the difference is 

statistically significant.  These much higher rates indicate that, as a technology leader, Intel’s 

R&D assets are imitated quickly and become obsolete rapidly.  However, the gap between the 

two firms’ R&D depreciation rates has narrowed since 2000 and we cannot statistically 

distinguish the two firms’ depreciation rates in the 2000s.  Perhaps this reflects the fact that, 

since the late 1990s, AMD has narrowed Intel’s technological lead, notably by its introduction of 

the Athlon in 1999 and the Opteron in 2003.   

 To compare R&D depreciation rates of technology leaders and followers, we divide firms 

in each of the four industries in two groups, technology leaders and followers.  We define 

                                                 
6 For a firm-level estimation, the coefficient α is obtained by linear regression of the log value of R&D investment 
for each firm. 
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technology leaders as the top 5% of firms in the sales ranking in each industry in 2000 and 

technology followers as the rest of firms.7 The list of technology leaders is fixed over the 

analysis period 1990-2008. The data set includes 77 firms in the IT hardware industry, 174 firms 

in the semiconductor industry, 183 firms in the software industry, and 286 firms in the 

pharmaceutical industry.8  We take average values of all the firms in each group in each year for 

estimation.  The coefficient α is obtained by linear regression of the log value of the average 

R&D investment for each group of firms.  The estimated depreciation rates are summarized in 

Figure 4.  

------------------------------------------ 
Insert Figure 3 and 4 about here 

------------------------------------------ 
 

 Figure 4 shows that, overall, technology leaders tend to have higher R&D depreciation 

rates than the followers.  This difference is clearest in IT hardware, where leaders always have 

higher depreciation rates than followers, and except for 1996 the difference is statistically 

significant.  In software and pharmaceuticals, leaders have higher depreciation rates than 

followers and the difference is statistically significant in all years except for 2005, in which the 

reversal of R&D depreciation rates of leaders and followers happened.  The decline of R&D 

depreciation rates of leaders in software after 2001 might reflect that leaders have managed to 

maintain the value of its R&D asset stock through their appropriability mechanisms such as 

network effects, intellectual property right protection and brand recognition.  Also, the rise of the 

R&D depreciation rate of followers in pharmaceuticals after 2003 might reflect that small firms 

are increasingly engaging in cutting-edge R&D activities. In semiconductors, while leaders have 

                                                 
7 We do not want to use R&D expenditure as a measure of technology position because it is our main variable to 
calculate R&D depreciation rates.  Patent measures have their limitations because not all innovations are patentable. 
8 The sales of technology leaders in each industry accounts for: 64.0% in IT hardware industry, 53.7% in the 
semiconductor industry, 72.8% in the software industry, and 93.9% in the pharmaceutical industry. 
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higher R&D depreciation rates than followers except for 2001, the difference is less clear than 

other industries.  The difference of R&D depreciation rates between leaders and followers is 

statistically significant in 1997 and 2005, but in other years the difference is not significant.      

  Our analysis of the technology leaders and followers in four R&D intensive industries 

indicates that the R&D assets of technology leaders tend to depreciate faster than those of their 

followers, but the depreciation rates of both leader and follower groups are lower than 50% 

except those for the IT hardware leaders in very recent years.  The results imply that technology 

leaders do accumulate and sustain the value of R&D resources, and their R&D resources do not 

completely dissipate. It appears that these firms are able to maintain competitive advantage over 

followers.   In addition, as shown in Figure 5, technology leaders typically invest more in R&D 

than their followers. Combining these two findings that (1) the R&D assets of technology leaders 

depreciate faster than those of their followers but not fast enough to make their R&D assets 

completely dissipate; and (2) technology leaders invest more in R&D than followers, we can 

reasonably conclude that technology leaders are not necessarily more productive in R&D than 

followers. This conclusion may reconcile the results derived from past studies that there is no 

clear evidence of the correlation between firm size and knowledge productivity (Cohen, 1995). 

That is, for the four technology-intensive industries we studied, there is no evidence that supports 

the argument of asset mass efficiencies.  However, we do show that the R&D assets of 

technology leaders will not become irrelevant against entrants in a very short period of time. 

------------------------------------------ 
Insert Figure 5 about here 

------------------------------------------ 
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CONCLUSION 

  We develop an R&D investment model and empirically examine the processes by which 

the R&D assets of R&D-intensive firms accumulate and depreciate.  We focus on the 

heterogeneity of firm resources.  For example, we investigate how technology leaders and 

followers exhibit their resource depreciation patterns differently.  Our model reflects a firm’s 

investment decision process and incorporates many important elements such as the gestation lag, 

the duration of R&D investment’s economic contribution, and demand conditions, without 

employing any restrictive assumptions.  Our model allows us to derive firm-level and time-

varying R&D depreciation rates by overcoming the difficulties of unobservable R&D prices and 

outputs in estimating R&D depreciation rates.   

 Using firm-level data for IT hardware, semiconductors, software and pharmaceuticals 

between 1990 and 2008, we find that that, in general, the R&D stocks of technology leaders 

depreciate faster than those of followers.  We also find that the R&D depreciation rates of 

technology leaders we studied are almost always lower than 50%.  This implies that technology 

leaders do accumulate and sustain R&D resources, and their R&D resources do not completely 

dissipate.  It appears that these firms can maintain competitive advantage over new entrants.  

Furthermore, we find that the R&D depreciation rates of firms in pharmaceuticals are overall 

lower than those of other industries we studied, perhaps reflecting the difference in 

appropriability conditions.  However, technology leaders constantly invest more in R&D than 

their followers to sustain R&D resources, implying that technology leaders are not necessarily 

more productive in R&D than followers.  This implication reconciles the results derived from 

past studies related to firm size, age, and the productivity of innovation. In addition, the result 
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does not support the theory that asset mass efficiencies is required for incumbents to sustain their 

resource advantages.   

 There are several implications of this study.  For strategy research, this study suggests the 

asymmetry between technology leaders and followers in their resource accumulation patterns 

and suggests that the way they reap benefits from their investment differs by industry.  

Specifically, we find that in many industries technology leaders suffer from higher R&D 

depreciation rates and need to invest much more in R&D than followers to maintain their 

advantages, while in some other industries the R&D resources of technology leaders are more 

sustainable.  These results imply the importance of appropriability conditions behind the way 

technology leaders sustain their advantages.   

 Also, this study introduces a structural modeling technique, thus bringing a micro-

economic foundation to examine RBV.  An advantage of our approach is that we can utilize 

secondary data to investigate a firm-level time-varying factor which is central to the 

investigation of RBV.  This type of approach could provide useful knowledge in strategy 

research.   

 For innovation research, this study suggests a new way to measure the appropriability 

conditions a firm faces.  How to benefit from R&D and appropriate its returns has been a major 

concern for innovation researchers.  Our methodology complements survey methods used by 

Levin et al. (1987) and Cohen et al. (2000), and allows us to examine firm-level variations by 

using publicly-available data. 

 For managers, this study suggests that becoming a technology leader is not the only way 

to achieve superior performance.  In industries where technology leaders’ R&D assets depreciate 

quickly, it appears technology followers can enjoy higher R&D productivity than the leaders by 
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utilizing their absorptive capacity.  This study reminds us of the essence of business strategy: 

there is no single way to achieve competitive advantages, and the optimal strategy depends on 

the condition of technology, industry and competitors. 

 There are limitations to this study.  First, we examine only four industries.  While we find 

very interesting results, these results might not be representative of other R&D intensive 

industries, such as the auto industry.  We plan to expand the scope of our research by examining 

more industries and draw more general implications.  Also, while this study shows that R&D 

depreciation rates vary by industry, firm and time, the reasons why such variations occur are still 

outstanding issues which require further investigations.  To examine the factors behind these 

variations will help our understanding of how a firm can benefit from innovation.  We are in the 

process of examining the data of more firms and identifying the factors that affect R&D 

depreciation rates. 
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Figure 1.  Profile of Profit Rate Increase due to R&D Investment 
 

 
 

Figure 2.  R&D Depreciation Rates for Four R&D Intensive Industries 
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Figure 3.  R&D Depreciation Rates of Intel and AMD
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Figure 4.  R&D Depreciation Rates of Technology Leaders and Followers 
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Figure 5.  Firm’s R&D investment versus sales in 2000 
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Table 1: Summary of Studies on R&D Depreciation Rates 

Study  δ: R&D Depreciation Rate Approach  Data 
Lev and Sougiannis 
(1996)  

Scientific instruments: 0.20  
Electrical equipment: 0.13 
Chemical: 0.11 

Amortization 825 U.S. firms over the 
period of 1975-1991;  
Compustat dataset  

Ballester, GarciaAyuso, 
and Livnat  (2003)  

Scientific instruments: 0.14 
Electrical equipment: 0.13 
Chemicals: 0.14 

Amortization 652 U.S. firms over the 
period of 1985-2001 for 
preferred specification; 
Compustat dataset 

Knott, Bryce and Posen 
(2003) 

Pharmaceuticals: 0.88-1.00 Production 
function 

40 U.S. firms over the 
period of 1979 -1998;  
Compustat dataset 

Berstein and Mamuneas 
(2006) 

Electrical equipment: 0.29 
Chemicals: 0.18 

Production 
function  

U.S. manufacturing 
industries over the 
period of 1954-2000 

Hall (2007)  Computers and scientific 
instruments: 0.05  
Electrical equipment: 0.03  
Chemicals: 0.02  

Production  
Function  

16750 U.S. firms over 
the period of 1974-2003; 
Compustat dataset  

Hall (2007)  Computers and scientific 
instruments: 0.42  
Electrical equipment: 0.52 
Chemicals: 0.22 

Market 
valuation  

16750 U.S. firms over 
the period of 1974-2003; 
Compustat dataset 

Huang and Diewert 
(2007) 

Electrical equipment: 0.14 
Chemicals: 0.01  

Production 
function  

U.S. manufacturing 
industries over the 
period of 1953-2001 

Warusawitharana 
(2008)  

Chips: 0.344 
Hardware: 0.277 
Medical Equipment: 0.369 
Pharmaceutical: 0.409 
Software: 0.366 

Market 
valuation  

U.S. manufacturing 
industries over the 
period of 1987- 2006;  
Compustat dataset 

This study Semiconductor: 0.1795 ± 0.0178 
IT hardware: 0.3764 ± 0.01 
Software: 0.30.17 ± 0.0189 
Pharmaceutical: 0.1182 ± 
0.0073 

R&D 
investment  
Model  

1167 U.S. firms over the 
period of 1989-2007;  
Compustat dataset 

  

 

 

 

 


