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Abstract 
Using data on U.S. universities, we show that universities that give higher royalty shares to faculty 
scientists generate greater license income, controlling for other factors including university size, 
quality, research funding, and local demand conditions. We use pre-sample data on university 
patenting to control for the endogeneity of royalty shares. The incentive effects are larger in private 
universities than in public ones, and we provide survey evidence on performance-based pay, 
government constraints and objectives of Technology License Offices that helps explain this finding. 
Royalty incentives work through two channels — raising faculty effort and sorting scientists across 
universities. The effect of incentives is mainly to increase the quality rather than the quantity of 
inventions.  
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1 Introduction

Universities are an important source of technical change. By the end of the 1990’s, they ac-

counted for about 50 percent of basic research in the U.S. (National Science Board, 2000).

Academic research has real effects by increasing productivity growth in the economy and stim-

ulating greater private sector R&D through spillovers (Jaffe, 1989; Adams, 1990). In addition,

university research contributes to the economy through the licensing of the resulting inventions

to private firms.1 Technology licensing activity has grown dramatically in the past two decades.2

The number of U.S. patents awarded to university inventors increased from 500 in 1982 to more

than 3,100 in 1998. The number of licenses more than tripled during the 1990’s, and license

revenues increased from $186 million to about $1.3 billion. It is important to understand what

drives academic research and technology licensing activity. Is it a purely intellectual pursuit,

as many commentators claim, or do economic incentives matter?

In this paper we take a first step to answer this question by providing econometric

evidence that incentives affect university research and licensing outcomes. We examine how

cash flow rights from university inventions (the share of license royalties received by academic

inventors) affect the licensing income generated by universities. In the United States, university

intellectual property policies always grant the university exclusive (first refusal) control rights

over inventions, but the royalty income is shared between the inventor and the university

according to specified royalty sharing schedules. We show that there is substantial variation in

these royalty sharing arrangements across universities, and use this cross-sectional variation to

estimate the effect of royalty sharing arrangements on license income.

We develop a simple empirical framework in which scientists allocate effort to start new

1There is substantial evidence of R&D spillovers (e.g., Jaffe, 1989; Jaffe and Trajtenberg, 2002; Adams, 1990).
University research spillovers tend to be geographically localized as might be expected if direct knowledge
transfers are important (Jaffe, Trajtenberg and Henderson, 1993; Audretsch and Stephan, 1996). There is
also a growing empirical literature on university patenting and technology transfer (e.g., Henderson, Jaffe and
Trajtenberg, 1998; Siegel, Waldman and Link, 2003) and university research productivity (Adams and Griliches,
1998).

2Part of this rapid growth in university innovation and licensing activity is due to the passage of the Bayh-
Dole Act of 1980 (Patent and Trademarks Amendments Act, PL 965-17) which gave universities the right to
patent and a mandate to license discoveries made with federally sponsored research to the private sector. By the
year 2000, nearly all American research universities had established, or expanded, technology licensing offices
and introduced explicit intellectual property policies and royalty sharing arrangements for academic scientists.
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research projects and improve the quality of each project. Scientists value royalty income

and publications. The model predicts that a rise in the inventor royalty share of university

i increases research effort and thus its license revenues. We also allow for royalty incentives

to affect the sorting of more productive scientists to universities. This sorting mechanism

predicts that a rise in the royalty shares of “competing universities” reduces the license revenue

for university i. We test these predictions with university-level data from the Association of

University Technology Managers, combined with information on the distribution of royalty

shares which we collected from university websites.

There are three key empirical findings. First, royalty shares affect the level of license

income generated by universities. Controlling for other factors, including university size, qual-

ity, R&D funding, scientific composition, and local demand conditions, universities with higher

royalty shares generate higher levels of license income. This finding is important because it

means that the design of intellectual property rights, and other forms of incentives, in academic

institutions can have real effects on growth and productivity. Second, the incentive effects of

royalty shares appear to work both through the effort and sorting channels. Third, the response

to incentives is much stronger (and more significant) in private universities than in public ones.

In most private universities, and in about half the public ones, the incentive effect is strong

enough to produce a Laffer effect, where raising the inventor’s royalty share would increase the

license revenue retained by the university (net of payments to inventors). We also show that

technology licensing offices (TLOs) are more productive in private universities, suggesting that

private institutions have more effective, commercially-oriented technology transfer activity.

One of the primary concerns is that this covariation between royalty shares and license

income may arise from unobserved heterogeneity at the university level. In particular, there

may be unobserved heterogeneity in research productivity or commercial orientation of faculty.

If this heterogeneity is correlated with royalty shares , a potential endogeneity problem arises.

For example, researchers with more commercial orientation or more valuable inventions may

have been able to exploit their bargaining position to lobby their universities for more favorable

royalty rates. Another possibility is that there are differences in institutional culture (or his-

torical experience in technology transfer activity) across universities and that a strong culture

of commercial innovation might lead both to greater inventor royalty shares and greater license
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revenue.

To address this endogeneity problem we adopt the approach recently developed by Blun-

dell, Griffith and Van Reenen (1999). They show that, under certain assumptions, the pre-

sample mean of the dependent variable is a consistent estimator of the unobserved, fixed het-

erogeneity, and thus it can be used as an additional regressor to control for such heterogeneity.

Introducing this control does indeed reduce the estimated effect of royalty shares — by about

20 percent — but the central findings remain unchanged.

We argue that differences in TLO effectiveness help explain why there is a larger response

to royalty incentives in private universities. Because universities retain the control rights over

inventions, the TLO has exclusive rights to commercialize inventions disclosed by the faculty

(unless expressly waived). As the “gatekeeper”, the TLO’s effectiveness in licensing activity

directly affects the monetary returns to the faculty scientist. Raising the royalty share will have

a smaller effect on incentives if the faculty scientist anticipates that the TLO will be ineffective

at commercializing her inventions. We provide new survey evidence which shows that TLOs in

private universities are more likely to use performance-based pay, are less constrained in their

freedom of operation by state laws and regulations, and are more focused on generating license

income rather than “social” objectives such as promoting local and regional development.

The survey results help explain both why we find that private universities are more effective at

generating license income and why royalty incentives have a larger impact in private universities.

We emphasize that this paper is not a normative analysis of university technology li-

censing activity. Greater commercialization has both benefits and costs. We show that private

benefits to universities, in the form of license income, are strongly affected by royalty incentives.

The potential costs include reallocation of scientists’ effort from basic to more applied research

and less “open science” in universities. While the public debate has focused heavily on such

costs, economic research in this area is only just beginning.3 We do not address these costs in

this paper.

The paper is organized as follows. Section 2 describes the data. Section 3 develops

3For an interesting theoretical analysis of the role for universities and private firms in basic and applied
research, see Aghion, Dewatripont and Stein (2005). The available empirical studies on university patenting,
applied research and open science are mixed (Henderson, Jaffe and Trajtenberg, 1998; Agrawal and Henderson,
2002; Murray and Stern, 2004).
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the empirical framework. In Section 4 we present nonparametric evidence on the relationship

between license income and inventor royalty shares as well as regression results. Their impli-

cations for revenue maximization and an assessment of the impact of incentives on the quality

and quantity of invention are also discussed. Section 5 summarizes robustness checks. Brief

concluding remarks follow.

2 Data

The data assembled for this project came from three main sources: 1) the Annual Licensing

Surveys for the years 1991-1999 published by the Association of University Technology Man-

agers (AUTM), 2) the 1993 National Survey of Graduate Faculty conducted by the National

Research Council (NRC), and 3) royalty sharing arrangements downloaded from technology

licensing offices’ websites. Details of the variables and the sample selection are provided in the

Appendix.

The AUTM surveys provide information on licensing income, number of licenses, number

of inventions reported to the TLO (invention disclosures), characteristics of the technology

licensing office (TLO), and R&D funding from external sources in universities.

To control for differences across universities in faculty size and scholarly quality, we use

data from the 1993 NRC Survey. For each university we have information on faculty size and

three measures of quality for doctoral programs in twenty-three different fields of science, which

we aggregate to the university level using faculty size weights. The primary quality measure we

use is the number of citations per faculty during the period 1988-92, but we also use the number

of publications per faculty and a scholarly quality rating score between zero (“not sufficient

for doctoral education”) and five (“distinguished”) to check the robustness of the results. The

NRC measures of size and quality do not vary over time.

Table 1 reports descriptive statistics for private and public universities separately. The

universities in our sample account for 68.1 percent of total license income in 1999, as reported

by AUTM. These universities generate an average of $3.6 million of license income per year.

Not surprisingly, this income is unevenly distributed across universities: the median license

income is just $868,000 for private and $539,000 for public universities, but the top 10 percent

of private universities earn over $11.5 million per year ($5.8 million for public). Normalizing
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by the number of active licenses (row 2) does not eliminate this variation. The median revenue

per license is $28,000 for private and $17,000 for public universities, while the top 10 percent

of universities have mean license income above $99,000 and $65,000, respectively. In sum, the

distributions of licensing value is very skewed: only a few universities produce very valuable

inventions.

Citations per faculty reflect both the quantity and quality of publications and exhibits

the highest dispersion across universities. The three measures of quality are highly correlated

(with correlations above 0.76). Technology licensing offices at most universities are quite small,

with a mean of about three full-time professionals. The average age of TLO’s in 1999 was 16,

reflecting the stimulus to commercialize university inventions given by the 1980 Bayh-Dole Act.

Except for the quality measures — private universities are of higher quality on average — there

are no statistically significant differences among the two groups in the other characteristics.

Our third source of data was information on the distribution of licensing income between

faculty scientists and the university, i.e., on the arrangements for sharing the royalties generated

by the licensed inventions. This information was downloaded from the websites of individual

technology licensing offices during the summer of 2001 and it constitutes the novel aspect of

our data.

The intellectual property policies of the universities usually state that a percentage of

the net income received by the university from licensing an invention is retained by the inventor

and the rest is allocated to the inventor’s lab, department, college and to the university. The

criterion we used for identifying the inventor share is that the inventor must gain either cash

flow rights or direct control rights over the income. Thus, when the university IP policy states

that the share accruing to the lab was under the control of the inventor, we added it to the

inventor’s share, but otherwise we did not. We call this the inventor’s royalty share.

The observed royalty shares were those in effect (and posted on the web) in 2001. Because

we study the impact of royalty shares on licensing outcomes during the period 1991-99, we

wanted to identify any changes that occurred during these years. We sent an e-mail inquiry

to the directors of the TLO’s in the sample, and found that 70 percent of the universities did

not change their royalty distribution during the sample period. In fact, in many cases the

arrangements were set in the early 1980s and never changed. In the universities where royalty
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shares changed, we updated the information when available.4

In 58 universities the inventor royalty share is a fixed percentage of the license income

generated by an invention (hereafter, linear royalty schedules). Interestingly, in the other 44

universities these royalty shares vary with the level of license income generated by an invention

(non-linear royalty schedules). Because the income intervals differ across universities, we di-

vided the license income into seven intervals based on the most frequently observed structure

(in US$): 0-10,000, 10,000-50,000, 50,000-100,000, 100,000-300,000, 300,000-0.5 million, 0.5-1.0

million, and over 1 million.5 For these universities we compute an expected royalty share by

weighting the average share in each income interval by the probability of observing license

income in that interval. These probabilities were estimated non-parametrically from the dis-

tribution of license revenue per invention over all years in the AUTM sample. Let vit denote

license income per invention disclosure in university i in year t. We first estimated the density

f(vit) by kernel methods at these values. We then computed an average royalty share for each

value of v, s(v), using the royalty schedule for each university, taking into account the varying

marginal royalty rates.6 The expected royalty share is then s ≡ Σvs(v) bf(v).7
4In total, 53 universities responded to this query. Of the 16 that reported a change in royalty shares during

1991-99, only 11 reported the pre- and post-change royalty sharing agreements. In these cases, we updated the
data according to the information received. In the remaining 5 universities, we used the shares reported in 2001.

5In the many cases where our selected interval did not correspond to the interval chosen by the university, we
recomputed royalty shares with the correct weights. For example, if a university reports a 50 percent share for
income less than 5,000 and 40 percent share for income above 5,000, this would appear as an 45 percent share
in the first interval (0-10,000) and an 40 percent share in all the remaining intervals.

6For example, with three marginal rates the average share is

s(v) =
s1v

v
I(0 ≤ v ≤ v1) +

s1v1 + s2(v − v1)

v
I(v1 < v ≤ v2) +

s1v1 + s2v2 + s3(v − v2)I(v > v2)

v

where I(·) is an indicator function.

7The estimated density function of license income per invention (not shown) exhibits extreme dispersion and
skewness. Such skewness is typical of distributions of the returns to innovation (e.g., Schankerman, 1998). In
our case, nearly all of the weight is on the first two income intervals — 50.2 percent in the 0-$10,000 bracket and
46.1 in the $10,000-$50,000 bracket. Thus it would be highly inappropriate to use a simple average of sharing
rates in a nonlinear schedule. In fact, for practical purposes a good approximation is simply to average the first
two sharing rates.
Two other points should be noted. First, we also used yearly license income divided by the cumulative number

of active licenses as a measure of v and obtained essentially the same estimates of s. The two estimates differ by
at most 1.7 percentage points, and the average difference is 0.7 percentage points. We normalized by disclosures
because data on cumulative licenses is available only since 1995 resulting in a smaller number of observations.
Second, one might want to estimate separate density functions for sub-categories of the pooled data—e.g., for
different technology fields—but we do not have enough data to do this successfully.
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Table 2 summarizes the main features of the royalty share data. The average inventor

share is 39 and 42 percent for private and public universities using linear royalty schedules,

but there is substantial cross-sectional variation within each group. Average royalty shares in

the universities with non-linear schedules is 51 percent, higher than for the linear schedules,

and displaying even larger cross-sectional variation. The striking variation in inventor royalty

shares is shown in Figure 1, where the histogram and a nonparametric estimate of the density

of the expected royalty share are displayed for private and public universities separately.

Another striking feature of Table 2 is that inventor royalty shares are either constant or

decline in the level of license income per invention — royalty retention is regressive (i.e., the

university ‘tax’ on inventors is progressive). On average, they start at 53 percent in the lowest

interval and decline to 30 percent for inventions generating over $1 million. This feature holds

in every quartile of the cross-sectional distribution and, in fact, it holds for every university in

our sample with non-linear royalty schedules.8

In this paper we begin by taking the royalty shares as given and exploit their cross-

sectional variation to identify whether they have an effect on inventive activity. As discussed

in the next section, however, royalty shares may be correlated with unobserved heterogeneity

at the university level. We address this potential endogeneity problem by using pre-sample

information on university patenting. It is important to go further and study the determinants

of royalty sharing arrangements, but this is beyond the scope of the present paper.

3 Empirical Framework

A scientist has a fixed amount of time (effort) to devote to research, T. She devotes effort z to

starting new research projects, yielding n = n(z) where n(z) is increasing and concave. Each

invention has the same initial quality v0. By investing effort q into a project, she generates an

invention potentially worth v(q) = v0ψ(q)ε where ψ(q) > 1 is increasing and concave and ε is

8Regressive royalty schedules give inventors an incentive to focus on many low value inventions rather than
on “big hits”. Optimal taxation theory can generate progressive tax schedules when there is uncertainty to effort
(i.e., when high income outcomes are largely due to luck rather than effort). This argument is relevant here if
the scientist knows little about the quality of the project ex ante. But if the inventor can distinguish between
low and high quality projects in making effort decisions, then optimal incentives involve a progressive inventor
royalty to compensate for the higher marginal cost of producing high-valued inventions. Of course, “fairness”
and other considerations may affect how universities set royalty sharing.
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a stochastic shock independent of q, with unit mean value and distribution function G. The

shock ε is observed after the scientist chooses (z, q). With no ex-ante differences among the n

inventions, the scientist sets the same level q for each.9 We assume that the effort constraint is

binding, z + n(z)q = T. In addition to generating inventions, the research produces academic

publications p(z, q) = p(n(z), q). If there is a conflict between commercially-oriented and

academic research, the partial derivatives of this function may not be positive at all points.

If licensed, the invention earns revenue θv (otherwise zero), where 0 < θ ≤ 1 reflects the

effectiveness of the TLO’s licensing activities. While v is the maximum potential commercial

value of the invention, actual license income depends on how good the TLO is at identifying

potential licensees and negotiating agreements. These capabilities may depend on institutional

features, such as whether the university is public or private (see Section 3.1 for survey evidence).

The TLO licenses an invention if expected license income covers the fixed cost of licensing v.

The selection rule θv > v implies that a proportion 1−G
³

v
θv0ψ(q)

´
of all inventions is licensed.10

Expected license revenue per faculty is

r(z, q) = θn(z)v0ψ(q)

Z ∞

v
θv0ψ(q)

εdG(ε) (1)

Effort q has two effects: it raises the value of the invention and increases the probability the

TLO will license it.

The scientist derives utility from license income and publications, U(z, q) = V (sr, p),

where U(z, q) is assumed to be increasing in both arguments and concave in the neighborhood

of the optimal choice. Let C(z, q) be a convex effort cost function.11 The scientist maximizes

U(z, q)− C(z, q), given the license revenue and publications functions, r(z, q) and p(z, q), and

the time constraint z + n(z)q = T.

9An equivalent formulation is to allow the initial value of the idea to be random and unknown to the researcher
when the decision on effort q is made. We need some form of uncertainty in the model because otherwise the
scientist would either set q = 0 or set q at a level to ensure that any developed idea would pass the TLO selection
rule (see below in the text). But this is not consistent with the data: the ratio of licenses executed to invention
disclosures in a given year is about 30 percent, on average.

10This specification of the licensing decision is consistent with new survey data we gathered from TLOs,
described briefly in Section 3.1.

11In a more developed model, the inventor’s effort cost function would reflect the university’s valuation of
research and teaching, as the university controls these shadow prices by setting promotion criteria and other
rewards, including royalty shares.
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It is straightforward to show that optimal research efforts is an increasing function of

the inventor’s royalty share, s, and the TLO effectiveness, θ. This implies that license revenue

r(z(s, θ), q(s, θ)) also increases in (s, θ). This is the implication we set out to test with data on

university-level revenues, royalty rates s, and proxies for θ.

Letting R(s, θ) = Fr(s, θ) denote license revenue for the university (F is faculty size),

taking logs of (1) and linearizing we get

logR = logF + δs+ λ log θ + terms involving G, v and v0

Since θ in not observed, we use the size and experience of the TLO as proxies in the

empirical work. In addition to (log) faculty size, the regression equation includes variables

that capture differences across universities in G, v and v0. We use the number of citations per

faculty to capture initial quality (v0), and differences in research orientation measured by the

shares of faculty in each of six science fields (see Appendix) and the amount of R&D funding

to the university, to capture differences in the distribution of quality shocks, G. Letting the

vector x denote all these proxies, the basic model is

logR = δs+ xβ + u (2)

where u is the disturbance term. The parameter δ represents the incentive effect of royalty

shares on (unobserved) research effort levels, including the effects of the TLO through their

selection of inventions to commercialize, as equation (1) makes clear.

Despite our controls, there may be unobserved heterogeneity in research productivity

or commercial orientation of faculty. If this heterogeneity is correlated with s and θ (or its

proxies), a potential endogeneity problem arises. There are two main ways in which such

correlation might arise: reverse causality and sorting. The first is a “rent-seeking” argument

about how royalty shares are set. Researchers with more commercial orientation or more

valuable inventions may have been able to exploit their bargaining position to lobby their

universities for more favorable royalty rates. A broader possibility is that there are differences in

institutional culture (or historical experience in technology transfer activity) across universities

and that a strong culture of commercial innovation might lead both to greater inventor royalty

9



shares and greater license revenue. In such cases of reverse causality, estimating (2) by OLS

would give an upward biased estimate of δ.12

The second is that universities might attempt to attract more commercially productive

faculty by offering a higher inventor royalty share or a more effective TLO (higher θ). If

successful, this “sorting policy” will also generate a positive correlation between (s, θ) and

unobserved faculty quality: universities with higher (s, θ) will have more productive faculty.

This will also bias upward the estimated δ.

However, there is a subtle difference between the two cases. In the sorting example, the

estimated δ would be an upward biased estimate of the pure effort component of the royalty

incentive effect, but it would remain a consistent estimate of the overall incentive effect, which

includes both the effort and sorting components. By contrast, in the reverse causality examples

we may find an incentive effect when, in fact, there is none. In the empirical section we address

the potential problem of reverse causality by controlling for the pre-sample patenting activity

of the university.

Sorting is essentially an issue of how to interpret the estimated incentive effect. Nonethe-

less, it is important to try to distinguish between the effort and sorting components because

they have very different policy implications. The effort model implies that strengthening roy-

alty incentives would increase aggregate inventive output (i.e., social gains as well as private

ones), whereas a pure sorting model would imply that this would only redistribute inventive

output across universities.

It is difficult to pin down the effects of these two mechanisms in the absence of data

on individual inventors.13 However, we can extend the empirical specification of the model to

incorporate sorting effects. If sorting occurs, the type of faculty a university attracts should

depend both on its own royalty share and on the shares offered by the set of universities with

which it competes for faculty. Let sic denote the mean royalty share in the set of universities

competing with university i. We represent sorting in a simple but intuitive way: the impact of

12Recall, however, that most royalty distribution schemes for universities in our sample were set before the
start of the sample period (1991) and, in many cases, they were never changed since the foundation of the TLO.

13Lazear (2000) emphasises the different effects of performance-based pay on effort and sorting in his study
of the productivity gains of moving from hourly to piece-rate pay in a large auto glass company. He found that
about half of the gains were due to increases in effort and the other half to “sorting or possibly other factors.”
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sorting on the (log) license revenues of university i is assumed to take the form φ(si, sic) where

∂φ
∂si
≥ 0 and ∂φ

∂sic
≤ 0. Using a linear form φ(si, sic) = ρ1si + ρ2sic with ρ1 ≥ 0 and ρ2 ≤ 0, we

can write the expanded model which incorporates both the effort and sorting mechanisms as

logRi = (δ + ρ1) si + ρ2sic + xβ + u (3)

As before, δ captures the pure effort effect of royalty shares, while ρ1 and ρ2 capture

the sorting effect. We emphasize that the total incentive effect of university i0s royalty share

is given by the sum δ + ρ1. In this linear formulation, ρ1 is not identified, but we can conduct

a partial test of the “no-sorting hypothesis” by testing ρ2 = 0. If this is rejected, then the

coefficient on si captures both the effort and sorting effects of royalty shares.

To address the potential endogeneity of royalty shares arising from unobserved hetero-

geneity (e.g., the reverse causality issue mentioned above), we use pre-sample information on

the patenting activity of universities. Blundell, Griffith and van Reenan (1999) show that the

pre-sample mean of the dependent variable is a consistent estimator (in the time dimension) of

the fixed effect in the regression. Thus adding the pre-sample mean as a regressor controls for

any endogeneity arising from this unobserved heterogeneity. Since we do not have pre-sample

information on license revenues, we use instead pre-sample data on patenting (both patent

counts and citations).

Another possible bias arises from the researcher’s choice between reporting the invention

and sharing the license revenues with the university, or not reporting it and commercializing it

outside (e.g., by forming a private start-up company). If this nonreporting error is negatively

correlated with the royalty share (a reasonable assumption), then part of the observed rise in

license revenue from an increase in the royalty share reflects inventors now reporting previously

unreported inventions, and the estimator of δ+ρ1 would be biased upward. With the available

data we cannot identify the magnitude of this misreporting bias but, because university faculty

have a contractual obligation to report inventions to the TLO, the bias is unlikely to be large.

Of course, from the financial perspective of the university, both the incentive effect and the

reporting effect of royalty shares are relevant since they jointly determine how much license

income the university actually earns.
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3.1 Gatekeeper Effect: Explaining Public-Private University Differences

All universities in our sample retain control rights over inventions so that the TLO effectively

has exclusive rights (unless expressly waived) to commercialize the inventions. Because the TLO

is the “gatekeeper,” its effectiveness at finding licensees and negotiating agreements directly

affects the monetary returns to the faculty scientist. As a consequence, raising the royalty

share will have a smaller incentive effect if faculty scientists anticipate that the TLO will be

ineffective at commercializing their inventions. We call this interaction between the incentive

effect and the effectiveness of the TLO the gatekeeper effect. This interaction arises because

the inventor’s license income, sr(θ, s), depends directly on the product sθ, as is clear from (1).

Therefore, the marginal incentive effect of royalty sharing is rising in the TLO effectiveness

parameter, θ. In the extreme case where θ = 0, the share apportioned to faculty will not

matter at all.14

There are good reasons to believe that private universities are more effective at gener-

ating license income than public ones, at least on average. University ownership may affect

the constraints under which the TLO operates in selecting licensees and striking agreements.

Public and private universities may also have different objectives — in particular, the former

may be more concerned with local development than with license income maximization. And fi-

nally, university ownership may affect the ability or willingness of TLO’s to adopt high-powered

incentives for their staff. Unfortunately, there is almost no available information on the objec-

tives, constraints and incentives within TLO’s. For this purpose we developed a new survey

questionnaire for TLO directors in public and private universities.15

14Using (1) we get

∂R

∂s
= θFv0

∙
H(s, θ){n(s, θ)ψ0 ∂q

∂s
+ ψ(s, θ)

∂n

∂s
}+ ψ(s, θ)n(s, θ)

∂H

∂s

¸
whereH(s, θ) ≡

R∞
v

θv0ψ(q(s,θ))
εdG(ε). The gatekeeper effect operates if ∂2R

∂θ∂s
> 0. If the TLO licenses all inventions

(H(s, θ) = 1), this property holds as long as diminishing returns in n(z) and ψ(q) are not too strong. The
intuition is as follows: a rise in θ increases the marginal payoffs to (z, q), raising their optimal levels. This direct
effect increases the marginal payoff to s. But at the new, higher levels of (z, q), the marginal returns to effort

are lower due to diminishing returns, which reduces the marginal payoff to s. In order to get ∂2R
∂θ∂s

> 0, these
diminishing returns must not dominate the direct effect. If invention quality affects the probability of being
licensed (H(s, θ) < 1), we also require that the density function g(v) not increase too much in v.

15We sent the questionnaire to TLO directors in 198 public and private universities. They included both those
used in the regression analysis an others. After considerable effort, we managed to get 101 responses, of which
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Table 3 summarizes key results from the survey. First, faculty in both public and pri-

vate universities are well-aware of monetary incentives from commercializing their inventions.

Second, in the vast majority of cases in both public and private universities, faculty reward

structures (salaries and promotion) do not give any significant weight to technology transfer

outputs. Third, there are sharp differences between universities in the use of performance-based

pay for TLO staff, and in the constraints and objectives of the TLO’s. Private universities are

significantly more likely to use performance-based pay (row 3), and are much less constrained

by either formal government regulations or informal government pressure in each of the six

categories of constraints we examine.16 Interestingly, public and private universities share the

objectives of increasing the number of licenses and license income, but public universities are

much more likely to rank “promoting local or regional economic development” as an important

objective.

These survey findings strongly support the hypothesis that the parameter θ is larger in

private universities than in public ones, on average. This finding has two testable predictions in

the regression model: (1) because of the gatekeeper effect, the coefficient on the royalty share

(the incentive effect) should be larger for private universities than for public ones, and (2) the

coefficients on TLO size and age should be larger for private universities.

4 Empirical Results

4.1 Nonparametric Evidence

We begin by abstracting from other determinants of license income and non-parametrically

estimate the expectation of license income per faculty conditional on royalty shares, E
¡
R
F |s
¢
,

using Fan’s (1992) locally weighted regression smoother. Figure 2 plots estimates for the public

and private universities separately.

E
¡
R
F |s
¢
is clearly increasing in s and somewhat non-linear: although income is not very

responsive to economic incentives at the low range of the royalty shares, this is strikingly

57 were in the regression sample. The results of this survey will be analysed more fully in another paper.

16The survey question is: “Does the state government impose any significant constraints that limit the effec-
tiveness of [your] TLO activity...either explicit forms - such as statutes, regulations, covenants of the university
charter - or implicit forms such as pressure from political representatives or agencies.”
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reversed at shares above 40 percent. Also notice that the response to incentives is larger for

privately owned universities as compared to public ones. To verify these nonparametric results

and to quantify the relationships between license income and royalty incentives controlling for

other university characteristics, we turn to regression analysis.

4.2 Econometric Evidence

The data form an unbalanced panel of 102 universities for the period 1991-1999. However, panel

data estimation methods that allow for a correlation between the royalty share and unobserved,

time-invariant determinants of license revenues — such as fixed effects or first differences — are

of limited use here because the royalty share does not vary over time in 90 percent of the

observations. The incentive effect is primarily identified from the cross-sectional variation. We

allow for arbitrary heteroskedasticity and serial correlation within universities (standard errors

are clustered at the university level).17

We begin by comparing alternative specifications of the model, focusing on the estimated

royalty incentive effect. Once we arrive at the “baseline specification”, we discuss the full set

of coefficients in more detail.

Table 4 presents estimates for equation (3) for private and public universities separately.

We strongly reject pooling of these two sub-samples (the test on the full set of 23 coefficients

yields p-value < 0.001; this holds for other specifications as well). Columns (1) and (5) treat

royalty shares as exogenous and ignore the (sorting) effect of competing universities (we set

ρ2 = 0). The OLS estimates indicate large and statistically significant incentive effects in both

private and public universities. The estimated incentive effect, however, is more than twice as

large in private universities, and this difference will hold for all alternative specifications.

In columns (2) and (6) we add the average shares of “competing” universities to the

17There is one estimation issue that arises from the computation of the expected royalty share for universities
with nonlinear royalty schedules. The density estimates used to compute the expected royalty share are based
on the observed unconditional distribution of license income per disclosure. However, the model says that the
distribution of license income per disclosure depends on the control variables s and x. To account for this, we
used an iterative procedure whereby we use the residuals from an initial license income per disclosure (i.e.,
v) regression to recompute the kernel density estimates and the expected royalty shares. We found that after
one iteration the average difference in the computed royalty shares for the nonlinear schedules was only 1.3
percentage points, or about 2.8 percent of the mean royalty share, and the estimated coefficients were very close
to those obtained using the expected royalty shares based on the unconditional distribution of v. We report the
parameter estimates based on the unconditional distribution.
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regressions. This specification incorporates both the effort and sorting mechanisms into the

model, as discussed in Section 3. We rank universities according to citations per faculty and

define the set of competing universities as those closest to (above and below) university i in

this ranking.18 In defining the competing universities, we include both public and private

universities, although we estimate the model separately for the two types. The results reported

in the table are based on groups of two competing universities (Table 7 presents robustness

results for groups of four competitors). It is very striking that the estimate of ρ2 is negative for

both private and public universities and, in the former case, quite large relative to the estimate

of the “own royalty effect.” In private universities, we can reject the hypothesis that there is

no sorting (ρ2 = 0). The estimated incentive effect - the coefficient of si - captures both the

effort and sorting effects of the “own royalty share”, (δ + ρ1). But it is worth noting that this

estimated incentive effect is not much changed by the inclusion of sc. For public universities,

we find no evidence of sorting.19

These large effects are not driven by the skewness of the license income distribution

discussed in Section 2. Columns (3) and (7) present the estimates obtained by using median

regression to account for outliers. For private universities we get similar, large incentive and

sorting effects, while the median regression substantially reduces the point estimate of the

incentive effect for public universities. As an alternative way to address outliers, we re-estimated

the model dropping the top license income earners: Stanford and Columbia Universities in the

private university sample, and the University of California System in the public sample (not

reported for brevity). The estimated incentive effects were 4.2 (s.e.=2.35) and 2.3 (s.e.=1.35)

in the private and public regressions, respectively.

Finally, in columns (4) and (8) we present estimates, for the model with both effort

18In the survey of TLO directors discussed in Section 3.1, we asked whether “staying in line with competing
universities” was an important consideration in setting royalty sharing rates and, if so, how they would define
that group. Academic quality was the most frequently listed criterion.

19We cannot test the hypothesis that there is no effort effect (δ = 0) without additional assumptions. In
particular, if we make the assumption that φ(si, sic) is homogeneous of degree zero, then the hypothesis that
there is no effort effect (pure sorting) implies that the coefficients on siand sic should sum to zero. Because of the
large standard we cannot formally reject the hypothesis, δ + ρ1 + ρ2 = 0 under the maintained hypothesis that
ρ1 = −ρ2. However, given the associated standard error, we would also not reject the hypothesis that the effort
effect equals the sorting effect, δ = ρ1 and −ρ2 = ρ1. In any case, there is no compelling theoretical basis for the
assumption that the own incentive effect and the competing effect are equally important for license revenues.
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and sorting, using pre-sample information on university patenting to control for the correlation

between royalty shares and unobserved heterogeneity.20 We adopt the approach developed

by Blundell, Griffith and van Reenen (1999). They show that, under certain assumptions,

the pre-sample mean of the dependent variable is a consistent estimator of the unobserved,

fixed heterogeneity, and thus it can be used as an additional regressor to control for such

heterogeneity. In our context, this means using the pre-sample mean of license revenues as a

way to control for the endogeneity arising from unobserved, fixed university effects. Since we

do not have pre-sample information on license revenues, we use instead pre-sample data on

patenting (both patent counts and citations).21 Since patents are an intermediate output of

the invention process, which then generate license income, it is reasonable to assume that they

are determined by the same factors generating license income. As a check on this we examined

the cross-sectional correlation between patent counts (citations) and license revenue within the

sample period (1991-99) and found that it is, in fact, very high, ranging between 0.65 and 0.79

for private universities and between 0.60 and 0.72 for public universities.

The coefficients of the pre-sample controls are positive and highly significant. As ex-

pected, adding the log of the mean number of citations to patents applied for between 1975

and 1990 to the regression reduces the estimated effects of royalty shares — by about 20 percent

— and makes the estimated incentive effect in public universities not significantly different from

zero.

It is clear from these results that royalty shares have a positive incentive effect on license

revenue both for private and public universities. The estimated effect is strongly significant

in private universities, but less precisely estimated in public universities. The point estimate

implies that a one percentage point increase in royalty share would increase license income by

4.5 percent in private institutions. This sizeable incentive effect is one of the main empirical

findings of this paper. It confirms the basic economic intuition that high-powered monetary

incentives do matter for university inventive activity. In view of all the other determinants for

20We tried to instrument the royalty share with data on income tax rates in the state where the university
is located, the percentage of the university faculty in hard sciences, and the size of the university endowment.
These instruments proved to be very weak, resulting in nonsensical 2SLS estimates.

21We actually use the log of one plus the number of patent counts or citations so as not to discard universities
with zero citations (see Section 5).
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which we control, it is striking that we can still pin down an empirical relationship between

license income and royalty shares. Furthermore, the incentive effect is more than twice as large

in private institutions than in public universities. These results confirm the non-parametric

findings that scientists in private universities exhibit a stronger response to royalty incentives

than those in public universities. To our knowledge, this is the first empirical evidence on the

impact of royalty incentives, and of how university ownership affects faculty responsiveness to

such incentives.

The other striking finding concerns the effectiveness of the TLO. The estimated elasticity

of TLO size on license income is much larger in private universities than in public ones. A 10

percent increase in the number of TLO professionals (equivalent to one-third of a full time

employee, at the sample mean) raises license income in private universities by almost 6 percent

increases but has no significant effect in public universities.22 In addition, the gains from

experience are larger and are realized earlier in private universities. Using the coefficients on

TLO age and its square, we find that, for private universities, an additional year of experience

increases revenues by 10 percent when TLO age is 8 and 7 percent at age 16. For public

universities, the estimate is only 3.5 percent. Taken together, these findings on TLO size

and age suggest that private institutions have more effective, commercially-oriented technology

transfer activity, which is consistent with the survey evidence presented in Section 3.1.

The elasticity of license revenue with respect to faculty size is 0.74 in both private and

public universities (but significant only in the latter). We cannot reject the null hypothesis

that the size elasticity is unity. The coefficient on the quality measure - citations per faculty -

is positive but, surprisingly, not significantly different from zero. The R&D variable includes

funding from industry, government and non-profit sources. It has a significant effect only in

public universities, with an elasticity of 0.63. The coefficient on the medical dummy is not sig-

nificant, once we control for pre-sample patenting activity (without this control for endogeneity,

the medical dummy is significantly positive for both private and public universities).

We use a variable to control for differences in potential demand for licenses by private

22We use TLO per faculty since this is what is relevant for the scientist as a determinant of θ. In this case,
the coefficient of faculty size is capturing a pure size effect. The same comment holds for our use of R&D per
faculty in the regression.
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firms (density of high-tech activity). If demand is localized, e.g. due to information, universities

in areas with more high-tech activity should license more inventions from a given pool of

inventions and obtain more revenue. We use the 1995 Milken index of high-tech activity for

each university’s location (Friedman and Silberman, 2003). We assign each university to a

quartile in the Milken index distribution, and then include dummy variables for the first and

fourth quartiles (the reference level is the middle two quartiles).23 High-tech density has a

quantitatively large effect on the generation of license revenues but its effects are very different

in private and public universities. Private universities appear to be more effective than public

ones at exploiting the potential of being located in high-tech areas. This finding is consistent

with our survey evidence that TLO’s are more free from government constraints in private

universities. Of course, the fact that local demand conditions matter at all indicates the

importance of structuring technology transfer institutions so that they can more effectively

exploit demand for inventions in non-local areas. For this purpose, specialization of TLO’s by

university (the current arrangement) may be inferior to alternatives such as having TLO’s that

specialize by technology area and serve multiple universities.

Finally, as controls for differences in research orientation, we use the fraction of the faculty

in each of six technology fields (physical sciences is the reference group). Surprisingly, we cannot

reject the hypothesis that there are no technology field differences (p-value 0.52 and 0.46 in

private and public universities), once we have controlled for R&D and other characteristics.

The parameter estimates from Table 4 imply that raising the inventor’s royalty share

would increase total license income. The point estimates of (δ + ρ1) imply that raising the

inventor royalty share by ten percentage points would increase license income by 45 and

19 percent in public and private institutions, respectively. In fact, raising the royalty share

for inventors can actually increase license income retained by the university, (1− s)R. Since

d log(1−s)R
ds = (δ+ ρ1)− 1

1−s , there will such a ‘Laffer effect’ for universities with sufficiently low

royalty rates, in particular when s < s∗ ≡ 1 − (δ + ρ1)
−1. For private universities, s∗ = 0.78,

and the Laffer effect holds for most of them. For public universities, s∗ = 0.48, which holds for

23It is worth noting that royalty shares do not vary much with the Milken index of high-tech activity: the
average shares in first, middle two, and last quartiles are 42, 47 and 43 percent, respectively. This suggests that
royalty shares are not set in response to the value of outside options available locally to university scientists.
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about half of these universities. This finding raises an important question of why universities do

not exploit the Laffer effect by increasing inventor royalty shares. Apart from not knowing this

potential exists, universities may have other objectives and constraints, among them fairness,

entrenched interests, and remaining competitive with other universities.24 An analysis of these

issues is beyond the scope of this paper.

4.3 Incentive effects on the quantity and quality of inventions

License revenue per faculty depends both on the number of inventions and their value. Even

with the available data at the university level, we are able to distinguish between the quantity

(n) and the quality (v) components of the royalty share effect on license revenue. Let L be the

the number of licenses obtained from Fn inventions, L = Fn(z(s, θ))
h
1−G

³
v

θv0ψ(q(s,θ))

´i
.

Using (1) and R = Fr we can write

R = L× θv0ψ(q(s, θ))E

µ
ε|ε > v

θv0ψ(q(s, θ))

¶
(4)

As this equation makes clear, if the royalty share affects the quality of inventions, it should affect

license revenues even after controlling for the number of licenses. The elasticity of revenues

with respect to licenses should be approximately one.

Table 5 presents results for a log version of equation (4). We measure L by the cumulative

number of active licenses, which is reported by AUTM. This is the relevant measure since

license income flows are generated by the existing stock of active licenses. Data on the latter

are available from 1995 so, for purposes of comparison, columns (1) and (4) present the baseline

specification for the same period 1995-99. Turning to the second column, when we control for

L the estimated effect of royalty shares on revenues declines but does not disappear.25 This

is particularly true in private universities, but less so in public ones where the incentive effect

was not significantly different from zero to start with. Raising the royalty share at private

24Of course, if a university believes that its competitors will follow suit the Laffer effect is diminished. Taking
the competitive effect into account, the threshold for the Laffer effect is s∗ = 1− (δ+ρ1+ρ2)

−1. This is reduced
to 0.50 and 0.15 for private and public universities, respectively. Even without a Laffer effect, a university might
want to raise the royalty share if it attaches weight to the license income for its faculty inventors (e.g., the
university could reduce salaries in return for higher royalty shares).

25The coefficient on logL is not very precisely estimated in private universities but one cannot reject the
hypothesis that it equals one. Also notice that faculty size does not appear in equation (4) once L is included.
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universities by one percentage point will generate 4.3 percent more license revenue, given the

same number of licenses. As the total effect of such a change in royalty shares is higher — about

5.0 percent — it follows that the number of inventions is also affected by the royalty share. This

is seen more directly in columns (3) and (6), which present the regressions of the number of

licenses against royalty incentives and the various control variables.

The main implication of this analysis is that the quality channel is more important than

the quantity channel in private universities. In public universities, however, royalty share has

an overall very weak effect because neither quantity nor quality seems to be affected by royalty

incentives.

The use of quantity measures in these regression may introduce measurement error be-

cause of the possibility that faculty do not report all their inventions to the TLO. However,

this is likely to bias the effect of royalty shares downward in the revenue regression.26 Thus

any possible non-reporting bias will reinforce our conclusion that the incentive effect of royalty

sharing works predominantly by increasing the quality (commercial value) of inventions, rather

than the number of inventions.

4.4 Incentive effects: Interactions with faculty quality and tenure

In this section we examine whether the incentive effect of royalty shares varies with faculty

quality or with the extent to which faculty is tenured. First, it is often argued that faculty

at more prestigious institutions are likely to be motivated mainly by scientific recognition and

status rather than by monetary rewards. In the model this takes the form of a lower marginal

utility of license revenue in higher quality universities. To test this, we include interactions

terms between the inventor royalty share and dummy variables for the lowest, the middle two,

and highest quartiles of the citations per faculty distributions (columns (1) and (3), Table 6).

In support of the popular view, we find that the incentive effects of royalty shares declines with

university quality. For private universities, the estimated coefficient declines from 6.8 in the

26Let N∗ and N = N∗ (1− ϕ) denote the true and observed number of disclosures, where ϕ ∈ [0, 1] is the
rate of misreporting. When ϕ = 0 faculty reports all inventions to the TLO. Let L∗ and L denote the true and
observed number of licenses. They differ only because N∗and N differ, so L = L∗(1 − ϕ). When log L is used
instead of logL∗ as a regressor, it adds − log(1− ϕ) to the error in the regression. If Cov(ϕ, s) = 0 there is no
bias. However, if Cov(ϕ, s) < 0, i.e., misreporting decreases as the inventor’s royalty share increases, then s and
-log(1−ϕ) are negatively correlated and we get a downward bias in the estimated coefficients of both s and log
L in the regressions in columns (2) and (5) of Table 5.
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first quartile of the quality distribution to 4.5 in the fourth quartile. In public universities, we

find a similar pattern: the universities in the bottom quality quartile are responsive to royalty

incentives whereas higher quality public universities do not exhibit any significant response to

s. This is particularly interesting, since the baseline estimate of the incentive effect for public

universities was not significantly different from zero (Table 4).

Second, if there is a trade-off between doing commercially-oriented research and gener-

ating academic publications, we would expect untenured faculty members to be less responsive

to royalty shares than tenured members.27 To test this, we include interactions terms between

the inventor royalty share and dummy variables for the lowest, the middle two, and highest

quartile of the tenure distribution (the percentage of tenured faculty at each university).28 As

columns (2) and (4) in Table 6 show, the hypothesis is confirmed for public universities. The

incentive effect of royalty shares is significant and positive in the top quartile of the tenure

distribution, but not in the lower three quartiles. There is no support for the hypothesis in

private universities.

5 Robustness Checks

In this section we discuss the robustness of the empirical results for the baseline model to

various specification changes. The top panel in Table 7 shows that the estimated incentive

effects are robust to using pre-sample patent count data to control for endogeneity of royalty

shares, instead of pre-sample patent citations. Column (1) replicates the results of the baseline

specification (column (4) in Table 4). As before, the pre-sample controls are strongly significant.

The incentive effects are somewhat larger and more precisely estimated when we use patent

counts rather than citations. Introducing a dummy variable for universities that had zero

pre-sample patents or citations does not change this conclusion.

The bottom panel of the table is based on using a set of four competing universities in

the specification for sorting (i.e., two universities on each side of university i in the distribution

27Levin and Stephan (1991) make a related point regarding the effect of age on a researcher’s academic
productivity.

28Source: NSF WebCASPAR Database System (http://caspar.nsf.gov/webcaspar). The information of tenure
refers to all faculty rather than just those in hard sciences, which is what we would like to measure.
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of citations per faculty). This reduces the estimated incentive effect in private universities

by about 20 percent, but it remains large in absolute terms and statistically significant. In

addition, the competition effect in private universities is now increased. In public universities

there is a smaller change in the point estimates, but they remain not significant.

Both panels corroborate the conclusions reached from Table 4. First, royalty shares

have a positive and significant effect in private universities, about twice as strong as in public

universities. Second, the incentives offered by competing universities reduce license revenues.

Third, pre-sample patent data is important for controlling unobserved heterogeneity.

We performed two additional specification checks but, for the sake of brevity, we omit

the regression results. First, we used alternative measures of the quality of university faculty,

specifically the NRC scholarly quality score, the number of publications per faculty, and the

average faculty salary at the university. The estimates of the coefficient on the royalty share, as

well as the other control variables, are very similar to those in the baseline specification using

citations per faculty as the quality measure. For example, using the scholarly quality score the

estimates of (δ+ ρ1) are 4.33 (s.e.=2.06) and 1.96 (s.e.=1.43) and the estimates of ρ2 are -2.71

(s.e.=1.31) and -1.25 (s.e.=1.32) for private and public universities, respectively.

Second, we allowed for industry and publicly-funded R&D to have different effects on

licensing income. The results show that publicly-funded R&D has a positive and significant

effect on license revenue in public universities only, with an elasticity of about 0.6.29 By

contrast, industry-financed R&D has no significant effect on license income in either private or

pubic universities. This is exactly what one would expect since the bulk of such funding comes

from contract R&D with free licensing provisions (i.e., ex ante R&D funds are given in place

of ex post licensing income). The estimated coefficients on the royalty shares, and on the other

regressors, are nearly identical to the baseline case.

29Payne and Siow (2003) analyze the effect of federal funding on university research. Using a sample of 68
research universities, they conclude that increasing federal research funding results in more, but not necessarily
higher quality, research output.
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6 Concluding Remarks

In this paper we exploit cross-university variation in the share of license royalties received by

academic scientists in order to estimate the effect of monetary incentives on license income

generated by the inventions. There are three main findings. First, universities that give higher

royalty shares to academic scientists generate greater license income, controlling for other

factors including university size, quality, research funding, and local demand conditions. This

finding is robust to pre-sample patent data used to control for the endogeneity of royalty shares.

This finding is important because it implies that the design of intellectual property rights in

academic institutions, and presumably other forms of incentives, can have real effects. Second,

we find that these incentive effects appear to work both by increasing effort and by sorting

of scientists across universities. We also show that the incentive effects work primarily by

increasing the quality, rather than the quantity of inventions.

Third, the response to royalty incentives, and the effectiveness of technology licensing

offices, are much larger in private universities than in public ones. We argue that this is due

to a “gatekeeper effect”: TLO’s in private universities are more effective at commercializing

inventions than in public universities. Because the inventor must go through the university TLO

to commercialize the invention (unless expressly waived), this difference in TLO effectiveness

translates into a higher incentive effect of higher royalty shares at private universities. We

provide survey evidence on the incentives, constraints and objectives within TLO’s in public

and private universities that are consistent with this claim.

There are many possible avenues for further research in this area. One is to extend

the empirical analysis to universities in other countries, but to our knowledge there is no

counterpart to the AUTM so this effort will involve a major data construction effort. A

second important avenue is to model university behavior and the academic labour market,

incorporating pecuniary incentives (salaries and royalties), multi-tasking and career concerns.

Such a model could be used as the basis for more detailed studies of incentives and university

research using micro-data on academic scientists.
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Table 4 . License Revenue Equation (eq.(3)): Baseline Specifications

Determinants of 1 2 3 4 5 6 7 8
Incentives
Royalty Share 5.84*** 5.26*** 5.30*** 4.52** 2.30* 2.32* 1.39** 1.93

2.16 1.98 1.69 2.04 1.35 1.36 0.66 1.46

Competitors' Royalty Share -- -3.37** -3.35** -2.54* -- -0.52 0.25 -1.06
1.38 1.29 1.35 1.51 0.77 1.42

Log (TLO/Faculty) 0.56** 0.61*** 0.61*** 0.55** -0.09 -0.10 -0.03 -0.24
0.26 0.23 0.24 0.22 0.15 0.16 0.11 0.16

Age TLO 0.17*** 0.19*** 0.21*** 0.13*** 0.03 0.03 0.02 0.04
0.05 0.05 0.04 0.05 0.03 0.03 0.02 0.03

Age TLO squared -0.002** -0.003*** -0.003*** -0.002*** -0.0001 -0.0001 0.0001 -0.0002
0.001 0.001 0.001 0.001 0.0004 0.0004 0.0002 0.0004

Pre-sample Control
Log (Average Patent Cites) -- -- -- 0.53** -- -- -- 0.41***

0.24 0.12
Other Controls
Log (Faculty Size) 0.65 0.89* 0.44 0.74 1.25*** 1.26*** 1.07*** 0.74***

0.58 0.46 0.46 0.48 0.18 0.19 0.13 0.23

Publication Cites/ Faculty 0.01 0.01 0.008** 0.00 0.00 0.00 0.010** 0.00
0.01 0.01 0.004 0.01 0.01 0.01 0.005 0.01

Log (R&D/Faculty) 0.15 0.02 0.07 0.04 0.53** 0.53** 0.36* 0.63***
0.36 0.31 0.23 0.27 0.21 0.22 0.19 0.22

Medical School Dummy 1.81* 1.17 1.69** 0.55 0.24 0.24 0.53*** 0.11
0.94 0.80 0.77 0.93 0.37 0.38 0.20 0.35

High-Tech, first quartile -0.39 -0.27 -0.83 0.36 0.54 0.56 0.34* 0.75**
0.56 0.58 0.51 0.72 0.36 0.37 0.21 0.35

High-Tech, fourth quartile 0.69* 0.75** 0.60** 0.64* 0.31 0.32 0.49* 0.40
0.39 0.31 0.25 0.33 0.34 0.34 0.27 0.39

Share Biomedical 0.0004 0.0110 0.0141 0.0112 0.0078 0.0091 -0.0084 0.0170
0.0202 0.0187 0.0155 0.0197 0.0148 0.0144 0.0124 0.0142

Share Other Biological -0.0066 0.0175 0.0032 0.0243 -0.0118 -0.0121 -0.015** -0.0007
0.0288 0.0278 0.0264 0.0291 0.0135 0.0133 0.0071 0.0134

Share Computer Science -0.0025 0.0256 0.0087 0.0234 0.0130 0.0143 0.0053 0.0257
0.0698 0.0611 0.0573 0.0587 0.0219 0.0213 0.0223 0.0196

Share Chemical Science 0.1166* 0.1111** .1611*** 0.0686 0.0049 0.0077 -0.0082 0.0108
0.0627 0.0470 0.0459 0.0468 0.0160 0.0162 0.0109 0.0140

Share Engineering 0.0466** 0.0506*** 0.0463 0.0294* 0.0120 0.0123 0.0050 0.0160
0.0200 0.0186 0.0144 0.0174 0.0168 0.0165 0.0101 0.0163

R2 0.75 -- 0.78 0.79 0.62 -- 0.66 0.66

Number of Observations 246 246 246 246 462 462 462 462
Notes: Columns (3) and (7) are median regressions. Year dummies included in all regressions. Standard errors 
 clustered by university in small numerals except in the median regressions where they are bootstrapped.
*** , **, * significant at the 1, 5, and 10 % level,  respectively.

Private Universities Public Universities



Table 5 . Incentive Effect on Invention: Quantity vs Quality

1 2 3 4 5 6
Dep. Variable Log Licenses Log Licenses

Determinants of Incentives
Log (Licences) -- 0.46 -- -- 0.57*** --

0.30 0.18

Royalty Share 5.05** 4.31* 2.20** 2.24 2.06 0.42
2.21 2.31 1.06 1.63 1.70 0.55

Competitors' Royalty Share -4.27*** -2.33 -2.39*** -2.51 -2.36 -0.28
1.34 1.77 0.81 1.62 1.58 0.50

Log (TLO/Faculty) 0.95*** 0.50** 0.49*** -0.27 -0.50*** 0.17**
0.24 0.22 0.13 0.21 0.20 0.10

Age TLO 0.16*** 0.07 0.11** 0.03 0.02 0.03*
0.05 0.07 0.04 0.03 0.03 0.01

Age TLO squared -0.003*** -0.001 -0.002*** -0.000 -0.000 -0.000
0.001 0.001 0.001 0.0002 0.0004 0.0002

Pre-sample Control
Log (Average Patent Cites) 0.40 0.50 0.09 0.40*** 0.37*** 0.20*

0.27 0.31 0.17 0.12 0.13 0.07

R2 0.81 0.79 0.86 0.65 0.66 0.81

Number of Observations 137 137 137 265 265 265
Notes: All other control variables appearing in Table 4 are included in all regressions but are not reported, 
except for regressions 2 and 5 which exclude Log (Faculty Size).
Standard errors clustered by university in small numerals.
*** , **, * significant at the 1, 5, and 10 % level,  respectively.

Private Universities Public Universities

Log Revenues Log Revenues



Table 6. Quality and Tenure Interactions with Incentive Effects

1 2 3 4
Quality 
quartiles

Tenure 
quartiles

Quality 
quartiles

Tenure 
quartiles

Determinants of Incentives
Royalty Share (1st

 quartile dummy) 6.84** 5.08** 3.65** 1.80
2.99 2.01 1.85 1.76

Royalty Share (2nd & 3rd
 quartile dummy) 4.81** 4.31** 1.62 1.21

2.10 1.74 1.03 1.20

Royalty Share (4th
 quartile dummy) 4.505** 3.22 0.23 3.15**

2.00 1.96 1.19 1.62

Competitors' Royalty Share -2.41* -1.09 -0.08 -0.38
1.40 1.65 1.26 1.12

Log(TLO/Faculty) 0.55*** 0.49** -0.27* -0.15
0.21 0.19 0.16 0.15

Age TLO 0.14*** 0.17*** 0.03 0.02
0.05 0.06 0.03 0.03

Age TLO squared -0.002*** -0.002*** -0.000 -0.000
0.001 0.001 0.000 0.000

Pre-sample Control

Log Average Patent Cites 0.54** 0.36 0.41*** 0.42***
0.23 0.28 0.11 0.11

R2 0.79 0.81 0.68 0.69

Number of Observations 246 246 462 462
Notes: All other control variables appearing in Table 4 are included in all regressions but are not reported. 
Standard errors clustered by university in small numerals.
*** , **, * significant at the 1, 5, and 10 % level,  respectively.

Private Universities Public Universities



Table 7 . Robustness to Pre-sample Controls and Competitors' Groups

Sorting Based on 
2 Competing Universities

1 2 3 4 5 6 7 8

Determinants of Incentives
Royalty Share 4.52** 4.50** 5.28*** 5.05*** 1.93 1.92 2.24 2.27

2.04 2.03 1.95 1.94 1.46 1.43 1.55 1.55

Competitors' Royalty Share -2.54* -2.69* -3.19** -3.16** -1.06 -0.73 -0.85 -0.98
1.35 1.36 1.39 1.38 1.42 1.43 1.4 1.43

Pre-sample Controls
Log (Average Patent Cites) 0.53** 0.41 0.41*** 0.52***

0.24 0.26 0.12 0.12
Dummy for Zero Cites -- -3.09*** -- 1.22**

0.82 0.56
Log (Average Patents) -- -- 0.41 0.38 -- -- 0.60*** 0.61***

0.36 0.36 0.23 0.22
Dummy for Zero Patents -3.84*** 0.87

0.70 0.88

R2 0.79 0.80 0.78 0.79 0.66 0.67 0.66 0.66
Number of Observations 246 246 246 246 462 462 462 462

Sorting Based on 
4 Competing Universities

1 2 3 4 5 6 7 8

Determinants of Incentives
Royalty Share 3.61* 3.49* 4.07** 3.83** 1.91 1.90 2.22 2.25

2.09 2.05 2.11 2.07 1.47 1.42 1.54 1.53

Competitors' Royalty Share -3.24 -3.57 -4.38** -4.40** -1.33 -1.34 -0.85 -1.05
2.42 2.42 2.34 2.33 1.7 1.64 1.52 1.5

Pre-sample Controls
Log (Average Patent Cites) 0.55** 0.43* 0.40*** 0.53***

0.24 0.26 0.13 0.13
Dummy for Zero Cites -- -3.10*** -- 1.28**

0.92 0.54
Log (Average Patents) -- -- 0.4 0.36 -- -- 0.59*** 0.61***

0.39 0.39 0.23 0.23
Dummy for Zero Patents -3.91*** 0.86

0.80 0.86

R2 0.78 0.79 0.77 0.79 0.66 0.67 0.66 0.66
Number of Observations 246 246 246 246 462 462 462 462

All other control variables appearing in Table 4 are included in all the regressions but are not reported. 
Standard errors clustered by university in small numerals.
*** , **, * significant at the 1, 5, and 10 % level,  respectively.

Notes:Competing universities defined by their ranking of publication citations per faculty. 

Private Universities Public Universities

Private Universities Public Universities
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Appendix: Description of the Data

A Variable Definitions

A.1 Data from AUTM Licensing Surveys 1991-99.

1. Licensing income includes license issue fees, payments under options, annual minimums,

running royalties, termination payments, the amount of equity received when cashed-in,

and software and biological material end-user license fees equal to $1,000 or more. License

income includes net transfers of license income from other institutions.

2. TLO Size is the number of person(s) employed in the TLO whose duties are specifically

involved with the licensing and patenting processes in either full or fractional allocation.

Because this information is not available for 1991, we used the data for 1992 to measure

size in 1991. The change in the point estimates is minimal but their precision increases

due to the larger number of observations.

3. TLO Age is measured using the year when then TLO was established as reported by

the AUTM surveys. When the foundation year was on 1991 or later we recoded the

foundation year to be the first year when the TLO size was larger than 0.5—one half

full-time equivalent professional employed.

4. R&D funding includes the total amount of research support committed to the university

that was related to license/options agreements.

A.2 Data from the 1993 National Survey of Graduate Faculty

The Survey provides data on doctoral programs that participated in the 1993 National Research

Council (NRC) National Survey of Graduate Faculty (appendix K on engineering programs,

appendix L on life science programs, and appendix N on biological sciences).

1. Science Fields: 23 doctoral programs were aggregated into 6 science fields. We used

the shares of faculty employed in each field to proxy for the research orientation of the

university. The fields are:
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(a) Biomedical and Genetics - biochemical/molecular biology, cell and development bi-

ology, biomedical engineering and molecular and general genetics

(b) Other Biological Sciences - neurosciences, pharmacology, physiology and ecology/evolution

and behavior

(c) Computer Science includes only the department of computer sciences

(d) Chemical Science - chemistry and chemical engineering

(e) Engineering - aerospace, civil engineering, electrical engineering, industrial engineer-

ing, material science, and mechanical engineering

(f) Physical Sciences - astrophysics/astronomy, geosciences, mathematics, oceanogra-

phy, physics, and statistics/biomedical statistics.

2. Faculty Size is the total number of faculty in the 23 doctoral programs as reported in the

Survey.

3. Quality measures:

(a) Citations per faculty : ratio of total number of program citations in the period 1988-

92 to the number of program faculty.

(b) Publications per faculty: ratio of total number of program publications in the period

1988-92 to the number of program faculty.

(c) Scholarly quality index of program faculty is the trimmed mean of the responses

received in the Survey for each doctoral program. Scores were converted to a scale

of 0 to 5, with 0 denoting “Not sufficient for doctoral education” and 5 denoting five

“Distinguished”.

All these quality measures were aggregated to the university level using faculty weights.

In some instances, a university appears more than once in the NRC file because the NRC

has information on two or even three units of the same department, e.g., statistics and

biostatistics or meteorology and geology (in geosciences). In these instances we averaged

their quality measures weighting each unit by its share in the total faculty number of both

units combined. In other instances, a university appears more than once in the NRC file
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because the NRC has information on two or more campuses (e.g., California, Rutgers,

etc.). In these instances we averaged their quality measures weighting each campus by

its share in the total faculty number of all campuses combined.

A.3 Data from TLO’s Websites

Inventor’s royalty share. This information was downloaded from the websites of each univer-

sity technology licensing offices during the summer of 2001. The net income received by the

university from licensing an invention is distributed between the inventor and the university.

The university allocates its share to various units such as the inventor’s laboratory, department

or college. The criterion we use for identifying the inventor share is that the inventor must gain

either cash flow rights or direct control rights over the income. Thus, when the university IP

policy states that the share accruing to the lab was under the control of the inventor, we added

it to the inventor’s share, but otherwise we did not. Royalty shares were computed out of net

license income after deducting direct licensing expenses from gross income. We also made an

adjustment for the TLO’s overhead rate, when it was reported.

B Data Selection Process

Starting with the nine files containing the Association of University Technology Managers’

(AUTM) Annual Licensing Surveys for 1991-99 we compiled a list of 209 institutions with li-

censing income and disclosure data for all or part of the 1991-99 period. These institutions

include American and Canadian universities, medical research institutes and patent manage-

ment firms. The size and quality measures from the 1993 National Survey of Graduate Faculty

conducted by the National Research Council (NRC) are available for universities with doctoral

programs only. This reduces the sample of institutions with AUTM and NRC data to 146.

Merging with the royalty share distribution data further reduced the number of institutions

with AUTM, NRC and royalty share data to 102.

C Structure of the Data

We have panel data on 102 universities with non-missing license income data ranging from T = 1

to T = 9 years. We start with a total of 749 university-year observations with non-missing
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license income data. Tables 1—3 rely on the full sample of 102 universities but the sample used

in Tables 4-7 is smaller because of missing data on some of the regressors and observations with

zero license income (we use the log of license income). This sample comprises 96 universities

(31 private and 65 public) and 708 observations. Assigning a zero value to the dependent

variable of the universities with zero license revenue, and including them in the regression, did

not change the parameter estimates.

31



CENTRE FOR ECONOMIC PERFORMANCE 
Recent Discussion Papers 

 
 

728 Philippe Aghion 
Robin Burgess 
Stephen Redding 
Fabrizio Zilibotti 

The Unequal Effects of Liberalization:  Evidence 
from Dismantling the License Raj in India 

   

727 Richard E. Baldwin 
Fredéric Robert-Nicoud 

Trade and Growth with Heterogeneous Firms 

   

726 Gustavo Crespi 
Chiara Criscuolo 
Jonathan Haskel 

Productivity, Exporting and the Learning-by-
Exporting Hypothesis: Direct Evidence from UK 
Firms 

   

725 Giovanni Olivei 
Silvana Tenreyro 

The Timing of Monetary Policy Shocks 

   

724 Ghazala Yasmeen Azmat The Incidence of an Earned Income Tax Credit: 
Evaluating the Impact on Wages in the UK 

   

723 Sharon Belenzon Basic Research and Sequential Innovation 

   

722 Daron Acemoglu 
Philippe Aghion 
Claire Lelarge 
John Van Reenen 
Fabrizio Zillibotti 

Technology, Information and the Decentralization of 
the Firm 

   

721 Sharon Belenzon Knowledge Flow and Sequential Innovation: 
Implications for Technology Diffusion, R&D and 
Market Value 

   

720 Rafael Gomez 
Konstantinos Tzioumis 

What Do Unions Do to CEO Compensation? 

   

719 Ralph Ossa A Gold Rush Theory of Economic Development 

   

718 Nick Bloom The Impact of Uncertainty Shocks: Firm Level 
Estimation and a 9/11 Simulation 

   

717 Holger Breinlich Trade Liberalization and Industrial Restructuring 
through Mergers and Acquisitions 



716 Nick Bloom 
John Van Reenen 

Measuring and Explaining Management Practices 
Across Firms and Countries 

   

715 Mirko Draca 
Stephen Machin 
John Van Reenen 

Minimum Wages and Firm Profitability 

   

714 Matteo Bugamelli 
Francisco Paternò 

Do Workers’ Remittances Reduce the Probability of 
Current Account Reversals? 

   

713 Alex Bryson Union Free-Riding in Britain and New Zealand 

   

712 Marco Manacorda 
Carolina Sanchez-Paramo 
Norbert Schady 

Changes in Returns to Education in Latin America: 
the Role of Demand and Supply of Skills 

   

711 Claudia Olivetti 
Barbara Petrongolo 

Unequal Pay or Unequal Employment? A Cross-
Country Analysis of Gender Gaps 

   

710 Hilary Steedman Apprenticeship in Europe: ‘Fading’ or Flourishing? 

   

709 Florence Kondylis Agicultural Returns and Conflict: Quasi-Experimental 
Evidence from a Policy Intervention Programme in 
Rwanda 

   

708 David Metcalf 
Jianwei Li 

Chinese Unions: Nugatory or Transforming? An Alice 
Analysis 

   

707 Richard Walker Superstars and Renaissance Men: Specialization, 
Market Size and the Income Distribution 

   

706 Miklós Koren 
Silvana Tenreyro 

Volatility and Development 

   

705 Andy Charlwood The De-Collectivisation of Pay Setting in Britain 
1990-1998: Incidence, Determinants and Impact 

   

704 Michael W. L. Elsby Evaluating the Economic Significance of Downward 
Nominal Wage Rigidity 

 
The Centre for Economic Performance Publications Unit 

Tel  020 7955 7673     Fax  020 7955 7595     Email  info@cep.lse.ac.uk 
Web site  http://cep.lse.ac.uk 




