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Innovations vary widely in value. Although partly realized over time, some of this
heterogeneity is related to characteristics of innovations at ‘birth’. The recent computerization
of patent applications makes it possible to exploit information on the characteristics of patents
to make an early assessment of innovation quality. In this paper we show how to construct a
measure of the expected value of an innovation, conditional on this early information. We
call this the quality of the innovation, to emphasize its dual technological and value
dimensions. The commercial success of an innovation is something that evolves -- there may
be technical improvements, potential markets will be explored, new competitors may arise,
and so on. For this reason, the measure of qualiry developed in this paper is not the same as
the ex post value of an innovation. However, we would expect them to be related. Recent
studies have found a significant relationship between indicators which appear early after an
innovation’s discovery and ex post measures of value derived from stock market prices, firm
profit accounting or survey estimates (e.g., Hall, Jaffe and Trajtenberg, 1999; Harhoff,
Scherer and Vopel, 1999). Since the ex post value of an innovation is only discovered over
time, it would be useful to have an early measure of quality that can reduce the unconditional
heterogeneity in value as of the patent application date.

Information about the early expectations of quality can improve our understanding of
financing and other decisions regarding further development of the innovation. There are no
obvious direct measures of this concept. One approach is to use an event study that examines
changes in stock prices on the announcement of a patent application or grant (Austin 1993).
But event studies are typically sensitive to the timing of information and it is hard to pinpoint
convincingly the arrival of ‘news’ in this context. Our alternative is to exploit the details of
patent data relating to a given innovation at or near its ‘birth.’

Economists have used many patent-based measures of innovation: simple counts of
patents, counts weighted by forward citations (Trajtenberg, 1990), years of renewal (Pakes,
1986; Schankerman and Pakes, 1986), and patent family size (the number of countries in
which the patent is applied for -- Putnam, 1996). Another, under-explored, candidate is the
number of patent claims. Tong and Frame (1694) propose the number of claims as a measure
of the ‘size’ of an innovation, and show that claims-weighted patent counts are more closely
related to R&D spending at the national level than simple patent counts. Lanjouw and
Schankerman (1997) show that the number of claims is related to the probability that a patent
is litigated. Since the number of claims per patent varies widely, using claims data might help
account for the very large heterogeneity in the value of patents (for a review of the evidence,

Lanjouw, Pakes and Putnam, 1998).



In this paper we analyse a new database that brings together detailed information on
patents in the United States during the period 1960-91. These data provide us with multiple
indicators of a patent’s unobservable quality, as assessed soon after the patent application is
made. We focus on four leading characteristics: the number of claims, forward citations,
backward citations, and patent family size. Rather than treat any of these indicators as
‘correct,” we analyse them together in a latent variable framework that allows each to contain
idiosyncratic (‘measurement’) error. This is needed since any single indicator is likely to be
affected by factors other than the quality of the innovation — for example, randomness in the
citing process, or firm-level differences in strategies for writing patent claims. Using multiple
indicators has two important advantages. First, it enables us to identify how much of the
variance in each indicator is related to ‘quality’ and how much is idiosyncratic. Second, we
can construct a more informative, composite measure of the quality of a patent, conditional on
its observed characteristics. Such an index -- or the component indicators -- can be used to
improve measurement of innovation output for studies of R&D productivity, models of
economic growth that emphasize successful innovation (Aghion and Howitt, 1997), and other
areas in which the output of the innovation process plays an important role.

We summarize a few key findings here. Forward citations and claims are the least
noisy indicators (with as much as 30 percent of the variation being related to ‘quality’),
followed by claims and backward citations. We use the estimated signal ratios to construct a
composite index of quality. The variance in quality, conditional on the four indicators, is just
one-third of the unconditional variance. Forward citations are the most important indicator in
terms of variance reduction. The quality index is significantly related to the subsequent
decisions of owners to renew their patents and to take patent disputes to court. Finally, we
apply the methodology to R&D and detailed patent data for 100 U.S. manufacturing firms
during the period 1980-89. Adjusting for patent quality differences substantially reduces the
apparent decline in research productivity (patent counts per R&D) that is observed at the
aggregate level -- the R&D productivity paradox. But we also find that that some of our
‘resolution’ to the paradox may itself be due to the changing propensity of firms to cite over
time, rather than to any real changes in the underlying quality of innovation.

The paper is organised as follows. Section 1 describes the data set. Section 2
examines the correlation structure of the indicators. In Section 3 we set out the latent variable
model and show how it generates a composite index of quality. In Section 4 we present the
parameter estimates for the mode! and discuss what the results imply about the information
content in each of the indicators. In Section 5 we construct the composite quality index
quality, and show the variance reduction achieved by conditioning on different subsets of the
four indicators. Sections 6 and 7 present a formal test for threshold effects of patent family

size and examine the effect of using different lengths of forward citations (‘citation-spans’).



Section 8 investigates the empirical relationship between the four indicators, and the
composite quality index, and two subsequent economic decisions by the patentee: first, the
decision to renew patent protection and, second, the decision to defend the property rights by
taking a patent dispute to court. In Section 9 we show how adjusting patents counts for
differences in quality affects the co-variation between R&D input and innovation output, both

across firms and over time. Brief concluding remarks foliow.
1. Description of the Data

The data comprise a set of U.S. patents applied for during the period 1960-91. One of
our interests is to examine the relationship between our composite indicator of quality and
patentees’ subsequent decisions to engage in litigation. As litigation is an uncommon event,
involving less than one percent of patents on average, we began our data construction by
purposefully selecting litigated patents. Using the Derwent compilation of U.S. Patent and
Trademark (PTQ) information, we identified 3,887 U.S. patents involved in 5,452 patent
cases during the period 1975-1991." We then generated a ‘matched’ set of patents. For each
litigated patent, a patent was chosen at random from the set of all U.S. patents with the same
application month and a common 4-digit International Patent Classification (IPC) sub-class
assignment. This sampling strategy ensures that we have a sufficient number of litigated
patents to make an investigation of this characteristic meaningful. Earlier analysis of these
data in Lanjouw and Schankerman (1997) indicates that litigated patents are more valuable,
which means that this sampling strategy also over-represents more valuable patents, and
provides more variation in our indicators.

By drawing on other data sources, we obtained information on a range of
characteristics for each matched and litigated patent. These include the number of claims, the
number of backward and forward citations, and the number of countries in which a patent
application was filed on the innovation (family size) -- the variables used in the estimation of
the latent variable model in Section 3. We also have information about the technology area of
the innovation, the nationality of the patentee, and whether or not patent renewal fees were

paid at age 4. We now briefly describe each of these variables.

Claims: A patent is comprised of a set of claims that delineate what is protected by the patent.

The principal claims define the essential novel features of the invention in their broadest form

' The U.S. federal courts are required to report to the PTO whenever a case is filed involving
a U.S. patent. Due to under-reporting, we estimate our data include about half of all cases



and the subordinate claims describe detailed features of the innovation. The patentee has an
incentive to claim as much as possible in the application, but the patent examiner may require
that the claims be narrowed before granting. The number of claims is now readily available

on a PTO CD.

Citations: An inventor must cite all related prior U.S. patents in the application. A patent
examiner skilled in the field is responsible for insuring that all appropriate patents have been
cited. Like the claims, these help to define the rights of the patentee. For each patent in the
litigated and matched data, we obtained the number of prior patents cited in the application
(backward citations). We obtained the same information on all subsequent patents that had
cited a given patent in their own applications, as of 1994 (forward citations). We construct
three forward citation measures. Fwd5 includes all forward cites to the patent that occur
within five years of the patent application date, a period which we call the ‘citation span’
(Fwd10 and Fwdl5 are defined similarly). Each variable requires a different truncation of

cohorts, but treats all patents within eligible cohorts symmetrically.

Family Size: In order to protect an innovation in multiple countries, a patentee must secure a
patent in each country. We call the group of patents protecting the same innovation its
‘family’ (these are also commonly called parallel patents). Because there are fees, translation
and legal costs associated with applying for and maintaining each patent in force, only a
fraction of patentees seek protection outside of their home markets, and a yet smaller fraction
find it worthwhile to patent widely.” (About 5% of U.S. domestic patent owners request
protection in more than 10 countries.) International agreements give inventors at most two

and a half years to file all worldwide applications, so family size is established early.‘

Technology Group (IPC): Each patent is assigned by the patent examiner to 9-digit categories

of the technology-based IPC classification system. Our data contain assignments at the

filed during this period, but there is no evidence of selection bias in a comparison of cases
reported and those unreported (for details, Lanjouw and Schankerman, 1997).

? This procedure involves discarding some information {citations that occur outside the span).
The alternative is to use all observed cites for each patent, but then the analysis would
conflate any cohort effects with the effects of changing citation span.

By going through the European Patent Office, a patentee may request protection in more
than one member country with a single application. But this does not reduce the costs of
translating the patent documents, the renewal fees and other legal costs in each country.



aggregated 4-digit subclass level (614 in number). Using these detailed assignments, we
classify each patent into one of four broader technology groups: Pharmaceuticals, Chemicals,

Electronic and Mechanical.’

Nationality: We construct a variable for the nationality of each patent owner. First we
classify the inventor as domestic, Japanese or other foreign using the address in the patent
application. Although all patents are issued to individuals, about two-thirds of patents are
assigned by their inventors to other parties (e.g., employers). We define the nationality of

patent ownership as that of the assignee if there is one, otherwise as that of the inventor.

Patent Renewals. Patent renewal fees were introduced in the United States in 1982, and apply
to patents applied for after that date. Renewal fees are required at 4, 8, and 12 years after the
patent grant date. The data contain renewals through 1994. Since nearly all patents in the
U.S. are granted within three years, the data will cover the renewal decision at age 4 for most

of the patents in cohorts 1982-1987.

2. Correlation Structure of the Indicators

Table 1 summarises the correlation structure of the indicators for the entire sample,
and separately for domestic and foreign-owned patents. Since the raw data are skewed, we
log transform indicators (except the dichotomous renewal and litigation variables).® Several
points are worth noting. First, all of the ‘time-zero® indicators -- the number of claims,
backward cites and family size -- are positively and significantly correlated with each other.
Second, patent family size is more strongly correlated with the other time-zero indicators for
domestic-owned patents than for foreign-owned patents. Since more than two-thirds of
domestic patents are not taken out abroad (family size = 1), the correlation of family size with
other indicators for the domestic sub-sample reflects the effect of innovation quality both on
the number of countries and the initial decision to patent abroad at all. Thus the correlation
patterns suggest that there may be a threshold effect: that the important information about the

quality of the innovation may be in the decision to take out a patent in ary foreign country

The Paris Convention gives applicants twelve months to apply in other signatory countries
after having made the first, or priority, application. The Patent Cupertino Treaty allows a 25
month period after a priority PCT application, increased to 30 months in the late 1980's.

5 The IPC categories included in each of these groups are: Drugs and Health, A61 and AOIN;
Chemical, A62, B31, C01-C20; Electronic, GO1-G21, H-; Mechanicai, B21-B68 excl. B31,
C21-C30, EO1-F40.

6 . . . .
An observation is dropped when a citation value is zero.



rather in the in Aow many countries. In Section 6 we construct a parametric test of this
hypothesis.

Third, the correlation coefficients between forward citations and the other time-zero
indicators are not systematically larger when longer citation spans are used (compare Fwd3,
Fwd 10 and Fwd15). Later citation is progressively less correlated with early citation. The
correlation between the number of citations in the first five years and those that occur during
years 6-10 is 0.54; the correlation with those occurring during years 11-15 is 0.38. This could
be due to increased arbitrariness in later citation. However, another plausible explanation is
that, at least to some extent, later citations represent real news about the realised value of an
innovation, which cannot be predicted by information available at the patent application date.
The latter explanation is suggested by the finding of Jaffe, Hall and Trajtenberg (1999) that
later (unpredicted) citation is more strongly related to the market value of firms than are
(forward) citations that have already occurred (see Section 7 for more discussion).

Finally, the time-zero indicators are positively correlated with the probability that the
patent is renewed at age four and that it is involved in litigation during its life — both of which
represent a subsequent economic decision by the patentee.7 Patent renewal is correlated most
strongly with family size, while litigation is correlated most strongly with the number of

claims. We consider these relationships in a multivariate setting in Section 8.

7 We have estimated that the patentee or his representative, such as an exclusive licensee, is
the plaintiff in about 90% of cases (Lanjouw and Schankerman, 1997).



3. Latent Variable Model

To investigate the information content in our indicators and construct a composite

measure of quality, we estimate a one-factor latent variable model. It can be written as

(D Vi =t + Aigi + ey g~NO, 1) and e, ~ N0, &},

where i denotes the patent, k = 1,..., K denotes observable indicators, ¢ is the common factor,
and A, is the factor loading for indicator &. Since the common factor is unobservable, we
normalise by setting o,” = 1 (the alternative is to normalise one of the A, but the interpretation
does not change). In addition to the common factor, each indicator contains an idiosyncratic
factor ‘e, with variance ¢°;. This captures any variation not common to the other indicators
used in the model.

The common factor is simply the unobserved characteristic of a patented innovation
that influences all of the indicators, so we must consider what this characteristic could be. In
the estimations we use as our indicators the number of forward and backward citations, claims
and family size. Because applying for protection in each country is costly, family size should
be directly related to the expected (private) value of protecting an innovation and thus to the
value of the innovation itself.® This, in turn, will be linked to the technological importance of
the innovation and market opportunities. The number of citations is related most directly to
the technological importance of an innovation. Having a large number of forward citations
over a long time span may indicate that an innovation has made an important contribution to
further research. Having been cited frequently soon after application suggests that an
innovation was quickly identified as being important. It also indicates the presence of others
working in a similar area, and thus that the area is expected by others to generate economic
value. This is also true of backward citations, although large numbers of citations to others
also suggests that the particular innovation is likely to be more derivative in nature. The
number of claims may also indicate that an innovation is technologically significant — a
broader area of technological space is being staked out. All else equal, it may also require
more claims to define an innovation in an area in which competitors are actively patenting.
Thus, as with citations, a large number of claims may be associated with the general
feasibility and potential profitability of the technology area of the innovation.

We call the common factor guality, encompassing the technological significance of

an innovation as associated with its (private) value, because we find it difficult to think of any




other characteristic that would be common to all four indicators. For example, while
computerisation might increase the number of backward and forward citations per patent, by
making it easier to search for relevant prior art, there is no reason that this would increase the
number of claims per patent. Similarly, changes in patent application fees would affect patent
family size, and possibly the number of claims per patent (as ideas are repackaged into
‘broader’ patents), but this would not directly affect patent citations.” We show later that
estimates of this common factor are correlated with the economic decisions to renew and
litigate the patent.

The one factor model implies the following theoretical covariance matrix of

indicators
(2) A=Eyl1= A4+ @

where bold letters represent column vectors and y is the vector of indicators demeaned by
nationality and technology group as appropriate. & = E[ee] is assumed to be diagonal. That
is, the idiosyncratic factors are assumed to be uncorrelated across indicators (or patents),
which seems reasonable in this context.'” We estimate the model by maximum likelihood.
This involves finding the set of parameters {A;} and (6%} that make the theoretical
covariance matrix as close as possible to the observed correlation structure. The one-factor
model with K indicators has K(K+1)/2 observed covariance terms and 2K parameters. This
leaves K(K-3)/2 over-identifying restrictions that provide a test of whether a one-factor model
is an adequate representation of the observed covariance structure. As K =4, we have two
over-identifying restrictions.

Under our assumptions, the latent variable and X indicators have the joint normal

distribution

3) q] N0, 3 here J I
)”J N , where 2, = 1A

® For related evidence, see Putnam (1996) who initiated the study of patent family size as an
economic decision.

? These examples may suggest that the covariance structure of the indicators might require
more than one common factor in order to account for covariance among subsets of indicators.
However, we will show that a one-factor model is not rejected by the data.

" Firm effects arising from variation in patenting strategies are limited by the input of the
PTO, and multiple patent office examiners influence indicators for a given patent (e.g.,
forward citations are given by examiners in different time periods, and family size depends on
examiners in multiple countries.)



We can write the posterior mean and variance of the latent variable, conditional on the

observed indicators, y, as

(@) Elglyl = A’A'y,
and
(5) Var(gly) = 1- A" A

Given a set of estimated factor loadings, equation (4) provides an estimate of the latent
variable for each patent (as deviation around mean zero), which we will use as a measure of
its quality. The conditional posterior mean of the latent variable is a linear combination of the
set of indicators, where the weights depend on the factor loadings. Note that the conditional
posterior variance of quality is a constant that can be estimated, but it does not depend
directly on the indicators. The quadratic form in equation (5) represents the percentage
reduction in the variance of quality due to conditioning on the set of indicators, y (since the
unconditional variance is normalised to one). Finally, with a suitable redefinition of y, A and
A, equations (4) and (5) also apply to cases where only a subset of the indicators is available

to predict the latent variable.
4, Estimation Results and the Information in Indicators

Table 2 presents the parameter estimates of the model for the four technology groups
and the pooled sample. We include nationality of ownership effects in the first and
nationality and technology group effects in the pooled estimation. The table presents the
results using a five-year span for forward citations (Fwd5). (We discuss the implications of
using alternative citation spans in Section 7 below.)

The factor loadings are estimated fairly precisely. The hypothesis that there is no
common factor is rejected for each technology group and the pooled sample (p-values <0.001;
not reported in the table). The over-identifying restrictions are not rejected at the 0.05 level
except for the pooled sample (&’ (2) statistics), but even here they are not rejected at 0.01
level.!! These results confirm that a one-factor model is a statistically adequate description of
the covariance structure of these indicators.

Table 2 also presents estimates of the signal ratios, S;, defined as the percentage of

the variance of the kth indicator associated with the common factor. Given the normalisation
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6,) =1, we have S, = Al /ozy_ «» wWhere 02)._;( is the variance of the kth indicator demeaned by
nationality and technology group as appropriate. For the pooled data, all of the signal ratios
are statistically significant and range from about ten to thirty percent. In all four technology
groups, forward citations and claims are the most informative indicators. Forward citations
have the largest signal ratio, except among mechanical patents. The signal ratio for forward
citations is especially large in drugs and chemicals. It is interesting that both backward and
forward citations are more informative indicators when considering patents on drug or
chemical innovations than for patents in the other two technology groups.

One might argue that the claims in a patent represent more meaningful ‘units of
invention’ than the patent as a whole. If true, we would expect citations per claim to be a
better indicator than either citations or claims alone. We find that controlling for claims does
reduce the variance in our citation indicators. The reduction is modest in the case of
mechanical and electronic innovations. The berween-group variance (defined by the number
of claims}) accounts for about 7 to 12 percent of the total variance in the log of five-span
forward citations, and 6 to 8 percent for the log of backward citations. It is a more significant
reduction for drug and chemical patents, with the between-claims component of the total
variance being about 20 percent for forward and 15 percent for backward citation in each of
those technology areas.

However, the fact that controlling for claims reduces the variance in the citations
indicators does not imply that it yields a measure which is more informative about quality.
The results in Table 2 imply that normalizing for claims does not improve the signal ratio for
forward or backward citations. To see this, define forward citations per claim (in logs) as Zjwd
= Yfwd - Yem- Using equation (1), the variance of z,, is o (Zpud) = (Apea Aom)? +02de +O i
The signal ratios for zs.s and yy,, are (Ag, Aem) /6, fwa and Agg 2 /ozy wds T€Spectively. The
relative size of these signal ratios depends on the parameter estimates (the same argument
holds for backward citations). In the extreme case, where citations and claims have the same
factor loadings, citations per claim would be entirely unrelated to the latent variable. Using
the estimated factor loadings in Table 2, it turns out that both forward and backward cites per
claim are much noisier measures than either claims or forward or backward cites. This
conclusion holds for the pooled sample and each technology group. The estimated signal
ratios for zz,q are less than 0.03, except for drugs where it is 0.06; for z,,q, all signal ratios are
less than 0.03.

The point estimates indicate that A,,,< A, in all technology groups except drugs,

where they are nearly identical. This implies that backward cites per claim are inversely

" The over-identifying restrictions are also not rejected for any technology group when we

separate domestic and foreign-owned patents.
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related to the quality of the innovation. We also find that As4 >Aqs in all technology groups
except mechanical patents, where they are nearly identical. This implies that forward cites
per claim are positively related to quality. We interpret these findings as saying that the
extent of citation contains information about how derivative an innovation is. Conditional on
the patent breadth, as picked up by the number of claims, an innovation with more backward
citations (more references to relevant prior art) is more likely to be a derivative innovation,
and thus less valuable. An innovation with many forward citations is likely to be more
valuable per claim than one with fewer cites. These results are consistent with Lanjouw and
Schankerman (1997), who found that the probability of litigation declines with backward cites

per claim and increases with forward cites per claim, other things equal.

5. Composite Indicator of Innovation Quality

As discussed in Section 3, we can use the estimated factor loadings to compute
estimates of the conditional mean and variance of the quality of an innovation, given a set of
observed characteristics of a patent. In this section we present the relative contribution of
each member of our set of indicators to the ‘composite index’ of quality, and show how the
variance in quality conditional on a given set of indicators is affected by restrictions on those
included.

The conditional (posterior) mean of quality is a linear combination of the indicators
(see equation (4)). Table 3 presents the implied weights for each indicator, based on the
parameter estimates from Table 2. For the pooled sample, forward citations get about a third
of the weight, claims and backward citations get a quarter each, with the remainder to family
size. This pattern is broadly similar across technology fields, with the main difference being
that forward and backward citations get greater weight in pharmaceuticals (75 percent
between them), while patent family size is considerably more important for electronic and
mechanical patents than for drugs and chemical innovations.

Because putting together sets of indicators may be costly, we next consider the
potential gains from using multiple indicators. Some may be particularly important and this
may vary by the technology area of the innovation. It is not necessary to have four indicators
- the single latent variable model is estimable with any subset of K = 3 indicators (see Section
3)12. Further, one could use the estimates here, or from elsewhere, to construct an estimate of

q from any subset of the indicators without re-estimating the model, as long as one is willing

"2 Of course, the factor that is “common” to a particular subset of three indicators may differ
from that which is “common” to our four, yielding a different composite quality indicator.



12

to assume a similar correlation structure holds across the different sets of data. Thus we
consider how the conditional variance of quality (equation 5) varies when using different
subsets of the indicators to predict the latent variable. Table 4 presents the results, based on
the parameters from Table 2. The unconditional variance is normalised to unity, so the entries
in the table represent one minus the estimated percentage reduction in variance we get by
using different subsets of indicators.

Conditioning on all four indicators — the log of forward cites, claims, family and
backward cites -- reduces the conditional variance of the latent variable by about two-thirds in
all four technology groups. Relative to this benchmark, forward citations are the most
important indicator. When we drop only forward citations from the composite indicator, the
variance increases by 43 percent for the pooled sample. The increase is especially large for
patents in the drugs and chemical groups, 75 and 61 percent respectively, but even for
electronic and mechanical patents the increase is about 40 percent. When we drop only
claims, the variance increases by about 35 percent for the pooled sample. The effect of not
using the information in the number of claims is more modest for drug and chemical patents,
increasing the variance by 14 to 20 percent, compared to 40 to 50 percent for electronic and
mechanical patents.

Patent family size is less important than forward cites or claims in the pooled sample.
Dropping family size raises the variance of the latent variable by about 14 percent. But again
this varies by technology field: the vartance increases by 20 percent for electronic and
mechanical patents, but by only about 5 percent for drugs and chemicals. In part this may be
due to a greater propensity to patent drug and chemical innovations abroad, so the information
content of family size for the marginal patent is smaller. In drugs and chemicals, about half
of domestic-owned patents are taken out abroad (47.8 and 52.8 percent, respectively). For
electronic and mechanical patents, the figures are 34.9 and 42.9 percent.

Information on the number of claims and backward citations is available in the patent
application and is thus relatively cheap to obtain. The last row of computations shows that,
in each technology area, we get a substantial reduction in the conditional variance of quality
even if we restrict ourselves to these two indicators. However, there is also a sizable gain to
obtaining the full set of indicators. In the pooled data, the implied reduction in the variance is
40 percent when conditioning only on the number of claims and backward citations,
compared to the two-thirds reduction in the conditional variance when all four indicators are

used.

Also note that the latent variable model with three indicators is exactly identified and thus is
not testable.
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To summarize, there is a substantial information gain to using multiple indicators to
measure the quality of an innovation, and a large payoff to including {five-year span) forward

citations in a composite index, especially for drug and chemical innovations.
6. Testing for Threshold Effects in Patent Family Size

In this section we investigate the finding in Section 2 that family size is more strongly
correlated with the other indicators for domestic-owned than foreign-owned patents. We
want to test the hypothesis suggested earlier that this is due to a threshold effect: that quality
is more closely linked to the decision whether to patent abroad than it is to the number of
countries in which protection is sought. We ask the following question: What does a unit
increase in (log) family size tell us about the quality of the patent? If we compute the
posterior mean of quality conditioning only on family size, then using equation (4) we obtain
the answer 9Elq | fam)/0fam = Aja/ Oy fam. This forms the basis of the test reported in Panel A
of Table 5. We estimate the model twice: once on the sample of those domestic-owned
patents where protection was also taken out abroad (family > 1), and then on the sub-sample
of all domestic-owned patents (family > 1).” If there is no threshold effect, then the
estimated parameter lﬁ,,,,/oz vsam Should not be significantly different for the two samples. If
there is a threshold effect, this ratio should be smaller when the restricted sample of domestic
patents (family > 1) is used, since it does not capture the effect of quality on the decision to
patent abroad in the first place.

If instead we suppose that all of the indicators are used to predict the posterior mean
of quality, then the appropriate answer is 9E[q | y)/0fam = A '@ Where gy is the column
vector of A that corresponds to family size. In this case, the inference we draw about quality
from a unit increase in family size depends in a non-linear way on the covariance of family
size with the other indicators. In Panel B of the table we present the point estimates of A '@
for the sample of all domestic-owned patents (family > 1) and for the sub-sample of domestic-

owned patents where protection was also taken out abroad (family > 1).

" We focus on domestic-owned patents in order to avoid confounding the test by nationality
effects. However, the decision to patent in a foreign country may be particularly informative
for U.S.-owned patents. The size of the U.S. domestic market means there is less incentive to
patent abroad (so the quality threshold for doing so is higher). However, for patents of
European and other ownership, patenting abroad is more common and marginal increases in
family size may be a more important signal of quality. We cannot test this hypothesis with
the current data, but there is some supporting evidence in Harhoff, Scherer and Volpel (1999).
Using German patent data, they find that family size is a significant determinant of the
probability that a patent is renewed to full term.
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The first row of each panel provides estimates for all domestic-owned patents, while
the second rows refer to the restricted sample. The evidence is consistent with the existence
of a threshold effect: the point estimates of the factor loading are smaller for the restricted
sample, as predicted. This holds for each technology group and the pooled sample. Using a
one-tailed t-test, we reject the null hypothesis that the point estimates are equal in the pooled
sample and in two of the four technology groups.14 The point estimates in Panel B are also
consistent with the threshold hypothesis. In each technology group, the estimate of A'@y,. is

smaller for the restricted sample of domestic patents with family > 1, as predicted.
7. Expected Quality and Subsequent Events: Forward Citations

One of the costs of using forward citations as an indicator is that they take time to
accumulate. Jaffe and Trajtenberg (1997) show that the time profile of citations stretches
over several decades, though the bulk of citations occur within about fifteen years. Thus there
may be a trade-off between comprehensiveness and timeliness in using forward citations.
Although later citations only accumulate over time, they may be a better measure of what the
patentee and others know at time zero than a measure restricted to citation close to the date of
the patent application. If so, then even though the latent variable g refers to the quality of an
innovation as seen soon after discovery, it may be worthwhile to include later citations in the
estimation of this factor.

We found in Section 2 that citation over longer time spans becomes increasingly less
correlated with separate, individual, time-zero indicators. To examine this further, we
estimate the one-factor model using three alternative forward citation spans -- five, ten and
fifteen years. Table 6 summarises the signal ratios for the three citation spans (detailed
parameter estimates are omitted for brevity). Except in drugs, lengthening the citation span
beyond five years does not improve the information content in this indicator.'> For drug
patents, the point estimates indicate some gain from extending the span, but it is not

statistically significant. This finding is good news: as Table 6 shows, forward citations are

"' This t-test is conservative (biased against rejecting the null). The reason is that the two

samples of domestic patents overlap, which induces positive covariance between the estimates
of )Lofam and A'fa,,, (where ‘0’ indicates all domestic patents and ‘1’ those with family > 1). We
do not account for this covariance, and thus overestimate the standard error of (/Ifa,,/o'zfm)o -

(Afam/ozfam)l'

" Because longer citation spans encompass shorter ones (e.g., FWDS3 is a subset of FWD10),
the observed differences in the signal rates understate the decline in the information content
associated with later citations.
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the most informative of our set of indicators and using them is important.'® For purposes of
measuring initial expectations about the quality of a patented innovation, it is not necessary or
even helpful to use very long citation spans.

This result shows that later citations are less correlated with the common factor that
underlies other time-zero indicators, those generated at the patent application date. In part this
may be due to a ‘citing the classics’ phenomenon -- the underlying quality of the innovation
may be unchanged over time, but later citations are only distantly related to it. However, a
second explanation is that later citations reflect the ultimate success of in innovation.
Patentees and others have an initial assessment of the quality of an innovation but, as time
passes, they learn about the value of a patented innovation (Pakes, 1986; Lanjouw, 1998) and
shifts in demand conditions and technological competition may change its value. While time-
zero indicators and near term citations (e.g., FWDS5) are useful in predicting future citations,
later citations also convey news about changes in market valuation of the innovation.
Because learning and competition take time to develop, we would expect the positive
correlation of later citations with the time-zero indicators to diminish over time. This
interpretation is supported by Hall, Jaffe and Traitenberg (1999), who show that the market
value of firms at a given date is related to the stock of forward citations occurring after that
date but not those that have already occurred. When they decompose future citations into a
part that is predicted by ‘past’ forward citations (and time dummies) and an unpredictable
component, they find that both matter but the unanticipated part of forward citations has a

stronger impact on market value.
8. Quality and Subsequent Events: Patent Renewal and Litigation Qutcomes

We have shown that using multiple indicators improves the prediction (reduces variance)
of the expected quality of innovations. But quality in that analysis is entirely ‘self-referential’
in the sense that it is defined exclusively in terms of the common factor linking the four
indicators. We now consider whether the composite measure of quality is related to
independent, economic decisions of the patentee. First we investigate whether the composite
index is related to the probability that the patent is renewed at age four, and then to the
likelihood that it is litigated at some point during its life. In Section 9 we analyse how
adjusting patent counts for quality differences (where quality is measured by the composite
index) affects the relationship between R&D, a measure of inputs into the innovative process,

and patent counts as a measure of innovative output.

'*  See also Section 5 where we show that forward citations substantially reduce the

conditional variance in the composite quality index.
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We estimate two probit specifications to study both the probability of renewal and
litigation: one with the composite measure of quality as an explanatory variable and a second,
unrestricted model in which the four basic indicators -- the logs of the numbers of forward
citations (five-year span), claims, family size and backward citations -- enter separately. In
each case one can view a comparison of the coefficients in these models in two ways. If one
takes it as a maintained hypothesis that all four of the indicators are related to the dependent
variable only through their relation to quality (based on time-zero information), then one can
view it as a test of the weighting scheme proposed in Section 5. The unrestricted coefficients
on the four indicators should satisfy the proportionality restrictions implied by the weights for
the composite indicator presented in Table 3. The chi-square tests with three degrees of
freedom reported in the table test these restrictions. On the other hand, if one takes it as a
maintained hypothesis that the weighting scheme appropriately reflects the strength of each
indicator’s link to quality (based on time-zero information), then deviations from
proportionality are informative and potentially interesting in their own right.

As described in Section 1, maintaining a U.S. patent in force requires the payment of
renewal fees 4, 8 and 12 years after granting. First-generation economic models of patent
renewal relate the decision to renew a patent to the cost of renewal, the unobserved initial
returns to holding the patent, and the age of the patent which reflects the cumulated decay in
returns (Pakes and Schankerman, 1984; Schankerman and Pakes, 1986). We estimate a probit
regression for the probability of renewal decision at age 4 (available data for age 8 are too
sparse). Because the Patent Office adjusts fees for inflation, the cost of renewal depends on
the age of the patent but not on the cohort. Therefore, both the renewal cost and depreciation
effects will be absorbed in the constant term of the regression, and we can simply relate the
probability of renewal to the indicators of the quality of the patent (or the composite quality
index). All of the estimations control for nationality of ownership, and allow for technology
group effects in the pooled sample.

Table 7 presents two columns for each technology and the pooled data containing
unrestricted and restricted parameter estimates for the probability of renewal at age 4. The
key determinants of this probability are the number of forward citations and family size. This
holds in three of the four technology groups and the pooled sample. The number of claims

and backward citations do not appear to affect the renewal decision.”” When we substitute the

' In a recent study of German patent data, Harhoff, Scherer and Vopel (1999) also find that
forward citations in the European Patent Office are significantly related to the probability that
a patent is renewed to full term, and that this effect is large for drugs and chemicals.
However, contrary to our result, they find that the number of backward citations is positively
related to full term renewal. The difference in results may be due to the difference between



17

composite index of quality for the separate indicators, we obtain very similar and significant
point estimates for its coefficient in the different technology groups and pooled sample.
However, the tests of the proportionality restrictions that are implied by the composite
measure are not strongly confirmed by the data. Formally, we cannot reject the restrictions in
drugs, chemicals and electronics, but each case of non-rejection reflects the imprecision of the
point estimates on claims and backward citations. This may be due, in part, to there being too
little variation in renewal at age 4 to identify the impact of claims and backward citations (the
renewal rate at age 4 varies between 86 and 92 percent). Extending the data forward in time
to include substantial coverage of renewal at ages 8 and 12 would help to sharpen the
analysis.

These results suggest that the probability that a patent is renewed at age 4 is more closely
related to the number of forward citations it receives and its family size than would be
suggested by these variables as indicators of initial quality alone. As indicated earlier, this
result can be interpreted to mean that the weights in the composite quality index are
inappropriate, or that these indicators have other ties to the renewal probability beyond time-
zero expectations of the quality of the underlying innovation. As an example, patent family
size may have an additional link to patent renewals (beyond its role in the innovation quality
index) because the decisions to renew and to apply for protection in other countries are both
based on the value of patent protection, rather than the value of the innovation itself.

Table 8 presents the corresponding unrestricted and restricted parameter estimates for
the litigation equation. The binary dependent variable here is whether the patent is involved
in a patent suit sometime during its life. We find that the number of forward citations, family
size and the number of claims are all significant determinants of the litigation probability.
This holds in all technology groups (except family size in electronics) and in the pooled
sample. Backward citations are only related to the litigation of chemical patents. When we
substitute the composite index of quality for the separate indicators, we obtain similar and
significant point estimates for its coefficient in the different technology groups and pooled
sample. However, the proportionality restrictions are rejected in three of the four technology
groups and in the pooled data. The main reason for the rejection is that the composite quality
index gives about a quarter of the weight to backward citations, but they do not affect the
probability of litigation once we control for the other characteristics of a patent.

The main difference between the patent renewal and litigation regressions is that the
number of claims does not affect renewal at age four but does influence the probability of a

patent suit. This finding is consistent with the hypothesis that a patentee needs more claims

renewal to age 4 and to full term, or to the fact that they do not control for the number of
patent claims.
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to delineate his property rights in ‘crowded’ technological areas, where the potential
infringement of other competing innovations is particularly likely if only a few broad claims
are used to define the innovation. It is in such crowded areas that we also expect litigation to
be more likely.

Finally, we test for evidence of a threshold effect of family size in the renewal and
litigation decisions. To do so, we include in renewal and litigation regressions a dummy
variable (Bigfam) that takes the value of unity when family size is larger than one (that is, for
foreign-owned patents and domestic-owned patents taken out abroad) and zero otherwise. If
there is a threshold effect (i) the coefficient on the threshold dummy should be positive, and
(ii) the coefficient on family size should be smaller than in the probit that excludes the
threshold dummy. Table 9 summarises the results. The first row in each panel reports the
coefficient on family size from the probit without a threshold dummy (taken from Tables 7
and 8). The second and third rows in each set present the coefficients on family size and the
threshold dummy from the expanded model. The estimates for the pooled sample confirm the
predictions of a threshold effect. When the threshold dummy is included in the probit
regression, its coefficient is positive and significant, while the coefficient on family size is no
longer significant. This holds both for the renewal and litigation equations. The results for
the separate technology groups, where the sample sizes are smaller (especially for renewals)
point in the same direction. In all cases the point estimates move in the expected direction:
the coefficient on family size falls and the coefficient on the dummy variable is positive, but
the estimates are not always statistically significant.

Based on the evidence in Table 9 and Section 6, we conclude that the important decision
revealing the quality of the innovation is the decision to take a patent out abroad, rather than
how many countries in which the application is made (at least for U.S. patents). A number of
studies of patent renewal have found that domestic-owned patents tend to have lower value
than foreign-owned patents. Our finding suggests that this difference may not be due to any
inherent difference in value between domestic and foreign-owned patents, but rather to the
fact that domestic-owned patents are comprised of two distinct sub-samples -- patents that are
exclusively domestic and those that are patented abroad. Another implication is that future
econometric studies that use patent family size should allow for a free parameter to capture

this threshold effect.
9. Quality-Adjusted Patents: Is the Decline in R&D Productivity Real?
In this section we analyse how adjusting for the differences in patent quality affects our

understanding of the relationship between investment in the R&D process and innovative

output. To do so, we need a data set that contains both detailed patent information and the
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associated R&D. We use an extract from the NBER-Case Western Reserve University R&D-
Patents Master File, 1959-1995, which covers more than 2000 firms. For illustrative purposes
we use a sample of 100 U.S. manufacturing firms for the period 1980-89. For each firm we
have all of the patents it applied for during the period and its annual R&D expenditure.'®
Average firm size is large (around 10,000 employees), with an average of almost 40 million
1998 dollars of R&D expenditure and 24 patents per year. But there is considerable variation
in these characteristics, with standard deviations more than twice the mean levels. Of the 98
firms, about a third did not obtain any patents during the decade under study.

We selected 25 firms in each of four broad SIC groups that correspond roughly to the
technology groups analysed in this paper.” The concordance between the industrial
classification of the firm (and its R&D) and the technology classification of patents (based on
the IPC) is very imperfect. It is probably best for pharmaceuticals, where firms typically
specialise in development of drug innovations (though sometimes these are first classified as
chemical patents). The concordance is not very reliable for electronic and mechanical
patents, since firms in these two broad groups often patent in one another. For this reason we
will focus on the results for the pooled sample and pharmaceuticals.

For each patent in the sample we obtained information on forward and backward
citation and the number of claims. In order to calculate a quality index for these patents we
could re-estimate the one-factor model using the new sample and this subset of three
indicators, as discussed in section 5. But the sample is small and it seems reasonable to
assume that the correlation structure of the indicators is similar to that in the much larger
sample of litigated and matched patents used above. Therefore, for this illustration we use the
parameter estimates from Table 2 and the three indicators available for each patent in this
sample to predict the composite quality measure (posterior mean) for that patent.

In order to study the time series movements of quality, patent counts and R&D, we
compute an average quality index for all patents in a given cohort. These are presented in
Figure 1 for each technology group (normalised at unity in 1980). The average quality rises
over the decade in all technology groups by more than 30 percent. Taken at face value, this
means that simple patent counts substantially understate the growth in quality-adjusted
patents. As Figure 2 shows, R&D spending for these firms rose by more than 80 percent over
this period, while the number of patents increased by only 30 percent. Adjusting for changes
in the composite quality index removes most of this apparent decline in research productivity.

The index of weighted patent counts (denoted by wgicnts) tracks R&D spending much more

' Two firms are not usable due to missing R&D.
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closely and shows almost the same cumulative growth over the decade. The correlation
between annual R&D investment by our sample of firms and their total patents is 0.89,
between their R&D and total quality-weighted patent counts is 0.97.*° For comparison, we
also provide a patent count measure weighted only by the number of forward citations (five-
year span), denoted by citSents. Adjusting for forward cites tracks R&D better than
unadjusted counts, but still indicates considerable decline in R&D productivity. Of course,
we do not know whether productivity was roughly constant or declined, but this example
clearly shows that adjusting for quality can dramatically change our conclusions about what
has happened to R&D productivity over time.

Figure 3 presents the same information for pharmaceuticals, where the concordance
between the technology-based classification of patents and the industry-based classification of
R&D is good.?' On the face of it, there was a dramatic decline in R&D productivity: R&D
grew more than two-fold without any overall increase in the number of patents. Here
adjusting for quality is even more important than in the pooled data. The correlation between
the annual R&D investment of our pharmaceutical firms and their total patents each year is
0.52. This rises to 0.82 when we adjust for quality. However, although quality-adjusted
patent counts rise over time, there remains evidence of a considerable decline in productivity.

Our interpretation of the trends in Figures 1 and 2 depends on the identifying
assumption that there is a stable relationship over time between quality and our four
indicators. Hall, Jaffe and Trajtenberg (1999) emphasize that changes in patent office
practices or growth in the universe of potentially citing patents could also lead to patents from
later cohorts to receiving larger numbers of forward citations -- even if the average quality of
patents rernained unchanged. They estimate a model of citation frequency as a function of
citing-year effects and a (stable) citation-lag distribution. Their estimates can be used to
identify the variation in forward citations that is due to citing-year effects, which is arguably
unrelated to variation in the average quality of the protected innovations. Figure 4 replicates
Figure 2 but uses ‘deflated’ forward citations based on Hall, et. al. (Table D.1, 1999). It
shows that much of the trend growth in measured quality, and with it our ‘resolution’ to the

R&D productivity puzzle, may itself be due to the changing propensity of firms to cite over

" Technology groups are associated with the following SIC classes: Drugs - 2834; Chemicals
— 2800, 2810, 2819, 2860-2899; Mechanical — 3500-3569; Electronic — 3571-3573, 3670-
3679.

* For this illustration, we use contemporaneous R&D and patent counts. The average lag
between R&D and patent application is relatively short (Pakes and Schankerman, 1984,
Griliches, Hall and Hausman, 1986).

*!' Figures for the other technology groups are available from the authors upon request.



21

time, rather than to any real changes in the underlying quality of innovation. However, further
research is needed to pin down the correct interpretation of ‘citing-year” effects.

Finally, we consider the relationship between R&D input and the output of patented
innovations at the firm level. In the pooled sample, the correlation across firms and years is
0.66. Whether adjusting for the quality of a firm’s patents leads to a measure with a closer
link to R&D investment depends on whether there are systematic differences across firms in
the anticipated quality of their innovations. There might be if firms have different research
strategies that lend themselves to producing different types of outputs. If so, one would
expect that at least some of the firms with few patents relative to their R&D expenditure
would be ones with higher quality innovations, and adjusting would strengthen the
relationship between R&D inputs and innovative output. On the other hand, if the anticipated
quality of innovations across firms is similar in any given year, then differences across firms
in the actual average quality of their patents in any given year would simply be an outcome of
the stochastic nature of the R&D process. Weighting by quality in this context would weaken
the link between R&D and the measure of innovative output. The latter is what we find: the
correlation between firm R&D and quality-adjusted output of patented innovation is 0.60 —
lower than its correlation with simple counts.”> Thus there does not seem to be any evidence
of strong firm differences in the average quality of the innovations that they expect to produce
when investing in R&D, or that whatever differences there are get swamped by the stochastic

element in the R&D process.

Concluding Remarks

In this paper we analyse a new database that brings together detailed information on
patents applied for in the United States during the period 1960-91. These data provide us
with multiple indicators of the underlying ‘quality’ of a patented innovation. We model the
‘quality’ of an innovation, as assessed soon after patent application is made, as a latent
variable that is common to a set of four indicators: the number of patent claims, forward
citations, backward citations and patent family size. This allows us to measure how much of
the variance in each indicator is related to ‘quality’ and how much is idiosyncratic. This
information is used to construct a composite index of quality for each patent, conditional on
its observed characteristics. The model is estimated using a sample of about 8000 patents in

four technology areas: pharmaceuticals, chemicals, electronic and mechanical.

> This conclusion also holds if we average out the time-series variation for each firm. The
correlation between the average R&D and patent counts for firms is 0.68, but only 0.62 with
quality-adjusted patent counts.
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We find that forward citations and claims are the least noisy indicators, followed by
claims and backward citations. Adjusting for the composite quality index, we find that the
conditional variance in quality, given the patent’s characteristics, is just one-third of the
unconditional variance. The composite quality index is significantly related to the decisions to
renew a patent and to defend patent rights in court. When we use the individual indicators, we
find that forward citations and family size are important determinants of the renewal decision,
but claims and backward citations are not. By contrast, the likelihood of patent litigation is
related to forward citations, family size and claims. We also find strong evidence of a
threshold effect of patent family size, indicating that it is the decision to take a patent out
abroad (rather than how many countries) that reveals the quality of the innovation. Finally,
using R&D and patent data for 100 U.S. manufacturing firms for 1980-89, we show that
adjusting for quality removes most of the apparent decline in research productivity observed
at the aggregate level. But much of this ‘resolution’ appears to be largely due to ‘citing-year’
effects which may or may not be related to the underlying value of the innovations.

This paper is only a first step in exploiting detailed patent information to construct an
index of innovation quality. Other indicators are available (see, for example, Harhoff,
Scherer and Vopel, 1999). Future research should identify which indicators are informative,
use them to improve the composite index of innovation quality and, most important, examine
whether the index helps to explain the value of innovation and economic decisions that are

related to it.
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Table 1. Correlation Matrix: Pooled, Domestic and Foreign-Owned Patents”

Claims Family Bwd Fwd5 Fwd(l Fwdl5 Lit Rend
Family .118
.189
094
Bwd 142 030
139 .095
082 011°
Fwd5 237 158 144
231 248 135
204 .029° 117
Fwdl0  .284 133 156 857 -
277 225 .143 858
265 .029° .149 844
Fwdls 273 116 122 766 928
270 203 .103 773 928
245 073 142 729 924
Lit 181 ,005° 091 276 313 310
158 121 058 260 293 294
142 054 058 247 303 288
Rend 077 127 052 129 162 Nc¢ 145
089 150 .049 118 157 Nc 163
051 061 .070 170 192 Nc 125
Notes:

a) The first (bold) entry in each cell refers to the correlation for the pooled sample, the
second to domestic-owned patents and the third to foreign-owned patents, with
(maximum) sample sizes of 6093, 4693 and 1400, respectively. Actual sample size varies
with each pair of variables. An entry ‘Nc’ means not computable. Non-dichotomous
variables are in logs.

b) Not statistically significant at the 0.05 level.
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Table 2. Parameter Estimates For One-Factor Model, By Technology Group

Independent
Yariable (log) Drugs Chemical Electronic Mechanical Pooled
Fwd5 0.68 0.61 0.55 0.44 0.52
(0.07) (0.08) (0.04) (0.03) (0.02)
Claims 0.38 0.41 0.45 0.46 0.44
(0.06) (0.06) (0.04) (0.03) (0.02)
Family 0.35 0.32 0.39 0.38 0.37
(0.06) (0.06) (0.04) (0.03) (0.02)
Bwd Cites 0.40 0.31 0.24 0.27 0.28
(0.06) (0.06) (0.04) (0.03) (0.02)
Stwa 0.46 0.37 0.30 0.19 0.27
(0.09) (0.09) (0.05) (0.03) (0.02)
Secim 0.14 0.17 0.20 0.21 0.19
(0.06) (0.06) (0.04) (0.03) (0.02)
Stam 0.13 0.10° 0.15 0.14 0.14
(0.06) (0.06) (0.04) (0.03) (0.02)
Sowd 0.16 0.10° 0.06 0.07 0.08
(0.06) (0.06) (0.03) (0.03) (0.02)
No.obs. 615 606 1767 3123 6111
v (2) 0.39 0.79 5.20 2.86 8.04
(p-value) (0.82) (0.6M (0.07) (0.24) (0.02)
Nores:

a} Estimated standard errors are in parentheses. The model also includes nationality dummy
variables (and for the pooled data, technology dummies). An 'S, denotes the estimated signal
ratio calculated as A;° /O'y_kz. The % (2) statistic tests the over-identifying restrictions for the
one-factor model.

b) Not significant at the 0.05 level.
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Table 3. Weights on Different Indicators in the Composite Quality Index®

Drugs Chemicals Electronics Mechanical Pooled

% Weight

on {log):

Fwds 39.8 39.5 35.3 259 32.3
Claims 14.9 21.9 277 30.8 26.7
Family 10.8 11.0 17.6 18.2 16.0
Bwd 34.5 27.6 19.4 25.1 25.0

Note:

a) The weight for the kth indicator is the kth element in the vector A'A/ 1" A" A where A is
the vector of estimated factor loadings, A the covariance matrix of the set of indicators, and 1
a unit vector, Each is the derivative of g with respect to the given indicator, as implied by the
formula for E[g | ¥] in equation (4), with the set normalized to sum to one.
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Table 4. Conditional Variance of the Latent Variable: Different Sets of Indicators®

Indicators (log) Drugs Chemicals Electronics Mechanical Pooled

Unconditional 1.00 1.00 1.00 1.00 1.00

Variance

Fwd5, Claims, .329 387 360 337 361

Family, Bwd

Drop Fwd5 580 626 .502 460 518

Drop Claims 378 472 495 498 489

Drop Family 341 407 430 .406 412

Drop Fwd5 and 6235 673 622 .560 .606

Family

No. obs. 4721 3450 5234 2656 16,061
Note:

a) Computed as the predicted value of Var(g|y) = 1- A A” A using estimates of the factor
loadings, A, and covariance matrix A for the set of indicators relevant in each case.
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Table 5. Test of Threshold Family Effect Using Correlation Structure of Indicators®

Drugs Chemical Electronic = Mechanical Pooled

Panel A
Atam 0.43 0.29 0.42 0.37 0.38
(all domestic) (.06) (07 (.03) (.03) (.02)

’fm 0.16 0.21 0.30 0.32 0.28
(family >1) (.10) (.09) (.06) (.05) (.02)
t-statistic® 2.33 0.69 1.78 0.89 442
Panel B
A W 0.058 0.092 0.24 0.27 0.21
(all domestic)
Al Wy -0.094 0.072 0.024 0.17 -.003
(family>1)
Notes:

a) Entries are parameter estimates for family size from the one-factor model of Table 2 but
based only on the sample of domestic-owned patents. The first row in each panel uses all
domestic-owned patents; the second includes only those where protection was also sought
outside the U.S. (family >1). Estimated standard errors are in parentheses.

b) The t-statistic tests the null hypothesis Hy: ().f,,,,/oz v Jam)[): (Afm,/ozy fa,,,)I against the
alternative Hy: (Aian/Cysam ) < (Afan/ G yjam ), Where a superscript '0’ denotes all domestic
patents and ‘1’ denotes domestic-owned patents with family >1.
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Table 6. Signal Ratios for Forward Citation of Different Spans®

Citation span Drugs Chemical Electronic Mechanical Pooled
Fwds 0.46 0.37 0.30 0.19 027
(.09) (.09) {.05) (.03) (.02)
Fwdl0 0.50 0.35 0.38 0.21 0.30
(.10) (.09) (.03) (.03) (.02)
Fwdl5 0.58 0.37 0.35 0.16 0.26
(.10) (.09) (.05) (.03) (.02)
Note:

a) See note (a) of Table 2. Entries are computed from estimates of the one-factor model using
the forward cites measure identified in the first column. Estimated standard errors are in
parentheses. An 'r' denotes rejection of the over-identifying restrictions of the model at the
0.05 level.
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Table 7. Probit Regressions for Patent Renewal at Age 4°

Independent
Variables
(log) Drugs Chemicals Electronics | Mechanical Pooled

Fwd5 26% A8* 07 21 18

(.14) (.20) (.08) £.07) (.05)
Claims -03 -.04 12 .06 .60

(.14 (.18) (.09 (.07 (.05)
Family 21% 30* .06 30 21%

(.12) (1D (.08) 07N (.04)
Bwd 03 -.07 .03 12 07

(.15) (.20) 10 (.08) (.03)
Quality 35% Sl 19 38% 33%
Measure (.15) (.20) (.09 (.03) (.03)
Pseudo-R? 088 064 |.132 .08 {.026 .026 |.067 .051 |.056 .048
% Correct 91.6 - 92.7 - 89.4 -- 86.1 -- 88.3 -
Predictions”
No. obs. 234 179 554 950 1922
x(3) 3.3 4.3 0.2 12.4 13.9

Notes:

a) Estimated standard errors are in parentheses. An asterisk denotes statistical significance at
the 0.05 level. The x’(3) statistic refers to the test of the proportionality restrictions implied
by the composite quality index.

b) Both the unrestricted and restricted estimations predict a probability of renewal greater
than 50% for all patents, so the number of correct predictions is the rate of renewal in each

case.
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Table 8. Probit Regressions for Patent Litigation®

Independent
VYariables
(log) Drugs Chemicals Electronics | Mechanical Pooled
Fwd cites A0* 30* .36* 36* 37*
(.07 07 04 (.03) (.02)
Claims .14* A7* 27* d5* 17*
(07 (.08) (.04) (.03) (.02)
Family 4% 12* =02 .06* 05%
(.06) (.06) (.04) (.03) (.02)
Bwd cites -02 21% -07 01 .01
(.07) (.08) (.05) (.04) (.03)
Quality 53* 67% 45% 5% 44%
Measure (.07) (.09) (.04) (.03) (.02)
Pseudo-R> |.16 .15 |.15 15 |14 .12 |12 .10 [.13 a2
% Correct 704 699 |68.6 67.8 1669 665 |642 625 |662 662
Predictions
No. obs. 538 484 1521 2548 5091
x2 3 10.4 1.4 47.6 53.8 83.0
Note:

a) Estimated standard errors are in parentheses. An asterisk denotes statistical significance at
the 0.05 level. The %°(3) statistic refers to the test of the proportionality restrictions implied
by the composite quality index.
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Table 9. Test of Threshold Effect in Patent Renewal and Litigation Equations

Drugs Chemicals Electronics = Mechanical Pooled

Renewal

Equation

Family® 35% 32% 39% 38% 37*
(.06) (.06) (.04) (.03) (02)

Family' 19 -34 -086 17% 073
(.25) (.40) (.15) (.10) (08)

Bigfam 05 1.91* 36 31 34
(.57) (L.1) (31 (.20) (.15)

Litigation

Equation

Family’ 14% 12 02 06* 05*
(-06) (.06) (.04) (.03) (.02)

Family' 14% -04 -08 -.09 -05
(.10) (.10) .07 (.05) (.04)

Bigfam .02 A46% 12 33* 23%
(.24) (.19) (.14) (.10) .07

Note:

a) Family’refers to the coefficient on patent family size taken from Tables 7 and 8.
Family' refers to the same coefficient when we include a threshold dummy in the
probit regressions, defined as Bigfam = 1 if family > 1 and zero otherwise.
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