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Abstract: This paper attempts to fill a research gap of literature by constructing the dynamic model
into which both ex ante and ex post patent value indicators are incorporated. A patent renewal model
is tested using a large set of Pharmaceutical patents granted by the European Patent Office between
1996 and 2009. We test five ex ante indicators and single ex post indicator including family size,
patent backward citations, backward references to non-patent literature, number of claims, number
of inventors, renewal fee, patent age, application year, and the ex post indicator forward citations.
Empirical findings show that three citation related indicators, family size, and the number of claims
are positively associated with patent values, while the number of inventors, renewal fee, patent age,
and application year are negatively correlated. In addition, forward citations seem to have persistent
learning effects on patent values.

Keywords: patent value; patent renewal model; ex ante indicators; ex post indicators; learning effects;
pharmaceutical technology field

1. Introduction

The private value of a patent depends on the specific context in which valuation is made.
A valuation must be made “within the context of time, potential owners, and potential uses” [1] (p. 141).
In general, many important determinants of patent value such as commercialization strategies are
hidden or unknown as of the valuation date and observable patent value indicators such as counts of
citations, claims, while words of the patent paper don’t provide enough information for appraisers to
precisely estimate the value of a patent.

The literature on private values of patents or innovations point to a highly skewed nature of the
distribution of patent values. Scotchmer [2] summarized findings from different sources as stylized
facts about the distribution of patent values: the values of patents are highly dispersed and the
distribution of values is highly skewed, with most of values provided by the top tier (around 10%)
of patents. Although academic researches on the distribution of patent values are not considered to
provide practical guidance for patent value appraisals, information about the distribution of values
can be effectively exploited to test and compare the validities of vast lists of existent or potential patent
value indicators.

An obstacle to researches on patent value indicators results from that patents are rarely traded
and data on patent values are seldom obtainable. One strand of literature has side-stepped the
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measurement issue of patent values and indirectly estimated values from patent owners’ decisions
on foreign applications [3] or renewals [4]. For example, [4] incorporated patent characteristics and
other variables into the models constructed by the literature using data on renewal decisions [5–7] and
estimated the “protection value” [8] or “renewal value” [9] of patents. The other strand of literature has
treated patents as assets and tried to collect information on the “asset value” [9] in order to test patent
value indicators. Some researchers obtained subjective asset value estimates from surveys targeted at
inventors, patent experts, and patent owners [9–11]. Recently, [12] used directly observed asset value
data of Ocean Tomo patent auctions between 2006 and 2009. In spite of different conceptions of patent
values (protection/renewal value vs. asset value) and diverse modelling approaches, results from two
strands of literature are largely comparable.

Among potential patent value indicators, many indicators including number of claims, number
of backward references, and family size are fixed at the early period of the patent lifecycle (around
the grant date) and can be dubbed “ex ante indicators” [13,14]. Some indicators change through the
patent lifecycle and are dynamic in nature. For example, changes in renewal or litigation status may
occur at any point of time and forward citations may change beyond the legal life of the patent. These
dynamic indicators convey some information on “ex post impacts” [13] or “learning” about patent
values [8,15,16]. We will call a set of indicators with dynamic characteristics “ex post indicators”.

Researches on patent value indicators have failed to explicitly distinguish these two classes of
indicators in their models and, therefore, have not analysed dynamic effects of ex post indicators on
values of patents. For example, several works cited above estimated the effects of forward citations
on patent values [4,9,11,12], but they used total number of citations received or truncated number
of citations received until five years after the filing date [12,17] as forward citation measures. As
multidimensional data were reduced to one dimensional numbers, information related with learning
was lost and not incorporated into the analysis.

This paper attempts to fill a research gap of literature by constructing the dynamic model into
which both ex ante and ex post patent value indicators are incorporated, and demonstrating especially
the effects of forward citations. We follow the patent renewal modelling approach which originated
from [5] and was significantly extended by [4]. One weakness of renewal models is that they must
assume explicit functional forms about the distribution of patent value because renewal data do not
distinguish between different possible realized values of patents in the top tail [8,9]. In spite of the
restrictions on functional forms, extant literature show that results from renewal models are comparable
to those of direct approaches assuming no explicit functional forms. The primary reason why we adopt
the renewal modelling approach is that renewal models are dynamic in nature and easy to incorporate
dynamic variables explicitly. We use the granted patent data on the pharmaceutical technology field
filed with the European Patent Office (EPO) between 1996–2009.

The paper is organized as follows. Section 2 describes the model and the indicators used to
estimate patent values. Section 3 describes the data sources, the data collection procedure, and the
resulting data set used as a basis for the analysis. Section 4 presents results of estimations of coefficients.
Section 5 discusses contributions and limitations.

2. Model and Literature Review

2.1. The Estimation Model

The original renewal model of [5] and later models of [6,7,15,16] were developed for aggregate
patent data by industrial sectors or countries. [3] developed cross-sectional models for individual
patent data on international patent applications. [4] extended the original renewal model for individual
granted patent data, incorporating various patent value indicators. We construct a specific renewal
model for individual patent data, distinguishing between ex ante and ex post indicators.

First, we postulate the underlying condition of patent renewal,

Riat ≥ Cat (1)
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where Riat is the expected annual return (revenue)from the patent i at age a in year t, and Cat is the
renewal fee for the patent at age a in year t. In all renewal models, Riat is not directly observable and
assumed to be calculated as a sort of expected cash flow equivalent to benefits due to the patent i in
year t. By definition, private value of the patent i in year 0 is the sums of discounted present values of
Riats. This condition reflects an annual decision made by the patent owner who will renew the patent
only if its anticipated return in the next year is greater than the renewal cost.

We assume that the value Riat equals to multiplication of two factors, one factor Ria depending on
ex ante indicators and the other factor depending on ex post indicators. We further assume that Ria
decays at constant rate d and the latter factor is exponential function of linear combinations of ex post
indicators in year t:

Riat = Riae
∑
βnxnit = daRi0e

∑
βnxnit (2)

Here d represents the annual decay rate (d = 1 − δ, δ is depreciation rate), xnit represents the
value of the ex post indicator n of patent i in year t and its characterized by the coefficient βn, and Ri0
is the initial annual return of patent i. Ri0 corresponds to the initial annual return of deterministic
renewal models of [4–7]. To represent the skewness of distribution of Ri0, researchers have tested
log normal, Pareto, and Weibull distributions and found that log normal distribution provides best
fit [16] or only gives converging estimates [4]. According to [4], we assume that the Ri0 follows a log
normal distribution,

ri0 = logRi0 ∼ N(
∑

αmxmi, σ) (3)

where xmi is the value of the ex ante indicator m of patent i characterized by the coefficient αm. Since
ex ante indicators are measured once (i.e. they are static), index for year is not required. With the
expression (3), we can restate condition (1) as follows:

ri0 ≥ −
∑

βnxnit + logCat − alogd (4)

The inequality (4) can be expressed with the z-score normalization as follows:

ziat =
ri0 −

∑
αmxmi
σ

≥
1
σ

(
−

∑
αmxmi −

∑
βnxnit + logCat − alogd

)
= z∗iat (5)

This renewal decision model is in fact a probit model,

yiat =

{
1, i f ziat ≥ z∗iat
0, i f ziat < z∗iat

(6)

where yiat is the dependent variable that tells whether or not the patent i was renewed at the age a in
year t. The set of independent variables include ex ante indicators xmi, ex post indicators xnit, logarithm
of renewal fee logCat, and age a of patent i in year t. Renewal fee and patent age are indispensable
variables for all generations of renewal models. Only if renewal fee is included as an independent
variable, renewal models can estimate mean protection values of patents. The coefficient of patent
age provides, along with the coefficient of logarithm of renewal fee, provides information about
deterministic decay rate of annual returns of patents.

2.2. Patent Value Indicators

We test five ex ante indicators, i.e., family size, backward references to patent (backward citations),
backward references to non-patent literature, number of claims, and number of inventors. We test only
one ex post indicator, citations received from patents applied later (forward citations).
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2.2.1. Family Size

Family size is the number of countries that protect the invention, so it captures the geographic
scope of the patent. Since the scope is defined during the application, we treat this indicator as an ex
ante one. In this paper, we assume that family size is fixed at early time and does not change in patent’s
life. However, after registration, family size may become smaller over time as patentees abandon
patents in some countries. The value of a patent depends on both technological merit and economical
relevance of the underlying invention [12]. Compared with other indicators we are interested in this
paper, family size provides more economical information relevant with the patent value such as market
sizes or competitive structure of potential markets. After the pioneering research of [3], multitude of
studies has held the evidence for the positive and significant influence of this indicator on the patent
value [9,12,16,18,19], and we expect that our work will support this observation. We calculate the
indicator (FAT) from the PATSTAT Biblio database provided by the EPO.

2.2.2. Backward Citations

Backward citations are the number of citations made to the patents applied earlier. While some
researchers argue that backward citations measure the scope (breath) of the patent [9,20], others
argue that they measure or have relevance to the technological novelty of the invention [10,13]. The
literature holds numerous evidences on the strong and positive influence of this ex ante indicator
on the patent value [4,9,12]. We calculate backward citations (PBKWCIT) from the PATSTAT Biblio
database provided by the EPO.

2.2.3. Backward References to Non-Patent Literature

This ex ante indicator is the number of citations made to non-patent literature published earlier.
Known in the literature as the science linkage or the non-patent references, it captures the relation of
the patent to the academic literature [21]. It is known to be particularly strong for the pharmaceutical
and chemical patents [9]. We calculate this indicator (NPBKWCIT) from the PATSTAT Biblio database
provided by the EPO.

2.2.4. Number of Claims

This ex ante indicator is considered to reveal the legal scope of protection a given invention
receives [16]. Some researchers, however, argue that it may be positively correlated with the patent’s
legal sustainability [10,12,22]. Both interpretations imply that patents with higher number of claims
have higher probability of renewal and larger values. We calculate the number of claims (CLAIMS)
from the PATSTAT Biblio database provided by the EPO.

2.2.5. Number of Inventors

Compared with other indicators, the number of inventors or the size of research team that
produced the invention underlying the patent has been relatively ignored in the literature. [23] reported
that the number of inventors is negatively correlated with the number of forward citations, a correlate of
patent values. However, [24] using OECD triadic patent data, reported that the number of inventors is
positively correlated with the number of forward citations. Because of conflicting findings of previous
literature, we think it necessary to test empirically the relations between the number of inventors and
patent value with alternative models. Large research team size (that is, large number of inventors) may
lead to more patents and larger sums of patent values, but the value per patent does not necessarily
increase as the number of inventors increases. [25], using European inventors survey data, estimated
the economic value of patent portfolios (defined as groups of technically or economically highly
related patents). They found that investments in individual patents showed diminishing returns and a
meaningful part of a patent portfolio depended on added new patents. We test two variants of the
model, one considering only linear effect and the other including also non-linear effect. For the latter
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variant, in addition to the number of inventors (INV), we included the squared number of inventors
(INV2) as a regressor. We calculate this indicator from the PATSTAT Biblio database provided by
the EPO.

2.2.6. Forward Citations

The number of citations received from patents applied later is the only ex post indicator considered
in our research. Since the work of [26], forward citations have been studied as possible correlates of
several different measures of values such as social values [26,27], private values of patents [4,9,12,28],
and market values of firms [29]. Some researchers, however, consider forward citations as good
measures of ex post technological impacts, because the relationship between patent values and forward
citations is noisy [13].

From the renewal modelling perspective, we are interested in size and characteristics of the
possible learning effects which forward citations make on patent owners’ estimation of patent values.
The deterministic renewal models originated from [5] assume that patent owners know initial returns
from random draws at the earliest time [3]. It is hard to reconcile this assumption with apparent
persistence of patents with values below renewal fees. [8,15] developed sophisticated stochastic renewal
models with option value of learning. Both studies, however, show that most learning is over at
early age of protection, five years [15] and four to seven years [8], respectively. We try to examine the
evolution of learning by calculating marginal effects of forward citations. We test two measures of
forward citations, the number of forward citations until year t (ACCFWDCIT, “accumulated citations”)
and the number of forward citations between year t-1 and year t (INCFWDCIT, “incremental citations”).
We calculate forward citations from the PATSTAT Biblio database provided by the EPO.

2.2.7. Renewal Fee

Renewal fee is also useful indicator of patent value [30]. The variable used herein is the logarithm
of the renewal fee at age a in year t log(RFEE). Renewal rates change in the EPO every two years and
these changes should be taken into account. Under the European Patent Convention (EPC) system, a
patentee is required to pay renewal fees to the EPO from the third year of application filing until the
patent is granted. Once the patent is granted, the obligation to pay renewal fees to the EPO terminates,
and the patentee is required to pay renewal fees to the national patent offices in the countries in which
the patent is granted. We assume that each patent owner pays renewal fees to the EPO and one national
state at the EPO rates until the longest year when the patent is renewed (see next section for our
definition of the renewal status of a patent). Renewal fee rates differ by countries and renewal fees are
a small portion of total costs of patent validation and maintenance [31]. Our measure of renewal fee
has a risk of under-estimation of patent values, but it is a common risk of renewal type models.

2.2.8. Patent Age

The patent age a (AGE) is a number between 3 and 20 calculated from the patent application filing
date with the EPO. We count it starting from 3, because renewal decision is made between third and
twentieth year under the EPC system. The introduction of this variable to the model allows capturing
the annual decay rate.

2.2.9. Application Filing Year

The application filing year (FYEAR) is a number from 1 to 14 that tells in which year the application
of the focal patent was filed. Since the data used in our research contain European patents applied
between year 1996 and year 2009, FYEAR = 1 represents year 1996 and FYEAR = 14 represents year
2009. The coefficient of this variable measures the growth rate of average patent value applied each
year. [4] provides estimates suggesting that patent value of the United States increased modestly
during the mid-1980s and then levelled off. [32] discusses whether patent quality decreased during the
mid-1980s and the early 1990s.
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3. Data

We use two data sources provided by the EPO: the PATSTAT Biblio database and the PATSTAT
Legal Status database. The group of PATSTAT databases called the “backbone data set for the
statistical analysis” is an expert solution with a complex structure that allows querying highly detailed
patent-related data using the structured query language (SQL).

The core list of focal patents was gathered from the PATSTAT Biblio database (PATSTAT—2016
Autumn Edition) by applying the following conditions: the patent application is related to an existing
granted publication, the type of intellectual property right matches the patent of invention, the patent
authority where the application was filed is EP, and the publication was published before year 2010.
Additionally, a condition was set to bind the International Patent Classification (IPC) codes of patents
to match the Pharmaceutical technology field using the [33] commissioned by the World Intellectual
Property Organisation (WIPO). The query resulted in the list of 71,534 patents.

For each patent from the above set of patents by means of querying PATSTAT Biblio database, we
collected family size, number of inventors, patent backward citations, non-patent backward citations,
number of claims, and forward citations.

Collection of the patent renewal statuses at age a and the application filing year required querying
both PATSTAT Biblio database and the PATSTAT Legal Status database (PATSTAT—2016 Autumn
Edition). PATSTAT databases do not store the renewal information of the European patent in the
unified form, storing the renewal information separately for all member countries instead. Thus, in
order to collect the set of renewal decisions of a patent, we looked for the oldest age reached by a
renewed patent (a number between 3 and 20) in any of the member countries and based on that we
constructed the vector of renewal decisions (with positive decisions spanning from year three to the
oldest age reached, and negative decisions spanning after it until year 2015). The year 2015 was chosen
as the upper boundary since the edition of PATSTAT database we worked on was released in autumn
2016 and it does not contain full data for year 2016. The application filing year was calculated as a latest
renewal date year reduced by the patent age reached at that time. Using the last renewal fee payment
date as a basis for calculating the application filing year is burdened with a certain risk. In case the
last renewal fee payment was belated it can mistakenly add one year to the application filing year.
Additionally, belated payment inflates the renewal fee by 50% which is not taken into consideration in
our data set.

Above information is necessary in order to make proposed model to work and capture the
accumulative, continuous nature of the ex post indicators which is perhaps the strongest virtue of
our model.

Since numerous patents from the original set were never renewed, their renewal decisions were
represented with vectors of zeroes. However, keeping such patents in the data set brought a noise
so significant it would affect signs of selected coefficients, which forced us to eliminate all the never
renewed patents and further narrow down the data set bringing the stability to the model.

The model presented in the previous section requires knowing the yearly renewal fees dictated by
the EPO. The renewal fees increase progressively whilst the patent get older and they are also changed
every even year in April by the EPO. The renewal fees information is provided by the EPO starting
from the April 1999, which forced us to further narrow down the data set and select patents granted
between year 1996 and 2009. Each of the patents published in 1996 would have a vector of 17 renewal
decisions (from age 3 to age 19). The vector would gradually decrease its size to 4 renewal decisions
for patents granted in 2009 (from age 3 to age 6).

After applying all the above conditions, we obtained a final set of 34,106 patents. The data was
transformed from the panel to the pooled representation with respect to renewal decisions resulting in
a total number of 433,595 observations. Yearly patent counts for the set are available in Appendix A.
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4. Empirical Results

4.1. Descriptive Statistics

Figure 1 reports the number of patents by application year, i.e., the size of same year cohort,
between year 1996 and 2009 in the data set of 34,106 patents. The cohort size increases until the year
1999 and decreases rapidly after the new millennium. It is, however, premature to conclude from this
figure that patenting productivity of the pharmaceutical technology field has fallen since the beginning
of the new millennium, because the data set contain only granted patents and many patents applied in
recent years are still waiting for the validation. Patents applied in early years are far more represented
in the data than those applied in recent years, thus the proportion of patents applied during the first
five years is larger than that of patents applied in the last five years, 55.7% and 9.2% respectively.
Since records on renewal status of a patent increase as it is older, the proportion of patents applied
during the first five years in the total observations (sample size = 433, 595) is much larger than that of
patents applied in the last five years, 65.1% and 5.2% respectively (see Appendix A for the number of
applications and observations by year cohorts).
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Table 1 reports descriptive statistics of independent variables. The mean value of family size
(FAM) is relatively high (17.16). That could indicate a trend in the pharmaceuticals technology field
towards wide protection in geographic sense. Figure 2 is the histogram of family size for patents
in the data set (34,106 items). Family size of patents has a skewed distribution similar to that of
patent value reported by the previous literature. The number of inventors (INV) ranged from 1 to
33 with the mean value of 3.66. The mean values of patent backward citations (PBKWCIT) and
non-patent backward citations (NPBKWCIT) are rather low with 0.11 and 0.21 respectively. It is
probably related to the fact that the EPO does not force applicants to enclose the list of related prior
art. The number of claims (CLAIMS) ranged from 1 to 247 with the mean value of 16.64. We use two
measures of the number forward citations, accumulated citations (ACCFWDCIT) and incremental
citations (INCFWDCIT). The mean values of the accumulated citations and incremental citations are
very row with 0.07, 0.02 respectively. Compared with other independent variables, citation related
variables have very dispersed distributions, with standard deviations 5–9 times mean values, and
forward citations are most dispersed. The logarithms of renewal fees increase with age and year, with
the minimum 5.94 (380 euro) and the maximum 7.35 (1560 euro).
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Table 1. Descriptive statistics of independent variables.

Variable Observations Mean Std. Dev. Min. Max.

FAM 433,595 17.16 12.71 1 198
INV 433,595 3.66 2.57 1 33
INV2 433,595 20.02 37.41 1 1089

PBKWCIT 433,595 0.11 0.54 0 13
NPBKWCIT 433,595 0.21 1.02 0 45

CLAIMS 433,595 16.64 12.23 1 247
log(RFEE) 433,595 6.86 0.50 5.94 7.35

ACCFWDCIT 433,595 0.07 0.56 0 51
INCFWDCIT 433,595 0.02 0.18 0 20

AGE 433,595 9.18 4.14 3 19
FYEAR 433,595 4.64 2.66 1 14
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4.2. Regression Results

We considered two classes of models presented in Section 2. The first class of models of which
results are shown in Table 2, relied on accumulation citations as the ex post indicator, while the second
class of models shown in Table 3 were estimated on incremental citations. Each class has four variants,
depending on whether the application filing year (FYEAR) control variable is used or not, and whether
non-linear effect of the number of inventors is considered or not. Equations (1), (3), (5), and (7)
include the application filing year variable, and Equations (3), (4), (7), and (8) include the squared
number of inventors (INV2) as a regressor. We included at the right most columns of each table the
estimates of the marginal effects at the means with respect to the best model in the class (model 3 and
model 7 respectively).
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Table 2. Regression results using accumulated citations as the ex post indicator.

Variable Model 1 Model 2 Model 3 Model 4
Marginal Effects

at the Means
(Model 3)

Coeff. P
Value Coeff. P

Value Coeff. P
Value Coeff. P

Value Coeff. P
Value

INTERCEPT 11.527 0 14.201 0 11.546 0 14.216 0
FAM 0.009 0 0.009 0 0.009 0 0.009 0 0.0014 0
INV −0.022 0 −0.024 0 −0.031 0 −0.033 0 −0.0051 0
INV2 0.001 0 0.001 0 0.0001 0

PBKWCIT 0.071 0 0.074 0 0.072 0 0.074 0 0.0120 0
NPBKWCIT 0.063 0 0.063 0 0.063 0 0.063 0 0.0106 0

CLAIMS 0.002 0 0.002 0 0.002 0 0.002 0 0.0004 0
ACCFWDCIT 0.065 0 0.061 0 0.065 0 0.061 0 0.0109 0

log(RFEE) −1.275 0 −1.752 0 −1.276 0 −1.751 0 −0.2135 0
AGE −0.148 0 −0.103 0 −0.148 0 −0.103 0 −0.0248 0

FYEAR −0.05 0 - −0.05 0 −0.0084 0

McFadden R2 0.2903 0.2873 0.2904 0.2878
Loglikelihood −159,166.6 −159,830.7 −159,144.3 −159,727.9

Table 3. Regression results using incremental citations as the ex post indicator.

Variable Model 5 Model 6 Model 7 Model 8
Marginal Effects

at the Means
(Model 7)

Coeff. P
Value Coeff. P

Value Coeff. P
Value Coeff. P

Value Coeff. P
Value

INTERCEPT 11.589 0 14.226 0 11.608 0 14.241 0
FAM 0.009 0 0.009 0 0.009 0 0.009 0 0.0014 0
INV −0.023 0 −0.024 0 −0.031 0 −0.033 0 −0.0051 0
INV2 0.001 0 0.001 0 0.0001 0

PBKWCIT 0.071 0 0.074 0 0.071 0 0.074 0 0.0119 0
NPBKWCIT 0.063 0 0.063 0 0.063 0 0.063 0 0.0106 0

CLAIMS 0.002 0 0.002 0 0.002 0 0.002 0 0.0004 0
INCFWDCIT 0.202 0 0.199 0 0.202 0 0.199 0 0.0337 0

log(RFEE) −1.288 0 −1.757 0 −1.288 0 −1.756 0 −0.2154 0
AGE −0.146 0 −0.102 0 −0.146 0 −0.102 0 −0.0244 0

FYEAR −0.049 0 −0.049 0 −0.0083 0

McFadden R2 0.2899 0.2873 0.29 0.2877
Loglikelihood −159,253.7 −159,836.6 −159,231.2 −159,733.9

Calculations of model fit measures (McFadden R2, Loglikelihood) show that models including the
application filing year variable are slightly better than models without the variable. The coefficient
estimates and model fit values of models including non-linear effect of the number of inventors differ
very small from those of models omitting non-linear effect. Furthermore, the coefficient estimates
of the squared number of inventors are close to zero (0.001) for all models containing the variable.
Estimates of all independent variables in each model are statistically significant. More details about
results on each variable will be discussed below.

The estimates of coefficients of two variables, renewal fee (log (RFEE)) and age (AGE) have right
signs as expected from the theoretical model in Section 2. The point estimates of implied depreciation
rates (δ) are higher for models with application filing year variable included. For models with this
control variable, the estimates are 0.107 (model 5, 7) and 0.11 (model 1, 3) respectively, while for
models without the variable, the estimates are 0.056 (model 6, 8) and 0.057 (model 2, 4) respectively.
Estimates of earliest deterministic renewal models were much higher, on the order of 0.25 [5,8]. Bessen’s
estimates for regressions with patent characteristics were about 0.14 [4]. Schankerman’s estimates on
Pharmaceutical field, however, were lower, on the order of 0.05 [7]. Our estimates are in the range of
latter two studies.
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The coefficient of application file year variable measures the rate at which the average patent
value of a given year cohort increases with respect to that of the previous year cohort. Increases in the
average patent value of a cohort may be due to inflations or improvement in average patent quality.
The estimates are around −0.05, meaning that the average patent value of a cohort has decreased 5% a
year since the mid-1990s. [4] suggested that patent value of the U.S. levelled off after the mid-1980s. [32]
commented on researches suggesting that patent quality decreased during the mid-1980s and the early
1990s. [8] gives a possible explanation for decreases in the average patent value of a cohort. They
reviewed previous researches suggesting that there exists “the inverse correlation between quantity
and quality across cohorts of patents” and proposed several reasons for this relationship [8] (pp.
411–412). Figure 1 shows that the number of granted patents of a cohort increased during 1996–1999.
Although the number of granted patents of a cohort has decreased after the year 2000, observations
from early years dominate the sample and may have a great influence on the estimates. Our results
suggest that patent quality decrease has continued until the end of 1990s, at least in the pharmaceutical
technology field.

5. Discussion

Empirical results show that three citation related indicators, family size, and the number of claims
are positively associated with patent values, while the number of inventors is negatively correlated.
Citation related indicators including backward citations, backward references to non-patent literature,
and forward citations appear to be more important than other indicators. The number of claims turns
out to be the least important indicator contrary to the extant research.

5.1. Patent Value Indicators

We used two measures of forward citations in estimating the regression models. The estimates of
coefficients of other indicators varied little whether accumulated citations or incremental citations were
used. Among six patent value indicators considered in our study, five indicators except the number
of inventors are positively correlated with patent values. Of five indicators, three citation related
indicators seem to be more important than family size or the number of claims. The number of claims
turned out to be the least important indicator and family size was the second least important indicator.
When accumulated citations were replaced with incremental citations as measure of forward citations,
the estimate of coefficient more than tripled and forward citations became the most important indicator.
When accumulated citations were used, however, backward citations turned out to the most important
indicator and forward citations were on par with backward references to non-patent literature.

Table 4 shows the estimates of relevant indicators of three studies on patent value [4,9,12]. Since
these studies were based on different data and models, sizes of estimates cannot be directly comparable.
Instead, we focus on the order of estimates. [12] incorporated all five variables which are positively
correlated with patent values as shown in our study. The ordering of their estimates is very similar
to that of ours based on accumulated citations (Table 2). Furthermore, their estimates on family size
and the number of claims are not only very small but also statistically insignificant. Family size was
as important as citation related indicators in [9]. Except family size, their results on citation related
indicators are comparable with ours, although backward references to non-patent literature were more
important than backward citations in their regression on the drug and chemical field (for all sample,
backward citations turned out to be more important). Our estimates of coefficient on family size are
about 10% of coefficients on citations, whereas coefficient on family size of [9] is on par with coefficients
on citations. It seems that the differences between [9] and our study are mainly due to characteristics of
data used. In our sample, average family size is relatively high (17.16) and family size has concentrated,
very skewed distribution (Figure 2), whereas average counts of citations are very small and citations
have very dispersed distributions (Table 1). Relatively high scales and concentrated distribution of
family size may contribute to lowering its marginal effect on renewal rate, thus its coefficient, compared
with coefficients on citation measures. Results of [4] seem to be very different from ours, even though
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he chose approaches similar to ours. In his study, backward citations were not only far less important
than forward citations, even less important than the number of claims which is the least important
indicator in our study. Backward citations were among the least important patent value indicators
in his study. The differences between [4] and our study with respect to estimates on the number of
claims may reflect the differences in the traditions of the legal interpretation of the breath of a patent
between the Europe and the Unites States. The definition of the breath (scope) of a patent has been
developed around “doctrine of equivalents”. There have been two competing views on the doctrine.
The “central definition” emphasizing the fundamental ideas contained in the patent text has prevailed
in the Europe and Japan, while the “peripheral definition” focusing on the literal interpretation of
patent claims has prevailed in the United States. Although [12] using the U.S. patents reached different
results from [4] with respect to patent claims, they worked on the sample with rather small size.

Table 4. Regressions on patent value indicators in previous literature.

Variable [9] (1) [4] (2) [12] (3)

Data German patent applied
in 1977 and survey

Two data sets of The U. S.
patents

U.S. patents on Ocean
Tomo patent auction

catalogs
Estimation model Ordered probit Ordered probit Heckman probit

Family size 1.178 0.00002 *
Backward citations 0.749 0.004 0.133

Backward references to
non-patent literature 1.131 0.040

Forward citations 1.670 ** 0.039 0.068
Number of claims 0.013 −0.001 *

Notes: (1) Drugs and chemicals (2) in Table 8; (2) Regressions with patent characteristics, model 3 in Table A1;
(3) Model 1a in Table A1; * Statistically not significant; ** Citations received in EPO patents by 2/1998.

Future research based on large samples including European, Japanese, and U. S. patents may
reveal clues to the questions such as “is the number of claims as important as other indicators?” or “is
the number of claims an important patent value indicator only in the United States?”.

Marginal effects at the means measure increases in probability of renewal with respect to one
unit increase in an independent variable at the sample mean point of each variable. The ordering of
marginal effects may differ from that of estimates of coefficients due to non-linear effects. For our
models, however, marginal effects are in order as estimates of coefficients. Largest marginal effects
are from citation related indicators. In models on accumulated citations (Table 2), marginal effects
of citation related indicators are on order of 1%, while in models on incremental citations (Table 3),
forward citations have largest marginal effect with 3.4%.

Estimates on the number of inventors need explanations. The number of inventors is negatively
correlated with patent value. Although positive non-linear effects offset negative direct effects, these
secondary effects are too small to fully countervail the direct effects. Larger R&D teams probably
produce more patents, but results on the number of inventors imply that average quality of patents
decreases as size of R&D teams increases. Our findings support [23] and especially concur with [25],
though our data prevent us from directly confirming patent portfolio effects.

5.2. Learning Effects of Forward Citations

The number of forward citations is the only ex post indicator in our models which countervails
the tendency of annual returns of a patent to fall, providing some information about the current patent
value. To analyses dynamic effects of forward citations on the patent values, we calculated three
kinds of age dependent indices on the oldest cohort of patents, i.e., patents applied in the 1996 (total
3190 patents). We first calculated the average number of forward citations per age for total patents.
Secondly, we calculated the average number of forward citations per age for patents renewed until
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given age. Lastly, we calculated marginal effects at the means of forward citations for patents renewed
until given age. We preformed calculations on both accumulated citations and incremental citations
and calculated marginal effects on the best models (model 3 in Table 2 and model 7 in Table 3).

Figures 3 and 4 show the results of calculations for accumulated citations and incremental citations,
respectively. For accumulated citations, both measures of average number of forward citations continue
to increase and paces of growth do not slow down until later ages. Marginal effects continue to
increase until 15–16 years and then level off (Figure 3). Calculations on incremental citations show
more dynamical results (Figure 4). Two measures of the average number of forward citations fluctuate
more than the counterparts of Figure 3, but exhibit tendencies to increase until 14–15 years and then
level down. Marginal effects continue to increase and reach the maximum (8%) at age 16 and level
off thereafter. J. Open Innov. Technol. Mark. Complex. 2019, 5, x FOR PEER REVIEW 13 of 17 

 
Figure 3. The average number of citations and marginal effects per age (accumulated citations). 
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The results of exercises on the 1996 cohort imply at least two points about researches on patent
value indicators. First, forward citations may continue to increase until older ages of patents, thus
the familiar conventions truncating records at first five years may lead to the missed information
and false findings. Second, while learning effects of forward citations turn out to persist long years,
these findings are in sharp contrast with those of previous researches implying that learning effects
end within first seven years [15,18]. More researches are needed to explain or reconcile discrepancies
between earlier results and our findings.

6. Conclusions

The development of information technology in the last two decades has enabled researchers to
access and use large amounts of data that were unavailable in the past. We used the renewal data of
European patents in the pharmaceutical technology field open to researchers to test ex ante and ex
post patent value indicators. To distinguish the effects of the only ex post indicator in our study, i.e.,
forward citations, from those of ex ante indicators, we constructed a data set consisting of 433,595
observations from 34,106 granted patents applied to the EPO during the 1996–2009 period. The main
findings of our study are as follows:

Of six patent value indicators, five indicators (three citation related indicators, family size, and
the number of claims) are found to be positively correlated with patent values, while the number of
inventors are negatively correlated.

Citation related indicators (backward citations, backward references to non-patent literature, and
forward citations) are more important than other indicators. In particular, the number of claims turns
out to be the least important indicator. When accumulated citations are used as measures of forward
citations, three citation related indicators are on par in importance, though backward citations are
slightly more important that other two indicators. If incremental citations are used, however, forward
citations are found to be far more important than two backward reference indicators.

Forward citations seem to have persistent learning effects on patent values. Marginal effects at the
means of forward citations increase until age 16 and level off thereafter.

We believe that the results are encouraging, thus provide new research opportunities and patent
policy implications. For example, renewal data based researches may reveal differences in patent
policies on country or regional level. Time series data of ex post indicators such as forward citations
can be effectively used by researchers who want to delve into learning dynamics of patenting systems.
We propose three possible directions to extend our study.

First, on technical level, there are several ways to extend or improve our models.
We tested individual observable indicators. Many patent characteristics of interest, such as

breath (scope), novelty, inventive step (non-obviousness), etc. are latent, i.e., not observable [10],
and researchers have estimated several latent factors using factor analysis [22]. The structural
equation modelling in which latent factors are incorporated into renewal type models seems to be
highly promising.

The estimate on forward citations more than tripled when accumulated citations were replaced
with incremental citations (Tables 3 and 4). This large jump in the estimate is not surprising, because
new information will have greater effects on patent values than old information. It would be valuable
to try alternative measures incorporating depreciation rates used to estimate R&D stock or knowledge
capital [29,34].

We considered only one ex post indicator, but there are other potential ex post indicators that were
reported to have larger effects than forward citations such as the status of litigation [4] or opposition [9].
By adding new ex post indicators, researchers would reach a deeper understanding about learning
dynamics. For example, they may find some hints to the question that there are large discrepancies in
learning periods between past researches (4–7 years) and ours (16 years).

Lastly, our models can be extended to pre-grant stages to deal with opposition issues (the European
countries) or decisions on examination application (some countries including Japan and South Korea).
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Second, one of the unexpected findings in this study is that similar approaches may lead to quite
different results, while different approaches may lead to comparable results. It seems that analytic
methods are less important than the objects of analysis—the data. Relatively easy implementations of
renewal type models enable researchers to focus on the substance of data. We used the European patent
data in the pharmaceutical technology field. Analysis can be easily extended to several technology
fields to compare the effects of patent value indicators between technology fields, and to find out field
specific patterns of learning dynamics. We believe that the construction of the database comprising
European, Japanese, and the U. S. patents will provide researchers many opportunities. For example,
researchers may find key indicators that reveal differences in patent policies on country or regional
level and provide new policy insights.

Finally, it is usually the case that the value of a patent portfolio as a whole is larger than sums
of individual values of constituent patents. The value of a patent may depend on size of the patent
portfolio to which it belongs or its position in the portfolio [10]. Researchers may incorporate owner
level variables such as size of the portfolio into renewal type models and analyse the effects of portfolio
on the value of a patent. This would be a valuable contribution.
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Appendix A

Table A1. Annual counts of patents in analysed data set with pooled equivalents.

Year Number of Patents Number of Renewal
Decisions per Patent

Number of Observations in Pooled
Representation

1996 3190 17 54,230
1997 3456 16 55,296
1998 3866 15 57,990
1999 4275 14 59,850
2000 4214 13 54,782
2001 3873 12 46,476
2002 3310 11 36,410
2003 2736 10 27,360
2004 2061 9 18,549
2005 1539 8 12,312
2006 964 7 6748
2007 495 6 2970
2008 114 5 570
2009 13 4 52

Total 34,106 433,595
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