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Abstract We describe the application of a structural econometric model to forecast
annual and quarterly total filings of patents at the EPO, amid cyclical shocks. Such
models are applicable for national, regional, and international patent offices for
budgetary planning purposes. We also provide out-of-sample forecasts out to 2019.
The exercise predicts strong further growth in EPO filings from China. The fore-
casts appear largely optimistic out to 2019. Other findings are that quarterly data do
not exhibit as much sensitivity to cyclical influences as do annual data, consistent
with the view that innovation decisions are made based upon longer term factors.
Furthermore, filings respond more directly to market fluctuations rather than indi-
rectly to deviations in research and development (R&D) spending from trend. The
estimates also vary by technological field. Further possibilities for an extension of
the approach are discussed, including the usage of country-to-country correlations
of forecasts to unearth communalities in patenting behaviour between countries.

Keywords Total filings (Euro-direct filings plus Euro-PCT international phase
filings) � Lognormality � Business cycles � Gross domestic product (GDP) � Patent
offices � Research and development expenditure (R&D) � Linear model � Variance

1 Introduction

Planners at the European Patent Office (EPO) make forecasts for future patent
filings in order to power business planning for all the major points of the patent
granting process, such as searches, substantive examinations, grants and renewals.
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There is an annual cycle that proceeds from the forecasts via the business plan that
is finalised in a budget document (Hingley and Nicolas 2006). Academic scholars
are interested in patent forecasts in order to better understand the determinants of
innovation and productivity, which are fundamental influences on economic growth
and human progress.

The purpose of this study is to model EPO filings behaviour and derive the
implications for forecasting EPO filings out-of-sample, over the medium and longer
term. The motivation for this is a study on forecasting EPO filings by Park (2006),
in which only long term trends were taken into account. The report was conducted
amid an economic boom around the world, driven by the housing market, relatively
low energy prices, and the expansion of multinational firm activity, such as out-
sourcing and offshoring, particularly by the leading technology companies. The
earlier study did not anticipate, nor allow for, the effects of a major economic
downturn that has come to be known as the Great Recession. Consequently Park
(2006) produced rather optimistic projections of real gross domestic product
(GDP) and EPO filing activity. Instead, there were decreases in EPO filings by
leading source countries, like the U.S., Japan, and Germany, particularly in 2009,
the critical year of the Great Recession. Thus, business fluctuations seem to have
some effect on patenting. However, there also was a relatively quick recovery in
filings during 2010–2011. Moreover, for the other countries, their patent filings
changed relatively little during the period of the global financial crisis. China’s
filings actually rose during the Great Recession period. Thus, this raises the issue of
how significantly business fluctuations affect patenting and matter to forecasts of
future patenting. What is the direction of effect: is patenting pro-cyclical (moves
positively with business cycles) or counter-cyclical (moves inversely with business
cycles)? How much do business cycles really contribute to changes in patenting?
How lasting are the effects of business cycle shocks on patenting? What is the
value-added of forecasting business cycles to forecasting EPO filings and
applications?

A variety of econometric regression based approaches exist.1 One of those
methods will be considered here, that is based on a dynamic log-linear model (see
Hingley and Park 2015a; Park 2006). In an endeavour to improve the model, a
business cycles component has been included to supplement trend GDP.

Business cycles refer to fluctuations of output around some average or long run
trend path. The trend path of output is usually determined by productivity, tech-
nology, or resources. The deviations of output from trend are usually due to
nominal shocks, such as aggregate demand shifts in the presence of wage and price
rigidities. The reason business cycles are a concern is that when output is below
trend, resources are underutilized and unemployment may increase. When output is
above trend, inflationary pressures tend to arise. However, there is much debate

1See Hingley and Nicolas (2004, 2006), Hidalgo and Gabaly (2012), and Meade (2006) for
historical data analyses and European Patent Office (2013) for the survey approach.
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about how long lasting business cycles are. One school of thought (for example, the
old-Chicago school) is that markets self-correct relatively quickly and that most of
the output fluctuations are equilibrium movements or shifts in trend output itself.
Another school (for example, the old-Keynesian school) is that economies expe-
rience persistent disequilibria. The findings in this chapter present a view that is
intermediate between these two schools: output deviations from trend are neither
permanent nor equilibrium phenomena.

The chapter is organized as follows. The next section outlines our empirical
framework. Section 3 presents estimates of the model and some out-of-sample
forecasts. Section 4 re-examines the model from some alternative perspectives, and
Sect. 5 discusses other applications. Section 6 concludes. Overall, the study
demonstrates the desirability and feasibility of forecasting EPO patent filings under
uncertainty about future movements in GDP or the market outlook. The signifi-
cance is that, to the extent that innovation activities are attuned to market condi-
tions, market fluctuations should affect the capacities and incentives to seek patent
protection. Furthermore, the frequency of cycles matters. EPO filings are affected
by business cycles when yearly data are considered. For shorter data frequencies—
namely quarter to quarter—EPO filings are not as sensitive to business fluctuations.
A reason discussed is that significant innovation decisions are not likely to be made
on the basis of short-lived circumstances. But on a yearly scale, fluctuations can
affect budgetary and other cost factors that impinge upon innovation plans.

2 Empirical Framework

The following regression model is used for EPO filings from a source country:
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where P is the number of EPO filings filed by a source country,2 L is the number of
workers in the source country,3 subscripts −1 and −2 indicate lags of one year and
two years respectively, R is R&D expenditures,4 usually lagged by 5 years, and ε is

2EPO filings refers to the sum of Euro-direct and Patent Cooperation Treaty (PCT) international
phase filings (see Hingley and Nicolas 2006), excluding divisional filings. Euro-direct are obtained
from the EPO production database and PCT are as reported by the World Intellectual Property
Organization (WIPO).
3Number of workers data are provided by the World Bank World Development Indicators: http://
data.worldbank.org/data-catalog/world-development-indicators.
4R&D expenditures are business enterprise research and development expenditures (BERD) from
OECD MSTI 2013 edition 2 (see OECD 2014), at constant 2005 PPP international dollars.
Comparable data are taken from UNESCO for countries that are not given by MSTI.
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an error term, assumed to be normal with constant variance. ln denotes natural
logarithm. The GDP of the source country (Y) is split into two components: YT the
“trend” level of output, and u a business cycle indicator (namely, the ratio of
cyclical GDP to trend GDP).5 The Hodrick and Prescott (2007) filter method was
used to separate cycles from trend (and is further explained in Hingley and Park
2015b).

Filings P are transformed as indicated to ln(P/L). This allows for a standardis-
ation between countries because L is a proxy for country size, and for stabilising the
error by using the logarithmic transformation. Based on Ditka (2006), the value of
R is lagged by five years in order to incorporate the concept that R&D expenditures
take time to produce patentable inventions. The effects of possible booms and/or
recessions within the forecast period can be assessed by manipulating u. Table 1
shows some sample statistics associated with the calculated u. The table illustrates
that business cycles vary by country. Of course, there are common global shocks.
But not all of these shocks are transmitted to national economies in the same way.
Some economies are better insulated against external shocks, depending upon on
their policy or institutional regimes. Furthermore, different countries may be in
different phases of the business cycle. Hence, our decomposition method has been
applied separately to each of the countries in the sample.

The model is fitted over a group of countries that includes a rest-of-the-world
(ROW) class. We forecast total filings usually up to 6 years beyond the training
data period. In order to obtain the forecasts for filings in a future year, the individual
forecasts derived from the model by country are summed across countries. At the
level of filings P, the assumed distribution of the error ε, and hence also that of
P itself, is assumed to be lognormal. The technique for estimation takes this into
account. Other reported studies have often not done this kind of transformation and
have therefore worked with imprecise confidence intervals. Let v = P/L, with log
(v) distributed N(μ, σ2), a normal distribution with mean μ and variance σ2. The
model contains fixed effects—a separate intercept for each of 28 countries (α01, α02,
…, α028)—and common slope parameters (α1, α2, α3, α4 and α5). The linear model
is fitted to the transformed data for the various countries simultaneously to deter-
mine the estimates of l̂ and r̂2 for each country. This is done in the usual way by
gathering the data underlying the independent variables, including the {0, 1}
dummy variables for the intercepts, into an (n × p) design matrix Z. The parameters
to be estimated are themselves stacked into a (p × 1) parameter vector B. Let T

indicate transposition:

5GDP expenditures are obtained from the World Bank’s World Development Indicators and Penn
World Tables https://pwt.sas.upenn.edu for Taiwan, standardised to real constant 2005 PPP
international dollars.
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Table 1 Sample statistics of the business cycle variable, u

Country Mean of
‘u’

Standard
deviation

Coefficient of
variation

Minimum Maximum

Australia −0.0041 1.0368 −252.0 −3.006 2.389

Austria −0.0038 1.0803 −281.5 −2.357 2.319

Belgium −0.0042 0.9825 −235.8 −2.076 2.229

Brazil −0.0186 2.3141 −124.7 −5.733 6.845

Canada −0.0091 1.3563 −149.2 −2.625 2.551

China incl.
Hong Kong

0.0239 1.7829 74.6 −4.102 4.748

Denmark −0.0087 1.3356 −153.6 −3.213 2.823

Finland −0.0274 2.1292 −77.7 −4.936 4.864

France −0.0049 0.9082 −187.1 −2.161 1.828

Germany −0.0051 1.2824 −249.5 −3.634 2.369

Greece −0.0231 1.4292 −61.9 −3.931 2.798

Ireland −0.0239 1.7995 −75.3 −3.542 5.188

Israel −0.0088 1.4782 −168.5 −2.747 4.436

Italy −0.0050 1.1286 −223.8 −3.133 2.315

Japan −0.0073 1.2073 −165.8 −3.868 2.329

Korea, Republic −0.0025 2.0373 −802.1 −6.688 4.039

Netherlands −0.0063 1.1360 −179.3 −1.772 2.619

New Zealand −0.0117 1.1756 −100.4 −3.343 1.880

Norway −0.0071 1.1159 −157.8 −2.527 2.328

Portugal −0.0217 1.6022 −73.9 −2.746 2.933

Singapore −0.0110 2.4053 −217.8 −5.976 5.154

Spain −0.0140 1.0673 −76.0 −1.667 2.389

Sweden −0.0102 1.5008 −146.9 −5.095 2.964

Switzerland −0.0065 1.0879 −167.2 −1.695 2.693

Taiwan 0.0016 1.6706 1068.9 −5.143 3.414

United
Kingdom

−0.0133 1.2229 −92.0 −2.612 2.756

United States −0.0084 1.2254 −145.2 −3.400 1.860

World_ROW −0.0059 1.1772 −199.4 −2.738 2.159

Notes u = 100 × (cycle/trend), where GDP = trend + cycle; i.e., using the Hodrick-Prescott filter,
real GDP has been decomposed into its trend and cylical components
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where ai,j is the value of the independent variable i for the jth observation in the
dataset. The parameter estimates B̂ are calculated by least squares and the associ-
ated error variance of ε is calculated as r̂2:

B̂ ¼ Z � ZTZ
� ��1 � ZT � logðvÞ

r̂2 ¼ ðlogðvÞ� ZB̂ÞT � ðlogðvÞ� ZB̂Þ=ðn� pÞ

where log(v) is the (n × 1) vector log (v1,1, v1,2, …, v1,24, v2,1, …, v28,672)
T, that is

the string of transformed observations (or differences in transformed observations)
from each country by years in the training set, laid out with years within countries
repeating faster than countries.

On the logarithmic scale, the fitted values of the observations are given by the
matrix inner product ZB̂ within the training set. The forecasts for each country for
each future time point are given by projecting further (1 × p) rows z that are
equivalent to rows of Z but taking independent variables beyond the data set and
calculating the inner product zB̂.

The lognormal distribution of v has mean γ = exp(μ + σ2/2) and variance
Var[γ] = γ2 (exp(σ2) − 1) (see Johnson et al. 1994). The fitted values on the scale
of v are therefore taken from the linear model as ĉ ¼ expððzB̂Þþ r̂2=2Þ. The
estimated number of filings from a country at a given time point is then w ¼ L ĉ,
with an estimated variance, Var[w] ¼ L2 ĉ2ðexpðr̂2Þ � 1Þ.
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It should be noted that, during the forecast period beyond the training data set, it
is necessary to forecast L and also the independent variables YT, u and R.6 This is
usually done by straight line regression projection from the 10 most recent available
years of data in the training set, and is a source of additional variability for the
forecasts. The goal is to forecast Total filings as the sum of the forecasted filings per
country of origin. This is ŵTOTAL ¼ P

w ¼ P
Liĉi, where

P
indicates summa-

tion over countries. ĉi is the filings estimate for country i.
In the following, Ξ is the (28 × 28) covariance matrix between countries on the

log scale, that is estimated from the linear model by N̂ ¼ ZTZð Þ�1
r̂2. Two alter-

native approaches are taken to estimate the variance of ŵTOTAL:

1. The sum of the estimated variances for the countries.

Var½ŵTOTAL� ¼ Var
X
i

Li � ĉi
" #

¼
X
i

L2i � ĉ2i ðexpðN̂iiÞ � 1Þ

The summation is over all countries i: 1, …, 28.
2. The sum of the estimated covariances for all pairs of countries i and j.

Var½ŵTOTAL� ¼ Var
X
i

Li � ĉi
" #

¼
X
i

Li
X
j

Lj � ĉi � ĉj ðexpðN̂ijÞ�1Þ

This uses a formula for the variance of a sum that is based on an extension of the
formula for the variance of the mean of the lognormal distribution (Soderlind
2013). The summation is over all country pairs i and j. The country pairs include
each country paired with itself, in which case the covariance term is the same as
the term that feeds into expression 1 above.

Approach 1 is slightly easier to calculate than approach 2, but the covariances
are likely to be relevant effects, since the model is fitted simultaneously over
countries with some common parameters between countries, with international
common developments affecting patent filings in many countries at the same time,
and because of possible non-stationarity of the historical training set data (Ditka
2006). Approach 2 helps to take account of these factors. Here Var½ŵTOTAL� will be
calculated by both approaches. The estimates will be compared to get an idea of
stability of the model and to assess the attempts to assure stationarity by differ-
encing both the variables.

As was already mentioned, a linear trend approach is used to forecast the
independent variables YT, u, and R, that are then included as inputs to Z in order to
use the estimated parameter matrix B̂ to find the fitted values ĉi for each country
i for each forecasted year outside the training data set. In the case of R, the assumed

6Forecasts for YT and u are obtained from the HP filter. Since R is lagged 5 years, observed
historical values can be used for the first few future forecasted years before trending is required.

Forecasting Patent Filings at the European Patent Office (EPO) … 69



5 year lag means that historical known values can be used for the forecasts of the
next few years in the future. Since the model includes autoregressive terms that
relate to lags of filings at one and two years, the forecasts for more than two years
out themselves use inputs of filings forecasts from one and two years previously.
These inputted forecasts are subject to variability by the same error process, and the
other inputs are also subject to error because of the usage of a trend to estimate
them. Therefore it is likely that Var½ŵTOTAL�, as given directly either by method 1 or
2 above, is not great enough to cover all the variability that is inherent in this
approach. In order to cope with this to some extent, a pragmatic compound variance
method is used. The variance of the filings forecast for a future year is taken as the
sum of the variances, by either method 1 or 2, taken over all the forecasted years up
to and including s:

Var½ðŵTOTALÞs� ¼
Xs

l¼1

var(ŵTOTALÞl

From this variance, 95 %confidence limits for the forecast of totalfilings in a future
year are calculated by the usual normal assumption, ðŵTOTALÞs � 1:96�
SE½ðŵTOTALÞs�, where SE indicates standard error and is the square root of
Var½ðŵTOTALÞ�. The confidence limits are appropriate for the predicted values of the
mean. The mean is forecasted because the process uses essentially unchanging his-
torical training data for all years up to the last year in the data set, with only one added
data point per country in each successive annual forecasting exercise.7

3 Results

3.1 Model Estimates

The model is fitted to a 28 source country-of-origin data set using their annualised
EPO total filings from 1990 to 2013.8 The linear model is fitted both to the levels

7Alternative confidence interval/prediction interval formulae are given in the literature (Draper and
Smith 1981), depending whether the intervals are sought for the mean or for an individual new
observation.
827 individual countries were the following, together with a residual 28th group “ZZ” that rep-
resented the residual between the measured total filings in a year and the sum from the 27
countries, as described at European Patent Office (2015): Australia (AU), Austria (AT), Belgium
(BE), Brazil (BR), Canada (CA), China & Hong Kong (CN-HK), Denmark (DK), Finland (FI),
France (FR), Germany (DE), Hellas (GR), Ireland (IE), Israel (IL), Italy (IT), Japan (JP), Republic
of Korea (KR), The Netherlands (NL), New Zealand (NZ), Norway (NO), Portugal (PT),
Singapore (SG), Spain (ES), Sweden (SE), Switzerland (CH), Taiwan (TW), United Kingdom
(GB), United States of America (US), Others (ZZ). The analysis reported here was done in mid
2014, before GDP data were updated to give results in Hingley and Park (2015a).
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data and to the first-differences data. The parameter estimates and standard errors
obtained by both approaches are shown in Table 2. Following Park (2006), the
intercept α0 is allowed to vary from country to country while the other parameters
α1 to α5 are considered as common over countries so that pooled estimates are
obtained The 5 slopes appertaining to α1 to α5 are shown in Table 2. The standard
deviations of a data point estimate at the bottom of the table are similar for the two
approaches. In terms of formal significance testing, several of the parameter esti-
mates are not statistically different from zero under an assumption of normality, in
that the absolute value of the estimate is more than 1.965 times its estimated
standard error.

For the model in levels, all parameter estimates are significant by this approx-
imate test except for the second order autoregression (AR2) and R. But for the
model in differences, all the country intercepts are not significant except those for
BR, CN-HK, KR, NZ, PT, SG and ES. AR1, AR2 and R are technically not
significant as well, although AR1 is almost significant. However, we believe that all
the included variables are useful structural descriptors of the process and should
remain in the model to assist in making the forecasts. The structural dependency of
the model on the parameters is manifested for the model in levels, where the
non-stationary process is adequately described. What is not guaranteed for levels is
the extent to which the set of independent variables is causal for the filings process.

For the model in differences, the significance is also assessed at the level of
differences, and it may be that effects are in fact significant when the data are
transformed back to levels. We do not succumb to the temptation to remove
parameters in order to obtain a reduced model where every remaining parameter is
statistically significant. There are 672 observations for the model in levels and 644

Table 2 Estimates of the log-linear model

Parameter Model in levels Model in differences

Estimate Standard error Estimate Standard error

α1 AR1 0.823 0.038 −0.072 0.039

α2 AR2 0.043 0.036 −0.045 0.037

α3 R −0.013 0.027 −0.050 0.103

α4 YT 0.444 0.075 2.145 0.395

α5 u 0.860 0.414 1.109 0.356

Error variance 0.0228 0.0247

Data point
standard
deviation

0.151 0.157

Notes Model for EPO filings with training data set from for Levels (1990–2013) and Differences
(1991–1990 to 2013–2012). Country fixed effects are included (not shown). AR1 and AR2 are one
year and two year lags respectively for standardised patent filings, R is standardised R&D
expenditure by business sector, YT is the trend level of standardised GDP, u is the business cycle
variable). Also shown are Error variance and its square root, data point standard deviation. See
Footnote 8 for the key to the country names
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observations for the model in differences, so the removal of 33 degrees of freedom
for estimation does not seriously degrade the quality of the residual sum of squares
that is used to estimate the error terms.

At least for the model in differences, no particular importance should be given to
the sign (positive or negative) of a parameter estimate, even when it is significant.
A process by which differences of an independent variable have an effect on dif-
ferences in filings, particularly after transformation, can look negative when it
would in fact be positive back on the scale of levels.

Common economic factors that affect patenting in several countries at the same
time, as well as the pooling of parameter estimation over the countries, induces
some correlations between the parameter estimates. Table 3 shows simplified
parameter correlation matrices for both levels and differences. Since the 28 inter-
cepts behaved rather similarly to each other in terms of correlations, examples are
shown only for countries from the four important sources: China, Germany, Japan
and US.

Table 3 Correlation coefficients for parameter estimates

Models in levels

Parameter CN-HK DE JP US AR1 AR2 R YT u

CN-HK 1 0.996 0.996 0.996 0.260 0.068 0.100 −0.951 0.072

DE 0.996 1 0.999 0.999 0.254 0.066 0.085 −0.953 0.072

JP 0.996 0.999 1 0.999 0.254 0.069 0.074 −0.949 0.071

US 0.996 0.999 0.999 1 0.255 0.068 0.075 −0.949 0.072

AR1 0.260 0.254 0.254 0.255 1 −0.910 0.004 −0.224 −0.041

AR2 0.068 0.066 0.069 0.068 −0.910 1 −0.188 −0.008 0.046

R 0.100 0.085 0.074 0.075 0.004 −0.188 1 −0.376 0.067

YT −0.951 −0.953 −0.949 −0.949 −0.224 −0.008 −0.376 1 0.067

u 0.072 0.072 0.071 0.072 −0.041 0.046 0.067 0.067 1

Models in differences

Parameter CN-HK DE JP US AR1 AR2 R YT u

CN-HK 1 0.093 0.093 0.130 −0.138 −0.137 −0.283 −0.615 0.002

DE 0.093 1 0.020 0.022 −0.035 −0.038 −0.057 −0.093 0.006

JP 0.093 0.020 1 0.025 −0.072 −0.070 −0.103 −0.075 0.001

US 0.130 0.022 0.025 1 −0.036 −0.039 −0.052 −0.152 0.005

AR1 −0.138 −0.035 −0.072 −0.036 1 0.060 0.028 −0.111 0.017

AR2 −0.137 −0.038 −0.070 −0.039 0.060 1 −0.003 −0.092 0.029

R −0.283 −0.057 −0.103 −0.052 0.028 −0.003 1 −0.027 0.034

YT −0.615 −0.093 −0.075 −0.152 −0.111 −0.092 −0.027 1 −0.047

u 0.002 0.006 0.001 0.005 0.017 0.029 0.034 −0.047 1

Notes From the model for EPO filings with the training data set in Levels and First-Differences. Country
intercept correlations are shown for China, Germany, Japan and US, and are similar for the other 24
countries (See Table 2 for keys to parameter symbols)
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For the model in differences, 21 out of the 36 distinct correlation coefficients
have negative signs, while for the model in levels only 9 have negative signs. In
general, the correlation coefficients between parameters are far less significant for
the model in differences than for the model in levels. This is an indicator of
stationarity for the model in differences. Looking more deeply at the model in
differences, the correlations between country intercepts are positive but generally
not significant, although there are relatively high correlations between CN-HK and
US; and between CN-HK and KR (0.340 not shown), although not especially
between KR and US (0.083 not shown). R has negative correlations with country
intercepts, including quite a high negative value with CN-HK and with KR (−0.175
not shown). The EPO filings from CN-HK and KR have been growing more
strongly over the period than from most other countries, which may have led to
these effects. Rapid development of EPO patenting from CN-HK and KR may also
be reasons for their significant intercepts in Table 2 in terms of the model in
differences.

3.2 Model Forecasts

Table 4 shows the fitted values or forecasts for total filings ŵTOTAL, for years 2014–
2019, together with estimates of their variances Var½ŵTOTAL� by the two methods.
The forecasts depend on the future levels of the independent variables R, YT and
u that are assumed.9

Table 4 Total filings forecasts by the model in levels and first-differences

Year Actual
total
filings

Model in levels Model in differences

Total
filings
forecast

Standard
error 1

Standard
error 2

Total
filings
forecast

Standard
error 1

Standard
error 2

2013 257,457 261,929 (3105) (3487) 263 342 (3144) (3204)

2014 271,987 3256 3699 267,554 4520 4832

2015 287,637 4806 5510 286,476 5586 5935

2016 304,826 6184 7181 307,337 6603 7010

2017 323,868 7561 8874 331,276 6751 8094

2018 344,939 8036 10,694 358,284 7914 9232

2019 368,272 10,683 12,715 388,887 9127 10,461

Notes Standard error 1 and Standard error 2 refer to the square roots of variance methods 1 and 2
respectively for Var½ŵTOTAL�, as explained in Sect. 2. The results for 2013 show the model fit to
the last year in the training data set, with standard errors in brackets. The cumulation of variances
starts in 2015

9For more technical details about the methodology, see Hingley and Park (2015a).
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Figure 1 shows a comparison between the actual and predicted values in levels
and differences for the years 2014–2019. The total filings numbers are reported first,
and then the filings from the important countries of origin CN-HK, DE, JP and US
(as in Table 3). 95 % confidence intervals are calculated for each individual fore-
casted year, using the second variance method discussed in Sect. 2, and the fore-
casts and limits are connected over time by smoothed lines using Excel. Both
models give optimistic forecasts for total filings. The model in levels proposes
368,272 in 2019, a compound annual growth rate of 6.1 % from 257,747 in 2013.
The model in differences proposes 388,887 in 2019, which represents a compound
annual growth rate of 7.1 % from 2013. Both models suggest low growth from
2013 to 2014 however (1.7 % for the model in levels and 3.9 % for the model in
differences). Thereafter the two models roughly agree until about 2016, after which
point the model in differences starts to move ahead. Forecasts towards the end of
the period are of course very uncertain, so details of differences between the models
out there should not be over-interpreted.

Fig. 1 Filings forecasts by the model in levels and the model in differences. Notes Black lines are
the forecasts and grey lines are the 95 % confidence intervals for the forecasts. a Total filings by
model in levels. b Total filings by model in differences. c Filings from China. d Filings from
Germany. e Filings from Japan. f Filings from United States of America
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The confidence intervals widen towards the end of the forecasting period in both
models. Standard error 1 is always less than standard error 2, which may indicate a
tendency for positive covariances between forecasted filings for countries. At the
beginning of the period, the relative sizes of the standard errors 1 and 2 are more
similar for the model in differences than for the model in levels (in 2014 the ratio is
1.14 for levels and 1.07 for differences), but this situation is reversed at the end of
the period (in 2019 the ratio is 1.19 for levels and 1.15 for differences). This may be
related to the improved stationarity of the times series when using the model in
differences.

Regarding the country forecasts in Fig. 1, there are some variations between the
models for levels and differences, with levels giving higher forecasts than differ-
ences for China and United States, but differences giving higher forecasts than
levels for the other two countries that are shown. For Japan (Fig. 1e), the forecasts
for the model in levels decline while those in differences increase after experiencing
a downward “kink” in 2014. However, this difference may not be significant
because of the overlap between the confidence intervals until 2019. The strong level
of projected growth for China in Fig. 1c should be noted, where about 39,000
additional filings per year are expected by 2019 compared to 2013, according to the
model for differences, which makes a strong contribution to the overall increases of
total filings that are envisioned in Fig. 1a, b.

4 Alternative Perspectives

This section briefly addresses some open issues, with the goal of checking for
robustness and of suggesting extensions to this study. In particular, it examines
three alternative ways to study the effects of business fluctuations on patenting
filings at the EPO. The first is to examine quarterly data. The second is to capture
cyclical movements in R&D. The third is to examine data by technological field (or
sector).

Table 5 reports the results from estimating the EPO filings per-worker model on
quarterly data. Column 1 shows the results for the period 1978–2011 and column 2
for a truncated period. For the quarterly data analysis, seasonal effects are controlled
for by using quarterly dummies. Quarterly data are relatively noisier than annual
data. Cyclical fluctuations may be small year to year, but within each year, there
may be quite a bit of economic disturbances from month to month or quarter to
quarter. However, what the results seem to indicate is that while patenting can vary
with the business cycle, it does not vary strongly with short frequency business
cycles. The ‘u’ variable is insignificant at explaining EPO filings.

The reason that short frequency business cycles are not a strong determinant of
EPO filings is that quarter-to-quarter disturbances are relatively transient and
unpredictable. It does not seem prudent for businesses to make innovation decisions
based on such events. The objective of innovation is to develop new products and
processes to improve efficiency or productivity, maintain or expand market share,
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and strengthen the brand and core competencies of the firm. Innovation therefore
typically targets a firm’s long run profitability, which is why patenting and inno-
vation are expected to depend, in general, on longer run factors, but as was seen
with the results earlier with the annual data and discussion of the theory,
year-to-year business cycles can nevertheless affect the availability of resources for
innovation (or potentially the opportunity cost of innovation)—hence the sensitivity
of annual patent filings to long frequency business cycles.

But at the quarterly data level, the time interval is fairly short. Firms typically seek
other means to gain or maximize shorter run profits, such as financial or portfolio

Table 5 Main regression model estimated using quarterly data

Sample period (1) (2)

EPO filings

1978–2011 1978–2011

L.pl 0.400*** 0.354***

(0.023) (0.025)

L2.pl 0.339*** 0.339***

(0.022) (0.025)

yl 0.435*** 0.255**

(0.110) (0.116)

rl 0.108*** 0.195***

(0.026) (0.032)

u 0.149 0.140

(0.099) (0.104)

year 0.004** 0.005**

(0.002) (0.002)

1st Quarter −9.480**

(4.486)

2nd Quarter 0.093*** −9.392**

(0.014) (4.486)

3rd Quarter −0.004 −9.487**

(0.013) (4.486)

4th Quarter 0.117*** -9.361**

(0.014) (4.485)

Country fixed effects Included Included

Observations 1590 1431

Dependent Variable: pl = ln(patents/worker)
Standard errors in parentheses: *p < 0.1, **p < 0.05, ***p < 0.01
Notes pl denotes natural log of patents per worker, L one-period lag, L2 two-period lag, yl denotes
real GDP per worker, rl real business enterprise R&D (BERD) per worker, ‘year’ denotes the time
trend, and ‘u’ the business cycle measure where u = cycle/trend of GDP. 1st, …, 4th quarter are
dummy variables for their respective quarters
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investments, derivatives, swaps, pricing strategies (such as discounts, non-linear
pricing, price discrimination), or employment strategies (using contractors and
temporary workers). Firms generally do not use R&D investments to manipulate and
influence short run profits. Principally, R&D and patenting strategies are for time
horizons longer than a few quarters—hence the reason why business cycles are more
likely to affect patenting across years rather than across quarters.

The next issue is whether other aspects of the model also undergo cyclical
shocks. In the analysis thus far, only GDP was separated into its trend and cyclical
components. It may also be possible for business R&D expenditures to have a
cyclical and a trend component. This was investigated, and the results are shown in
Table 6. The table introduces two new variables upon applying the Hodrick-
Prescott (HP) filter to R&D: trend R&D per worker and the ratio of cyclical R&D to
trend R&D (uR). The uR variable is statistically insignificant at conventional levels,
whether the sample period is 1978–2011 or the shorter one of 1990–2011. It is also
insignificant whether we omit or control for business cycles in GDP. Thus, for now,

Table 6 Extensions: cyclicality of research and development

Sample period (1) (2) (3) (4)

1978–2011 1990–2011 1978–2011 1990–2011

L.pl 0.685*** 0.783*** 0.684*** 0.783***

(0.030) (0.040) (0.030) (0.040)

L2.pl 0.131*** 0.043 0.132*** 0.044

(0.025) (0.038) (0.025) (0.038)

ln (GDP per worker) 0.456*** 0.475***

(0.078) (0.089)

ln (Trend GDP per worker) 0.444*** 0.449***

(0.079) (0.093)

u 0.768 0.928**

(0.597) (0.458)

ln (Trend R&D per worker) 0.078** 0.066* 0.080** 0.071*

(0.037) (0.037) (0.037) (0.037)

uR −0.005 0.216 −0.051 0.158

(0.202) (0.146) (0.219) (0.157)

year 0.001 0.001 0.001 0.001

(0.002) (0.002) (0.002) (0.002)

Country fixed effects Included Included Included Included

Observations 890 615 890 615

Dependent Variable: pl = ln(EPO Filings/worker)
Standard errors in parentheses: *p < 0.1, **p < 0.05, ***p < 0.01
Notes pl denotes natural log of patents per worker, L one-period lag, L2 two-period lag,
u = cycle/trend of ratio of real GDP and uR = cycle/trend ratio of Real Business R&D per worker,
year denotes the time trend
Separate intercepts for each country (or country fixed effects) were included but the estimates are
not reported to conserve space
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cyclical movements in R&D do not seem to affect patent filings at the EPO. This
suggests that patentable innovations are a function of long run R&D programs and
are not influenced by short run boosts or declines in R&D funding. But these results
are for all countries and sectors pooled. It remains to be seen whether the EPO
filings of individual source countries or individual sectors are more sensitive to
short run movements in R&D.

A third issue is whether different technological fields are affected differently by
business cycles. Table 7 offers a preliminary look using the International Patent
Classification (IPC) sectors. According to the results shown, EPO filings in Human
Necessities (IPC A), Physics (IPC G), and Electricity (IPC H) are mildly procyclical
(i.e., the coefficient of ‘u’ is statistically significant at the 10 % level), but filings in
Chemistry (IPC C) are strongly procyclical (where the positive coefficient of ‘u’ is
significant at the 5 % level). For all the IPC sectors except textiles (IPC D), EPO
filings are strongly influenced by trend GDP. Still, the eight IPC sectors A to H are
nonetheless very broadly defined. Each of these sectors consists of diverse fields of
technology. Thus, future research could study the effects of cyclical shocks at a
more disaggregated IPC level.

Another related issue is whether business cycles affect the EPO filings of different
source countries differently. For good country-by-country analyses, more time-series
observations are needed. Tentatively, therefore, this section provides a sample of
results for the U.S., a major contributor to EPO filings. As shown in Table 8,
business cycles have a positive and statistically significant effect on total U.S. filings
at the EPO, where by ‘total’ it is meant aggregate sectors (see column 1).
By individual sector, U.S. EPO filings in Performing Operations and Transportation
(IPC B), Mechanical Engineering, Physics, and Electricity (IPC F, G, and H) are all
significantly pro-cyclical. These results are for the annual sample. The quarterly
sample results are quite similar (results not shown); the only difference is that the
filings in Human Necessities are also significantly pro-cyclical in the quarterly
sample. For EPO applications, the business cycle variable ‘u’ is only statistically
significant for Electricity (IPC H), and only at the 10 % level (the results are also
not shown to conserve space). With more data, a richer analysis of business cycles at
the national level can and should be pursued.10

5 Other Applications

A side benefit of the modelling approach taken here is that the common effects over
source countries for EPO filings can be analysed. Table 3 looked at correlations
between countries in terms of their estimated intercept parameters. Another way is

10For U.S. domestic patenting, the longer time-series data of the United States Patent and
Trademark Office (USPTO) could be exploited. For other countries, WIPO has very long
time-series data on resident patenting. Lessons could be learned from these datasets as well.
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to determine the correlation matrix of transformed filings estimates between
countries (N̂ in Sect. 2). This may indicate common behavioural patterns between
applicants in groups of countries that could be associated with the overall degree of
industrialisation, possession of common industries with similar patenting beha-
viours, geographic proximity, and so forth. Table 9 shows the derived country
correlation matrix for 2013 between the major source countries for the model in
differences.

The correlations between these forecasts for total filings in 2013 from the most
important countries are low and can be considered to be non-significant. From the
full 28 country set, pairs of countries that have the largest positive correlations are
those of Ireland with Greece (0.29) and with Spain (0.21); Portugal with Singapore
(0.15); and China with Denmark (0.14). Pairs of countries with negative correla-
tions are less prominent, the largest in size being Greece with Other countries
(−0.13 – 0.09). While it may be tempting to suggest causal inferences about the
relationships between these countries, one should be cautious about the power of
the analysis and the lack of clarity regarding possibilities for common external
causes for the associations. At any rate, such interesting questions about deter-
mining communalities of patenting behaviour between countries of origin go
beyond the narrow requirements of forecasting for EPO’s budgetary purposes.

6 Concluding Thoughts

The usefulness of the selected type of models has been demonstrated on historical
EPO total filings data, and we recommend applying the model to year-to-year
differences rather than to levels. We caution that the apparent widths of the 95 %
confidence limits in diagrams such as Fig. 1 are somewhat too low, especially for
the later parts of the forecasted horizon. In general, the quality of the forecasts

Table 9 Correlation
Coefficients between
countries for one-year ahead
‘transformed’ filings

Model in differences

Parameter CN-HK DE JP US

CN-HK 1 0.019 −0.006 0.020

DE 0.019 1 −0.022 0.015

JP −0.006 −0.022 1 −0.006

US 0.020 0.015 −0.006 1

Notes From the model in first-differences for EPO filings, using
the training data set from 1991 to 2013. The correlation
coefficients between countries are for the one-year-ahead filings
estimates on the transformed scale. Inter-country correlations are
shown for China, Germany, Japan and US
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remains dependent on the assumed future levels of independent variables for GDP
and R&D, the uncertainties of which are not explicitly considered in the confidence
intervals.

For future research, it would be useful to further develop the model at the
industry level or at the individual country level, as more observations become
available. It would also be interesting to examine how business cycles in one
country are transmitted internationally to affect innovation activity in another
country. Specifically, the R&D and patenting of non-European countries may be
affected not only by business cycles occurring in their own countries but also by
fluctuations occurring in Europe. Other directions are more technically-oriented; for
example, to study and incorporate the expectations formation of patent filers. EPO
filings and applications may be driven by their expectations of future business
cycles. In the models studied here, the contemporary value of ‘u’ entered the
regression models. It may be the expected ‘u’, say ue (the expected value of u in
some future period), that affects current patenting decisions. Likewise, applicants
may be affected by their forecasts of future trend GDP or future R&D budgets in
designing their current innovation strategies. Modelling the expectations process is
rather complex but should be worth exploring.11 Another technical approach is to
apply dynamic panel data methods, as in Hingley and Park (2015b), to account for
the lagged dependent variables and country fixed effects.

Insofar as the aim of such research is to improve filings forecasts for the EPO
budget, any method must take account of all the filings even where breakdowns of
the data are considered separately or in parallel. Wider research into patenting
behaviour can relax this requirement to some degree. The approach described here
may turn out to be useful for such studies, including extensions to separate out
particular patenting sectors or regions.

Finally, we believe that the way that the lognormal data were analysed here may
be of some interest for wider areas of application. While the central limit theorem
implies that lognormal data can indeed be described approximately in terms of
normal error theory and the usual normal confidence limits, either care should be
taken that the data sets are large enough for this or otherwise an approach such as
the one described here should be used.
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