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Abstract 

 

This study examines the predictive power of aggregate level patent count data on 

excess stock market returns in Europe. In contrast with the findings of Hsu (2009), 

there persists no significant predictive abilities in patent shocks nor patent growth 

against market returns in Europe or in individual European sample countries. The 

findings might be explained by patent application data not consistently reflecting 

technological innovation on the aggregate level, or that there persists predictability, 

but the effects on market returns takes place at highly unpredictable timelines. The 

results presented in my study do not provide any evidence towards aggregate patent 

application count data having a predictive power for market returns in Europe. 
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1 Introduction 
 

 

Technological innovation is recognized as being one of the main drivers contributing 

towards economic growth (Kogan et al., 2007). Disruptive technologies enhance 

productivity, efficiency, and scalability, which ultimately can lead to better profita-

bility (Hsu, 2009). Cochrane (1991) argues that asset prices and returns are linked 

to changes in technology and productivity. Cochranes production-based asset pric-

ing model explains the connection between investment, output and asset return, and 

suggests that stock returns and returns on investments should be equal. Addition-

ally, Griliches (1988) has found a robust relationship between research and devel-

opment (R&D) expenditure and productivity on an aggregate level. 

 

Despite the link found between firm-level input, output and returns as explored by 

Cochrane, and the relationship between the rate of technological progress and 

growth already posited by Schumpeter in 1942 and Solow in 1957, stock market pre-

diction has revolved around macroeconomic and financial variables (Hsu, 2009). 

Several factors contribute to this trend, including the availability of comparable out-

put measures (Kogan et al., 2007) and the precision, availability, and accessibility 

of patent data (Andrews, 2021).   

 

The history and research in this field reveal a lack of consensus on the proper tech-

niques to measure technological innovation outputs (Griliches, 1990). Recently, 

however, patenting data has emerged as a somewhat more direct proxy of innova-

tion compared to R&D expenditures data (Hsu, 2009; Lhuillery et al., 2017).  

 

Hsu (2009) uses patent and R&D data to measure their predictive power over excess 

stock market returns in United States. Patent and R&D data are common proxies 

for technological innovation which have been recognized to explain economic 

growth by recent literature as stated by Hsu (2009), which he also finds to be true 

in his research. Hsu finds a strong relationship between patenting activity and ex-

cess stock market returns in the following 3-month period in the United States.  
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In my study, I follow on Hsu’s (2009) research and try to examine if technological 

innovation measured by quarterly aggregate patent count data can predict quarterly 

aggregate risk premiums in European countries during the period between 1991 and 

2019. On the contrary to Hsu (2009), I find that aggregate patent data has no pre-

dictive ability over the excess market returns in individual European sample coun-

tries nor the European market as a whole. I find no correlation between patent 

shocks and patent growth with lagged stock market returns, and no linear patterns 

that could explain fluctuations in the aggregate economy.  

 

The availability of accurate patent data has become better through databases such 

as PATSTAT maintained by the European Patent Office (EPO) and Worlds Intellec-

tual Property Organizations WIPO IP Statistics Data Center, thus making this study 

possible and more reliable. I chose the following 10 countries as my test sample: 

Finland, Sweden, Norway, Denmark, Netherlands, Germany, France, Great Britain, 

Italy and Spain. The reasoning for this sample is that the Nordic countries have de-

veloped technologically rapidly during the recent centuries, and the great economies 

of Europe represent a longer history of European economic development and 

growth. Additionally, data for these 10 countries is accessible and reasonably relia-

ble.  

 

I begin my study by explaining the patent systems in Europe, how technological in-

novation has been measured throughout the time, and by establishing how patent 

data has been used as a predictor for economic growth. Second, I open the data col-

lection process and the methodology used in my research. Third, I go through the 

results and robustness checks. Finally, I end my study with analysing the results and 

concluding remarks.  
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2 Technological innovation 
 

 

2.1 Patents in Europe 
 
Patents protect new innovations and give the holder an exclusivity for the technol-

ogy (Schumpeter, 1942). National patents have been in use worldwide for centuries. 

The Paris Convention in 1883 improved intellectual property rights across country 

borders by providing the possibility for wider protection of intellectual property 

rights internationally (WIPO c.). In 1970 the Patent Cooperation Treaty (PCT) sim-

plified and unified the application process to foreign countries (WIPO d.). In 1977, 

EPO started to grant patents that were applicable in multiple European member 

states (EPO, n.d.). New states have joined EPO throughout the years e.g., the Neth-

erlands, Germany, France, and Great Britain were the member states from the be-

ginning (EPO, n.d.). Sweden and Italy joined only a year after, and Spain in 1986, 

Denmark in 1990, Finland in 1996 and Norway in 2008 (EPO, n.d.).  

 

National patents are filed through the national patent office, and the data is rec-

orded by the individual patent offices. International patents (PCT) are filed through 

a national or regional patent office or through the World Intellectual Property Or-

ganization and go through an international phase before finally entered into a PCT 

national phase. European patents are filed to the European Patent Office which after 

grant, can be validated in individual member states (EPO, n.d.). The application 

processes, durations and fees differ between different patenting routes, making 

comparability more difficult between patents from differing origins (EPO, 2023). 

 

2.2 Measuring technological innovation 
 

There has been difficulty in finding an accurate way to measure technological inno-

vation. R&D data, since widely available, has been one of the most common varia-

bles for technological innovation (Lhuillery et al., 2017). Recently, concerns of the 

accuracy of R&D data have become more evident. R&D is often a systematic process 

of innovation input, but does not accurately measure the output, i.e. innovation, 

which would have an actual effect on efficiency (Lhuillery et al., 2017). R&D ex-

penditure is often considered as a planned and deliberate action, while innovation 
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can be a product of random processes (Lhuillery et al., 2017).  Park et al. (1997) 

states, that intellectual property rights, including patents, do not directly contribute 

towards economic growth, but instead enable and encourage risk seeking firms to 

direct their R&D processes towards more innovative activities.  

 

Focus of innovation measures have moved towards output measures, such as pa-

tents, over time. Data on patents have been found to be an appropriate measure for 

technological change in multiple occasions (Basberg, 1987; Crepon et al., 1998; 

Pavitt, 1985; Griliches 1990; Autor et al., 2016; Katila, 2000; Hsu, 2009; Andersen, 

1999). Some concerns about patent counts as a proxy for technological innovation 

have become evident; Griliches et al. (1986) argues that patents better reflect the 

output of invention than innovation, and additionally Katila (2000), Cohen and 

Levin (1989), and Griliches (1990) reason that patents differ in the amount of tech-

nological advancements they offer, and therefore patents at the time of application 

or grant do not accurately express the innovative progress they provide. The prob-

lem that all patents do not identically provide technologically significant improve-

ments is similar to the problem that all dollars spent in R&D do not contribute 

evenly towards efficiency gains, or technological improvements. Thus, scholars have 

recently started to suggest measures such as citation weighted patent counts (Katila, 

2000; Autor et al., 2016) in order to account for the differences in technological sig-

nificance independent patents provide.  

 

In my research, I use aggregate counts of patent applications as a proxy for techno-

logical innovation, as suggested by Andersen (1999), Hsu (2009) and Autor et al. 

(2017). As Hsu (2009) discusses, the use of application date as effective date for 

patents taking effect can be a strong assumption, since the progress could take effect 

at a lag that is unknown. For the purposes of this study, I decide to use the same 

measure for patent counts as Hsu to test if his hypothesis holds in European mar-

kets.  
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3 Research question, data collection and methods 
 

 

3.1 Research question 
 

Hsu (2009) found that changes in aggregate patenting activity can have a predictive 

ability over stock market risk premiums in the United States, and that R&D data in 

Europe can predict stock market risk premiums for individual countries. In my 

study I examine whether aggregate level patent data can be used to predict stock 

market risk premiums in Europe observed as a whole and through individual sample 

countries. My tests follow those of Hsu’s (2009), which find that there persists a 

positive relationship between technological innovation and stock market returns.  

 

According to WIPO (WIPO a.), European countries rank high in technological inno-

vation around the world. Gross Domestic Product (GDP) growth in developed Eu-

ropean countries has been also above average between 1950 and 2016 (Roser, 2019). 

Due to the lack of research on this theme in Europe and the significance Europe has 

on global innovation, I choose to conduct research on this topic.  

 

3.2 Data collection 
 

As I mentioned in part 2, and stated by Hsu (2009), the fact that there persist dif-

ferent patenting routes in Europe makes accurate data collection more difficult in 

Europe than in the United States. I find this to be true while trying to obtain accurate 

quarterly data of patent applications in European countries; WIPO IP Statistics Data 

Center (WIPO e.) offers annual data received from national intellectual property of-

fices which consists of national patent applications, European patent applications 

as well as international patent applications. European Patent Office’s PATSTAT da-

tabase (PATSTAT) contains patent data on a daily level, which is obtained from 

EPO’s own databases (EPO). WIPO IP Statistics Data Center contains the most ac-

curate patent count data on an annual level, since it is collected directly from filing 

offices, whereas PATSTAT collects patent data only from publications. Some patent 

applications never get published, which makes the PATSTAT database incomplete. 

This fact becomes also evident when discussing this issue with the PATSTAT sup-

port team, who confirm the shortcomings of this database. As data collection to this 
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date remains difficult for European countries, I am forced to make some statutory 

assumptions in my data collection process that might have an impact on the results 

of my study.  

 

As the sample period in my study, I use Q1 of 1991 as the starting point. I collect 

aggregate patent application counts from WIPO’s historical patent data set (WIPO 

b.) that contains patent counts from 1880 to 1980 for individual sample countries. 

I add any patent applications filed before 1880 contained in the PATSTAT database 

for each sample country into my counts. These counts contain national patents as 

well as PCT national phase entries. Then I add any European Patent applications 

before 1980 found from PATSTAT, that are validated to the sample countries. As 

explained in section 2.1 of this study, European Patents are directly assigned to all 

European countries, and only after validation can they be identified as patents in 

specific countries. Therefore, I count patents based on the validation country, but 

use the European patent application date as the effective date. From 1980 on, WIPO 

IP Statistics Data Center contains accurate annual PCT and national applications to 

each country. I collect quarterly datapoints from the PATSTAT 2023 Spring Edition 

database, and assuming that the underestimates in the PATSTAT database do not 

include any significant seasonality, I calculate quarterly patent flows from WIPO’s 

annual data. I then calculate the quarterly European Patent applications in a similar 

fashion, and assign them to each country they have been validated in. Obviously, 

some European patents are counted in multiple countries, but since I aggregate pa-

tent counts only on country level, this should not affect the implications. The quar-

terly patent flows for each country can be observed in figure 1.  

 

As can be observed in figure 1, there has been an increasing trend in patent applica-

tions in almost all sample countries. What is noteworthy, is that during the recent 

years, the growth in patenting activity has slowed down. The notches for Spain in 

1986, Denmark in 1990, Finland in 1996 and Norway in 2008 are partly due to them 

joining EPO. The total amount of patents being applied is not increasing in Europe 

as the figures suggest, but the fact that one patent application can be assigned to 

multiple EPO member states distorts the figures. As I stated before, these applica-

tions should affect the validated countries technology level as any other type of pa-

tent would.  
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I collect quarterly stock market return indices in USD for each sample country from 

the Datastream database. I use each sample country’s MSCI index as a representa-

tive for the countries stock market as it represents the national stock market more 

widely than any sample countries main stock market index. The dividend and stock 

split adjusted return indices are also better available for MSCI indices than most 

stock market indices during my sample period. I also obtain the MSCI Europe index 

returns to control for macroeconomic fluctuations in Europe. I use returns in USD 

to adjust for any currency fluctuations between countries. I collect the monthly 

Fama-French European 3-factors from the Kenneth French data library and use the 

risk-free rate as the risk-free rate in my models. Descriptive statistics of the collected 

data can be found in appendix 1. 

 

 

 

 

 

Figure 1: Quarterly patent flows for sample 

countries between 1980 and 2019. 
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3.3 Methods 
 

I use two different variables as the independent variables in my OLS regressions: (1) 

As used by Hsu (2009) in his research on the same matter, I use detrended patent 

shocks from period t-1 as a predictive variable in my research. Patent shocks as cal-

culated as follows: 

 

𝑃𝑠ℎ𝑜𝑐𝑘𝑡−1 = 𝑟𝑃𝑠𝑡𝑜𝑐𝑘,𝑡−1 −
∑ 𝑟𝑃𝑠𝑡𝑜𝑐𝑘,𝑡−1−𝑖

4
𝑖=1

4
 

 

Where 𝑟𝑃𝑠𝑡𝑜𝑐𝑘𝑡−𝑛
 denotes the growth rate in patent applications in each sample 

country on an aggregate level during one period (i.e. quarter). This will be referred 

to as Pshock from here on. (2) I use the 𝑟𝑃𝑠𝑡𝑜𝑐𝑘,𝑡−1 shown above as the predictive 

variable which is denoted as 𝑃𝑟𝑒𝑡𝑡−1. This will be referred to as Pret from now on.  

 

Additionally, in the robustness check section, I use the autoregressive 4 period re-

siduals [AR(4)] as my predictive variable to check for any variation from Hsu’s pre-

ferred model. The residuals are obtained from the following regression:  

 

𝑃𝑠ℎ𝑜𝑐𝑘𝑡−1 = 𝑐𝑜𝑛𝑠𝑡. +𝛽𝑃𝑠ℎ𝑜𝑐𝑘𝑡−2 + ⋯ + 𝛽𝑃𝑠ℎ𝑜𝑐𝑘𝑡−5 + 𝑢𝑡−1 

 

Where 𝑢𝑡−1 i.e. the residual terms are used as the predictive variable in my second 

regression instead of Pshock. 

 

As the dependent variable, I use the excess stock market returns for the correspond-

ing sample country. I also use the Fama-French 3-factor residuals as a dependent 

variable in one of the regressions, to determine, if technological innovation can pre-

dict the idiosyncratic variation in the Fama-French 3-factor model.  

 

The main panel regressions are as follows: (1) I use patent shocks 𝑃𝑠ℎ𝑜𝑐𝑘𝑡−1 and 

𝑃𝑟𝑒𝑡𝑡−1 as independent variables in separate regressions with excess returns as the 

dependent variable: 

 

𝑟𝑖,𝑡 = 𝑐𝑜𝑛𝑠𝑡. +𝛽𝑃𝑠ℎ𝑜𝑐𝑘𝑖,𝑡−1 + 𝑢𝑖,𝑡 
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𝑟𝑖,𝑡 = 𝑐𝑜𝑛𝑠𝑡. +𝛽𝑃𝑟𝑒𝑡𝑖,𝑡−1 + 𝑢𝑖,𝑡 

 

Where 𝑟𝑖𝑡 denotes the excess returns for country i in time t. (2) I use time fixed ef-

fects, to account for time specific variation in stock market returns, with standard 

errors clustered at time and country level, to consider the time and country specific 

heteroscedasticity, as suggested by Abadie et al. (2022).: 

 

𝑟𝑖,𝑡 = 𝑐𝑜𝑛𝑠𝑡. +𝛽𝑃𝑠ℎ𝑜𝑐𝑘𝑖,𝑡−1 + 𝛽𝑇𝑡 + 𝑢𝑖,𝑡 

𝑟𝑖,𝑡 = 𝑐𝑜𝑛𝑠𝑡. +𝛽𝑃𝑟𝑒𝑡𝑖,𝑡−1 + 𝛽𝑇𝑡 + 𝑢𝑖,𝑡  

 

(3) I regress the residuals from the Fama-French 3-factor residual regressions 

against patent shocks: 

 

𝜖𝑖,𝑡 = 𝑐𝑜𝑛𝑠𝑡. +𝛽𝑃𝑠ℎ𝑜𝑐𝑘𝑖,𝑡−1 + 𝜇𝑖,𝑡 

𝜖𝑖,𝑡 = 𝑐𝑜𝑛𝑠𝑡. +𝛽𝑃𝑟𝑒𝑡𝑖,𝑡−1 + 𝜇𝑖,𝑡 

 

Where 𝜖𝑖,𝑡−1 are the Fama-French 3-factor residuals. Leite et al. (2020) show that 

FF3 factors can be used as alternatives for other macroeconomic variables and 

therefore I do not add any other control variables. (4) I regress the AR(4) residuals 

on the excess returns in a panel regression to check if altering the weights in Pshock 

makes a difference: 

 

𝑟𝑖,𝑡 = 𝑐𝑜𝑛𝑠𝑡. + 𝛽𝑢𝑖,𝑡−1 + 𝜇𝑖,𝑡 

 

Where 𝜇𝑖,𝑡  denote the AR(4) residuals. 

 

I conduct each regression individually for each sample country as well to measure 

the predictability within each sample country. The reasoning for multiple types of 

variables is partly to observe the characteristics of the patent application data, and 

partly to conduct robustness checks.  
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4 Results  
 

4.1 Panel regression 
 
I first test the predictability in Europe as a whole, by regressing the country specific 

data in a panel regression. The results of the regression without any control varia-

bles are shown in table 1, and the results of the time fixed effect regression are shown 

in table 2. 

 

The adjusted r squared value for both regressions in table 1 are low, meaning that 

the independent variables (Pshock or Pret) do not explain much or any variation in 

the model. Adding time fixed effects and clustered standard errors shown in table 2 

helps the model explain almost 70% of the variation in the model, but the added 

ability to explain variation in returns is due to the time fixed effects, which is vali-

dated by the projected models adjusted r-squared value which is equal to the ad-

justed r-squared values shown in table 1.  

Panel regression

Autocorrelation and Heteroscedasticity adjusted T-statistic in parentheses.

Time fixed effects and standard errors clustered by time and country

*, ** indicate significance levels (0.05, 0.01) respectively

# Pshock Pret adjRsqrd

1 -1.56 0.6887

(0.49)

2 2.21 0.6898

(1.22)

Panel regression

# const. Pshock Pret adjRsqrd

1 2.12 -8.88 0.0012

(5.86) ** (1.26)

2 2.48 -0.51 -0.0008

(1.52) (0.19)

Autocorrelation and Heteroscedasticity adjusted T-statistic in parentheses.

*, ** indicate significance levels (0.05, 0.01) respectively

Table 1: Panel regressions where #1 denotes the regression with Pshock as the predictive variable 
and #2 the regression with Pret as the predictive variable. 

Table 2: Panel regression with time fixed effects and clustered standard errors. #1 denotes 

the regression with Pshock as the predictive variable and #2 the regression with Pret as the 

predictive variable. 
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Coefficients for Pshock and Pret appear insignificant based on the t-statistic of An-

drews (1991). The lack of pattern is also evident, when observed in figure 2, where 

Pshock and Pret (x-axis) are plotted against lagged returns (y-axis). There does not 

appear to be any linear patterns in the data. The lack of correlation is even more 

evident when plotting excess returns with Pshock and Pret for individual countries, 

shown in appendix 2.  

 

 

 

 

 

 

 

 

 

 

Table 3 presents the correlations between the independent variables and the de-

pendent variable. The correlations between the excess returns and Pshock and Pret 

are close to zero meaning that the variation in quarterly returns in the following 

period do not relate to either of the independent variables in a linear fashion. Given 

the nonlinearity observable in figure 2, the low R-squared values reported, the 

Correlation matrix panel data

Excess returns Pshock Pret

Excess returns 1.000 -0.045 -0.008

Pshock 1.000 0.217

Pret 1.000

Figure 2: Pshock and Pret plotted with excess returns. 

Table 3: Correlations between the variables from the panel dataset. 
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insignificance of the coefficients and the lack of correlation, analysis on the coeffi-

cients of the independent variables does not provide any excess value. The coeffi-

cients proposed by my model, while insignificant, propose a strong negative linear 

relationship between both Pshock and excess market returns, as well as between 

Pret and excess market returns. From the plot in figure 2, it becomes evident that 

these coefficients persist of negligible reliability and interpretability.  

 

Additionally, I regress the Fama-French 3-factor residuals against Pshock and Pret 

in a similar fashion. The results can be observed in table 4.  

 

Table 4: Panel regression of Fama-French 3-factor residuals on Pshock and Pret. 

 

As for the initial regression, Pshock and Pret both fail to explain the variation of the 

idiosyncratic variation in the Fama-French 3-factor regression. Similarly, to the first 

regressions, there coefficients for Pshock and Pret are insignificant, but appear to 

be positive.    

 

         

 

 

Panel regression of FF3 residuals

Autocorrelation and Heteroscedasticity adjusted T-statistic in parentheses.

*, ** indicate significance levels (0.05, 0.01) respectively

# const. Pshock Pret adjRsqrd

1 0.01 1.84 -0.0006

(0.03) (0.43)

2 -1.45 2.28 0.0036

(1.54) (1.47)

Figure 3: Pshock and Pret plotted with FF3 residuals. 
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Figure 3 confirms that the lack of pattern is still evident and that no meaningful 

interpretations of the relationship can be made other than that there is none. On the 

contrary to the findings of Hsu (2009), based on above, I find that patent shocks 

and patent growth does not have a significant positive relationship with excess mar-

ket returns in Europe, when observed as a whole. 

 

4.2 Test on individual sample countries 
 

Additionally, I conduct the same regressions on individual countries to determine if 

the phenomenon found by Hsu (2009) is evident in individual European countries. 

I obtain the Fama-French 3-factor residuals and regress the residuals on Pshock and 

Pret for individual countries. The results are shown in table 5.  

The values for adjusted R-squared are low. Only for Sweden and Great Britain are 

the R-squares somewhat higher at 3.5% and 2.7% respectively. The coefficients for 

these two countries are also exceptionally high/low, but insignificant. The Pret 

Regression of Pshock, Pret & Pchng on the FF3 regression residuals.

Autocorrelation and Heteroscedasticity adjusted T-statistic in parentheses.

*, ** indicate significance levels (0.05, 0.01) respectively

Finland Const. Pshock Pret adjRsqrd Germany Const. Pshock Pret adjRsqrd

#1 0.04 4.62 -0.0063 #1 -0.03 10.67 -0.0059

(0.03) (0.55) (0.08) (0.65)

#2 -6.54 7.57 0.0227 #2 -3.61 6.25 0.0014

(1.72) (1.68) (1.77) (1.72)

Sweden Const. Pshock Pret adjRsqrd Great Britain Const. Pshock Pret adjRsqrd

#1 0.35 57.33 0.0349 #1 -0.01 -20.38 0.0273

(0.53) (1.70) (0.05) (1.81)

#2 -5.43 12.01 0.0080 #2 4.03 -7.86 0.0115

(1.35) (1.24) (1.65) (1.62)

Norway Const. Pshock Pret adjRsqrd Spain Const. Pshock Pret adjRsqrd

#1 0.01 -4.45 -0.0075 #1 -0.03 -2.75 -0.0084

(0.01) (0.52) (0.05) (0.25)

#2 0.55 -1.12 -0.0088 #2 -3.72 4.25 0.0034

(0.18) (0.18) (1.35) (1.36)

Denmark Const. Pshock Pret adjRsqrd France Const. Pshock Pret adjRsqrd

#1 0.01 0.84 -0.0090 #1 -0.00 4.43 -0.0057

(0.01) (0.08) (0.01) (0.59)

#2 4.32 -6.98 0.0049 #2 -2.84 4.28 0.0048

(1.11) (1.11) (1.09) (1.15)

Netherlands Const. Pshock Pret adjRsqrd Italy Const. Pshock Pret adjRsqrd

#1 -0.04 -6.65 -0.0020 #1 0.02 -5.33 -0.0080

(0.16) (0.88) (0.04) (0.40)

#2 5.59 -8.54 0.0151 #2 -2.43 3.62 -0.0026

(2.11) * (2.08) * (0.83) (0.94)

Table 5: Regressing Fama-French 3-factor residuals on Pshock and Pret for each 

country separately. 
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coefficient for Netherland appears to be significant on a 5% level. The visualization 

in appendix 2 confirms the nonlinear relationships between patent shocks and mar-

ket returns for individual sample countries. 

 

4.3 Robustness checks 
 

To check for the effects of the outliers present in figure 2, I winsorize Pshock and 

Pret on a 1% level and find similar results. I winsorize excess returns on a .1% level 

and the results remain unchanged. The coefficients remain insignificant for both 

Pshock and Pret. Adjusted R-squared values remain low as well. To check if the 

equal weighting in the detrended model is appropriate, I regress the excess returns 

on AR(4) residuals of patent growth, where I first regress the returns on the patent 

stock on t-1, t-2, t-3 and t.4 growth values and collect residual values, which I then 

use as independent variables against excess market returns. This does not affect the 

significance of the coefficients nor the adjusted R-squared value in a crucial manner. 

 

For the individual sample countries, I winsorize Pshock and Pret on .1% and 1% level 

as well as excess returns and find similar results as reported earlier. I run AR(4) 

residuals on excess returns and find no significant change to the original coefficient 

or adjusted R-squared values. Additionally, I check if there is two period (2-quarter) 

predictability in Pshock and Pret and fail to find any significant indicators for any 

predictable abilities.  

 

Finally, I check if joining EPO during my sample period had any impact on the re-

sults, since patent applications post joining EPO increased dramatically for all coun-

tries. I redo the panel regressions by including data from Finland and Norway from 

only after they had joined EPO in 1996 and 2008 respectively. Adjusting for these 

events did not have an impact on the results in a notable manner. 
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4.4 Discussion of results and limitations 
 

My tests fail to find any significant predictability in patent shocks or patent growth 

for stock market returns in Europe. There could be multiple reasons to why this 

might be. First, the independent variables chosen by me and Hsu (2009) might not 

be reliable estimates for technological innovation. As discussed by Lhuillery et al. 

(2017), patents better capture invention than innovation. This is backed up by find-

ings of Katila (2000) and Andersen (1999), who find that patents differ in the impact 

and value they offer for technological progress. Katila (2000) as well as Autor et al. 

(2016), propose that citation weighted patent counts better differentiate patents 

from one another based on their technological value, and thus better estimate their 

impact on the aggregate level on technological progress. However. for the purposes 

of stock return prediction, this measure is unusable, since the citations are received 

in the future and thus cannot be realistically used at the time the patent is applied. 

The fact that patent applications are published at a lag, sometimes as long as 18 

months from their application date, or never get published, further advocate to-

wards the infeasibility of this measure as a predictor. Hsu (2009) assumes, that pa-

tents, when applied, start directly affecting the patentholders profitability, since the 

application or technology can already be in use, and thus should indirectly reflect in 

the stock prices. This might be the case for some patents, but as discussed above in 

this study, the resulting impact varies based on the patent’s technological signifi-

cance.  

 

The second possible explanation could be that the technological progress is already 

expected by investors before the patent application is filed. This could be reflected 

in the expected growth opportunities a company faces. The risks and uncertainties 

in potential patent applications would already be priced in and therefore are not 

reflected in the price development in the following period. Alternatively, it could be, 

that patent applications do not provide significant information to investors, since 

they can be hard to evaluate and require technological knowledge and understand-

ing.  

 

Kogan (2012) finds no significant stock price movements around patent application 

dates, but rather around patent grant dates, which in respect are understated. Kogan 

explains that the uncertainty about patent grants and the impact of patents are 
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already known by investors beforehand and therefore the full impact is not fully re-

flected in the returns that arise during the day the information about patent appli-

cations become public. This could also be one reason why there on an aggregate level 

is no direct relationship between information about new patents and the returns. 

The information about technological improvements is already expected by investors 

beforehand and therefore priced in already prior to any actual patent filings. This 

would mean, that patent count data does not carry any significant informational 

value until it is granted, and also then, the information provided by patent grants is 

limited.  

 

Fourth, it might be possible, that in modern open economies, that rely significantly 

on international trade and international products and services, the impact of do-

mestic technological innovation on stock market returns is relatively small. Compa-

nies that are expected to grow, have supposedly been priced accordingly and there-

fore are expected to innovate and act on the growth opportunities. Companies that 

deliver unexpected growth through technological innovation, are far scarcer and are 

usually the exception rather than the norm. These innovations are also noticed 

much later than during the time of patent application, since the effects realize at a 

lag. The aggregate level productivity, efficiency and profitability improvements 

could also be realized during a much later time period than during the next quarter 

and therefore not priced in at the time the innovations take effect.  

 

On the aggregate level, even failed innovations could impact the technological pro-

gress made. Companies and innovators learn from mistakes and failed innovation 

projects, and therefore in the aggregate economy innovation activity could be re-

flected in the stock market at least on some level. Since there is a cost for these in-

novation activities, it might be that failed projects and the cost of investment holds 

back the development of the stock market even though technological progress is 

made.  

 

For the time being, innovation measures are not agreed upon, and methods on how 

to measure the impact of technological progress on stock market returns are incon-

sistent. Thus, further research on this topic is needed, especially on the how to cap-

ture the full effects of technological innovation.  
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5 Conclusion 
 
In this study I test if patent count data can predict excess stock market returns in 

Europe and fail to find a significant predictive relationship during my sample period 

between 1991 and 2019. By conducting OLS and panel regressions of my sample 

data, I find no predictive relationship between patent application count data and 

stock market returns in the following 3-month period. The results are insignificant 

on almost every level except for a few individual sample countries, which still remain 

unreliable due to the non-existing correlation and nonlinearity observable in the 

data.  

 

My results deviate from the findings of Hsu (2009), who found significant predict-

able power of patent shocks on excess market returns in the United States. Differ-

ences in patent data quality, interpretability and comparability between Europe and 

United States is discussed throughout this study and might affect the results. Accu-

rate measures for technological innovation are still under debate, and my findings 

indicate that either patent counts as is do not capture the full influence of techno-

logical innovation, or that patent application data does not provide new essential 

information to the market about technological progress at all. Therefore, further re-

search of the effects of technological innovation on stock market returns is called 

for. 
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Appendix 1 
 
Descriptive statistics of the collected data. 
 

 

Descriptive statistics. Sample period 1991Q1-2019Q4

Mean Median Max. Min. Std. Dev. Mean Median Max. Min. Std. Dev.

% % % % % % % % % %

Excess returns Pret data

FI 3.580 3.073 89.547 -43.217 17.975 -0.017 PretFI 0.864 0.812 1.542 0.408 0.293 0.853

SE 2.792 3.615 46.257 -32.065 12.778 0.097 PretSE 0.452 0.468 0.618 0.323 0.071 0.914

NO 1.979 3.049 33.106 -41.985 12.993 0.064 PretNO 0.494 0.449 0.995 0.325 0.125 0.811

DK 2.455 3.440 32.230 -28.412 9.781 0.156 PretDK 0.619 0.631 0.933 0.429 0.090 0.802

NL 2.166 2.807 27.016 -29.301 9.708 0.016 PretNL 0.654 0.654 0.821 0.532 0.059 0.521

DE 1.980 2.473 35.644 -34.778 11.530 -0.024 PretDE 0.577 0.596 0.688 0.422 0.072 0.907

GB 1.464 1.554 27.988 -26.758 8.627 0.031 PretGB 0.513 0.504 0.616 0.421 0.051 0.746

ES 2.123 0.969 38.112 -25.821 12.055 -0.027 PretES 0.874 0.904 1.163 0.493 0.159 0.876

FR 1.899 1.964 25.198 -32.193 10.151 -0.039 PretFR 0.663 0.656 0.811 0.527 0.074 0.803

IT 1.083 0.845 34.888 -33.618 11.927 0.014 PretIT 0.671 0.662 0.932 0.379 0.152 0.941

FF3 data

Europe 1.759 2.418 27.607 -24.747 9.111 0.034

SMB -0.006 -0.281 10.816 -11.153 3.811 -0.036

HML 1.032 0.995 23.614 -16.242 5.346 0.353

Pshock data

PShockFI -0.008 -0.020 0.818 -0.413 0.141 0.260

PShockSE -0.006 -0.007 0.059 -0.082 0.024 0.125

PShockNO 0.001 -0.006 0.583 -0.182 0.074 0.388

PShockDK -0.010 -0.013 0.105 -0.195 0.047 0.066

PShockNL -0.007 -0.010 0.121 -0.109 0.041 -0.049

PShockDE 0.003 0.000 0.066 -0.073 0.023 0.032 Panel data

PShockGB -0.001 -0.005 0.078 -0.057 0.026 -0.047 Excess return 2.152 2.345 89.547 -43.217 11.982 0.023

PShockES -0.011 -0.020 0.149 -0.139 0.057 -0.051 Pshock -0.003 -0.008 0.818 -0.413 0.061 0.211

PShockFR 0.001 -0.009 0.114 -0.080 0.035 0.039 Pret 0.638 0.608 1.542 0.323 0.190 0.920

PShockIT 0.005 -0.003 0.143 -0.071 0.043 0.199

1st order 

autocor-

relation

1st order 

autocor-

relation
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Appendix 2 
 
Plots of patent shock (Pshock) and patent growth (Pret) 
against excess market returns for individual European 
countries. 
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