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ABSTRACT 
 

The proponents of the economic theory justifying the creation of monopoly rights, through the 
granting of patents, claim that without patent protection, innovation would occur at a 
significantly reduced rate. This suggests that the timely development of new inventions 
strengthens the incentives for innovation. This study, therefore, focused on the extent to which 
R&D support provided by NPL reduces the time to a new patent among regularly supported 
firms compared to companies which only receive support occasionally. A probit model was 
estimated to identify variables that determine NPL’s support, while Propensity Score Matching 
was utilised to create counterfactual companies, and to assess the matching. The analytical 
framework―based on the Resource-Based theory of the firm― was estimated with Kaplan–
Meier (log rank) test and Cox proportional-hazard model.  A panel of 6793 companies for 19 
years, between 1999 and 2017, was used with data sourced from NPL administrative data, 
FAME, ORBIS, EPO PATSTAT data on granted applications, Innovate UK grants, and 
Eurostat R&D intensive sectors (2 digit SIC Code). The analysis showed that important 
variables that determine selection into NPL support are past grants, assets, and patent 
intensity. The time to a new patent is 26% shorter for regularly supported companies compared 
to companies in the occasionally supported matched control group. This study also concludes 
that the propensity of developing a new patent is about 23% higher for regularly supported 
companies compared to the matched control group, but the differences in time-to-patent 
between them is weakly significant. 
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1. INTRODUCTION 

Patents are assets which provide the basis for the long-term competitive advantage for firms, 
increase firms’ product differentiation, and enhance market penetration. It has been 
established that without patent protection, innovation would occur at a significantly reduced 
rate suggesting that timely development of new inventions strengthens the incentives for 
innovation. Meanwhile, time-to-patent could depend on how much external R&D support a 
firm could access besides the internal resources that a firm devotes to its innovative 
activities. This is partly because the initial fixed cost associated with innovation may be too 
high to make it profitable for a firm in the short term, which may disincentivise such a firm 
from undertaking innovation. 

The Resource-Based theory of the firm argues that a firm’s strategies allow for the 
development of specific assets to enhance its survival prospects. Based on this theory, it could 
be claimed that survival strategies of firms would include investment in R&D, and the timely 
patenting of innovations. Previous studies such as Belmana (2019), using a time frame 
between 2009 and 2017, showed that about 96% of the NMS’s regularly supported firms 
survived until 2017 compared to survival rates of 88% and 66%, respectively, among 
businesses in the matched control group and the wider Business Structures Database (BSD)1. 
The differences in survival rates were attributed to support from the NMS laboratories, resulting 
in fewer businesses closing than otherwise would have been the case. 

In this study, we assessed differences in time-to-patent between firms which regularly 
engaged with NPL and firms which only engaged occasionally. The occasionally engaged 
firms are used as a matched control group because many firms in the business population 
do not engage in patenting. Hence, a reasonable comparison can only be made between 
the occasionally supported firms and regularly supported firms. That is, what would have 
happened if the treated group had not received regular support.  Specifically, the study 
assessed whether NPL’s support to UK firms unlocks their timey innovation prospects. The 
central research questions this study seeks to address are: 

i. Do supported companies develop new patents sooner because of NPL’s support? 
ii. If so, what is the average reduction in the time it takes to develop a new patent that 

is attributable to NPL’s support? 
iii. What is the probability of developing a new patent among the regularly supported 

companies as compared to among the occasionally support companies? 

This study is unique in two major ways. Firstly, empirical studies focusing on differences in 
time-to-patent among groups of firms exposed to different forms of support are rare. Existing 
applications of survival analysis - within a time-to-event framework - have mainly focused on 
medical interventions and a drug’s effectiveness (Lee et al, 2016; Kim, et al, 2018; In and 
Lee, 2018). Hence, this study fills the huge gap in empirical literature relating to firms’ 
innovation. Secondly, this study focused on the firms which engage with NPL. This provides 
some insights into the impact NPL is generating in promoting timely innovation and 
competitiveness of UK firms.   

The rest of the paper is organised as follow: Section two is on the literature review focusing 
on determinants of firms’ time-to-patent. It also presents the framework of analysis which is 
broadly underpinned in the Resource-Based theory of the firm. In section 3, attention is on 

 
1 The is a comprehensive database of UK-based companies used by the Office of National Statistics (ONS) for its 
statistical studies. 
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description of the methodology and data. Section 4 presents the main results from the 
estimations, while section 5 concludes the study.  

2. LITERATURE REVIEW AND ANALYTICAL FRAMEWORK  
 
2.1. LITERATURE REVIEW 

Proponents of the economic theory that justifies patent protection argue that innovations occur 
due to patents which protect the R&D investment made by the innovator; and without such 
patents, innovations would occur at a significantly reduced rate (Plant, 1934; Eccleston-Turner, 
2016). That is, without patents, many firms would lose profits and competitive edge due to 
threats posed by other firms which may want to make cheap replicas of their products. Hence, 
patents preserve the incentives for innovation, otherwise entrepreneurs will be reluctant to 
invest in an innovation which others may also acquire for purposes of setting themselves up 
as a competitor (Plant, 1934). However, Eccleston-Turner (2016) noted that economies of 
scale, complicated regulatory and licensing frameworks that are relevant to bringing some 
products, such as, a pandemic influenza vaccine, to market, leave manufacturers with little or 
no risk from generic imitators. It is important to note that, mostly, the products created by the 
firms that engage with NPL are not in this category. Hence, the risk of imitation by competitors 
cannot be ignored.  
 
Innovative ideas need to be developed before patenting. However, the process of getting a 
patent is complicated because it requires overcoming some technicalities and compliance with 
specific standards which is unlikely to pull through without professional help2.  This could also 
take several years as approvals are prioritised based on early compliance with the set 
standards, among other things. In the UK, specifically, the process for obtaining a new patent 
usually take about four years from the date of application. The timeline from patent application 
to approval in UK includes preparing the application, filing the initial application, searching the 
patent literature, publication, and substantive examination, and approval.3. The expectation is 
that a firm that accesses innovation support enhances its ability to meet technical requirements 
and demonstrate compliance with specific standards, and so is likely to patent faster and enjoy 
better survival prospects. 
 
Previous studies within the literature on industrial organization and firm survival have identified 
some important factors which could motivate a firm to opt for R&D activities and take 
interventions that could reduce its time-to-patent. These include the need to strengthen brand 
and reputation, penetrate niche markets, and be the market leader in order to have a 
competitive edge in a particular product or service.  
 
Determinants of time-to-patent 
 
Literature on firm’s innovation identifies several factors which determine time-to-patent among 
innovative firms. Firstly, it has been advanced that a shorter time-to-patent would ensure early 
market penetration, enhance survival and competitiveness of a firm. However, the complexity 
of some innovations could be a reason for longer time-to-patent. Hence, complex inventions 
could benefit from extending the term of patents, which grants patent holders the exclusive 
patent rights to exclude others from making, using, or selling an invention for a longer time to 
compensate for the length of the overall products development (Lexchin, 2021). This suggests 
that benefits that come with such an extension may create some incentives for firms to take 
longer in patenting highly innovative products. However, Lexchin (2021) found that patent-term 
extension does not appear to be justified based on changes in overall time-to-patent because 
the latter may not be significantly different across products (Beall, Hwang, Kesselheim, 2019). 

 
2 https://www.gov.uk/patent-your-invention  
3https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/108386
0/Patents-Timeline.pdf  

https://www.gov.uk/patent-your-invention
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1083860/Patents-Timeline.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1083860/Patents-Timeline.pdf
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Secondly, firm’s time-to-patent could be highly dependent on its past and present R&D 
investments as these determine its ability to engage in innovation and collaborative R&D 
activities that can ease the development of new inventions. The Resource-Based Theory of 
the Firm suggests that the ability of a firm to develop unique capabilities, to a large extent, 
determines its survival prospects (Barney, 1991). However, developing the unique and distinct 
capacities depends on the proportion of firm’s assets devoted to R&D activities, which could 
be within the firm, outsourced, or a combination of both. 
 
Thirdly, a highly productive firm is assumed to be relatively efficient with higher survival rate 
(Ericson and Pakes, 1995; Melitz, 2003). High profitability can be an indicator of efficiency 
(Esteve-Pérez, and Mañez-Castillejo, 2008) and it may also provide the necessary resources 
to develop firm-specific R&D assets that could shorten the time-to-patent. The attributes of 
efficiency and profitability could be extended to affect firms’ time-to-patent. 
 
Lastly, firm’s characteristics and attributes, such as, the industry within which it operates, the 
prevailing policy environment, age, size, patent intensity, and export intensity potentially all 
affect its time-to-patent. It has been acknowledged that firms in highly innovative industries are 
more likely to survive (Segarra and Callejón, 2002), and be more efficient and productive which 
helps them in efficiently dealing with complexities associated with patenting. Also, firms with 
desires to penetrate external markets, with innovative technologies and inventions, are more 
likely to patent faster because they are assumed to be more innovative, productive (Esteve-
Pérez, and Mañez-Castillejo, 2008), efficient and R&D intensive. Also, large firms may have 
access to more resources (by raising capital from the stock market), face better R&D tax 
conditions and have more resources to hire better qualified staff who are needed to deal with 
the complexities of patenting, thereby, leading to shorter time-to-patent. More importantly, 
firms’ size and age profiles are control variables that account for the efficiency differences 
arising from differences in experiences, managerial abilities, production technologies and firm 
organization (Pérez, and Mañez-Castillejo, 2008). Finally, it can also be argued that firms that 
operate in a policy environment with huge administrative bottlenecks, involved in assessing 
and approving patentable innovations, may take longer time-to-patent compared to firms 
operating in are more efficient administrative environment. 
 
Our study fits into the literature discussed above. As detailed in the following sections, our 
study examined the role of firm’s assets, past R&D activities, and patent intensity as important 
factors influencing firms’ selection into NPL’s innovation intervention. These factors are 
included in the model to reduce the influence of selection-bias on our estimate of the extent to 
which NPL’s support speeds up the rate at which patents are produced by the supported firms. 

 

2.2. ANALYTICAL FRAMEWORK. 
 
This study is underpinned within the Resource-Based theory of the firm. The theory predicts 
that the ability of a firm to develop distinct capabilities enhances its ability to adapt to the 
changing competitive environment and improves its survival prospects (Esteve-Pérez, and 
Mañez-Castillejo, 2008). Patenting could be seen as one of these distinct capacities. However, 
a firm needs to survive long enough to patent. This survival likelihood function is represented 
as:  
 

𝐿𝐿 = ∏ ��𝑓𝑓(𝑇𝑇𝑖𝑖)
𝑆𝑆(𝜏𝜏𝑖𝑖)

�
𝑐𝑐𝑐𝑐
�𝑆𝑆(𝑇𝑇𝑖𝑖)
𝑆𝑆(𝜏𝜏𝑖𝑖)

�
1−𝑐𝑐𝑐𝑐

�𝑁𝑁
𝑖𝑖=1 = ∏ �[𝜃𝜃(𝑇𝑇𝑖𝑖)]𝑐𝑐𝑐𝑐 �𝑆𝑆(𝑇𝑇𝑖𝑖)

𝑆𝑆(𝜏𝜏𝑖𝑖)
��𝑁𝑁

𝑖𝑖=1    ; 𝜃𝜃 = 𝑓𝑓/𝑆𝑆(𝑇𝑇𝑖𝑖)  (1) 

Linearising equation (1) gives: 
𝐿𝐿𝑛𝑛𝑛𝑛 = ∑ �𝑐𝑐𝑖𝑖𝐿𝐿𝐿𝐿𝐿𝐿(𝑇𝑇𝑖𝑖) + 𝐿𝐿𝐿𝐿 �𝑆𝑆(𝑇𝑇𝑖𝑖)

𝑆𝑆(𝜏𝜏𝑖𝑖)
��𝑁𝑁

𝑖𝑖=1       (2) 
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Where 𝑆𝑆(𝜏𝜏𝑖𝑖) is the probability of firm’s survival from birth until assignment period (1999) and 𝜏𝜏𝑖𝑖 
is the stock sampling date. The 𝑐𝑐𝑐𝑐 is the censoring indicator4 which takes value 1 and 0 when 
the spell is complete and when it is censored, respectively. 𝑇𝑇𝑖𝑖 is firm i’s duration (between birth 
and death). 𝑓𝑓(. ), 𝑆𝑆(. )𝑎𝑎𝑎𝑎𝑎𝑎 𝜃𝜃(. ) are the probability density, survival, and hazard functions, 
respectively. The hazard function, which is the instantaneous probability that a firm patent at 
time t given that it has survived till time t, can be conditioned to a vector of firm’s covariates Y 
which may include both time-varying (e.g., assets, past R&D grants, and patent intensity) and 
non-time varying explanatory variable (e.g., patent intensity). This condition can be expressed 
as: 
 
𝜃𝜃(𝑡𝑡,𝑌𝑌) = lim

𝑑𝑑𝑑𝑑→0
𝑃𝑃𝑃𝑃[𝑡𝑡≤𝑇𝑇<𝑡𝑡+𝑑𝑑𝑑𝑑|𝑇𝑇≥𝑡𝑡,𝑌𝑌]

𝑑𝑑𝑑𝑑
      (3) 

 
Where T is non-negative continuous random variable denoting time of the event (between a 
firm’s birth and death), and t is specific firm’s time-to-patent (between patent application and 
market approval). Equation (3) implies that as the probability that a firm patent at time t given 
that it has survived till time t approaches zero, the chance of not experiencing patent up to and 
including time t increases.  
 
 
METHODOLOGY AND DATA 
3.1. METHODOLOGY 

 
In terms of sequencing, we first estimated selection model with probit regression technique to 
identify important variables which determine NPL R&D supports. Secondly, we utilised 
Propensity Score Matching (PMS) to build a group of businesses that are identical to the 
regularly supported businesses but have not been regularly supported by NPL (that is, 
counterfactual firms), and to assess the matching. Thirdly, we estimated the following 
proportional hazards model specification following Cox (1972): 
 
𝜃𝜃(𝑡𝑡,𝑌𝑌𝑖𝑖) = 𝜃𝜃0(𝑡𝑡). 𝑒𝑒𝑒𝑒𝑒𝑒(𝑌𝑌𝑖𝑖𝛼𝛼)    (4) 
  
Where 𝜃𝜃0(𝑡𝑡) is the baseline for 𝑒𝑒𝑒𝑒𝑒𝑒(𝑌𝑌𝑖𝑖𝛼𝛼) = 1; hazard function when all covariates are set to 0. 
The impact of change in the covariates results in the parallel shift of the baseline. Cox 
proportional hazards model compares the risk levels of occurrence and non-occurrence 
influenced by a variable which could affect the outcome with the null hypothesis that the hazard 
ratio for the two groups is 1 (In and Lee, 2018).   
 
There are two types of NPL supported companies: firms which received regular support 
between 2002 and 2008 (treated group) and other similar non-regularly supported companies 
(a comparator group) in the same period. We used a Cox proportional-hazards model to 
estimate and compare the propensity of filing a new patent for each group of firms. The Cox 
proportional-hazards model is like the Kaplan–Meier model5 except that the latter enables the 
differences in the outcome variable for each group of firms while allowing for other factors 

 
4 For example, suppose we are interested in measuring the impact R&D intervention on time-to-patent. It may 
be known that a firm’s time-to-patent is at least 3 years but may be more. Such a situation could occur if the 
study covers only 3 years, or the firm is alive at the age of 3. Hence, censoring is a condition in which 
the value of an observation is only partially known. 
5 This is a non-parametric statistic used to estimate the survival function. It is often used in medical research to 
measure the fraction of patients living for a certain amount of time after treatment. In this study, it is utilized 
to measure the fraction of firms surviving and patenting after the period of innovation intervention. The 
Kaplan-Meier estimate of the survivor function is given by 𝑆̂𝑆(𝑡𝑡) = ∏ (

𝑛𝑛𝑗𝑗−𝑑𝑑𝑗𝑗
𝑛𝑛𝑗𝑗

)𝑗𝑗|𝑡𝑡𝑗𝑗≤𝑡𝑡 ,where nj is the number of 

businesses not closed at time tj and dj is the number of businesses closed at time tj. 

https://en.wikipedia.org/wiki/Non-parametric_statistics
https://en.wikipedia.org/wiki/Statistic
https://en.wikipedia.org/wiki/Survival_function
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(Bewick, Cheek, and Ball, 2004).  Since we worked with observational data (i.e., not from a 
randomised experiment), we used PMS to identify a comparator group of sometimes supported 
firms. The comparator group became a good counterfactual, that is, what would have 
happened if the treated group had not received regular support (deadweight). Also, we were 
faced with potential confounding effects6 of intrinsic characteristics that influence the 
innovativeness of the firm. Thus, we controlled for selection bias to avoid overestimating the 
actual treatment effect. Selectivity is addressed by using PSM to find a suitable comparator 
group. 
 

3.2. DATA 
 
The sample frame has 6,793 firms and effectively two periods: (i) 2002-2008 where we look 
for (regular) support and (ii) 2009-2017 where we look for the patenting activity of the firm. 
We define regular support as receiving support three or more years within 2002 to 2008. 
Not all 6,793 observations are “valid”. Some companies are set up after 2006 so did not have 
the chance to qualify as regularly supported. We withdrew those observations from the panel 
and are left with 5,454 firms. 
 
The panel (6793 firms, 19 years) is constructed using data from several sources discussed 
as follows:  

• NPL administrative data: This is based on invoices, income, downloads, and 
collaborations.  

• BvD FAME data on key characteristics of a firm, such as, birth year, NUTS region, SIC 
code, SME indicator. BvD FAME also provides some key financials like employment, 
assets, turnover, and liquidity ratio. 

• BvD ORBIS data on publication of new patents. This is a dummy variable that takes 
the value of 1 for one or more new patents each year, and is 0 otherwise  

• EPO PATSTAT provides data on granted applications. PATSTAT consists of a set of 
tables that follow a relational database schema, where tables can be connected to each 
other using a relevant entry key. The central element of PATSTAT is the table on patent 
applications (tls201_appln), which contains almost 100 million records. The other 
tables contain information on each of the patent applications, for example, inventors 
and applicants, technology fields, titles and abstracts, publication instances and 
citations. The PATSTAT database schema is presented as follow: 

 

 
6 This is effect of unmeasured variables that influences both the cause (treatment) and outcome (time-to-
patent). 
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For this analysis, we used the tables highlighted in red in the above figure because we 
need information on applications (namely, the date they were filed and whether they 
were ultimately granted or not) and who made those applications (the company where 
the invertor works). 
 

• Innovate-UK grants. 
• Eurostat R&D intensive sectors (2 digit SIC Code) 

 
It is important to note that not all variables span from 1999 to 2017. But only patent 
information from PATSTAT and ORBIS goes back to 1999. NPL’s data goes back to 2002, 
FAME data to 2001, and data on Innovate-UK’s grants goes back to 2003. 
 
4. RESULTS  
4.1. PSM TO IDENTIFY THE COMPARATOR GROUP 

 
The selection variables are used to build a group of businesses that are identical to the 
regularly supported businesses but have been occasionally supported by the NPL. It is 
important for the selection model to represent variables that are significant in the selection 
process for regularly using NPL services. Table 1 shows that past grants, average of log of 
assets between 2001 and 2008, and patent intensity of the businesses are strong predictors 
for regular support. Past grants are a very strong predictor of regular treatment in terms of 
coefficient and significant level.  
 
As previously stated, the PSM models selection by estimating a score for the likelihood of a 
business receiving regular support, controlling for observed firm’s characteristics such as past 
grants, assets, and patent intensity. Businesses which have a similar history of innovation 
support but not securing the support being analysed provide a potential match and the use of 
past grants in selection modelling controls for this.  A good PSM should show high confidence 
that comparable businesses are truly identified. The robustness of the matching should also 
be tested to quantify how good the match is and to estimate how sensitive results are to 
different modelling.  
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Table 1. Selection (Probit) Model and Matching Assessment   
 Selection model          Matching Assessment   
             Mean  
 Coef.  Treated  Control  % Bias  
Past grants 0.232 (3.33)*** 0.182 0.175 1.9 (0.29) 
Log assets (2001& ‘08) 0.058 (8.07)*** 7.647 7.632 0.4 (0.07) 
High patents7  0.277 (2.16)** 0.058 0.066 -3.9 (-0.54) 
Constant  -1.602 (-29.60)*** - - - 
     
LR Chi2(3) 110.87*** - - - 
Pseudo R-square  0.03 - - - 
Observations 4,819    

Note: In the parentheses of the selection mode and matching assessment model is Z-scores and t-test, 
respectively. 1% and 5% level of significance are represented by ***, and **, respectively.   
 
A key characteristic of the matching is that it needs to produce the counterfactual group which 
have similar trend to the regularly treated firms in the key impact measures. If this is not the 
case, there is a concern that some unobserved characteristics remain, and these have put the 
regularly supported businesses on a different growth trajectory prior to support. If this happens, 
we cannot be confident that being a regularly supported firm has an influence time-to-patent 
compared to being sometimes supported. The robustness tests of the PSM include considering 
whether – after matching – the supported businesses and the matched counterfactuals are 
statistically similar. We assessed the matching formally with ‘pstest’.8 This command 
calculates several measures of the extent of balancing of the variables between the two 
groups. We looked for an insignificant p-test and want biases to be less than 5%. The outcome 
of the test showed that any differences in time-to-patent can be attributed to regular support.  
 
The PSM is used to construct the artificial control group by matching each of the treated group 
with untreated (control group) of similar characteristics. The technique generates the 
propensity scores which is the probability of assignment conditioned on the observed baseline 
characteristics. Extreme propensity scores of zero or one are indicative of never receiving 
treatment or almost always receiving treatment, respectively. This is an indication that causal 
effects cannot be established. When this occurs, there are limitations which include large 
weights for individual firms, and large variability in the estimated treatment effect (Fan, Laine, 
and Fan, 2019). One of the solutions is to use trimming methods which exclude firms with very 
high predicted probabilities of being in either of the treatment (firms with propensity scores 
close to 1) or control group (firms with propensity scores close to 0). Despite the potential 
benefits from trimming methods, it has the demerit of reducing the sample size. The relative 
performance of different approaches to trimming remains unclear, particularly in the setting of 
extreme propensity scores (Kang, et al, 2016). 
 
From the Figure 1 (also indicative in the Table 2), it seems that for treated firms with a 
propensity score of more than 0.3 we have barely any matched firms. However, all 
observations are on ‘pscore’ support with at least two firms within a calliper of 0.01. If we 
decided to drop those observations, we would get similar results, but we will lose significance 
for the treatment variable in the subsequent survival analysis when we include more 
covariates.  
 
 
 

 
7 About 86% of the companies did not develop a patent between 1999 and 2008. 11.5% of the companies 
developed less than ten patents and the remainder 2.5% developed more than 10 patents. high_patents 
denote those highly active firms. 
8 ‘pstest’ is a Stata command to check for the match quality.  
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Figure 1. Propensity Score distribution  

 
 
Table 2. Treatment assignment  
 Pscorematch: Treatment assignment   
Pscorehigh  Untreated  Treated  Total  
0 2,868 558 3,426 
1 33 25 58 
Total 2,901 583 3,484 

 
 

4.2. TIME TO A NEW PATENT 
4.2.1. Kaplan–Meier (Log Rank) Test 

Table 3 shows the summary of time-to-patent between the firms in the matched control group 
and the regularly supported firms, utilizing the Kaplan–Meier (log rank) test. It also presents 
the test for equality of survival using the log rank test of equality of survival times. The log rank 
test is used to test whether there is a difference in time-to-patent between the matched controls 
and the regularly treated firms for a certain time after treatment, but it does not allow other 
explanatory variables to be considered.  
 
The results showed a significant difference between time-to-patent for the regularly supported 
firms and those in the matched control group with a shorter time-to-patent for the regularly 
supported firms. Hence, the hypothesis that time-to-patent for both groups of firms are the 
same is rejected at 1%. This is also indicated in the figure below. However, if we remove the 
observations with high propensity scores― the firms with high probability of treatment 
assignment― we cannot reject the null hypothesis at 5%. That is, time-to-patent is 
insignificantly different between control and regularly supported firms.  
 
Table 3. Kaplan–Meier (log rank) test 
 Time-to-patent  Log-rank test of equality of survival function  
Group of firms  Mean  Std Dev Event observed 

(freq.)  
Event expected  

Matched control 2.857 2.079 349 373.81 
Regularly 
supported 

2.643 2.240 98 73.19 

Total  2.810 2.115 447 447.0 

0 .1 .2 .3 .4 .5
Propensity Score

Untreated Treated
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Chi2(1)9 - -   10.37*** 
 
 
Figure 2. Kaplan–Meier survival estimate10  

 
 
 

4.2.2. Proportional Hazard (PH) Cox Model 
Both log rank test and Cox’s proportional hazards models assume that the hazard ratio is 
constant over time, but the latter enables the difference in the propensity of filling a new patent 
for each group of firms while allowing for other factors (Bewick, Cheek, and Ball, 2004). Table 
4 presents PH Cox results, one with without and with covariates. In this model, the hazard is 
the propensity of filing a new patent given that a firm has survived up to a given year. That is, 
Table 4 presents the results of comparing the hazard function among regularly treated firms to 
that of occasionally treated firms.  
 
The proportional-hazards assumption was tested using the Schoenfeld residuals of the Cox 
model. The Schoenfeld residuals "can essentially be thought of as the observed values minus 
the expected values of the covariates at each failure time”. The ‘estat phtest’ command tests 
of nonzero slope in linear regression of the Schoenfeld residuals on time. The command tests, 
for individual covariates and globally, the null hypothesis of zero slope, which is equivalent to 
testing that the log hazard-ratio function is constant over time. The rejection of the null 
hypothesis of a zero slope indicates deviation from the proportional-hazards assumption. A 
hazard ratio of 1 indicates a lack of association (i.e., equal hazard in the two groups of firms), 
a hazard ratio greater than 1 suggests an increased patent risk, and a hazard ratio below 1 
suggests a smaller risk (Toledo, 2018).  
 
The hazard ratios of 1.43 and 1.23 mean that the regularly treated firms had about 43% and 
23% more propensity towards patenting than the occasionally treated firms (Table 4). 
However, the model with other covariates (such as size, industry R&D intensity, past grants, 
and past patents) which is a preferred mode is only significant at 10%. This implies that 

 
9 The chi squared (Chi2(1)) tests the hypothesis of no significant difference in patenting time between the 
regularly supported firms and the matched controls (occasionally supported firms).  
10 The Kaplan-Meier curve is used to estimate the survival function from data that are censored, truncated, or 
have missing values. The curve is constructed by plotting the survival function against time, and shows the 
probability that a firm will survive and patent up to time t.  
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differences in the propensity towards patenting between regularly treated and occasionally 
treated firms is weak. Meanwhile, we got better results for the test of the PH assumption when 
we control outside (i.e., stratification) the model, which is consistent with the literature on 
survival analysis. Specifically, trimming out those observations with a ‘pscore’ higher than 0.3 
we were somewhat controlling for size and innovativeness (at least, the firms we retained have 
a lot of similarities). The result without controlling for the rest of covariates goes down from 
1.43 in Table 4 to 1.26 (significant at 10%, Table A1 in the annex), which is consistent with 
what we got in the model with all observations after including the rest of the variables. The 
conclusion from the present analysis is that the propensity towards developing a new patent is 
about 23% higher for the regularly supported companies compared to those in the matched 
control group.  

The duration analysis showed that the time to a new patent is 26% shorter for regularly 
supported companies compared to the matched control group (table A3). This is consistent 
with the results of the Cox and Kaplan–Meier models. 
 
Table 4. PH Cox Estimates  
 PH Cox Model without controlling 

for covariates  
PH Cox Model including more 
covariates 

 Cox 
Regression  

Schoenfeld residuals 
Test of Proportional 
Hazard Assumption  

Cox 
Regression  

Schoenfeld residuals 
Test of Proportional 
Hazard Assumption  

_t Haz. Ratio  Rho Chi2 Haz. Ratio  Rho Chi2 
Group  1.434 

(3.15) *** 
-0.035 0.55 

(0.55) 
1.232 
(1.8)* 

-0.017 0.14 
(0.14) 

       
Stats       
No. of 
subjects 
(obs) 

3, 484 - - 3, 484   

No. of 
failures  

447 - - 447   

Time at risk 31,626 - - 31,626   
LR Chi2 (1) 9.28** - - 3.13*   

Note: Z-score and global test Chi-square is the parenthesis of Cox regression and Test of Proportional 
Hazard Assumption’s Chi-square, respectively.  
 
5. CONCLUSION  
 
The present study showed some evidence to believe that shorter time-to-patent among the 
sampled companies could be attributed to their regular usage of NPL’s services and support. 
Specifically, the study found that time to a new patent is 26% shorter for regularly supported 
companies compared to companies that are occasionally supported in the matched control 
group. However, the result is only significant at a 10% confidence-level, which means that 
differences in the propensity towards patenting between regularly treated and occasionally 
treated firms is somewhat weak. The conclusion is that propensity of developing a new patent 
is about 23% higher for regularly supported companies compared to that for the matched 
control group, and differences in time-to-patent between them is weakly significant.  
 
This is our first attempt at time-to-patent analysis, and the result is sufficient to indicate the 
contribution that NPL could make towards accelerating innovation. However, we have reached 
the limitations of what can be found using the present dataset, and so would need to build a 
larger dataset that incorporates more recent data. Moreover, in the future, it would be good to 
consider including other firm-level control variables, such as, productivity, performance, and 
profitability, as well as incorporating other firm-level characteristics, such as export intensity, 
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into the selection equation. We may also need to compare three groups of firms: (1) the 
regularly supported, (2) the sometimes supported, and (3) the general population-matched 
control group (from IUK’s grant holders found on the Gateway2Research). Finally, we could 
explore the literature on patenting further to come up with a more developed explanation of the 
economic benefits, in addition to building a model to show the economic benefit of patenting 
earlier i.e., building on the idea that “time is money”. 
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ANNEX   
 
Table A1. Robustness Cox Regression by trimming high pscore observations 

 
Figure A1. Survival Probabilities  
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Figure A2. Survival Probabilities 

 
 
 
 

Table A2. Duration analysis 
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