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Abstract

This paper explores the persistence often found in firms’ innovation and advances
current research by investigating its actual nature. Previous studies have aimed at
disentangling true state dependence from spurious state dependence by using a random
effects (RE) dynamic panel probit approach, thereby imposing strong conditions on the
underlying structure of the unobserved heterogeneity. Building on recent advances in
the econometric literature, which allows for true fixed effects estimation of dynamic
nonlinear panel data models, we demonstrate that relaxing the assumptions on the
unobserved heterogeneity can have a considerable effect on the estimates of true state
dependence. While we confirm the existence of a strong persistence of innovation in
firms, we however find that true state dependence only explains about half of the
persistent behaviour displayed by firms; this is in contrast to the popular RE
methodology that attributes 70% to 100% of persistence to true state dependence. Our
results suggest that policy programs aimed at encouraging initial innovations alone are
useful but may not possess a long-term stimulating effect on innovation activity.

1. Introduction

Innovation is considered one of the key determinants of firms’ growth (Aghion and
Howitt, 1992; Aghion, Harris and Vickers, 1997). Innovation activities lead to the
creation of new products that satisfy consumers’ needs or to the development of new
processes that lower the production costs, thus increasing market share, sales and
profits (Fagerberg, Mowery and Nelson, 2005; Pavitt, 1990). The capacity of firms to
innovate over long periods of time provides firms with the possibility of obtaining a
sustained competitive advantage, which helps explaining differences in firm
performance in the long run (Conner, 1991; Patel and Pavitt, 1991; Dosi et al., 1995;
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Hitt, Hoskisson and Kim, 1997; Teece, Pisano and Shuen, 1997). Given the
importance of understanding the sources of long-term differences in firm performance,
the capacity of firms to perform sustained innovation has received wide attention in the
scholarly community (e.g. Grant, 1991; Lengnick-Hall, 1992; Cefis, 2003; Guarascio
and Tamagni, 2019).

Persistence of innovation is defined as the level of continuity of innovation
activities and outcomes over time (Heckman, 1981; Flaig and Stadler, 1994; Ganter
and Hecker, 2013). From a theoretical point of view, the existence of persistent
behaviour in innovation substantiates endogenous growth models (Aghion and Howitt,
1992) and provides an explanation for the often observed differences in long-term
performance across firms (Flaig and Stadler, 1994; Geroski, Van Reenen and Walters,
1997). From a policy point of view, the existence of innovation persistence gives
grounds for the implementation of policies aiming to spur innovation, as these are
expected to have long-term effects.

Persistence of innovation can be traced to either true or spurious state dependence
(Raymond et al., 2010; Antonelli, Crespi and Scellato, 2013; Tavassoli and Karlsson,
2015). If the persistence is due to true state dependence, conducting innovation in the
past has a structural impact on the probability of conducting innovation in the future.
Spurious state dependence occurs if the persistence is falsely attributed to past
innovation experience (e.g. when serially correlated firm characteristics are
insufficiently accounted for).

Empirically, previous studies have aimed at (1) showing the existence of
persistence of innovation, and (2) analysing the nature of this persistence (i.e.
differentiating between true or spurious state dependence). While obtaining a set of
mixed results, the majority of these studies have based their analysis on the same
empirical strategy for the identification of spurious and true state dependence, that is,
they use a dynamic panel data specification with random effects (RE). In particular, a
popular approach among recent papers is to implement a RE dynamic probit model
using Wooldridge’s maximum likelihood estimator (MLE) (Wooldridge, 2005). While
computationally convenient, RE estimators impose strong assumptions on the
conditional distribution of the unobserved heterogeneity and its correlation with the
observable characteristics (Honoré, 2002; Carro, 2007).

In this paper, we make use of recent econometric advances in order to disentangle
true from spurious state dependence by adopting the true fixed effects (FE) approach
for dynamic nonlinear panel data of Fernandez-Val and Weidner (2016). We are thus
able to correctly measure the degree of true state dependence in the persistence of
innovation by isolating the effect of observed and unobserved firm characteristics. As
compared to the RE methodology, FE approaches do neither require specifying the
distribution of the unobserved heterogeneity (which often leads to a misspecification
bias) nor do they impose restrictions on the dependence structure between observed
characteristics and the unobserved heterogeneity (which makes FE estimators robust to
arbitrary correlations between observed and unobserved characteristics).

Our results suggest that RE approaches may overestimate the extent to which
persistence of innovation can be regarded as a consequence of true state dependence.
This means that after accounting for unrestricted unobserved individual heterogeneity,

© 2022 The Authors. Oxford Bulletin of Economics and Statistics published by Oxford University and John Wiley & Sons Ltd.



Persistence of innovation 3

the estimated magnitude of the coefficient measuring the effect of experiencing
innovation in the previous period is much smaller as compared to the coefficient
estimate based on the RE approach. Specifically, while the RE approach attributes
between 70% and 100% of persistence of innovation to true state dependence, the FE
estimates indicate that this proportion is closer to 50%. While we do not suggest that
earlier studies based on the RE methodology are necessarily invalid, our results do
indicate the need for a critical evaluation of distributional assumptions used in the
measurement of true state dependence.

Our findings have important implications for policy makers, as they partially
question the long-term effectiveness of programs that aim at fostering initial
innovations. While we do not discourage these policies (as we do find true state
dependence in the persistence of innovation), our results indicate that programs
targeting sustained innovative activity may also need to focus on stimulating firm
characteristics that drive innovation.

II. Theory and literature review
Theoretical explanations for persistence

Persistence of innovation refers to the degree of intertemporal continuity in innovative
behaviour and describes the influence of past innovation activities on current and
future innovation activities and success (Flaig and Stadler, 1994; Ganter and Hecker,
2013; Guarascio and Tamagni, 2019). At the macroeconomic level, the idea that
technology develops in an evolutionary fashion has been a critical issue in the
literature of innovation and competition (e.g. Nelson and Winter, 1982). The existence
of innovation persistence validates endogenous growth models (e.g. Aghion and
Howitt, 1992), which attribute long-run growth to the continuous accumulation of new
and valuable knowledge, and highlights the role of incumbent firms (creative
accumulation) as driver of industry dynamics (see Malerba and Orsenigo, 1996). At the
microeconomic level, innovation persistence provides an explanation for firms’
competitive advantage and for the sustained differences in performance across firms
(Flaig and Stadler, 1994; Geroski et al., 1997).

Because of its importance both at the macro- and micro-levels, previous studies
have aimed at understanding the emergence of persistence of innovation. These studies
have often modelled innovation activity as being state dependent, where, besides other
firm characteristics, firms’ current innovator status depends on the past innovator
status. As explained by Heckman (1981), this state dependence can be attributed to
true and spurious state dependence.

True state dependence occurs when past experience of an event (e.g. of innovation)
has a structural effect on the probability of experiencing that event in the future,
regardless of other individual characteristics (Heckman, 1981). For firms, this means
that conducting innovation has a behavioural effect on the decision to innovate in the
future, such that otherwise identical firms that did not conduct innovation behave
differently in future periods (Heckman, 1981; Hecker and Ganter, 2014). On the other
hand, the propensity to innovate may depend on other firm specific characteristics. If
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these characteristics are not controlled for while being correlated over time, previous
innovation activities may incorrectly appear to be determinants of future innovative
activities (as past activities act as a proxy for the unobservable/uncontrolled
characteristics) (Heckman, 1981; Hecker and Ganter, 2014). This is referred to as
spurious state dependence.

Previous literature provides three major theoretical explanations for the occurrence
of true state dependence. The first theory, success-breeds-success, argues that
innovation activities are capital intensive, risky and require large amounts of resources
that firms often obtain from external sources (Hall, 2002; Piga and Vivarelli, 2004;
Brown, Fazzari and Petersen, 2009). Because of the difficulties for external financers to
evaluate these innovation activities, firms often face financial constrains (Czarnitzki
and Hottenrot, 2010), which are mitigated when firms show previous success on
innovation (Flaig and Stadler, 1994). Moreover, previous innovation success allows
firms to reinvest the profits into R&D, increasing the probability of success
(Schumpeter, 1934; Nelson and Winter, 1982; Latham and Le Bas, 2006).

The second theory, learning by doing, is rooted in the evolutionary theory and
argues that R&D shows dynamic increasing returns and that knowledge is cumulative
(Arrow, 1962; Cohen and Levinthal, 1989; Klevorick et al., 1995; Cefis and Orsenigo,
2001). The generation of new knowledge, which fuels innovation, is a process in
which firms recombine prior knowledge and external knowledge (dependent on the
absorptive capacity, which in turn is a function of previous knowledge) to generate
new ideas (Rosenberg, 1976; Nelson and Winter, 1982; Weitzman, 1998). In this
framework, as knowledge and experience accumulate, unique competences allow firms
to maintain innovative performance along the technological trajectories (Nelson and
Winter, 1982; Kogut and Zander, 1992; Dosi and Marengo, 1994).

The third theory, sunk costs of R&D investment, argues that R&D activities require
large start-up costs (e.g. R&D facilities, equipment, hiring and training of scientific and
specialized staff), which are largely unrecoverable (Sutton, 1991; Cohen and Klepper,
1996). Hence, these costs represent a barrier of exit for innovating firms and a barrier
of entry for non-innovating firms.

While less explored, spurious state dependence has been mainly attributed to a variety
of firm-specific factors (Cefis and Orsenigo, 2001). Spurious state dependence is rooted
in the resource based view (RBV) theory of the firm (Wernerfelt, 1984; Barney, 1991), in
which innovation persistence is explained by the initial allocation of the firm’s
innovation capabilities. These characteristics are heterogeneously distributed among
firms, stable and hard to change, as they possess a high level of inertia (Helfat, 1994;
Stuart and Podolny, 1996; Clausen et al., 2011). Previous studies have pointed out that
strategic positioning (Clausen et al., 2011), corporate culture (Khazanchi, Lewis and
Boyer, 2007), research abilities (Zucker, Darby and Brewer, 1998; Baumol, Schilling and
Wolff, 2009), managerial talent (Bloom and Van Reenen, 2007, 2010; Custddio, Ferreira
and Matos, ), organizational routines (Cyert and March, 1963; Nelson and Winter, 1982;
Levitt and March, 1988) and firms’ organizational (Nelson and Winter, 1982; Hannan
and Freeman, 1984) and dynamic capabilities (Teece, 2007; Barreto, 2010) are key
internal factors in firms’ initiation and continuous adoption of innovative practices and
activities that ensure a lasting process of innovation (Cefis and Orsenigo, 2001).
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These theories not only support a pattern of innovation persistence across different
types of innovation activities, but they also provide arguments explaining differences in
the degree of persistence among these activities (Le Bas and Scellato, 2014; Tavassoli
and Karlsson, 2015; Guarascio and Tamagni, 2019). For instance, technological
innovations refer to those innovation activities aimed at improving the performance of a
product or service in terms of its quality, cost, number of features or speed of delivery
and comprise product and process innovation (Schumpeter, 1934; Cohen and Levinthal,
1990). While technological innovations have been found to display high levels of
persistence, the sunk-cost and success-breeds-success theories suggest that product
innovation will show higher levels of persistence (Tavassoli and Karlsson, 2015;
Guarascio and Tamagni, 2019). The sunk-cost theory might not be relevant in many
industries as firms do not conduct R&D to develop new processes themselves, but rather
buy machinery and process equipment from specialized firms in the machinery industry
which are the ones that conduct the R&D. Similarly, the success-breeds-success
arguments cannot be directly applicable to process innovation as successful process
innovations do not directly translate into higher market power, which firms can leverage
for obtaining better finance for subsequent innovation or to exploit economies of scale.

Previous empirical evidence

While early studies exploring persistence of innovation made use of patent data, more
recent studies are based on various country-level innovation surveys (in its majority the
Community Innovation Survey (CIS)).

Patent-based studies employed descriptive statistics, transition probability matrices
(TPM) and duration models (Weibull or Cox models) to investigate the existence of
persistence. In general, these studies found little evidence of persistence, with strong
persistence only present in the case of high patenting firms (e.g. Crépon and Duguet,
1997; Geroski et al., 1997; Malerba and Orsenigo, 1999; Cefis and Orsenigo, 2001;
Cefis, 2003). These results have been attributed to the use of patent data, which
implicitly requires firms to have applied for a patent, so that the analysis might
effectively reflect the continuous winners of patent races or the persistence of
innovative leadership (Duguet and Monjon, 2004; Peters, 2009; Raymond et al., 2010).
Another shortcoming of these models is that the methodology and database employed
are not adequate for differentiating between true and spurious state dependence (Cefis
and Orsenigo, 2001).

More recent studies have taken advantage of the CIS to analyse innovation persistence
at the firm level, exploring both innovation input (e.g. R&D expenditures) and output
(e.g. product and process innovation). These studies have aimed at analysing the
existence and the nature (true state dependence vs. spurious state dependence) of
persistence of innovation activity, making use of dynamic RE probit models. Within this
set of studies, a particularly popular approach has been the dynamic RE probit model
proposed by Wooldridge (Wooldridge, 2005) which circumvents the initial condition
problem (Arulampalam and Stewart, 2009). As shown in Table 1, since Peters (2009) first
applied Wooldridge’s approach in the context of persistence of innovation, numerous
studies have made use of this approach to explore different persistence-related questions.
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About half of the studies find clear evidence of strong persistence. The rest of the studies
find a mix of weak evidence or no evidence for the existence of persistence. Our research
aims to shed light on this debate by exploring this question using a recently developed
bias corrected fixed effects (BCFE) approach developed by Fernandez-Val and Weidner
(2016). In particular, our paper explores the following research questions: Is innovation
persistent? And if so, what is the source of this persistence (i.e. true state dependence or
spurious state dependence)?

III. Methodology

In this section, we review the specification of a model of persistence of innovation
together with the main econometric challenges. We then proceed by discussing the
well-known FE and RE approaches together with the recently BCFE estimators while
summarizing their respective advantages and shortcomings in the measurement of true
state dependence in the persistence of innovation. From now on, we let n denote the
number of individuals and 7 the panel length.

Measuring true state dependence

Following Peters (2009), innovation activity is conducted whenever the value of
expected profits from innovation denoted by Y7, is positive. While Y7, is typically latent,
we observe Y; = 1{Y; >0}, where 1{-} denotes the indicator function. As explained
in section ‘Theoretical explanations for persistence’, past innovation experience may
have a structural impact on the probability of conducting innovation in future periods.
We refer to this case as ‘true state dependence’. However, many firm-specific
characteristics that are of great importance in determining firms’ innovation activities
are stable over time and heterogeneously distributed across firms. Moreover, many of
these determinants are not available in commonly used data sets or may even generally
be unobservable. The presence of unobserved firm-specific differences leads to serial
correlation in innovation activity, so that past innovation experience may appear to have
a structural effect on the probability of future innovation activity whereas in fact it
does not, thus creating ‘spurious state dependence’. The preceding discussion suggests
that a dynamic econometric model which allows for the presence of unobserved
effects should be used to disentangle true from spurious state dependence. Thus,
Yi=UpYi1+X,0+ci+e,>0}, where X;; denotes a vector of strictly exogenous
covariates. Typically, distributional assumptions are imposed on the error term ¢; in
order to account for the nonlinearity of this model. A popular choice is to assume that
€Yo, -, Yi—1, Xi, ¢ ~NIID(0, 1), where X; = (X1, ..., Xir) denotes the time
series of explanatory variables and Y,y is the initial condition. We thus arrive at a
dynamic probit model with

P(YulYi0,-- Yi1, Xiy, i) = @(pYi—) +X;,9+Ci)- (1)

The main econometric challenges in the estimation of the parameters in model (1) are
to account for the dependence on the initial condition (for which assuming
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independence of the unobserved heterogeneity c¢; is often unreasonable) and to
disentangle the estimation of pp (which measures the structural impact of past
innovation experience on future innovation activity) from the effect of ¢;. While
estimates of the coefficients provide information about the sign and the relative
magnitude of the effect of an explanatory variable, they do not provide information on
the absolute magnitude of the effect. Therefore, in many situations, the ultimate object
of interest is the average partial effect (APE) rather than the coefficient of an
explanatory variable. Unfortunately, the APE also depends on the initial condition and
the unobserved heterogeneity, so that similar econometric issues arise.

Fixed effects (FE) estimation

Ideally, one would account for unobserved heterogeneity by treating ¢; as a fixed
effect, thus avoiding any restrictions on the distributional features of the unobserved
effects (Heckman, 1987). In this case, one would model the loglikelihood of individual
i (scaled by the factor 7~!) as

T
bir(p, 0, ¢;) = % 21 Yiu®(pYiu1 +X,0+c)+ (1= Yu)(1 —®(pYi1 + X0+ c))l,
=

where we condition on the initial condition and the unobserved effect, so that ¢; acts as
an additional parameter in the likelihood. As ¢; is unobserved, this likelihood can,
however, not be used for estimation and inference, which therefore has to be based on
a ‘pseudo-likelihood’. A popular choice is the ‘concentrated’ or ‘profile’ likelihood
lr(p, 0, ¢i(p, 0)) where é(p, 0) = arg max, {ir(p, 0, c¢). The MLE of (p, ¢) is
then obtained as

A / / n A~
(Prace> Ovie) :arg(ma;/()/ Z;EiT(P, 0, ci(p, 9)), (2)
p, 0) i=

whereas the FE APE of Y;;_; is calculated as

— n T A A ~ A
APErg = niT,zl tZl @ (Pae +XOmie + Ci(Prnps Omie)) — X0k + Ei(Pres Omie)). (3)
While the FE MLE can easily be implemented in standard statistical software (for
instance by including individual dummy variables), it is unfortunately often unreliable
in practice due to the incidental parameters problem (IPP) first noted in Neyman and
Scott (1948). As can be seen from the definition of the FE MLE in equation (2), the
dependence of ¢;(p, 0) on the parameters of interest leads to a contamination of the
estimators for (p, ¢)". It can then theoretically be shown that the FE MLE suffers
from a bias of order O(T~!) while its asymptotic distribution is only correctly centred
around the true value if n/T — 0, that is, when the panel length is much larger than the
number of individuals (see, for instance, Hahn and Newey, 2004 or Arellano and
Hahn, 2007). The latter condition is surely unreasonable in most microeconomic panel
data sets in which typically n>>T. In practice this means that the FE MLE and the FE
APE are severely biased in short panels and are thus of limited use (see, e.g.
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Heckman, 1987; Greene, 2004 or Czarnowske and Stammann, 2019 for simulation
evidence on the performance of the FE MLE).

Random effects (RE) estimation

One approach that circumvents the IPP and the initial condition problem is the
correlated RE estimator of Wooldridge (2005). Here, instead of treating the unobserved
heterogeneity as a parameter to be estimated, the distribution of ¢; is explicitly modelled
conditional on observable covariates and the initial condition Y;y, which allows for
certain forms of dependence between the aforementioned variables. In the following, we
discuss a ‘parsimonious’ version of Wooldridge’s RE estimator, which has been
particularly popular in earlier literature on persistence in innovation. This means that
instead of modelling the dependence of the unobserved effect on the observed
characteristics using the full time series X;;, ..., X;r of the explanatory variables, the
mean of the unobserved effect is modelled as a function of the mean over time of the
explanatory variables 7~ 12[ X ! Hence, resembling (Wooldridge 2005 equation 15),
the unobserved effect ¢; is modelled as ¢ =ap+a Y+ X, .00 +a;, where
ai|Yip, Xi~N(0, o ) This leads to the model

P(YulXi, Yuor, Xiy Yo, ai) = P(pYiy1 + X, 0+ a0+ Yy +X;Olz +a), (4

with respect to its conditional density (see Wooldridge, 2005, equation 21). The APE
of previous innovation activity on current innovation activity is then computed as

[ pa +X;[éa + aAO,a + &l,aYiO +X;d2,a)

HM\]

1 n
APEgg = oT 2

cD(X;tea + o + Q1aYi0 + X a24)], (5)

where the ‘@’ in the index indicates that parameter estimates have been scaled by
(1+02) "2

If the distribution of the unobserved effect ¢; is correctly specified, integrating out
a; from equation (4) leads to a genuine likelihood function whose maximization in turn
yields estimators that are consistent and have an asymptotically correctly centred
distribution as n—oo0, irrespective of the panel length. Thus, under correct specification,
the correlated RE approach is an attractive tool for the measurement of true state
dependence in the persistence of innovation. However, whether or not the RE
framework is suitable in a particular situation needs to be critically assessed: as
Wooldridge notes, a fully parametric specification of the conditional distribution of the
unobserved heterogeneity naturally incorporates the risk of misspecification, which
leads to inconsistent estimates for the parameters of interest. For instance, the RE
approach imposes that the unobserved effect ¢; depends on observed characteristics and
the initial condition only via its mean. The latter is, however, very restrictive since, for

'As noted in Rabe Hesketh and Skrondal (2013) 1nclud1ng the explanatory variables in the initial period, that
is, using X =7 + I z, o Xir instead of X, = T Z/ | Xir can lead to severely biased estimates.
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instance, it imposes constant variance of the unobserved heterogeneity. In reality, this
assumption may not be reasonable, as the variance of the unobserved heterogeneity
may for instance depend on firm size. For example, the spread in unobserved
managerial talent may be wider for small firms run by managers with no formal
education, whereas large firms are usually run by professional managers with more
homogenous managerial skills. Moreover, as mentioned in (Wooldridge 2005 section 3),
the normality assumption can be regarded as a choice mainly driven by convenience,
leading to simple estimators of the parameters of interest, which are however
inconsistent if the distribution of the unobserved effect is non-normal. For example, it
is well-known that the innovation performance distribution of inventors is highly
skewed (Lotka, 1926; Price, 1965; Narin and Breitzman, 1995), which may also
indicate skewness of the distribution of research abilities across firms. Similarly, if
unobserved managerial capability was quantifiable, one would also expect a highly
skewed and therefore non-normal distribution, which violates the assumptions imposed
by Wooldridge’s approach.

Bias corrected fixed effects

Since distributional assumptions on the unobserved effects imposed by RE estimators
are often hard to justify (and lead to misspecification bias when violated) while FE
estimators suffer from considerable bias due to the IPP, BCFE estimation has been
developed as an alternative estimation approach in more recent econometric literature.
Rather than as an inconsistency problem as n—oo while 7 remains fixed, the IPP is
regarded as a asymptotic bias problem as both n, 7 — oo, which allows for the use of
various bias correction techniques. It is for instance possible to correct the MLE
directly (e.g. Hahn and Newey, 2004 or Fernandez-Val, 2009) or to use jackknife
(e.g. Dhaene and Jochmans, 2015) or implicit pseudo-likelihood (e.g. Arellano and
Bonhomme, 2009 or Schumann, Severini and Tripathi, 2021) bias correction methods.
All aforementioned approaches have in common that they reduce the stochastic order
of the incidental parameter bias from O(T~!) to O(T~2). Moreover, the asymptotic
distribution of BCFE estimators is correctly centred around the true value if n/T° — 0
as n, T — oo, that is, when n can be regarded as being much larger than 7.

In this paper, we apply the bias correction outlined in Fernandez-Val and Weidner
(2016). This approach permits the estimation of dynamic nonlinear panel data models
with individual and time FE while allowing for arbitrary dependence of the initial
condition on the FE. Fernandez-Val and Weidner use stochastic expansions to derive
additive correction terms for the FE MLEs of the coefficients and the APE.?
Simulation results (for instance in Fernandez-Val, 2009, tables 5-8) suggest that the
correction term can to large extent eliminate the incidental parameters bias in
moderately long (i.e. T > 8) panels. To compute the estimator, we make use of a

*The correction terms consist of sample averages of combinations of various likelihood derivatives (see
section 4 of Fernandez-Val and Weidner, 2016). The precise form of the correction terms is complex and
requires specific notation. It is thus omitted here.
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recently implemented software package (see Cruz-Gonzalez, Fernandez-Val and
Weidner, 2017a).>

Random vs. fixed effects in practice

In applications, the different assumptions on the unobserved effects can lead to a very
different behaviour of RE and FE estimators. For instance, it is well-known that in FE
models it is not possible to estimate the effect of observed covariates that to not vary over
time (Wooldridge, 2010, section 10.5). In fact, the effect of time-invariant regressors
cannot be identified, since it cannot be distinguished from the effect of the unobserved
effect if the distribution of the latter is unrestricted. To see this, let y; denote a vector of
time-invariant regressors while X;; and a; denote a vector of time-varying regressors and
the fixed effect, respectively, and note that the model ¥V;; = X ;ﬁ +vif + a; + Uj; cannot
be distinguished from the model Y; = X0 + af + U, where o = a; + y}f is simply
another unobserved effect.

Imposing a distribution on the unobserved effect (leading to a RE model) allows
researchers to also include time-invariant regressors. However, as noted in (Wooldridge
2005 section 3), even in correlated RE models one cannot separately identify the
partial effect of a time-invariant regressor from its partial correlation with the
unobserved effect. Thus, while estimates of parameters of time-invariant variables that
cannot be identified in a FE specification are reported for the RE specification, they
cannot be interpreted in isolation from the effect of the unobserved heterogeneity.

Another consequence of leaving the distribution of the unobserved effect unrestricted
is that individuals who do not change status (i.e. whose outcome variable does not change
over time) cannot be used for estimation of the parameter of interest. The intuitive reason
for this is that a time-constant outcome can be perfectly explained by a time-constant
unrestricted unobserved effect, so that observed covariates do not provide further
information that may be useful for identifying the parameters. The same logic does,
however, not apply to RE models, where a specific distribution is imposed on the
unobserved effects. As a consequence, individuals with time-constant outcome variables
become informative for the parameter of interest, whereby the informative value of these
individuals depends on the distribution imposed on the unobserved effects. In order to
assess the latter effect, we also include the RE estimator based on only those individuals
that change innovator status over time in our analysis.

Small sample properties of random and fixed effects estimators

As mentioned in section ‘Random effects (RE) estimation’, if the distribution of the
unobserved effects is correctly specified, the RE estimator is consistent as n — oo for any
panel length while the FE estimator requires the panel length 7 to grow faster than n for
valid inference. In practice, however, both RE and FE estimators of the coefficients in

*In R, the ‘bife’-package offers a fast implementation of the BCFE estimator of Ferndndez-Val (2009), which
diminishes potential disadvantages of BCFE relative to RE estimators. Notice further that this estimator
coincides with the one used here in models without time FE (see Cruz-Gonzalez et al., 2017a, section 2.5).
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dynamic probit models can suffer from a considerable bias in small samples. While the
source of the FE bias is the incidental parameters problem (which can be corrected), the
RE estimator usually suffers from a misspecification bias. Interestingly, as shown in
Arellano and Bonhomme (2009) and Arellano and Bonhomme (2011), both the
incidental parameters bias and the misspecification bias become negligible at the rate 7!
as the panel length increases. Therefore, in long panels, FE and RE estimators of the
parameter of interest are likely to yield similar results. However, if the distributional
assumptions required for RE estimation cannot be sufficiently justified, it is preferable in
short or moderately long panels to use BCFE estimators, as they neither suffer from
misspecification bias nor from a large incidental parameters bias.

While estimates of the coefficients provide information about the sign and the relative
magnitude of the effect of an explanatory variable, they do not provide information on
the absolute magnitude of the effect. Therefore, in many situations, the ultimate object of
interest is the APE rather than the coefficient of an explanatory variable.

As in the coefficient estimation, FE estimators of APEs suffer from an incidental
parameters problem which becomes negligible at rate 7-'. Although simulation results
suggest that the magnitude of the bias is less alarming than in the estimation of the
coefficients (e.g. see Fernandez-Val, 2009), we use the small sample correction
outlined in Fernandez-Val and Weidner (2016) which again reduces the order of the
bias to O(T72). As before, RE estimators of APEs are biased when the distribution of
the unobserved is misspecified. Unlike in RE estimation of the coefficients, the
misspecification bias does, however, not vanish as 7T increases, as is again shown in
Arellano and Bonhomme (2009) and Arellano and Bonhomme (2011). Therefore,
under misspecification of the RE distribution, one should expect different results for
RE and FE estimates of APEs, irrespective of the length of the panel.

In summary, RE estimators should be preferred if the distributional assumption is
well-justified. If the latter is, however, at least questionable, one should use BCFE
estimators, particularly when the panel length is moderate (i.e. 7 > 8) and the main
interest lies in the APE.

IV. Data and variables
Data set

Our study focuses on Spain, a moderate and slow-growing innovator. The Spanish
economy is composed of traditional industries, with an important development of more
technologically advanced industries in the recent years (Ministerio de Industria, C. y.
T., 2020). Spain has an above average share of non-innovators with potential to
innovate, which makes it an interesting case for study in the context of innovation
persistence (European Commission, 2021). In 2019, the average expenditure on R&D
was 1.14% of the GDP, as compared to the 2.19% of the EU average (European
Commission, 2021). Similarly, Spain’s overall innovation performance is below that of
other EU27 countries scoring 85% in terms of the Summary Innovation Index, an
aggregate innovation-performance index reported in the EU innovation scoreboard
(European Commission, 2021).
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We employ firm-level data from the Spanish Technological Innovation
Panel (PITEC), collected on a yearly basis by the Spanish National Institute of
Statistics (INE) with the support of the Spanish Foundation for Science and
Technology (FECYT). To ensure international comparability, the methodology of the
survey and the definition of innovation follow the guidelines of the Oslo Manual
(OECD and Eurostat, 1997), which allows the data to serve as input for the CIS. The
CIS is considered a reliable tool for the understanding of innovation and is one of the
most used data sets in the area of innovation (e.g. Tether, 2002; Miotti and Sachwald,
2003; Belderbos, Carree and Lokshin, 2004; Laursen and Salter, 2006, or more
recently, Bianchini et al., 2018).

This database has compiled information for a representative sample of over 10,000
firms a year since 2003. The population framework of PITEC is the Central Directory
of Companies (DIRCE), which includes Spanish firms located in the national territory.
A census is used for the population of firms with more than 200 employees and a
stratified sample for firms with less than 200 employees (with internal R&D being the
stratum variable). PITEC has a sectoral coverage of agricultural, industrial, construction
and service firms, following the NACE-2009 classification. The data are collected via
mail, telephone and personal interviews, and covers the whole of the national territory
(INE, 2018).*

Our analysis includes 10 years of PITEC (corresponding to CIS 2006, CIS 2008,
CIS 2010, CIS 2012 and CIS 2014), covering the period of 2005-14.> Our sample is
restricted to manufacturing firms® with an average of at least 10 employees.” This
yields two panel data sets: an unbalanced data set comprising all firms with at least six
successive observations (37,458 firm-year observations corresponding to 4,424 firms),
and a balanced sub-sample of the unbalanced data set with firms observed in all time
periods included (28,098 firm-year observations corresponding to 3,122 firms).

Variables

Following previous studies on persistence of innovation, we analyse the persistence of
innovation in the innovation outcome (e.g. Ganter and Hecker, 2013; Suarez, 2014;
Cefis and Marsili, 2015; Tavassoli and Karlsson, 2015). Using the design of PITEC’s
questionnaire, we distinguish two binary variables, each of them intended to reflect
whether the firm has introduced at least one product/process innovation in the period ¢
to t—2 (see Table 2 for specific definitions). Following previous studies (e.g. Raymond
et al., 2010; Tavassoli and Karlsson, 2015), we explain a firm’s probability of being an
innovator with the lagged product/process innovation experience and a set of

“PITEC sampling errors: Coefficient of variation of expenditure on innovation: 0.35%. Coefficient of variation
in the number of innovative firms: 1.38%. Coefficient of variation in the number of innovative technology firms:
1.76%. Coefficient of variation in the number of innovative non-technological firms: 1.57%. PITEC non-
response rate: 6.83%.

Following previous studies, the first observed sample period is used as the initial condition.

6Industry classification codes (NACE Rev. 2): 05 to 43.

"Moreover, we also exclude those observations for which incidents in the recording of data are noted (e.g.
confidentiality issues, mergers, closures or employment incidents).
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TABLE 2

Definition of variables

Variable Type Description

Dependent variables

Product B 1 if firm i has introduced a product innovation into the market between
year ¢ and year t—2, and 0 otherwise.

A product innovation is the market introduction of a new or significantly
improved good or service with respect to its capabilities, user
friendliness, components or sub-systems. It must be new to the firm but
not necessarily new to the market.

Process B 1 if firm i has introduced a process innovation into the market between
year ¢ and year t—2, and 0 otherwise.

A process innovation is the implementation of a new or significantly
improved production process, distribution method or supporting activity
(excludes organizational innovations). It must be new to the firm but not
necessarily new to the market.

Independent variables

Size C Number of employees in firm 7 in year 71— 1 (in log).

Innovation input C Total expenditures in R&D (i.e. expenditures in internal R&D, purchase of
external R&D, purchase of machinery, equipment and external
knowledge, expenditures on employee training, expenditures on market
introduction, design and production of innovations) in firm 7 in year #—1
(in log).

Cooperation B 1 if firm i cooperated in any innovation activity with either customers,
competitors, suppliers or external institutions over the past two years,
and 0 otherwise.

Continuous R&D B 1 if firm i performed internal R&D activities on a continuous basis in year
t—1, and 0 otherwise.

Exports C Amount of exports per employee of firm 7 in year #—1 (in log).

Physical capital C Investment in buildings and machineries of firm 7 in year t—1 (in log).

Human capital C Percentage of R&D employees with higher education of firm 7 in year 7—1.

Demand C Sales (in euros) of firm i in year /—1 (in log).

Domestic B 1 if firm i belongs to a group and is a domestic multinational firm in year
t, and 0 otherwise.

Foreign B 1 if firm i belongs to a group and is a foreign multinational firm in year ¢,
and 0 otherwise.

Uninational B 1 if firm i belongs to a group and is a uninational firm in year ¢, and 0
otherwise.

Note: B denotes binary variables and C denotes continuous variables.

observable firm characteristics such as innovation input, continuity of R&D activities,
physical and human capital, demand-side factors, level of internationalization and
cooperation or ownership structure (see Table 2 for exact definitions). We also include
time dummies to control for time-specific effects that might affect individual firms’
propensity to innovate.®

8While we do not report industry dummies, including them does not affect our results. However, given that
they are approximately constant in our sample, including industry dummies increases the computational burden
on our estimators without providing additional information.
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TABLE 3

Descriptive statistics (balanced sample)
Variable Mean Std. Dev. Min Max Obs.

Overall  Between  Within N n T
Product 0.649 0.477 0.351 0323 0 1 28,098 3,122 9
Process 0.633 0.482 0.328 0353 0 1 28,098 3,122 9
Size 4.456 1.222 1.201 0228 0 9.234 28,098 3,122 9
Innov. input 9.833 5.442 4.242 3409 O 19.442 28,098 3,122 9
Cooperation 0.342 0.474 0.354 0315 O 1 28,098 3,122 9
Continuous R&D 0.553 0.497 0.404 0290 0 1 28,098 3,122 9
Exports 9.676 6.833 5.655 383 0 19.458 28,098 3,122 9
Physical capital 5.881 9.070 6.474 6.354 0 27.392 28,098 3,122 9
Human capital 32375  33.630  27.456 19426 0 100 28,098 3,122 9
Demand 16.595 1.591 1.554 0.341  7.928 22.567 28,098 3,122 9
Domestic 0.053 0.225 0.091 0205 0 1 28,098 3,122 9
Foreign 0.395 0.498 0.410 0.266 0 1 28,098 3,122 9
Uninational 0.008 0.090 0.040 0.081 0 1 28,098 3,122 9

V. Empirical results

In order to allow for a comparison with previous studies, our estimations are primarily
focused on the balanced panel data set.

Descriptive statistics

Tables 3 and 4 present the descriptive statistics of the wvariables used in the
estimations.” About two thirds of our firm-year observations correspond to firms
introducing either product or process innovations. The firms in our sample have on
average 207 employees and a volume of sales of 68.5 million Euros; approximately
one third of those employees working in the R&D department possess higher
education. Firms spend about 1.5 million Euros in R&D, invest 82,300 Euros in
physical capital, and their exports amount to 8.9 million Euros per year. About 55%
declare to perform innovation on a continuous basis while 34% have cooperated in
innovation activities. Finally, around 40% were multinational firms belonging to a
group, and about 5% and 1% were domestic multinational and uninational firms
belonging to a group respectively.

Table 5 shows the transition probabilities from period t—1 to t for both product
and process innovation. Generally, we find evidence of strong persistence: about 85%
of the non-innovating firms in period z—1 remain in that state in period #; similarly,
about 90% of firms conducting either product or process innovation in period 7—1 also
innovate in period ¢. The last column of Table 5 reports the unconditional state
dependence (USD), which shows how much of the probability of conducting

Note that for those variables for which we have taken the log (e.g. size or exports), the comments included
in this subsection refer to the mean of the variable before being transformed.
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TABLE 4
Descriptive statistics for the means and the initial conditions (balanced sample)

Variable Mean Std. Dev. Min. Max. Obs.
M_Size; 4.456 1.201 2.035 9.137 28,098
M_Innov. input; 9.833 4.241 0 19.147 28,098
M_Cooperation; 0.342 0.354 0 1 28,098
M_Continuous R&D; 0.553 0.404 0 1 28,098
M_Exports; 9.676 5.655 0 18.689 28,098
M_Physical Cap.; 5.881 6.473 0 26.078 28,098
M_Human Cap., 32.375 27.452 0 100.067 28,098
M _Demand; 16.595 1.554 12.160 22.371 28,098
M_Domestic; 0.053 0.091 0 0.222 28,098
M_Foreign; 0.395 0.410 0 1 28,098
M _Uninational; 0.008 0.040 0 0.222 28,098
Product; 0.678 0.467 0 1 28,098
Process; 0.668 0.471 0 1 28,098

TABLE 5

Transition probabilities (balanced sample)

Innovator in year t + 1

Innovator in year t NO YES USD
Product NO 85.84% 14.16%

YES 9.22% 90.78% 76.62
Process NO 84.40% 15.60%

YES 11.31% 88.69% 73.09

Note: USD, Unconditional State Dependence. Obs.: 28,098.

innovation in year ¢ can be explained by the difference between being innovator or
non-innovator in year /— 1.'% This can be expressed as:

USD =P(Y; =1|Yi_y =1) = P(Y;; = 1|V = 0).

Table 5 shows that the probability of conducting product innovation in year ¢ is
about 76pp higher for firms that also reported product innovation in year t—1 as
compared to those that did not report any product innovation activities in year ¢— 1.
Similarly, for process innovation, the probability of being innovative in year ¢ is 73pp
higher for firms that also conducted process innovation in year t—1 as compared to
firms that did not conduct process innovation in year ¢— 1.

While overall Table 5 indicates a pattern of strong persistence in our sample, it
does not provide any information on the nature of this persistence. The next section
aims at distinguishing true from spurious state dependence, considering a set of models
that allow us to control for observed and unobserved firm characteristics.

%Note that unconditional or observed state dependence does not condition on any observed or unobserved
characteristics of the firm.

© 2022 The Authors. Oxford Bulletin of Economics and Statistics published by Oxford University and John Wiley & Sons Ltd.



24 Bulletin

Estimation results

Tables 6 and 7 report the estimation results for product and process innovation
respectively. For both tables, odd-numbered columns present a simple specification in
which only the lag of innovation and time dummies are included as explanatory
variables, while even-numbered columns include the full set of covariates. Columns (1)
and (2) show the results for the pooled probit model with the full balanced sample (i.e.
including all firms that do or do not change innovator status over time) and columns (3)
and (4) present the RE specification over the full balanced sample. For the sub-sample of
firms with time-varying innovator status, columns (5) and (6) report the FE specification,
columns (7) and (8) the pooled probit and columns (9) and (10) the RE specification.

For all the specifications in Table 6, the coefficient for the lag variable of product
innovation is positive and significant at a 1% level, meaning that firms introducing product
innovations in year —1 are more likely to introduce product innovations in year ¢. As expected,
controlling for firms’ observable characteristics reduces the magnitude of the lag coefficient.

In addition to previous product innovation activities, we also find that the different
specifications confirm some observable characteristics as explanatory factors of firms’
product innovation behaviour. Firms’ investment in R&D and continuous R&D
activities in year 7—1 increase firms’ probability of introducing product innovation in
year t. Moreover, firms belonging to domestic multinational groups have a higher
probability of introducing product innovations in year ¢. These results are significant
across the different specifications. Similarly, R&D input is found to be a significant
determinant of process innovation, as shown in Table 7.

In all RE specifications, the initial conditions and the means of the explanatory
variables employed are jointly significant,'’ indicating that there exists a correlation
between the unobserved heterogeneity and the independent variables. This underlines
the importance of accounting for the presence of unobserved heterogeneity, since
failure to do so may lead to biased parameters estimates.

Table 8 shows the APEs for lagged product and process innovation, which
correspond to the average level of true state dependence in persistence of product and
process innovation. Each of the columns corresponds to the respective specifications in
Tables 6 and 7. From the policy point of view, the APEs are often the ultimate object
of interest. Unlike the parameter estimates, the APEs provide the magnitude of the
average effect of changes in the regressors on the response probabilities. While the
estimated APEs in the pooled probit and the RE specifications are similar, there are
substantial differences to the APE estimates based on the FE specification.'?

""For product innovation (Table 6, columns 4 and 10), the y? statistics are 2250.50 and 40.74, and for process
innovation (Table 7, columns 4 and 10) 132.97 and 47.25, all of them corresponding to P-values of 0.000.

"2The similarities between the pooled probit and the RE estimates are not surprising, given that we find low
levels of intra-class correlation (ICC), which is the proportion of the total variance contributed by the panel-level
variance component. A low level of ICC is sometimes regarded as proof against the presence of unobserved
heterogeneity. However, this is not correct for at least two reasons: first, the level of ICC depends on the
variance that is imposed on the model error in order to identify the parameters. In probit, the latter is typically
set to one. Second, the ICC is calculated based on the RE specification, which by design does not allow for
certain types of variation (e.g. heteroscedasticity is ruled out). This may lead to low levels of the panel-level
variance by design.
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