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Abstract. This paper investigates the impact of two innovating strategies (product and
process) on total factor productivity (TFP) growth and the dynamic linkages between
these strategies, for Colombia. In a first stage, we explore through panel data discrete
choice models whether the ex-ante more productive firms are those that introduce
innovations. In a second stage, we test whether the introduction of innovations boosts
productivity growth. In this second stage, we use matching techniques. In a final stage,
we explore the firm’s joint decision to innovate in process and/or product through a
bivariate probit model. Data from the Annual Manufacturing Survey and the
Technological Development and Innovation Survey, for 2007-2016, are used for
Colombian manufacturing firms. Our results suggest that the most productive firms self-
select into the introduction of innovations (both process and product). Further, these
innovations render positive returns in terms of productivity growth only one period
forward regardless of the type of innovation. In addition, we also find a strong persistence
of process and product innovation over time, and cross effects between these two
strategies, as product innovations are boosted by process innovation and vice versa.
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1. Introduction.

Innovation is essential for a nation growth and progress. It is also relevant at the
microeconomic level since it encourages businesses to perform better and be more
competitive in both domestic and foreign markets. Studying the connections between

innovation and productivity at the corporate level thus seems essential.

Schumpeter (1942) constitutes the pioneer work in analysing the concept of
innovation and its impact on productivity and market structure. Building on this concept,
Griliches (1979) formalized the R&D capital stock model to analyse the relationship
among R&D investments, achievement of innovations and productivity growth.
Subsequently Crépon et al. (1998) developed the well-known CDM model, which shows
the sequential relationship between R&D, innovation and productivity. The main
implication of these models is that those firms investing in knowledge increase their
propensity to implement new technological advances and show higher productivity,

Crespi and Zudiga (2012).

In both theoretical and empirical literature, the relationship between innovation
and productivity has been thoroughly examined, primarily for industrialised countries,
see Doraszelski and Jaumandreu (2013), Raymond et al. (2015) and Baum et al. (2017),
among others. The empirical research is relatively scarce for growing economies in Latin
America, nevertheless. Some research has been done mainly for Brazil, Chile, Mexico
and Colombia. See, for example Ramirez et al. (2020), Busom and Vélez-Ospina (2017),
Cirera et al. (2015), Candia Campano et al. (2016), Cabral and Gonzalez (2014), Eslava
et al. (2013) or Arbelaez and Torrado (2011). As pointed out by Demmel et al. (2017),
the limited availability of comprehensive databases or consistent panel data sets for these
countries and, more importantly, the low investment in R&D activities have possibly
discouraged investigating this issue in these countries. It is important to consider that the
low investment in R&D activities (less than 1% of the GDP according to the World Bank)
and the innovation deficit in Latin America are behind the stagnation of productivity in

this region, Pagés (2010).

In general, the empirical evidence shows that innovative firms enjoy higher levels
of productivity than firms not performing those activities. There are two explanations
behind this finding: the self-selection and the returns to innovations (or learning by

innovating) hypotheses. The self-selection hypothesis is founded on the idea that the most



productive firms self-select into innovative activities, i.e., only the more productive firms
are capable to introduce innovations. Conversely, the returns to innovation hypothesis
suggests that innovating firms might obtain profits in the future, in terms of productivity,
associated to their experience with the new knowledge. These two hypotheses have been
extensively explored empirically, see Demmel et al. (2017), Rochina-Barrachina et al.
(2010), Manez Castillejo et al. (2005), among others. However, the results obtained are
mixed, as there is evidence of self-selection and/or returns to innovation for some

countries but not for others.

In the case of Colombia, the relation between innovation and productivity has
only been explored in one direction: the impact of innovations on firm productivity. The
available studies differ in the period of analysis and in how they relate R&D and
productivity. See for example Ramirez et al. (2020), Busom and Vélez-Ospina (2017),
Villarreal et al. (2014), Lambardi (2014), Eslava et al. (2013), Crespi and Zuiiga (2012),
Gallego et al. (2013), Arbeldez and Torrado (2011). The only study exploring both
hypotheses using four Latin American countries (including Colombia) is Demmel et al.
(2017). However, the results obtained for Colombia are inconclusive, possibly due to the
use of a short panel. Another important issue under studied in the innovation-productivity
link, at least for emerging economies, is the dynamic relationship between product and
process innovations. In relation to this question, it seems important to analyse three
aspects: first, whether sunk costs related to innovation activities matter to implement
future innovations; second, whether past innovations have an effect on the probability of
continuing to innovate in the future, i.e., if there is persistence in innovation activities;
and, finally, whether product (process) innovation boost process (product) innovation in

the future.

For a number of reasons, we believe Colombia is an excellent case study. First,
behind Brazil, Argentina, and Mexico, Colombia has the fourth-largest economy in Latin
America. Additionally, according to the World Bank, Colombia's GDP increased at a rate
of roughly 2.8% in the final years preceding the COVID-19 (from 2014 to 2019), which
is higher than the rates accumulated in these nations: Chile (2.0%), Argentina (-0.9%),
Mexico (2.1%), and Brazil (-0.3%). Second, numerous industries, including agriculture,
mining, oil, infrastructure, energy, and manufacturing, have seen large increases in
demand as a result of Colombia's peace process. Colombia's economic recovery appears

to be more robust than that of the other economies in Latin America indicated after 2020.



Third, the government has provided a significant boost to Colombia's innovation system
over the past ten years. The Ministry of Science, Technology, and Innovation was
established in January 2019 with the aim of enhancing and managing Colombia's science
and technology policy. The Ministry of Information and Communication Technologies
was established in 2010 to promote the massification of ICTs for individuals and
businesses. Fourth, because Colombia is a developing economy and imports the majority
of the innovations used by businesses in their production processes, the recent free trade
deal with the US, China, and the EU will encourage the development of new knowledge
that is embodied in capital goods. Last but not least, we should mention that Colombia

has access to extensive datasets.

This paper contributes to the existing literature in various aspects. First, we
thoroughly investigate the relationship between (process and product) innovation and
productivity for Colombian manufacturing. In particular, we explore the self-selection of
the most productive firms into innovation both for process and product innovators, the
returns to process and product innovations (returns to innovation) and the inter linkages
between the decisions to innovate (process and product innovations). Second, the
estimation of total factor productivity is performed using an endogenous Markov process,
where past firms (process and/or product) innovations are endogenized. Finally, our
analysis is carried out using panel data techniques. For this purpose, we build a panel data
set combining the Annual Manufacturing Survey (EAM) and the Technological
Development and Innovation Survey (EDIT), published by the Colombian National
Administrative Department of Statistics (DANE), for the period 2007-2016.

In order perform the projected research tasks, a four-stage procedure is employed.
In the first stage, we estimate total factor productivity (TFP) using a modified version of
Olley and Pakes (1992) and Levinsohn and Petrin (2003), proposed by De Loecker
(2010), that implements an endogenous Markov process in which the past innovation
decisions made by enterprises are endogenized. This TFP would be estimated by GMM
as proposed by Wooldridge (2009). In a second stage, we use discrete choice models to
test whether the most productive firms are those firms implementing (product or process)
innovations in the future, i.e. the self-selection hypothesis. Next, we explore, using
matching techniques, the life span of the impact of (product or process) innovations on

firm’s productivity growth, to check if the effects persist over time (the returns to



innovation hypothesis). Lastly, we analyse the joint likelihood of implementing process

and product innovations using a dynamic panel data bivariate probit model.

In order to anticipate the main results, our investigation reveals that the most
productive Colombian enterprises self-select towards the introduction of (process or
product) innovations. Additionally, these sorts of innovations only render positive
returns, in terms of productivity growth, one period forward. Additionally, we find a
strong persistence of process and product innovation over time, and relevant cross effects
between these two innovation activities, with process innovation promoting product

innovations and vice versa.

The remainder of the paper is organised as follows. Section 2 reviews the related
theoretical empirical literature. Section 3 presents the empirical strategy and discusses
estimation methods. Section 5 describes the empirical results. Finally, Section 6 presents

some concluding remarks.

2. Literature review: innovation and productivity.

The national innovation systems of various Latin American economies, including
Colombia, differ significantly from those of Western Europe or other industrialised
countries in a number of important ways (Hall and Mairesse, 2006). These differences
might have an effect on how innovation and productivity interact in Latin America. The
absence of resources for businesses to support science, technology, and innovation
activities as well as the lack of highly skilled individuals are the main and most important
differences across the innovation systems. So, from the start of the 2000s, the average
R&D investment as a proportion of GDP in Latin America has been less than 1%. (except
for Brazil). Furthermore, as regards high-qualified workers, Colombia only has 2% of the

nation manufacturing workforce with a master or doctoral degree.

The Colombian private and public financial system to support SMEs aiming at
investing in R&D is quite precarious. Given that 92% of the manufacturing Colombian
firms are SMEs, the shortage of resources appears to be a significant obstacle to obtaining
innovations and boosting future economic performance. The lack of funding is an
important obstacle for firms to set up R&D facilities, hire qualified personnel, and import
foreign raw materials and/or intermediate inputs. This problem is made worse by the

insufficient legal framework for knowledge protection.



In Colombia, 75% of the financial resources devoted to science, by the few
businesses that engage in technology, are own resources, with a significant amount of the
remaining resources coming from private banks. This absence of public support implies
that the majority of industrial companies lack strong incentives to participate in R&D
activities. This pattern, according to Crespi et al. (2016) and Acemoglu et al. (2006), is
common in emerging countries, notably in Latin America. Enterprises in developing
countries are unable to innovate to the same degree as businesses in developed countries
due to the better access to capital for their R&D efforts enjoyed by firms in the developed
world. Due to this, companies in Latin America (particularly Colombia) place more
emphasis on obtaining or implementing foreign technologies than on creating their own
innovations (Pagés, 2010 and Crespi et al. 2016). As a result, many of the innovations
obtained in Latin American countries are essentially incremental changes that have
minimal impact on global markets. Additionally, as suggested by Crespi and Zufiiga
(2012), a large number of them are the product of technological transfers, imitations, or
copies. Since the process of obtaining technology differs from the traditional view in
developed countries, where investment in R&D activities helps to boost process and
product innovations by reducing the cost of producing existing goods and raising the

output of new goods, there is not a strong correlation between innovation and productivity

(Mohan et al., 2016).

Due to their lack of involvement in the early stages of the process, which often
include investing in R&D labs and recruiting highly qualified staff, Colombian
manufacturing companies generally do not make significant investments to get process
and product innovations. Many of the firms get involved in further stages of the
innovation process related with a gradual learning of the procedure, as postulated by
Pagés (2010). However, even in this situation, sunk costs might still be important because
businesses need to search for suppliers that meet their economic and quality requirements,
as well as customs procedures, contract formulation, taxation, high quality employees or
transport activities, among others. All these activities imply important expenditures that
can only be afforded by the most productive firms. According to Demmel et al. (2017),
these productive firms can also handle additional issues that are specific of Latin
American. For example, the higher uncertainty about the returns to innovation due to
markets volatility, the precarious financial system that forces firms to self-finance their

innovations, and the lower absorptive capacity of firms in these countries that implies a



long period to recover the innovation investment and reduces their access to external
financing. Therefore, only the most productive and successful businesses can deal with
uncertainty and have access to financial markets, which affects the link between

innovation and productivity.

The empirical evidence on the link between innovations (process/product) and
productivity for Latin America and Colombia is heterogeneous in various aspects, such
as the statistical methodologies implemented, the data used and the innovation
definitions. Further, the results are mixed and inconclusive. In Argentina, Chudnovsky et
al. (2006) and Arza and Lopez (2010), using panel data analyses, find that product
innovations have a positive impact on labour productivity, but process innovations have
an ambiguous effect. However, Crespi and Zuiiga (2012), using cross-sectional data,
obtain that both innovations have a positive impact. In the case of Brazil, Raffo et al.
(2008), using cross-sectional data, find a positive impact of product innovations on labour
productivity. Conversely, Goedhuys (2007) uncovers that product innovations have a
non-significant impact on productivity (using a TFP index), and that process innovations
have a negative effect. For Chile, Alvarez et al. (2010a), using pooled data analysis, reveal
that process innovations have a contemporaneous and long-term effect. However, Crespi
and Zuniga (2012), using a cross section analysis, show that process and/or product
innovations enhance labour productivity in Chile. For Mexico, Brown and Guzman
(2014), using pooled data analysis, postulate that design and/or process innovations boost
labour productivity, whereas Pérez et al. (2005a), using cross-sectional data, find that

process innovations show a positive impact, but product innovations have no impact.

Finally, for the case of Colombia, the few empirical studies have three things in
common: first, they are based on the CDM traditional model; second, with some
exceptions, they use cross-sectional data, so these studies miss the dynamic relationship
between innovation and productivity; and third, productivity is measured using labour
productivity, and the studies that use TFP consider an exogenous Markov process for the
law of motion for productivity. Some recent studies, see for example Busom and Vélez-
Ospina (2017), Gallego et al. (2013), Lambardi (2014) and Arbelédez and Torrado (2011),
find a positive link between R&D, innovation, and labour productivity. These studies
adopt an augmented production function approach to examine the relationship between
innovations outputs and labour productivity, and use cross sectional data. Further,

Ramirez et al (2020), Crespi et al. (2016), Crespi and Zuiiga (2012) and Villarreal et al.



(2014), applying the CDM model and using panel data information, find similar results.
Specifically, the results in Ramirez et al. (2020), Crespi and Zuniga (2012) and Crespi et
al. (2016) show evidence of a strong relationship between innovation input and output,
and innovation output and productivity (i.e., the returns to innovation). Villarreal et al.
(2014) establish that the effects of innovation on productivity are stronger for SMEs firms
than for large enterprises. Finally, Albis (2017), also uses a reduced form CDM model
without considering the last equation (firm performance), so it excludes the productivity

analysis. !

As far as we know, the only study that analyses the returns to innovation and self-
selection for Colombia is Demmel et al. (2017). In this paper, the authors investigate the
relationship between firm’s innovation and productivity for some countries of Latin
America (specifically Argentina, Mexico, Colombia and Peru) with firm data for
manufacturing industries. Their results provide evidence in favour of the self-selection
and returns to innovation hypotheses only for Mexico and Argentina, being the evidence

for Colombia and Peru is inconclusive, maybe due to the short panel data used.

3. Data, innovation status and productivity.

3.1. The data.

We use manufacturing and innovation data from the Annual Manufacturing Survey
(EAM) and the Technological Development and Innovation Survey (EDIT) for the years
2007-2016 to analyse the relationship between productivity and innovation in Colombia.
The Colombian National Administrative Department of Statistics is the source of these

data sets (DANE).

The EAM is the annual census for industrial establishments (identified according
to the ISIC Rev. 3, adapted for Colombia) with 10 or more employees or, failing that,
firms that report an annual production value (indexed by the producer price index, PPI)
equal or superior than a specified value set by the EAM every year. This survey collects

annual information at the firm level for variables such as value added, number of

! There exist other studies that indirectly analyse the link between innovation and productivity. The aim of
these works is to explore the mediating effect of public support programmes. See Albis et al. (2021) or

Crespi et al. (2016).



employees, intermediate and energy consumption, among others. The EDIT is a biannual
survey aimed at characterizing the technological dynamics, innovation activities and
technological development for manufacturing Colombian firms (using the ISIC Rev. 3,
adapted for Colombia). It is a census of firms that follows the same criterium than the

EAM.

The innovation variables we use in this paper come from five waves of the EDIT
(EDIT 1V, for 2007-2008; EDIT V, for 2009-10; EDIT VI, for 2011-2012; EDIT VII, for
2013-2014; and, EDIT VIII, for 2015-2016). We do not use previous versions of the EDIT
as there were important modifications in the process gathering information on firms’
innovations (Villarreal et al., 2014) in waves previous to wave IV. Using the data
available in the EAM survey, we calculate firms’ total factor productivity (TFP, hereafter)
for the years 2007 to 2016. As the main aim of this research is to explore the impact of

innovations on productivity, we use the sample of firms that are in both surveys.

Since the EDIT is a biennial survey and does not specify the precise year in which
a firm introduces an innovation, merging the EAM and EDIT databases presents certain
challenges. In our empirical work, if a firm declares to have introduced an innovation in
the last two years, we will consider the firm as an innovator in the second year of these
two. By selecting this option, we can be certain that the company has already made the
innovation available in the year we consider it to be innovative. The first of the two years
that the company is regarded as innovative would not guarantee that the innovation has
already been implemented by the company. For example, if in EDIT IV the firm declares
to have introduced at least an innovation in 2007-2008, we will consider the firm as an
innovator in 2008. Other variables of interest related to R&D activities are reported
annually. After merging ten EAM waves with five EDIT waves, we end up with an
unbalanced panel data of ten years (2007-2016) with 76,031 observations corresponding
to 11,051 firms. The panel is unbalanced due to the existence of missing observations in
critical variables, that implies that the final sample selected is composed by firms that
provide full information for output, capital, materials, number of workers and value

added, for all the periods analysed.

Table 1 displays several descriptive statistics regarding the innovation strategies,
broken down by the technological intensity sector. In columns 1 and 2 we display the
number of observations and firms by sector, respectively. In column 3 we report the

average number of employees. As an emerging economy, Colombian manufacturing



firms are concentrated in low-tech industries (58.1% of the firms in manufacturing), such
as the Food/Beverages/Tobacco sector and the Textiles and Furniture sector the most
representative. Further, 28.3% of the manufacturing firms operate in the med-low
technological industries, basically in the Rubber and Plastic industry. In the case of med-
high technological industries, we observe a lower participation of firms (12.2%), being
Chemical the most important industry with 888 firms. Finally, the lowest representation
of manufacturing firms is observed in the high-tech industries (only 157 firms, that

represent less than 2% of the full industry).
[Table 1 around here]

Further, we characterise firms’ innovation profiles. Thus, from columns 4 to 6 we
display some innovation activities descriptive statistics. In column 4, we show the average
percentage of innovative firms.? Regardless of the technological break down, Colombian
firms are not very innovative, as we observe that on average only 24.7% of manufacturing
firms obtain innovations. Yet, industries with a better performance are: Chemical
(36.5%), Paper (35%) and Machinery and Electrical Appliances (32.6%). The less
innovative industries are mainly located in the low-tech sector, that is highly
representative of Colombian manufacturing (Textiles, Tanning and Leather and Wood).
Column 5 displays the percentage of firms investing in R&D activities. In general, as
expected, the data show that the fraction of enterprises with positive R&D investments
increases with an industry's level of technological intensity. Thus, the percentage of firms
investing in R&D in Textiles, Tanning and Leather and is about 16%. In the med and
high-tech sectors, the best performing industries have rates exceeding 30%, such as

Chemicals, Machinery and Electrical Appliances and Ships and Boats.

Column 6 of Table 1 shows the percentage of firms with positive R&D
expenditures that obtain innovations. The figures reported indicate that firms investing in
R&D are more likely to obtain innovations. On average, the percentage of firms that
invest in R&D and obtain innovations is about 83%. The industry of Ships and Boats

stands out since, on average, 98% of the firms with positive R&D expenditures obtain

2 For descriptive purposes we consider a firm as innovator if it has obtained at least one new or significantly
improved good or service or has introduced a new or significantly improved method for providing services,

production, distribution, delivery, or logistic systems in the firm.
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innovations. Conversely, the worst performance in this indicator is shown by the Coking
and Refined Petroleum industry (77.6%), although its figure is not far from the average.
Column 7 refers to the average number of employees in R&D activities for firms with
positive R&D expenditures. In general, the average number of R&D employees is higher
in the more technologically advanced industries. We observe that firms in the Tanning
and Leather industry only employ 4.8 R&D workers, firms operating in the Non-Metallic
Mineral Products industry employ 16.3 R&D workers and firms operating in the Ship and
boats industry employ 20.6 R&D workers. Finally, column 8 displays the average number
of skilled workers (measured as individuals with a master and doctorate degrees) in firms
with positive expenditures in R&D. The figures reported are especially low in low-tech
industries, with the exception of Furniture (3.5 employees on average). Industries
operating in med-low and med-high technological sectors employ, on average, more

skilled workers. For example, Coking and Refined Petroleum hires 30 employees.?
3.2. Innovation status.

As defined, we consider a firm as innovator if it has obtained at least one new or
significantly improved good or service (product innovator), or has introduced a new or
significantly improved method for providing services, production, distribution, delivery,

or logistic systems in the firm (process innovator).

In accordance with our definition, a company is considered product innovator if it has
obtained at least one new or significantly improved good or service, or process innovator
if it has implemented a new or significantly improved method for providing services,
production, distribution, delivery, or logistic systems within the company. Our definition
of a first-time process/product innovator is constrained by the fact that EDIT only
provides information about implementation of a process and/or product innovation every
two years. As a result, we define as first-time innovators (F77) businesses that claim

implementing an innovation throughout a two-year period and which have not previously

3 According to the National Association of Industries (ANDI) human capital has become an obstacle to
boost productivity for the Colombian industries, as 53.1% of employers report having difficulties in finding
personnel for one or more positions in their organizations. Specially individuals specialized in marketing

and sales, technical positions and specialized operators.

11



introduced any innovations since the first year they are observed in the sample.* We can

define four cohorts of F'71 because there are five waves in the EDIT.

3.3. Estimation of productivity.

We assume that firms produce homogeneous goods using a Cobb-Douglas production

technology. Thus,

Yie = Bo + Bilic + Brkit + Brm™Mir + wir + Nit (1)

where y;; denotes the natural log of a firm’s i output in period t; [;; is the natural log of
the effective hours worked; k;; is the log of capital stock; and, m;; is the log of the
consumption of materials. Finally, w;; is the firm’s productivity that is not observable to
the econometrician but remains observable or predictable by the firm, and n;; s a standard
i.i.d. error term that is neither observed nor predicted by the firm. It is also assumed that
capital is a state variable, whereas the total number of hours of labour and intermediate
materials constitute variable factors. As for the timing assumptions for estimation, we can
distinguish two types of inputs: those that are chosen in the same period as they are
consumed (free or variable inputs, such as labour and materials) and those that are chosen

before the period they are consumed (fixed inputs, such as capital).’

In order to obtain consistent estimates of the input elasticities and estimates of
TFP residuals, we follow Wooldridge (2009), who argues that the semi-parametric
estimation methods of both Olley and Pakes (1996) and Levinsohn and Petrin (2003) can
be reconsidered as consisting of two equations that can be jointly estimated by GMM.
The first equation deals with the problem of endogeneity of the non-dynamic inputs (i.e.
the freely variable factors); and, the second equation deals with the issue of the law of

motion of productivity. Next, we consider these issues in detail.

In the first equation, to solve the problem of endogeneity of labour and materials,
we follow Levinsohn and Petrin (2003) and use the demand for materials, m; =

m(k;;, w;t), as a proxy for unobserved productivity. Under the scalar unobservable

4 We use the same procedure to define first-time process innovators and first-time product innovators.
5> The variable capital is measured using the firm’s fixed assets deflated by the index of capital goods
produced and consumed, published by DANE. The implicit assumption is that it takes a full time period for

the new capital to be ordered, delivered, installed and become fully productive.
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assumption and the monotonicity assumption, the demand of materials can be inverted

and productivity can be expressed in terms of observables:®
wie = mg (g, mye) = he(kig, mye) 2)

where h; is an unknown function of k;; and m;;. Following a similar approach to De
Loecker (2007), for export status, or Maiez et al. (2013) for R&D status, we assume
different demands of intermediate materials for innovator and non-innovator firms.
Innovators use different production processes and/or produce new and singular products,
which may potentially affect their optimal input demand choice. Further, considering
different demands also helps to correct for unobserved productivity shocks correlated to

innovation status. Thus, we rewrite the inverse demand function as:
wie = he(kir, my) = 1(non-inn) he (ke my,) + 1(inn) hi (ke myy, inng,) (3)

where 1(non-inn) and 1(inn) are indicator functions that take value 1 for non-innovators
and innovators, respectively, and inn;; is a dummy variable taking value 1 if the firm i

implements an innovation in year t. Then, substituting the above function in (1) we get:

Yie = Bo + Bilic + Brkit + Brnmie + 1(n0n'inn)h?(kit; me) +

. . 4)
1 (mn)h} (kie, myp, innye) + 1y

Since we proxy for h{, and h}, by third-degree polynomials in their respective
arguments, the parameters f3,,, and S in (4) cannot be identified. This problem is solved
by the inclusion of a second equation in the GMM system that deals with the law of

motion of productivity:

wir = fwi-1) + it (5)

where f(-) is an unknown function that relates productivity in period t with productivity
in period t-1, and &;; is an innovation term uncorrelated by definition with k..
Nevertheless, the exogenous Markov process in equation (4) neglects the possibility of
firms past innovation experience affecting current productivity. To solve this problem, in
a similar way to that employed by Mafiez et al. (2020a, 2020b), we consider a more

general (endogenous) Markov process in which w;; depends on w;;_; and also on the

¢ The scalar unobservable assumption implies that the only unobservable in m;(-) is w;.. The monotonicity
assumption implies that the demand of intermediate materials m,(-) is strictly monotonic in unobserved

productivity, w;;.
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firm’s past innovation experience captured by a set of dummy variables that fully
characterise the firm’s innovation strategies.” As stated by De Loecker (2013) and De
Loecker et al. (2016), if one expects firm’s strategies to have an effect on productivity
(such as trade or innovation), then the theoretically consistent treatment should be to
include them directly in the law of motion of productivity. Omitting these variables may
cause biased estimations of the production function coefficients. Nevertheless, it should
be borne in mind that allowing these variables to exert an effect on productivity does not
imply assuming that they do indeed have any influence. Thus, widening the law of motion
of productivity to include firms' innovation strategies does not imply the assumption of a
particular effect of product and process innovation on productivity. We therefore consider

the following law of motion of productivity:
wit = E[wit|wie_q, innge_1] + & = f@ip-1, inNge_1) + &t (6)
Therefore, we can rewrite equation (1) using (6) as:
Yie = Bo + Bilic + Brkic + Brmmie + f(wig—1, inNye—1) + ie + My (7)

Then plugging w;;—1 = hs(kjt—1, Mir—1, inN;—1) into equation (7), we get the

second equation of the model:

Yie = Bo + Bilic + Brkit + Brnmie + e (Kit—1, Mir—q, inNGp_q) + Wy (8)

where g;(kjt—1, Mir—1, inni_q) = f(he(Kit—1, Mit—1), inNj;—1) is a unknown function
that we proxy using a third-degree polynomial in its arguments and u;; = w; + 1;¢ 1S a
composed error term. Therefore, the system of equations that identifies the parameters of

interest (f;, By and B,,) is composed by equations (4) and (8).

Following Wooldridge (2009), equations (4) and (8) can be estimated jointly by

GMM using the appropriate instruments and moment conditions for each equation

The production function is estimated for each of the 19 industries considered to
obtain the estimated coefficients of the production function. Further, firm productivity is

estimated as a residual:

7See De Loecker (2013), Doraszelski and Jaumandreu (2013), or Kasahara and Rodrigue (2008) for similar

approaches for exports, R&D and imports, respectively.
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for j=1,..., 19, and where &)\l]t is the estimated productivity in logs for firm i belonging to

industry j at time t. Estimates of the input elasticities are shown in Table A.2 in Appendix

A.

4. The empirical model.

We will use a three-step procedure to examine the relationship between innovation and
productivity. To test the so-called self-selection hypothesis, we will first examine whether
the most productive firms are those that engage in innovation activities (either process or
product innovation). Second, we will analyse if those firms that engage in innovation
activities obtain rewards, in terms of productivity, when undertaking these activities, i.e.
the returns-to-innovation (learning-by-innovating) hypothesis. Finally, we will further
analyse whether these innovation activities (process or product innovation) are related at

the firm level, studying the potential linkages between them.

4.1 The self-selection hypothesis.

The primary argument supporting the existence of a process of self-selection of the more
productive enterprises towards the implementation of innovations is that the investment
associated to innovative activities involves sunk costs, at least partially. Sutton (1991)
considers that the existence of indivisibilities in the innovation activities generate sunk
costs that the non-innovative firms do not have to incur. In developed countries,
establishing R&D departments, acquiring specific physical assets, hiring or training a
specialized workforce, collecting information on new technologies, and organizational
changes or adjustments to new technologies are activities that generate high expenditures
that restrict the access to innovation activities to many firms, and only the most productive

firms can afford them.®

8 Hall (2011), Mafiez et al. (2013) or Rochina-Barrachina et al. (2010) among others, find evidence of self-

selection for developed countries.
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For Colombian manufacturing, as for many Latin American countries, innovation
activities are more related with the adoption or acquisition of external innovations rather
than producing innovations internally, as it occurs in developed countries (Pagés, 2010).
Thus, many innovations in Latin American countries consist basically of incremental
changes with a minimal impact in international markets. Further, many of them are the
result of an imitation or copying process and/or technology transfers (Crespi and Ziniga,
2012). Nevertheless, even in the case of developing economies, there might still exist
sunk costs (that might be different from those related with the traditional innovation
activities) associated to searching for suppliers, customs procedures, contract
formulation, taxation, searching for high skill employees or transport activities, among
others. Further, there might exist other relevant costs, which may have an impact for Latin
America firms, such as market volatility, precarious financial system, or longer periods
to recover the innovation investment. All these point to the hypothesis that only the most
productive firms would incur these expenditures, as they may afford to face the
uncertainty associated to innovation, have larger financial resources and have access to

financial markets.

To empirically test the hypothesis that the most productive firms in a previous
period self-select into implementing (process or product) innovations in t, we estimate

the following probit model both for process and product innovations:

1 if ,Bgype + ﬂltypeTFPit_z + ,thypeSizeit_z + ﬂgypelmportit_z +
type _
FTI;™ = B:ypeExportit_z + ﬁéypeR&Dit_z + ,uﬁype + ugype + ei?pe >=0 (10)
0, otherwise

type
it

where the dependent variable (FTI for type= process, product) takes value one if the
firm implements a process (product) innovation for the first time in the sample and value
zero otherwise. As explained in section 2, we observe four cohorts of first-time process
(product) innovators (F77 in 2009-2010, 2011-2012, 2013-2014 and 2015-2016). Our
knowledge of each of these cohorts is limited to whether the company implemented at
least one process (product) innovation during each of the four biennium cohorts under
consideration; we are unable to determine the precise year in which the innovation was
actually implemented. This involves making certain methodological choices. Let us use
the 2013-2014 cohort of first-time innovators as an example. We could have a first-time
innovator in this biennium in either 2013 or 2014, meaning the company could have really

implemented the innovation in either year. So, in 2013, if the dummy variable for our
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probit model were set to 1, we may consider a company that had not yet adopted any
innovations as a first-time innovator. If a company had already implemented an
innovation during the biennium 2013-2014, the alternative would be to classify the
company as a first-time innovator in 2014. By doing this, we make sure that every first-
time innovator for the 2013-2014 biennium has introduced their innovation. This
methodology implies that in order to ensure that we are taking into account a firm
productivity prior to the implementation of an innovation for the first time, we must lag
productivity by two periods in order to test for self-selection of the more productive firms

into the implementation of innovations.

In our probit model (equation 10), we also include as covariates a vector of
observed firm characteristics that could affect innovation, such as firm size (Size), export
and import dummies (X and M, respectively), and, firm R&D intensity (R&D, calculated
as the ratio of R&D expenditures over sales). We lag this vector of observed variables
two periods using the same arguments explained for lagging productivity. We also control

type

for industry, u2P¢, and time effects, u;”"°.°

In Table 2, we report the estimates of equation (10) for process innovations. We
estimate three specifications. In the first one, in addition to TFP, we only control for firm
size, and time and industry dummies. In the second, we further include firm importing
and exporting status. Finally, in specification 3, we control both for firm import and

export status and firm R&D intensity.

[Table 2 around here]

Our estimation results confirm the existence of a process of self-selection into the
adoption of process innovations, regardless of the set of controls included in the
calculation (the estimate for TF P;;_, is positive and significant in all specifications). The
impact of past productivity on the probability to introduce process innovations is
remarkably stable across all specifications (around 0.05), which indicates that the results
are quite robust to different sets of controls. Therefore, this confirms the existence of sunk
costs related to the implementation of process innovations, as only the most productive

Colombian manufacturing firms can overcome them.

® The definitions of the variables can be found in Table Al in Appendix A.
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Regarding the controls, there is evidence that the likelihood of introducing process
innovations increases with company size because the estimate of firm size is positive and
significant in all specifications. This suggests that, in emerging economies, large
enterprises may have better access to financial resources to acquire technology or
technologically embodied goods from abroad than do small firms. Further, the estimates
corresponding to R&D intensity in specification 3 are not significant. Three possible
explanations to this result are as follows: first, the limited number of firms investing in
these activities (23.5% on average for all industries); second, the important gap from the
technological frontier; and, third, the limited incentives to invest in these activities (Crespi
et al., 2016, Acemoglu et al, 2006). These findings are in line with those found for some
countries in Latin America, such as Chile (Alvarez et al., 2010b) and Mexico (Pérez et

al., 2005b).

We present the estimates for equation (10) for product innovations in Table 3. The
same three specifications that we estimated for process improvements are used here as
well. The estimate of TFP;;_, is positive and statistically significant, regardless of the
specification taken into consideration, which provides evidence in favour of a process of
self-selection of the more productive enterprises into the implementation of product
innovations. Regarding the controls, we confirm that the likelihood of implementing
product innovations is directly related with the size of the firm (Griffith et al, 2006;
Benavente, 2002). Interestingly, the estimates corresponding to the import status dummy
are positive and significant in those specifications that include the firm import and export
status. This may indicate that businesses are introducing new products to the market
utilising imported intermediate inputs that incorporate technology or imported inputs of
higher quality. This is a very noteworthy finding since, to the best of our knowledge, it
represents the first empirical proof of a link between imports and innovation for a
developing country (or at least for Latin America). We do not find evidence to support
Colombian manufacturing ability to convert R&D into product innovations, as we did for
process innovations (the estimate associated to lagged R&D in specification 3 is not
significant). This finding is in line with most of the empirical evidence found for Latin

America on the R&D-innovation link (Crespi and Zuniga, 2012).

[Table 3 around here]

It is significant to note that the impact of prior productivity is greater for product

innovations than for process innovations across all specifications, which may be related
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to the higher propensity for Colombian manufacturing (and firms in general in Latin
America) to implement product innovations as well as the significant contribution of
capital goods and machinery to the firms’ total innovation investment (Crespi and Zuniga,

2012).

In summary, our findings are in line with the scarce studies for Latin America.
Whereas there is evidence of self-selection only into the implementation of product
innovations for Brazil and Argentina (Chudnovsky et al., 2006; Raffo et al., 2008), for
Chile and Mexico (Alvarez et al., 2010a; Brown and Guzman, 2014) there is only
evidence of self-selection into the implementation of process innovations. In the
particular case of Colombia, our findings are similar to those by Crespi and Zuniga
(2012), Crespi et al. (2016) or Gallego et al. (2013), among others, since they find
evidence of self-selection for both types of innovations. However, their results are not
strictly comparable with ours, as the statistical methodology is different and they do not
consider an endogenous Markov process to estimate productivity, therefore a direct

comparison is not straightforward.
4.2. Testing for the returns-to-innovation hypothesis.

The existence of a process of self-selection of the more productive enterprises towards
the adoption of both process and product innovations (analysed in previous section),
should be considered in the analysis of the impact of innovations on productivity.
Therefore, a simple comparison of the TFP growth of first-time innovators and non-
innovators, after the former start implementing innovations, does not allow determining
whether the observed differences are due to self-selection or returns-to-innovation. This
is because if selection into the implementation of innovations is not random, but rather

the more productive firms self-select into the implementation of innovations.

Ex-ante more productive first-time innovators (FT7)'

might show higher
productivity in the future, even if they do not introduce any (product or process)
innovation. To properly control for the direction of causality from innovating to
productivity growth, we should compare the productivity growth of a FTI after

introducing innovations for the first time with the productivity growth of the same firm

10 We use the general term of first-time innovators without specifying if they are process or product

innovators for the sake of simplicity.
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should it had not introduced any innovation. The problem is that we do not have
information about the counterfactual situation (the productivity growth of a 77 should it
had not introduced any innovation). We create this counterfactual using matching

techniques in order to find a solution to this problem.

More formally, let Az denote the growth rate of TFP and D;; € {0,1} be an
indicator taking value 1 if the firm is a /77, and 0 otherwise. We define Azil(t tst+s+1) @S
the TFP growth between ¢+s and t+s+1 (with s > 0) for firm i classified as a F'77 in ¢,
and, Azl-o(t +st+s+1) as the TFP growth rate for the same firm, in the case it was not

innovating for the first time. Therefore, the causal effect of implementing an innovation

for the first time, in terms of TFP growth, from #+s to +s+1, can be defined by:

1 0
AZjtistes+1) — AZi(t4strs+1) (11)

Furthermore, on the basis of the policy/treatment evaluation literature (Heckman
etal., 1997), we may define the average effect of implementing an innovation for the first

time, on firms’ TFP as:

1 0 —_ 1) —
E(Azi(t+s,t+s+1) - Azi(t+s,t+s+1)|Dit = 1) =

(12)
E(Azil(t+s,t+s+1)|Dit = 1) - E(AZL‘O(t+s,t+s+1)|Dit = 1)

The main problem for causal inference in observational studies is that the
counterfactual for F77s is not observed. The average TFP growth rate that F'77s would
have experienced should they not have implemented any innovation, Azio(t +s,t+s+1)> 18 DOt
observed, and thus one needs to approximate it. Using matching techniques one can
identify, among the pool of non-innovators in #, those with a distribution of observable
variables in -2 (X;_,), affecting both productivity growth and the probability of
implementing an innovation, as similar as possible to the distribution of /'77s. Therefore,
one can then assume that, conditional on observable variables, firms with the same
characteristics are randomly exposed to the event of implementing an innovation.

Therefore, equation (12) can be replaced by,
E(Azil(t+s,t+s+1)|Xit—2; Dit = 1) - E(AZL'O(t+s,t+s+1)|Xit—2; Dit = O) (13)

The vector of variables that may affect firms’ probability of implementing an

innovation and TFP growth is substantially large. Thus, it is important to choose the set
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of relevant variables to match firms (and the appropriate weights if one is interested in

building an index from these variables).

Rosenbaum and Rubin (1985) proposed using propensity score techniques to
overcome these problems. This method combines all the information conveyed by the
vector of variables (that potentially affect the probability of becoming a first-time
innovator) into a scalar, that is the predicted probability of implementing an innovation
for the first time. The most relevant feature of this method is that if the probability of
becoming a F77 is random conditioning upon a vector of observable variables, it is also

random conditioning on the predicted probability of becoming a F71.

Applying the propensity score matching involves two steps. In the first step, we

obtain the propensity score as the predicted probability from the following probit model:
P(Dy = 1) = (Xit—2) (14)

To guarantee that E (Azl-o(t +st+s+1)|Die = O) is a good counterfactual for

E (Azlp(t +st+s+)|Die = 1), one needs to assume that the conditional independence

assumption holds. This implies assuming that all relevant differences between FT77s
(treated group) and non-innovators (control group) are captured by the set of observable
firms’ characteristics included to calculate the propensity score. This assumption also
implies that, conditional on the vector of observables X, the potential productivity growth
in case of not implementing an innovation for the first time does not depend on the

treatment assignment between being a first-time innovator or a non-innovator.

Our vector of observables in the probit regression includes: productivity, size (as
measured by the number of employees), firm capital, imports and exports dummies, a
dummy taking value one if the firm performs R&D, and a labour qualification variable
(measured by the proportion of skilled workers).!! Including previous productivity in the
vector of observables aims controlling for the self-selection of the ex-ante most
productive firms into the implementation of innovations, and, it contributes to reduce the

problem of observational equivalence. '?

"' We also include a set of industry-year dummies. The estimates of the probit models used to calculate the
propensity score can be found in Table A3 in Appendix A.
12 Further, including lagged TFP to calculate the propensity score “strengthens causal effect identification

strategy, as the TFP measure captures all (firm) specific unobservable factors that could be generating
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In the second step, we construct the counterfactual for the second term in (13)
using the nearest neighbours matching procedure. This procedure matches F77 with an
average of the k non-innovators with the closest propensity score. Therefore, if our
purpose is to obtain an estimate of the extra productivity for first-time innovators for
period #+s to t+s+1, we will compare the average productivity growth for F'7/s and the
average productivity of the matched non-innovators (counterfactual for the unobserved
productivity growth that F7/s would have experienced had they not implemented any

innovation).

At this point is necessary to make some methodological remarks. Given the
structure of the Colombian innovation survey, we only know whether the firm introduced
an innovation in a period of two years, but we do not know the precise year in which the
innovation was actually implemented. This implies to take some relevant decisions
regarding the calculation of the rate of growth for F'77. As before, we will use the second
year within a two-year period as the first year to calculate the rate of growth of
productivity. This ensures that all F'77s have introduced their innovations, and so we are
calculating growth rates that are potentially affected by the introduction of innovations.
Using this procedure to calculate the TFP growth rates, for example we get that for the
cohort of first-time innovators in 2009-2010, we can calculate Az,_; (the growth rate of
productivity for 2010-2011), 4z,_, (the growth rate of productivity for 2011-2012),
Az,_5 (the growth rate of productivity for 2012-2013), Az;_, (the growth rate of
productivity for 2013-2014), 4z,_s (the growth rate of productivity for 2014-2015) and
Azs_¢ (the growth rate of productivity for 2015-2016).

However, due to data availability, for the cohort of F77s in 2011-2012, we are
able to calculate Az,_, 4z,_,, Az,_3 and Az;_,. Finally, for the cohort of F71s in 2013-
2014, we can only obtain Az,_4 and Az, _,. Finally, as we do not have data after 2016 we
cannot calculate any growth rate for F77s in 2015-2016. As for the growth rate of
productivity for non-innovators (firms that do not implement any innovation over the
years they are in the sample), we measure it as the average growth rate over the years
they are in the sample. In order to test for the existence of returns to innovations using a

minimum number of observations, to ensure the reliability of our results, we use matching

additional productivity gains, conditional on inputs and inputs shares” (see page 1389 in Maiiez et al.,

2013).
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techniques to compare the growth rate of F'77s and the corresponding matched for non-
innovators for the periods ¢ to t+1 (4zy_1), t+1 to t+2 (4z,_,), t+2 to t+3 (4z,_3) and

t+3 10 t+4 (Az3_4).">

In Table 4, we present the main results. Column 3 displays the extra productivity
growth (EPG) for FTIs. We provide EPG estimates for the periods ¢+s to t+s+1 with
5=0,...,3 to analyse EPG persistence for FTI. Both process and product innovations
produce an extra productivity growth for first-time process and product innovators over
non-innovators. Also, both for (process and product) FTIs, the effect of starting to
innovate on productivity is not immediate but it arises with some lag: one year in the case
of first-time process innovators, and two years in the case of first-time product innovators.
Furthermore, the extra productivity growth stemming from introducing either a process
or a product innovation for the first time only lasts one year. Thus, first-time process
innovators obtain a 3.9% extra productivity growth (over non-innovators) from #+1 to
t+2; and, first-time product innovators are rewarded with a 5.2% extra productivity

growth from #+2 to ¢+3.1

[Table 4 around here]

Therefore, our results provide evidence in favour of the hypothesis of returns to
innovation, as both the implementation of process and product innovations results in an
extra productivity growth for innovators. Furthermore, it is important to note that this
extra productivity growth is not immediate but happens with some lag and it only lasts
one period.!'® The scarce duration of the extra productivity growth enjoyed by FT7 could

be related to the fact that the innovations introduced by most of the Colombian

13 The number of FTTs (either product of process) for which we can calculate growth rates of productivity
beyond A4z;_, is too small. Therefore, we refrain from extending our analysis beyond the comparison of
Azs_, for FTIs and matched non-innovators.

4 We show in Appendix B the relevant statistics showing that our matching procedure is appropriate to
balance the distribution of the relevant variables of £ 77s and matched non-innovators, when one conditions
on the propensity score. More specifically, to assess the quality of the matching procedure, we calculate
the pseudo R? and a test of joint significance, following Sianesi (2004), and the median absolute
standardized bias before and after the matching, following Rosenbaum and Rubin (1985).

15 Similar results have been found in Spain for process innovations (Mafiez et at., 2013) , where the EPGs
are close to 4.5% in the period t/t + 1. Further, they also obtain that in the remaining periods the effects

are not significant, as we obtain for the Colombian case.
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manufacturing firms are innovations with low-impact. They mainly consist of embedded
technologies in machinery/equipment or are the result of copying or imitating other firms.

This may also reflect problems of appropriability of the knowledge created in Colombia.

Similar empirical studies for developing countries are pretty scarce. See Arbelaez
and Torrado (2011), for the returns to (product) innovation (or marketing and
management) inovations on productivity. However, our results can be compared with a
previous study for Latin America carried out by Demmel et al. (2017) using a similar
methodology. They found that upper-middle income countries, such as Argentina and
Mexico, obtain returns to innovation in terms of productivity for all innovation types; but,
they do not find evidence for innovation rewards in the lower-middle income countries,

such as Colombia and Peru, neither for process nor for product innovations.
4.4. The link between process and product innovations.

After studying the self-selection and returns-to-innovation hypotheses, we now study the
links between the firm’s decisions to implement process and/or product innovations. For
this exercise we use all firms that may implement both types of innovations (not only

FTIs).

When studying these potential joint decisions, we will account for
sunk/continuation costs associated to this decision. For this analysis we consider that a
firm implements a process and/or product innovation in year ¢ whenever the current
increase to gross operating profits associated with that decision plus the discounted
expected future returns in year ¢ exceed the sunk/continuation costs. The existence of such
costs implies that firm’s current innovation strategies (process or product) will depend on

past choices of these strategies. '

Our empirical model for the joint likelihood of implementing process and product
innovations will be specified in terms of the lagged innovation status (in both
implementing process and product innovations) and a reduced-form group of variables
proxying for the payoffs to each activity and, hence, firms’ capabilities to push their
expected profits above sunk entry/continuation costs. It should be noted that in this

framework, the lagged innovation status might capture sunk costs, but also path

16 See for example, Aw et al (2011) or Mafiez et al. (2009) for a framework on the estimation of sunk costs

for firms’ export and/or R&D decisions.
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dependency (those firms that innovate in the past are more likely to innovate today) and
learning effects. In this work, learning effects capture: learning-by-doing; learn-to-learn;

and, dynamic increasing returns processes that characterize firms’ innovation activities.
>, dy.

Therefore, we estimate a dynamic panel data discrete choice model for the
decisions to implement a process and/or product innovation, in which the choice

probabilities in year ¢ are conditioned on the previous vector of state variables for that

year:
1if  6)"“Process;_ + 0V “Producty_, + BPZE, + 78 “Prcy, + ub' ¢
Process;; = +ng” + el?;” >0 (15)
0 otherwise
1if 6P Product,_, + 67 *Process;_, + BP™4Z"% + 7P Prd,, + puP™
o itz T 04 it-2 it-2 T Yio io T U¢
Product;, = +S]_Prd +el >0 (16)

0 otherwise

where 0, identifies the sunk/continuation costs and possible path dependence or learning
effects; 0, captures the impact of introducing a process (product) innovation in a previous
year on the likelihood of introducing a product (process) innovation today; 87" and 67 rd
capture potential cross effects between the two types of innovations; Z;;_, is a vector of
control variables that accounts for TFP,!7 size, R&D intensity, exports and imports; u; is
a vector of year dummies and s; is a vector of industry dummies. Finally, €;; is an error
term that we assume has two components, a permanent firm-effect and a transitory
component. Our estimation methodology will consider the potential simultaneity of the

two firm’s decisions through the estimation of a bivariate probit specification, in which

we also account for correlated individual effects (as we explain later).

The EDIT is a biennial survey that, as was explained in earlier parts, does not
specify the precise year that a company implements an innovation. In our empirical work,
we will therefore consider a firm to have introduced an innovation in the second of the

last two years if it claims to have done so in the previous two years. We select this option

17 We include TFP to capture a process of self-selection/continuation of the more productive firms into
implementing process and/or product innovations. As explained in section 3.3, TFP has been calculated by
industry following Wooldridge (2009) method. This method has been modified to consider an endogenous
Markov process for the law of motion of productivity that allows current productivity to depend on past

process and product innovations.
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to make sure the company has already implemented the innovation in the year we consider
it to be an innovator. Considering the firm as innovator the first of the two years would
not guarantee that the innovation has already been implemented by the company. This
means that in order to prevent potential endogeneity issues, we should lag our explanatory

variables by two periods.

We want to account for the possibility that product (process) innovation
experience can encourage the implementation of process (product) innovations by
introducing cross effects between process and product innovations. Many businesses may
benefit from the information gained from the implementation of any innovation (process
or product) once they begin innovating. This will make it easier for them to engage in
additional types of innovation. We provide two channels to explain this process. On the
one hand, businesses benefit from a learning process because they have gained expertise
in a variety of areas, including: acquiring innovations from abroad, investing in and
managing R&D labs, hiring skilled labour, managing the legal framework surrounding
the acquisition of new knowledge, and innovation marketing, among other things. On the
other hand, as Mantovani (2006) explains, businesses invest in product (process)
innovations before evaluating their profitability in relation to their investment. This
decision is taken under two criteria: the relative efficiency of innovating in process
(product) vs. product (process); and, the expansion of the market in the presence of cost
reductions. In other words, the first criterion analyses the expenses of putting various
innovative activities into practise, and the second considers the role of the initial

conditions in making that decision.

Further, we consider the role of international trade on the firms’ decision to
undertake innovation activities. For that reason, we include in the analysis past imports
of intermediates and output export experience. Following Aghion et al. (2018), firms’
previous exporting activities might enhance their market scope and this may foster
innovation. In the case of imports, these activities allow firms to obtain product
innovations from abroad embodied in machinery or equipment (Crespi and Zuniga,
2012), especially in developing countries. Further, importing also implies that firms
would need to implement/improve some process innovations in order to have access to

foreign suppliers.
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Since we do not observe firms’ process and product innovation choices before
they appear for the first time in the dataset, we might have an “initial conditions” problem.
To solve this problem, we control for correlated unobserved individual heterogeneity
using the fixed effects approach developed by Blundell and Bond (1998) and Blundell et
al. (2002). According to this approach, the initial values of the dependent variable

(process and product innovations: Prc;,, Prd;,) are sufficient statistics for the
unobserved fixed effects.!® Finally, it is worth mentioning that we consider
simultaneously the two innovation decisions at the firm level. For that reason, we use a

bivariate probit model assuming correlated error terms between the two equations.

Table 5 presents the results obtained from estimating the two equations using a
bivariate probit model. To compare the incidence of unobserved fixed effects we consider
two specifications: in the first one, we do not include pre-sample means of the dependent
variables; and, in the second one, we control for (the potential) initial conditions problem
including the pre-sample means of the dependent variables. As it is possible to observe
in Table 5, including these pre-sample means (to control for unobserved heterogeneity)
the estimates of the explanatory variables are slightly smaller, although none of them

changes their sign or losses significance.

[Table 5 around here]

Our findings show that the estimated coefficient for lagged process (product)
innovation, (67 , ™), in the process (product) equation is positive and statistically
significant (regardless of the specification considered), providing evidence of persistence
in the implementation of process (product) innovation activities. Specifically, prior
experience with implementing a process (product) innovation positively influences the
current probability to implement process (product) innovation. Further, the size of these
estimates does not change much when we include in estimation the pre-sample means of
the dependent variable. As previously mentioned, this persistence in the implementation
of process/product innovations may be caused by path dependence, learning effects, and
sunk costs associated with the introduction of (process, product) innovation. Once a firm
overcomes the initial sunk costs associated to implement a process/product innovation for

the first time, continuing to do so may result much easier. We are unable to discriminate

18 Blundell and Bond (1998) suggest that the permanent effects might be captured by the entry pre-sample

means of the dependent variables.
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between these various hypotheses, which are not necessarily mutually exclusive, in our

setup.

It is important to remark, that according to our estimates, process innovation
implementation is more persistent than product innovation implementation. The estimate
for lagged process innovation in the process innovation equation is larger than the
estimate for lagged product innovation in the product innovation equation in both
specifications 1 and 2. The initial conditions (pre-sample means of the dependent
variables), which capture the long-term influence through the firm's individual effects,
further support the importance of persistence. This outcome is, as far as we are aware, the
first empirical proof of innovation persistence (in activities involving process and product
innovation) for Colombian manufacturing. The scant available literature focuses on

applying a CDM framework to analyse self-selection and learning-by-innovating.

A second important result we uncover is related to the existence of cross effects
between process and product innovations. In fact, the estimated parameters associated
with cross lagged product and process innovations (877 , 87 rd) in the process and
product equations are positive and statistically significant. This indicates that
implementing one of the innovation activities increase the probability to implementing
the other one; i.e., firms introducing product innovations today, have a higher probability
to implement process innovations in the future and vice versa. Furthermore, the nurturing
effects of past process innovations on the likelihood of implementing product innovations
is larger than those of past product innovations on the probability of implementing
process innovations. A possible explanation of this fact could be that introducing
productivity enhancing process innovations improves the competitiveness of Colombian

manufacturing firms and allows them to generate the necessary resources to implement

product innovations.

As regards the control variables, our estimations show evidence of self-
selection/continuation of the more productive firms into the implementation of process
and product innovations. The estimated parameters associated with lagged TFP are
positive and significant for both types of innovations (regardless of whether we control
for initial conditions). However, the impact of past productivity on the current likelihood

of innovation seems to be greater for product than for process innovations (the estimates
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of TFP;_, in the product innovation equation, about 0.08, are larger than those in the

process innovation equation, about 0.03).

As for the impact of firms’ internationalisation strategies, our estimates confirm
that both past experiences (importing intermediates and exporting) have a positive impact
on the likelihood of implementing process and product innovations. Interestingly, whilst
the positive impact on the likelihood of implementing process innovation is larger for
exporting than for importing, for product innovations the opposite is true. If we consider
that Colombia is an emerging economy, the higher impact of exporting on the probability
of implementing process innovations could be related to the need of adopting productivity
enhancing (cost reducing) process innovations that may allow Colombian manufacturing
firms to remain competitive in international markets.!” As for the higher impact of
importing intermediates in the probability of implementing product innovations it could
be signalling that importing intermediates grants access to Colombian manufacturing
firms to a wider range of (very likely) higher quality inputs that eases the introduction of

product innovations.

Our estimates also suggest that firm size has a positive effect both on the
likelihood of introducing process and product innovations. The linkages between
innovation and firm size are many in emerging economies: lower average fixed costs,
economies of scope and diversification in R&D activities, and a better appropriation of
spillover effects (Crespi and Zuniga, 2012). The lack of significance of past R&D
intensity is not surprising, since in an emerging country as Colombia, firms’ innovations
could be related to firms’ informal innovation activities not necessarily caught by their

R&D expenditure.

Finally, as we consider simultaneously both product and process innovation
decisions, at the bottom of the Table 6 we report the Wald test for the correlation of these
activities. We strongly reject the null of no correlation between the error terms of the
process and product innovation equations in the two bivariate probit specifications (with
p-values about 0). Therefore, the joint estimation of the two equations is the correct

estimation strategy.

19 It should be considered that price (and so cost) is a crucial determinant in the exports of an emerging

country like Colombia.
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[Table 6 around here]

All in all, we can point out that process and product innovations are two closely
related firm strategies in Colombia. They are also influenced by other variables such as
productivity, exports and imports. In this sense, previous productivity of the firm boosts
the probability of implementing product and process innovations in the future. Moreover,
import and export activities foster firm’s innovations, which implies that the recent
international trade liberalization in Colombia could contribute to technology diffusion

and innovation.

5. Concluding remarks

This article has analysed thoroughly the relationship between process and product
innovation and productivity for Colombian manufacturing. In particular, we have
explored: the hypotheses of self-selection and learning by innovating and the linkages
between process and product innovations. For this purpose, we have introduced firms’
innovation strategies in the Markov process to estimate firm’s productivity, using De
Loecker (2010) approach and Wooldridge (2009) estimation procedure. We performed
our estimates in three different econometric methods: probit model, propensity score

matching and bivariate probit model.

Our main empirical results may be summarized as follows: i) we find evidence
that the most productive firms self-select into implementing process and/or product
innovations in the future; ii) we also uncover that firms that implement process or product
innovations increase their future productivity (returns to innovation) but only in one
period. Hence, there is evidence of self-selection but we find weak evidence of learning
by innovating in Colombian manufacturing; iii) there is a strong link between product
and process innovations, since there exists a high persistence and complementarity in
both activities; and, iv) other results show that the most productive, larger and
internationalised firms are more likely to implement both process and product

innovations.

Implementing process and product innovations plays a significant role for the
Colombian manufacturing industry despite the low percentage of innovative enterprises,

poor expenditures on R&D activities, low percentage of qualified people, and sparse
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connections with international markets. We uncovered that process and product
innovation improve future firms’ performance. Further, there exists a two-way
relationship between process and product innovations, that implies that a firm
implementing only process (product) innovations might improve its performance through
product (process) innovations. This is significant in emerging economies where process

innovations are more common than product innovations.

All our findings suggest that there is a high potential in the local industry as a
source of economic growth despite the poor indicators of innovation. The processes of
self-selection and learning by innovating exist and can be reinforced to achieve greater
impacts in the economy if the policy on innovations is appropriate. In this regard, we
advocate expanding public funding for innovation, strengthening the patent system, and
providing lending options through private banking, particularly to SMEs, to enable them
to acquire new and improved technology. Their productivity and competitiveness in both
the domestic and global markets will increase as a result. Additionally, and equally
crucially, policy should be addressed to convince small business owners of the benefits
of using innovations in the production processes because they very likely will improve

the future performance of the company.
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Appendix A.

Table Al. Variable definitions.

Variable Definition

FTI First time innovator. A firm that declares to have introduced an
innovation in a period, and not having implemented any innovation
since the first year it is observed in the sample.

TFP Logarithm of total factor productivity (see procedure for estimation
in section 3.3)

Size Logarithm of the number of employees.

Export (X) Dummy variable that takes the value of 1 if the firm exports output
in period ¢, and 0 otherwise.

Import (M) Dummy variable that takes the value of 1 if the firm imports
intermediates in period ¢, and 0 otherwise.

R&D Ratio of R&D expenditures over sales

Process Dummy variable that takes the value of 1 if the firm obtain a process
innovation in period ¢, and 0 otherwise.

Product Dummy variable that takes the value of 1 if the firm obtain a

Process pre-
sample mean
(P rcio)
Product pre-
sample mean

( P rdio)

Year dummies

Industry
dummies

product innovation in period ¢, and 0 otherwise.

Mean of process innovations in the years 2007-2009.

Mean of product innovations in the years 2007-2009.

Dummy variables taking value 1 for the corresponding year, and 0
otherwise.

Industry dummies accounting for 19 industrial sectors of the OECD
classification.
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Table A2. Estimates of input elasticities.

Industry Labour  Capital Materials Observations
Food/Beverages 0.208***  (0.068*** (,752%%* 11,050
Manufacture of textiles 0.316*** (.052%** (,583%** 8,280
Tanning and Leather 0.276%*** (0.042%** (,7]3%%** 2,321
Wood 0.205%**  (0.085%** (. 728*** 1,167
Paper 0.200%**  (0.084%** (., 747*** 1,028
Publishing 0.324%** (0.097%** (.516%** 3,722
Coking of refined petroleum 0.088*** (.078*** (. 829%*** 314
Chemical 0.274%** (0.054%** (. 710%** 5,397
Rubber and Plastic 0.257*** 0.045%** (.708*** 5,095
Non-Metallic Mineral Products 0.214%***  (Q.111%*** (.748%** 2,832
Metallurgical Products 0.289%**  (0.043%** (. 756%** 1,105
Metal products 0.293***  (.096%** (.583#** 4,584
Machinery and equipment 0.365%** 0.064%** (.569*** 3,679
Manufactures of Office 0.542%%%  (.185%**  (.373%** 83
Machinery and Electrical 0.188*** (.054*** (. 749%** 1,197
Appliance

Instrument Making Medical 0.526***  0.074**  0.498%** 542
Motor Vehicles 0.242%**  (.053%** (. 743%** 1,295
Ships and boats 0.166***  0.069**  0.702%** 290
Furniture 0.237*** (0.055%** 0.706*** 4,624

Note: *** #* * denote level of significance at 1%, 5% and 10%, respectively.
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Table A3. Probit models for the estimation of the propensity score.

First-time First-time
process innovator product innovators
TFP;t_» -0.009 -0.033
(0.020) (0.032)
Size;r_ 0.197%** 0.172%*%*
(0.019) (0.037)
Capital,, _, 0.037%** 0.022%%**
(0.011) (0.226)
Xit—2 -0.012 0.044
(0.037) (0.065)
\Y, P -0.064 0.194%%**
(0.041) (0.066)
R&D dummy 0.701%** 0.414%**
(0.034) (0.053)
Skilled labour;;_, -0.033 0.18
(0.351) (0.231)
N of Observations 28,391 24,551
Pseudo R? 0.227 0.177
Log-L -5147.359 -1285.23
Notes:

1. Robust standard errors are reported in parenthesis.
2, kxExxE denote level of significance at 1%, 5% and 10%, respectively.
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Appendix B. Quality of the matching.

To assess the quality of the matching procedure we use, we calculate the pseudo R* and
a test of joint significance, following Sianesi (2004), and the median absolute
standardized bias before and after the matching, following Rosenbaum and Rubin (1985).

These matching quality indicators are reported in Table 5.

Sianesi (2004) method implies re-estimating the propensity score using only the
matched sample (i.e. only first-time process or product innovators and matched non-
innovators) and comparing the pseudo R® before and after the matching. The probit
pseudo R* measures the ability of the covariates to explain the probability of introducing
a process (product) innovation for the first time. After the matching, we should not
observe systematic differences in the distribution of the covariates between first-time
process (product) innovators and matched non-innovators. Thus, the pseudo R? of a
probit performed on the matched sample should be quite low. As it can be observed in
Table 5, both for process and product innovations, the pseudo R? corresponding to the

probit regressions using the matched sample are quite small (the highest value we get is

0.005).

Furthermore, Sianesi (2004) suggests evaluating the quality of the matching
comparing a joint significance test of the probit regressors before and after the matching.
If the propensity score properly balances the samples of (process or product) F77s and
non-innovators, the null of non-significance of the regressors should be rejected before
the matching but not after the matching. As shown in Table 5, this is the result we obtain

both for process and product innovations.

A third statistic we use to evaluate the distance in the marginal distributions of the
covariates is the median bias. This bias refers to the mean standardised bias before and
after the matching, and it is calculated over all regressors (see Rosenbaum and Rubin,
1985). For a regressor X;, the standardised difference before matching is the difference
of the sample means of F77s and non-innovators as a percentage of the square root of the
average of the sample variances from the two samples (F7Is and non-innovators,
respectively). We calculate the standardised difference after matching in the same way
but using the corresponding values for the matched samples. As shown in Table 5 our

matching procedure produces a substantial reduction of the standardised bias.
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We consider that the evidence shown in Table 5 indicates that our matching
procedure performs quite well, as it ensures that the propensity score distribution is not

different between first-time process (product) innovators and non-innovators.

Table B1. Quality of the matching analysis.

Process Product
Innovation innovation

Before After Before After

(a) Probit pseudo R?

t/t+1 0.105 0.000  0.105 0.002
t+1/t+2 0.119 0.000  0.099 0.004
+2/t+3 0.115 0.000  0.094 0.005
t+3/t+4 0.131 0.000  0.081 0.003

(b) p>chi2 (LR test of joint significance of
the coefficients in the Probit regression)

t/t+1 0.000 0.941  0.000 0.991
t+1/t+2 0.000 1.000  0.000 0.945
+2/t+3 0.000 0.890  0.000 0.905
+3/t+4 0.000 1.000  0.000 0.966
(c) Median bias in the probit regression

t/t+1 32.100 1.000  66.200  5.200
t+1/t+2 35300 0.100 65.500  9.200
(+2/t+3 34800 0.900 66.400  7.400
+3/t+4 36.700 1.000  59.200  6.000
Notes:

1. Probit pseudo R? for process (product) innovators before the matching and in matched
samples (after matching).

2. p > x?is the p-value after the matching. This a test of the joint hypothesis that the the
regressors are jointly non-significant, i.e., that they are well balanced in the two samples.

3. Median bias refers to the median standardized bias before and after the matching.

40



Table 1. Innovation activities by industry and technological intensity.

Industries (ISIC 2-digit) N. N. N. % % Innovators R&D Employees  Skill workers in
Observations firms employees Innovators R&D % R&D in R&D firms R&D firms
Low-tech sectors
Food/Beverage/Tobacco 13,714 1,900 134.11 27.20 25.81 82.10 10.71 1.97
Manufacture of textiles 11,226 1,717 96.33 17.90 16.37 81.05 11.33 0.44
Tanning and leather 1,597 265 36.97 17.26 16.34 86.71 4.78 0.10
Wood 3,224 570 63.18 17.99 16.56 81.06 10.20 0.18
Paper 1,388 152 138.72 35.03 31.41 89.96 9.96 2.72
Publishing 4,935 827 52.92 23.00 20.41 85.23 6.40 1.07
Furniture 6,266 986 77.85 22.87 21.90 81.87 11.71 3.48
Med-Low-tech sectors
Coking of refined 422 67 150.35 24.52 24.64 77.59 13.74 29.94
petroleum
Rubber and plastic 6,371 867 79.97 26.20 23.78 87.07 9.27 0.85
Non-metallic mineral 3,585 489 116.38 26.39 26.67 83.23 16.33 2.00
products
Metallurgical products 1,477 215 107.53 23.39 23.16 85.48 7.97 1.40
Metal products 5,889 845 57.64 19.97 19.97 79.75 6.89 0.41
Machinery and equipment 4,714 645 61.04 23.62 22.97 81.91 7.03 0.58
Med-High-tech sectors
Chemicals 56,688 888 116.29 36.53 36.59 84.59 11.72 2.35
Machinery and electrical 51,558 215 96.68 32.56 32.61 85.04 8.23 1.53
appliances
Motor vehicles 1,734 246 93.88 27.50 25.32 87.08 13.34 2.05
High-tech sectors
Office equipment 135 9 37.70 27.14 29.63 81.82 4.03 0.08
Medical instruments 696 95 54.10 27.95 25.29 85.86 6.12 0.55
Ships and boats 412 53 198.48 31.13 31.80 94.03 20.61 2.36
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Total 76,031 11,051 93.60 24.71 23.55 83.37 10.30 1.71

Table 2. Self-selection into process innovations.

Specification 1 Specification 2 Specification 3

TFP;.; 0.049* 0.050%* 0.050*
(0.028) (0.028) (0.028)
Sizeir-2 0.248%** 0.252%** 0.252%*%*
(0.014) (0.016) (0.016)
Xir.2 - 0.003 0.003
(0.044) (0.044)
M. - -0.029 -0.029
(0.047) (0.047)
R&Dir2 - - 0.015
(0.023)
Constant -1.855%** -1.868*** -1.869%***
(0.104) (0.108) (0.108)
Year/Sector YES YES YES
dummies
N. of observations 17,856 17,856 17,856
Pseudo R? 0.1322 0.1322 0.1323
Log-L -3,851.417 -3,851.221 -3,851.045
Notes:

1. Robust standard errors are reported in parenthesis.
2, Fxx *% % denote level of significance at 1%, 5% and 10%, respectively.
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Table 3. Self-selection into product innovations.

Specification 1

Specification 2

Specification 3

TFP;., 0.164** 0.155%* 0.155%*
(0.078) (0.078) (0.078)
Sizeir.2 0.239%%** 0.205%** 0.205%%**
(0.040) (0.048) (0.048)
Xit-2 - -0.091 -0.092
(0.129) (0.129)
M2 - 0.275%* 0.275%*
(0.123) (0.123)
R&Di.» - - -0.006
(0.102)
Constant -3.344 %% -3.137%** -3.136%**
(0.273) (0.286) (0.286)
Year/Sector YES YES YES
dummies
N. of observations 7,273 7,273 7,273
Pseudo R? 0.1196 0.1254 0.1254
Log-L -367.751 -365.305 365.302
Notes:

1. Robust standard errors are reported in parenthesis.

2. ## k0 * denote level of significance at 1%, 5% and 10%, respectively.
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Table 4. Returns to innovations.

Process innovators

Observations Period EPG s.e.
1,771 (26,607) t/t+1 -0.002 0.010
1,373 (20,364) t+1/t+2 0.039* 0.022
1,282 (15,524) +2/t+3 0.001 0.009
997 (11,723) t+3/t+4 -0.008 0.017
Product innovators
Observations Period EPG s.c.
284 (24,264) t/t+1 0.002 0.030
227 (17,845) t+1/t+2 0.039 0.083
212 (15,713) +2/t+3 0.052%** 0.022
197 (11,737) t+3/t+4 0.029 0.041

EPG stands for extra productivity growth of first-time process (product) innovators over matched non-innovators.

Standard errors have been calculated using Abadie and Imbens (2006) correction.

In the observations column, we report the number of first-time process (product) innovators and the number of control observations in parentheses, imposing

common support.
s.e. stands for standard errors.

**% ** and * indicate significance at the 1%, 5% and 10%, respectively.
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Table 5. Biprobit estimation of product and process innovators.

Specification 1

Specification 2

Process Product Process Product
Process;;_, 0.589*** (0. 205%**  (,559%**  (.264%**
(0.023) (0.046) (0.023) (0.047)
Product;;_, 0.272%*%  (0.599%**  (.249%**  (,522%**
(0.051) (0.069) (0.052) (0.070)
TFP;_, 0.035* 0.077** 0.030* 0.084**
(0.021) (0.035) (0.021) (0.036)
Sizejr_, 0.221%**  (0.224%*** (0. 210%**  (.202%***
(0.009) (0.002) (0.010) (0.021)
Xit—o 0.088***  (.178***  (.083***  0.161***
(0.025) (0.056) (0.025) (0.057)
M;;_, 0.050%** 0.339***  (0.045%*  (.33]%**
(0.026) (0.054) (0.026) (0.056)
R&D intensity;, , 0.026 0.034 0.027 0.037
(0.027) (0.058) (0.027) (0.057)
Pre;, 0.232%**
(0.022)
mio 0.373%**
(0.057)
Constant S2.214%*%% 3 365%**k D D9FKEk 3 54Kk
(-0.068) (-0.131) (-0.068) (-0.137)
Year/Sector YES YES YES YES
Observations 30,119 30,119
Log-L -12136.482 -12055.846
Walt Test p = 0
x2 288.667 214.683
p-value 0.000 0.000

Notes:

1. Robust standard errors and reported in parentheses.

2. *xx *x * denote level of significance t 1%, 5% and 10%, respectively.
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