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Abstract: According to the literature on innovation, several vital factors or determinants favor
innovation in companies. In the case of R&D, significant advances have been made in the last two
decades, which have enriched our understanding of its impact on various innovation outcomes.
However, due to a lack of data availability, its study is difficult to address in emerging markets. This
is why, using microdata from 5588 firms, we investigate the relationship between R&D investment
and the impact on product and process innovations in different Latin American countries. We
contribute to the literature by employing a machine learning methodology and comparing its results
to a traditional innovation model. Our findings demonstrate the behavior of both product and process
innovation methods.
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1. Introduction

In Latin America, public support for science, technology, and innovation has increased
significantly since the early 2000s [1], and several achievements can be described: the emer-
gence of new actors, the increase in the amount of R&D funded by the business sector, the
successful performance in specific areas, and the increase in research productivity, among
other factors [2]. However, the determinants of investment adopted in Latin American
countries have responded differently from industrialized and Asian countries, establishing
different growth trajectories for developing and sustaining innovative activities [3]. Inno-
vation in firms has been analyzed, considering internal and external factors facilitating its
development. In the case of R&D, there have been significant advances in its effect on inno-
vation. However, due to the development-specific studies and the lack of data, it is difficult
to address this issue in emerging markets. Because of this, this study aims to investigate the
relationship between R&D investment and the impact on product and process innovations
in Latin American countries. We contribute to the literature by employing machine learning
methodology and comparing its results to a traditional innovation model with microdata
from 5588 firms. The results indicate the positive effect of R&D on innovation by firms and
the benefits of a machine-learning-based method.

Innovation is considered a source of competitive advantage in an increasingly chang-
ing environment. It has been widely studied as a determinant of business performance and
a result of other factors [4–6]. Moreover, there are different approaches to the analysis of
innovation at the firm level [7,8] or the systemic level, such as the clusters [9], the triple he-
lix [10], regional innovation systems [11], national innovation systems [12], and innovation
ecosystems [13].

Different classifications of innovations have been developed, such as managerial and
technological, incremental and radical, product, service, process, and disruptive innova-
tions [14,15]. However, some consensus has been developed with the proposal of the
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Oslo Manual, proposed by the OECD, which is the basis for the national firm innovation
surveys applied in the OECD countries and others. The third version of the Oslo Manual
defines four types of innovation: product and process innovations (named technological
innovations) and marketing and organizational innovations (named non-technological
innovations) [16]. The fourth version of the Oslo Manual describes the product (goods and
services) and process innovations. Specifically, it defines “a business innovation as a new or
improved product, or business process (or a combination thereof) that differs significantly
from the firm’s previous products or business processes and that has been introduced on
the market or brought into use by the firm” [17].

Additionally, different studies have been developed analyzing the key determinants
that favor development processes in firms, such as size, having qualified personnel, access
to sources of financing, inter-organizational cooperation, and research and development
(R&D), among others [5,6,15,18,19].

In the specific case of R&D as a firm’s innovation determinant, fundamental advances
have been made in the last two decades, enriching our understanding of its impact on
various innovation outcomes. However, there are still gaps between R&D and innovation
in firms [17], specifically the effect of R&D on the innovation type (product or process) in
Latin American countries. Microdata studies have mainly focused on firms’ R&D invest-
ment effects on productivity [20]. Although such empirical studies have found a positive
relationship between domestic R&D investment and productivity [21], showing that R&D
intensity is a determinant affecting the realization of technological innovations [22] and
examining the behaviors of these factors in different geographic regions will allow a greater
possibility for developing economies [23]. Evidence points to countries with higher levels of
investment in R&D and innovation having significantly higher economic growth rates than
other countries [21]. Therefore, the impact of research and development (R&D) investment
on firms is interesting but challenging to address in emerging markets due to the lack of
data availability. Therefore, using microdata from 5588 firms, we study the relationship
between R&D investment and the impact on product and process innovations in Latin
American countries.

There are two reasons for studying the economies of Latin America. First, according
to the literature review, we have identified that few papers address a group of countries
in this geographical area [6]. We have studied works that consider Asian [21,24], Eu-
ropean [25–29], and North American [30] countries. This lack of research gives us the
possibility to contribute, both methodologically and practically, to the literature. Evidence
suggests that firms sustaining their innovation activity will gain a significant advantage
in any post-COVID-19 recovery [31]. Secondly, the research results obtained in other
economies are not replicable in Latin American countries because the determinants of a
firm’s innovation are specific to each industrial sector and country. In this territory, there
are specific elements that affect innovation, such as institutional instability, difficulties
in accessing financing, low levels of inter-organizational cooperation to innovate, a low
presence of digital transformation in companies, and the presence of high levels of informal
competition, among others [32–36]. In fact, Latin America and the Caribbean account for
4% of the global total of patenting and scientific publications, and their countries rank in
middle and low positions in the global innovation index [37,38].

In this context, this study has two objectives. The first is to study the linkages between
R&D investment and innovation, focusing on a group of Latin American countries; the
second is to contribute to the methodology by using a machine learning model to compare
with the Crépon–Duguet–Mairesse (CDM) model [39], which has become the workhorse in
the empirical literature on innovation and productivity and has been applied to microdata
from more than 40 countries [40].

This paper is organized as follows: In the next section, we present the data and
methods used. In the results section, we report the findings. Finally, we discuss and
conclude our work.
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2. Materials and Methods

Our analysis utilizes the 2010 World Bank Enterprise Survey (WBES), which includes
specific questions about R&D and other relevant innovation activities. Using a stratified
random sampling technique, the WBES draws samples at random from the universe of
registered enterprises in each location. The core survey uses standardized survey instru-
ments to assess company performance and measure the investment climate of individual
economies worldwide.

The sample, as indicated in Table 1, consists of seven countries with the following per-
centages: Argentina, 18.86%; Bolivia, 6.48%; Chile, 18.49%; Colombia, 16.86%; Guatemala,
10.56%; Peru, 17.90%; Uruguay, 10.86%. Table 2 shows the average process and product
innovation level reported by each country’s surveyed companies. For example, 54.27% of
the enterprises examined exhibited product innovation in Argentina while 45.73% did not,
and 42.79% presented process innovation while 57.21% did not. The weighted average of
all countries shows that 43.70% of enterprises are active in product innovation and 37.70%
in process innovation.

Table 1. Selected countries from the WBES 2010.

Country No. Obs. % Sample

Argentina 1054 18.86
Bolivia 362 6.48
Chile 1033 18.49

Colombia 942 16.86
Guatemala 590 10.56

Peru 1000 17.90
Uruguay 607 10.86

Total 5588 100

Table 2. Innovation process and product level in 2010.

Country Product Process
Yes No Yes No

Argentina 54.27 45.73 42.79 57.21
Bolivia 20.17 79.83 19.34 80.66
Chile 43.27 56.73 37.27 62.73

Colombia 45.97 54.03 42.99 57.01
Guatemala 34.75 65.25 27.63 72.37

Peru 49.30 50.70 46.40 53.60
Uruguay 36.24 63.76 27.67 72.33

Mean 43.70 56.30 37.70 62.30
Notes: Variable definitions are as follows: Product innovation (LACe1): Dummy = 1 if this establishment
introduced any new or significantly improved products (goods or services) over the last three years, 0 otherwise.
Process innovation (LACe4): Dummy = 1 if this establishment introduced any new or significantly improved
processes for producing or supplying products (goods or services) over the last three years, 0 otherwise.

The summary statistic for each variable used in our analysis is shown in Table 3. A few
remarks are worthy of attention. Argentina, for example, has the oldest firms evaluated
(car1 = 32.99 years), while Peru has the youngest firms examined (car1 = 21.47 years). Most
enterprises in most countries have female ownership participation of much less than fifty
percent (see gend1). Most of the country has the majority of firms with female participation
in ownership. All variable definitions can be found in Table 4.
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Table 3. Descriptive statistics of Latin American countries in 2010.

Argentina Bolivia Chile Colombia Guatemala Peru Uruguay

Mean Mean Mean Mean Mean Mean Mean

car1 32.99 27.05 31.66 23.80 25.71 21.47 32.43
car2 88.03 90.50 89.09 92.68 88.82 90.49 90.78
car3 11.68 9.36 10.61 6.96 10.68 9.26 8.89

exporter 27.57 9.67 16.88 18.05 22.37 23.00 18.62
fin1 61.42 64.20 55.26 43.33 57.33 36.99 70.80
fin2 19.68 16.97 29.17 33.08 20.01 46.74 17.45
fin3 12.34 6.73 9.32 11.92 12.56 8.18 5.89

gend1 30.30 41.36 27.24 42.15 33.16 27.14 32.37
obst1 13.92 7.83 13.01 16.06 7.30 7.62 7.30

t1 34.54 24.12 35.08 31.28 15.87 25.42 17.37
t2 73.71 89.17 55.40 62.21 73.72 37.50 48.50
t3 71.90 68.31 71.60 69.28 72.24 70.89 72.37
t4 18.57 25.22 17.94 12.11 15.00 14.49 9.97
t5 83.19 67.31 75.02 69.75 58.74 66.10 58.48
t6 98.01 95.86 95.55 99.04 85.93 93.90 88.45

N 1054 362 1033 942 590 1000 607

Notes: Variable definitions are as follows: car1: firm’s age (years); car2: ownership—private domestic (%); car3:
ownership—private foreign (%); exporter: exporter (exporters vs. non-exporters); fin1: internal finance for
investment (%); fin2: bank finance for investment (%); fin3: supplier credit financing (%); fin15: % of firms with a
checking or savings account: gend1: % of firms with female participation in ownership; obst1: obstacles: Access
to finance; t1: % of firms with ISO certification ownership; t2: % of firms with annual financial statement reviewed
by the external auditor; t3: capacity utilization(%) (Manufacturing only); t4: % of firms using technology licensed
from foreign companies; t5: % of firms using the web to communicate with clients/suppliers; t6: % of firms using
email to communicate with clients/suppliers. The data source is the Central America Plus Ecuador Panel Data
Enterprise Surveys Indicator Database.

Table 4. Definition of variables used in this study.

Variable Name Definition

Investment R&D LACe6 Dummy = 1 if the firm declared expenditure in R&D, 0 otherwise

Innovation expenditure
per employee LACe7 log of Innovation expenditure per employee

Medium Size a6a Dummy = 1 if firm size Medium, 0 otherwise

Large Size a6a Dummy = 1 if the firm size is Large, 0 otherwise

Capacity utilization between
{50%–80%) f1 Dummy = 1 if companies have a medium level of investment opportunities

(capacity utilization between 50% and 80%), 0 otherwise

Capacity utilization ≥ 80% f1 Dummy = 1 if companies have high investment opportunities (capacity
utilization rates > 80%), 0 otherwise

Establishments a7a Number of establishments that form the firm

Foreign b2b The percentage of this firm is owned by Private foreign individuals,
companies, or organizations

Exports d8 Dummy = 1 if this establishment export directly or indirectly, 0 otherwise

Employees l1 log of the number of permanent, full–time workers ends of the last fiscal year

Intermediate-level education l9a Dummy = 1 if the average number of years of education of a typical full–time
permanent production worker is between 10 to 13 years, 0 otherwise

High-level education l9a Dummy = 1 if the average number of years of education of a typical full–time
permanent production worker is over 13 years, 0 otherwise

Bank financing k3bc The proportion of this establishment’s working capital that was financed from
borrowing from banks (private and state-owned)
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Table 4. Cont.

Variable Name Definition

Non—Bank financing k3e The proportion of this establishment’s working capital that was financed from
borrowed from non–bank financial institutions

Age b5 log of age firm

Product innovation LACe1 Dummy = 1 if this establishment introduced any new or significantly
improved products (goods or services) over the last three years, 0 otherwise

Process innovation LACe4
Dummy = 1 if the establishment introduced any new or significantly improved
processes for producing or supplying products (goods or services) over the last

three years, 0 otherwise

2.1. The CDM Model

The original Crépon–Duguet–Mairesse model assumes that R&D and subsequent
innovation activities directly impact firms’ economic performance, usually measured by
labor productivity. In this case, we will use the first three of the four stages initially
proposed by [39].

In the first and second stages, the decision to invest in innovative activities and the
intensity of the innovation effort are considered. Thus, in the third stage, the expected
innovation effort becomes an input for the probability of introducing different types of
innovations, in our case, product and process innovations. Product innovation is what
customers perceive as a new product. In contrast, process innovation involves new methods
to reduce the cost of existing products or to enable new ones [41].

In detail, the first two equations deal with investment in innovation activities, which
consists of two decisions: whether to invest, gi, and the magnitude of the investment, ri.
The latter is only observable when the firm invests a positive amount, τ:

gi =

{
1 i f g∗0,i = ∑ x1iβ1 + ε1i > τ

0 i f g∗0,i = α1Si + ∑ x1iβ1 + ε1i ≤ τ
(1)

ri =

{
r∗i = ∑ xi2β2 + ε2i i f gi = 1
= 0 i f gi = 0

(2)

In Equation (1), α1 is a parameter, x1i is a vector of explanatory variables, β1 is
the associated vector of coefficients and ε1i is an error term of decision 1. Similarly, in
Equation (2), corresponding to decision 2. The firm invests in R&D if g∗i , a latent variable,
is positive or greater than the constant threshold, τ. In turn, r∗i is a latent or true R&D
expenditure intensity for firm i determined by Equation (2). In particular, r∗i = ri, R&D
expenditure per employee, when firm i invests.

Given that r∗i is observable only when g∗i exceeds a minimum threshold, it is necessary
to specify a joint distribution for the unobservable components, ε1i and ε2. Specifically, they
are assumed to have a normal joint distribution:(

ε1i
ε2i

)
∼ N

((
0
0

)
,
(

σ2
1 ρσ1σ2

ρσ2σ1 σ2
2

))
(3)

where σ1 and σ2 are the standard deviations of ε1i and ε2i, respectively, and ρ is their
correlation coefficient. Equations (1) and (2) are estimated jointly through a generalized
maximum-likelihood Tobit model [42].

The third Equation of the system refers to the introduction of innovations, which
is observed as a binary variable. Its exact formulation depends on whether the firm’s
innovative output involves a product or process innovation. This formulation is coded as a
1 if the answer is affirmative and zero otherwise. The statistical specification of Equation (4)
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states the effects of a set of explanatory variables on the probability that the firm declares
some innovation activity:

Ii =

{
1 i f I∗i = α3r∗i ∑ x3iβ3 + ε3i > 0
0 i f I∗i = α3r∗i ∑ x3iβ3 + ε3i ≤ 0

(4)

where Ii = 1 if the firm innovated in products and/or processes. The coefficient α3 is a
measure of the impact of research expenditure on the firm’s propensity to innovate, i.e., a
measure of the return to research.

Including the expected R&D intensity in Equation (4) offers two advantages. First, it
acknowledges that all firms may display an innovation effort, although only a few have
invested and reported R&D expenditure. Second, it enables instrumenting innovative
efforts in the knowledge production function by addressing the simultaneity between R&D
effort and the expectation of successful innovation [43].

Equation (4) will be applied to product and process innovation in the empirical imple-
mentation by fitting separate probit models. These two probit equations are a seemingly
unrelated system; they are based on the same independent variables (see Table 4 for
variables used in empirical implementation). To explicitly study the degree of pairwise
complementarity between the two types of innovations, it is necessary to correct for time-
invariant individual effects to not attribute complementarity to time-invariant individual
characteristics [44].

2.2. Algorithm LASSO

Once the CDM model was obtained, we performed in parallel the methodology
developed in (24). To the R&D propensity variable, as developed in machine learning
applications, a logistic model is applied to identify the relevant variables. However, more
than the logistic model is required to allow us to make the coefficients of the variables 0
when they are irrelevant. For this, we use the LASSO model, initially proposed by [45,46],
which corresponds to a logit model with L1 regularization, such that those irrelevant
variables have their regression coefficients as 0, thereby selecting the relevant variables and
reducing the over-fitting.

3. Results

Table 5 shows the confusion matrix for the third stage of the CDM model, considering
product innovation as the dependent variable. In general, the model correctly predicts at
least 67.41% of the time for Colombia and 86.74% at most for Bolivia. The model for all
the countries considered has a sensitivity more significant than the specificity, indicating a
higher proportion of true positives than true negatives.

Table 5. Confusion matrix stage 3 CDM model, product innovation.

Argentina Bolivia Chile Colombia Guatemala Peru Uruguay

Accuracy 76.94 86.74 68.25 67.41 77.46 68.30 77.59
Sensitivity 88.67 91.41 72.79 75.63 85.00 70.04 92.26
Specificity 72.08 67.61 62.74 61.50 65.65 66.73 63.55

Table 6 shows the confusion matrix for the third stage of the CDM model, considering
process innovation as the dependent variable. In general, the model correctly predicts at
least 64.09% of the time for Peru and correctly predicts 88.40% at most for Bolivia, as in the
case of product innovation. The model for all the countries considered has a sensitivity
more significant than the specificity, which indicates that it had a higher proportion of true
positives than true negatives.
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Table 6. Confusion matrix stage 3 CDM model, process innovation.

Argentina Bolivia Chile Colombia Guatemala Peru Uruguay

Accuracy 68.88 88.40 68.05 66.03 77.12 64.90 78.58
Sensitivity 83.95 92.23 73.80 73.95 81.20 69.31 84.41
Specificity 59.48 71.21 57.53 58.69 61.48 60.84 62.03

Table 7 presents the confusion matrix for the LASSO algorithm, considering product
innovation as the dependent variable. In general, the model correctly predicts at least
65.60% of the time for Peru and correctly predicts 77.13% at most for both Argentina
and Bolivia. The model for all the countries considered has a sensitivity higher than the
specificity, which indicates that it had a higher proportion of true positives than true
negatives.

Table 7. LASSO confusion matrix, product innovation.

Argentina Bolivia Chile Colombia Guatemala Peru Uruguay

Accuracy 77.13 77.13 67.09 68.37 76.10 65.60 76.44
Sensitivity 89.51 88.82 76.61 79.05 86.93 65.90 97.66
Specificity 72.10 67.24 59.61 61.30 62.07 66.11 60.97

Table 8 shows the confusion matrix for the LASSO algorithm, considering product
innovation as the dependent variable. In general, the model correctly predicts at least
62.90% of the time for Peru, as well as for product innovation, and correctly predicts 85.08%
at most for Bolivia. The model for all the countries considered has a sensitivity higher than
the specificity, which indicates that it had a higher proportion of true positives than true
negatives.

Table 8. LASSO confusion matrix, process innovation.

Argentina Bolivia Chile Colombia Guatemala Peru Uruguay

Accuracy 67.17 85.08 63.60 64.23 74.92 62.90 72.16
Sensitivity 92.13 89.14 63.60 73.36 76.77 65.60 72.65
Specificity 57.01 63.79 63.64 56.61 73.08 59.87 45.45

Table 9 shows the parameters of the CDM stage 3 to the introduction of the product
innovations model for each variable for the different countries. Notably, some parameters
are significant for all countries, such as Employees. On the other hand, the other variables
are significant in some countries and not in others. It is interesting that the positivity or
negativity of the parameters also changes by country; for some, the parameter contributes
to the Innovation Intensity, and for others, it reduces the variable’s value. This opens the
discussion to review what aspect may be idiosyncratic by country when establishing its
Innovation Intensity for each of its companies.
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Table 9. Probability of the introduction of product innovations stage 3 CDM model.

Argentina Bolivia Chile Colombia Guatemala Peru Uruguay

Innovation
IntensityPred 1.702 *** −0.919 *** −4.181 *** −1.693 *** 2.729 *** 5.398 *** 7.632 ***

(0.154) (0.266) (0.764) (0.271) (0.330) (2.063) (0.820)
Foreign −0.001 −0.002 0.025 *** 0.005 ** −0.006 ** −0.003 0.064 ***

(0.002) (0.004) (0.004) (0.002) (0.003) (0.002) (0.007)
Exports −0.913 *** −1.175 *** 0.674 ** −0.604 ** −3.663 *** −0.212 −1.695 ***

(0.228) (0.435) (0.300) (0.271) (0.578) (0.362) (0.331)
Medium Size 0.151 −0.480 1.639 *** −0.435 *** −0.602 *** 0.030 −6.481 ***

(0.123) (0.292) (0.291) (0.136) (0.199) (0.116) (0.739)
Large Size −0.125 −0.020 0.910 *** −0.411 *** −1.317 *** 1.561 ** −9.597 ***

(0.210) (0.407) (0.255) (0.158) (0.311) (0.653) (1.092)
Employees 0.182 *** 0.366 *** 0.130 ** 0.127 *** 0.229 *** 0.141 *** 0.183 *

(0.063) (0.115) (0.061) (0.046) (0.076) (0.051) (0.102)
Capacity

utilization
between

0.151 0.694 * −0.245 −0.050 0.189 0.199 0.372 *

[50%, 80%] (0.164) (0.355) (0.161) (0.156) (0.216) (0.159) (0.212)
Capacity

utilization ≥
80%

−0.068 −0.437 −0.629 *** −0.536 *** −0.105 −0.593 *** 0.396 *

(0.182) (0.415) (0.170) (0.176) (0.245) (0.168) (0.238)
Establishments −0.002 −0.003 *** −0.012 *** 0.037 0.002 −0.011 0.011 *

(0.003) (0.001) (0.004) (0.023) (0.002) (0.007) (0.007)
Middle

education −0.693 *** 0.125 3.819 *** 0.268 ** −3.025 *** 0.092 −5.031 ***

(0.147) (0.385) (0.555) (0.120) (0.417) (0.230) (0.589)
Bank financing 0.003 −0.002 0.003 * −0.001 0.007 * 0.001 −0.005

(0.002) (0.004) (0.002) (0.002) (0.003) (0.001) (0.004)
Non - Bank
financing 0.013 * 0.022 ** −0.004 −0.000 0.005 0.006 0.011

(0.007) (0.010) (0.005) (0.007) (0.007) (0.004) (0.011)
Age −0.052 −0.435 * 0.042 −0.024 −0.041 0.143 −0.018

(0.074) (0.244) (0.090) (0.110) (0.150) (0.093) (0.102)
Constant −9.700 *** 7.922 *** 42.507 *** 23.457 *** −11.714 *** −34.140 *** −45.333 ***

(0.956) (2.525) (7.926) (3.870) (1.507) (12.425) (4.853)
Observations 1048 362 1033 942 589 1000 603

*** p < 0.01; ** p < 0.05; * p < 0.1.

Table 10 shows the parameters of the CDM stage 3 to the introduction of the process
innovations model for each variable for the different countries. Notably, some parameters
are significant for all countries, such as Exports, which is negative for all countries, except
for Chile (0.843). On the other hand, the other variables are significant in some countries
and not in others. It is interesting that the positivity or negativity of the parameters also
changes by country; for some, the parameter contributes to the Innovation Intensity, and
for other countries, it reduces the value of the variable. This opens the discussion to review
what aspect may be idiosyncratic by country when establishing its Innovation Intensity for
each of its companies. For example, Bank Financing is positive and significant for Chile
(0.003), Guatemala (0.006), and Peru (0.002), and negative for Bolivia (−0.009); however,
Non-Bank financing is positive and significant for Bolivia (0.017) and negative for Colombia
(−0.021).
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Table 10. Probability of the introduction of process innovations stage 3 CDM model.

Argentina Bolivia Chile Colombia Guatemala Peru Uruguay

Innovation
IntensityPred 1.518 *** −0.905 *** −4.855 *** −1.790 *** 2.413 *** 3.397 * 6.914 ***

(0.155) (0.260) (0.787) (0.271) (0.326) (1.993) (0.770)
Foreign −0.004 ** −0.003 0.026 *** 0.001 0.002 −0.003 0.058 ***

(0.002) (0.004) (0.004) (0.002) (0.003) (0.002) (0.007)
Exports −0.812 *** −1.569 *** 0.843 *** −0.922 *** −3.576 *** −0.635 * −1.289 ***

(0.207) (0.459) (0.299) (0.272) (0.582) (0.366) (0.332)
Medium Size 0.171 −0.214 1.899 *** −0.389 *** −0.887 *** 0.100 −5.542 ***

(0.119) (0.301) (0.300) (0.137) (0.208) (0.115) (0.671)
Large Size 0.122 0.423 1.203 *** −0.208 −1.319 *** 1.256 ** −7.857 ***

(0.195) (0.460) (0.263) (0.155) (0.309) (0.632) (1.021)
Employees 0.095 * 0.338 *** 0.094 0.028 0.271 *** 0.086 * 0.012

(0.057) (0.129) (0.063) (0.046) (0.071) (0.051) (0.105)
Capacity

utilization
between

−0.013 0.479 −0.179 0.190 0.369 0.055 0.162

[50%, 80%] (0.153) (0.359) (0.163) (0.148) (0.230) (0.161) (0.217)
Capacity

utilization ≥
80%

−0.082 −0.625 −0.453 *** −0.337 ** 0.109 −0.739 *** 0.312

(0.170) (0.429) (0.175) (0.168) (0.255) (0.172) (0.243)
Establishments 0.002 −0.021 −0.010 ** 0.034 ** −0.016 −0.023 * −0.021 **

(0.002) (0.038) (0.005) (0.017) (0.018) (0.013) (0.010)
Middle

education −0.600 *** 0.302 4.183 *** 0.102 −2.575 *** 0.050 −4.898 ***

(0.141) (0.375) (0.576) (0.120) (0.421) (0.222) (0.559)
Bank financing 0.002 −0.009 * 0.003 ** 0.001 0.006 * 0.002 * 0.003

(0.002) (0.004) (0.002) (0.002) (0.003) (0.001) (0.003)
Non - Bank
financing 0.006 0.017 * 0.000 −0.021 *** 0.009 0.000 0.006

(0.007) (0.009) (0.005) (0.007) (0.007) (0.004) (0.010)
Age 0.020 −0.893 *** −0.121 −0.015 −0.232 0.060 0.043

(0.074) (0.284) (0.092) (0.110) (0.149) (0.090) (0.096)
Constant −8.936 *** 9.827 *** 49.952 *** 25.169 *** −10.002 *** −20.912 * −41.457 ***

(0.939) (2.601) (8.166) (3.878) (1.472) (12.018) (4.556)
Observations 1048 362 1033 942 589 1000 603

*** p < 0.01; ** p < 0.05; * p < 0.1.

4. Discussion

Our findings indicate that the CDM model outperforms the LASSO algorithm in almost
all cases, comparing the confusion matrix. We think that one way to consider a model of
superior quality is when it obtains better results in its confusion matrix since both models
perform different activities to fit the data. As we will explain, the CDM model attempts
to obtain two connections between innovation variables: innovation development and
innovation expenditure per number of employees. Thus, the model attempts to incorporate
this double dependence, which uses the variables with the highest relation to the adjustment
objective. These findings are similar to those found by [24]. The algorithm automatically
selects the least relevant variables by a statistical criterion and not by theoretical implication
on the determinants of R&D investment and the impact on product and process innovation.
The LASSO model attempts to fit the model only for the binary variable of whether or not
to innovate, either in process or product, adjusting to a single result.

When studying the determinants of R&D investment measured as the expenditure
per employee made by the firm, an excessive number of zero values are obtained since
the vast majority of firms do not invest in R&D. This suggests that such data should be
analyzed using limited dependent variable models (Tobit, Heckman selection, and others)
or count data models (Poisson, negative binomial or zero-inflated Poisson, and others).
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Otherwise, the results will be wrong since firms that do not intend to innovate would be
studied as if they did [47,48]. The most common applications of these limited dependent
variable models are the logit and probit models, both used to explore the determinants of
the probability of innovating together with its intensity in both developing economies [49]
and developing economies [43,50–52].

However, by far, the most widely used model for this type of study is the CDM
model in its original version of innovation and its relationship with productivity [53,54]. In
addition, multiple extensions or modifications have been made, such as adding a new first
stage to study the impact of public support. The central characteristic of these extensions
is to have panel data, thus having an observation that can be learned over time, which is
essential for studying the effects of public policy on innovation [55–59].

Considering the results, the Accuracy indicator is high, which means that the models
obtained are a good discriminator of whether the company innovates, the worst outcome
being for Chile in product innovation with 68.25% and Peru in process innovation with
64.9%. Interestingly, the Sensitivity and Specificity indicators also have high values, which
shows consistency in the classification.

Different authors have highlighted the effects of R&D on innovation, especially in
technological innovations [4,60]. However, the relationship between R&D and innovation
is still unclear, as different results have been found [60,61].

One of the parameters that are significant for product and process innovation in
all countries is employees. This is particularly important, as there is evidence that it is
imperative to examine the factors and dynamics that affect employees’ innovative behavior
in organizations [62]. Innovation requires cognitive, psychological, and physical efforts on
the part of the individual [63].

A striking element is that exports behave differently in different countries. This can
be explained by establishing that trade patterns result from technological differences be-
tween countries, which can increase or decrease according to innovation and diffusion
processes [64]. In addition, there is evidence that the market is essential. Exports with
a more comprehensive geographic range imply more innovation. Closer and more se-
cure markets provide less incentive for innovation activities than participating in broader
commercial ventures [65].

These findings enrich the literature on R&D and innovation in firms and have im-
portant implications for public policy. The CDM model makes it possible to predict with
a relative level of certainty whether a company will innovate in process or product and
how much it will spend on this decision, considering that innovation is a decision that
involves different levels of complexity in a company. This statement shows the importance
of promoting public policies that stimulate investment in R&D in innovation systems. It
can lead to companies becoming more competitive, directly affecting employment and
economic growth in the countries.

5. Conclusions

The findings of our research allow us to state two conclusions. First, the CDM model
obtains better results than the LASSO algorithm in analyzing R&D investment in process
and product innovation in Latin American countries. The CDM model and its autonomous
learning eliminate variables irrelevant to the analysis, and the CDM model attempts to
obtain two joint innovation variables: innovation development and innovation expenditure
per number of employees, allowing the highest relation to the adjustment objective.

The second conclusion is that R&D has a positive effect on process and product
innovation in Latin American firms. These findings enrich the literature on R&D and
innovation in firms and have important implications for public policy and firm strategies.
The CDM model makes it possible to predict, with a relative level of certainty, whether a
company will innovate in a process or product and how much it will spend on this decision,
considering that innovation is a decision that involves different levels of complexity within
a company.
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We recognize methodological difficulties in approaching such complex analyses at the
company and country levels. There is a lack of long-term indicators associated with Science,
Technology, and Innovation, which would allow us to better characterize the development
of countries, as well as some more appropriate indicators to measure the performance of
economies, and the socio-political environment of the countries.

This lack of information opens two great opportunities for future research. On the one
hand, the growing use of methods based on machine learning and deep learning allows a
deepening of the analysis of the relationships between different variables linked to different
management processes. In addition, these results, plus the growing availability of company
data, will enable the development of individual and joint analyses of the factors that lead
companies to innovate, especially in different contexts. These results, plus the increasing
availability of company data, will allow the development of individual and joint analyses
of the factors that lead companies to innovate, especially in different contexts.

To generate innovation (or increase the probability of its occurrence), companies
must implement a favorable environment in their organization and with their employees.
Addressing skills development and education will promote success [54,66].

Considering the positive effects of R&D on innovation in Latin American countries and
the need to increase the levels of innovation in companies, policies that favor the formation
of collaborative networks with national, but mainly foreign, organizations should be
generated since they create more significant effects.

Also, along with favoring the development of R&D in companies, the development
of knowledge spillovers should be favored since they are complementary strategies and
explain, to some extent, the better performance of the United States with respect to European
countries in business innovation [67]. In fact, Audretsch and Belitski [20], using a CDM
model of R&D, innovation, and productivity for UK firms, established that R&D and
knowledge spillovers are complementary; while R&D have more important effects on
innovation and productivity, knowledge spillovers are important on productivity.

In addition, Heij et al. [60] highlight from an analysis of companies in Germany that
R&D has a positive effect on product innovation. This effect is moderated by management
innovation, indicating the need for Latin American companies to include not only R&D
but also management innovation.

In conclusion, one of the significant issues in these countries that impacts the develop-
ment of innovation and R&D investments is rooted in institutional theory. We postulate
our decisions that governments can overcome the problems by promoting new and more
efficient administrative reforms and new policies, and by integrating industry more cooper-
atively.
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