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ABSTRACT: In this article, we investigate the effect of product and process innovation on employment
growth and on employment composition in terms of skills using data from Uruguayan manufacturing firms’
innovation surveys. The results reveal that product innovation is associated with employment growth. There
is (weaker) evidence that process innovation displaces labor, especially in high-tech firms. There is
evidence that innovation is more complementary to skilled than to unskilled labor. Product innovation
seems to have a larger positive effect on skilled labor, especially in high-tech industries. Process innova-
tion in general displaces unskilled labor but is neutral in terms of skilled labor.

KEY WORDS: innovation, employment quantity and quality, firm size, innovation surveys, Uruguay

Introduction

Innovation, or the introduction of new products and production processes, is increasingly understood
as essential for growth (Freeman 1994; Griliches 1986; Grossman and Helpman 1993; Inter-American
Development Bank 2010; Organisation for Economic Co-operation and Development 2010). Latin
American countries increasingly see innovation as a way to increase competitiveness, diversify their
economies, and move to higher value-added activities.

Innovation is an important growth factor for several Organisation for Economic Co-operation and
Development (OECD) countries (Organisation for Economic Co-operation and Development 2010).
The growth of multifactor productivity that is linked to innovation explains much of the total
productivity growth of these countries. The multifactor productivity differences account also for
much of the disparity between advanced economies and emerging economies. This indicates that
innovation is key to reducing the productivity gap between these two types of economies.

According to this type of evidence, Latin American countries are increasingly supporting innova-
tion policies. However, one aspect that cannot be neglected is that innovation can have effects in terms
of employment at the level of the firm. Research on the innovation-employment link can give clues to
policy makers in the process of designing innovation policies with the best possible effect on
employment.

The Uruguayan economy is characterized by a large presence of small domestic companies and a
few large firms with foreign capital. Smaller companies tend to develop less formalized and systematic
innovation activities than larger companies, where the probability of carrying out research and
development activities is greater (Baldwin 1997). Of course, size is not the only thing that matters:
small firms in the most knowledge-intensive sectors (e.g., information and communication
technologies) tend to develop more-complex innovation processes and demand more-qualified
human resources. However, as is the case in most Latin American countries, the weight of high-tech
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or more knowledge-intensive sectors in the Uruguayan economy is significantly lower than in most
advanced economies. These characteristics of Uruguayan firms can potentially affect how innovation
activities affect the quantity and quality of employment.

This work is the first attempt to understand the relationship between innovation and employment at
the firm level, in terms of quantity and quality, in Uruguay. To take into account the particular structure
of the Uruguayan economy, we will analyze the effect of firm size and technology intensity of firms on
the innovation-employment relationship.

We employ the simple theoretical framework presented in Harrison et al. (2008) to quantify the
employment effects of innovation using innovation survey data. We take special care with respect to
endogeneity problems. A regression relating firms’ employment growth to the introduction of process
innovations and the two components of sales growth accounted for by “unchanged” and “newly
introduced or substantially improved” products, respectively, is used. We employ data from four waves
of the Manufacturing Firms Innovation Surveys (MIS) for the period 1998–2009 and match them with
the annual Economic Activity Surveys (EAS).

Our article extends the model by separating skilled and unskilled labor. This is important because
innovation might change the demanded skill composition of the labor force and therefore have
different effects on skilled and unskilled labor. As an additional innovation, we explore the presence
of heterogeneous effects across types of firms. We analyze the differences among high-tech and low-
tech subsectors. These subsectors have very different demand profiles for workers and innovate
differently, and this could imply differential effects of innovation on employment.1 We also analyze
the possible dissimilar effect of innovation on employment in small firms. This is relevant not only
because we know that small firms innovate less (and differently) and have on average less-qualified
workers, but also because in Latin America, micro, small, and medium enterprises generate 60 percent
of the employment.

The results indicate that product innovation is an important source of firm-level employment
growth, while process innovation, which is likely to be associated with price reductions, tends to
have negative or no effect on employment depending on the subsample of firms. Results indicate that
process innovation displaces labor in high-tech firms, having no effects on small or low-tech firms.
Product innovation seems to be more complementary to skilled than to unskilled labor. Results also
indicate that the negative effect of process innovation on employment comes from displacing unskilled
labor. This is especially true in high-tech industries. No such effect is present in small firms and low-
tech industries.

Brief Literature Review

In recent review of the literature, Vivarelli (2011) concludes that in terms of quantitative effects, the
literature shows that process innovation tends to have a negative effect on employment, while product
innovation tend to exhibit a positive effect.

For Latin American, countries there are only a few empirical studies based on microdata. Crespi
and Tacsir (2013) summarize the results of a collective research effort aimed at analyzing the effects of
innovation on employment in several countries in the region using innovation surveys and economic
activity surveys.2 This research is based on the analytical model proposed by Harrison et al. (2008),
differentiating the effect of process and product innovation on employment. They find that, except for
the case of Chile, the introduction of process innovations does not affect employment growth, and
there is no evidence of displacement effects due to the introduction of product innovations (they even
observe positive employment effects resulting from the compensation effects arising from the intro-
duction of new products). Crespi and Zuñiga (2013) examine the effect of innovation on employment
growth, exploring the differences arising from the use of different innovation strategies. The study
covers three Latin American countries (Argentina, Chile, and Uruguay) using microdata from innova-
tion surveys and manufacturing activity. They find that, of the three innovation strategies analyzed
(make only, buy only, and make and buy), the first (typical of high-tech industries) has the greatest
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effect on employment followed by the combined strategy (which has a similar effect on employment in
low-tech industries).

Prior to this research, there are two articles studying the relationship between employment and
innovation in Latin America with microdata: Benavente and Lauterbach (2008) for Chile and
Fajnzylber and Fernandes (2004) for Brazil. Benavente and Lauterbach (2008) use innovation surveys
from Chile (1998–2001) and find that product innovations positively and significantly affect employ-
ment in the manufacturing industry; meanwhile, process innovations have no significant effects.
Fajnzylber and Fernandes (2004) indirectly estimate the effect of technology on the demand for
skilled labor by studying firms that have important international links; that is, firms that use imported
inputs, export, and receive FDI. Their results indicate that companies engaging in these activities have
higher demand for skilled labor than companies outside this group. They conclude that such interna-
tional activities act as a channel for technology diffusion in Brazil and thus that technology diffusion
positively affects demand for skilled labor.

Theoretical Framework and Methodological Issues

In general, we expect two predominant effects of innovation on employment at the firm level. The first
is a job-loss effect due to reduced input requirements per unit of product. The second is a positive-
compensation effect triggered by the expansion of sales and production. This second effect is linked to
both the reduction of marginal costs (the reduction of prices generates an increase in demand) and the
creation of new products that require additional labor. These effects on employment may be larger or
smaller depending on market structure (of both goods and factors) and the sectors in which innovation
takes place. The behavior of firms’ managers and workers could also exacerbate or reduce the
displacement effect and weaken or increase the compensation effects. For example, a firm’s market
power and workers’ wage bargaining power could reduce the size of price reductions linked to cost
savings from innovation and therefore weaken the positive employment effects of innovation.

Partial equilibrium effects are present at the sectoral level (reallocation of output and employment
between more- and less-innovative companies) in addition to general equilibrium effects linked to
interactions between different markets. Finally, it is important to note that innovation affects not only
the number of jobs created, but also their quality. Innovation could be associated with lower employ-
ment growth among unskilled workers while simultaneously increasing demand for skilled labor.
Depending on the skills bias of innovation, its effect may be different for skilled and unskilled
workers.

The model presented by Harrison et al. (2008) makes it possible to disentangle some of the
theoretical employment effects of innovation and is very useful applicable when analyzing firm-
level employment effects of innovation activities using the specific information provided by innova-
tion survey data. The share of sales due to product innovations serves as the key output indicator. One
interesting aspect of the approach is that it establishes a theoretical relationship between the employ-
ment growth rate and innovation output in terms of sales growth stemming from innovative products.
The latter will be directly calculated by means of the available innovation survey data for Uruguayan
manufacturing firms.

The model is based on the idea that firms can produce different products. At the beginning of the
reference period, a firm i produces one or more products, which are aggregated into one product. This
aggregate product is called the “old product.” In the period under consideration, the firm can decide to
launch one or more new (or significantly improved) products: “new products.” Firms are observed for
two periods, t = 1 and t = 2, and innovation occurs between these two periods (if it occurs at all).

To produce the different outputs, it is assumed that firms use identical separable production
technology with constant returns to scale in capital, labor, and intermediate inputs or materials.3

Each production technology has an associated efficiency parameter that can change between the two
periods. New products can be made with higher or lower efficiency with respect to old products, and
the firm can affect the efficiency of its production over time through investments in process
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innovation. It is important to note that the model does not allow economies of scale among products,
in particular between old and new ones.

Employment growth is going to be determined by: (1) the rate of change in efficiency in the
production of old products (negative employment effect), (2) the rate of growth of production of old
products (positive effect), (3) the expansion in production from new products (positive effect), and (4)
the change in efficiency due to process innovation (negative effect). Equation (1) shows the links
between employment and innovation:

l ¼ α0 þ α1d þ g1 þ βg2 þ μ (1)

where l: employment growth rate; g1: nominal growth rate of sales due to old products; g2: nominal
growth in sales due to new products (computed as the sales of new products to total sales of previous
period)4; d: dummy variable indicating process innovation; α0: parameter, (negative) average effi-
ciency growth in the production of old products; α1: parameter, average efficiency growth for process
innovations; β: parameter, relative efficiency of the production of old and new products, if β < 1 then
there is gain of productivity in the production of new products with respect to the old ones; µ:
unobserved disturbance, which includes productivity shocks, price changes of old products, price
changes of new prices relative to old ones, and changes in production of new products.

This equation has already been transformed in order to use nominal sales, which are the usual
available variables in innovation surveys.5 Notice that the variable g1 has a coefficient equal to one and
can thus be subtracted from l on the left-hand side of the equation for estimation, being the new
dependant variable l-g1. This implies that we are estimating a net employment effect.

The three parameters of interest are α0, α1, and β. Identification and consistency depend on the lack
of correlation of the variables representing innovation (g2 and d) and the error term, or alternatively on
the availability of instruments uncorrelated with the error term.

Endogeneity could arise because innovation decisions depend on the productivity of the firm and
unobservable productivity shocks. Since the equation is in differences, the fixed productivity effects
are not present in the equation. However, the unobservable productivity shocks are still in the error
term, µ, and could be correlated with the innovation variables. This correlation will depend on the
timing of productivity shocks and investment decisions. If investment decisions are taken in advance
and the productivity shocks are uncorrelated, innovation variables in Equation (1) will not be
correlated with the error term. However, endogeneity is a valid concern if investment decisions and
the productivity shocks are contemporaneous or if the productivity shocks are correlated.

Harrison et al. (2008) note that there are good reasons to think that productivity shocks are not
predictable by firms at the moment of deciding their technological investments, and therefore
consistent estimation of Equation (1) by OLS is not too unlikely. They also show a downward bias
would be expected in the coefficients of d and g2.

Harrison et al. (2008) transformed the original model in real terms to include nominal sales as in
Equation (1). This generates an additional source of endogeneity: the unobserved disturbance includes
prices of the old and new products that are correlated with d and g2. In other words, d and g2 could be
correlated with the error term because we do not have firm-level prices, and therefore we are forced to
work with nominal variables.

It could also be possible to expect a bias in the coefficient of the variable d if we believe that
process innovation could cause a reduction in marginal costs and prices.

Even though we cannot control for firm-level prices, because this information is not available, we
can probably do better than estimating Equation (1) without controlling for any prices by at least
finding a good proxy for the growth rate of old products, allowing us to avoid problems generated by
this variable being included in the error term of (1).

We can control for the change in prices of old products by subtracting the industry price growth
index (π) (a proxy for the rate of increase of prices of old products) from the nominal sales growth of
old products; the dependent variable will in this case be l−(g1 − π).6 The value of the estimated
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constant will be an estimate of the average real productivity growth in the production of old products
between the two periods. To compute price growth rates, we use producer price indexes (IPPN:
Producer Price Index of National Products) on a four-digit level of the International Standard Industrial
Classification (ISIC).7

Hence, the model to be estimated in this case is

l � ðg1 � πÞ ¼ α0 þ α1d þ βg2 þ υ (10)

Even though we could expect an attenuation of the bias in the coefficient of variable d after the
inclusion of π in Equation (1′), g2 still could present endogeneity problems because the error term
v includes the change in the prices of new products.8 We should expect a downward bias in β,
both because the error term potentially includes productivity shocks and because g2 is a nominal
variable. Our empirical strategy thus relies on the choice of instrumental variables (IV) for g2 that
can be considered to be uncorrelated with both prices of new products and the productivity
shocks.

The relationship between employment and innovation is very complex. It has the potential to affect
not only the quantity of labor, but also its composition. Indeed, innovation might change the
composition of skills demanded from the labor force.

To study the effect of (process and product) innovation on the composition of employment, we can
estimate Equation (1′) for each type of labor. That is, we can estimate

lqj � ðg1 � πÞ ¼ α
qj
0 þ α

qj
1 d þ βqjg2 þ υ j ¼ s; u (2)

where lqj is the employment growth rate of type j labor (j = s,u; s = skilled; and u = unskilled), and the
rest of the variables are the same as in the previous section. This equation provides us with estimates
of the effect of innovations on employment of each labor type.

As before, endogeneity could arise because innovation decisions depend on the productivity of the
firm and unobservable productivity shocks. Hence, we are going to control for potential endogeneity
using an instrumental variables approach.

Empirical Analysis

Country Context, Data, and Descriptive Statistics

Country Context

Uruguay is a relatively small South American country with a population of 3.3 million. Nearly 70
percent of 2010 gross domestic product (GDP) is accounted for by the production of services, 20
percent by the production of manufacturing goods and construction, and 10 percent by the production
of primary goods. Sales of primary goods with low levels of processing together with tourism services
account for most of the country’s exports.

During 1985–2010, Uruguay’s annual GDP growth rate averaged 2.5 percent. However, growth
was significantly higher over 2005–10, at an average annual rate of 6.5 percent.

At the beginning of the twenty-first century, the Uruguayan economy went through a severe crisis
originating from a macro devaluation of its currency in the year 2002. Despite the depth of the crisis,
the economy recovered relatively quickly. In 2004, a period of significant economic growth began,
with increases in investment (especially) foreign direct investment (FDI), increases in productivity,
reduced unemployment, and diversification of the economic base and of its external markets. In this
context, employment rose significantly, and the unemployment rate declined to historically low rates
(lower than 7 percent in 2010), from a peak of 20 percent in September 2002.
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Data and Descriptive Statistics

We are using the four waves of the Manufacturing Firms Innovation Surveys (MIS) currently available
(1998–2000, 2001–3, 2004–6, and 2007–9) and the annual Economic Activity Surveys (EAS) for the
period 1998–2007. The MIS data are collected by the National Bureau of Statistics (INE), parallel with
the EAS. It is important to note that the database that we are going to use does not have a panel
structure.

The same sampling model is used in both surveys. For the MIS, all firms with more than
forty-nine workers are mandatorily included. Units with twenty to forty-nine employees and with
fewer than nineteen workers are selected using simple random sampling within each economic
sector at the two-digit ISIC level up to 2005. After 2005, random strata are defined for
those units with fewer than fifty workers within each economic sector at the ISIC four-digit
level. The response rate is nearly 90 percent. The number of firms included in the samples
for the 1998–2000, 2001–3, 2004–6, and 2007–9 surveys were 761, 814, 839, and 941,
respectively.

Matching with the EAS does not come without limitations. The main reason to match the MIS with
the EAS is the need to collect sales and employment data at the beginning of each year for the period
of reference for each survey of the MIS. Every MIS collects sales and employment data for the year at
the end of the reference period, but not for the initial year.

Due to sampling frame changes and registration problems, we lose a significant number of
firms. After 2006, the INE modified the sample of the EAS, reducing the number of firms
surveyed. Moreover, the 2004–6 MIS was performed with the same sampling frame as 2005.
This means that a number of firms in the 2004–6 MIS did not participate in the 2006 EAS. When
we merge the MIS 1998–2000, 2001–3, and 2004–6 with the EAS, we lose around 10 percent of
the observations. A similar problem arises when matching the 2007–9 MIS (which is a subsample
of 2009 EAS) and the 2007 EAS. Approximately half of the firms participating in this survey are
not in the 2007 EAS. Finally, some firms were lost because it was impossible to link them
between two EAS surveys or between the MIS and the EAS. In any case, the results with and
without the 2007–9 MIS are very similar, so we believe the loss of observations is not generating
important biases in our estimations.

The final number of observations (firm/period) used in the estimations is 2,532:9 722 from the
1998–2000 MIS, 627 from the second MIS, 737 from the third one, and 446 from the most recent
survey available.

Table A.1 (Appendix) shows the definition, source, and availability of each variable described in
the article.

Table 1 shows descriptive statistics. Mean firm size is ninety-one employees, and 13 percent of
these firms are owned by foreign capital. Fifty-one percent of firms in the sample innovated in
processes or products. Thirty-two percent are product innovators, of which 87 percent are both product
and process (or organizational) innovators. Twenty-percent are process-only or organizational-only
innovators (nonproduct innovators).

From now on we refer to process innovators as those that only do process or organizational
innovations.

Data on yearly employment growth show that the mean is negative. This figure is being driven by
the noninnovating firms.10 While the noninnovators show negative growth rates, process innovators
(nonproduct innovators) and product innovators show moderated positive growth rates. The wage bill
per worker grew at a mean rate of almost 5 percent during the first three surveys (information for the
most recent one is not available).

The yearly sales growth rate was positive for almost all firms. While noninnovators (no process or
product innovators) showed a zero growth rate, process innovators and product innovators showed
positive figures. Within the latter, this figure is explained by the sales growth of innovators in new
products (30 percent versus −21 percent for innovators in old products).

6 D. ABOAL ET AL.
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Nominal labor productivity grew for all types of firms, especially for the process innovators. The
same happens to the price growth. In real terms, labor productivity decreases for all type of innovators,
with the exception of the organizational change innovators and product innovators.

The second column of Table 1 shows descriptive statistics for the sample of small firms; that is,
firms with fewer than 50 employees (1,353 cases). The biggest differences relative to the sample as a
whole can be found in the numbers referred to innovation variables. Thirty-seven percent are
innovators; 14 percent are process innovators; and 23 percent are product innovators.

According to Crespi and Tacsir (2013), Uruguay is in the lower range in terms of propensity to
innovate among the four Latin American economies analyzed in their article. Forty-eight percent of the
firms in Argentina innovate in products; 53 percent in Chile; 74 percent in Costa Rica; and 32 percent

Table 1. Descriptive statistics: Manufacturing firms pooled surveys, 1998–2009

All manuf Small High Tech Low Tech

Number of observations 2532 1353 1464 1068
Distribution of firms (%)

Non-innovators (no process or product innovations) 48.14 62.23 42.6 55.8
Process only or organizational only innovators (non product innovators) 19.39 14.04 21.9 16.0
Product innovators 32.46 23.73 35.6 28.2
of which product AND process innovators (as % of product innovators) 87.96 85.05 89.6 85.1

Number of employees at the beginning of (each) survey 91.20 26.16 102.83 75.24
Foreign Ownsership (10% or more) 0.13 0.06 0.16 0.09
Located in the capital of the country 0.81 0.77 0.77 0.87
Employment growth (%) (yearly rate)

All firms −0.7 −3.7 0.3 −2.1
Non-innovators (no process or product innovations) −3.4 −5.3 −2.2 −4.6
Process only or organizational only innovators (non product innovators) 1.7 −1.5 2.2 0.7
Product innovators 1.8 −1.0 2.1 1.4

Growth wage bill per worker (%) (yearly rate)3 5.1 4.0
Sales growth (%)1 (nominal growth) (yearly rate)
All firms 5.5 3.6 6.8 3.7
Non-innovators (no process or product innovations) 1.7 1.2 2.9 0.5
Process only or organizational only innovators (non product innovators) 9.6 9.4 10.5 7.9
Product innovators of which: 8.7 6.4 9.2 7.9
Old products −21.2 −25.1 −18.9 −25.3
New products 29.9 31.5 28.1 33.2

Labor productivity growth (%)1 (yearly rate)
All firms 6.2 7.3 6.5 5.8
Non-innovators (no process or product innovations) 5.1 6.5 5.1 5.1
Process only or organizational only innovators (non product innovators) 7.9 10.9 8.2 7.2
Product innovators 6.9 7.4 7.1 6.6

Prices growth (%)2,4

All firms 6.83 7.69 7.31 6.17
Non-innovators (no process or product innovations) 6.84 7.39 7.38 6.28
Process only or organizational only innovators (non product innovators) 6.79 9.01 7.38 5.70
Product innovators 6.83 7.68 7.17 6.23

1Sales growth for each type of firm is the average of variable g; averages for old and new products are the averages of
variables g1 and g2, respectively.
2Period 2001–2009.
3Period 1998–2006.
4Prices computed for a set of industries and assigned to firms according to their activity.
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in Uruguay. It is also worth mentioning that more than half of innovative companies in the region had
introduced process innovations (Crespi and Tacsir 2013).

Finally, another sectoral splitting has been made: high- or low-tech sectors. The division is done by
calculating the innovation expenditure as a share of turnover. Those sectors below or at the median are
classified as low-tech, while the rest are classified as high-tech (see Table A.2 in Appendix).11

The last two columns of the table above present some basic descriptive statistics. Fifty-eight percent
of the firms in the sample are defined as high-tech firms. Low-tech firms tend to innovate less than the
high-tech firms, and among innovators, high-tech tend to be more product-oriented. Another difference
between both sectors is that firm size is larger in the high-tech sector.12 The employment growth
figures show that the negative growth rate in the whole sample is driven by the low-tech sector, while
the high-tech sector shows slightly positive figures.

Innovation and Employment Quantity

The Basic Model

Table 2 presents the estimation results for three variants of the basic model presented in Equation (1’),
where the dependent variable is the employment growth rate minus the real sales growth rate (l − (g1 −
π)). All of the specifications include the innovation dummy d, sales growth rate of new products g2,
and a constant. The estimations also include fixed industry-specific effects (two-digit level) and fixed
time effects (see definition at the bottom of Table 2). Column 1 shows the basic ordinary least squares
(OLS) estimation without controls, while in the next columns we add, one at a time, a dummy
indicating foreign ownership of the firms and the wage bill growth rate.

The subsequent three columns of Table 2 aim to analyze the sensitivity of results using instrumental
variables (IV) for both the entire sample and the subsample of small firms.

The strategy relies on the choice of instrumental variables, which can be considered as uncorrelated
with both price differences (new vs. old products) and productivity shocks and must be highly
correlated to growth in sales of new products (g2), the potentially endogenous variable (in the
robustness checks section below, the variable d is also instrumented).

Harrison et al.’s (2008) preferred instrument is an increased (broader) range of goods and services
indicator, which assesses the effect of innovation on the increase in the range of goods produced by
firms. We are going to use the same instrument in our investigation and for the same reasons. The
questionnaire also asks whether the innovation helped to improve the quality of the goods along with
questions relating to reductions in production costs and changes in the production function. We
interpret the increased range of goods as innovation helping to develop new products associated
with an increase in demand for reasons other than changes in product prices and quality. Hence, we
expect this variable to be uncorrelated with changes in the price of new products compared to old
products. As an additional instrument, we are using the variable “new markets,” which assesses the
effect of innovation on the development of new markets for the firm. In the questionnaire, firms are
asked whether the innovation helped maintain or increase market share. The latter variable could be
related to a change in prices, while we expect the opening up of new markets to be related to the
development of new products and an increase in demand for reasons other than changes in product
prices and quality.

Therefore, the instruments used to control for potential endogeneity of the innovation variable (g2)
are: (1) increased range of goods and services indicator, which assesses the effect of innovation on
the increase in the range of goods produced by firms (scale of 0 to 3: 0 = irrelevant effect, 1 = low, 2 =
medium, and 3 = high effect); and (2) new markets. This variable assesses the effect of innovation on
the development of new markets for the firms (coded between 0 and 3: 0 = irrelevant effect, 1= low,
2 = medium, and 3 = high effect). These indicators were included as a set of dummies due to evidence
of a nonlinear effect in the first-stage regressions.
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It should be noted that columns 3 and 6 were estimated using a smaller sample because of the data
limitations relating to wage bills.

According to the model, the constant indicates the negative average efficiency growth in the
production of old products. The results presented in Table 2 for the whole sample show that the
constant (α0) is significantly different from zero and is positive in all specifications. As indicated in the
theoretical section, the value of the estimated constant is expected to be negative (if there is efficiency
growth) since it represents the negative average efficiency growth in the production of old products
from the first period to the second. Because α0 is positive, efficiency growth was negative. However,
as we can see in Table 1, employment growth (l) is negative for the whole period (1998–2009), but
also the growth of sales of old products (g1) is negative, potentially implying that the productivity
growth of old products was negative in the period as a whole.

The dummy indicating process-only innovation is negative and significantly different from zero in
all regressions, indicating that process innovation is associated with a reduction in the growth rate of
labor. This also means that productivity gains in the production of old products (given the interpreta-
tion of the parameter α1 in the model). When the model is estimated by IV, the negative effect of this
variable on labor growth is reduced.

In contrast, the coefficient (β) on the growth rate of sales of new products (g2) is positive,
significant, and less than one in all OLS regressions. β measures the relative efficiency of production
of old and new products. This result goes in the same direction as theory predicts, and a result of less
than one suggests that new products are produced more efficiently than old ones. As noted before, this
coefficient could be biased by endogeneity from unobserved price changes or correlation with
nontechnological productivity shocks. Any endogeneity is likely to produce a downward bias in this
coefficient, overstating the productivity gains associated with the production of new products. This is
confirmed by the IV regressions where the parameter β is not significantly different from one,
implying that there is no efficiency gain in the production of new products relative to old ones.

The dummy indicating foreign ownership is not significant in all the regressions and does not affect
the other coefficients. Columns 3 and 6 show the results of adding the wage bill growth variable for
the whole sample. The coefficient of this variable is significantly different from zero, negative, and has
an absolute value of less than one. Hence, this shows a positive and lower-than-unity relationship
between per-worker wage-bill growth and labor productivity. In addition, the inclusion of this variable
increases the value of the constant of the model significantly, showing high correlation between the
labor productivity growth of old products and the wage-bill growth.

The Davidson-MacKinnon exogeneity test rejects the null hypothesis of exogeneity for the variable
g2 in all cases, indicating that the effect of the endogenous regressor on the estimates is meaningful
and that instrumental variables techniques are in fact required. The results indicate that the validity of
the instruments is not rejected in all cases at the 1 percent confidence level. The F-test for g2 in the first
stage of the IV estimation is significant, confirming the validity of these instruments.

The results in the right panel of Table 2, for small firms, are generally very similar to those in the
left panel in terms of the magnitude and sign of coefficients. The biggest difference is now the level of
significance of the variable d. When the equations are estimated by IV, the variable is significant in just
one case and only at the 10 percent confidence level. In addition, when estimated by IV, the constant is
not significant in two of three cases. We also arrive at the conclusion, as we did for the sample as a
whole, that g2 is likely to be endogenous and that the instruments are valid.

In Table 3, results are presented for firms in the high- and low-tech sectors. As can be seen there,
again, we have similar results to those of Table 2 in terms of the magnitude and sign of coefficients.
For firms in the low-tech sector, when Equation (1′) is estimated by IV, in two of three cases the
constant and the variable d are not significantly different from zero.

It can be said, summarizing the results found in Tables 2 and 3, that product innovation is
complementary to labor, whereas process innovation tends to displace labor. This displacement effect
seems to be somehow weaker in the case of small firms and firms in the low-tech sector.
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Employment Growth Decomposition

Using Equation (1′), the employment growth of each firm can be represented by the following
equation (see Harrison et al. 2008):

ð3Þl ¼
X
j

α
^
0 þ α

^
0j

� �
indj þ α

^
1
d þ 1� 1ðg2 > 0Þ½ �ðg1 � πÞ þ 1ðg2 > 0Þðg1 � π þ β

^
g2Þþ υ

^
;

where indj indicates industry dummies (two-digit level). The first component of the right-hand
side,

P
j
ðα̂0 þ α̂ojÞindj , measures the change in employment due to the productivity trend in

production of old products (this component is computed as a residual). The term ½1�
1ðg2 > 0Þ�ðg1 � πÞ isthe estimate of the employment change associated with output growth of

old products for firms that do not introduce new products, and 1ðg2 > 0Þðg1 � π þ β
^
g2Þ is the net

contribution of product innovation after allowing for any substitution of old products for new
products. Finally,v̂ isa zero-mean residual.

Table 4a presents the decomposition for the whole sample and for the small-firms sample using the
proportional averages from Table 1 (all firms and small firms, respectively) and the estimated
coefficients of Equation (1’). The decomposition is performed with the parameters of each of these
samples estimated by OLS and IV (without any control variables). The OLS and IV estimations yield
similar, although not identical, results.

Considering the whole period, the average employment growth was −0.7 percent for the sample as
a whole, −3.7 percent among the small firms, 0.3 percent for firms belonging to the high-tech sector,
and −2.1 percent for the firms belonging to the low-tech sector.

For the whole sample, productivity improvements in the production of old products are an
important source of increased employment (2.2 percent). In all the estimations, process innovations
account for only small (negative) employment changes. The sales growth of old products is the most
important factor to explain the negative rate of growth of employment in the period for all types of
firms (−1.9 percent in the whole sample). The net contribution of product innovation was for the whole
sample −0.8 percent in the case of the OLS estimation and 0.3 percent in the IV case. This net
contribution is the combined result of a very negative contribution of old products and a very positive
contribution of new products (this result is similar across subsamples).

In the decomposition of the employment growth of small firms and firms belonging to the low-tech sector,
we observe a more highly negative contribution of old products to output growth, explaining most of the
negative performance of these types of firms. In the case of the small firms it is also important that the more

Table 4b. Contribution of innovation to employment growth, 2004–9

All firms Small firms High tech Low tech

OLS IV OLS IV OLS IV OLS IV

Firms employment growth 4.9 4.9 1.9 1.9 5.6 5.6 3.7 3.7
Productivity trend in production of old products1 0.2 −1.2 −2.4 −3.6 1.2 −0.6 −1.0 −1.8
Gross effect of process innovation in production of
old products

−0.1 0.1 0.0 0.1 −0.3 0.0 0.1 0.1

Output growth of old products contribution 3.1 3.1 3.5 3.5 3.1 3.1 3.0 3.0
Net contribution of product innovation 1.6 2.9 0.7 1.8 1.6 3.1 1.6 2.4
Contribution of old products by product innovators −5.7 −5.7 −3.7 −3.7 −6.0 −6.0 −5.2 −5.2
Contribution of new products by product innovators 7.3 8.5 4.4 5.5 7.6 9.1 6.8 7.6

Note: Descomposition based on (yearly) rates of growth for the whole period.
1This component is obtained by subtracting the sum of the other components from the average employment growth.
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strongly negative net contribution of product innovation and the smaller growth of the productivity trend in
the production of old products combine to explain the highly negative annual growth rate.

The above-mean performance of the firms belonging to the high-tech sector is mostly explained by
the above-mean productivity trend in the production of old products and the output growth of old
products.

Table 4b reports the same exercise for 2004–9 (i.e., the period of recovery and growth following the
1999–2003 crisis in Uruguay). We find that process innovations have a negligible effect and that the
productivity trend in the production of old products generates, in almost all cases, a displacement
effect on employment (with the exception of the OLS estimation for the whole sample and the high-
tech sector). Product innovation appears as the second-most important factor for employment growth
over 2004–9, after the output growth of old products.

Innovation and Employment Quality

We analyze the effects of innovation on the composition of labor by estimating Equation (2),
controlling for fixed effects at the industry level. Still, nonobservable characteristics may be correlated
with innovation variables; hence, we are going to use an instrumental variables approach. The strategy
used is the same as in the previous subsection. The instruments we are going to use are also the same.
Again, all the indicators (instruments) were included as a set of dummies due to evidence of a
nonlinear effect in the first-stage regressions.

Data and Descriptive Statistics

We define the share of skilled labor in a given firm using the percentage of professionals and
technicians working for that firm in a certain time period. We use the end-of-period share of skilled
labor from each of the last three MIS surveys, covering 1,810 firms in total. Table 5 shows descriptive
statistics for the available data on the share of skilled workers, distinguishing by the innovation
orientation of firms. We can see that the mean share of skilled labor in the manufacturing sector is 9.5
percent. While noninnovators have the lowest share of skilled labor (7.4 percent), the highest is among
product innovators (12.5 percent).

To estimate Equation (2), we need to compute the growth rate for each type of labor. Since we have
end-of-period data from three MIS surveys, we compute the growth rate between two consecutive
innovation surveys. That is, we calculate the growth rate of employment between 2009 and 2006, and
between 2006 and 2003. Hence, we will only have two data points for each firm. We also need to note
that the growth rate is only going to be available for firms present in two consecutive surveys. Table 5
shows statistics for the nominal and real growth rates by labor type and by firm type. We do not have
available data on firms’ capital, which means that we cannot control for complementarities in the use
of skilled labor and capital.

The positive annual mean employment growth rate over 2001–9 is explained by positive growth
rates in both skilled and unskilled labor. For all types of firms, skilled labor employment grows at a
faster rate than unskilled labor employment. The most important growth rates in the use of skilled
labor are among firms oriented toward organizational change and product innovation.

Results

Table 6 presents the estimation results for the model in Equation (2), where the dependent variables are
the employment growth rate of type qj labor minus the sales growth rate (lqj−(g1 − π)) (for s = skilled
and u = unskilled labor). The specifications include the process innovation dummy d, the sales growth
rate of new products g2, a dummy controlling for the foreign ownership of the firm, and a constant.
The estimations also include industry fixed effects (two-digit level). The table presents OLS results
across the entire sample (columns 1 and 2) and the subsample of small firms (columns 5 and 6).
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The dummy indicating process innovation only is not significantly different from zero in most of
the specifications. The exception is for unskilled labor, which has a significant and negative coeffi-
cient. This variable controls for the additional increase in the productivity of old products and hence
the displacement effect on each type of employment resulting among process-only innovators. Hence,
there is evidence of displacement effects in the case of unskilled labor but not for skilled labor.

In contrast, the coefficient on the growth rate of sales of new products (g2) is significant, positive,
and lower than one for both skilled and unskilled labor. As indicated in the previous section, this
coefficient measures the relative efficiency of old and new products produced by each type of labor,
indicating that new products are produced more efficiently than the old ones.

The dummy indicating foreign ownership is significant and positive for all firms in the sample,
indicating positive effects on total employment of skilled and unskilled labor if the firm has foreign
ownership.

For the subsample of small firms, the results are very similar. Process innovation is not significantly
different from zero in any specification. The growth rate of the production of new products is
significantly different from zero and less than unity. The foreign ownership dummy is significantly
different from zero and negative for the growth rate of skilled labor, while it is not significantly
different from zero for the unskilled labor growth rate. This means that foreign ownership has a
differential effect on the growth rate of these two types of labor.

The differences found here with respect to the findings in Table 3, where the foreign owned (10
percent or more) variable was not significant, can be associated with the introduction of the fully
foreign owned variable that generally has negative coefficients in Table 6. What is likely happening in
Table 5 is that the positive effect of partly foreign-owned firms is compensated by the negative effect
of the fully foreign-owned firms.

The coefficient on the growth rate of new products is similar for skilled and unskilled labor,
indicating no significant differential effect for the whole sample when estimated by OLS, although the
effect among small firms is somewhat larger for unskilled labor.

Table 5. Employment composition: Descriptive statistics, 2001–2009

Share of skilled labor Mean Median Standard Deviation Minimum Maximum

All Firms 9.5 5.2 12.4 0.0 100.0
Non-innovators (no process or product innovations) 7.4 3.4 11.9 0.0 100.0
Process only innovators (non product innovators) 10.4 6.0 12.0 0.0 78.0
Product innovators 12.5 8.1 12.7 0.0 95.0
Employment (total) growth (%)

All Firms 9.5 5.2 12.4 0.0 100.0
Non-innovators (no process or product innovations) 3.3 3.9 12.5 −51.0 53.6
Process only innovators (non product innovators) 6.2 5.7 11.1 −34.1 76.8
Product innovators 7.6 7.4 10.3 −39.5 36.4
Skilled labor growth (%)

All Firms 10.2 5.8 29.2 −79.7 153.5
Non-innovators (no process or product innovations) 6.3 0.0 28.6 −75.3 153.5
Process only innovators (non product innovators) 13.4 11.2 31.0 −77.8 99.4
Product innovators 14.1 12.0 27.9 −79.7 88.0
Unkilled labor growth (%)

All Firms 5.1 4.5 16.3 −122.1 154.7
Non-innovators (no process or product innovations) 4.1 3.5 19.6 −122.1 154.7
Process only innovators (non product innovators) 5.2 4.4 12.4 −45.0 73.2
Product innovators 6.8 6.8 12.4 −45.9 66.4

Note: Yearly averages, 2001–9.
Source: Authors’ calculations using Innovations Survey, waves 2001–3, 2004–6, and 2007–9.
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As discussed before, the coefficient on g2 could be biased because of the presence of endogeneity.
As indicated in the previous section, any endogeneity is likely to produce a downward bias in this
coefficient, overstating the productivity gains associated with the production of new products.

Table 6 also presents the results when using IV. Columns 3 and 4 show estimates for total
manufacturing, and columns 7 and 8 show estimates for small firms, in both cases assuming g2 as
endogenous. The instrumental variables used are the same as in the previous section. The results show
that the coefficient of g2 increases when estimated by IV. The coefficient increases for both labor
types, and we cannot reject the hypothesis of them being equal to one.

We reject the hypothesis of exogeneity of g2 for skilled labor for the sample as a whole, but not
when only considering unskilled labor. Similar results apply to the sample of small firms. The F-tests
provide evidence that weak instruments are not a problem, while the Sargan test does not reject the
hypothesis of valid instruments.

The IV estimations show that product innovation has a slightly larger positive effect in skilled labor,
both for the whole sample and for small firms alone. Process innovation has a significant negative
effect that is only found for unskilled labor in the whole sample.

To summarize, the results indicate some differential effect of innovation on the composition of the
labor force, to the detriment of unskilled labor.13

In Table 7, we replicate the above exercise for the high- and low-tech sectors. The results are very
similar to the complete sample. When estimating by OLS, the coefficient on g2 is smaller than unity.
We cannot reject its being equal to one when assuming g2 to be an endogenous variable.

When estimated by IV, the coefficient of g2 is bigger for skilled labor than for unskilled labor in the
high-tech sector. The coefficients of g2 in the skilled and unskilled equations are not very different for
the low-tech sector.

Process innovation is not significant in most of the cases. However, it is significantly different from
zero and negative for unskilled labor in the high-tech sector (in both cases, by OLS and IV). This
indicates a displacement effect of process innovation.

Conclusions

Our research provides information on the roles of displacement and compensation effects of product
and process innovation on employment, in terms of both its quantity and quality, among Uruguayan
manufacturing firms. In the context of the Harrison et al. (2008) model, our article incorporates three
novelties: the distinction between low- and high-tech industries, between skilled and unskilled labor,
and between small and all industries.

The results suggest that in manufacturing, firm-level product innovation has a positive effect on employ-
ment, whereas process innovation tends to displace labor, a finding that contrasts with the findings of
Harrison et al. (2008). This effect, however, may vary with firm size and technology intensity. This
displacement effect seems to be weaker in the case of small firms and firms belonging to the low-tech sector.

There is some evidence that the positive effect on labor growth of the introduction of new products
is weaker when this innovation is introduced together with process innovation (this differential effect
does not seem to be present among small firms or firms in the low-tech sector).

Product innovation seems to have a differential effect on labor composition, having larger positive
effects on skilled labor (with the exception of the low-tech sector) than on unskilled labor. Process
innovation appears to have a displacement effect on unskilled labor, but not on the skilled labor force.

The design of innovation and employment policies and instruments should take into account that
the effect of innovation on employment could differ by firm size, sector, and type of workers. The
level of coordination among innovation, employment, and training policies in Uruguay is low.
Although there are interactions between employers and employees in terms of employment policies
and training, there is not sufficient coordination between employment and training policies and the
needs of firms that innovate. Given the evidence that process innovation seems to displace unskilled
workers and that product innovation has a smaller positive effect on unskilled labor, employment and
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training policies have a role in reducing the apparent educational and training gap among unskilled
workers in order for them to be valuable after innovations are introduced. This seems to be even more
important in high-tech industries and relatively large firms, where the displacement effect of process
innovation on unskilled workers seems to be even larger.

Finally, it is interesting to note that the analysis carried out in this article does not give us a
sufficient understanding of what is happening at the intersectoral level. In particular, where do new
workers for product-innovating firms come from? Do these new workers come from laggard firms,
from the same sector or from other sectors? These are topics for further research.
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Notes

1. In addition (as is shown in Uzagalieva et al. 2012, in a study for the new members of the European Union),
innovation efforts in high-tech industries may have a significant effect on all other sectors, and therefore on
technological progress.

2. The results reported in our article are based on one of the studies of this research project. See, for Chile, de
Elejalde et al. (forthcoming).

3. The assumption of constant returns to scale is maintained in this article. This assumption allows us to write
the model in Equation (1‘) below. In the case of nonconstant returns to scale, the model becomes highly nonlinear,
with all the implications that this has in terms of estimation methods and problems.

4. By definition, all the sales of the previous period are old in the current period. Therefore, it is not possible to
compute the growth rate of new products’ nominal sales.

5. Harrison et al. (2008) transformed the original model in real terms to include nominal sales. This generates
an additional problem: the unobserved disturbance includes prices of the new products that are correlated with g2.
In any case, the bias here is an attenuation bias.

6. If this variable is a good proxy for the rate of increase of prices of old products, then the error term ν will not
include the change in prices of old products.

7. For some sectors for which we did not have information, we used two-digit ISIC prices instead.
8. The unobserved variable is the proportional difference in the prices of new products with respect to the

prices of the old products.
9. Firms with missing sales or employment data were also excluded (704 firms); the first and ninety-ninth

percentiles of variables l and g were used as bounds to exclude outliers, and three negative values of the variable
g2 were excluded (ninety-seven firms).

10. It is important to note that this figure is a simple average of the annual growth rate across the whole sample
(i.e., across years and firms). This implies that all firms are equally weighted, giving small and large firms the same
weight. Hence, this percentage is not the real average growth rate of employment in the manufacturing sector. It is
also worth noting that this average hides large heterogeneities between surveys, highly correlated to the economic
cycle (-6.5 percent in 1998–2000, −6.6 percent in 2001–2, 6.4 percent over 2004–6, and 2.8 percent over 2007–9).
At the same time, this simple average underestimates average growth due to observations lost in the most recent
survey (2007–9), which covers a period of strong employment growth. Total employment growth between 1998 and
2009 for the total sample is 2.3 percent.

11. This categorization does not exactly match the recognized taxonomy proposed by Pavitt (1984). As is
known, Pavitt classifies companies into four categories according to the sources of technological innovation and
the degree of appropriability of innovations. We can relate, albeit imperfectly, this taxonomy to the one made in
our work. Companies classified as high-tech in our study would be included in categories 2 and 4 of Pavitt (2:
Specialist suppliers, especially of equipment and capital goods, which transfer innovations to other companies,
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and 4: Companies based on science, performing R&D). Meanwhile, companies classified in Pavitt Class 1
(Companies that acquire their expertise from their suppliers) would be classified mostly as low-tech in our
study. Less clear is the location of firms in class 3 of Pavitt (Scale-dominated firms where innovation is associated
to scale), but most of them are likely grouped under the low-tech label.

12. High-tech industries also have greater participation of foreign capital (a similar pattern was found in
Abedini 2013; Uzagalieva et al. 2012).

13. These results are taken from the OLS estimates since IV estimates indicate that the innovation variable has
no endogeneity problem in most of the cases.
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Appendix

Table A1: Definition of variables and information available for manufacturing firms

Innovation surveys IS 1998-2000, 2001–3, 2004–6, 2007–9

Economic activity surveys EAS 1998, 2000, 2001, 2003, 2004, 2006, 2007

Variables Description Source Definition

l Employment growth rate IS, EAS Average annual employment growth
Foreign

owned
Foreign ownership IS = 1 if percentage of foreign capital is more than 10 percent

of total capital
Fully foreign

owned
Full foreign ownership IS = 1 if 100 percent foreign capital

Small firms Small firms IS Dummy defining firms with up to fifty employees at the end
of the survey

Growth wage
bill per
worker

Wage bill growth rate EAS (ln(wagebill_fin)- ln(wagebill_init))/2*100 with wagebill_fin
= wage bill, end of period, and wagebill_init = wage bill,
beginning of period

d Process or organizational
innovation

IS Dummy of process innovation only or organizational
innovation only: = 1 if the firm introduced new or
improved technology or methods that substantially
changed the production or if the firm has made
innovation in commercialization: methods for the
marketing of new products (goods or services), new
delivery methods of existing products, and/or changes in
packaging

g1 Sales growth rate of old
products

IS, EAS g1 = g-g2. g is the average annual sales growth, calculated
by (ln(turn_fin)−ln(turn_init))/2*100, with turn_fin =
sales, end of period, and turn_init = sales, beginning of
period

g2 Sales growth rate of new
products

IS, EAS g2 = innovation*(1+g/100). g is the average annual sales
growth, calculated by (ln(turn_fin)−ln(turn_init))/2*100

lskilled Growth rate of skilled
labor

IS, EAS ls = (ln(skill_fin)-ln(skill_fin(-3)))/3*100

lunskilled Growth rate of unskilled
labor

IS, EAS lu = (ln(unskill_fin)-ln(unskill_fin(-3)))/3*100

π Prices growth rate National
Institute of
Statistics

Average annual prices growth rate, calculated as (ln
(pindex_fin)−ln(pindex_init))/2*100. Index of prices is
computed on the basis of the producer price index of
national products (IPPN) for the industry at a four-digit
level (ISIC-Rev. 3). For some activities where no
information was available, the two-digit level IPPN was
used.

range Increased range of goods
and services.

IS Assesses the effect of innovation on the increase in the
range of goods produced by firms. The variable indicates
the effect on a scale of 0 to 3 (0 = irrelevant effect, 1 =
low, 2 = medium, and 3 = high effect)

newmkt Effect of innovation on
development of new
markets

IS Coded between 0 and 3 (0 = irrelevant effect, 1= low, 2=
medium, and 3 = high effect)
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Table A2: Sectors (two-digit ISIC) classified as high-tech and low-tech

High-tech Low-tech

15. Food and beverages 17. Textile
16. Tobacco 18. Wearing apparel
22. Publishing, printing, and reproduction of recorded

media
19. Leather

23. Coke, refined petroleum, and nuclear fuel 20. Wood and wood products
24. Chemicals and chemical products 21. Pulp, paper, and paper products
27. Basic metals 25. Rubber and plastic products
31. Electrical machinery and apparatus nec 26. Other nonmetallic mineral products
32. Radio, television, and communication equipment 28. Fabricated metals
34. Motor vehicles, trailers, and semi-trailers 29. Machinery and equipment n.e.c.
35. Other transport equipment 30. Office machinery and computers

33. Medical, precision, and optical instruments, watches &
clocks

36. Furniture, manufacturing nec

n.e.c. = not elsewhere classfied.

Table A3: Correlation among dependent variables, instruments, and instrumented variable

l-(g1-π) -(g1-π) skilled l–(g1−π) unskilled g2 range

All manufacturing

g2 0.65 0.42 0.58
Range 0.37 0.28 0.34 0.51
Newmarkt 0.30 0.21 0.24 0.41 0.59
Small

g2 0.58 0.31 0.48
Range 0.34 0.25 0.31 0.50
Newmarkt 0.28 0.21 0.19 0.42 0.59
High-tech

g2 0.65 0.42 0.60
Range 0.40 0.28 0.34 0.56
Newmarkt 0.34 0.23 0.23 0.48 0.65
Low-tech

g2 0.65 0.40 0.55
range 0.35 0.26 0.34 0.47
Newmarkt 0.27 0.19 0.25 0.37 0.55

24 D. ABOAL ET AL.
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