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ABSTRACT 

Between 2001 and 2012, Latin America and the Caribbean’s (LAC) agriculture saw its best performance 

of the last 30 years. Given the importance of agricultural R&D investment to sustain agricultural growth 

in the future, this study looks at the state of agricultural R&D investment in LAC, and analyzes the role 

that this investment played in the performance of agriculture in recent years. This is done by developing a 

new approach for the estimation of knowledge stocks that allow us to obtain R&D elasticities and 

measures of return to R&D investment that avoid some of the major problems encountered in the 

literature that uses econometric methods. Our approach relies on the perpetual inventory method (PIM) to 

build the R&D stock, which is combined with a partial least squares approach to determine the key 

parameters of the PIM model. The proposed approach proceeds in two steps. First, we obtain R&D stocks 

from own country R&D investment, and these estimates are used in a second step to define spillovers 

between countries. Own R&D stocks and spillovers are aggregated to determine the overall knowledge 

stock for each country. These stocks together with TFP estimates allow us to calculate average R&D 

elasticities, rates of returns and benefit-cost ratios for each country. Results of our analysis show that 

countries with low investment intensity and less developed research systems rely on spillovers from other 

countries and from investment by international research centers to build their knowledge stocks. Our 

findings show that these countries need to increase R&D investment, a conclusion that is supported by 

two of our results. First, performance of agriculture in these countries, measured by TFP growth, is below 

the performance of countries with more advanced research systems and higher R&D intensity. These 

differences in performance are associated to a much faster growth of the knowledge stock in the more 

developed group of countries. Second, and most important, rates of return and Benefit-Cost ratios indicate 

that countries with less developed research systems like Ecuador, Dominican Republic., Guatemala, 

Paraguay, Peru and Venezuela are likely under investors in the region. 

 

JEL Code: O13, O32, O33, Q16 

 

Keywords:  agriculture, Latin America, knowledge stock, R&D investment, technical change, total factor 

productivity 
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1. INTRODUCTION 

Between 1980 and 2012, regional agricultural output per worker in LAC increased 82 percent while TFP 

in 2012 was 45 percent higher than in 1980. Most of this growth occurred between 2001 and 2012, the 

period showing best performance of LAC’s agriculture in the last 30 years. What explains this improved 

performance? The evidence so far points to several factors that converged to deliver the enhanced 

agricultural performance in the region. First, changes in macroeconomic policies improved the economic 

environment and ended decades of sectoral policy bias against agriculture. Adding to the more favorable 

macroeconomic environment, LAC benefited greatly from increased prices of primary commodities. Even 

during the 2008 world-wide recession, some LAC countries still presented relatively high growth rates 

while commodity prices remained at high record levels. Average growth in agricultural output per worker 

between 2001 and 2012 was 2.7 percent compared to 0.7 percent in the 1980s. Exports of agricultural 

products have grown at about 8 percent annually since the mid-1990s, representing a quarter of the 

region’s total exports.  LAC has also become a bigger player in international markets, contributing with 

13 percent of global agricultural trade, up from 8 percent in the 1990s, showing increasing diversification 

of agricultural exports, both in terms of destination and type of products.  

A second factor explaining agricultural growth in the region is technical change that resulted in 

increased fertilizer and feed use and accelerated growth in crop production per worker. Changes in output 

composition, related to technical change, contributed also to growth. These changes include: a) an 

increasing share of livestock production in total output, with the most important change being the increase 

in poultry production which was a major driver of growth across the region; and b) the expansion of 

soybean production that benefited mostly Argentina, Brazil, Uruguay, Paraguay and Bolivia, explaining 

37 percent of total agricultural growth in these countries. Poultry, tropical fruit, vegetables and tropical 

cash crops explained 40 to 50 percent of total growth in Peru, Ecuador, Colombia and Venezuela, Central 

America and Mexico 
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Technical change was possible because new technologies were available for farmers to adopt 

when the economic environment became favorable to agriculture. These new technologies were in part 

the result of R&D investment in previous decades, particularly in Brazil, Argentina, Chile, Uruguay and 

Colombia in South America, Costa Rica in Central America, and in Mexico. The private sector also 

played a significant role in the process of technical change in the last 20 years. According to Naseem, 

Spielman and Omamo (2010), most private investment in agricultural R&D is distributed across six 

subsectors: (a) plant biology; (b) plant breeding and the production of seed and planting materials; (c) 

agrochemicals, including chemicals for plant protection, fertilizers; (d) biotechnological applications; (e) 

food processing, storage, and transport; (f) animal and livestock improvement; and (g) agricultural 

equipment and machinery. Naseem, Spielman and Omamo (2010) citing several studies in the private 

R&D literature state that about one third of global private investment in agricultural R&D is directed 

toward agricultural chemicals, most significantly pesticides; and that food processing, storage, and 

transport also attract a significant share of private-sector investment in agricultural R&D. 

New biotechnologies for several crops were rapidly adopted in the most technologically advanced 

countries (those with strong research background and a developed commercial agriculture) and then 

spilled out to other countries in the region. The area of biotech crops in the region increased from almost 

zero in 1998 to 70 million hectares in 2014, with most of this area in Brazil (50 -60 percent), Argentina 

(35-40 percent), Paraguay and Uruguay (5 percent). The private sector was also behind the rapid 

expansion of commercial poultry production, taking advantage of the factory-like production system that 

allows technology transfer between countries without the need of costly research to adapt technologies to 

the country’s environment. The recent expansion of commercial agriculture in the coastal region of Peru 

(exports of asparagus), and technical change in commercial crops like groundnuts, sugarcane and rice was 

also driven by private sector investments in Nicaragua.  

The growing importance of the private sector at different levels of the value chain have brought 

new institutional arrangements between farmers and agribusiness companies. For example, evidence from 

empirical studies show that contract farming can partially address market imperfections and have 
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significant positive impact on farm households’ income and employment, technology adoption and 

productivity (Swain, 2009; Henningsen et al. 2015).   

In this context, the goal of this paper is first, to quantify the different sources of knowledge 

available to LAC countries that explain technical change and productivity growth in the last 30 years. 

Second, to determine the impact of growth in the total stock of knowledge on productivity growth in the 

region; and third, to calculate returns to R&D investment, determine the level of underinvestment in the 

region and derive policy implications.  

The paper is organized as follows. The next section presents trends and patterns of R&D spending 

in the region at the country level, looking also at investment by private companies and the international 

research centers grouped under the CGIAR global research partnership, all sources that we assume a 

priori, have contributed to the knowledge capital in the region. Section 3 looks at the conceptual 

framework used in the analysis. Rather than estimating R&D elasticities econometrically and imposing a 

lag structure on the effects of R&D investment on productivity, we define a model of the knowledge stock 

based on the perpetual inventory method (PIM), using partial least squares (PLS) to find the key 

parameters that determine the shape and structure of the knowledge stock. We then use R&D stocks and 

TFP estimates to find an average R&D elasticity and calculate returns to R&D. Results of R&D stocks 

and elasticities and rates of return are presented in Section 4, and the last section concludes.  
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2. AGRICULTURAL R&D INVESTMENT 

Agricultural R&D investment in LAC was affected by the crisis in the 1980s, the structural adjustment 

period in the 1990s and the year of fast agricultural growth in the 2000s. Figure 2.1 shows the evolution 

of aggregated R&D investment for the region. Investment was growing at a low 0.74 percent rate during 

the 1980s. The structural adjustment of the 1990s slowed down investment even more, including a period 

of negative growth between 1996 and 2002 and an overall average growth rate for the 1990s of 0.32 

percent. Finally, investment accelerates in the 2000, especially between 2002 and 2009. During the 2000s, 

the growth rate of R&D investment reached a historical high of 4.2 percent.   

Figure 2.1 Evolution of public R&D investment1 in LAC, 1981-2103 

 
Source: Elaborated by authors using data from ASTI (2016) 

Note: 1. Includes salary-related expenses, operating and program costs, and capital investments by government, nonprofit, and 

higher education agencies. Data on spending by private entities are excluded, 

Going beyond the average patterns of growth in investment, one of the main characteristic of 

R&D investment in LAC is its heterogeneity and the diverse situations find across countries. Based on 

data from ASTI (2016), we classify countries in two major groups (Table 2.1). The first group includes 

countries with more developed research systems (DRS): Argentina, Brazil, Chile, Colombia, Costa Rica, 

Mexico and Uruguay. These seven countries account for 90 percent of all researchers and 93 percent of 
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total R&D spending in LAC. Half of the total spending in this group is done by Brazil (54 percent) while 

Argentina and Mexico contribute each with 15 percent. The other countries in the group, although smaller 

than Brazil, Mexico and Argentina, also have a long tradition of investment in R&D and relatively well-

developed research systems. 

Table 2.1 Number of FTE researchers and total R&D spending and country share in regional 

totals, 2012-2013  

 Researchers Spending  

Country FTEs 

Regional 

share 

Million 

$ 

Regional 

share AII 

Argentina 5,825 28.8 732 14.5 0.57 

Brazil 5,869 29.0 2,704 53.5 0.96 

Chile 716 3.4 186 3.7 0.39 

Colombia 1,103 5.4 254 5.0 0.27 

Costa Rica 242 1.1 37 0.7 0.28 

Mexico 3,967 19.6 710 14.0 0.38 

Uruguay 372 1.7 77 1.5 0.46 

Group 1 (DRS) 18,094 89.0 4,700 92.9 0.47 

Anglophone1       

Caribbean 189 0.9 37 0.7 0.32 

Bolivia 190 0.9 59 1.2 0.37 

Dominican Rep. 200 1.0 20 0.4 0.09 

Ecuador 149 0.7 27 0.5 0.08 

Guatemala 142 0.7 16 0.3 0.05 

Honduras 88 0.4 8 0.2 0.07 

Nicaragua 131 0.6 17 0.3 0.17 

Panama 133 0.7 15 0.3 0.16 

Paraguay 210 1.0 27 0.5 0.13 

Peru 339 1.7 83 1.6 0.16 

Venezuela 503 2.4 86 1.7 0.10 

Group 2 (LDRS) 2,274 11.0 395 7.7 0.15 

Total 20,368 100 5,095 100 0.31 

Source: Elaborated by authors based on ASTI (2016). 

Note: DRS are countries with more developed research systems, and LDRS are countries with less developed research systems. 

1. Includes Antigua and Barbuda, Barbados, Belize, Dominica, Grenada, Jamaica, St. Kitts and Nevis, St. Lucia, St. Vincent and 

the Grenadines, and Trinidad and Tobago. Group averages of AII are simple averages. 
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The second group of countries includes all other countries in the region, although in Table 2.1 we 

present data only for the 11 countries for which we have reliable information. This group of countries 

shows lower levels of investment and less developed systems (LDRS).1  

We measure the investment effort made by countries using the ASTI intensity index (AII) (last 

column in Table 2.1 and Figure 2.2), an indicator that integrates different measures of intensity 

(R&D/AgGDP, R&D/GDP per capita, and R&D/GDP) into a single composite index (see Nin-Pratt, 

2016). Because this index controls for many of the country-specific characteristics that affect R&D 

investment, is a better measure than the intensity ratio (R&D/AgGDP), the most extensively used 

indicator for this kind of comparisons. Values of the AII index in Figure 2.2 are expressed relative to the 

AII value of the USA, so for example, the value of 0.96 for Brazil means that this country’s R&D 

investment intensity is 96 percent of that of the USA. 

Table 2.1 shows a much higher level of intensity among countries in the first group: 0.47 

compared to only 0.15 in the second group.  Anyhow, there is a great variation within each group, with 

countries showing relatively low levels of intensity in the first group (Costa Rica and Colombia) and 

some regions/countries with relatively high levels of intensity (Anglophone Caribbean and Bolivia) in 

Group 2.  The high intensity observed in the Anglophone Caribbean countries is driven by countries with 

high income and small agricultural sectors. In the case of Bolivia, most of the investment comes from aid 

programs that the country received to support the development of its research system, an exception among 

other low-income countries in the region.  

                                                      
1 Throughout the rest of the paper we will also refer to these groups of countries as DRS (developed research systems) and 

LDRS (less developed research systems), or group 1 and group 2 countries, respectively. 
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Figure 2.2 R&D intensity in LAC countries 

 
Source: Elaborated by authors using data from ASTI (2016) and World Bank (2016). 

Despite the observed differences in the levels of investment between countries in groups 1 and 2, 

the actual pattern and trends in investment is similar in both groups of countries.  This can be seen in 

Figure 2.3. Not surprisingly, the evolution of investment seems to be correlated to the macroeconomic 

performance of the region. Invested plummeted after the debt crisis of 1982, the most serious of Latin 

America's history. Several crises marked the 1990s:  México (1994-95), Argentina (1995), Brazil (1998-

1999), again Argentina (2001-02) and Uruguay (2002). According to Damill, Frenkel and Rapetti (2013), 

a common feature of these crises is that they were preceded by stabilization programs in which the 

fixation of the exchange rate was used as the main nominal anchor. Damill, Frenkel and Rapetti (2013) 

concluded that there were certain macroeconomic policy configurations common to all the crises. i) the 

exchange rate was fixed or semi-fixed; ii) the real exchange rate (RER)2 was overvalued and the current 

accounts were in deficits; iii) free capital movements were allowed; iv) capital inflows resulting from the 

                                                      
2 Rodrik (2008) defines RER=XR/PPP where XR is the official exchange rate and PPP is the purchasing power parity 

conversion factor, which can be interpreted as a measure of the exchange rate with constant purchasing value. When RER>1 the 

value of the currency is lower (more depreciated) than indicated by PPP and indicates that goods produced in the country are 

cheap in dollar terms. When RER<1 the currency is undervalued, and goods produced in the country are expensive in dollar 

terms. In practice, the actual measure of undervaluation used by Rodrik (2008) corrects the RER by the Balassa-Samuelson effect 

that states that non-traded goods are cheaper in poorer countries. 
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preceding boom had been large in relation to the size of existing local money and capital markets; and v) 

the regulation of national financial systems during the boom phase was weak and permissive. 

Figure 2.3 Trends in R&D investment for two groups of LAC countries: Group 1 includes countries 

with more developed research systems, Group 2 other countries 

 
Source: Elaborated by authors using data from ASTI (2016) and World Bank (2016). 

Note: Group 1 includes Argentina, Brazil, Chile, Colombia, Costa Rica and Uruguay. 

One of the best indicators of the policy environment in the region is the undervaluation of the 

exchange rate given the role that the exchange rate has played in macroeconomic policies in the region 

(Damill, Frenkel and Rapetti, 2013).  It turns out that public R&D investment in the region is highly 

correlated to exchange rate undervaluation during the analyzed period. According to Rodrik (2008), there 

is no explicit theory linking exchange rate undervaluation and economic growth, but he argues that the 

evidence points to the association of overvalued exchange rates with shortages of foreign currency, rent-

seeking and corruption, unsustainable large current account deficits, balance-of-payments crises, stop-

and-go macroeconomic cycles all of which have a negative effect on economic growth (see Rodrik 2008, 
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p.2). These effects, together with their negative impact on growth could also be affecting the capacity of 

governments to invest in agricultural R&D.  

Figure 2.4 shows the evolution of agricultural R&D investment in the region as in Figure 2.3, but 

now compared to an index of undervaluation of the exchange rate.3 The undervaluation index is negative 

when the currency is overvaluated and increases with reductions in overvaluation. When the index takes 

values higher than 0, the currency is said to be undervaluated. We observe in the figure that the 1980s 

started with high overvaluation of the currency (150 percent represented by the -1.5 value of the index), a 

situation that was corrected by the policy changes of the early 1990s. We then observe a rapid devaluation 

which is paired with growth in R&D investment. In 1992, the cycle of currency appreciation starts again 

and results in a negative trend in R&D investment. The crises in the Argentina, Brazil and Uruguay 

(1999-2002) triggered a new devaluation and a stable and slightly undervalued exchange rate that has 

been accompanied by the fastest growth of R&D investment of the last 30 years.  

Figure 2.4 R&D investment and the exchange rate in LAC 

 
Source: Elaborated by authors using ASTI (2016) and WDI (2016) data 

Note: The index of exchange rate undervaluation is calculated following Rodrik (2007). 

                                                      
3 The index is calculated as: ln(UER)=ln(RER) – ln(RER*), where ln(UER) is the undervaluation of the exchange rate 

measured in logs, ln(RER) is the log of the real exchange rate as defined above, and ln(RER*) is the log of the predicted value of 

a regression of RER as independent variable against GDP per capita (which corrects for the Balassa-Samuelson effect).  
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Spillovers 

We follow Allston and colleagues (2011) who argue, for the case of the USA, that knowledge spillovers 

between states cannot be ignored. In the case of LAC, there is quantitative and qualitative evidence that 

own R&D investment in many LAC countries cannot explain TFP growth. For example, Saavedra 

Montano and colleagues (2008) in an analysis of the state of technology and innovation in Nicaragua 

found that public spending in agriculture decreased since 1999 and that 75 percent of spending in 

agricultural R&D came from external sources like the World Bank, the Inter-America Development Bank 

(IDB) and others. In the case of INTA, Nicaragua’s main public research institute, only a small proportion 

of total spending (10 percent) was allocated to research, while 60 percent went to extension and technical 

assistance, and 30 percent was destined to capacity building. Because of the low effort in R&D 

investment, and according to Saavedra Montano and colleagues (2008), most of the innovations adopted 

by farmers in recent years were not generated in the country, where most research efforts went to testing 

and adapting technologies of maize, beans, rice and sorghum to local conditions. The study by Saavedra 

Montano and colleagues concludes (page 16) that Nicaragua has underinvested in R&D, and that the 

innovation system in the country is weak, with not enough skilled researchers and without a clear research 

agenda. 

Another country with fast growing agricultural productivity is Paraguay. Interviews to experts 

from the private sector, the government and academia conducted in Paraguay as part of this study, show a 

similar picture than the one observed in Nicaragua. The generalized opinion collected in the country was 

that the recently created IPTA (Paraguayan Institute of Agricultural Technology) played no role in the 

recent performance of agriculture. According to Henry Moriya (personal communication, October, 2016), 

past technological development of cotton production and to some degree of wheat, had their origin in 

government policies and investment. However, recent technological developments like those in soybean 

production are only related to the private sector. In the case of livestock, there has been considerable 

investment on genetic resources that were started with the introduction of breeds of Zebu cattle brought 

from Brazil and the USA. The School of Veterinary of the Universidad de Asuncion played a major role 
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in the introduction of these breeds, however, the private sector contributed to further development of the 

sector by introducing high quality British beef breeds like Angus and Hereford. The hybrids between 

Zebu and British breeds have significantly improved the quality of the final product and opened the 

international market to Paraguayan beef.  

In agreement with Cristaldo, Moriya mentioned that the role of IPTA at present is very limited. 

After its creation as an autonomous institute in 2008, the institute has been underfunded and mainly 

working for private firms, certifying new varieties or testing properties of crop varieties using funds 

provided by those private companies (personal communication, October, 2016).  

The cases of Nicaragua and Paraguay, two of the countries with highest agricultural growth in 

recent years, are emblematic and reflect the state of agricultural research in countries that are referred 

here as countries with less developed research systems. The drivers of TFP growth in these countries are 

not to be found in their own R&D investment but on knowledge spillovers from other countries. We 

follow Alston and colleagues (2011) and assume that spillover potential depends on the “distance” 

between pairs of countries, measured by the similarity of their commodity composition. For this purpose, 

we define a spillover coefficient ωij between countries i and j as a weight that measures the potential 

contribution of a unit of the knowledge stock created in country j to the knowledge stock used in country 

i.  

 𝜔𝑖𝑗 =
∑ 𝑞𝑚𝑖

𝑀
𝑚=1 𝑞𝑚𝑗

(∑ 𝑞𝑚𝑖
2𝑀

𝑚 )
1/2

(∑ 𝑞𝑚𝑗
2𝑀

𝑚 )
1/2   (2.1) 

where qmi represents the share of output m in country’s i agricultural output. Calculated in this 

way, ωij can be interpreted as a multivariate correlation coefficient which varies between zero and unity: a 

high value indicates high similarity in output in the two countries (Eberhardt and Teal 2013). Potential 

spillovers for country i result from the product of ωij and the knowledge stock in country j. To calculate 

the spillover coefficient, we use data on 61 commodities or groups of commodities (M=61) from FAO 

(2016).  
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Figure 2.5 shows output mix correlations as calculated in (3.1) between all LAC countries and the 

USA and with the three largest economies in the region: Brazil, Mexico and Argentina. Tropical countries 

in the Caribbean and Central America seem to have lower potential to receive spillovers from the USA 

and the major regional investors in R&D. On the other hand, Bolivia, Nicaragua, Venezuela, Colombia, 

Uruguay and Paraguay appear high in the list of potential beneficiaries of spillovers given similarity of 

output composition with those of the USA, Argentina, Brazil and Mexico. Notice that fast growing 

Nicaragua and Paraguay are part of this group of countries.



13 

 

Figure 2.5 Correlation in output composition between LAC countries and the USA, Argentina, Brazil and Mexico.  

 
Source: Elaborated by authors using data from FAO (2016). 
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Agricultural R&D investment of the six major biotech firms 

One of the major changes in LAC’s agriculture in the last 20 years has been the growing importance of 

the large multinational biotech companies in the process of technical change in the region. The evolution 

of the total area under biotech crops in LAC is presented in Figure 2.6. Commercialization of biotech 

crops started in 1996 and the area allocated to these crops has seen sustained growth until present, 

increasing from 1.7 million hectares in 1996 to 181.5 million hectares in 2014. LAC has played a major 

role in the global expansion of these crops. In 1998, the total area of biotech crops in LAC was 4 million 

hectares, compared to 21 million hectares in the USA. In 2014, LAC was already catching-up to the area 

in the USA, reaching 73 million hectares. The area of these crops has increased in other regions from 3 

million to 34 million hectares in 1998, well below growth in LAC.  

Figure 2.6 Area of biotech crops 

 
Source: Elaborated by authors using data from James (2014) 

Argentina and Brazil are the most important producers of biotech crops in the region. In 2014, 

these two countries planted 65 of the 73 million hectares of biotech crops in LAC (Figure 2.7A). These 
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crops have also been central to recent agricultural growth in Paraguay, Uruguay and Bolivia (Figure 

2.7B). 

Figure 2.7 Area of biotech crops in major producing countries in LAC 

  
Source: Elaborated by authors using data from James (2014).  

The main biotech crops in LAC are soybean, maize, cotton and canola. Figure 2.8 shows the 

share of these crops in total area between 2004 and 2008. In 2008, soybean represented 62 percent of the 

total area of biotech crops in the region, followed by maize with 21 percent of the area. 

Figure 2.8 Share of different crops in total area allocated to biotech crops in LAC 

 
Source: Elaborated by authors using information from ISAAA (International Service for the Acquisition of Agri-biotech 

Applications), and James (2014). 
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The world’s six largest seed, agrochemical and biotech firms are behind the development of these 

technologies and of the global expansion of biotech crops: BASF, Bayer, Dow Agrosciences, DuPont, 

Monsanto and Syngenta. Together, these six firms spent $5.2 billion (2011 $) in R&D in 2014, compared 

to 1.5 billion in 1990.  

Figure 2.9 R&D spending by the six major biotech companies 

 
Source: Elaborated by authors using information from ISAAA (International Service for the Acquisition of Agri-biotech 

Applications). 

Monsanto was a major player in the transformation of the seed sector globally, as the result of 

strategic choices made by the company. The most important of these choices was to invest in research to 

develop seeds and traits instead of investing in developing agrochemicals for crop protection. Differences 

in R&D spending between major companies are presented in Figure 2.9. It is clear from the comparison 

of figures 2.10A and 2.10B the importance that Monsanto gave to development of new varieties since 

1996. Other companies increased spending in seeds and traits only after 2000, and thus Monsanto has 

been the leading firm in this area, ahead of its rivals by at least 6 years (Wilson and Dahl 2010). 
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Figure 2.10 R&D spending in seeds and traits and in crop protection by biotech companies 

 
Source: Elaborated by authors using information from ISAAA (International Service for the Acquisition of Agri-biotech 

Applications) and Wilson and Dahl (2010). 

As seen in Figure 2.6, LAC is a major producer of biotech crops, with an area allocated to these 

crops like that of the USA.  This importance corresponds to the share of LAC in Monsanto’s global sales 

(21 percent in 2015). LAC is the most important market for Monsanto after the USA (Figure 2.11). 

Figure 2.11 Global sales of Monsanto and share of LAC in sales 

 

Source: CSIMarket  (2016). 

Note: Values are in current US$ 
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R&D investment by the CGIAR 

The other major source of knowledge spillovers for LAC in agriculture is the CGIAR, with 15 research 

centers which are home to more than 8,000 scientists, researchers, technicians and staff. Of these 15 

centers, three are in LAC: The International Center for Tropical Agriculture (CIAT for its Spanish 

acronym); the International Maize and Wheat Improvement Center (CIMMYT); and the International 

Potato Center (CIP). We assume in our analysis that these three centers are the major source of 

knowledge spillovers from the CGIAR in LAC.  

After a period of stagnation, R&D spending by the CGIAR accelerates after 2000, first at an 

annual rate of 2.6 percent, taking off after 2006 at an average rate of 9.3 percent (Figure 2.12). CGIAR 

spending in LAC also increased rapidly after 2006 but at lower rates than growth in CGIAR total 

spending, which is reflected in a decreasing share of LAC in total CGIAR spending. 

Figure 2.12 Trends in R&D spending by the CGIAR and spending allocated to international 

research centers in LAC 

 
Source: Elaborated by authors using data from ASTI (2016). 
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3. DRIVERS OF TFP IN AGRICULTURE 

The standard model used to explain TFP growth, is based on the knowledge production function of 

Griliches (1979). In this approach, R&D stock is added as additional input to a Cobb-Douglas production 

function. This model is expressed as: 

 𝑌 = 𝐴𝑋𝛽𝑆𝐾𝛾𝑒𝜆𝑡+𝜖 (3.1) 

where Y is total agricultural output, A is a constant, X is a vector of inputs used in agricultural 

production, SK represents the R&D stock, t is a time index capturing a common linear trend and β, γ and 

λ are parameters to be estimated. According to Arrow (1962), knowledge capital is not like physical 

capital, and countries don’t deal with their own knowledge capital but with a whole arrangement of 

investment in other countries from which countries borrow different amounts of knowledge depending on 

the economic and technological distance between them. This unintended knowledge transmission is what 

the literature calls “spillovers”. This implies that the return on investment in knowledge is partly private 

and partly public (Keller 2004). A common approach in the literature is to capture the effect of own 

knowledge stock and spillovers by estimating first TFP from (3.1) and regressing, in a second step, TFP 

on a country’s own R&D and a measure of knowledge spillovers from other countries. This model is 

represented as follows, with lower case letters expressing logarithms and where the ωk are weights that 

capture the distance between country i and country k: 

 𝑡𝑓𝑝𝑖𝑡 = 𝛼 + 𝛾𝑠𝑘𝑖𝑡 + 𝜙 ∑ 𝜔𝑘𝑠𝑘𝑘𝑡𝑘 + 𝑣𝑖𝑡 (3.2) 

There is a vast literature showing that, in accordance with theories of endogenous growth, there 

are several factors affecting TFP apart from domestic R&D investment, some of which are observable and 

others that are not. For example, human capital is another major force driving TFP (Lucas 1988 and 

Stokey, 1991). The main argument is that the level of education drives growth because it increases the 

ability to adapt and implement existing technology or to create new technologies. Several empirical 

papers have placed human capital in this model as an explanatory variable of productivity, to avoid 

omitted variables bias and to measure its impact on growth (Englelbrecht 1997 and 2002, Xu and Wang 



20 

1999; Frantzen2000, Crispolti and Marconi, 2005, among others). Other literature has shown that public 

infrastructure can also play a role in promoting economic growth by making available new resources or 

enhancing productivity of existing ones. However, from an empirical point of view, the effectiveness of 

infrastructure in driving productivity is controversial (Bronzini and Piselli 2009). Finally, another factor 

affecting agricultural productivity in LAC, as discussed in Nin-Pratt et al. (2015), were distortions to 

agricultural incentives through macroeconomic policy, sectoral policy, and trade measures. Per Franzen 

(2000), if all these factors affect productivity and interact with each other, their contribution can be 

properly measured only within a unified framework given that if one of the relevant inputs is omitted, 

estimations of elasticity of the other factors are bound to be biased.  

Rather than trying to estimate the model under the unified framework, we adopt the approach 

proposed by Andersen (2015). According to Andersen (2015), the econometric estimation of 𝛾 in (3.2) is 

extremely difficult and affected by the problem of omitted variable bias, and time-series econometric 

issues. Eberhardt, Helmers and Strauss (2013) argue that previous studies estimating this model, 

implicitly assumed that cross-sectional correlation is exclusively generated by the R&D spillovers. This 

means that estimates of (3.2) could fail to produce unbiased and consistent estimates of returns to R&D 

because: a) they may not capture all the cross-sectional dependence, and b) because significant spillover 

variables may not represent genuine knowledge spillovers but rather reflect data dependencies due to 

common factors to the countries in the sample. Given the nature of the data used here, we need to add to 

this list the errors in variables problem which results in a downward bias of the estimated regression 

coefficient.  

The approach proposed by Andersen (2015) is to calculate country-specific knowledge stocks and 

then define the parameters that determine the part of a country’s knowledge stock that spill-out to other 

countries as knowledge spillovers. These different components of the knowledge stock can then be 

aggregated to form a single estimate of the knowledge stock available to a country. Under this approach, 

TFP in country i is equal to total knowledge stock in that country, including stock that results from 
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domestic R&D expenditure and from spill-ins from other countries, times a coefficient that determines 

how much of the knowledge stock contributes to TFP: 

 𝑡𝑓𝑝𝑖𝑡 = 휀�̅�[𝑠𝑘𝑖𝑡 + ∑ 𝜔𝑘𝑠𝑘𝑘𝑡𝑘 ] = 휀�̅�𝑘𝑖𝑡  (3.3) 

where 휀�̅� is the country-specific average R&D elasticity, which Andersen (2015) calculates as 

follows: 

 휀�̅� =
[ln(𝑡𝑓𝑝𝑖𝑇)−ln(𝑡𝑓𝑝𝑖0)]

[ln(𝑘𝑖𝑇)−ln(𝑘𝑖0)]
   (3.4) 

Subscripts T and 0 in equation (3.4) refer to end and beginning of the period, respectively. The 

R&D elasticity measures the percentage change in agricultural output that results from a 1 percent 

increase in the knowledge stock and it is assumed to be positive. This means that an increase in 

knowledge stock cannot have a negative impact on productivity. Annual changes in R&D investment will 

not have an immediate impact on TFP but will affect TFP growth in the future through its effect on the 

knowledge stock. As argued by Andersen (2015), the average elasticity in (3.4) should be a good 

approximation to econometric estimates that can deal successfully with all the problems mentioned above, 

coming at a lower cost and with less potential pitfalls. If the period between 0 and T is long enough, the 

elasticity in (3.4) has also the advantage of averaging out shocks to productivity that result from business 

cycles, weather, policy changes and measurement errors (Andersen 2015). In this study and for the case 

of LAC, the period used to calculate the elasticity (1981-2013) seems to be long enough to average out 

these effects, as it includes the crisis of the 1980, the structural changes of the 1990s and the fast growth 

of the 2000s. 

The rest of this section shows how the different key variables in (3.4) are calculated. The country-

specific knowledge stocks are obtained using the perpetual inventory method (PIM), following the 

framework developed by Esposti and Pierani (2003). The PIM is a method that has been extensively used 

to estimate the physical capital stock of a country (consisting of machinery, buildings, animal stock and 

other assets). Since the capital stock is not directly observable, the PIM interprets an economy`s capital 

stock as an inventory that increases with investments. This inventory provides services to the owner of 
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capital, but the amount of those services changes with time. The quantity of services the investment 

provides is at its maximum directly after the investment has been made and decreases thereafter. The PIM 

reflects the reduction on the quantity of services provided by capital by calculating a reduction in capital 

stock. The amount by which the capital stock falls per period is the depreciation rate. However, while the 

value of the investment decreases, it never falls to zero, thus, an investment principally has a perpetual 

use (Berlemann and Wesselhöft 2014). Applying this framework to knowledge stocks instead of physical 

capital requires some changes, which we discuss in detail below. 

R&D stocks 

We follow Esposti and Pierani (2003) and adopt the perpetual inventory method (PIM) to build the R&D 

knowledge stock in analogy with physical capital, assuming an infinite lag distribution that can be derived 

looking at the R&D investment characteristics. The model requires little information: an initial value of 

the stock, the series of gross R&D investment and three key parameters: a geometric depreciation or 

decay rate of the stock (δ), a stochastic gestation lag period (G) and a parameter (β) that defines the shape 

of the gestation period.  

As in Griliches (1996) and in Alston and Pardey (1998), we assume that even though knowledge 

does not depreciate physically, some knowledge becomes obsolete as more recent knowledge becomes 

available, the utilization of “old” ideas decreases, and new R&D investments partially or wholly 

substitute old ones. Obsolescence could also result from external conditions, such as consumer 

preferences, in which case knowledge stocks may also become obsolete without vanishing. Under this 

assumption, research effects can diminish over time but potentially lasts infinitely (Esposti and Pierani 

2003). 

The gestation period of the investment (G) means that an investment in period t will contribute to 

the knowledge stock with a very low weight (eventually zero) during the initial years after the investment 

is made, and will increase its weight until t+G, the end of the gestation period, which is the moment at 

which the investment becomes fully efficient with its maximum contribution to the knowledge stock. 
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After t+G periods, the weight or contribution of that investment to the knowledge stock decreases because 

of decay or obsolescence as discussed above. 

The age-effectiveness function represents the lag structure of R&D expenditure determining the 

flow of benefits of R&D investment used in the calculation of rates of return. The shape of this function 

depends on assumptions about the gestation period and on the depreciation rate. Formally, and assuming 

without loss of generality, that there is no contribution of R&D expenditure to knowledge stock during 

the gestation period, the knowledge stock in period t can be represented as follows:  

𝑆𝐾𝑡 = 𝑆𝐾𝑡−1(1 − 𝛿) + 𝑅𝑡−𝐺  (3.5) 

where t is the current year, δ is the decay rate, G the gestation period, and Rt-G is R&D expenditure in 

period t-G. By backward substitution, equation (3.5) can be expressed as an infinite weighted sum of 

past R&D investments: 

𝑆𝐾𝑡 = 𝑅𝑡−𝐺 + (1 − 𝛿)𝑅𝑡−(𝐺+1) + (1 − 𝛿)2𝑅𝑡−(𝐺+2) + ⋯ + (1 − 𝛿)𝑠−𝐺𝑅𝑡−𝑠 + ⋯ (3.6)

Where the weights are a function of the decay rate and of the age of the investment. Equivalently, 

we can express (3.6) as follows: 

𝑆𝐾𝑡 = 𝜔0𝑅𝑡 + 𝜔1𝑅𝑡−1 + 𝜔2𝑅𝑡−2 + ⋯ + 𝜔𝑠𝑅𝑡−𝑠 + ⋯ (3.7) 

where ωs = (1-δ)s-G is a weight in the range of (0,1) and s is the investment’s age. In equations (3.6) and 

(3.7), the weight ωs =1 if s=G,  ωs = 0  if  s<G and 0<ωs<1 if  s>G. The ωs in (3.7) can be interpreted as 

the contribution (productivity) of different “vintages” of R&D investment to the knowledge stock. They 

can also be viewed as the weights used to aggregate different vintages into one technology stock. The 

knowledge stock in t is the sum of past R&D investments calculated in efficiency units using weights 

that reflect the productivity of different investments and hence, their contribution to the knowledge 

stock. On this basis, SKt is a measure of the aggregate knowledge stock at time t, since it indicates the 

amount of new capital required to obtain the same level of services as supplied by the old vintage capital 

still in use (Hulten and Wykoff, 1996 and discussion in Esposti and Pierani 2003). The constant δ 



24 

implies geometric decay of the knowledge stock, a faster reduction of efficiency in the early part of the 

service life. 

The case presented in equation (3.7), where ωs =0 if s<0 is only a case of a more general function 

that shapes the gestation period. This implies dividing the life of an investment in two periods. The first 

period, the gestation period, is finite, and represents the period before full research results are obtained. 

The second phase or service life of the investment starts at period G. After this period, investment 

produces results that cumulate into knowledge stock, a period that could potentially last for infinite 

periods but with decreasing ωs weights, assuming that technological upgrading accelerates obsolescence. 

The contribution of a dollar invested in period s=0 to the knowledge stock in different years is what 

Esposti and Pierani (2003) called the age/efficiency function of R&D investment, a function that 

describes changes in effectiveness of a single unit of research investment, or of one monetary unit of 

research investment over the years and that also shows how different R&D investments are aggregated 

over vintages in one knowledge stock. 

Formally, this function can be represented by defining the ωs weights as follows: 

𝜔𝑠 = 0, 𝑠 = 0 

𝜔𝑠 = [(1 − 𝛽)𝑠]/[(𝐺 − 𝛽𝑠)], 0 < 𝑠 < 𝐺 (3.8) 

𝜔𝑠 = 1, 𝑠 = 𝐺 

𝜔𝑠 = ∏ (1 − 𝛿𝑖), ∀𝑖 ∈ [𝐺 + 1, ⋯ , 𝑠]𝑠
𝑖=𝐺+1 𝑠 > 𝐺 

where s is age of the investment, G the gestation period, δ the decay rate, and β a curvature parameter 

incorporating different possible gestation periods (for s<G) as special cases. With β=1 we have the “one-

hoss shay” form: no contribution of the R&D investment to knowledge stock until period G, which was 

the case represented in equation (3.6) and (3.7). As the value of β approaches zero, the contribution of 

investment to the stock during gestation occurs at an increasing rate, reaching its maximum in G. The 

case where β=0 corresponds to the straight-line distribution, which results in the constant growth rate 1/

G. If 0< β <1, the curve is convex: most efficiency gains occur towards the end of the gestation period, 

and the closer β is to 1 the more pronounced the efficiency gain is in the later years of gestation. Finally, 

β<0, results in a concave curve. Figure 3.1 shows the shape of age/efficiency functions of R&D 
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investment differing only in the value of the parameter β that defines the shape of the gestation period, 

assuming values of G=10 and δ=0.15 for all curves. According to Esposti and Pierani (2003), the convex 

distribution seems to be the natural candidate to describe the early years of many research projects. 

Figure 3.1 compares three age/effectiveness functions with the same gestation period and the 

same value of β (same G=10 and β=0.95) but different decay rates. The curve on the left assumes, a 

decay rate δ=0.25. The curve on the right shows the lowest decay rate δ= 0.10 while the remaining curve 

is defined with δ=0.15. After twenty years, the effect of R&D with δ= 0.25 is almost extinguished, 

whereas the decay rate δ= 0.10 is assumed, there is still an observable effect even after 35 periods after 

investment. Note that the weight reaches its maximum value of 1 at the end of the gestation period, 

followed by decreasing weights, determined by the decay rate δ. 

The constant decay rate δ implies geometric decay of the knowledge stock, which is equivalent 

to assume that most innovations are incremental and will be replaced fast. The value of this rate will 

depend on the speed at which new knowledge can be produced. In the case of fast technological 

upgrading, we expect the decay rate to be only initially constant, and will increase with the speed of 

knowledge production. In this case, the decay rate is expected to be research-specific and endogenous to 

the research effort.  However, the speed of technological upgrading and its relationship with the decay 

rate is difficult to measure empirically, so it is usually assumed that the constant δ is a long-run real 

decay rate (Alston, Craig and Pardey, 1998). 

Figure 3.2 shows how different values of the parameter β determine the shape of the gestation 

period. When β=0, the effectiveness of investment increases linearly, while β=1 results in the one-hoss 

shay case, with no contribution of investment until s=G. When 1>β>0, the shape of the curve is convex, 

with the effectiveness of investment growing exponentially as s approaches G. Finally, when β<0 the 

shape of the curve during the gestation period is concave, with effectiveness of the investment growing at 

a decreasing rate as s approaches G. 
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Figure 3.1 Different shapes of the decay period given different decay rates 

Source: Elaborated by authors. 

Figure 3.2 Shape of the gestation period with different values of “β” 

Source: Elaborated by authors. 

In conclusion, the more general representation of the R&D stock is the following 

𝑆𝐾𝑡 = 𝑆𝐾𝑡−1(1 − 𝛿) + Ω𝑅𝑡−𝐺 with Ω=1 if t=G and Ω=[(1-β)t] / [(G- βt)] if t<G (3.9) 

This model is further modified to include uncertainty of the gestation period, assuming a 

triangular distribution around the mean. The final age/effectiveness function is then constructed as the 

weighted sum of individual age/efficiency functions weighted by their frequency of occurrence.  
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Parameters of the PIM model 

The use of the PIM to estimate R&D stocks leaves us with the problem of choosing the values of the 

parameters that determine the shape of the age/efficiency function of R&D investment and the 

transformation of investment into knowledge stock: the decay or depreciation rate δ, and the expected 

length, shape and distribution of the gestation period defined by δ, G and β as seen in the previous 

section. According to Hall et al (2009), determining the decay rate econometrically is difficult if not 

impossible and there has not been yet a satisfactory solution to this problem.  

Owing to the problems discussed in Hall et al. (2009), few studies explicitly estimate the decay 

rate δ, and none of them refer to agriculture (Alston et al., 1998). Most applications assume the decay rate 

based on ad hoc considerations and similar practices have been adopted for the other parameters. One 

common practice to define these parameters is the one followed by Esposti and Pierani (2003), based on 

the type of research, which assumes that the more basic the research, the smaller the δ and the larger the 

G. However, there is no clear-cut indication about the value of the remaining parameters.  

Esposti and Pierani (2003) followed this same approach, but then went a step further trying to 

calibrate the parameters based on assumptions of the type of research conducted by different institutions 

in Italy’s agriculture. First, they defined a range of values for the different parameters. In the case of the 

decay rate δ, they assumed values of 0.10, 0.20 and 0.25 for what they called basic, applied and 

developmental research. Esposti and Pierani (2003) assumed that the more theoretical, original and 

borderline a research program is, the longer the gestation period, so they defined values of G of 7, 6 and 4 

years for basic, applied and developmental research. Finally, they assumed β to be close to the one-hoss 

shay case (0.90≤β≤0.98), the closer to 1 the more basic the research program.  

With these selected values, Esposti and Pierani (2003) propose to derive the actual values of the 

parameters by using the nonparametric least squares criterion, assuming as known the lag structure of 

R&D investment in Italian agriculture. Given that this lag structure depends on unknown parameters δ, G, 

and β, they argue that it should be possible to estimate the unknown parameters as a weighted sum of the 

research specific lag structure (basic, applied and developmental research).  
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As acknowledge by Esposti and Pierani (2003), this approach has several limitations and usually, 

the solution to this problem is not empirically feasible. First, a reliable estimation of the actual lag 

structure should be obtained, but this kind of estimation is usually based upon some assumption regarding 

the lag profile. Second, the non-linearity in the parameters and the inadequacy of the traditional 

econometric tools also makes difficult this estimation, with major identification problems as the observed 

lag structure is determined by a set of parameters which does not correspond to any of the three research 

types defined a priori. After highlighting the difficulties entailed in the estimate of these parameters, 

Esposti and Pierani (2003) propose to fit the model using a grid of the parameter values and chose among 

the possible combinations of parameters, the one with the smallest sum of square errors (SSE). Using this 

calibration method, they confirmed the ‘mixed’ character of the underlying public agricultural research 

investments in Italy.  

In this study, we propose an econometric method to identify the relevant parameters defining the 

lag structure of R&D in the knowledge stock (see Nin-Pratt and Magalhaes, 2017). The method is feasible 

under the use of limited data as is the case in developing countries, without the need to subordinate the 

results to data constraints, which allow us to check our empirical results against what is expected by the 

conceptual framework of the PIM. Our method relies on generating a large number of knowledge stocks 

using different combinations of parameter values, and then determine which stock or linear combination 

of stocks better explains the TFP response of different countries.  To deal with this problem, the selected 

method needs to be able to handle many explanatory variables that are significantly redundant (collinear), 

and do not have a well-understood relationship to the dependent variable, and identify among these wide 

range of different R&D stocks, those that better fit the TFP data.  

Partial Least Squares (PLS) is a method that derives its usefulness from its ability to analyze data 

with many, noisy, collinear, and even incomplete variables in both X and Y. This method models not only 

the relationship between two matrices, X and Y, but in addition models the structure of X and of Y, which 

gives richer results than the traditional multiple regression approach providing quantitative multivariate 
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modelling methods, with inferential possibilities like multiple regression, t-tests and ANOVA (Wold et al. 

2001).  

To form a relationship between the dependent variable (Y) and explanatory variables X (X1,..,Xm), 

PLS constructs new explanatory variables, called factors, latent variables, or components, where each 

component is a linear combination of the explanatory variables X. Standard regression methods are then 

used to determine equations relating the components to the dependent variable. The method can be seen 

essentially as a combination of multiple regression analysis and principal components analysis (PCR), 

where principal components form the independent variables in a regression. The major difference is that 

with PCR, principal components are determined solely by the data values of the X variables, whereas with 

PLS, the data values of both the X and Y variables influence the construction of components. The purpose 

of using PLS is to form components that capture most of the information in the X variables that is useful 

for predicting Y, while reducing the dimensionality of the regression problem by using fewer components 

than the number of X variables. PLS is considered especially useful for constructing prediction equations 

when there are many explanatory variables and comparatively little sample data (Garthwaite 1994, 

Hoskuldsson 1988). 

In what follows we provide a simple interpretation of PLS, following Garthwaite (1994). We start 

from a sample of size n from which to estimate a linear relationship between Y and X, where Y is a n×1 

vector and X is an n×m matrix that can be represented by m vectors [X1 , . . , Xm]. PLS reduces the number 

of regressors by defining p components C that are fewer than the number of X variables (p<m). This is 

achieved by allowing variables X to influence Y only through the components Cg with g=[1, 2,…,p].  

PLS works with centered variables, where Y and X are transformed into U and Vh, with U= (Y-ӯ) 

and 𝑉ℎ = (𝑋ℎ − �̅�ℎ). The sample means of vectors U and Vh are 0, and their components are denoted by u 

and vh. The method works by sequentially defining the different components. The first component, C1, is 

constructed as a linear combination of the Vh’s as follows. U is first regressed against each of the Vh in 

turn, running m regressions of the form: 
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 𝑈(ℎ) = 𝑏ℎ𝑉ℎ  (3.10) 

with each of the m equations in (3.10) providing an estimate of U. C1 is then defined as a 

weighted average4 of predictors of U: 

 𝐶1 = ∑ 𝑤1,ℎ𝑏1ℎ𝑉ℎ
𝑚
ℎ=1    (3.11) 

As such, C1 should itself be a useful predictor of U and hence of Y. But the X variables potentially 

contain further useful information for predicting Y than the information contained in C1. The information 

in X that is not in C1 may be estimated by the residuals from a regression of X, on C1, which are identical 

to the residuals from a regression of V, on C1. Similarly, variability in Y that is not explained by C1 can be 

estimated by the residuals from a regression of U on C1. These residuals will be denoted by V2, and U2, 

respectively. This procedure continues iteratively using equations (3.10) and (3.11) to estimate the 

parameters of regressions between U2 and vectors in V2, to obtain component C2, and so forth to obtain 

component Cg, where each component is determined from the residuals of regressions on the preceding 

component, with residual variability in Y being related to residual information in the X's. In general, the 

V’s are defined as: 

 𝑉(𝑔+1)ℎ = 𝑉𝑔ℎ − {
𝑐𝑔

′ 𝑣𝑔ℎ

𝑐𝑔
′ 𝑐𝑔

} 𝐶𝑔    (3.12) 

with the term in brackets being the coefficients obtained from regressing Vgh on Cg. Similarly, U 

is defined as: 

 𝑈(𝑔+1) = 𝑈𝑔 − {
𝑐𝑔

′ 𝑢𝑔

𝑐𝑔
′ 𝑐𝑔

} 𝐶𝑔  (3.13) 

where the term in brackets includes coefficients from regressing Uk on Cg. Cg+1 is then obtained 

as in (3.11):  

 𝐶𝑔+1 = ∑ 𝑤(𝑔+1),ℎ𝑏(𝑔+1)ℎ𝑉(𝑔+1)ℎ
𝑚
ℎ=1   (3.14) 

                                                      
4 A wide range of possibilities for constructing Cl are offered, depending on the weights that are used. A discussion on 

different types of weights and their effects can be found in Garthwaite (1994, 124) 
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With p components, the PLS regression equation takes the form: 

 �̂� = 𝛼0 + 𝛼1𝐶1 + 𝛼2𝐶2 + ⋯ + 𝛼𝑝𝐶𝑝 (3.15) 

The components C in (3.15) are orthogonal vectors because V(g+1)h is uncorrelated with Cg for all 

h and each of the components Cg are a linear combination of the V(g)h so they are uncorrelated with Ck. 

After an estimate of the regression model has been obtained, we can express the model in terms of the 

original variables X, rather than the components Ck. This gives a more convenient equation for estimating 

Y for further samples based on their X values. 

An alternative way of seeing how the PLS approach works is to consider the Spectral Theorem 

for Symmetric Matrices, according to which a symmetric n×n matrix A has n real eigenvalues, and that 

the corresponding eigenvectors are orthogonal. The symmetric matrix A can be orthogonally diagonalized 

as follows: A=UDUT, where U is a matrix made of eigenvectors of A and D is the diagonal matrix made 

up of the eigenvalues of A. Another property of symmetric matrices is that the solution to the 

optimization problem: Max [ xTAx] s.t. ||x||=1 is given by the largest eigenvalue of A (λmax), with x being 

equal to the eigenvector of A corresponding to λmax. 

Based on these properties, it can be shown that what PLS analysis does is to find in each iteration, 

an h vector that maximizes the covariance of YTX. In other words, PLS computes the largest eigenvalue-

eigenvector pair (h and λ) for the symmetric XTYYTX matrix, which is the solution to the maximization 

problem: Max [tTXTYYTXt], s.t. ||t||=1. In this way the n×k T matrix is chosen so that: 

 cov(YTXT,YTxT) = D’ (3.16)  

where D’ = diag (λ’1, λ’2, λ’3,..., λ’k) with λ’1> λ’2> λ’3>….> λ’k.  

A PLS model is not complete until the number of factors h (the value of k) is chosen. With 

numerous and correlated X-variables, there is a substantial risk for over-fitting, that is, getting a well-

fitting model with little or no predictive power. Hence, a strict test of the predictive significance of each 

PLS component is necessary, and then stopping when components start to be non-significant. Cross-

validation (CV) (Clark and Cramer 1993, van der Voet 1994, Wakeling and Morris 1993, and Wold et al. 
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2001) has become the standard method to test the predictive significance of the model. CV is performed 

by dividing the data in several groups Z and then developing Z different parallel models, each of them 

estimated with reduced data with one of the groups deleted.  Differences between actual and predicted Y-

values are calculated for each of the groups and the sum of squares of these differences is computed and 

collected from all the parallel models to form the predictive residual sum of squares (PRESS), which 

estimates the predictive ability of the model.  One way of defining the number k of components is to 

calculate the ratio PRESSk/SSk-1 after each component, judging the component as significant if this ratio 

is smaller than 0.9 (Wold et al. 2001). 

The cross-validated R2 (Q2) is defined for the final model with the estimated number of 

significant components as Q2 = (1-PRESS)/SS, where SS is the sum of squares of Y corrected for the 

mean. CV is also used to validate the model, by simulating how well the model predicts the data (Wold et 

al. 2001). 

The PLS analysis is conducted for a sample of 17 LAC countries covering the period 1981-2011. 

TFP values were obtained using a growth-accounting approach described in Nin-Pratt et al.  (2015), based 

on Eberhardt and Teal (2013). Data on R&D expenditure to calculate knowledge stocks were presented in 

Section 2 and are from ASTI (2016).  

The PLS approach is implemented using SAS/STAT® software Version 9.4 of the SAS system 

for UNIX. By default, SAS/STAT® displays the amount of predictor and response variation accounted 

for by each factor. The package also provides a summary of the cross validation for each number of 

factors, along with information about the optimal number of factors and details of the fitted model for 

each successive factor.  

With the number of factors determined, additional tests can be performed to increase the amount 

of variability explained by the factors in the dependent variable. One key component of this process is 

identifying the predictors that play a relevant role in explaining the variance. The PLS output of the 

SAS/STAT® software analysis includes the regression coefficient profile and the variable importance 

plot that gives a direct indication of which predictors are most useful for predicting the dependent 



33 

 

variable. The regression coefficients represent the importance each predictor has in the prediction of just 

the response (Y). The variable importance plot, on the other hand, represents the contribution of each 

predictor in fitting the PLS model for both predictors and response (X and Y). It is based on the Variable 

Importance for Projection (VIP) statistic, which summarizes the contribution of a variable makes to the 

model. If a predictor has a relatively small coefficient (in absolute value) and a small value of VIP, then it 

is a prime candidate for deletion. A critical value of 0.8 is suggested for this statistic.  Variables that do 

not reach the critical value are dropped and the model is re-estimated.  The VIP test is applied as many 

times as needed until all variables reach the critical value of 0.8.  By applying the VIP test, it is also 

possible to establish whether the effect of a given variable on the dependent variable is positive or 

negative. Specifically, for this work, the VIP shows whether the selected stocks of R&D affect TFP in a 

positive or negative fashion.  We have selected only stocks that affect TFP positively. Negative impacts 

of some of the R&D stocks on TFP are likely to be capturing the effects of factors other than R&D and 

therefore are not relevant to our goal. Results of the PLS approach used to determine the parameters of 

the knowledge stock for LAC countries are presented in Table 3.1. 

Table 3.1 Results of the PLS approach to determine parameters of the PIM model of knowledge 

stock 

  DRS countries LDRS countries 

Number of extracted factors 
15 15 

Total X variation accounted so far 
100.00 100.00 

Total Y variation accounted so far 
66.1 73.3 

Decay rate (δ) 0.15 0.16 

Length of gestation period (G) 17 12 

Shape of the gestation period (β) 0.62 0.62 

Source: Estimated by authors 

Note: Countries with more developed R&D systems are Argentina, Brazil, Chile, Colombia, Costa Rica, Mexico and Uruguay. 

Results show that countries with most advance research systems have a longer gestation period 

(17 years compared to 12 for other countries). No major differences were found in depreciation rates 

between the two groups of countries (0.15 for countries with most advance research systems and 0.16 for 

other countries). To check for the appropriateness of our results we compare them with estimates for the 
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USA using the same method. As expected, results for USA show a longer gestation period (20 years) and 

a lower depreciation rate (0.08). 5 

Figure 3.3 compares the shape of the age/effectiveness function for LAC countries with more 

advance and less advance research systems, with the age/effectiveness obtained for the USA. Notice that 

the effectiveness of investment at its peak should be 1.0 but because we assumed uncertainty over the 

duration of the gestation period, the average of different outcomes that occur with different probabilities 

result in an average weight or effectiveness at the peak smaller than 1.0. The irregular shape of the curves 

is also the result of assuming uncertainty.  

Figure 3.3 Age/effectiveness functions for LAC countries with advanced and less advanced research 

systems compared to that of the USA 

 
Source: Elaborated by authors 

Note: Countries with more developed R&D systems are Argentina, Brazil, Chile, Colombia, Costa Rica, Mexico and 

Uruguay. 

                                                      
5 The shape of age/effectiveness function of the investment obtained for the USA in this study is very similar to the one that 

can be derived from estimates by Alston and colleagues (2011) who used a detailed panel of state-level data for the USA 

including annual state-specific data on agricultural productivity for each of the 48 contiguous U.S. states between 1949 and 2002 

and on agricultural research and extension expenditures by the federal and state governments between 1890 and 2002.  
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The knowledge stock 

Figure 3.4 shows the evolution of LAC’s knowledge stock between 1981 and 2013. Spillovers from the 

six biotech firms were calculated by weighting the stock by the share of the biotech crops in each country 

and by the correlation between the input mix of the country and the input mix of the USA. We also 

assume that biotech crops developed by these firms are mostly related to the agroecological conditions of 

the USA, so countries with similar output mix to that of the USA will be able to incorporate with less 

investment the technologies developed by these firms. Similarly, in the case of the CGIAR stock, the 

spillovers depend on the share of the crops that are priority for the CGIAR centers in the region (maize, 

wheat, beans, cassava and other roots and tubers), and on the correlation between the crop mix in each 

country with that of Colombia and Mexico, where the two major CGIAR centers are located. 

Figure 3.4 shows that LAC’s knowledge stock grew at decreasing rates until the mid-1990s, 

accelerating in the 2000s. Own R&D stock has the largest share in total knowledge stock, while stocks of 

the six major biotech firms6 increased almost ten times between 1981 and 2013. The knowledge stock of 

the CGIAR also increased significantly in recent years, but after slow growth and stagnation in the 1990s. 

Figure 3.4 Evolution of LAC’s total agricultural R&D stock and its components, 1981-2013 

 
Source: Elaborated by authors 

                                                      
6 BASF, Dow Agroscience, Monsanto,  Du Pont and Syngenta 
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4. RESULTS 

This section presents the results derived from the application of the conceptual framework developed in 

Section 3, using R&D data discussed in Section 2. These results include the calculation of knowledge 

stocks, R&D elasticities derived from changes in TFP, knowledge stocks for the analyzed period, and the 

marginal returns to R&D investment for the region and for individual countries.  

Figure 4.1 shows the evolution of total LAC’s knowledge stock, which includes stock that results 

from countries’ own investments, knowledge spillovers from other countries, spillovers from knowledge 

generated by biotech firms, and spillovers from CGIAR investment in the region.  Trends in the 

knowledge stock are compared to the evolution of TFP levels. Notice that the kink in the knowledge stock 

results from the assumption that biotech firms started contributing significantly to the knowledge stock 

after the first biotech commercial varieties were released in 1996.  

The results show that by 2012, LAC’s knowledge stock was more than eight times bigger than its 

level in 1981. We also observe that despite fast growth of the knowledge stock during the “lost decade” of 

the 1980s, TFP levels remain virtually stagnated. TFP growth starts picking up after 1987 although it still 

grows at lower rates than the stock but with growth rates converging in the 2000s. Annual TFP growth 

between 1987 and 2000 was on average 1.6 percent while the stock increased at 4.5 percent annually. 

Between 2001 and 2012, the average TFP growth was 1.8 percent, while growth of the knowledge stock 

slowed down to 2.1 percent. Notice how the fast growth of the knowledge stock early in the period 

coincides with the period of low TFP growth, resulting in a relatively small elasticity, while faster growth 

in TFP in the 2000s coincides with slower growth in the stock. Therefore, we expect that the average 

elasticity for the period will be the most accurate measure of the response of TFP to changes in the R&D 

stock.  
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Figure 4.1 R&D knowledge stock and TFP levels, aggregated values for LAC 

 
Source: Elaborated by authors 

Note: Knowledge stocks include country stocks and spill-ins from other countries, from CGIAR investments in the region and 

knowledge from biotech firms. 

Growth in knowledge stock varies by country. The knowledge stock of the six DRS countries, 

those contributing with the bulk of R&D investment, grew much faster than the stock of other countries 

(Figure 4.2). The knowledge stock in the advanced countries was nine times bigger in 2012 than in 1981 

while TFP was 80 percent larger than its level in 1981 (Figure 4.2A). On the other hand, LDRS countries 

increased their knowledge stock too, but only at half the speed of growth in the more advanced countries. 

Because of slower growth, knowledge stock in this group of countries was 3.8 times bigger in 2012 than 

in 1981 and TFP increased just below 40 percent. Notice that on average for the period, growth in TFP is 

proportional to the expansion of the knowledge stock. 



38 

 

Figure 4.2 R&D knowledge stock and TFP levels for two groups of countries 

 
Source: Elaborated by authors 

Note: Knowledge stocks include country stocks and spill-ins from other countries, from CGIAR investments in the region and 

knowledge from biotech firms. Countries in 4.2A are Argentina, Brazil, Chile, Colombia, Costa Rica, Mexico and Uruguay. 

Countries in 4.2B are Belize, Bolivia, Dominican Rep., Ecuador, Guatemala, Honduras, Jamaica, Nicaragua, Peru, Paraguay, El 

Salvador, Trinidad & Tobago and Venezuela 

What is the importance of different sources of spillovers relative to public investment on 

agricultural R&D at the country level? For advanced countries, the contribution of knowledge spillovers 

to the total stock of knowledge is relatively small, but for other countries, knowledge spillovers seem to 

play a central role as drivers of growth in knowledge stock. This can be seen in Figure 4.3, where we 

compare the contribution of different sources of spillovers to total knowledge stock in the group of 

advanced countries and other countries. Notice first the differences in scale of figures 4.3A and 4.3B. 

Knowledge spillovers received by the advanced countries represent only 14 percent of total knowledge 
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stock in these countries, while for other countries this percentage varied between 60 and 70 percent. 

Another important difference between countries is the relative contribution of knowledge stocks from 

different sources. For more advanced countries (Figure 4.3A), the contribution of knowledge from other 

countries and the investment by the CGIAR play a relatively small role. The most significant knowledge 

contribution for this group comes from the biotech firms. In the case of other countries, only a small 

proportion of the knowledge stock has been built with their own investment. About 40 percent of their 

stock of knowledge depends on spillovers from other countries in the region, while 20 percent is the result 

of CGIAR investments. 

Figure 4.3 Contribution of different sources of spillovers to total knowledge stock 

 
Source: Elaborated by authors 

Note: Knowledge stocks include country stocks and spill-ins from other countries, from CGIAR investments in the region and 

knowledge from biotech firms. Countries in 4.3A are Argentina, Brazil, Chile, Colombia, Costa Rica, Mexico and Uruguay. 

Countries in 4.3B are Belize, Bolivia, Dominican Rep., Ecuador, Guatemala, Honduras, Jamaica, Nicaragua, Peru, Paraguay, El 

Salvador, Trinidad & Tobago and Venezuela 

Considering spillovers in this way is one of the most attractive features of our approach to 

calculate elasticities. Own R&D investment plays a minor role in productivity growth among less 

developed or smaller countries. Using TFP changes and changes in total knowledge stock for each 

country over the period 1981-2013 we obtain the R&D elasticity for the region and for each individual 

country. As discussed in Section 3, R&D elasticities are calculated by dividing total changes in TFP 

between 1981 and 2013, by total changes in knowledge stock for the same period. Knowledge stock 

change is the result of R&D investment (increases stock) and the rate of knowledge decay (reduces 

stock). The R&D elasticity measures the percentage increase in TFP that results from a 1 percent increase 
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in knowledge stock. Elasticity values together with average TFP and knowledge stock growth rates for the 

period 1981-2013 are shown in Table 4.1.  

The calculated average elasticity for LAC is 0.28. Countries with more advanced research 

systems show a slightly higher elasticity (0.29) than the average for the region, while the elasticity for 

other countries is 0.23. The range of elasticities goes from 0.10 in the case of Uruguay to 0.59 for 

Nicaragua.  

Figure 4.4 compares our estimates of the R&D elasticity with those obtained by Andersen (2015) 

for the USA using the same method applied here. Andersen (2015) calculated elasticities for 48 states and 

obtained an average elasticity of 0.52 with a maximum value of 0.85 (Mississippi) and a minimum of 

0.24 (Nevada). Keep in mind that the number of countries for which we calculated elasticities is only 19. 

Most countries in LAC fall in the range of values of the first half of USA’s elasticity distribution.  

Table 4.1 Average growth on TFP and knowledge stock and calculated R&D elasticities 

 Average growth 1981-2013 (percentage)  

Country TFP Knowledge stock R&D elasticity 

Argentina 1.7 7.9 0.21 

Brazil 2.5 7.1 0.36 

Chile 2.3 7.8 0.29 

Colombia 0.9 7.2 0.13 

Costa Rica 2.6 7.0 0.38 

Uruguay 1.1 10.8 0.10 

Group 11 2.2 7.4 0.29 

Bolivia 1.7 4.5 0.37 

Dominican Republic 0.9 6.6 0.13 

Ecuador 2.3 5.3 0.43 

Guatemala 1.1 2.7 0.40 

Honduras 0.9 4.0 0.22 

Jamaica 0.9 6.3 0.15 

Mexico 1.3 6.8 0.19 

Nicaragua 1.6 2.7 0.59 

Peru 2.1 4.5 0.46 

Paraguay 1.6 4.5 0.36 

El Salvador 0.5 3.6 0.14 

Trinidad and Tobago 1.5 5.0 0.29 

Venezuela 1.4 5.6 0.25 

Group 21 1.4 5.9 0.23 

LAC1 2.02 7.10 0.28 

Source: Elaborated by authors 

Note: Knowledge stocks include country stocks and spill-ins from other countries, from CGIAR investments in the region and 

from biotech firms. Elasticities measure the percentage growth in TFP as the result of a 1 percent growth in knowledge stocks. /1. 

Countries in Group 1 are those with more advance R&D systems, while Group 2 includes other countries. Averages for all groups 

and the region are weighted averages with weights calculated as the share of the country’s knowledge stock in the group and in 

LAC, respectively.  
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Figure 4.4 Histograms of the distribution of R&D elasticities for 21 LAC countries and 48 USA 

states 

 
Source: Elaborated by authors based on Andersen (2015), and own calculations using ASTI (2016). 

Using the elasticities in Table 4.1 together with the age/effectiveness curves with length of 50 

years presented in Section 3, we calculate rates of return and benefit-cost ratios (BC) of one extra dollar 

of R&D investment for each country and for the region. In this analysis, the cost is the investment of 1 

dollar in the initial period, and benefits in the future are determined using the formula proposed by Alston 

Craig and Pardey (1998): 

 휀�̅�
𝑦

𝑘
∑

𝑤𝑗,𝑠

(1+𝑟)𝑠𝑠 = 1  (4.1) 

where 휀�̅� is the R&D elasticity of country j as defined in Section 3, y and k are agricultural output 

and the R&D stock in the initial period, ws are the investment efficiency coefficients as represented in 

Figure 3.3, with two different patterns depending if the country in question is one with DRS or with 

LDRS, s is the period after investment (we consider 50 years for the calculation), and r is the modified 

internal rate of return measure (MIRR), the variable to be determined in equation (4.1). Details on the 

calculation of the MIRR and the BC can be found in the Appendix. 
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The calculation assumes an annual real discount rate of 5.0 percent and we compare results using 

the average, minimum and maximum R&D elasticities. Results of these calculations are presented in 

Table 4.2 and include values of modified rates of return (MIRR), and benefit-cost ratios (B/C). Figures 

4.5 and 4.6 show the distribution of MIRR and BC values, calculated for all countries also using the 

average, minimum and maximum values of R&D elasticities from Table 4.1 (generating 57 observations).  

Figure 4.5 shows that only 6 percent of all MIRRs obtained for each of the 19 countries in our 

sample using three different values of the R&D elasticity fall below the 5 percent discount rate. Most 

MIRR values fall between 7 and 10 percent (42 percent) and about 75 percent of all estimates are bigger 

than 7 percent.  

Figure 4.5 Values of the MIRR obtained for 23 LAC countries using average, maximum and 

minimum R&D elasticities calculated for these countries 

 
Source: Elaborated by authors 

The distribution of BC values tells a similar story (Figure 4.6). Only 7 percent of all observations 

show a BC ratio smaller than 1 and about one-fourth show values smaller than 2, so it is likely that 50 to 

75 per cent of the countries in LAC are underinvesting in R&D. Which countries are the most likely 

candidates? 
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Table 4.2 shows how the different values of the BC ratio obtained for each country using 

different values of the R&D elasticities are distributed between three ranges of BC ratio values. As shown 

before, results obtained for the MIRR and the BC ratio are sensitive to changes in the value of the R&D 

elasticity, so the purpose of Table 4.2 is to see which countries are more likely to be on the left side of the 

BC distribution, that is, showing low levels of BC, and which countries are more likely to be found on the 

right side of the BC distribution. Countries on the right side of the distribution are the most likely 

underinvestors in the region, while those on the left side are the less likely underinvestors. 

Results in Table 4.2 show that Ecuador, Dominican Rep., El Salvador, Guatemala, Honduras, 

Paraguay, Peru and Venezuela are likely underinvestors in the region. On the other hand, Trinidad and 

Tobago, Uruguay, Argentina, Chile and Brazil, are the countries with lowest BC ratios. The countries 

included in the intermediate group (Bolivia, Colombia, Costa Rica, Jamaica, Mexico and Nicaragua) are 

the most sensitive to changes in the R&D elasticity when calculating BC ratios or MIRRs. When using 

the highest value of the R&D elasticity, these countries show up in the group of highest BC ratios 

together with Ecuador, but when using the lowest R&D elasticity they are found in the group with 

Trinidad Tobago and Uruguay.  

Figure 4.6 Values of the BC obtained for 23 LAC countries using average, maximum and minimum 

R&D elasticities calculated for these countries 

 
Source: Elaborated by authors 
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Table 4.2 Distribution of BC ratios of R&D investment for different LAC countries when calculated 

with different R&D elasticity values 

 Frequency of BC values in each category 

 BC less than 3 BC between 3 and 10 BC bigger than 10 

Ecuador 0.00 0.00 1.00 

Dominican Rep. 0.00 0.33 0.67 

El Salvador 0.00 0.33 0.67 

Guatemala 0.00 0.33 0.67 

Honduras 0.00 0.33 0.67 

Paraguay 0.00 0.33 0.67 

Peru 0.00 0.33 0.67 

Venezuela 0.00 0.33 0.67 

Bolivia 0.33 0.33 0.33 

Colombia 0.33 0.33 0.33 

Costa Rica 0.33 0.33 0.33 

Jamaica 0.33 0.33 0.33 

Mexico 0.33 0.33 0.33 

Nicaragua 0.33 0.33 0.33 

Brazil 0.33 0.67 0.00 

Chile 0.33 0.67 0.00 

Argentina 0.67 0.33 0.00 

Uruguay 0.67 0.33 0.00 

Trinidad & Tobago 1.00 0.00 0.00 

Source: Elaborated by authors 

Figure 4.7 looks at the relationship between the R&D investment intensity, as measured by the 

AII, and the returns to R&D investment measured by the MIRR (using average R&D elasticities), while 

Table 4.3 shows the result of regressing the MIRR against the AII. The dotted line in Figure 4.7 

represents the fitted values of this regression. There is a negative and highly significant correlation 

between R&D investment intensity and returns to investment (0.80). Notice that when the trend line 

intersects the 5 percent line representing the discount rate, returns to R&D equal returns of the alternative 

investment for the government and so at this point, policymakers would be indifferent between investing 

an extra dollar in R&D or in the alternative option.  

If conditions for investment were the same in all countries, then it would be easy to conclude that 

most countries are underinvesting in agricultural R&D, at least those countries for which the 95 percent 

confidence interval for the MIRR in Figure 4.7 is above 5 percent (countries with AII<0.3). However, if 
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investment in R&D is a riskier investment than the alternative, policymakers will require rates of return 

higher than the 5 percent opportunity cost to make R&D investment attractive. This implies that the 

acceptable return for R&D investment should vary by country given different quality of institutions, 

development of research systems, the type of investment (for example, basic research would be riskier 

than testing varieties from other countries) and other factors that could make agricultural R&D 

investments in some countries riskier than in others. This makes it difficult to reach any conclusions at 

this level of analysis about which countries are underinvesting.  

Figure 4.7 Relationship between the MIRR and R&D investment intensity as defined by the AII 

using output and R&D stock projected to 2015. 

 
Source: Elaborated by authors 
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Table 4.3 Regression coefficient and linear correlation between the MIRR and R&D investment 

intensity as defined by the AII 

MIRR Coefficient Robust Std. Err. t P>|t| 

AII -8.49 2.55 -3.33 0.005 

Constant 11.76 0.62 18.88 0.000 

R2 0.64    

Correlation 0.80    

Source: Elaborated by authors 

To further discuss the level of investment, R&D intensity and rates of return that could be 

expected in countries with different institutional environments and risks, Table 4.4 classifies countries in 

three groups based on quality of government institutions and compares values of the MIRR and BC ratios 

of R&D investment between groups and between countries within each group. The index of quality of 

government institutions (IQGI) is calculated as the simple average of five different sub-indices: an index 

of political stability, effectiveness of government, regulatory quality, rule of law and control of 

corruption. The index takes values between 0 and 1 with 1 being the highest institutional quality in the 

region (see Kaufmann, Kraay and M. Mastruzzi 2010, for technical details on the definition of the indices 

and data availability). Notice that comparing countries within groups of similar institutional quality 

implies that the cost of time for the government of 5 percent assumed for the calculations of the MIRR 

and BC ratios does not apply to all countries. The lower the institutional quality, the higher the risk of the 

investment and the higher the cost of time for government investments.   

Not surprisingly, Table 4.4 shows high and positive correlation between institutional quality and 

R&D intensity. Chile, Uruguay, Costa Rica and Brazil are the countries with highest institutional quality 

(the high group or HG). Central American countries, plus Venezuela, Ecuador, Paraguay and Bolivia are 

the countries with the lowest institutional quality (the low group or LG). The intermediate group (IG) 

includes Argentina, Dominican Republic, Colombia, Peru and Mexico. For countries in the HG, the 

average value of the IQGI is 0.76, compared to 0.21 for the LG and 0.38 for the IG. Notice that the 

average value of the index almost doubles between groups, and the same occurs with the average value of 

the AII, which goes from 0.15 in the LG, to 0.28 in the IG and to 0.49 in the HG. In other words, better 
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government institutions result in higher R&D investment intensity, and related to this, returns to R&D 

investment are lowest in the GH and highest in the LG. The average MIRR in the HG is 6.8 percent 

compared to 11.0 in the LG group and 9.3 percent in the IG. The BC ratio make this differences clearer, 

with an average value of 2.5 in the HG, 10.0 in the IG and 18.9 in the LG.  

We now compare countries within groups looking for difference in investment between countries 

with similar quality of government institutions to identify most likely underinvesting countries. The last 

five rows in Table 4.4 show that within the HG, Costa Rica is the only country that seems to be 

underinvesting. With similar characteristics to those of Uruguay, Costa Rica’s AII is only 0.28, compared 

to an average value of 0.49 for the group and 0.41 for Uruguay. The return of investing an extra dollar in 

R&D in Costa Rica is estimated at 7.8 percent, with a BC ratio of almost 4, compared to an average BC 

ratio of 2.5 for the group. 

In the case of the LG, there are six countries with similar values of the IQGI, going from 0.21 in 

the case of Ecuador to 0.28 in Nicaragua. The group includes Venezuela, the country with the lowest 

institutional quality in the region. Within this group, Bolivia shows a relatively high R&D intensity (AII = 

0.40). This high value is explained by a significant contribution of international aid organizations and 

development banks received by Bolivia in recent years for the development of its agricultural research 

system. Notice that this high level of investment results in a very low BC ratio (6.2 compared to 19 on 

average for the group), which could be indicating that the country is overinvesting. Given the observed 

values for the MIRR and BC ratio and the low institutional quality in this group, it is likely that the cost 

of time for these countries is closer to 10 than to 5 percent and that the BC ratio is also close to 10, which 

means that levels lower than those, as in the case of Bolivia, are an indication of overinvestment.     

  The case of Bolivia could be signifying that one of the major constraints to increase R&D 

investment in this group of countries is the government’s financial constraint, and/or the inability of 

governments to allocate funds to agricultural research for institutional or political reasons. The latter are 

likely explanations for the low R&D investment in Venezuela and Ecuador, oil exporters that did not 

experience major budget constraints in recent years except for those caused by policy choices and 
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political priorities. Among other countries in this group, Guatemala seems to be the most likely 

underinvestor, showing an AII of only 0.07, less than half of the group’s average, and a BC ratio of 24, 

higher than that of any other country in the group except for Venezuela and Ecuador. Paraguay is another 

likely underinvestor in this group, with a BC ratio of 22.5, close to that of Guatemala. This country has 

shown an improved policy and institutional environment in the last 20 years, and could be in a good 

position to increase R&D investment and develop its agricultural research system. It is more difficult to 

reach clear conclusions about Honduras and Nicaragua. Both countries show simultaneously, low BC 

ratios (12 and 8, respectively) and low levels of investment, which could be reflecting low efficiency of 

their research systems. If this is the case, improving efficiency rather than expanding investment with 

very low returns should be a priority for these countries. 

Table 4.4 R&D intensity and returns to R&D investment with countries grouped by quality of 

government institutions 

Country 
Quality of 
institutions AII MIRR Benefit/Cost 

Venezuela 0.00 0.08 12.1 26.6 

Ecuador 0.21 0.09 12.6 32.8 

Paraguay 0.22 0.12 11.7 22.5 

Honduras 0.25 0.12 10.3 11.7 

Bolivia 0.25 0.40 8.9 6.2 

Guatemala 0.26 0.07 11.9 24.0 

Nicaragua 0.28 0.16 9.5 8.3 

Low quality 0.21 0.15 11.01 18.9 

Argentina 0.33 0.53 6.5 2.0 

Dominican Rep. 0.36 0.17 10.7 14.4 

Colombia 0.38 0.22 9.0 6.5 

Peru 0.40 0.15 11.6 20.9 

Mexico 0.45 0.31 8.7 5.6 

Intermediate quality 0.38 0.28 9.31 9.9 

Brazil 0.51 0.85 7.0 2.6 

Costa Rica 0.74 0.28 7.8 3.7 

Uruguay 0.79 0.41 5.4 1.2 

Chile 1.00 0.42 7.0 2.6 

High quality 0.76 0.49 6.81 2.5 

Source: Elaborated by authors. The index of quality of institutions was adapted by authors using data from Kaufmann, Kraay and 

M. Mastruzzi (2010) for the year 2012. 
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Finally, the IG shows what seem to be two clear cases of R&D underinvestment: Peru and 

Dominican Republic. This conclusion is based on the very low level of R&D intensity and the high value 

of the BC ratio for these countries. Peru’s AII value is 0.15, showing a BC ratio of 21 while these values 

for Dominican Republic are 0.17 and 14, respectively. This, in a group with average AII of 0.28 and BC 

ratio of only 10. Another possible case of underinvestment is Colombia, a country with a relatively 

developed research system which shows an AII of only 0.22. What makes the case of Colombia less clear 

is the low return to investment shown by this country. The internal political conflict of the past could be 

in part explaining this low return. Changes in the future political scenario could increase returns and R&D 

investment in the coming years. Finally, Argentina shows mixed results based on the relatively low 

quality of its institutions, and low returns to R&D. This is not surprising given that Argentina has 

managed to develop one of the strongest agricultural research systems in the region, reflecting the 

efficiency and competitiveness of its agricultural sector, in the context of poor government institutions. 

As in most countries of the HG group, there is no evidence of underinvestment in the case of Argentina.  
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5. SUMMARY AND CONCLUSIONS 

This study looks at the state of agricultural R&D investment in LAC, focusing on the role this investment 

played in the performance of agriculture in the past 30 years. We do this by developing a new approach 

for the estimation of knowledge stocks that allow us to obtain R&D elasticities and measures of return to 

R&D investment that avoid some of the major problems encountered in the literature that uses 

econometric methods. Our approach relies on the PIM to build the R&D stock, which is combined with a 

partial least squares approach to determine the key parameters of the PIM model. This approach is used 

first to obtain R&D stocks from own country R&D investment, and then these estimates of R&D stocks 

are used to define spillovers between countries. Own R&D stocks and spillovers, together with 

knowledge stocks from multinational biotech firms and R&D stocks from international agricultural 

research centers are aggregated to determine the overall knowledge stock for each country. These stocks 

together with TFP estimates allow us to calculate average R&D elasticities, rates of returns and benefit-

cost ratios for each country.  

Results of our analysis show that one of the main characteristic of R&D investment in LAC is its 

heterogeneity and the diverse situations found across countries. Looking at the intensity of R&D 

investment, we distinguished between two groups of countries. The first group includes countries with 

more developed research systems: Argentina, Brazil, Chile, Colombia, Costa Rica, Mexico and Uruguay. 

Most researchers in the region are in these countries and most R&D spending is done by these countries. 

The second group includes countries with lower levels of investment and less developed research 

systems. This distinction is important because we found significant differences in R&D investment and 

agricultural performance between these two groups. First, the knowledge stock of the six countries with 

more advanced research systems, grew much faster than the stock of other countries, and given that 

growth in TFP was found to be proportional to the expansion of the knowledge stock, TFP in these 

countries also grew faster than in other countries. The importance of different sources of knowledge also 

differ between countries in the two groups. The contribution of knowledge spillovers to the total stock of 



51 

knowledge in the more advanced countries is relatively small, but for other countries, knowledge 

spillovers were the drivers of growth in knowledge stock. Another important difference between countries 

is the relative contribution of knowledge stocks from different sources. For more advanced countries, the 

contribution of knowledge from other countries and the investment by the CGIAR play a relatively small 

role. The most significant knowledge contribution for this group comes from the multinational biotech 

firms. In the case of other countries, only a small proportion of the knowledge stock has been built with 

their own investment, with spillovers from other countries contributing the largest share to their 

knowledge stock.  

Using TFP changes and changes in total knowledge stock for each country over the period 1981-

2013 we obtain R&D elasticities that are then used to calculate rates of return and BC ratios of an extra 

dollar of R&D investment for each country and for the region. Our findings show that countries with less 

developed research systems need to increase R&D investment, a conclusion that is supported by two of 

our results. First, performance of agriculture in these countries, measured by TFP growth, is below 

performance of countries with more advanced research systems. These differences in performance are 

associated to a much faster growth of the knowledge stock in the more developed group of countries. 

Second, and most important, calculated rates of return and BC ratios were highest for countries with less 

developed research systems. Research leading countries on the other hand, show the lowest values of 

these indicators.  

To determine the most likely underinvesting countries in the region, we made two different 

comparisons. First, we calculate rates of returns and BC ratios of R&D investment for all countries using 

a wide range of R&D elasticity values to see how sensitive the estimated returns to investment are to 

changes in the R&D elasticity. Second, we assume that rates of return between countries are not directly 

comparable given heterogeneity in internal conditions and investment risks, so we group countries by the 

quality of their government institutions and compare returns to investment between countries within each 

of these groups. Our findings on the sensitivity of returns of investment to R&D elasticities show that 

Ecuador, Dominican Rep., El Salvador, Guatemala, Honduras, Paraguay, Peru and Venezuela are likely 
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underinvestors in the region, as rates of return for these countries remain high even when the lowest R&D 

elasticities are used to calculate returns. On the other hand, Trinidad and Tobago, Uruguay, Belize, 

Argentina, Chile and Brazil, show low rates of returns and BC ratios for a wide range of R&D elasticities. 

For other countries, returns to R&D investment are sensitive to the value of R&D elasticity used. Results 

of the comparison of returns to R&D investment within groups of countries with similar quality of 

government institutions show that Costa Rica, Guatemala, Paraguay, Peru Dominican Republic, Ecuador 

and Venezuela are likely underinvestors.  

Some of the lessons learned and implications from our results are the following. First, R&D 

investment in Brazil, Argentina, Chile, Mexico, Uruguay and Costa Rica, has played a major role in TFP 

growth during the 2000s not only in these countries but also in other countries in the region, through the 

effect of knowledge spillovers. Countries with developed research systems like Brazil and Argentina also 

benefit significantly from private R&D investment and technology diffusion by global biotech firms and 

contributed to the diffusion of these technologies to neighboring countries with less research capacity like 

Bolivia and Paraguay. Second, countries with less developed research systems depend on spillovers from 

more developed countries in the region to build their knowledge stocks. On average, between 60 to 80 

percent of the knowledge stock of less developed countries result from spillovers from other countries. 

Third, there is also evidence that investment by the international research centers in the region has also 

contributed significantly to knowledge stock and TFP growth in countries with less developed research 

systems. Finally, despite large benefits obtained from spillovers, countries with less developed research 

systems are clearly underinvesting and could benefit significantly from increased investment in R&D. 

However, the quality of government institutions and other local conditions in these countries are probably 

affecting returns to R&D and the efficient allocation of public funds, all factors that might explain the low 

level of investment in these countries. The case of Bolivia shows that support from international donors 

could have a significant effect on R&D investment and intensity in less developed economies. On the 

other hand, this case also shows that increased investment could result in low returns if efficiency of the 

research system is not improved. Combining financial support with technical collaboration between local 
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research institutes, international research centers and countries with advanced research systems in the 

region, could be a path worth exploring for the development of less developed R&D systems in the 

region.   
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APPENDIX A:  THE MODIFIED INTERNAL RATE OF RETURN 

In practical terms, the calculation of the MIRR proceeds as follows: 

First, determine the present value of all future benefits: 

 𝑃𝑉𝐵 = ∑
𝑦

𝑘
휀̅ (1 + 𝑖)𝑠⁄50

𝑠=1  (A.1) 

where i is a real discount rate assumed as 5 percent in this analysis, y is output in the initial 

period, k is R&D stock also in the initial period, 휀 ̅is the R&D elasiticity and s are the periods after 

investment during which the dollar invested in s=0 generates increases in TFP. 

The future value of all benefits after 50 years is then: 

 𝐹𝑉𝐵 = 𝑃𝑉𝐵(1 + 𝑖)50 (A.2) 

Given that the present value of the cost of the investment (PVC) is equal to $1 (we are investing 

an extra dollar in R&D in the initial period), the MIRR is calculated as: 

 𝑀𝐼𝑅𝑅 = [
𝐹𝑉𝐵

𝑃𝑉𝐶
]

1/50
− 1 = [𝐹𝑉𝐵]1/50 − 1 

 (A.3) 

The BC is equal to: 

𝐵𝐶 =
𝑃𝑉𝐵

𝑃𝑉𝐶
=

𝑃𝑉𝐵

1
 (A.4) 
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