Agricultural productivity growth in African agriculture over the last six
decades

Abstract

This paper compares agricultural productivity growth, specifically, the impact of agricultural
mechanization on total factor productivity and cereal yields, across African countries using
contemporaneous and sequential Malmquist index approaches. Contemporaneous approach
findings indicate that agricultural productivity grew by 1% annually over 1961-2014, while
sequential technology measures show much higher growth of 1.7%. The highest growth rates
were experienced since the 2000s due to technical progress. Regression analysis indicates that
mechanization, research and development, weather conditions, and population pressure
influence African agricultural productivity. Climate-smart options to sustain crop yields in
countries relying heavily on rain-fed agriculture are critical. The transfer of knowledge from
countries with high-level productivity might enhance productivity in “laggard” countries.

Keywords: Mechanization, total factor productivity (TFP), Malmquist TFP index, technical
change, technological progress.

1. Introduction

The quest to sustainably manage food systems and increase agricultural productivity to meet
the growing demand of the population, especially in developing and less developed countries,
remains a critical pursuit for both policy makers and the academic community (Fears et al.
2019). Increasing agricultural productivity is essential to achieving several sustainable
development goals (SDGSs) related to enhancing food, fiber, and energy security (FAO 2018;
Kopittke et al. 2019), especially in areas of Africa where the prevention of hunger, the
provision of adequate nutrition, and the alleviation of poverty require urgent action (Tittonell
and Giller 2013; Van Ittersum et al. 2016). Yet the landscape of the continent is heterogeneous,
as is the potential to close yield gaps through modernization and institutional reform. For
instance, Baumdiller et al. (2020) describe the current state of the agricultural sector in Africa
and its potential to contribute, if yields gaps are closed, to food and nutrition security.

Van Dijk et al. (2017) decompose the yield gap (that is, the gap between actual and (theoretical)
potential yield) into four components: technical inefficiency, allocative inefficiency, socio-
economic (dis)incentives, and technological limitations, with the technological yield gap being
the most relevant. Therefore, access to modern inputs and technologies is the key to improved
agricultural productivity (van Dijk et al. 2017; McArthur and McCord 2017). Some countries
have been able to induce a high level of agricultural productivity by means of infrastructural
development, while ineffective institutions and difficulty in market access have kept several
countries suffering from poor yields and low incomes (Benin 2016).

Though agricultural mechanization is on the rise in Africa, the continent’s farming systems
remain the least mechanized globally (Sims et al., 206; Daum & Birner, 2020). For example,
FAO estimates that the Africa has less than two tractors per 1,000 hectares of cropland on
average compared to about 10 tractors per 1,000 hectares in South Asia and Latin America.
The range is varied across the continent — from 1.3 per square kilometer in Rwanda to 43 per
square kilometer in South Africa, compared with 128 per square kilometer in India and 116 per
square kilometer in Brazil (Sims et al., 2016).



Mechanization is thought to improve agricultural labor productivity — a major determinant of
farmers' incomes and subsequently food and nutrition security (Fuglie and Rada, 2013). The
replacement of manual labor and animal traction with mechanical power would change the face
of African farming and rural areas such as is seen in regions (such as Europe and North
America) that are now highly mechanized (Jansen, 1969). There is a large body of literature
that documents the benefits of farm mechanization in reducing drudgery and improving labor
productivity and crop yields (Sims et al. 2016; Malabo Montpellier Panel 2018; Adu-Baffour
et al. 2019; Kirui 2019; Daum et al. 2020). Other studies have also recently allayed fears that
farm mechanization may lead to unemployment in a largely agrarian population and land
expansion at the cost of forests and savannah (Daum and Birner 2020). Further, acknowledge
that agricultural mechanization enhances the farm power available to farmers and may have
other agronomic, environmental, and socioeconomic effects beyond the scope of this paper.

Several studies have highlighted the role of climate, infrastructure, labor productivity, and
fertilizer in boosting agricultural productivity in Africa, neglecting the importance of
mechanization to agricultural growth (Van Loon et al. 2020; Takeshima et al. 2020; Takeshima
& Liu 2020). Therefore, this study addresses this research niche. To derive the set of policies
and close yield gaps in Africa, an assessment of agricultural productivity across the continent
was first conducted. Then, key factors influencing agricultural productivity differences were
assessed to demonstrate the relevance of a particular set of measures, including mechanization,
to enhance productivity in the lagging regions. To assess the effects of these variables on
agricultural productivity, we use two indicators: total factor productivity (TFP) and cereal
yields. While cereal yield is what matters for production and food security, TFP is a relevant
and popular method for evaluating productivity in multi-input and multi-output production
systems. TFP links all factors (e.g., land, labor, capital, and other material resources) employed
in production to total output and facilitates a meaningful comparison between spatial units.
Therefore, TFP growth illustrates the potential of the agricultural sector to unlock its full
production potential. In this study, changes in TFP over time and between countries are
assessed by applying Malmquist indices based on both conventional (i.e., contemporaneous)
and improved (i.e., sequential) technological approaches and panel data for the 1961-2014
period. The importance of influential factors such as mechanization, climate, labor abundance,
and research and development (R&D) expenditures on TFP growth are examined using
regression analysis. The details of the methods employed, and the data used are provided in
Section 3 after a comprehensive review of the literature on TFP growth assessment and a
demonstration of this study’s main contributions. Section 4 provides the key findings regarding
TFP changes over time across Africa and the regression model’s results. We summarize the
main outcomes and present key conclusions in the final section.

2. Literature review

Agriculture is Africa’s most important economic activity — it provides employment for about
two-thirds of the working population (Jayne et al., 2017; Woldemichael et al., 2017) and
contributes an average of a quarter of GDP (in sub-Saharan Africa) and about 30 percent of the
value of exports in participating countries (AGRA, 2018; Goedde et al., 2019). More than 60
percent of the population of SSA is smallholder farmers producing on very low productivity
(Goedde et al., 2019). Boosting African agricultural productivity would require utilization of
cost-effective and high-quality agricultural inputs, irrigation, mechanization, and
agrochemicals for crops, livestock, fisheries, and aquaculture (Mamo Panel, 2018). This study
put special focus on agricultural mechanization. Successful mechanization practices are



needed to improve the capacity of smallholders and other operators to grow, store, process,
transform and transport their crops and products.

The existing literature on agricultural productivity is quite broad; however, only a few studies
have concentrated on African countries and examined the sources of agricultural productivity.
They have focused mainly on explanations of agricultural growth as a result of either
technological progress or changes in efficiency. For instance, Nin-Pratt and Yu (2009) showed
that the recovery in agricultural development in Sub-Saharan countries that occurred between
1984 and 2003 resulted from improved efficiency. In addition, Nin-Pratt (2016) distinguished
between African countries with lower or higher output and input per worker and concluded that
agricultural productivity growth occurred mostly due to efficiency gains, while technological
progress played a greater role in the productivity growth in the latter. By contrast,Mohamed et
al. (2016) decomposed agricultural growth in 10 African countries into technical change,
efficiency change, and scale effects, and demonstrated that only technical change exhibited a
positive effect on agricultural productivity. Changes in the level of input use intensity might
explain these outcomes. Unlike these studies, we look into the sources of growth for all African
countries using both the contemporaneous production set and a sequential production set as
detailed in the next section.

Recent studies have attributed agricultural productivity changes to various factors. Policy
interventions are considered to be one of the main contributing factors during the 1980-1990
period (Nin-Pratt and Yu 2009). In addition, trade policy changes contributed to the recovery
of agricultural productivity in African countries after the mid-1980s (Alene 2010). Unlike both
Nin-Pratt and Yu (2009) and Alene (2010) we estimate both contemporaneous and sequential
Malmquist because we believe that there is a certain form of dependence between production
sets across time. We also include additional sets of variables such as cumulative effects of
agricultural R&D and agricultural expenditure and quality of labor (proxied by literacy level)
in the assessment of determinants of agricultural productivity.

Improvements in trade contributed to over 30% of the growth in agricultural gross domestic
product (GDP) during 2006-2008 in SSA countries (Fuglie 2011). Furthermore, research
shows that a strong correlation exists between macroeconomic policies associated with
Structural Adjustment Program (SAP) intensification on agricultural productivity and
agricultural growth in 33 African countries (Ojede et al. 2013). The importance of colonial-era
institutions is also evident: an assessment of 41 SSA countries demonstrated that former British
colonies exhibited greater TFP growth than former Portuguese colonies (Fulginiti et al. 2004).

R&D investment is also a key contributor to agricultural growth. R&D expenditure positively
affects productivity growth in many African countries (Lusigi and Thirtle 1997; Lusigi et al.
1998; Alene 2010). Moreover, lags exist between R&D expenditures and the time in which
they affect agricultural productivity - the maximum effect of R&D occurs around 10 years after
the initial investment (Alene 2010). Furthermore, production R&D elasticity is estimated at
approximately 0.2, suggesting that doubling R&D expenditures could increase productivity by
20% 10 years later (Block 2014). Additionally, R&D returns depend on the size of a country’s
agricultural sector; returns to research decline according to size of the country, with larger
agricultural research spending being expected to obtain higher returns in agricultural
productivity gains (Fuglie and Rada 2011).

Factor accumulation (e.g., fertilizer use, growing population, increased yields) can be
considered another source of agricultural improvement in Africa (Nin-Pratt and Yu 2009; Avila

3



and Evenson 2010). The use of fertilizer is found to explain approximately 51% of African
agricultural growth, and its influence was especially significant during the 1970s and 1980s
(Nkamleu 2013). Other studies have shown that input intensification And the availability of
agricultural land coupled with input intensification increase both TFP and agricultural GDP
(Fuglie 2010). The contribution of land, although positive, is marginal and tends towards zero.
Population pressure on productive land also significantly contributes to faster agricultural
growth (Lusigi and Thirtle 1997).

The quality of labor has also received attention in previous research. Several studies have
shown that agricultural productivity is positively linked to improvements in the quality of the
labor force (proxied by progress in education and training) (Avila and Evenson 2010; Fuglie
and Rada 2011; Block 2014). On the macro level, the quality of the labor force measured in
terms of per capita education expenditure is estimated to be a significant determinant of
agricultural growth (Lusigi et al. 1998). Furthermore, Nkamleu (2013) demonstrated that
increase in labor productivity contributed to increasing African agricultural growth during the
1990s, surpassing the effects of other factors.

African agricultural production is almost entirely rain-fed. The use of irrigation is limited—
only approximately 6% of cultivated areas in Africa are under some form of irrigation (MaMo
Panel 2018; Houdret et al. 2017). As such, productivity relies on weather conditions, especially
rainfall and temperature. Alene (2010) demonstrated a strong and positive relationship between
annual rainfall and agricultural productivity, with an elasticity of 0.17. There is also evidence
of short- and long-run relationships between per-capita GDP growth and temperature and
rainfall in Africa (Lanzafame 2012).

Fuglie and Rada (2011) found that civil strife was a significant constraint to agricultural
development, because conflict degrades social constructions, reduces labor availability in rural
areas, and causes the destruction of the infrastructure that serves sustainable food production.
Yet, contrary to expectations, infrastructural development, especially road expansion, is found
to be negatively associated with agricultural growth (Fuglie and Rada 2011; Block 2014).
Theoretically, an improved infrastructure would lead to lower transport costs and increased
input and output market access, which would be expected to increase output. High-level
inequality at the subnational level, as reflected through high-level transport density and the
development of capital cities as well as a lack of attention to investment in rural areas, might
explain these unexpected results. The lack of sufficient data and incorrectly specified models
may also explain these variations.

A review of the literature only produced one study by Avila and Evenson (2010) that quantified
the implications of farm mechanization on agricultural growth for the whole of Africa. Unlike
their study, we use more up-to-date data that captures the period in which agricultural growth
is perceived to have picked across Africa. Our study also goes beyond estimating the sources
of growth to include the different drivers of yield for specific cereals. Elsewhere in the
literature, some attention (however limited) has been accorded to the significance of farm
machinery on agricultural growth in other developing countries. For example, Salam (1981)
also estimated that the number of tractors and tube-wells has contributed significantly to
agricultural productivity in Pakistan. Similarly, in China the amount of motorized equipment
has been linked to increased agricultural growth (Zhou and Zhang 2013). Moreover, machinery
elasticities have shown a positive and increasing effect over time, implying their growing
influence on Chinese agriculture (Gong 2018). A more recent study found limited
technological change and slow growth in efficiency in South African wine grape production
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between 2005-2015 (Conradie et al. 2019). Furthermore, technology spillovers were found to
be significant source of productivity growth in South African Agriculture (Khatri et al. 2000).
Other studies in South Asia have not discovered a significant effect of the level mechanization
on agricultural growth (Anik et al. 2017). Other important determinants of agricultural growth
in developing countries include general investment in agriculture (Chand et al. 2011; Rahman
and Salim 2013), infrastructural investments such as road density, electricity supply (Chand et
al. 2011), and irrigation investment (Chand et al. 2011). Factor inputs such as fertilizer, land,
labor, and human capital development (e.g., literacy and education) are also significant
determinants (Zhou and Zhang 2013; Rahman and Salim 2013). Natural disasters are shown to
slow agricultural growth (Gong 2018).

The contributions of this study are thus, to fill the research gap identified by the preceding
review. We aim to quantify the implications of farm mechanization on agricultural growth. To
achieve this, we begin by computing and comparing the TFP growth in African agriculture
over the 1961-2014 period under the contemporaneous and improved sequential technology
approaches. We consequently examine the sources of agricultural productivity growth with a
special focus on the role of mechanization. Another contribution relates to the estimation of
the determinants of selected cereal (e.g., wheat, rice, barley, and maize) yields at both the
continental and regional levels over the 2000-2014 period. This is particularly important
because it provides further corroborating evidence on the significant influence of selected
variables on TFP growth.

3. Methodology

Our econometric strategy proceeds in two parts. In the first part, following the work of Evenson
and Pray (1991) and Fuglie (2018), we use a two-stage approach to assess the impact of various
factors on TFP growth. First, TFP indices are constructed using the Malmquist approach. Then,
the impact of various technical and institutional factors influencing TFP changes over time and
across African countries are evaluated using regression analysis. In the second part, we
empirically examine the contribution of fixed and variable inputs to increased productivity
among staple crops, proxied by cereal yields per hectare, using cross-country-cross-commodity
panel data. Calculation and analysis sequences are briefly described in Figure 1. The details of
the methods used are provided in the following subsections.



Figure 1. Steps of applying and integrating Data Envelopment Analysis and
econometric approaches to estimate the impact of mechanization on agricultural

productivity
Source: Authors’ creation

3.1 The Malmquist TFP index

The Malmquist TFP index is a well-established measure for productivity growth and
decomposition (Fére et al. 1994; Coelli and Rao 2005; Kohl et al. 2019). This index enables
the technological, efficiency, and scale change effects that enhance TFP growth to be
separately assessed. The index has been broadly applied since information on the quantities of
inputs and outputs sufficient for the calculations were made available; assessments using
alternative approaches require additional information on prices and behavioral assumptions
(cost-minimizing or revenue-maximizing; Fare et al. 1994). This approach is therefore
particularly relevant in the case of African agriculture where the markets (land and labor) are
not well-developed and information on prices and decision-making attitudes is lacking (Barrett
et al. 2012). Chang and Luh (2000) posited that TFP decomposition is essential in
characterizing and comparing growth patterns between countries. From a policy perspective,
TFP decomposition is useful for policy makers because they can monitor technologicalprogress
(improvement or stagnation) and the impact of technological and institutional policymeasures
over time (Kalirajan et al. 1996).

The underlying assumption when applying data envelopment analysis (DEA) to calculate the
Malmquist productivity index is that one can construct a best practice frontier for each time
period as a reference technology. Tulkens and Eeckaut (1995) and Nin et al. (2003) described

6




two possible ways for constructing the frontier of the production set—a contemporaneous
production set and a sequential production set. Under the contemporaneous production
approach, successive production sets are fundamentally unrelated. In contrast, the sequential
production set assumes that there is a certain form of dependence between production sets
across time.

3.2 Which factors influenced agricultural productivity?

Beyond the measurement and decomposition of productivity growth, this study provides an
assessment of the correlates of African agricultural productivity growth between 2000- 2014.
Differing from previous studies, we consider a comprehensive set of factors related withinput
availability, access to supply chains, environmental changes, and institutional variables.
Therefore, the regression analysis includes wide range of variables such as mechanization,
agricultural expenditures per worker climate variables (temperature and rainfall), agricultural
labor per unit of arable land (as a proxy for population pressure), and literacy level (as a proxy
quality of labor). Since the estimation of TFP growth rates for the 2000-2014 period is based
on a set of variable and fixed inputs, we do not employ the same regression type. Instead, we
explore how mechanization, fertilizer intensity and the labor-land-ratio in 2000 are associated
with average TFP growth between 2000-2014. Specifically, the empirical specification applied
to assess the determinants of agricultural productivity in this study is as follows:

(TFP)i2000-2014 = Bo + B1In(Mechanization/ha)i2000 + B2 (1)
In(Rainfall)izo00-2014 + B3 In(Temp)izooo-2014 + B4
In(Fertilizer /ha)jt + Bs In(Labor/ha)i2000-2014 +
Bs Literacyizooo + B7 In(AgEXP)iz000-2014 + €

Subscripts 2000-2014 imply that 15-year averages are used; 1, S, ..., 7 are slope coefficients
of the regression equation; i stands a cross-sectional unit, Mechanization is the number of
machinery (1000 metric horsepower (CV) Equivalent) per hectare, Fertilizer/ha is total
chemical and organic N fertilizer use per hectare, AgExp stands for central government
agricultural expenditures; Literacy is the literate population share, Rainfall and Temperature
are measures as the annual levels as compared to long-term averages. e is a random error term.
Given that TFP is calculated through production sets, the results need to be interpreted with
caution and equation (1) should not be interpreted as a production function, but it will only
reveal correlations.

3.3 Regression analysis of the factors influencing cereal yields

After having analyzed how mechanization and other components contributed to TFP growth,
we are interested in understanding how these inputs are the driving factors underlying cereal
yield growth. Specifically, we aim to determine the contribution of agricultural mechanization
on yield growth. We start following the modelling approach of McArthur and McCord (2017)
who include technological inputs as drivers of yield growth. The model is illustrated as follows:

! Central government agricultural expenditures per worker and agricultural R&D are highly correlated and cannot appear in a
single equation. Given that the expenditure data is more complete, we have not considered agricultural R&D.



In(Yield) = p In(Mechanization) + f8 ln(Labor.) + 2
ijt 1 jt 2 Tha Tt

p3 In(Fertilizer /ha)jc + wijt

Where we observe the i crop in country j at time t. uij: comprises the random error ejjc and the
time-invariant constant™. By accounting for country fixed effects, we ensure that the results
are not driven by any unobserved heterogeneity of the panel units. Notably, while yieldis
measured for each crop separately, all inputs are not available at crop level.

The model differs from McArthur and McCord (2017) in two ways. First, we choose a log-log
specification, that addresses outliers, after inspecting the data. Second, we do not divide the
number of tractors -the mechanization indicator- by area. We argue that machinery is in a sense
non-rival since, unlike fertilizer, it can be used as input on different fields. To account for
dynamics t is the sandwich year of a 3-years moving average of the dependent and independent
variables.

Although we test for unit roots in the panel, using the Phillips—Perron test, and reject that In(
Yield):: has a unit root at 1% probability of error. In this model, we consider the change in
agricultural yields, AYieldij: = Yieldij: — Yieldije—1 instead of levels (also the changes for all
independent variables). Last, to better account for dynamics, we follow Haile et al (2013) and
Magrini et al. (2018) and model yield as a function of its own lag. A dynamic model is justified
by the persistence of the dependent variable, but also theoretically grounded through naive
expectations (Haile et al., 2013) We believe that for mechanization this model could be more
appropriate as benefits of mechanization (e.g., land preparation after harvesting) may only
utilize after several years.

Ln(Yield)ijt = filn (Yield)ijt-1 + f2ln (Mechanization)ij: + 3
B3 In(Labor/ha)ijt + Bs In(Fertilizer /ha)ijt + f6 In(Rainfall)ic +
p7 ln(Rainfall)l?t+ Bs In(Temp)ic + Bo ln(Temp)2it+ Uijt

Where ln(Rainfall)%tand ln(Temp)Z,tare measures of rainfall and temperature variability
l l

and are computed as the standard deviation of monthly deviations from the long-term averages.
As compared to equation (1), we do not consider agricultural expenditures per worker and adult
literacy as explanatory variable. This is motivated by two issues. First, agricultural
expenditures and adult literacy data series have several missing gaps which affect the dynamic
panel estimation. Second, both variables are more likely to affect yield and productivity growth
in the long-term, but less likely in the contemporaneous and first lag period.

There is another source of endogeneity because Yieldi:—1 is not only correlated with
uije—1, but also with wije . Therefore, the regressor Yieldijt-1is correlated with wij: and both the
within estimator and difference estimator become inconsistent unless T — oo, the so-called
Nickell-bias (Nickell 1981). In addition, other explanatory variables may be predetermined by
Yieldijt—1, €.9., last year’s change in yield is correlated with input use (labor, tractors,fertilizer)
for the current period and therefore the input use variables are also correlated with

Auije—1 (Roodman, 2009A).

As proposed by Anderson and Hsiao (1981), lagged differences can also serve as instruments
at the cost of losing one or more periods of observation. Yet, the Anderson—Hsiao estimator
could lack efficiency for not using all available instruments. Blundell and Bond (1998)
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therefore proposed making use of all available moment conditions to estimate a system of
equations to estimate the coefficients of Equation (3). The validity of the set of instruments
needs to be tested using the Hansen Test or the Sargan Test for overidentifying restrictions.
The system GMM estimator potentially suffers from inconsistency due to the use of too many
instruments (Roodman, 2009A). This problem can be solved by limiting the number of
instruments to the most relevant instruments. In lacking a valid external instrument, we focus
on internal gmm instruments. Therefore, the model may be subject to weak instrumentation.

4. Data

The data used for the TFP estimation in this study are retrieved from the United States
Department of Agriculture, Economic Research Service. These consist of 1961-2015 annual
time series (panel) data on agricultural production (crops and livestock) and conventional
agricultural inputs (land, labor, fertilizer, and machinery and animal feed inputs) for the 53
African countries for the 196120152 period from the Food and Agriculture Organization of
the United Nations (FAO). These data were chosen because they contain the input and output
data required to construct agricultural TFP indices and subsequently assess the determinants of
TFP. The data are modified or supplemented with data from other sources—especially from
national statistical agencies—when they are considered to be more accurate or up-to-date.

Agricultural output is measured as the volume of agricultural production at constant 2004—
2006 average international prices measured in thousands of dollars. International commodity
prices are used to aggregate the agricultural production of 189 crop and livestock commodities
to facilitate cross-country comparative analyses of productivity. This output measure is
equivalent to a Paasche Quantity Index in which annual quantities vary and end-period prices
are fixed. FAO gross agricultural output is used for the output series. Total agricultural land is
measured as the sum of arable land and land under permanent cultivation and pasture in
thousands of hectares (ha). Agricultural labor is measured as the number of economically active
adults engaged in agriculture (as provided by the International Labor Organization (ILO)).
Fertilizer is defined as the plant nutrients—e.g., nitrogen, phosphorous, and potash—used in
agriculture and measured in metric tons (as obtained from the International Fertilizer
Association (IFA)). Farm machinery is defined as the total stock of farm machinery in “40-CV
tractor equivalents” (CV = metric horsepower), aggregating the number of two-wheel tractors,
four-wheel tractors, and combine-harvesters and threshers. The weights are assumed asfollows:
two-wheel tractors average 12 CV, four-wheel tractors average 40 CV, and combine-harvesters
average 20 CV. Data is from the FAQ, except for two-wheel tractors, which were compiled
from national sources. Historical weather data (monthly rainfall and temperature) were
obtained from Jefferson and O’Connell.

In the assessment of the determinants of agricultural productivity changes and agricultural yield
growth, we have used data from four sources. First, the updated USDA TFP data set for the
number of machinery (1000 metric horsepower) and the labor-land ratio. Second, the
FAOSTAT data for cereal yields, namely wheat, maize, barley, rice, sorghum, and millet as
well as fertilizer use by nutrient, namely nitrogen (N) and potassium (K). Third, the World
Development Indicators of the World Bank provided data on the rate of adult literacy (as a
slack proxy of the quality of labor in the absence of actual data on the quality of labor). Data
on agricultural expenditures (measured per agricultural worker) were also obtained from FAO.

2 See https://www.ers.usda.gov/data-products/international-agricultural-productivity.aspx for additional details.
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Rainfall and temperature data until 2020 is taken from the World Bank’s Climate Change
Knowledge Portal.

5. Results and Discussion
5.1 Productivity growth estimates

We present the aggregate conventional and sequential Malmquist indices of productivity
growth and their components (efficiency change and technical progress) for African regions in
Table 1. The findings indicate that under contemporaneous technology (conventional
Malmquist), African agriculture grew by 1.1% per year over the 1961-2014 period.
Regionally,® Northern African countries experienced the highest growth at about 3.1%
annually, followed by . Southern at about 1.6%, Eastern Africa 0,9%, Western Africa 0.8% and
Central Africa 0.7%.

Table 1. Productivity growth estimates (average & range) in Africa, 1961-2014

Conventional Malmquist Index Sequential Malmquist Index
TEP Efficiency Technical TEP Efficiency Technical
Change Progress Change Progress

Africa (Average 1.121 0.185 0.941 1.664 0.185 1.479
) 0.856 0.026 0.843 1648 0.026 1623

East Africa -0.85-3.07 -1.18-1.33 0.28-1.79 0.10-5.14 -1.18-1.33 0.61-4.96
_ 0.686 ~0.220 0.921 1136 ~0.220 1.369

Central Africa -0.58-1.67 112072 051-1.32 -0.63-251  -1.12-0.72 0.52-2.04
. 3111 1.493 1586 3.178 1.493 1,670

North Africa 0.53-7.13 -0.06-2.39 0.60-3.91 0.52-7.17 -0.06-3.03 0.59-4.05
) 1551 0.472 1.074 2472 0.472 1.977

Southern Africa -0.09-2.52 -0.16-1.20 0.08-2.39 0.44-3.97 -0.16-1.20 0.60-3.72
_ 0.785 0.009 0.784 1183 0.009 1178

West Africa -0.93-3.35 134-1.93  0.39-1.40 -089-3.76  -1.34-1.93 0.46-2.46

Source: Authors’ compilation based on USDA and FAQ data.

At the individual country level, Libya (7.1%), Tunisia (4.2%), Cape Verde (3.4%), Seychelles
(3.1%), Algeria (2.9%), South Africa (2.5%), and Morocco (2.5%) reported growth of 2.5% or
more, while Burkina Faso, Comoros, DRC, Burundi, Gambia, Equatorial Guinea, Namibia,
Sao Tome, and Uganda reported negative growth over the same time period. the rest of the
countries combined reported average annual growth of about 1%. In summary, estimates
calculated using the conventional approach suggest agricultural productivity stagnation in
Africa. This is consistent with earlier findings by Alene (2010), which indicated stagnation in
SSA agriculture, and by Fulginiti and Perrin (1997), which demonstrated regression in 18 low-
income countries.

Table 1 shows that agriculture grew at a much higher rate of about 1.7% peryear over the 1961—
2014 period under sequential technology. Northern and Southern Africa experienced faster
growth with average growth rates of 3.2% and 2.3%, respectively, while Eastern Africa
experienced growth of about 1.6%, and Western and Central Africa a paltry 1.2% and 1.1%,
respectively. Eighteen countries experienced an annual growth rate of at least2%, with five of
these countries over 4% including Libya (7.2%), Reunion (5.1%), Djibouti (4.4%), Tunisia
(4.2%), and Eswatini (4.0%). Conversely, three countries reported negative productivity
growth rates, largely due to waning technical efficiency.

3 The countries were grouped into the different regions based on the official UN classification: https://cies2018.0rg/wp-
content/uploads/List-of-Countries-by-Region-UN-Annex-I1.pdf.
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The leading countries in terms of technical progress—Djibouti, Libya, Reunion France,
Eswatini, and South Africa— all report annual technical progress of at least 3.5%, implying
that these countries led in technological innovation processes. Similarly, efficiency gains were
reported in Libya, Tunisia, Cape Verde, and Morocco.

These findings align with earlier studies such as Headey et al. (2010), Nin-Pratt and Yu (2008),
and Alene (2010). Headey et al. (2010) measured agricultural TFP growth rates in 22 SSA
countries over the 1970-2001 period while Alene (2010) estimated agricultural TFP for the
whole of Africa for the 1971-2004 period. They found average annual growth rates of 2% and
1.8%, respectively. Other studies, however, discovered a higher growth rate of about 7.7% per
year (Nin-Pratt et al. 2012) for the 2001-2010 period and approximately 7% annually since
2005 (AGRA 2017), propelled mainly by the expansion of cropped areas and commaodity price
surges.

5.2 Annual productivity growth estimates

Table 2 presents the conventional and the sequential Malmquist estimates of annual and
periodic productivity growth and its components. There are noticeable differences between the
conventional and sequential measures of productivity growth. On average, African agriculture
grew annually by 1.1% and 1.7% under contemporaneous technology and under sequential
technology, respectively.

Table 2. Annual agricultural productivity growth estimates over decades

Conventional Malmquist Sequential Malmquist
Year TEP Efficiency Technical TEP Efficiency Technical
Change Progress Change Progress

1961-2014 1.12 0.94 0.18 1.66 1.48 0.18
1961-1970 0.25 1.06 —0.81 0.53 1.33 —0.81
1971-1980 0.55 0.57 —0.02 0.84 0.86 —-0.02
1981-1990 1.63 0.77 0.86 2.00 1.13 0.86
1991-2000 1.44 0.96 0.50 1.82 1.33 0.50
2000-2010 1.76 1.36 0.41 2.71 2.30 0.41
2010-2014 1.00 0.83 0.16 2.59 2.41 0.16
2000-2014 1.56 1.22 0.34 2.68 2.33 0.34

Source: Authors’ compilation based on USDA and FAQ data.

The assessments based on the conventional approach showed negligible agricultural
productivity growth in the 1960s (0.3% annually) and 1970s (0.7% annually), with the decline
primarily due to the lack of technological progress (—0.8% and —0.02% yearly, respectively).
Some recovery began in the 1980s (1.6% per year), followed by a slight dip in the 1990s (1.4%
annual growth) during the structural adjustment period. The major source of recovery in the
1980s was technical progress, and efficiency gains in the 1990s and 2000s (Figure 2). Under
the conventional measures, the highest rate of growth was experienced in the 2000s (1.8%
annually). This is contrary to earlier studies such as Alene (2010), who demonstrated that under
the conventional approach, the growth of the 1980s was sustained into the 1990s and beyond.
Nevertheless, our findings are consistent with available evidence such as that of the World
Bank (2007) showing that African agricultural growth has been on an upward trend due to
improved macroeconomic conditions.

Conversely, the improved estimates using the sequential approach indicate augmented and
sustained growth over the years. The 1960s experienced the lowest growth (0.5% annually),
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but growth has been on an upward trend since that time, except for the 1990s, when there was
a slight slowdown. Annual growth rates for the subsequent decades were 0.8% for the 1970s,
2% for the 1980s, 1.8% in the 1990s, 2.71% during the 2000s, and 2.59% in the 2010-2014
period. Over the period2000-2014, agriculture grew at an average of about 2.7% annually.
These findings are consistent with the economic recovery narrative in Africa, marked by
growth in agricultural GDP due mainly to improved prices of agricultural goods and a better
macroeconomic environment (World Bank 2007).
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Source: Authors’ compilation based on USDA and FAQ data.

Figure 2. Annual agricultural productivity growth, efficiency change, and technical
progress in Africa using conventional Malmquist TFP index (1961-2014)

5.3 Cumulative productivity growth

The cumulative values of technical progress and efficiency change can be used to demonstrate
their relative importance as sources of productivity growth. Figure 3 presents the productivity
changes based on the improved (sequential) Malmquist index method. Sequential Malmquist
measures are considered progressive because unlike the conventional measures, they are not
susceptible or sensitive to the confounding effects of weather conditions. The adverse effects
of the weather are more accurately accounted for as efficiency deterioration instead of technical
decline. Figure 3 presents cumulative TFP growth, efficiency change, and technical progress
for the 1961-2014 period. The estimates calculated under the sequential technology
assumption evidently show that cumulative TFP growth is closely interwoven with cumulative
technical efficiency. Markedly, cumulative technical change remained negative in the first
three decades (1961-1990)—this can be categorized as the period of decline (1961-1980) and
the beginning of recovery (1981 onwards). Cumulative technical change became positive and
continued increasing beginning in 1991, and by 2014, cumulative technical change reached
10%.
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Figure 3. Cumulative sequential agricultural productivity growth, efficiency change and
technical progress in African agriculture (1961-2014)

5.4 Correlates of agricultural productivity growth

To examine the sources of agricultural productivity growth, we estimate the model in Equation
(1) using a cross-sectional OLS regression (Table 3A). We present the results of three different
estimations with different set of explanatory variables in Table 3B. We also depict the
relationship between TFP and selected covariates (mechanization, fertilizer, literacy,
agricultural expenditure and rainfall) in Figure 4. The results from the Africa-wide model
specification show that, among the production inputs, the level of agricultural mechanization
(per ha) in 2000 is the only variable that is significantly correlated with TFP growth between
2000-2014 (Table 3B). We observe no correlation with fertilizer intensity and the labor-land
ratio. This finding accords with earlier studies that showed that the number of tractors (Zhou
and Zhang 2013) or the level of mechanization (Anik et al. 2017; Gong 2018) contributed
significantly to agricultural productivity. Specifically, the results indicate that the elasticity of
agricultural productivity with respect to mechanization is around 0.2. This implies that a 10%
increase in the number of machines per hectare in 2000 is associated with a productivity about
2% more TFP growth between 2000-2014.

Table 3A. Correlated of TFP growth between 2000-2014

Africa East West North Southern Central

(pooled) Africa Africa Africa Africa Africa
Ln(Mechanization) | 0.174* 0.063* -0.019 0.013 0.511** -0.508
Ln(labor/ha) -0.042 -0.081 0.017 0.184* -0.107* 0.066
Ln(labor/ha?) 0.002 0.003 -0.002 -0.010** 0.006** -0.003
Ln(R&D) -0.062 -0.123 -0.056 0.000 -0.041 -0.039
Ln(Ag_Exp) 0.023* 0.044* 0.011** 0.218* 0.000 0.029
Ln(literacy) 0.051 0.058 0.102 0.044 0.078 0.132
Weather variables | Yes Yes Yes Yes Yes Yes
constant 2.585*** 3.575** 4.266** 7.87 0.17 6.65
Year_dummies Yes Yes Yes Yes Yes Yes
N 386 81 53 58 42 34
p-value 0.000 0.000 0.000 0.000 0.001 0.000

Note: Single, double, and triple asterisks (*,**,***) indicate statistical significance at the 10%, 5%, and 1% level.
Source: Authors’ compilation based on USDA and FAO data.
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Table 3B. Correlates of average TFP growth between 2000-2014

TFP growth TFP growth TFP growth
Ln(Mechanization_2000) 0.24* 0.196+ 0.21+
labor/ha_2000 -0.028 0.044 0.047
Ln(Fertil/ha_2000) -0.14 -0.08 -0.078
Ln(Ag_Exp) 0.42%** 0.4Q7***
Ln(literacy_2000) -0.29** -0.32**
Weather variables No No Yes
constant 1.012%** 4.306*** 4,299%**
N 46 46 46
RA2 0.08 0.30 0.31

Note: Plus sign, single, double, and triple asterisks (*,*,**,***) indicate statistical significance at the 15%, 10%,
5%, and 1% level. Source: Authors’ compilation based on USDA and FAO data.

On the other hand, both adult literacy (as indicator for education) and agricultural expenditures
per worker are significantly correlated with TFP growth. First, adult literacy is negatively
correlated with TFP growth. This implies that countries with higher levels of education
experienced lower TFP growth between 2000-2014. The effect suggests a convergence in TFP
growth across African countries with respect to the returns from education. Countries with
lower adult literacy in 2000 were able to generate additional returns from educational
improvement which are likely to positively affect TFP growth. Besides, the average
agricultural expenditure allocations per worker were significantly correlated with agricultural
productivity. The elasticity implies that a 10% increase in agricultural expenditures per workers
were associated with 4% increases in average annual agricultural productivity growth.

Population pressure on agricultural land is positively associated with agricultural growth in the
Northern Africa region but shows an opposite effect in the Southern Africa region. A 10%
increase in agricultural labor per unit of agricultural land increases productivity by about 1.8%
per year in Northern Africa but reduces productivity by 1.1% per year in Southern Africa. This
finding might imply that Southern African countries (except South Africa) has a low incentive
to increase land productivity through the adoption of yield-enhancing technologies due to land
abundance. On the other hand, following the population-induced innovation hypothesis,
population pressure on already limited arable land is contributing to increasing agricultural
productivity in Northern Africa.
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5.5 Determinants of cereal yields: Does mechanization matter?

We estimated the determinants of agricultural productivity for selected cereals at the
continental level and at the regional level over the 2000-2020 period. These supplementary
assessments serve as complimentary for the findings on the determinants of TFP growth. The
mean total yields of wheat, rice, maize, barley, millet and sorghum between 2000 and 2020
were 2.1, 2.5, 1.7, 2.1, 0.8, and 1.1 tons per ha, respectively. This varied between regions
according to crop. We depict the relationship between the outcome variable (yield) and various
factors of production (capital, labor, fertilizer, machinery, and land) in Figure 5. As expected,
there is a strong, positive relationship between cereal yield and capital and between cereal yield
and the intensity of fertilizer used. The relationship between yield and tractor use is also
positively sloping. The size of (arable) land area is the only variable that exhibits a negative
relationship with cereal yield. This implies that the source of growth starting in the 2000s is no
longer attributable to agricultural land expansion but to input intensification.

The estimated results of the relationship between cereal yield and various inputs are presented
in Table 4. In Column (1) we present a parsimonious model replicating McArthur and McCord
(2017). Columns (2), (3) and (4) present the dynamic panel model using the system GMM
estimator but with different variables for fertilizer intensity. In Column (2), we use total
chemical fertilizer, in column (3) total nitrogen fertilizer, and in column (4) total potassium
fertilizer. We include the results of the standard specification tests for dynamic panel
regressions in Table 4. The details are presented in the notes of the table. To avoid instrument
proliferation, we collapse the instruments following Rodman’s (2009B) suggestion. Here, the
number of instruments is reduced using a principal component method. As long as the number
instruments is smaller than the number of cross-sectional units, instrument proliferation is
limited, which is the case for all models.

Table 4. The effect of mechanization on agricultural yields in Africa

FE sysGMM sysGMM sysGMM

Coeff. S.E Coeff. S.E Coeff. S.E |Coeff. S.E.
Ln(Yield) na 0.924 0.044 |0.984*** 0.062 | 0.924*** 0.048
Ln(Mech) 0.144***  0.046 | 0.069*** 0.025 | 0.051** 0.026 | 0.078™ 0.025
Ln(Labor/ha) 0.001 0.001 | -0.003*** 0.000 | -003*** 0.000 |-0.003*** 0.000
Ln(Fertil/ha) 0.039***  0.009 | 0.014* 0.008
Ln(N/ha) 0.009 0.008
Ln(K/ha) 0.015** 0.007
Weather variables No Yes Yes Yes
Year dummies No Yes Yes Yes
N 1,464 4,080 4,190 4,080
N(instruments) na 111 111 111
N(groups) 221 217 217 217
p>AR (2) na 0.128 0.076 0.107
p>Sargan Test na 0.000 0.000 0.000
p>Hansen Test na 0.858 0.819 0.925
p>Diff-in-Hansen |, 0.995 0.28 0.989
Test

Note: Plus sign, single, double, and triple asterisks (*,*,**,***) indicate statistical significance at the 15%, 10%,
5%, and 1% level. For columns (2), (3) and (4) two-step robust standard errors, incorporating the Windmeijer
(2005) correction, are in parentheses. Diff-in-Hansen test shows p-values for the validity of instruments for the
endogenous variables. To address the problem of serial correlation of second order only deeper lags (starting from
lag 3) are used as instruments.

Source: Authors’ compilation based on USDA and FAQ data.
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In all models, the coefficients of all inputs have the expected sign and are, in most cases,
significantly different from zero. Of particular interest is the relationship between cereal yield
and the use of farm machinery. The findings indicate that increasing the number of machines
by 1% increases the cereal yield by 0.08% across the different specifications. In the long-run,
considering the dynamics of the benefits from mechanization, the effect increases to around
0.8%. However, it is important to note that due to diminishing returns, we do not expect that
growth rates in machinery use could have similar effects in the future. This corroborates our
findings from the previous section—mechanization (technological progress) is a key driver of
agricultural productivity in Africa, although the magnitude of influence might vary from region
to region.

Other significant variables include labor, fertilizer use, and weather (rainfall). Specifically,
agricultural labor per ha is negatively and significantly related to cereal yield in the overall
model. The implication is important for African agriculture where farm preparations prior to
planning are often done mechanically (by tractors), but subsequent operations and crop
husbandry practices (such as weeding to harvesting) still depend heavily on manual labor.
Without proper crop husbandry practices, the gains of mechanized farm preparations would be
wasted. A decrease in the labor-land ratio is, however, an indicator for increasing labor
productivity. The sign of the effects is in accordance with McCord (2017).

As expected, input intensification—particularly fertilizer—is positively and significantly
associated with cereal yield in the overall model, supporting the findings by McArthur and
McCord (2017). Specifically, doubling fertilizer was associated with long-run yield growth of
around 13%. This figure is very similar to what McArthur and McCord (2017) report using a
linear model specification.

Indeed, the literature shows that access to modern inputs and technologies and factor
accumulation (such as fertilizer, land, labor, irrigation and human capital development) are key
to improving agricultural productivity (Nin-Pratt and Yu 2009; Avila and Evenson 2010;
Nkamleu 2013; Houdret et al. 2017; van Dijk et al. 2017; McArthur and McCord 2017; MaMo
Panel 2018; Takeshima & Liu 2020; Takeshima et al. 2020). Furthermore, weather
significantly contributed to variations in cereal yields. This further corroborates the importance
of rainfall as a limiting factor in Africa’s predominantly rain-fed agriculture as shown in Van
Loon et al. (2020), Takeshima et al. (2020) and Takeshima & Liu (2020). The sequential
technology credence gains more traction in the Eastern and Southern African regions where
previous yield has a positively significant effect on the subsequent yield. Although positive,
the implications of the previous yield are not significant in the overall specification or in the
Central, Northern, and Western African regions.

6. Conclusions and implications

The findings of this study show that the annual agricultural productivity growth in Africa using
conventional and sequential Malmquist indices was 1% and 1.7%, respectively, during the
period between 1961 and 2014. Furthermore, the cumulative TFP growth is closely interwoven
with cumulative technological change. Growth in African agricultural productivity has been
particularly remarkable over the last 15 years. Sequential index-based calculations provide an
augmented and sustained annual growth rate during the 2000-2014 period. This is consistent
with the economic recovery narrative in Africa, marked by growth in agricultural GDP due to
improved fundamentals and an improved macroeconomic environment.
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The assessment of the sources of agricultural productivity growth, the results indicate that
enhanced mechanization and agricultural expenditure allocations could facilitate TFP growth.
In particular, the elasticity of agricultural productivity with respect to mechanization is 0.2,
implying that a 10% increase in machinery increases productivity by 2%. Generous policies
toward the agricultural sector such as increasing the allocations of total expenditures on
agriculture have a positive effect in increasing TFP. Therefore, increasing allocations to the
agricultural sector — in line with Malabo Declaration — could further thrust TFP growth if such
allocations are directed to key investments such as mechanization. It is also important to
highlight the importance of weather-related variables (especially rainfall) in determining TFP
growth in Africa. This finding points to the importance of rainfall as a limiting factor in Africa’s
predominately rain-fed agriculture. Perhaps additional investments in irrigation might mitigate
some of the effects of low and unreliable rainfall.

The supplementary assessments on the determinants of agricultural productivity for selected
cereals (wheat, rice, barley, and maize) provide further corroborating evidence on the
significant influence of selected variables on TFP growth. Increased use of modern inputs,
including mechanization, is found to be an integral part of the agricultural transformation
process. Given that current adoption rates of machineries in Africa are very low, deepening
mechanization remains an important target for many nations. In this regard, it is important to
explore options to introduce context specific machines, for instance for use on hilly land. This
might include providing incentives for small-scale, affordable, and appropriate mechanical
technological options (like small tractors) for smallholder farmers. The experience from South
Asia has shown that establishing a rental market for machineries, which also generates
employment, could circumvent capital constraints in African agriculture (Hassan & Kornher
2020). Partnership between public and private sector agents would be instrumental in achieving
higher levels of mechanization. Each of these groups have clear and specific roles to play;
while the public sector is mandated with providing the enabling environment, private sector
agents could provide the required equipment and services.

Structural drivers of productivity, such as agricultural R&D spending and education variables,
however, remain key drivers of technological change. In fact, these variables are themselves
drivers of machinery use, fertilizer development and labor productivity, as well as the
appropriate use of improved technologies. Therefore, the findings of this study highlight the
importance of the investment in technological change to transform the African agricultural
sector.

References

Adu-Baffour, F., Daum, T. and Birner, R., 2019. Can small farms benefit from big companies’
initiatives to promote mechanization in Africa? A case study from Zambia. Food Policy, 84,
pp.133-145

AGRA. 2018. Africa Agriculture Status Report: Catalyzing Government Capacity to Drive Agricultural
Transformation (Issue 6). Nairobi, Kenya: Alliance for a Green Revolution in Africa (AGRA)

Alene, A. D. 2010. Productivity growth and the effects of R&D in African agriculture. Agricultural
Economics 41(3-4): 223-38. doi: 10.1111/j.1574-0862.2010.00450.x.

Anik, A., S. Rahman, and J. Sarker. 2017. Agricultural productivity growth and the role of capital in
South Asia (1980-2013). Sustainability 9(3): 24. doi: 10.3390/su9030470.

Avila, A. F. D., and R. E. Evenson. 2010. Total factor productivity growth in agriculture: The role of
technological capital. Handbook of Agricultural Economics 4: 3769-822.

19


https://doi.org/10.1111/j.1574-0862.2010.00450.x
https://doi.org/10.3390/su9030470

Barrett, C.B., M.E. Bachke, M.F. Bellemare, H.C. Michelson, S. Narayanan, Walker, T.F. 2012.
Smallholder participation in contract farming: comparative evidence from five countries. World
Development. 40(4): 715-730

Baumdiller H., J. von Braun, A. Admassie, O. Badiane, E. Baraké, J. Borner, |. Bozic, B. Chichaibelu,
J. Collins, T. Daum, T. Gatiso, N. Gerber, T. Getahun, K. Glatzel, S. Hendriks, O. Kirui, L.
Kornher, Z. Kubik, E. Lideling, A. Mirzabaev, P.G. Ndiaye, T. Sakketa, M. Shah, G. Tadesse and
Walakira J. 2020. From potentials to reality: Transforming Africa’s food production. Available
on https://www.zef.de/fileadmin/downloads/ZEF_Akademiya2063.pdf.

Benin, S., ed., 2016. Agricultural productivity in Africa: Trends, patterns, and determinants.
Washington, DC: International Food Policy Research Institute.
http://dx.doi.org/10.2499/9780896298811

Block, S., 2014. The decline and rise of agricultural productivity in Sub-Saharan Africa since 1961.
In African Successes vol. IV: Sustainable Growth, pp: 13-67. University of Chicago Press.

Chand, R., P. Kumar, and S. Kumar, 2011. Total factor productivity and contribution of research
investment to agricultural growth in India. Agricultural Economics Research Review 25(2): 181-
194

Coelli, T. J., & Rao, D. P. 2005. Total factor productivity growth in agriculture; a Malmquist index
analysis of 93 countries, 1980-2000. Agricultural Economics, 32, 115-134

Conradie B, Piesse J, Thirtle C, Vink, N. 2019. South African wine grape production, 2005-2015:
regional comparisons of scale and technical efficiencies and total factor productivity. Agrekon,
58(1): 53-65.

Daum, T. and Birner, R., 2020. Agricultural mechanization in Africa: Myths, realities and an emerging
research agenda. Global food security, 26, p.100393.

Daum, T., Villalba, R., Anidi, O., Mayienga, S.M., Gupta, S. and Birner, R., 2021. Uber for tractors?
Opportunities and challenges of digital tools for tractor hire in India and Nigeria. World
Development, 144, p.105480.

Evenson, R. E., & Pray, C. E. 2019. Research and productivity in Asian agriculture. Cornell University
Press.

FAO, 2018. Transforming food and agriculture to achieve the SDGs: 20 interconnected actions to guide
decision-makers. Rome, FAO. Available at https://www.fao.org/publications/card/en/c/I9900EN/

Fears, Robin, Volker ter Meulen, and Joachim von Braun. 2019. Global food and nutrition security
needs more and new science. Science Advances 5(12): eaba2946. doi: 10.1126/sciadv.aba2946,
PubMed: 31853503.

Fuglie, K. O., and N. Rada, 2011. Policies and productivity growth in African agriculture. In
Agricultural R&D: Investing in Africa’s future. Analyzing trends, challenges & opportunities.
Presented at the ASTI/IFPRI-FARA Conference. Accra, Ghana: Citeseer, 28 p.

Fuglie, K. and Rada, N., 2013. Resources, policies, and agricultural productivity in sub-Saharan Africa.
USDA-ERS Economic Research Report, (145)

Fuglie, K.O. 2011. Agricultural productivity in Sub-Saharan Africa. The food and financial crises in
Sub-Saharan Africa: Origins, impacts and policy implications: 122-53.

Fuglie, K. O. 2018. R&D capital, R&D spillovers, and productivity growth in world agriculture.
Applied Economic Perspectives and Policy, 40(3), 421-444.
https://doi.org/10.1093/aepp/ppx045

Fulginiti, L. E., R. K. Perrin, and B. Yu. 2004. Institutions and agricultural productivity in Sub-Saharan
Africa. Agricultural Economics 31: 169-80.

Goedde, L., Ooko-Ombaka, A. and Pais, G., 2019. Winning in Africa’s agricultural market. McKinsey
& Company.

Gollin, D., D. Lagakos, and M. E. Waugh. 2014. Agricultural productivity differences across countries.
American Economic Review 104(5): 165-70. doi: 10.1257/aer.104.5.165.

Gong, B. 2018. Agricultural reforms and production in China: Changes in provincial production
function and productivity in 1978-2015. Journal of Development Economics 132: 18-31. doi:
10.1016/j.jdeveco0.2017.12.005.

Houdret, A., M. Bruentrup, and W. H. Scheumann. 2017. Unlocking the irrigation potential in Sub-
Saharan Africa: Are public—private partnerships the way forward? SSRN Electronic Journal. doi:
10.2139/ssrn.2966108.

20


https://research4agrinnovation.org/publication/transforming_africas_food_production/
https://www.zef.de/fileadmin/downloads/ZEF_Akademiya2063.pdf
http://dx.doi.org/10.2499/9780896298811
https://www.fao.org/publications/card/en/c/I9900EN/
https://doi.org/10.1126/sciadv.aba2946
https://www.ncbi.nlm.nih.gov/pubmed/31853503
https://doi.org/10.1257/aer.104.5.165
https://doi.org/10.1016/j.jdeveco.2017.12.005
https://doi.org/10.2139/ssrn.2966108

Jayne, T., Yeboah, F.K. and Henry, C., 2017. The future of work in African agriculture trends and
drivers of change. International Labour Organization

Khatri Y, Thirtle C, Van Zyl J. 2000. The effects of policy and technology: A profit function approach.
In Thirtle C, Van Zyl J, Vink, N eds. 2000. South African agriculture at the crossroads. London:
Macmillan

Kirui, O., 2019. The Agricultural mechanization in Africa: micro-level analysis of state drivers and
effects. ZEF-Discussion Papers on Development Policy, (272).

Kohl, S., J. Schoenfelder, A. Fiigener, & J.O. Brunner. 2019. The use of Data Envelopment Analysis
(DEA) in healthcare with a focus on hospitals. Health Care Management Science, 22(2), 245-286.
DOI: 10.1007/s10729-018-9436-8

Kopittke, Peter M., Neal W. Menzies, Peng Wang, Brigid A. McKenna, and Enzo Lombi. 2019. Soil
and the intensification of agriculture for global food security. Environment International 132:
105078. doi: 10.1016/j.envint.2019.105078.

Lanzafame, M. 2014. Temperature, rainfall and economic growth in Africa. Empirical Economics
46(1): 1-18. doi: 10.1007/s00181-012-0664-3.

Li, Z., and H. P. Zhang. 2013. Productivity growth in China’s agriculture during 1985-2010. Journal
of Integrative Agriculture 12(10): 1896-904. doi: 10.1016/S2095-3119(13)60598-5.

Lusigi, A., and C. Thirtle. 1997. Total factor productivity and the effects of R&D in African agriculture.
Journal of International Development 9(4): 529-38. doi: 10.1002/(SICI)1099-
1328(199706)9:4<529::AID-JID462>3.0.CO;2-U.

Lusigi, A., J. Piesse, and C. Thirtle. 1998. Convergence of per capita incomes and agricultural
productivity in Africa. Journal of International Development 10(1): 105-15. doi:
10.1002/(S1CI)1099-1328(199801)10:1<105::AID-JID503>3.0.CO;2-T.

Magrini, E., J. Balié, and C. Morales-Opazo. 2018. Price signals and supply responses for staple food
crops in sub-Saharan Africa. Applied Economic Perspectives and Policy, 40(2), 276-296.

Malabo Montpellier Panel 2018, 2018. Mechanized: Transforming Africa’s agriculture value chains.
Intl Food Policy Res Inst.

McArthur, J. W., and G.C. McCord. 2017. Fertilizing growth: Agricultural inputs and their effects in
economic  development. Journal of Development Economics, 127, 133-152.
https://doi.org/10.1016/j.jdeveco.2017.02.007

Mohamed, A. A., P. Rangkakulnuwat, and S. W. Paweenawat. 2016. Decomposition of agricultural
productivity growth in Africa. African Journal of Economic and Management Studies 7(4): 497—
509. doi: 10.1108/AJEMS-02-2015-0019.

Nin Pratt, A., and B. Yu. 2009. An updated look at the recovery of agricultural productivity in Sub-
Saharan Africa. Contributed Paper Prepared for Presentation at the International Association of
Agricultural Economists Conference, Beijing.

Nin-Pratt, A. 2016. Inputs, productivity and agricultural growth in Sub-Saharan Africa. In. Springer
Proceedings in Business & Economics. Springer International Publishing: 175-201. doi:
10.1007/978-3-319-23228-7_11.

Nin, A., Arndt, C., and P.V. Preckel. 2003. Is agricultural productivity in developing countries really
shrinking? New evidence using a modified nonparametric approach. Journal of Development
Economics, 71(2): 395-415. https://doi.org/10.1016/S0304-3878(03)00034-8

Nkamleu, G. B. (2011). Extensification versus intensification: Revisiting the role of land in African
agricultural growth. Contributed paper prepared for presentation at the African Economic
Conference,

Ojede, A., A. Mugera, and D. Seo. 2013. Macroeconomic policy reforms and productivity growth in
African agriculture. Contemporary Economic Policy 31(4): 814-30. doi: 10.1111/coep.12000.

Rahman, S., and R. Salim. 2013. Six decades of total factor productivity change and sources of growth
in Bangladesh agriculture (1948-2008). Journal of Agricultural Economics 64(2): 275-94. doi:
10.1111/1477-9552.120009.

Roodman D. 2009A. A Note on the Theme of Too Many Instruments*, Oxford Bulletin of Economics
and Statistics, 71, (1), 135-158

Roodman, D. 2009B. How to do Xtabond2: An introduction to difference and system GMM in Stata.
In STATA Journal: Promoting Communications on Statistics & Stata 9(1): 86-136. doi:
10.1177/1536867X0900900106.

21


https://doi.org/10.1007/s10729-018-9436-8
https://doi.org/10.1016/j.envint.2019.105078
https://doi.org/10.1007/s00181-012-0664-3
https://doi.org/10.1108/AJEMS-02-2015-0019
https://doi.org/10.1007/978-3-319-23228-7_11
https://doi.org/10.1016/S0304-3878(03)00034-8
https://econpapers.repec.org/article/blaobuest/v_3a71_3ay_3a2009_3ai_3a1_3ap_3a135-158.htm

Salam, A., 1981. Farm tractorization, fertilizer use and productivity of Mexican wheat in Pakistan. The
Pakistan Development Review, pp.323-345.

Sims, B.G., Hilmi, M. and Kienzle, J., 2016. Agricultural mechanization: a key input for sub-Saharan
Africa smallholders. Integrated Crop Management (FAO) eng v. 23 (2016).

Takeshima, H., & Y. Liu. 2020. Smallholder mechanization induced by yield-enhancing biological
technologies: Evidence from Nepal and Ghana. Agricultural Systems, 184, 102914.

Takeshima, H., P.L. Hatzenbuehler, & H.O. Edeh. 2020. Effects of agricultural mechanization on
economies of scope in crop production in Nigeria. Agricultural Systems, 177, 102691.
https://doi.org/10.1016/j.agsy.2019.102691.

Tittonell, P., and K. E. Giller. 2013. When yield gaps are poverty traps: The paradigm of ecological
intensification in African small-holder agriculture. Field Crops Research 143: 76-90. doi:
10.1016/j.fcr.2012.10.007.

Van Dijk, M., T. Morley, R. Jongeneel, M. van Ittersum, P. Reidsma, ad R. Ruben, R. 2017.
Disentangling agronomic and economic yield gaps: An integrated framework and application.
Agricultural Systems, 154, 90-99.

Van Ittersum, M.K., Van Bussel, L.G., Wolf, J., Grassini, P., Van Wart, J., Guilpart, N., Claessens, L.,
De Groot, H., Wiebe, K., Mason-D’Croz, D. and Yang, H., 2016. Can sub-Saharan Africa feed
itself?. Proceedings of the National Academy of Sciences, 113(52), pp.14964-14969.
https://d0i:10.1073/pnas.1610359113.

Van Loon, J., L. Woltering, T.J. Krupnik, F. Baudron, M. Boa, and B. Govaerts. 2020. Scaling
agricultural mechanization services in smallholder farming systems: Case studies from sub-
Saharan Africa, South Asia, and Latin America. Agricultural systems, 180, 102792.
https://doi.org/10.1016/j.agsy.2020.102792.

Woldemichael, A., Salami, A., Mukasa, A., Simpasa, A. and Shimeles, A., 2017. Transforming Africa's
agriculture through agro-industrialization. Africa Economic Brief, 8(7), pp.1-12.

Zimmermann, R., M. Briintrup, S. Kolavalli, and K. Flaherty, 2009. Agricultural policies in Sub-
Saharan Africa. Understanding CAADP and APRM Policy Processes. Bonn: German
Development Institute.

22


https://doi.org/10.1016/j.agsy.2019.102691
https://doi.org/10.1073/pnas.1610359113
https://doi.org/10.1016/j.agsy.2020.102792

