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Abstract: Growths of mechanization service supply have been considered generally 

frictionless outside Africa South of Sahara (SSA). However, the dominance of large 

tractors that are sparsely populated in SSA countries like Nigeria today suggests 

significant imperfections in tractor hiring service market due to technology 

indivisibility and low spatial mobility. Empirically testing market imperfections for 

scale-biased technologies like tractors has been challenging, partly due to the 

difficulty of separating the effect of marginal technology adoptions from intensive 

technology adoptions that potentially generate scale effects. We fill this knowledge 

gap by applying covariate matching, ordinary propensity score matching, as well as 

generalized propensity score matching methods to Nigerian household data. Tractor 

hiring service market in Nigeria is found imperfect, potentially due to the supply-side 

constraints. The effect of this imperfection is also sizeable; in the case of Nigeria, 

overcoming this imperfection can potentially increase farm households’ income by as 

much as 30%. This effect is from the marginal adoption of tractors alone, even 

without the potential scale effects from intensive tractor use upon adoption.  
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1 Background 

Market imperfections lead to economically inefficient allocations and suboptimal uses of 

resources. Slow agricultural technology adoptions in Least Developed Countries (LDCs) 

including Africa South of Sahara (SSA) are one of the manifestations of such imperfections in 

modern inputs / services markets. Under the perfect market conditions, marginal technology 

adoptions should have no effect on the overall profit for the agents, because marginal benefits of 

adoptions equal their marginal costs. Any positive effects of a marginal technology adoption 

should therefore reflect some type of market imperfections, overcoming of which brings positive 

rents. 

How imperfections in agricultural technologies markets affect the technology adoptions 

depends on scale biases of technologies. For scale-neutral technologies like improved seeds and 

fertilizer, intensive adoptions (how intensively to adopt) may be more constraining than marginal 

adoptions (adopt or not). For example, using 10g of fertilizer may be less constraining than using 

50kg of fertilizer which requires larger cash payment up front. On the other hand, for scale-

biased technologies, if indivisible, their marginal adoptions may be constrained, due to market 

imperfections for either technologies suppliers or technologies adopters, or both. While literature 

on technology adoption is enormous, it often does not distinguish two separate effects – the 

effect of overcoming the market imperfections in technology access (associated with marginal 

adoptions), and the effect of intensively using technologies (associated with intensive adoptions), 

despite that these two have different policy implications. 

Empirically distinguishing these two effects of technology adoption is challenging for 

scale-biased technologies. It is less so for scale neutral technologies since intensive adoptions in 

theory may not significantly increase profits as marginal returns remain constant and equal 

marginal costs; significantly positive impacts of the binary adoption variables are likely to be 

attributed to the overcoming of barriers for marginal adoptions rather than intensive adoptions. 

Complications arise for scale-biased technologies; their intensive adoptions can add rents 

accumulated as economies of scales are exploited. Significant effects of binary adoption 

variables in such case cannot easily be attributed solely to the effect of marginal adoptions. 

Adding variables that measure adoption intensity is an option but potential endogeneity of the 

adoption variables complicate the empirical specifications.  
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These issues can be particularly relevant for agricultural mechanization technologies like 

tractors that are potentially scale-biased. Earlier literature on mechanization has had relatively 

mixed views on this aspect. Some strands of literature broadly suggest that historical tractor 

adoption processes have been fairly frictionless, with supply responding through private tractor 

investments into relatively divisible smaller tractors, supply of mechanization services, 

machinery quality improvements, adaptive research, and repair services in response to growing 

demand (Herdt 1983; Binswanger 1986; Yang et al. 2013; Manuelli & Seshadri 2014). Many 

recent studies also assume perfect machinery rental markets (Foster & Rosenzweig 2011). If 

markets for tractor hiring is perfect on the supply side, a positive effects of tractor adoptions is 

interpreted as the rents from intensive adoptions, rather than marginal adoptions. However, in 

SSA including Nigeria, conditions seem different. As is illustrated below, average horsepower 

(hp) of tractors (and thus average price of tractors) in Nigeria appear relatively high given the 

scarcity of tractors, compared to past patterns elsewhere. Joint ownership of tractors as well as 

provisions of formal credit are rare in Nigeria due to the risk of damage and high transactions 

costs. Consequently, indivisibility and liquidity constraints may be more severely restrict tractor 

investments and supply of hiring services in Nigeria, than elsewhere. Furthermore, these patterns 

seem to be driven by private sectors’ own initiatives.1 Prevalence of large, high hp tractors in 

sparsely populated manner in Nigeria suggest that, both market imperfections in custom hiring 

services can be severe, and when used, tractors may be exhibiting significant economies of 

scales. Since the conditions in Nigeria appear different from those suggested in the 

mechanization literature, it is important to empirically test the presence of market imperfections 

in tractor hiring service supply there.    

Exploiting recent developments in econometric methods and focusing on tractor rental 

uses data in Nigeria, we provide some indirect evidence of supply side market imperfections in 

two ways; first, we show that tractor rental is significantly affected by the presence of large 

farmers within the district, who are more likely to own tractors and hire them out to the 

neighbors. In doing so, we use pseudo-panel datasets and various spatial datasets to control 

                                                           
1This is based on the fact that the demand generally exists for smaller-scale machineries in Nigeria or similar 

environments in the West Africa, including motorized irrigation pumps (Takeshima & Yamauchi 2012; Takeshima 

et al. 2010), draft animals (Takeshima 2015) or growing power tiller use in Ghanaian rice irrigation schemes 

(Takeshima et al. 2013c). The dominance of large tractors in Nigeria is not because larger types of machinery are 

always preferred in Africa. 
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partly for the heterogeneous factor endowments and agro-ecological environments that are 

common in SSA, and minimize the omitted variable biases. Second, we provide a conceptual 

framework to discuss how the impact of technology adoptions on general outcome variables can 

be used to assess the presence of market imperfections. Third, using ordinary and generalized 

propensity score matching methods (Hirano & Imbens 2004) on “marginal” tractor users, we 

show that marginal tractor adoption alone has significant impacts on key outcome variable (real 

per capita household expenditures), which is consistent with the hypotheses of substantial 

supply-side imperfections of tractor custom hiring market in Nigeria.  

In addition to methodological contributions, this paper also fills important broader 

knowledge gaps on agricultural mechanization, an important parallel process of agricultural 

transformation which has been slow in Africa despite the transformation in non-agricultural 

sectors (African Economic Transformation Center 2014). The linkages of our findings with low 

mechanization levels in Nigeria also have important relevance to the on-going debate about the 

low agricultural labor productivity in SSA (McMillan et al. 2014; Gollin et al. 2014). Evidence 

of supply side market failures can also be important in rethinking the roles of mechanization 

policies for transforming agricultural sector in SSA that is becoming increasingly land scarce 

(Jayne et al. 2014) with limited potential for private investment in large tractors.  

 

2 Indivisibility, limited mobility of tractors in Nigeria 

Historically, agricultural mechanization started with the gradual adoptions of cheaper, 

lower hp tractors. In the United States (US), average tractor hp was around 10~20 in the 1910s 

when the adoptions of tractors began (Olmstead & Rhode 2001). Early tractorizations in the US 

were more gradual processes, often substituting a few horses with one small tractor, while 

maintaining remaining stock of horses (Clarke 1991). In many Asian countries, not only there 

have been widespread adoptions of two-wheel tractors (2wt) with typically less than 15 hp, but 

four-wheel tractors (4wt) have been generally in 30 hp range. In Nigeria today, it is typically 50 

– 70 hp (Takeshima et al. 2015). Tractor hp largely determines its optimal operational scale and 

required fixed investment. Historically, tractors have been a relatively scale-neutral technology 

around the world, compared to those in Nigeria today. Where large, high hp tractors were 

relatively popular, such as in Latin America, while tractors were expensive, farm households 
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were wealthier. Take 1950 Brazil as an example. While tractors of 40 hp or above were fairly 

common in Brazil in the 1950s (Stitzlein 1974), close to 40% of farm households were on 

average cultivating 16 ha of land in 1950 (author’s calculations based on Barraclough & Domike 

(1966)), which is almost ten times larger than those in Nigeria today. They needed less credit / 

subsidy to invest in tractors, and their relative large sizes might have facilitated the targeting of 

subsidy provision or monitoring of loan payments if credit / subsidy was provided. In the US, the 

trend toward fewer but larger farms increased demand for larger hp tractor (Hlavacek & Reddy 

1986), as there are economies of size for farm machinery (Fulton et al. 1978). The patterns in 

Nigeria are contrasting. Dominant types of tractors in Nigeria are quite large (high hp) despite 

the fact that country’s mechanization level is still very low, which is contrasting to the past 

trajectory of many other countries (Figure 1).  

[Insert Figure 1 here] 

 In Nigeria, liquidity constraints are likely to much more seriously constrain the 

investment into tractors, and mobility of tractors owned is often low (Takeshima et al. 2015), 

potentially leading to a substantial market failure in tractor custom hiring service market. This 

motivates our study to test empirically the existence and consequences of such market 

imperfections.   

 

3 Indirect evidence of supply-side imperfections of tractor custom hiring market 

We empirically test in two ways whether there are supply-side imperfections in Nigerian 

tractor custom hiring markets. First, we examine the determinants of tractor use and its intensity, 

and whether a supply side factor affects the tractor adoption. Second, using matching methods, 

we assess whether marginal adoptions of tractors have significant income effects, which is 

consistent with the hypothesis of supply-side market imperfections.   

 

3.1 Tractor adoption patterns based on a double hurdle model 

3.1.1 Specifications and data 

Farm households’ decisions to use tractors and how much to use can be modeled as,      

 
 

 if  
(1) 
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   if  

where if the farm household has access to custom hiring market (= 0 otherwise),  

if the farm household actually hires in tractor services (= 0 otherwise), and  is the hiring-in 

intensity (areas tractored).  are a set of factors affecting the access of a farm household to 

tractor hiring service market, while  are a set of factors that affect all of , and . 

In our data, only d1 which is nested within , is observed, while  is unobserved. Under 

an assumption that the factors affect  and  in the same way (same signs and statistical 

significance), the two-steps of  and can be approximated by a reduced form probit in which 

the dependent variable  is regressed on Z and X. A statistically significant 

coefficient for Z in the reduced form probit is then a weak indication of its statistically significant 

effect on . The third stage can be estimated using a truncated regression model, making (1) 

equivalent to Cragg’s (1971) double-hurdle model.2  

 Our data consist of two rounds of Living Standard Measurement Study – Integrated 

Survey of Agriculture (LSMS) (LSMS 2011, 2013), which are nationally representative 

household data as well as community data collected jointly by the National Bureau of Statistics 

of Nigeria and the World Bank in 2010/11 and 2012/13, combined with various spatial data. 

LSMS 2011 and 2013 are pseudo-panel data. Since many determinants of agricultural 

mechanization are likely to be time-invariant (such as factor endowments) between 2011 and 

2013, we use the pooled cross section specification to estimate (1). We, however, also apply the 

idea of correlated random effects (CRE) model (Chamberlain 1984) and its pseudo-panel 

extension (Takeshima & Nkonya 2014) to control for some of the potentially unobserved cohort-

specific effects. Specifically, we use as such cohorts the local government area (LGA), an 

administrative unit under Federal and State governments in Nigeria. We assume that LGA 

sample averages of certain time-variant variables across two rounds of LSMS are correlated with 

the unobserved household specific effects. Note that, this modified pooled cross section 

specification is different from standard CRE methods. We assume that time-invariant variables 

such as factor endowments are identified separately from the unobserved LGA fixed effects once 

                                                           
2If factors affect d0 and d1 differently, partial observability probit can be used to overcome partly the unobservability 

of d0 (Abowd & Farber 1982). Their results are, however, often susceptible to the specifications of each stage.   
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they are approximated by the LGA time average of time variant variables described above. 

Inclusions of these cohort variables reduce the potential bias in the pooled cross-section method. 

Two rounds of LSMS contain 10,000 observations in total. Out of them, we focus on 

approximately 6,000 farm households who reported at least one plot they cultivated. Not all these 

farm households, however, reported the plot sizes, including the GPS based measurements. 

These observations are excluded because total farm sizes and individual plot sizes are important 

determinants of tractor uses and their intensities in our study. After further dropping missing 

observations and outliers, a total of 5,119 observations are used for the analyses. Descriptive 

statistics of variables used in the analyses are presented in Table 1. 

[Insert Table 1 here] 

Variables  and  are identified based on the literature for farming system evolutions and 

agricultural mechanization. They are generally categorized into (a) factors affecting the demand 

for intensification (agro-ecological conditions like soil, water access, as well as socio-economic 

conditions like market access); (b) factors affecting household’s constraint (such as assets used 

to liquidate for credit or insurance purpose, or access to these services, as well as information 

constraint on production practices, and household demographics and head’s characteristics, land 

tenure); (c) factors specifically affecting demand for tractors (such as human capital, wages that 

affect labor endowment, availability of substitutable inputs like fertilizer, draft animal 

endowment, farm land endowment, as well as the access to tractor hiring services). Note that 

variables may capture more than one of these effects jointly. 

Endowments of cultivable land are calculated at the enumeration area (EA) level of 

LSMS as the sum of cropped areas and pasture (Ramankutty et al. 2008). Pasture is relatively 

easily converted into farmland compared to the forest (Binswanger & Donovan 1987). Per capita 

figure is obtained using the population of the corresponding LGA based on the Nigeria 2006 

Population Census (National Population Commission 2010). An EA soil workability dummy 

variable is constructed, which equals 1 (workable) if the soil exhibits no or slight constraints for 

tillage, and 0 (not workable) if moderate, severe, or very severe constraints. Constraints levels 

are defined in Fischer et al. (2008) based on how soil management is constrained by the soil 

texture, effective soil depth or volume and soil phases. The local soil heterogeneity is also 
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captured at EA level by 1km by 1km grid data on soil bulk density and clay contents indicators 

from ISRIC (2013), as these affect the type of tractors used in Nigeria (Takeshima et al. 2014).  

EA level distance to water resources, which can affect the irrigation costs, are proxied by 

the Euclidean distances to the nearest dams and the nearest rivers, each obtained from FAO 

(2012) and FAO (2000). EA level distance to the nearest town with the population of 20,000 or 

more (20k town), which proxies market access, is calculated from Harvest Choice (2012).  

Real farm wage is proxied by the daily wage of hired male labor for land preparation 

reported in the LSMS community survey, and averaged across the communities within each 

LGA. Similarly, average prices of Urea and NPK are LGA-median prices. Euclidean distances to 

the centroid of the nearest state governor district-of-origin in 2010 are calculated at the EA level, 

which is found to affect the access to subsidized fertilizer in Nigeria (Takeshima & Liverpool-

Tasie 2015).   

All other socio-economic variables are calculated at the household levels from the LSMS 

(2011, 2013). Variables measured with monetary values have been converted into real values, 

deflated by the average of the district median prices of local staples (rice and gari, a type of 

processed cassava). Farm land holdings of households are the area of farm land obtained through 

outright purchase or distributed by the community chief, as the latter is also a common 

exogenous determinant of land endowments for farm households in Nigeria. Farm wealth is 

captured by the values of assets owned, except farmland which is rarely marketed in Nigeria. 

One of the variables in Table 1, real household earned income per year, is used only in the next 

section as a dependent variable, where its detailed definition is provided. 

The variable  is the sample maximum within LGA of owned- or community distributed- 

farmland area. This variable is expected to proxy the likelihood of the existence within LGA of 

tractor owners, who are typically found among large farm owners because of land endowments 

and wealth that allows tractor investments. The existence of larger farm households within the 

LGA is likely to affect the supply of tractor service within the LGA (Takeshima et al. 2014, 

2015), but not the potential demand for it. The significance of this variable on tractor use 

therefore indicates the supply side market imperfection of the tractor hiring services.3   

                                                           
3 Ideally, the number of tractor owners within the LGA should be used to assess the level of access to tractor hiring 

service. Such information is, however, unavailable in neither our data nor government statistics office in Nigeria to 

the author’s knowledge. Nevertheless, presence of large-scale farmers in the sample in the LGA indicate that (based 
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3.2.2 Determinants of tractor uses 

Table 2 presents the results of CRE pseudo-panel double hurdle model. The figures 

shown are marginal effects on the probability of using tractors, and the areas tractors are used, 

evaluated at the mean values of each variable. Some variables are log-transformed to improve 

the goodness of fit of the model. Following Michalopoulos & Papaioannou (2014), some log-

transformed variables are converted as x = x + 0.01, so that observations with x = 0 can be 

included. Results are robust to different adjustments. We omit the results for LGA time averages 

of time variant variables since their coefficients have no relevant meanings other than controlling 

for unobserved LGA fixed effects. Standard errors are adjusted for potential serial correlation 

within EA level clusters.4 

[Insert Table 2] 

Results are generally intuitive. Doubling of cultivable land per capita raises the likelihood 

of tractor service adoption by 0.6 percentage points. A greater land endowment relative to labor 

induces tractor uses. Importantly, from the farming system evolution perspective, much of 

Nigeria has already reached the level where overall demand for intensive farming is high, where 

cultivable land per capita is about 0.5 ha (Table 1), and tractor substitutes labor depending on the 

level of labor scarcity. The number of male working age household members without education 

discourages tractor uses, possibly because they are willing to be engaged in manual land 

preparation. Conversely, a greater number of working-age female members with at least 

secondary education induces tractor uses. These are consistent with the hypothesis that human 

capital formation induces the substitution of labor for machinery. Once human capital is 

controlled, farm labor wages in the area does not seem to affect tractor adoption, indicating that 

it is the labor costs of family members that induce substitution with tractors.  

                                                                                                                                                                                           
on the probability sampling theory), the number of such large-scale farmers in the district must be substantial, which 

also raise the likelihood that sufficient number of tractor owners exist in the district and provide hiring services.   
4While STATA allows this adjustment, there seems no clear consensus regarding whether it is appropriate to adjust 

standard errors for heteroskedasticity or serial correlation in the case of probit or truncated models, because in these 

models not only standard errors but estimated coefficients are inconsistent as well if disturbance terms are 

heteroskedastic (Freedman 2006). Though specifications like Tobit, a restricted form of double-hurdle model, are 

generally consistent under certain regularity conditions if errors are only serially correlated within clusters and 

homoskedastic (Robinson 1982), the consequences of the violations of such conditions are not well known. 

However, in our case, unadjusted standard errors are generally smaller and coefficients are more significant. Results 

in Table 2 therefore provide generally conservative estimates of the statistical significance of coefficients.  
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Doubling real asset values raise the adoption possibility by 0.02 percentage point, 

possibly because of the reduced risk aversions toward tractor adoption. A higher real fertilizer 

price induces tractor adoption, possibly because fertilizer and tractors may be broadly substitutes 

(while the former is complementary to labor, the latter is complementary to land). Tractor 

adoption is higher on more workable soil and fewer clay contents, possibly because of lower 

plowing cost. Tractor adoption is also higher in areas closer to the nearest dams, possibly 

because of better access to formal irrigation facilities where intensive production including 

mechanized plowing can have high returns. While the average plot size has no effect, an 

additional plot given the average plot size increases tractor adoption by 0.2 percentage points.  

Upon the adoption of tractor services, the areas cultivated by tractors depend largely on 

the average plot sizes, as well as the number of plots given the average plot size. A positive 

effect of the higher bulk density of soil may reflect the use of higher horsepower tractors 

(Takeshima et al. 2015) that are more appropriate for cultivating larger areas. However, the 

number of male working age members with Koranic education and other education has a 

negative and a positive effect, respectively, indicating somewhat complicated effects human 

capital. Soil workability, lower clay contents and proximity to dams also induce greater tractor 

use intensity.  

Two interesting results are observed. Farm households whose members obtained credit 

previously tend to use tractors on smaller areas upon the adoption. Credit access may be inducing 

inputs uses such as labor for off-farm activities, although they may still prefer to cultivate their 

farm so that credit access does not affect traction adoption. Similarly, those living further away 

from governor’s district-of-origin tend to use tractors on larger areas. As in Takeshima & 

Liverpool-Tasie (2015), proximity to governor’s districts-of-origin raised the access to 

subsidized fertilizer. Since fertilizer which is land-saving inputs often substitutes labor-saving 

inputs like tractors, the receipt of subsidized fertilizer may reduce area cultivated by tractors 

upon the tractor adoption.   

Importantly, doubling the size of largest farm size within LGA raises the possibility of 

tractor adoption by a statistically significant 0.2 percentage point in the Probit model. This 

indicates that the supply of tractor hiring service is somewhat constrained by the scarcity of large 

farm households with greater incentives to invest in tractors and serve nearby farmers.   
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Results suggest that tractor adoption in Nigeria is generally driven by economic factors, 

and some aspects of the tractor service market are functioning according to economic forces. 

However, the results also suggest that the adoption of tractor services by farmers is also 

constrained by some supply-side factors, particularly the presence of owners of large farmland 

within the district, which can affect the availability of tractor services within the district. The 

latter effect is consistent with the observations discussed in earlier sections about the large 

average tractor size in Nigeria, their sparsity and limited mobility, and its potential consequence 

of tractor service market failures. We investigate this aspect of market failure further in the next 

section.     

 

3.2 Testing tractor hiring market imperfection by examining the impact of marginal tractor 

adoption  

The empirical analysis in the previous section follows transactions costs literature which 

tests the presence of hurdles by identifying differentiated mechanisms affecting the entry into 

certain regime and the economic behaviors within such regimes (ex. Key et al. 2000; Bellemare 

& Barrett 2006; Takeshima & Winter-Nelson 2012; Takeshima et al. 2011). These studies, 

however, do not quantify the economic significance of these hurdles and thus provides only 

limited insights into the importance of market failure. Robustness of the results of supply-side 

market imperfections in the previous section can be validated by obtaining evidence from yet 

different angles. Here we focus on testing another condition that is consistent with the existence 

of market failure. We first illustrate such a condition conceptually. We then empirically test this 

condition empirically. 

 

3.2.1 Conceptual illustration 

We illustrate a household’s decision mechanism on adoption of technology whose supply 

market is imperfect. This is in one way described by a mixed regime model in which a household 

faces fixed transactions costs in switching from no adoption state to adoption state (Takeshima & 

Nkonya 2014). A household’s profit maximization follows 

 
 

(2) 

subject to 



 
 
 
  
 
   

12 

 

 

. 

where the profit  depends on the output , labor costs (= labor use  times its unit price  ), 

and the cost of mechanization services (intensity  times its unit price ). For simplicity, we 

assume labor and machine are the only inputs. Farmer faces two regimes ;  = 0 is 

“constrained” where no tractor service is available, while  = 1 is “unconstrained” and tractor 

service is available. The household starts from regime 0 (  = 1), and decides whether to move to 

regime 1. If tractor hiring market is imperfect, positive transactions costs  are associated with 

switching to regime 1, due to the various constraints including limited mobility of tractors 

discussed in earlier sections. 

If market is perfect and , decisions on  is irrelevant and the model reduces to  

 . (3) 

Since , , and  

 

 

(4) 

a marginal increase of  from  = 0 has no effect on . 

When tractor hiring market is imperfect, . In this case, a marginal increase in M 

increases  by 

 

 

(5) 

where  and  are global optimal solutions under both regimes. (5) is a “wedge” arising due to 

inefficient resource allocations due to imperfection of tractor hiring market. Based on the linear 

integral theory, the first term represents the loss due to using less labor (as a result of substitution 

with the use of ) measured at the initial condition  =  = 0. However, the whole term is 

non-negative because the second term, which represents the benefits from tractor use, is positive 

and offsets the loss in the first term. The wedge (5) is positive under marginal increase in  from 

 = 0. In other words, marginal tractor adoption leads to an increase in the profit, if  due to 

the failure in tractor hiring market.  
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 Importantly, a positive  is likely to be due to the imperfection in tractor hiring market, 

rather than any other causes. For example, tractor hiring service suppliers may also address other 

market imperfections by providing information on improved production practices, or providing 

goods (such as fertilizer) and services (credit and insurances) that are otherwise unavailable to 

the farmers. If hiring service suppliers are the sole suppliers of such information, goods and 

services, inaccessibility to hiring services can lead to positive  and wedge (5) even if hiring 

service market is perfect. However, given the heterogeneity of production environments, 

information on production practices is less transferrable across farmers particularly for rice 

(Munshi 2004), which is one of the most tractorized crops in Nigeria (Johnson et al. 2013; 

Takeshima et al. 2013a; Takeshima et al. 2013b; Takeshima et al. 2014). Given the low mobility, 

tractors may be less effective than motorcycles or trucks in transporting goods to remote areas 

where their supplies are limited. Hiring service suppliers are therefore less likely to address 

imperfections of other goods for the farmers. Similarly, while hiring service suppliers may 

provide services on credit, which can partly address credit market failures for the farmers, similar 

arrangements may more or less exist for other inputs like fertilizer or hired labor which are more 

widely adopted in Nigeria.5 Access to tractor hiring service is therefore unlikely to be the sole 

source of credit to farmers, and therefore unlikely to reduce  that is associated with credit 

market imperfection. These conditions suggest that a positive  is more likely to be due to the 

market imperfections in tractor hiring supply. 

We further illustrate how the wedge (5) can be substantial depending on the shape of the 

production function, particularly substitutability of labor to machine. If the production function  

follows a Constant Elasticity of Substitution (CES) form, profit is  

 
 

(6) 

where  and  are mechanical and labor power, respectively.  is the share parameter,  = 

 in which  is the elasticity of substitution between  and .  is the scale parameter, 

where  < 1 ,  = 1 and  > 1 indicates decreasing, constant, and increasing returns to scale, 

respectively. For simplicity, we assume  = 4,  = 0.33, and = 2. These values are 

                                                           
5Close to 40% of farm households in Nigeria use fertilizer (Takeshima & Nkonya 2014), while only around 4% use 

tractors (Table 1). 
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selected solely for illustrative purpose. Using the standard profit maximization conditions of Π 

and applying the first order conditions, we calculate as the proxy of wedge (5) the increase in 

profit from removing barriers to tractor adoption, under various level of labor-tractor 

substitutability and  (Table 3). If the technologies exhibit fairly constant returns (high ) and 

substitutability between machine and labor is low (low ), the wedge is larger. For example, 

while the wedge is only 3% when  = 0.6 and  = 20, it is 100% if = 0.8 and  = 3.3. 

Depending on the technology characteristics, the effect of imperfections in tractor hiring market 

can be substantial,6 which further motivates empirically testing the presence of imperfections.     

[Insert Table 3 here] 

 

3.2.2 Impact of marginal tractor adoption: matching methods  

Empirical challenges 

The conceptual framework in the previous section suggests that, if a marginal adoption of 

a tractor leads to increase significantly household’s overall profit, it can indicate the failure of the 

tractor hiring market. However, for scale-biased technologies like tractors, treating the adoptions 

as binary as in conventional technology adoptions studies cannot distinguish the effects of 

marginal adoptions from intensive adoption (Figure 2). If the increase in  from  = 0 is large 

(intensive adoption of tractors), the term (5) can be positive even if the market is perfect and 

. This is because the first order condition (4) that is based on a marginal change in  

breaks down if the increase in is large enough.  

[Insert Figure 2 here] 

 A possible specification is to include both binary variable indicating the adoption and the 

continuous variable that measures adoption intensity, and separate out the effects of an intensive 

adoption from a marginal adoption. However, in many cases both marginal and intensive 

technology adoptions are potentially endogenous to the outcome variables. Instrumental 

variables methods such as two-stage least squares (2SLS) are challenging because continuous 

endogenous variable depends on the binary endogenous variable. Literature is thin on how such 

                                                           
6While the estimates of the elasticity of substitution are not available for Nigeria, it is estimated rather low, 1.7 in the 

US between 1910 and 1960 (Manuelli & Seshadri 2014 p1380).  
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mechanisms can be modeled in 2SLS. Also, finding good instruments for both marginal and 

intensive adoptions variables are likely to be difficult.   

 In addition, 2SLS may be sensitive to the violation of linearity assumption. Imbens & 

Rubin (2009) suggest that if normalized differences of covariates between treatment and control 

group are greater than 0.25, then assessing the treatment effects based on linear regression is 

likely to be susceptible to specification, and alternative models like matching methods are more 

suitable. In our case, the normalized differences often exceeded 0.25 for approximately half of 

the covariates.  

 We address this issue in the following way: first, we use matching estimators such as 

Propensity Score Matching method (PSM) (Rosenbaum & Rubin 1983) as well as Mahalanobis 

covariate matching to test if marginal adoptions of tractors have significant effects on a key 

outcome variable by excluding from the sample of intensive users of tractors, and check the 

sensitivity of results to the potential bias due to the exclusion of intensive adopters. Matching 

estimators have been used in the contexts other than project interventions (for example, the 

impact of market participation by Takeshima & Nagarajan 2012). We then use Generalized PSM 

(GPSM) methods (Hirano & Imbens 2004) to confirm that the effects of adoption intensity are 

insignificant among these marginal adopters, so that the significant effects from matching 

estimators are due to the marginal adoption of tractor, rather than due to the adoption intensity.   

 

Covariate matching and propensity score matching    

We define marginal adopters as those using tractors to relatively small areas of land. 

Limiting the analyses to marginal adopters, however, also limits the size of the treatment group. 

For this purpose, we use 3 ha as thresholds. In Nigeria, these are fairly small among tractor users 

who often cultivate 10 ha or more (Takeshima et al. 2014 as well as personal communication 

with local experts). 

Although there are three groups (a) marginal tractor users; (b) those with access to tractor 

services but not using tractors; (c) those without access to tractor services, we only observe 

and not , as was mentioned above. The matching estimators therefore compare (a) and (b) 

+ (c). Under the discussions in the conceptual framework in the previous section, (b) should have 

the same outcome as (a), while (c) has lower outcome than (b). Therefore, a significant 
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difference in outcome variable between (a) and (b) + (c), which we estimate, is a sufficient 

condition for the significant difference between (a) + (b) and (c), which is the hypothesis of our 

interest. 

We use teffects psmatch for PSM, and teffects nnmatch for Mahalanobis 

covariate matching methods, as well as psmatch2 (Leuven & Sianesi 2003) for supplementary 

analyses for both types of matching.7 We use both commands because of various reasons. First, 

teffects psmatch and teffects nnmatch are likely to provide more consistent 

estimates of the standard errors of the estimated effects (Abadie & Imbens 2012), while 

psmatch2 does not take into account the fact that propensity scores are estimated (Leuven & 

Sianesi 2003). On the other hand, several built-in commands in STATA such as rbounds 

(DiPrete & Gangl 2004) for estimation of Rosenbaum bounds (Rosenbaum 2002) only work with 

psmatch2. In addition, while teffects nnmatch allows the option to adjust for biases that 

arise when matching is based on more than one covariates (Abadie & Imbens 2011), psmatch2 

does not.  

In PSM, matching is based on the estimated propensity scores, while in a Mahalanobis 

covariate matching it is based on Mahalanobis distance which has been reported to perform well 

under various conditions (Zhao 2004). Mahalanobis matching are generally robust regardless of 

sample size. PSM tends to have smaller biases but its small sample properties are sometimes 

questionable (Zhao 2004). Literature does not seem to agree the optimal number of matches. For 

example, while Abadie & Imbens (2002) suggests that 4 may be better than 1 match in terms of 

large sample property, multiple matching may lead to greater biases than a single match 

(Caliendo and Kopeinig 2008). Therefore, we use both 1 and 4 matches for robustness purposes. 

Using pstest command, all specifications are found to satisfy the balancing properties.  

PSM is vulnerable to the violation of ignorability assumption (or “selection of 

observables” as sometimes phrased), which can be particularly serious in cross-section methods. 

However, partly controlling for LGA level unobserved fixed effects as discussed above, can 

partly mitigate the limitation of PSM due to the ignorability assumption. In addition, we assess 

                                                           
7We run teffects psmatch and teffects nnmatch with att option, since average treatment effect on the treated (ATT) 

often has more direct policy implications (psmatch2 estimates ATT as the default). 
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the Rosenbaum bounds (Rosenbaum 2002) using the command rbounds (DiPrete & Gangl, 

2004) to see if there are any hidden bias due to the violation of ignorability assumption. 

The key outcome variable  is the real earned income proxied as household expenditure 

on relevant categories. Expenditure figures are often more accurate than other measures like 

income (Deaton 1997). Specifically,  consists of the values of food consumption (home 

consumption converted into expenditure values using market prices, as well as eating out 

expenditure), expenditure on non-durable consumption goods,8 expenditures in education for 

household members, health expenditures, net purchase of livestock, net purchase of household 

assets, housing expenses including utilities (water, electricity, fuels, land and mobile phones, 

refuse disposal, and rent payments), net cash lending, net purchase of agricultural equipment, net 

of other unearned incomes as well as remittances received. Other unearned income and 

remittances receipts are excluded so that Π corresponds to the income from productive activities 

of the household. 

Importantly, by the definition described above,  corresponds not only the profit from 

agricultural activities but also non-farm activities. Farm and non-farm activities are often 

substitutes for the household. Some unobserved shocks like the local weather that are not 

perfectly captured in our more aggregated data might affect the substitution of within household 

resource allocations across these activities. In such case, limiting the outcome to profit from 

agricultural activities can cause omitted variable bias, particularly if the shocks also affect the 

decisions to use tractors. However, since off-farm income earning activities are often employed 

to diversify such weather risks, combined income (farm and non-farm) may be less susceptible 

this type of unobserved shocks.  

                                                           
8 The values of nondurable consumption goods are aggregated over all items reported in the expenditure modules of 

LSMS data, each converted into 12 months equivalent amount. Each of LSMS 2011 and 2013 consists of a post-

planting survey conducted after the planting season, and a post-harvesting survey conducted after the harvesting 

season. We combine short-term expenditures (7 days and 30 days) from the post-planting survey and long-term 

expenditures (6 months and 12 months) from the post-harvesting survey. This is because our interest is on the 

expenditure immediately following the planting season when tractors are typically used. Using short-term 

expenditures from post-planting survey instead of post-harvesting survey ensures that these expenditures more 

clearly reflect the cost savings realized by using tractors instead of labor in the planting season. Using long-term 

expenditures from post-harvesting survey instead of post-planting survey ensures that the most reference periods are 

after the planting season, so that long-term expenditure “after” the use of tractors is captured. Real expenditure 

values are obtained by deflating through the above price index. 
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Estimated results of PSM are summarized in Table 4. Where effects are statistically 

significant, critical gammas associated with Rosenbaum bounds are shown in brackets. The 

effects are statistically significant under various specifications and thresholds of marginal 

adoptions. Using tractors up to 3 ha of land increases household earned income by the value 

worth 1000 – 1500 kg of staple foods,9 compared to the households with similar characteristics 

but not using tractors. At the median of the sample, this is equivalent to approximately 30% 

increase in household earned income. Using the thresholds below 3 ha also often leads to 

statistically significant effects of similar scales. These significant effects of marginal tractor 

adoptions are consistent with the conditions illustrated in the conceptual framework that can 

arise as a result of the imperfection in tractor hiring market.   

[Insert Table 4 here] 

 Critical gammas in Table 4 are often in the range of 1.0 to 2.0, indicating that, statistical 

significance holds even when unobserved covariates cause the odds ratio of treatment assignment 

to differ by a factor of up to 2 between treatment and control groups (DiPrete and Gangl, 2004). 

This variation in odds ratio may also arise from selecting marginal adopters samples based on the 

thresholds. Estimated Rosenbaum bounds suggest that the statistically significant effects found in 

our PSM are generally robust to the presence of these biases.    

 

Generalized Propensity Score Matching 

The effects of adoption intensity can still be contained in the PSM results in the previous 

section if tractor can exhibit economies of scale even below the thresholds used in Table 4. We 

show that this is not the case, using the generalized propensity score matching method (GPSM) 

which is an extension of PSM to the case where treatment is continuous rather than binary. 

GPSM essentially involves estimating generalized propensity scores (GPS) based on the 

estimated conditional density of treatment intensity, and use GPS in similar way as PSM uses 

ordinary propensity score to find suitable matches and estimate the treatment effect. Dose 

response function estimated with GPSM can inform whether treatment effects vary with 

                                                           
9 Note that this impact may not be exactly the increased production of staple foods, but whatever the benefit is, it is 

worth this much staple foods evaluated at the local staple food prices. 
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treatment intensity, upon receiving the treatment. By showing that effects of adoption intensity 

are absent, we can attribute all significant effects in Table 4 to the marginal adoption.   

Following the expositions by Hirano & Imbens (2004) and Bia & Mattei (2008), GPSM 

is built around the following framework. For each of a random sample , there is a set 

of potential outcomes  for  (referred to as the unit-level dose-response function). 

GPSM aims to estimate the average dose-response function, . Each i is also 

associated with a vector of covariates , and the level of the treatment received  

where  and  the lower and upper bound of treatment level. The vector ,  and  are 

observed. The unconfoundedness assumption of PSM is generalized to the case of a continuous 

treatment. Specifically, the weak unconfoundedness of GPS is  for all  

(subscript i is dropped for simplicity).  

Let a random variable  be the conditional density of the treatment t given the 

covariates x; . Then the GPS is defined as . The GPS assumes 

that within strata with the same , the probability that does not depend on . Tests 

have been developed to check the balancing property in the case of GPSM as in PSM (Bia & 

Mattei 2008).  

The implementation of the GPSM consists of three steps. First,  (or its certain 

transformation ) is regressed on  through the maximum likelihood method with normally 

distributed disturbance term, and GPS for observation i is calculated based on the estimated 

parameters as . Second, conditional expectation of the 

outcome  is estimated as an appropriate polynomial of function of  and  as well as their 

interaction term through the ordinary least square method (since the level of treatment is 

continuous). Third, dose-response function is obtained by connecting  across t, where 

 is the sample average of predicted outcome at value t obtained from the second stage 

regression above. We estimate  and their 90% confidence intervals for  = 0.1, 0.5, 1.0, 

1.5, …, 3.0, and plot them, where confidence intervals are estimated by 200 bootstrap processes 

that take into account the fact that various parameters including GPS are estimated values. The 
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marginal treatment effects (MTE) are then estimated as , and their confidence intervals 

are obtained by the same bootstrap procedure. The MTE shows how the treatment effects depend 

on the treatment level. In our contest, MTE can be used as a measure of how the income effects 

of tractor use changes as tractor use intensity increases. 

GPSM is run using a STATA command doseresponse developed by Bia & Mattei 

(2008). Estimation focuses on observations where the area (ha) cultivated by tractors are greater 

than 0 and not greater than 3, and the same set of variables as in PSM. Bia & Mattei (2008) relies 

on the normality assumption of the conditional density of  (or ). In our case, normality 

assumptions are satisfied at 5% statistical significance level when function g is a natural log, so 

that the estimated dose response functions are consistent using  in place of .  

Balancing tests in GPSM are conducted by comparing GPS-adjusted means of covariates 

across sub-groups that are defined based on treatment levels (ha). Following the standard 

approach (Hirano & Imbens 2004; Kluve et al. 2007), we conduct this test in the following way; 

we split the sample into three groups  (j =1, 2, 3) by the tertiles of treatment level T ([0, 0.65], 

[0.65, 1.36], [1.36, 3.0]), divide each group into five blocks  (k = 1, 2, 3, 4, 5) based on the 

quintiles of the GPS  evaluated at the median treatment level within the tertile j ( ), 

calculate the t-statistics for the equality of means of covariates X’s between blocks and  

(  ≠ j). We find that approximately 5% of the absolute values of t-statistics exceed 1.96, which is 

what we expect under the null hypothesis that means of X’s are jointly equal across groups, 

suggesting that the balancing properties given GPS are satisfied.  

The conditional expectation of outcomes given the estimated GPS are summarized in 

Table 5, while dose response function and treatment effect function (MTE) are shown in Figure 

3. While coefficients in Table 5 have no causal meaning (Hirano & Imbens 2004), they indicate 

that treatment intensity may have little effect on the outcome. This is confirmed in the dose 

response functions in Figure 3; in the left figure, the expected earned income does not increase 

significantly in response to the increase in area cultivated by tractor (treatment intensity) upon 

the tractor adoption, which is consistent with the right figure where MTEs are always 
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insignificantly different from zero.10 Figure 3 is based on regression results of the first column in 

Table 5, as it provides the narrowest confidence intervals and conservative inference of MTE’s 

insignificance. In other words, there are no significant effects of tractor use intensity up to 3 ha, 

upon the adoption of tractor use (this is because, as described above, GPS method applies to the 

impact of treatment given the treatment being positive).  

[Insert Table 5 here]    

[Insert Figure 3 here] 

The statistically significant effects of tractor use adoption in Table 4, combined with the 

results from the GPS method, are consistent with our hypothesis; the significant effect in Table 4 

is capturing the effect of marginal tractor adoption, rather than cumulative effects of intensive 

tractor adoption illustrated in Figure 2. Nigerian farm households’ earned incomes increase from 

the marginal tractor adoption alone, even without the potential scale effects associated with 

scale-biased technologies like tractors, because the access to tractor service help them overcome 

certain constraints. One of such constraints is likely to be due to the market imperfections in the 

supply of tractor service, which is consistent with the accessibility constraints implied by the 

sparsity as well as the dominance of large, high horsepower tractors in Nigeria in Figure 1, their 

limited spatial mobility and demand seasonality. Other potential sources of constraints may be 

equally important. However, the matching analyses employed here compare farm households 

with similar characteristics associated with those other constraints, including credit availability, 

land fragmentation, or land tenure. The significant income effects of marginal tractor adoption in 

our study are therefore unlikely to be contaminated by the variations in these other constraints.  

 

4 Conclusions 

The growth of agricultural mechanization through custom hiring is an important process 

in many developing countries in Asia as well as SSA countries like Nigeria, which allows 

division of labor in agriculture through out-sourcing (Zhang et al. 2015). A strand of literature 

argues that the supply of mechanization services has been generally frictionless outside SSA. 

                                                           
10Negative MTE is not a concern in our case, unlike positive MTE. Slightly negative MTEs in Figure 3, albeit 

insignificant, indicates that intensive tractor use may be actually facing diminishing returns, rather than increasing 

returns. This is possibly because cultivating larger plots of land can still require more labor for weeding or 

harvesting with higher monitoring costs.  
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However, if the spatial mobility of tractors and the density of suppliers are both low, 

accessibility to such services can be significantly limited, leading to market imperfections. The 

current conditions in SSA countries including Nigeria exhibit such characteristics; it is 

dominated by sparsely populated large, high horsepower tractors, which is unique from a 

historical perspective. Gaining insights into the existence of market imperfection is critical since 

it implies the need in SSA for different forms of mechanization interventions from those 

implemented elsewhere.  

Empirically testing such market imperfections has been challenging for scale-biased 

inputs like tractors, due to the difficulty of separating the effect of marginal technology 

adoptions from intensive technology adoptions, potential endogeneity of both dimensions of 

adoptions, as well as high heterogeneity of agro-ecological environments in SSA. Other possible 

literature, such as transactions costs literature, while useful, still provides only limited insights on 

market imperfections including its economic significance. We attempted to fill this knowledge 

gap using Nigerian data, by combining pseudo-panel, correlated random effects double hurdle 

model, and covariate and propensity matching estimators, as well as generalized propensity score 

matching estimators.    

We find that, while tractor hiring service market in Nigeria partly responds to the 

underlying economic conditions that conventionally affect the demand for such service, it is still 

imperfect with significant consequent welfare loss. Tractor adoptions may be constrained by the 

absence of large farm households within proximity, who are more likely to own tractors, 

consistent with the hypotheses that the dominance of sparsely populated large tractors is 

responsible for the supply side imperfection of tractor hiring market in Nigeria. The evidence is 

also supported by the significant effects of marginal tractor adoption, separately identified from 

the effects of intensive adoptions. The effect of imperfection in tractor hiring market is also 

sizeable, as overcoming this imperfection can potentially increase farm households’ income by 

as much as 30%. This effect is from the marginal adoption of tractors alone, and is not 

confounded by the potential scale effects from intensive tractor use upon adoption.   
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Table 1. Descriptive statistics of variables among farm households used in the analysesa 

Variables Mean Median Standard 

deviation 

Use tractors (1 = yes; 0 = no) .04 .00 .19 

Own some of the farm land (1 = yes; 0 = no) .20 .00 .40 

Average area (ha) of owned or distributed land per plot .55 .21 2.02 

Number of owned or distributed plots 1.32 1.17 .76 

Household size 6.19 6.00 3.20 

Age of household head  51.21 50.00 14.89 

Age squared 2844.51 2500.00 1618.78 

Gender of household head (1 = female) .12 .00 .32 

# of working age household members with different education level    

No education, M .32 .00 .64 

Primary education, M .29 .00 .55 

Secondary education or above, M .70 .00 1.08 

Koranic education, M .10 .00 .39 

Any other education, M .00 .00 .05 

No education, F .68 .00 .89 

Primary education, F .31 .00 .58 

Secondary education or above, F .49 .00 .89 

Koranic education, F .12 .00 .46 

Any other education, F .00 .00 .07 

Real asset value excluding land 857.93 292.73 3080.83 

Own draft animals (1 = yes; 0 = no) .13 .00 .34 

Real values of draft animal 355.71 .00 2031.72 

Credit obtained by at least household member in the past 6 months .40 .00 .49 

Extension contact by at least household member since January .13 .00 .33 
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Real price of one kg of fertilizer (average of Urea and NPK) 1.03 .87 1.96 

Real district average farm wage per day 5.91 5.00 1.96 

Cultivable land per capita (ha) .51 .36 .58 

Soil with high workability (1 = workable, 0 = otherwise) .62 1.00 .49 

Bulk density of the soil (tons per m3 of soil) 1.34 1.30 0.98 

Clay contents of the soil (clay content (<2 μm) in %) 17.47 17.00 5.44 

Distance to the nearest town with population of 20,000 (hours) 2.70 2.41 1.51 

Euclidean distance to the nearest dam (geographical minute) .96 .79 .69 

Euclidean distance to the nearest river (geographical minute) .02 .02 .01 

Euclidean distance to the governor district-of-origin in 2010 .42 .33 .37 

Sample maximum owned/distributed land within enumeration area 

(ha) 

4.02 1.76 16.60 

Real earned income per year  4588.68 2444.30 38351.91 

Source: Author based on LSMS (2011, 2013). 
aReal values are measured in average values of equivalent amount (kg) of rice and gari. M = 

Male, F = Female. 

Table 2. Determinants of the area cultivated by tractors (pseudo-panel double hurdle 

model; marginal effects evaluated at the mean of observations) 
 Double hurdle model 

Dependent variable Probability of 

using tractor 

Area cultivated 

by tractors (ha) 

Model Probit Truncated 

Regression 

Own some of the farm land (yes = 1) .004 .247*** 

Average area (ha) of owned or distributed land per plot -.0002 .156*** 

Number of owned or distributed plots .002** .048* 

Household size .0004 .012 

Gender of household head (female = 1) .001 -1.038 

Age of household head -.0006 .022 

Age squared 4.08e-06 -.0002 

# of working age household members (no education, M) -.003 -.124 

Primary education, M .001 .020 

Secondary education or above, M -.001 .015 

Koranic education, M -.002 -.239** 

Any other education, M -.019 .617** 

# of working age household members (no education, F) -.001 -.014 

Primary education, F .001 -.063 

Secondary education or above, F .003** -.067 

Koranic education, F .001 .040  

Any other education, F -.002 -.376   

Ln (real asset value) .0002*** .025 

Own draft animals (yes = 1, no = 0) .002 -.402 

Obtained credit (yes = 1, no = 0) .001 -.187** 

Had extension contact (yes = 1, no = 0) -.002 -.068 

Ln (real values of draft animal) -.0001 .083   

Real price of one kg of fertilizer (average of Urea and NPK) .0007* -.010* 

Real LGA average farm wage .0004 .033 

Ln (cultivable land per capita) .006*** .057 

Soil with high workability (1 = workable, 0 = otherwise) .012*** .538**   

Bulk density of the soil (tons per m3 of soil) .034* .529  

Clay contents of the soil (clay content (<2 μm) in %) -.001*** -.026  
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Distance to the nearest town with population of 20,000 (hours) .0002 -.073 

Euclidean distance to the nearest dam (geographical minute) -.004** -.289*  

Euclidean distance to the nearest river (geographical minute) -.144 -2.676 

Euclidean distance to nearest 2010 district of origins of state governors 

(geographical minute) -.002 .372* 

ln (sample maximum owned/distributed land within enumeration area, ha) .002*                 

   

Time dummy (year 2012 = 1) Included Included 

Sector dummy (rural = 1, urban = 0) Included Included 

Correlated random effects components Included Included 

Zonal dummies  included Included 

Constant included Included 

  4.292*** 

Number of observations 5119 223 

Source: Author. *** 1%, ** 5%, * 10%. 
aM = male, F = female.   
Table 3. Effects of removing barrier to tractor use – illustrative exercise (% change in 

profit) 

Elasticity of substitution 

between labor and machinery 

services (ε) 

β = 0.9 β = 0.8 β = 0.7 β = 0.6 

ρ = 0.95 (ε = 20) 21 9 5 3 

ρ = 0.9 (ε = 10) 50 20 11 7 

ρ = 0.8 (ε = 5) 149 50 27 16 

ρ = 0.7 (ε = 3.3) 374 100 50 30 

Source: Authors. 

 

Table 4. Results of propensity score matching method among marginal adopters 

(dependent variable = real household earned income measured in kg of staple foods) 

Matching methods Upper thresholds of areas cultivated by tractors (ha) 

1.0 1.5 2.0 2.5 3.0 

Sample size of control group 4862 4862 4862 4862 4862 

Sample size of treated group 79 105 121 131 145 

Nearest neighbor matching (n = 4) 1564* 

[1.00] 

1524** 

[1.02] 

1164* 

[1.00] 

1271* 

[1.00] 

1239* 

[1.00] 

Nearest neighbor matching (n = 1) 904 1266 991 344 

 

1531** 

[1.13] 

Covariate matching with bias 

adjustment (Mahalanobis) (n = 4) 

1385* 

[1.26] 

1056* 

[1.35] 

988* 

[1.34] 

1025** 

[1.58] 

912* 

[1.56] 

Covariate matching with bias 

adjustment (Mahalanobis) (n = 1) 

-1444 

 

664 1375** 

[1.69] 

1361** 

[1.93] 

1513*** 

[1.86] 

Source: Author’s estimation. Asterisks indicate the statistical significance; *** 1%, ** 5%, * 

10%. 

Table 5. Conditional expectation of outcome estimated with generalized propensity scores 

Dependent variables Real household earned income per year (1,000 kg of staple foods) 

Treatment -.381 (.592) -.321 (1.389) -2.007 (2.594) 
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GPS -2.395 (2.764) -2.227 (4.489) -5.278 (13.537) 

Treatment*GPS  -.153 (3.223) -.249 (3.241) 

Treatment squared   .608 (.789) 

GPS squared   5.419 (17.001) 

Constant 7.560*** (1.474) 7.495*** (2.003) 8.358*** (2.745) 

R2 .008 .008 .013 

p-values of overall fit .546 .751 .868 

Number of observations 149 149 149 

Source: Author.  
aNumbers in parentheses indicate the standard errors of estimated coefficients. GPS = 

generalized propensity score. 
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Figure 1. Average tractor horsepower and the level of mechanization (years vary)abc 
Source: Author’s calculation based on the following sources; China and Vietnam, CSAM (2014); Bangladesh, Kienzle et al. 

(2013), Roy & Singh (2008), Brazil, Stizlein (1974), India, Ugwuishiwu and Onluwal (2009, Table 2.1), United States, 

Olmstead and Rhode (2001), and US Census of Agriculture, Indonesia, Thorbecke & van der Pluijm (1993 p111) and 

CSAM (2014), Nigeria, Takeshima & Salau (2010), Takeshima et al. (2015) as well as informal communications with 

local experts for Nigeria. 

Note:  aFigure for Vietnam is for rice area only. Figures for the United States are the share of farmers using tractors. Figure for 

Brazil is for wheat only, and the average of the Rio Grande du Soil and Santa Katarina reported by Stizlein (1974,  

Table 7).  
bAverage horsepower for the US is Gardner & Pope (1978 p.298) for 1970 and 1975. Average horsepower for tractors 

are calculated assuming that horsepower for 4w tractors and 2w tractors are 42 and 11, respectively, adopting the 

definitions in China. 
cNumbers within the figure are corresponding years. 
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Figure 2. Distinction between the impact of marginal adoption and intensive adoptiona 

Source: Author. 

a ATE = Average treatment effect 
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Figure 3. Insignificant marginal treatment effects of tractor use intensity estimated by 

generalized propensity score method 

Source: Author. 

 

 

 


