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Abstract 

 

Agricultural machinery use is increasingly becoming common in Sub-Saharan Africa. However, 

their potential benefits to smallholder farmers remain unclear. This study aims to examine the 

impact of large- and small-scale agricultural mechanization on the expansion of the cultivated 

area (extensification), technology adoption and paddy yield (intensification), and labor 

productivity by using three-year panel data collected from rice farmers in Tanzania. In order to 

account for the endogeneity problem, we apply a multinomial endogenous treatment effect 

model to estimate the effects of mechanization. We also examine under what conditions 

machinanization orrucrs among small-scale farmers. We found that large four-wheeled tractor 

use contributes to the area expansion, while it does not affect land productivity. On the other 

hand, small two-wheeled power tiller use constributes to the increase in paddy yield and the 

expansion of area under rice cultivation at household level. Our results also show that 

agricultural mechanization occurs in the area with high population density and good access to 

the machinery. 
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1. Introduction 

Agricultural production in Sub-Saharan Africa (SSA) has mostly continued to rely on 

manual and animal power, as mechanization in the region remains to be the lowest in the world.1 

The past government-sponsored initiatives to promote mechanization, particularly tractors in 

the 1960s and 1970s, failed to materialize due to the lack of adequate demand and poor 

management (Pingali, 2007). In the past three decades, however, the interest in mechanization 

began to emerge again in SSA partly due to the rise of global food prices in the late 2000s and 

the increase of new suppliers of machinery and repair services (Cossar, 2019; Kirui and von 

Braun, 2018). Reflecting on the past failure of the government-led initiatives, recent attempts 

of agricultural mechanization emphasize the importance of private sectors (Diao, Silver, et al., 

2020; FAO and AUC, 2018).  

Despite this growing attention, the literature on agricultural mechanization in SSA 

remains relatively scant, and two empirical questions require a thorough investigation. First, 

conditions under which agricultural mechanization occurs among small-scale farmers are not 

broadly investigated. Several studies have argued that the potential demand for agricultural 

machinery is becoming high even in SSA (Adu-Baffour et al., 2019; Houssou et al., 2013; 

Takeshima et al., 2013). However, only a few rigorous empirical studies examine the 

determinants of the use of agricultural machinery among small-scale farmers (Diao et al. 2014; 

Takeshima and Lawal 2018).  

Second, it remains unclear how mechanization can be beneficial to smallholder 

farmers. Mechanization of land preparation activities is considered to have the potential of 

expanding the household’s cultivated area (extensification). Previous studies suggest that 

mechanization can lead to extensification of farming area (Adu-Baffor et al. 2019; Hossouna 

                                                 
1 We define mechanization as the process under which mechanical power – that is four wheeled tractors 

(TRs) and two-wheeled tractors also known as power-tillers (PTs) – are applied to perform land preparation 

activities, as a substitute of human power and/or draught animal power. 
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dn Chapto 2015). On the other hand, Takeshima et al. (2013) found that mechanization leads to 

extensification in northern Nigeria but not in the south.  

Mechanization is also expected to affect land productivity (intensification) and labor 

productivity. Several studies have attempted to examine the effects of mechanization in SSA 

on land and labor productivity, but their findings are far from being conclusive. For example, 

some studies found that mechanization reduces labor demand and positively affects labor 

productivity (Berhane et al., 2017; Mano et al., 2020). Furthermore, it is argued that 

mechanization induces intensive application of chemical fertilizer and other yield-enhancing 

agronomic practices, resulting in high land productivity (Adu-Baffour et al., 2019; Baudron et 

al., 2019; Mano et al., 2020). On the other hand, other studies could not find distinguishable 

effects of mechanization either on labor productivity (Adu-Baffour et al., 2019; Houssou and 

Chapoto, 2015; Kirui, 2019) or land productivity (Benin, 2015; Berhane et al., 2017; Houssou 

and Chapoto, 2015; Kirui, 2019). These studies, however, examine the association rather than 

causal relationships, adding to the importance of rigorous analyses on the effects of agricultural 

mechanization. It should be also noted that comparison between small- and large scale-

mechanization is missing in the previous literature. Given that the promotion of  small-scale 

mechanization is becoming popular in the policy debate, it is important to investigate if there is 

any differences in the impact of small- and large- scale mechanization on land and labor 

productivies (FAO and AUC, 2018). 

This study examines the impact of small and large- scale mechanization on technology 

adoption, land and labor productivity, and the expansion of area cultivated by using three-year 

household panel data collected from rice farmers in Tanzania.  We focus on rice production 

because, among major staples grown in SSA, rice is increasingly becoming important in the 

region (Otsuka and Larson 2013; 2016; USDA, 2020). In Tanzania, farmers use large-scale 

four-wheeled tractors (TRs), small-scale two-wheeled power tillers (PTs), draft animals (DA), 



3 

 

and handheld tools (HTs) for land preparation for rice cultivation. This gives us a unique 

opportunity to examine the differential impact of large- and small-scale agricultural 

mechanization. We examine the impact of the use of each tool on the intensification and 

extensification of rice cultivation. We also examine under what conditions farmers use each 

tool. 

Farmers make their own decisions on whether to use agricultural machinery or other 

implements, which causes endogeneity bias in estimating the impact of machinery on various 

outcome variables. To mitigate this problem, we apply multinomial endogenous treatment 

effect (METE) models (Deb and Trivedi, 2006a, 2006b). The model allows us to evaluate the 

impact of multiple farm implements used for land preparation (i.e., TRs, PTs, DA, and HTs) 

while correcting time-varying unobservable heterogeneity. We also combine the METE model 

with the Mundlak-Chamberlain approach, where the over-time averages of household-level 

explanatory variables are included. This further enables us to control for time-invariant 

households’ innate characteristics (Wooldridge, 2010). 

Our contribution to mechanization literature is twofold. First, we investigate under 

what conditions agricultural mechanization among small-scale farmers occurs. Seminal work 

by Pingali, Bigot, and Binswanger (1987) argues that mechanization is the sequential process 

which occurs as the population density increases and the expansion of the cultivated area 

becomes necessary for food production. If this is true, agricultural mechanization will occur 

where the population density is high. On the other hand, the theory of induced technological 

innovation developed by Hayami and Ruttan (1985) argues that new technology would emerge 

to save a factor of production that becomes scarce and whose price increases. This theory 

suggests that agricultural mechanization would occur where labor is scarce either because of 

low population density or increased labor demand in the non-agricultural sector, and thus  

predicts that the mechanization occurs in the area with low population density. In addution, 
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Diao et al. (2005) argue that the supply side factor, such as access to affordable rental machinery 

service, is crucial for the emergence and evolution of agricultural mechanization. We found a 

positive relationship between population density and the use of TRs, consistent with Pingali, 

Bigot, and Binswanger (1987)s’ prediction. We also found that the availability of machinery in 

rural communities is positively associated with machinery use, consistent with the argument by 

Diao et al. (2005) and Binswanger and Rosenzweig (1986). 

Second, we contribute to the debate regarding whether agricultural mechanization 

contributes to the extensification or intensification of agricultural production. Specifically, we 

separately estimate the impact of TRs, PTs, and draft animal use. Although several studies have 

examined the impact of agricultural mechanization on land productivity, area expansion, and 

several other indicators (Baudron et al., 2015; Benin, 2015; Berhane et al., 2017; Mano et al., 

2020; Takeshima et al., 2013), to the authors’ knowledge, this is the first rigorous empirical 

study which compares the impact of large- and small- size agricultural mechanization in SSA. 

We also compare the impact of machinery use in irrigated and rain-fed areas.  

We find that the use of TRs increases the area under rice cultivation both within a plot 

and at household level, but it is not associated with high yield.2 Contrary to TRs, PTs are 

associated with the high adoption rates of yield-enhancing technologies such as chemical 

fertilizer, pesticide, and other agronomic practices, resulting in high paddy yield. Despite these 

differences, both PTs and TRs significantly reduce labor use, resulting in increased labor 

productivity. We also obvserve that both PT and TR use increases the area under rice cultivation 

at household level.  Furthermore, we find an evidence suggesting that the labor force freed from 

rice cultivation was reallocated to the cultivation of other crops or non-farm income-generating 

activities, resulting in high income from business and wage activities and total household 

income. 

                                                 
2 Since some farmers grow rice in more than one plot, area under rice cultivation should be distinguished 

from area rice cultivation within a plot. 
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Our findings suggest that large-size machinery (TRs) can contribute to the 

extensification both within a plot and at household level, while it does not affect paddy yield. 

On the other hand, small-size machines significantly contribute to the extensifican at household 

level and intensification of rice cultivation. The possible explanation is that TRs are likely to 

be used in the rain-fed area, where there is still space for area expansion compared to irrigated 

areas. On the other hand, PTs’ ability to perform tasks such as puddling more timely and 

efficiently may enhance paddy yield. Our results are partially consistent with previous empirical 

studies by Mano, Takahashi, and Otsuka (2020) and Houssou and Chapoto (2015), who report 

the positive relationship between agricultural mechanization and intensification, although we 

do not observe such a tendency in large-size mechanization. Our results would contribute to 

recent policy debates that aim to promote small-scale agricultural mechanization (Diao et al., 

2016; Diao, Takeshima, et al., 2020; FAO and AUC, 2018). 

The rest of the paper is organized as follows: Section 2 offers an overview of 

mechanization in Tanzania, a description of the study site, and an explanation of data collection. 

Section 3 discusses the empirical methods. The estimation results are presented in section 4, 

and the conclusion in Section 5. 

 

2. The Trend of Mechanization in Tanzania, Data and Study Sites 

2.1. Mechanization in Tanzania 

First, we discuss the overall trend of agricultural mechanization in Tanzania based on 

macro statistics and previous literature. Figure 1 presents the total number of tractors and 

tractors per 100 square kilometers from 1961 to 2002 (The World Bank, 2020). The agricultural 

mechanization in Tanzania can be divided into five main phases. The first phase was between 

the 1940s to 1961, before independence, when the colonial authorities introduced tractors as a 

part of economic recovery programs after World War II (Pingali et al., 1987). Statistics show 
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that by the time Tanzania gained independence in 1961, the total number of tractors was 16,550, 

and the number of tractors per 100 square kilometers was 31.8. 

The second phase was between 1961 to 1967, where the number of tractors increased 

gradually across the country for two reasons. First, after the independence, some foreign settlers 

left the country, and their farms and equipment were placed under the management of local 

authorities and farmers cooperatives. Second, between 1962 and 1965, the government 

implemented the village settlement schemes (Bryceson, 1982; Meertens, 2000). The project 

aimed to introduce a modern farming system, relying heavily on mechanization, fertilizers, and 

insecticides. Although the project contributed to an increase in the number of tractors, the 

demand for mechanization was still low and, tractors were operating below their utilization 

rates. Many village settlement schemes could not be productive enough without financial 

support, and the project was discontinued in 1966 (Bryceson, 1982). 

The third phase was from 1967 to 1985, when the government implemented the 

socialist policy, called Ujamaa (translated as familyhood). The policy led to the nationalization 

of private banks, commercial farms, and other privately owned businesses. Between 1967 and 

1973, the rural residents were relocated to the new or existing villages under the villagization 

campaign and were required to work collectively maily on the village farms. Farmers’ incentive 

to increase productivity was low, due to centralized price control and the ineffectiveness of the 

input distribution system. By the early 1980s, the government was facing a budget deficit and 

gradually losing the ability to support state-sponsored programs, including mechanization.  

During that period, the number of tractors dropped from its peak of around 17,000 in 1970 to 

about 8,000 in 1985. 

The fourth phase began in 1986, when the country entered the structural adjustment 

programs (SAP). Economic reforms that occurred in the first five years of SAP (1986 to 1991) 

include the elimination of the government’s support on agricultural mechanization and phasing 
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out subsidies for agricultural inputs. Even though the reforms eased the burden on the 

government’s budget, it significantly resulted in high prices of tractors and spare parts, and 

other agricultural inputs (Meertens, 2000). The number of tractors remained around 7,500 units 

during this period.  

During the fifth phase that began from the late 1990s, the country observed a 

significant increase of tractors, including TRs and PTs.  Reforms for liberalization of financial 

sectors and land policy under SAP were implemented in phases in the early 1990s, allowing the 

large-scale farmers and private entrepreneurs to access credit more efficiently and invest in 

agriculture. These changes in land tenure and financial policies gradually brought results and 

contributed to the increase in tractors from the late 1990s. 

The trend of machine use in Tanzania after the late 1990s differs from that of other 

African countries, and one reason is the rapid increase of PTs.  In the early 2000s, PTs were 

introduced in Tanzania, and they have continued to increase ever since (Agyei-Holmes, 2016). 

According to (Mrema et al., 2018), roughly 70% of all PTs in the SSA are located in Tanzania, 

Madagascar, and South Africa. Usually, PTs are imported directly by private entrepreneurs and 

farmers from India, China, and Japan, but the process is considered to be costly. The 

government had intervened from time to time by importing agricultural implements in bulk and 

then selling them to private owners at subsidized prices. Mrema et al. (2020) show that the 

number of PTs increased significantly in 2009 after the government imported more than 2000 

PTs and distributed them to private buyers in various districts. Between 2005 to 2015, the 

number of PTs in the country increased from roughly 300 to about 9,000. Around the same 

period, the number of operational TRs rose from 7,200 in 2005 to nearly 13,000 in 2014 (Mrema 

et al., 2020). According to Kirui and Braun (2018), Tanzania is one of the countries in SSA 

with the highest mechanization and agricultural growth rates between 2005 and 2014. Despite 

the increase, howevr, the distribution of TRs and PTs is not even across the country. In general, 
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about 62 percent of farms are still being plowed with hand plows, while 14 percent are being 

prepared for TRs and PTs, and 24 percent are dependent on DA (Mrema et al., 2020). 

 

2.2. Study Site 

The surveys were conducted in three major rice-growing regions in Tanzania, namely 

Morogoro (Eastern Zone), Mbeya (Southern Highland Zone), and Shinyanga (Lake Zone). In 

each region, two rice-growing districts were selected. These districts include Kilombero and 

Mvomero in Morogoro Region, Kahama and Shinyanga Rural in Shinyanga Region, and 

Mbarali and Kyela in Mbeya Region. Rice is the second most important crop in the country in 

terms of consumption and area planted, after maize, and the third in terms of production volume, 

after maize and cassava. Rice area accounts for about 8% (roughly 1.4 million hectares) of the 

country’s total area under cultivation (NBS, 2017). TRs and PTs are widely adopted in most 

rice-growing areas, except in Lake Zone and some parts of Southern Highlands.  

In our study sites, there are two cropping seasons: (i) the main season starting from 

October to June and (ii) the short season starting from July to September. During the main 

season, farmers grow rice in irrigated and rainfed plots, and other crops such as maize, beans, 

sunflower, and sesame are mainly grown in rainfed farms. Most rainfed farms are left to fallow 

in the short season, except for those planted with permanent crops or irrigated lowlands where 

farmers grow mostly vegetables. Thus, our analysis focus on rice cultivation in the main season.  

For rice plot preparation, farmers use TRs, PTs, DA, and handheld tools, depending 

on their accessibility and rice plot conditions. Some farmers can access machinery through 

rental services offered by private operators. In most cases, TRs and PTs are owned by private 

entrepreneurs in urban centers, and they are handed over to operators who make agreements 

with rice farmers in nearby villages to provide plowing, harrowing, and puddling services. The 
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fees for machinery rental services are not regulated and depend on the agreement between 

service providers and farmers. 

 

2.3. Data  

We conducted three rounds of household surveys in 2009, 2012, and 2018. As we 

explained earlier, the surveys were conducted in six districts in three regions. Seventy six 

villages were selected by the stratified random sampling based on the number of irrigated and 

rain-fed rice-growing villages. We use the information from the 2002-2003 agricultural census 

to determine the number of villages covered in each district.  

Within each village, ten rice-growing households were randomly selected, resulting in 

a total number of observations of 760 at the baseline survey conducted in 2009. Same sample 

households were revisited in 2012 and 2018. We interviewed a replacement household if the 

original household at the baseline was missing in the follow-up surveys. During data cleaning, 

we dropped outliers and some observations that had missing values in key variables. As a result, 

we obtained unbalanced, three-year panel data with the total number of 2,159 households. We 

asked farmers to identify the most important plot for rice production (hereafter called sample 

plot) and asked in detail about technological adoption, production costs, and rice productivity. 

In addition to household-level surveys, we also conducted interviews with village-leaders in all 

76 villages. During these interviews, village leaders answered structured questions regarding 

rice cultivation and access to public services and markets. 

We initially intended to examine the role of mechanization using the complete data set. 

However, as shown in Table A1 in the appendix, we found that almost no farmers adopt tractors 

in two districts of Shinyanga Region and Kyela district in Mbeya region. In fact, farmers in 

these districts are pastoralists, and mainly use their own draft animals for land preparation 

activities.  Since there is little variation in machinery use after controlling for district fixed 
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effects and farmers in these regions use their unique rice cultivation methods different from 

other regions, we decided to omit these districts. Thus, we use the unbalanced panel data with 

a sample size of 985 households collected from two districts of Morogoro Region (Kilombero 

and Mvomero Districts), the Mbarali District in Mbeya Region (Figure 2). 

In addition, we gathered the data on village-level population density from the database 

compiled by NASA Socioeconomic Data and Applications Center (SEDAC) and Center for 

International Earth Science Information Network (SEDAC, 2020). The datasets cover the 

global population density estimates for 2000, 2005, 2010, 2015, and 2020. Since the available 

data do not cover survey years (i.e., 2009, 2012, and 2018). We use data from the closest years 

prior to our survey.3 The data sets are available in the form of a GIS raster, with the resolution 

of one square kilometer per pixel. We merge the raster data set with the GPS coordinates of our 

sample villages, then extract the population density values. 

 

3. Descriptive Analyses 

Table 1 shows the changes in farm appliances for land preparation from 2009 to 2018 

among our sample farmers (Panel A). We also present other key village-level variables such as 

the availability of machinery and draught animal in the village, wage rates of hired labor for 

land preparation activities, machinery rental rates, and village-level population density (Panel 

B). 

The descriptive results show that over time, the proportion of farmers using four-

wheeled tractors (TRs) and power-tillers (PTs) has increased, while the use of handheld tools 

(HT) declines, and the draught animals (DA) remain nearly unchanged. By 2009, about 33 

percent of the farmers in our sample already used TRs. The percentage continued to rise, 

reaching about 42 in 2018. During the same period, the use of PTs increased from less than 3 

                                                 
3 We use the 2005 population data for the 2009 survey, 2010 data for the 2012 survey, and 2015 data 

for the 2018 survey. 
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percent in 2009 to about 16 in 2018. As we mentioned in Section 2, PTs were less common in 

years before our surveys, and they were imported in large numbers in 2009. Since then, the 

proportion of farmers using PTs and their rental market size has increased. They are also 

consistent with Kiriu and Braun (2018) and Mrema et al. (2018), who show a high growth rate 

of farm mechanization in some SSA countries, including Tanzania. 

Unlike TRs and PTs, the use of DA remains nearly unchanged, while handheld tools 

declined from about 39 percent in 2009 to 17 percent in 2018. We investigate further what tools 

were used in 2009 by the farmers who used TRs and PTs in 2018 (Table A3, in the appendix). 

We find that out of all of the sample farmers who used TRs in 2018, about 67 percent had used 

TRs in 2009, and 27 percent transitioned from using HT use, and 6 percent from DAs use. 

Regarding PTs, only 3 percent of PT users in 2018 had used PTs in 2009, while 50 percent 

transitioned from DA and 29 percent from HTs. This suggests that transitions from HTs to TRs 

and that from HTs and DAs to PTs were active, whereas such transition is rarely observed from 

DA to TRs. 

In Panel B, we also observe a significant increase in the number of machinery in the 

village, particularly PTs. In 2009, each village had an average of 2.3 TRs and 0.7 PTs. In 2018, 

the average number of TRs per village slightly increase to 3.4 while the number of PTs 

increased to 8.2. The growing number of TRs and PTs indicates that there is an evolving 

machinery rental services that might have contributed to the increased use of machinery among 

farmers. During this period, the wage rate for hired labor increased from 4.3 to 6.3 thousand 

Tanzanian Shillings per day, which also might have induced agricultural mechanization. The 

population density also increased overtime from 65 to 81 people per square kilometer from 

2009 to 2018, suggesting an increased demand for food in rural areas. 

In Table 2, we compare rice cultivation related variables based on farm implements 

used for land preparation. We categorize our sample into irrigated and rain-fed and further 
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divide into TRs, PTs, DA, and HTs users for land preparation. We conduct a t-test comparison 

of TRs, PTs, and DA against HTs users.  

Panel A shows size of cultivated area and technology adoption in sample plots. 

Farmers sometimes grow rice in a part of their plots and leave the remaining part fallow. 

Therefore, we distinguish area under cultivation in sample plot from the size of the plot. As 

impotant technologies for rice cultivatin, we show the adoption rate of modern varieties (MVs), 

chemical fertilizer use, and the adoption rate of bunding, plot leveling ,and transplanting in 

rows. Bunds are constructed by piling soil around the paddy plot for water and soil nutrients 

management. Although bunds are common in irrigated lowlands, they are applied less 

frequently in rainfed lowlands. Leveling is the process of moving soil from a raised part to a 

lower part of the paddy field while making sure that the topsoil is evenly distributed. Leveling 

facilitates uniform distribution of water and soil nutrients in rice basins and allows even paddy 

growth. Transplanting in rows is important for controlling the plant density and easing the 

weeding. All these technologies are labor- and care-intensive but essential to achieve high 

paddy yield (Nakano et al., 2018; Otsuka and Larson, 2013, 2016). 

The descriptive results in Panel A show that farmers who use TRs, in both irrigated 

and rainfed plots cultivate more area than handheld tools users within a plot. This is in line with 

the literature indicating that mechanized tillage can play a role in expanding the area under crop 

cultivation (Pingali, 2007; Takeshima et al., 2013). In terms of technology adoption, TR users 

in both irrigated and rain-fed areas have low adoption rates of bunds, possibly because TRs are 

large and likely to destroy bunds when they are being transported to plots. TR users are also 

less likely to adopt transplanting in rows and MVs than HTs users. This is possibly because TR 

users do not want to adopt these labor- and care-intensive technologies after they expand 

cultivating areas. 
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PT users in both irrigated and rain-fed areas cultivate larger areas than HTs users, 

similar to TRs users. Their technology adoption pattern, however, differs from that of TRs users. 

In irrigated lowlands, PT users apply more chemical fertilizers, insecticides, and herbicides but 

have low adoption rates of MVs.  Contrary to TRs, farmers who use PTs in rainfed lowlands 

achieve higher adoption rates of bunds and transplanting in rows, chemical fertilizers, and 

insecticides, and herbicides. The results suggest that PTs are positively associated with 

intensive use of yield-enhancing technologies. It is also notable that most of farmers do not use 

their own TRs while 9 to 17 per cent of farmers use their own PTs. This implies the importance 

of access to rental machinery market. 

Turning to land and labor productivity in Panel B, the results show that the use of TRs 

is not associated with high paddy yield or any other land productivity variable.4 In rainfed 

lowlands, TR users achieve even lower paddy yield than HT users, possibly due to low adoption 

rates of yield-enhancing technologies. On the other hand, farmers who use PTs achieve a paddy 

yields of about 5.3 tons per hectare in irrigated areas and 4.1 tons per hectare in rainfed areas, 

which are significantly higher than PT users. Their revenues and profit per hectare are also high. 

PT and TR users successfully reduce labor use per hectare and achieve high labor productivity. 

This suggests that, even though PTs and TRs might have different roles in enhancing land 

productivity, their contribution to reducing labor use and improving labor productivity is the 

same. 

In Panel C, we present the area udner rice cultivation at household level, total 

household income and its components. Note that since some farmerg grow rice in more than 

one plot, the area under cultivation within a plot in Panel A and at household level shown here 

should be distinguished. Both TR and PT users grow rice in larger area, suggesting that 

                                                 
4 Income per hectare is defined as gross output value minus paid out costs devided by area under 

cultivation. The value of self-consumed products is imputed by using the market price. For the calculation of profit, 

we subtract imputed costs of family labor and owned machinery and animal from income. 
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mechanization allows area expansion at household level. Generally, the results show that rice 

farming accounts for a large part of household income across all groups, indicating the 

importance of rice production on farmers’ income. In irrigated lowlands, farmers who use TRs 

obtain more income from rice cultivated in sample plots, suggesting that even though TR use 

is not associated with higher income per hectare, they may result in higher total income by 

facilitating the expansion of the cultivated area than HT users. In irrigated lowlands,  

TR users obtain high income from business and wage activities. PT users in both irrigated and 

rain-fed obtain significantly higher income from total rice produced in non-sample rice plots 

and income from crops other than rice than HT users. As a result, they achieve a higher total 

household income.   

Note, however, that machinery use here is measured only in the sample plot and we do 

not have detailed data on machinery and labor use in other plots. Since farmers on average 

cultivate 1.5 rice plots, we need to admit that our mechanization variable is pronoun to 

measurement error when the outcome variable is at the household level.  Nonetheless, our 

results suggest that mechanization in sample plot constirubites to the expansion of rice 

cultivating area for households. Furthermore, the labor freed from rice cultivation in the sample 

plot seems to be reallocated to other income-generating activities, which makes farmers achieve 

high household income.  

 

4. Estimation Methods 

In this study, the endogeneity problem may arise if unobserved factors that affect a 

household’s decision to use a particular farm implement for land preparation are correlated with 

outcome variables such as paddy yield and revenue. To address this challenge, we apply the 

multinomial endogenous treatment effect (METE) model (Deb and Trivedi, 2006a, 2006b). The 

model allows us to evaluate the impact of multiple farm implements used for land preparation 
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(i.e., TRs, PTs, DA, and handheld tools) and to correct for the endogeneity in adoption decisions. 

We also follow the lead of Kim et al. (2019) and combine the METE model with the correlated 

random effects (CRE) technique (we refer to this model as CRE-METE). This allows further 

control for time-invariant unobserved household-level heterogeneity.5 

The estimation of CRE-METE involves two stages. In the first stage, the determinants 

for farmers’ choice to use either TRs, PTs, DA, or handheld tools are estimated, and the effects 

of using the implement of choice are estimated in the second stage. Our dependent variable for 

the first stage is a categorical variable, which takes one if the household used TR for preparation 

of sample plot, two if PT was used, three if DA was used, and zero if only handheld tools were 

used.6 We denote this categorical variable as 𝑗, where 𝑗 = 0,1,2,3 for handheld tools, TRs, PTs, 

and DA, respectively.  

Let 𝒅𝑖 denotes a vector of binary variables, indicating whether the household used TRs, 

PTs, or DA to prepare their rice plots (i.e., 𝒅𝑖 =  𝑑𝑖1, 𝑑𝑖2, 𝑑𝑖3). The probability of using either 

choice of 𝑗 is expressed as: 

Pr(𝑑𝑖𝑗 = 1|𝒛𝑖, 𝑙𝑖𝑗) = 𝑔(𝒛𝑖
′𝜶𝑗 + 𝛿𝑗𝑙𝑖𝑗), 𝑗 = 1, 2, 3.    (1) 

where 𝒛𝑖 is the vector of exogenous covariates and 𝑗  are parameters associated with 𝒛𝑖. As we 

will explain later, this also includes a set of instrumental variables (IVs) in estimating the impact 

of each tool. 𝑙𝑖𝑗 denotes unobserved characteristics affecting household 𝑖’s decision on using 

𝑗𝑡ℎ tool for land preparation as well as the outcome variables such as paddy yield and revenue. 

We follow Deb and Trivedi (2006a and 2006b) and assume that 𝑔 has a mixed multinomial 

logit structure, presented as: 

                                                 
5 In the CRE technique, the mean values of time-variant household-level explanatory variables are 

included in the estimation model as additional aggressors 
6 This categorization is similar to the one used in descriptive analyses. There were few cases were 

farmers use multiple TP and DA for land preparation. After close examination of the original data and 

questionnaire, we classify these household under DA category, although not presented in the manuscript, we 

conducted Hausman test and confirmed that our specification does not violate the independence of irrelevant 

alternatives (IIA) assumption of multinomial logit.  
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Pr(𝑑𝑖𝑗 = 1|𝒛𝑖, 𝑙𝑖𝑗) =
exp (𝒛𝑖

′𝜶𝑗+𝛿𝑗𝑙𝑖𝑗) 

1+∑ exp (𝒛𝑖
′𝜶𝑘+𝛿𝑘𝑙𝑖𝑘)3

𝑘=1

    (2) 

We estimate the first stage by applying the pooled multinomial logit (MNL) model, 

which is commonly used for categorical dependent variables with outcomes that have no natural 

ordering. We combine the MNL model with the Mundlak-Chamberlain approach, where the 

over-time averages of household-level explanatory variables (Mundlak-Chamberlain device) 

are included as regressors (we refer to the first stage estimation model as CRE-MNL). To 

control for endogeneity, we use a set of potential IVs, including the distance from home to 

sample plot, the number of four-wheeled tractors (TRs), and two-wheeled tractors (PTs) in the 

village, population density, and the number of bulls owned by the household. 

The second stage is estimated using the pooled Ordinary Least Square (OLS) with the 

selectivity correction term obtained from the first stage and the Mundlak-Chamberlain approach. 

The second stage equation is presented as: 

𝐸(𝑦𝑖,𝑟|𝒅𝑖 , 𝒙𝑖, 𝒍𝑖) =  𝒙𝑖
′𝜷 +  ∑ 𝛾𝑗𝑑𝑖𝑗

3
𝑗=1 + ∑ 𝜆𝑗𝑙𝑖𝑗,

3
𝑖𝑗     (3) 

where 𝑦𝑖,𝑟  denotes the outcome variable of interest, such as cultivated area, technology 

adoption, and land and labor productivity variables. 𝒙𝑖 is the vector of exogenous covariates, 

and 𝜷 is the associated parameter. Parameters 𝛾𝑗 (for 𝑗 = 1,2,3) denote the effects of using TRs, 

PTs, DA, relative to base category (i.e., handheld tools). We assume the outcome variables 

follow the normal distribution and estimate the model using a maximum simulated likelihood 

approach and 500 Halton sequence-based quasi-random draws.7 

Although there is no direct way to test if our IV satisfies exclusion restrictions, we 

conduct falsification tests to examine the validity of our IVs, following Di Falco et al. (2011). 

The basic idea is that if the IVs for mechanization satisfy the exclusion restriction, they should 

not have any significant effect on outcome variables of the sample households that used only 

                                                 
7 We use the STATA command mtreatreg to implement the METE-CRE model. 
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handheld tools (i.e.,  𝑗 = 0 ). We test this by including the candidate IVs as additional 

explanatory variables along with 𝒛𝑖  in a regression involving only households that used 

handheld tools. The tests are conducted for each dependent variable of interest (i.e., cultivated 

area, yield, etc.) using pooled OLS regression with Mundlak–Chamberlain device (CRE-POLS). 

If the potential IV is significantly associated with outcome variables in the falsification tests 

(regardless of the coefficient sign), they are not used in the second stage.8 Therefore, we use a 

different set of IVs for each dependent variable. 

 

5. Estimation Results 

The estimation results for the determinants and impact of mechanization are presented 

from Table 3 to Table 6. In each estimation, we report robust standard errors clustered at the 

household level in parentheses. As basic household and plot-level characteristics, we also 

control for the number of working-age adults, years of schooling of household head, female-

headed household, age of household head, landholdings in the lowlands, and upland area, the 

value of non-farm household assets, amount of credit received by the household, whether the 

irrigated plot, total rainfall amount during the land preparation season, size of the plot, and 

district and year interaction dummies. 

Table 3 presents the first stage results for the determinants of the TRs, PTs, and DA 

for land preparation. Results are shown in three columns. Column 1 shows the results for the 

use of TRs, while columns 2 and 3 show the results for PTs and DA, respectively. The base 

category is the use of handheld tools. We found a positive relationship between population 

density and the use of TRs and DA. This result is consistent with Pingali, Bigot, and Binswanger 

(1987), who suggested that as the population grows and the food demand increases, mechanized 

tillage either by TRs or DA becomes necessary to expand cultivated area.   

                                                 
8 Results for falsification tests are presented in the Table A5 to A7 in the appendix. 
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We also found that the existence of TRs and PTs in the village increases the probability 

of farmers using them. Since few farmers use their own machinery, the result may suggest that 

access to rental machinery market seems to be an important determiant of machinery use as 

Diao et al. (2005) and Binswanger and Rosenzweig (1986) argue. Furthermore, our estimates 

show that the distance from the farmer’s home to the sample plot is associated with a high 

probability of using farm machinery and DA. We also find that that TRs are less likely to be 

used in irrigated plots. It is difficult for heavy and large TRs to be moved to the farm and 

maneuvered within a plot without destroying bunds and irrigation channel, because there is no 

special roads for machinery to pass in paddy fields in Tanzania. Our estimations show that 

farmers with large plots are likely to use TRs, PTs, and DA. We also find that the amount of 

non-farm household assets increases the probability of using TRs, PTs, and DA, suggesting that 

wealthy farmers are more likey to use machinery.  

Table 4 shows the impact of mechanization on area cultivated within sample plot and 

technology adoption. On average, the use of TRs is associated with an increase of  cultivated 

area within the sample plot by 0.34 hectares compared to HTs use. On the other hand, TRs are 

negatively associated with the adoption of bunds and MVs. One of the possible reasons is that 

labor- and care-intensive technologies are less likely to be adopted in large plots because they 

require high monitoring costs for hired labor (Hayami and Otsuka, 1993).  Contrary to TRs, the 

use of PTs does not increase the cultivated area within sample plots. We also find that the use 

of PT is positively associated with the adoption of yield enhancing technologies including 

bunds, transplanting in rows, chemical fertilizer application, and insecticides and herbicides 

application. The use of PTs significantly increases adoption rates of bunds by about 18.9 percent 

and transplanting in rows by 14.0 percent. PTs are also associated with high chemical fertilizer 

application of about 45.3 kilograms per hectare and insecticides and herbicides of 0.7 liters per 

hectare.  
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The estimation results of the impact of mechanization on land productivity and labor 

productivity are presented in Table 5. The results show that the paddy yield of TR users is not 

statistically higher than that of HT users. On the other hand, the use of PTs is positively 

associated with an increase in paddy yield of about 1.2 tons per hectare. The yield gain results 

in high revenues of about 355,000 TShs per hectare and a profit of about 446,000 TShs per 

hectare. However, the income per hectare of PT users is not statistically higher than that of HT 

users, perhaps because of increased production costs, including machinery rental costs. We find 

that TRs are associated with a significant reduction in labor use, which positively affects land 

productivity. Compared to handheld tools, TRs increase labor productivity by 14.3 kilograms 

of paddy per person-days of labor use. PTs are also associated with a significant reduction in 

labor use, increasing labor productivity by 11.9 kilograms of paddy per person-days of labor 

use.  In sum, these findings suggest that large-size machinery (TRs) can contribute to the 

extensification, while it does not affect paddy yield. On the other hand, small-size machines 

significantly contribute to the intensification of rice cultivation whereas it does not affect the 

area under cultivation within a plot.  

Regarding draught animals (DA), we find that their impact follows a similar pattern to 

that of TRs, with few exceptions. Draught animals have a significant positive effect on 

extensification but do not result in high paddy yield or revenues per hectare. Contrary to TRs, 

however, they are associated with high income and profit per hectare, suggesting that DA users 

produce rice at low paid-out and imputed costs per hectare.  

Table 6 present the results on the impact of mechanization on area under rice 

cultivation at household level, household income, and its components income. As we discussed 

earlier, we should  note that machinery use here is measured in the sample plot since we do not 

have detailed data on machinery use in other plots. This would cause measurement errors in the 

machinery use at household level as on average farmers cultivate 1.5 plots. Thus, the results 
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should be interpreted with caution. We find that both TR and PT use in sample plots increases 

the area under rice cultivation at household level by 0.25 to 0.38 hectares. We find that PTs are 

associated with high income from non-sample rice plots and from crops other than rice, while 

TRs are associated with high income from business and wage activities.  As a results, both TR 

and PT users earn higher household income than HT users. This suggests that the labor freed 

from rice cultivation in sample plots might have been reallocated to the cultivation of other 

crops or non-farm economi activities, resulting in higher household income.  

We also attempted to examine how mechanization’s effects vary under different 

production environments by estimating CRE-METE with interaction terms between 

mechanization categories and irrigation dummy variables. The results are presented in Table 

A8 to A10. We find that the coefficient of interation term between irrigation and PT use is 

positive and significant for chemical fertilizer use and paddy yield, suggesting that positive 

impact of PT on intensification is prominent espcially in irrigated areas. 

 

6. Conclusion  

This study examined the impact of mechanization in rice production using three-year 

panel data collected in Tanzania, one of the major rice-producing countries in SSA. Specifically, 

we examined the effects of mechanization on the expansion of the area under rice cultivation, 

technology adoption, land productivity, and labor productivity. We also examine under what 

conditions agricultural mechanization occurs. We focused on the use of four-wheeled tractors 

(TRs) and power tillers (PTs) for land preparation of rice cultivation. 

We began by examining how the agricultural mechanization in rice cultivation evolves 

in Tanzania. Descriptive results show that the use of TRs and PTs has gradually increased and 

changed how farmers prepare their rice plots in recent years. We further investigate the 

determinants of household use of machinery and draft animal. We found a positive relationship 
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between population density and TR and DA use, which is consistent with Pingali, Bigot, and 

Binswanger (1987)s’ prediction that mechanized tillage emerges to expand cultivated area, 

following the rise in population density and increased food demand.  In fact, TR use is 

associated with larger cultivated area which supports their argument. We also found that the 

number of TR and PT in the village has positive relationship with TR and PT use. Since few 

farmers use their own machinery, the access to rental machinery market seems to be an  

important factor which affects the machinery use by small-scale farmers  (Diao et al. 2005). 

In evaluating the impact of mechanization on rice cultivation, we applied the 

multinomial endogenous treatment effect to control for possible endogeneity problem which 

arises from farmer’s endogenous selection of cultivation methods. In sum, our results show that 

large-scale TR contributes to expansion of area under rice cultivation both within a plot and 

household level but does not increase paddy yield.  

On the other hand, PT users adop yield enhancing agronomic practices more often, and 

apply more chemical fertilizer, insecticides, and herbicides, resulting in high paddy yield, 

revenues, and profit per hectare. By examining types of land preparation activities carried out 

using TR and PT, we found that many PT users utilized them in puddling, while most of the TR 

users utilized them in plowing and hallowing. PTs are considered to be efficient for puddling, 

thus creating ideal conditions for paddy seedbed during crop establishment. Other benefits of 

puddling include enhancing nutrient and water uptake by the plant, water conservation, evenly 

distributing nutrients, and reducing weed intensity (Sharma and De Datta, 1985). While the 

evidence on this matter remains scant, the effect of PT on yield may be due to its effectiveness 

in performing puddling. Our results are partially consistent with previous empirical studies by 

Mano, Takahashi, and Otsuka (2020) and Houssou and Chapoto (2015), who report the positive 

relationship between agricultural mechanization and intensification, although we do not 

observe such a tendency for large-scale mechanization. Despite these differences, we find that 
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both PTs and TRs significantly reduce labor use, resulting in increased labor productivity. We 

also find evidence suggesting that the labor force freed from rice cultivation was reallocated to 

the cultivation of other crops, resulting in high household income among PT users.  

Our results would contribute to the recent policy debates that aim to promote 

mechanization among small-scale farmers in SSA (Diao et al., 2016; Diao, Takeshima, et al., 

2020; FAO and AUC, 2018). 
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Figure 1: Mechanization Trend in Tanzania (1961 to 2002) 
Source: Authors using data from the World Bank (2020) 
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Figure 2: Location of sample villages 
Source: Authors (2020) 
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Table 1: Accessibility and use of machinery rental service and related variables  

  (1) (2) (3) 

VARIABLES 2009 2012 2018 

Panel A: Farm appliances used by the household to prepare rice plots: 

Use of PTs or TRs (%) 35.76 46.11 59.28 

Use of TRs (%) 33.33 38.94 42.51 

Use of PTs (%) 2.42 7.17 16.77 

Use of DA (%) 24.55 28.04 23.65 

Use of handheld tools (%) 39.70 25.86 17.07 

    

Panel B: Machinery rental market and wage rates and population density at the village-level: 

Number of TR in the village 2.27 4.80 3.36 

Number of PT in the village 0.74 2.05 8.24 

TR rental fee ('000 TShs/acre) 40.73 40.04 25.22 

PT rental fee ('000 TShs/acre) 43.16 40.73 32.11 

DA rental fee ('000 TShs/acre) 38.12 33.99 22.73 

Wage rate of using hired labor for land prep ('000 Tsh/day) 4.34 6.33 6.26 

Population density ('00 people/km2) 0.65 0.73 0.81 

Observation (households) 330 321 334 
Source: Authors, (2020). 

Notes: (i) TRs, PTs, and DA stand for four-wheeled tractors, power tillers, and draft animals, respectively. (ii) All the monetary 

values are adjusted for inflation using the 2009 value of Tanzanian Shillings (TShs). (iii) Since not all villages have machinery 

rental markets, TRs and PT’s rental rates are based on villages where their market exists.  
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Table 2: Cultivated area, technology adoption, and productivity by farm implements used for land preparation 

  Irrigated Rainfed 

VARIABLES TR PT DA HT TR PT DA HT 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Panel A: Cultivated area and technology adoption         

Area cultivated in sample plot (ha) 1.14*** 1.00*** 1.17*** 0.53 1.20*** 1.37*** 1.45*** 0.78 

Farmers who used their own TR or PT (%) 0.00 17.07 N/A N/A 0.6 8.70 N/A N/A 

Adoption rate of plot leveling (%) 67.39 70.73 74.62 70.59 27.19 36.96 44.17* 34.07 

Adoption rate of bunds (%) 73.91*** 90.24 90.77 92.65 15.71** 86.96*** 50.00*** 24.44 

Adoption rate of transplanting in rows (%) 15.22*** 60.98 20.77*** 48.53 2.42*** 26.09** 15.83 11.11 

Adoption rate of MVs (%) 39.13*** 65.85* 13.08*** 78.68 20.85*** 45.65 21.67*** 37.78 

Amount of chemical fertilizer used (kg/ha) 62.45 131.23*** 36.16** 57.33 20.79 80.27*** 33.97** 18.11 

Amount of insecticide and herbicide used (liter/ha) 1.81 2.40* 0.74*** 1.74 2.19*** 2.24*** 2.87*** 1.22 

Panel B: Land and labor productivity         

Paddy yield (tons/ha) 3.78 5.27*** 3.43 3.72 2.09*** 4.12*** 2.72 2.54 

Revenue per hectare ('000 TShs/ha) 1694.89 2,209.82*** 1596 1547.25 822.86** 1,479.40*** 1028.67 999.81 

Income per hectare ('000 TShs/ha) 1016.51 1,355.29** 1092.2 1017.44 444.88*** 913.66 659.11 704.16 

Profit per hectare ('000 TShs/ha) 806.02 1,171.64*** 732.49 613.12 274.41 731.83*** 392.31 301.07 

Labor use per hectare (person-days/ha) 162.64*** 202.45*** 173.53*** 273.08 113.27*** 114.03*** 111.32*** 205.97 

Labor productivity (kg/person-days) 32.95*** 34.50*** 30.59** 20.26 28.13** 61.94*** 39.31*** 21.02 

Panel C: Household income and its components         

Area under rice cultivation at HH level (ha) 1.45*** 1.80*** 1.55*** 0.86 1.51*** 2.10*** 1.77*** 1.07 

Total household income ('00,000 TShs) 22.08 30.04*** 26.50*** 15.02 14.26 30.06*** 18.87*** 11.15 

Income from rice grown in sample plot ('00,000 TShs) 10.80*** 11.90*** 11.65*** 4.68 4.60 9.71*** 9.84*** 4.71 

Income from rice grown in non-sample plots ('00,000 TShs) 2.77 6.90** 4.94* 2.58 2.16 7.52*** 2.67 1.91 

Income from crops other than rice ('00,000 TShs) 3.39 8.39*** 7.60*** 3.33 2.58 6.87*** 2.96 2.42 

Income from livestock production ('00,000 TShs) 2.01 1.92 1.57 0.88 1.03 3.10*** 0.65 0.4 

Income from business and wage activities ('00,000 Tshs) 3.11 0.92 0.74* 3.54 3.89* 2.85 2.74 1.7 

Sample size (Households) 46 41 130 136 331 46 120 135 
Source: Authors, (2020). Notes: (i) TRs, PTs, DA, HT respectively denote the use of Four-wheeled tractors, Power tillers, Draught animals, and Handheld tools for land preparation activities in 

sample rice plots. (ii) *** denotes significant at 1%, ** significant at 5%, and * significant at 10% in t-test comparison. (iii) All the monetary values are adjusted for inflation using the 2009 value 

of Tanzanian Shilling (TShs). 
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Table 3: Determinants of machinery use (Pooled multinomial logit model with MC device) 

  (1) (2) (3) 

VARIABLES TR PT DA 

Distance from home to sample plot (km) 0.263*** 0.202* 0.215** 

 (0.078) (0.110) (0.086) 

Number of four-wheeled tractors in the village 0.077** 0.166*** 0.066* 

 (0.039) (0.041) (0.037) 

Number of two-wheeled tractors in the village 0.093** 0.122*** 0.044 

 (0.037) (0.045) (0.043) 

Population density ('00 people/km2) 0.480*** 0.259 0.349** 

 (0.179) (0.230) (0.157) 

Number of bulls owned 0.067 0.163 0.195 

 (0.174) (0.186) (0.172) 

Number of working age adults 0.014 0.351* -0.001 

 (0.106) (0.188) (0.126) 

Years of schooling of household head 0.021 -0.007 0.040 

 (0.058) (0.116) (0.076) 

Female headed household (dummy) -0.257 1.235 -1.157 

 (0.565) (1.364) (1.379) 

Age of household head -0.022 -0.011 0.027 

 (0.022) (0.031) (0.029) 

Landholdings in lowland area (ha) 0.070 -0.029 0.088 

 (0.075) (0.129) (0.081) 

Landholdings in upland area (ha) -0.014 0.156 -0.124 

 (0.101) (0.121) (0.082) 

Value of non-farm household assets (million TShs) 0.371* 0.448** 0.531** 

 (0.206) (0.218) (0.261) 

Amount of credit received by the household ('00,000 

Tshs) 

0.235 0.356** 0.177 

(0.146) (0.155) (0.154) 

Irrigated plot (dummy) -2.043*** -0.115 -0.103 

 (0.434) (0.545) (0.466) 

Size of the plot (ha) 0.918*** 0.870** 0.906*** 

 (0.296) (0.358) (0.302) 

Constant -0.699 -3.597*** -1.082 

 (0.717) (1.012) (0.759) 

District times year dummy Yes Yes Yes 

Mundlak–Chamberlain (MC) device Yes Yes Yes 

Observations: 985 households       
Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at household level in parentheses. (ii) The value for handheld tools users (i.e., j= 0) 

is used as the base category. (iii) *** denotes significant at 1%, ** significant at 5%, and * significant at 10%. 
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Table 4: Impact of mechanization on cultivated area and technology adoption (CRE-METE estimates: Full sample)  
  (1) (2) (3) (4) (5) (6) (7) (8) 

VARIABLES Area under rice 

cultivation at 

household level 

 (ha) 

Area 

cultivated in 

sample plot  

(ha) 

Adoption 

rate of plot 

leveling  

(%) 

Adoption 

rate of bunds  

(%) 

Adoption 

rate of 

transplanting 

in rows  

(%) 

Adoption 

rate of MVs  

(%) 

Amount of 

chemical 

fertilizer 

used  

(kg/ha) 

Amount of 

insecticide 

and 

herbicide 

used  

(liter/ha) 

         

Four-wheeled tractors (TR) 0.247** 0.335*** -9.087 -24.752*** 4.973 -38.721*** -24.812*** -0.417 

 (0.101) (0.072) (18.260) (5.974) (3.990) (5.737) (8.675) (0.271) 

Power tillers (PT) 0.375* -0.009 1.566 18.946*** 13.966* -18.396* 45.330*** 0.719* 

 (0.218) (0.110) (18.189) (5.923) (7.779) (10.631) (15.055) (0.430) 

Draught animals (DA) 0.368*** 0.317*** 32.946*** 24.291*** -9.586* -56.796*** 4.673 -0.448* 

 (0.120) (0.096) (8.997) (5.686) (5.552) (5.235) (31.374) (0.265) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes 

Mundlak–Chamberlain device Yes Yes Yes Yes Yes Yes Yes Yes 

Constant -0.232 -0.106 40.365*** 41.664*** 10.972 49.183*** 52.947*** 0.627 

 (0.213) (0.166) (13.968) (9.602) (9.097) (10.348) (18.781) (0.387) 

Observations 
985 985 985 985 985 985 985 985 

Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at the household level in parentheses. (ii) The value for handheld tools users (i.e., j= 0) is used as the base category. (iii) *** denotes significant at 1%, 

** significant at 5%, and * significant at 10%. (iv) We control for a number of working-age adults, years of schooling of household head, female-headed household (dummy), age of household 

head, landholdings in lowland area (ha), landholdings in the upland area (ha), the value of non-farm household assets (million TShs), amount of credit received by the household (’00,000 TShs), 

irrigated plot (dummy), size of the plot (ha) and district and year interaction dummies. 
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Table 5: Impact of mechanization on land and labor productivity (CRE-METE estimates: Full sample) 
  (1) (2) (3) (4) (5) (6) 

VARIABLES Paddy yield  

(tons/ha) 

Revenue per 

hectare  

('000 TShs/ha) 

Income per 

hectare  

('000 TShs/ha) 

Profit per 

hectare ('000 

TShs/ha) 

Labor use per 

hectare  

(person-

days/ha) 

Labor 

productivity  

(kg/person-

days) 

       

Four-wheeled tractors (TR) 0.179 -86.796 -239.274 288.786 -148.968*** 14.294*** 

 (0.563) (162.099) (413.303) (218.351) (14.327) (2.882) 

Power tillers (PT) 1.153*** 354.904** 195.334 446.191** -55.075*** 11.948* 

 (0.383) (152.943) (192.325) (209.200) (18.885) (6.483) 

Draught animals (DA) 0.189 219.174 330.036** 208.297* -79.799*** 3.898 

 (0.353) (139.641) (160.879) (119.330) (29.634) (3.442) 

Control variables Yes Yes Yes Yes Yes Yes 

Mundlak–Chamberlain device Yes Yes Yes Yes Yes Yes 

Constant 2.554*** 1,154.793*** 881.846*** 388.498* 238.135*** 16.156*** 

 (0.454) (186.559) (262.695) (201.679) (23.657) (6.230) 

Observations 985 985 985 985 985 985 

Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at the household level in parentheses. (ii) The value for handheld tools users (i.e., j= 0) is used as the base category. (iii) *** denotes significant at 1%, 

** significant at 5%, and * significant at 10%. (iv) We control for a number of working-age adults, years of schooling of household head, female-headed household (dummy), age of household 

head, landholdings in lowland area (ha), landholdings in the upland area (ha), the value of non-farm household assets (million TShs), amount of credit received by the household (’00,000 TShs), 

irrigated plot (dummy), size of the plot (ha) and district and year interaction dummies. 
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Table 6: Impact of mechanization on household income and related variables (CRE-METE estimates: Full sample) 
  (1) (2) (3) (4) (5) (6) (7) 

VARIABLES Area under rice 

cultivation at 

household level 

 (ha) 

Total household 

income  

('00,000 TShs) 

Income from 

rice grown in 

sample plot  

('00,000 TShs) 

Income from 

rice grown in 

non-sample plots  

('00,000 TShs) 

Income from 

crops other than 

rice  

('00,000 TShs) 

Income from 

livestock 

production  

('00,000 TShs) 

Income from 

business and 

wage activities  

('00,000 Tshs) 

        

Four-wheeled tractors (TR) 0.247** -2.028 -1.732* -1.741* -0.285 -0.023 1.938* 

 (0.101) (2.848) (0.984) (0.993) (1.218) (0.400) (1.047) 

Power tillers (PT) 0.375* 8.725** 2.445 3.358* 4.375** 1.209 -1.612 

 (0.218) (4.059) (1.713) (1.981) (1.754) (0.930) (1.486) 

Draught animals (DA) 0.368*** 8.503*** 3.390*** 0.526 2.575** 1.221*** -1.367 

 (0.120) (2.596) (1.069) (1.031) (1.224) (0.389) (1.171) 

Control variables Yes Yes Yes Yes Yes Yes Yes 

Mundlak–Chamberlain device Yes Yes Yes Yes Yes Yes Yes 

Constant -0.232 1.075 1.433 0.389 -0.888 0.518 -0.146 

 (0.213) (5.259) (2.260) (1.814) (2.018) (1.085) (2.520) 

Observations 985 985 985 985 985 985 985 

Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at the household level in parentheses. (ii) The value for handheld tools users (i.e., j= 0) is used as the base category. (iii) *** denotes significant at 1%, 

** significant at 5%, and * significant at 10%. (iv) We control for a number of working-age adults, years of schooling of household head, female-headed household (dummy), age of household 

head, landholdings in lowland area (ha), landholdings in the upland area (ha), the value of non-farm household assets (million TShs), amount of credit received by the household (’00,000 TShs), 

irrigated plot (dummy), size of the plot (ha) and district and year interaction dummies. 
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Table A1: Mechanization use in each district (All ES sample households) 

VARIABLES Morogoro Mbeya Shinyanga 

 

Kilombero Mvomero Kyela Mbarali Shinyanga Rural Kahama 

  2009 2018 2009 2018 2009 2018 2009 2018 2009 2018 2009 2018 

             

Use of TRs (%) 34.13 50.00 52.83 59.81 3.77 1.80 11.22 14.14 0.00 0.83 0.00 1.05 

Use of PTs (%) 1.59 3.91 1.89 12.15 0.00 0.90 4.08 38.38 0.00 0.83 0.00 0.53 

Use of DA (%) 7.94 32.03 0.00 1.87 92.45 94.59 72.45 36.36 97.92 95.00 98.14 95.26 

Use of handheld tools (%) 56.35 14.06 45.28 26.17 3.77 2.70 12.24 11.11 2.08 3.33 1.86 3.16 

Population density ('00 people/km2) 0.50 0.63 0.56 0.67 2.76 3.57 0.95 1.20 0.83 1.03 1.35 2.00 

Number of bulls owned by the household 0.03 0.50 0.02 0.12 1.68 1.70 1.60 1.69 3.88 4.53 4.84 4.56 

Village has irrigated area (dummy) 0.23 0.45 0.55 0.82 0.09 0.37 0.50 0.80 0.10 0.08 0.00 0.05 

Observation (households) 126 128 106 107 106 111 98 99 96 120 161 190 
Source: Authors, (2020). 
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Table A2: Summary statistics 

  (1) (2) (3) 

VARIABLES Mean Minimum Maximum 

        

Use of PT or TR (%) 47.11 0.00 100.00 

Use of TR (%) 38.27 0.00 100.00 

Use of PT (%) 8.83 0.00 100.00 

Use of DA (%) 25.38 0.00 100.00 

Use of handheld tools (%) 27.51 0.00 100.00 

Number of four-wheeled tractors in the village 3.46 0.00 23.00 

Number of two-wheeled tractors in the village 3.71 0.00 34.00 

Farmer who used their own PT (dummy) 0.01 0.00 1.00 

Farmer who used their own TR (dummy) 0.00 0.00 1.00 

TR rental fee ('000 TShs) 34.25 20.79 60.00 

PT rental fee ('000 TShs) 38.06 10.40 62.37 

DA rental fee ('000 TShs) 31.50 15.59 50.00 

Wage rate of using hired labor for land prep ('000 TShs/day) 5.64 2.31 10.40 

Population density ('00 people/km2) 0.73 0.02 5.96 

Number of working age adults 3.17 0.00 13.00 

Years of schooling of household head 6.33 0.00 14.00 

Female headed household (dummy) 0.11 0.00 1.00 

Age of household head 47.86 19.00 100.00 

Landholdings in lowland area (ha) 2.92 0.00 52.02 

Landholdings in upland area (ha) 0.77 0.00 50.90 

Value of non-farm household assets (million TShs) 0.76 0.00 14.75 

Amount of credit received by the household ('00,000 TShs) 0.53 0.00 30.00 

Number of bulls owned 0.64 0.00 55.00 

Area under rice cultivation at HH level (ha) 1.43 0.10 12.12 

Area cultivated in sample plot (ha) 1.07 0.10 8.48 

Size of the plot (ha) 1.42 0.20 16.16 

Irrigated plot (dummy) 0.36 0.00 1.00 

Leveled plot (dummy) 0.47 0.00 1.00 

Adoption rate of transplanting in rows (%) 18.17 0.00 100.00 

Adoption rate of MVs (%) 34.11 0.00 100.00 

Amount of chemical fertilizer used (kg/ha) 38.42 0.00 371.29 

The amount of insecticide and herbicide used (liter/ha) 1.88 0.00 9.90 

Paddy yield in sample plot (tons/ha) 2.94 0.00 9.36 

Revenue from rice cultivated in sample plot ('000 TShs/ha) 1,203.36 0.00 4,271.71 

Income from rice cultivated in sample plot ('000 TShs/ha) 757.48 -1,352.71 3,689.79 

Profit from rice cultivated in sample plot ('000 TShs/ha) 483.18 -2,258.03 3,436.66 

Total labor use (person-days/ha) 161.81 14.85 569.38 

Productivity of total labor use (kg/person-days) 29.82 0.00 342.86 

Total household income ('00,000 TShs) 17.87 -26.51 253.81 

Income from sample plot ('00,000 TShs) 7.03 -32.92 134.39 

Rice income from other plots ('00,000 TShs) 3.09 -3.48 119.86 

Crop income from other plots ('00,000 TShs) 3.85 -8.03 119.86 

Income from livestock production ('00,000 TShs) 1.13 -7.49 65.37 

Income from business and wage activities ('00,000 Tsh) 2.78 -10.81 164.23 

 Observations: 985 households       
Source: Authors, (2020). 
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Table A3: Power substitutions over time 
  Implement used by farmers in 2018 

  TR PT DA HT 

 
        

Panel A: Implements they used in 2009 (%) 
TR 67.33 17.65 11.86 11.36 
PT 0.00 2.94 5.08 0.00 
DA 5.94 50.00 47.46 13.64 
HT 26.73 29.41 35.59 75.00 

     

Panel B: Implements they used in 2012 (%) 
TR 72.28 30.30 12.31 25.00 
PT 2.97 21.21 6.15 6.82 
DA 8.91 33.33 55.38 13.64 
HT 15.84 15.15 26.15 54.55 

Source: Authors (2020). 

Notes: The percentages are calculated based on balanced observations between 2018 and 2009, and 2018 and 2012. The 

bolded figures show the proportion of households that remained in the same category between the two periods. 

 

 

 



 

    

Table A4: IVs and household and plot-level control variables by farm implements used for land preparation 

  Irrigated Rainfed 

VARIABLES TR PT DA Hand tools TR PT DA Hand tools 

  (1) (2) (3) (4) (5) (6) (7) (8) 

         

Distance from home to sample plot (km) 4.14*** 2.63 3.50*** 2.13 3.47*** 2.89** 3.44*** 2.04 

Population density ('00 people/km2) 0.63** 0.77 1.10 0.98 0.60 0.63 0.74** 0.52 

Number of four-wheeled tractors in the village 8.41*** 8.34*** 6.47*** 3.02 2.06*** 4.09*** 3.72*** 0.85 

Number of two-wheeled tractors in the village 5.30*** 8.68*** 1.73 1.49 2.52 16.11*** 6.48*** 2.01 

Number of bulls owned 0.24 0.24 2.35*** 0.17 0.18 1.09*** 1.28*** 0.12 

Number of working age adults 3.15 3.10 3.31** 2.88 3.22 3.17 3.29 3.10 

Years of schooling of household head 6.35 6.37 5.46*** 6.38 6.54 6.41 6.62 6.32 

Female headed household (dummy) 0.17 0.17 0.06** 0.15 0.14** 0.09 0.09 0.07 

Age of household head 42.63** 50.80 47.55 47.21 48.63 46.24 48.44 47.87 

Landholdings in lowland area (ha) 2.86*** 3.15*** 4.45*** 1.81 2.72 3.32* 3.41** 2.44 

Landholdings in upland area (ha) 0.32 0.48 0.77 0.48 0.82 1.33 1.01 0.74 

Value of non-farm household assets (million TShs) 1.05*** 1.22*** 0.95*** 0.56 0.77*** 0.99*** 0.73*** 0.46 

Amount of credit received by the household ('00,000 Tsh) 1.01*** 1.43*** 0.64 0.26 0.62*** 0.89*** 0.39** 0.07 

Size of the plot (ha) 1.38*** 1.10*** 1.79*** 0.62 1.47*** 1.97*** 2.19*** 1.03 

Sample size (Households) 46 41 130 136 331 46 120 135 
Source: Authors, (2020). 
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Table A5: Falsification test for the cultivated area and technology adoption (Pooled OLS with MC device) 
 (1) (2) (3) (4) (5) (6) (7) 

VARIABLES Area cultivated 

in sample plot  

(ha) 

Adoption rate of 

plot leveling  

(%) 

Adoption rate of 

bunds  

(%) 

Adoption rate of 

transplanting in 

rows  

(%) 

Adoption rate of 

MVs  

(%) 

Amount of 

chemical 

fertilizer used  

(kg/ha) 

Amount of 

insecticide and 

herbicide used  

(liter/ha) 

        

Distance from home to sample plot (km) 0.015 -2.328 -0.702 1.093 -0.767 6.838 0.027 

 (0.019) (3.089) (3.148) (2.481) (3.323) (5.255) (0.105) 

Number of four-wheeled tractors in the village -0.010* 0.258 1.412 4.313*** -1.426 7.890*** 0.046 

 (0.005) (1.408) (0.967) (1.056) (0.962) (1.675) (0.040) 

Number of two-wheeled tractors in the village 0.001 -1.467 0.151 0.605 -1.003 1.169 0.018 

 (0.007) (1.164) (0.704) (0.930) (1.278) (1.674) (0.046) 

Population density ('00 people/km2) -0.048 -8.823** 1.620 -1.333 -2.873 17.931* -0.109 

 (0.030) (3.705) (3.879) (4.126) (5.892) (10.364) (0.143) 

Number of bulls owned -0.005 -3.106* 1.749 -2.298 -1.035 -1.674 0.055 

 (0.013) (1.792) (1.546) (1.719) (2.546) (2.667) (0.054) 

Constant -0.014 38.816* 45.596*** 21.878 40.994* 11.094 -0.270 

 (0.157) (21.692) (16.191) (22.516) (21.505) (31.882) (0.773) 

Observations 271 271 271 271 271 271 271 

Adjusted R-squared 0.559 0.161 0.516 0.255 0.292 0.227 0.123 
Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at the household level in parentheses. (ii) In this test, candidate IVs are included as additional explanatory variables in a pooled OLS regression with 

Mundlak–Chamberlain (MC) device (hence CRE-POLS) for each dependent variable. Observations used in these tests are households that used handheld tools for land preparation (i.e., j= 0). (iii) 

*** denotes significant at 1%, ** significant at 5%, and * significant at 10%. (iv) We control for the number of working-age adults, years of schooling of household head, female-headed household 

(dummy), age of household head, landholdings in lowland area (ha), landholdings in lowland area (ha), the value of non-farm household assets (million TShs), amount of credit received by the 

household (’00,000 TShs), irrigated plot (dummy) size of the plot (ha) and district and year interaction dummies. 
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Table A6: Falsification test for variables related to land and labor productivity (Pooled OLS with MC device) 
  (1) (2) (3) (4) (5) (6) 

VARIABLES Paddy yield  

(tons/ha) 

Revenue per 

hectare  

('000 TShs/ha) 

Income per 

hectare  

('000 TShs/ha) 

Profit per 

hectare ('000 

TShs/ha) 

Labor use per 

hectare  

(person-days/ha) 

Labor 

productivity  

(kg/person-days) 

  

      

Distance from home to sample plot (km) 0.178 52.039 40.810 35.973 -8.439 4.136* 

 (0.125) (47.514) (49.918) (47.870) (10.252) (2.493) 

Number of four-wheeled tractors in the village 0.065 64.044*** 60.491*** 50.719** 3.041 -0.357 

 (0.043) (22.812) (19.187) (21.979) (2.329) (0.471) 

Number of two-wheeled tractors in the village 0.008 -13.505 -12.547 1.730 -1.258 -0.508 

 (0.057) (25.780) (24.092) (26.214) (2.418) (0.961) 

Population density ('00 people/km2) -0.108 26.867 45.634 -36.265 40.409*** -3.826 

 (0.160) (62.999) (54.475) (55.335) (10.769) (2.599) 

Number of bulls owned -0.036 42.647 85.298** 31.480 8.635* -0.083 

 (0.129) (42.357) (36.655) (45.617) (4.976) (2.147) 

Constant 2.518*** 896.668*** 688.596** 674.834** 88.564 15.044 

 (0.878) (342.276) (300.711) (341.739) (55.036) (9.761) 

       

Observations 271 271 271 271 271 271 

Adjusted R-squared 0.234 0.232 0.163 0.155 0.270 0.491 

Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at the household level in parentheses. (ii) In this test, candidate IVs are included as additional explanatory variables in a pooled OLS regression with 

Mundlak–Chamberlain (MC) device (hence CRE-POLS) for each dependent variable. Observations used in these tests are households that used handheld tools for land preparation (i.e., j= 0). (iii) 

*** denotes significant at 1%, ** significant at 5%, and * significant at 10%. (iv) We control for the number of working-age adults, years of schooling of household head, female-headed household 

(dummy), age of household head, landholdings in lowland area (ha), landholdings in lowland area (ha), the value of non-farm household assets (million TShs), amount of credit received by the 

household (’00,000 TShs), irrigated plot (dummy) size of the plot (ha) and district and year interaction dummies. 



41 

 

Table A7: Falsification test for household income and related variables (Pooled OLS with MC device) 

  (1) (2) (3) (4) (5) (6) (7) 

VARIABLES Area under rice 

cultivation at 

household level 

 (ha) 

Total 

household 

income  

('00,000 

TShs) 

Income from 

rice grown in 

sample plot  

('00,000 

TShs) 

Income from 

rice grown in 

non-sample 

plots  

('00,000 

TShs) 

Income from 

crops other 

than rice  

('00,000 

TShs) 

Income from 

livestock 

production  

('00,000 

TShs) 

Income from 

business and 

wage 

activities  

('00,000 

Tshs) 

  

       

Distance from home to sample plot (km) -0.025 0.325 0.526 0.034 0.131 0.040 -0.406 

 (0.038) (1.370) (0.397) (0.305) (0.389) (0.124) (0.703) 

Number of four-wheeled tractors in the village -0.026** 0.557 0.208* -0.086 -0.100 0.170 0.365 

 (0.013) (0.540) (0.121) (0.132) (0.138) (0.120) (0.405) 

Number of two-wheeled tractors in the village -0.007 -0.608 -0.094 -0.251 -0.319 0.018 0.038 

 (0.019) (0.595) (0.181) (0.234) (0.229) (0.044) (0.217) 

Population density ('00 people/km2) -0.117* -1.909 -0.096 -1.378* -1.033 0.222 0.375 

 (0.062) (1.672) (0.460) (0.721) (0.770) (0.181) (0.519) 

Number of bulls owned 0.021 2.153 0.570 0.682 0.632 0.839 -0.569 

 (0.075) (2.495) (0.478) (0.891) (0.881) (0.862) (0.393) 

Constant -0.131 -1.472 0.436 0.121 -0.797 -0.647 -0.586 

 (0.294) (7.474) (2.425) (2.367) (2.497) (0.960) (3.446) 

Observations 271 271 271 271 271 271 271 

Adjusted R-squared 0.514 0.242 0.271 0.196 0.209 0.179 0.046 

Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at the household level in parentheses. (ii) In this test, candidate IVs are included as additional explanatory variables in a pooled OLS regression with 

Mundlak–Chamberlain (MC) device (hence CRE-POLS) for each dependent variable. Observations used in these tests are households that used handheld tools for land preparation (i.e., j= 0). (iii) 

*** denotes significant at 1%, ** significant at 5%, and * significant at 10%. (iv) We control for the number of working-age adults, years of schooling of household head, female-headed household 

(dummy), age of household head, landholdings in lowland area (ha), landholdings in lowland area (ha), the value of non-farm household assets (million TShs), amount of credit received by the 

household (’00,000 TShs), irrigated plot (dummy) size of the plot (ha) and district and year interaction dummies. 
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Table A8: Impact of mechanization on cultivated area and technology adoption (CRE-METE estimates: Full sample with interaction terms) 
  (1) (2) (3) (4) (5) (6) (7) 

VARIABLES Area cultivated 

in sample plot  

(ha) 

Adoption rate 

of plot leveling  

(%) 

Adoption rate 

of bunds  

(%) 

Adoption rate 

of 

transplanting 

in rows  

(%) 

Adoption rate 

of MVs  

(%) 

Amount of 

chemical 

fertilizer used  

(kg/ha) 

Amount of 

insecticide and 

herbicide used  

(liter/ha) 

Four-wheeled tractors (TR) 0.363*** -9.797 -17.352 11.425*** -34.032*** -22.212** 0.340 

 (0.074) (21.179) (11.276) (3.659) (7.861) (8.682) (0.587) 

Power tillers (PT) -0.069 -2.553 43.880*** 10.653 -14.723 17.646 1.398 

 (0.179) (20.303) (9.346) (9.347) (13.907) (19.721) (1.612) 

Draught animals (DA) 0.395*** 37.765*** 34.177*** 2.856 -43.891*** 27.017** 0.944 

 (0.117) (8.877) (9.581) (6.864) (7.560) (10.768) (0.610) 

TR use x Irrigation (dummy) -0.059 3.339 -16.280** -14.048 -11.977 -9.334 -0.326 

 (0.112) (10.272) (7.876) (8.754) (10.774) (12.860) (0.353) 

PT use x Irrigation (dummy) 0.115 4.635 -42.851*** 4.814 -7.155 55.654** -0.507 

 (0.188) (12.810) (9.085) (12.940) (15.411) (24.866) (0.480) 

DA use x Irrigation (dummy) -0.159 -7.407 -23.213*** -21.746*** -28.046* -27.794** -1.486*** 

 (0.122) (9.073) (6.864) (8.349) (14.828) (12.969) (0.338) 

Control variables Yes Yes Yes Yes Yes Yes Yes 

Mundlak–Chamberlain device Yes Yes Yes Yes Yes Yes Yes 

Constant -0.117 40.485** 34.082*** 6.270 44.938*** 53.269*** 0.018 

 (0.160) (15.899) (10.507) (9.601) (11.238) (15.824) (0.491) 

Observations 985 985 985 985 985 985 985 

Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at the household level in parentheses. (ii) The value for handheld tools users (i.e., j= 0) is used as the base category. (iii) *** denotes significant at 1%, 

** significant at 5%, and * significant at 10%. (iv) We control for a number of working-age adults, years of schooling of household head, female-headed household (dummy), age of household 

head, landholdings in lowland area (ha), landholdings in the upland area (ha), the value of non-farm household assets (million TShs), amount of credit received by the household (’00,000 TShs), 

irrigated plot (dummy), size of the plot (ha) and district and year interaction dummies. 
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Table A9: Impact of mechanization on variables related to land and labor productivity (CRE-METE estimates: Full sample with interaction terms) 

  (1) (2) (3) (4) (5) (6) 

VARIABLES Paddy yield  

(tons/ha) 

Revenue per 

hectare  

('000 TShs/ha) 

Income per hectare  

('000 TShs/ha) 

Profit per hectare 

('000 TShs/ha) 

Labor use per 

hectare  

(person-days/ha) 

Labor productivity  

(kg/person-days) 

Four-wheeled tractors (TR) 0.018 -143.130 -310.800 227.631 -119.607*** 11.202*** 

 (0.525) (143.827) (345.283) (224.787) (18.379) (3.040) 

Power tillers (PT) 0.596 177.203 45.941 239.501 -53.954*** 10.998 

 (0.482) (210.078) (222.546) (261.142) (19.279) (11.099) 

Draught animals (DA) 0.333 247.953 277.641 133.770 -2.033 -1.740 

 (0.401) (154.374) (181.738) (137.616) (21.072) (4.813) 

TR use x Irrigation (dummy) 0.320 203.577 192.423 206.423 -27.216 7.732 

 (0.358) (166.156) (156.232) (157.421) (21.716) (5.170) 

PT use x Irrigation (dummy) 1.000* 364.462 310.843 359.310 -23.250 1.977 

 (0.568) (257.355) (265.046) (267.685) (23.890) (12.049) 

DA use x Irrigation (dummy) -0.126 -22.929 128.926 134.658 -49.287** 11.188* 

 (0.323) (152.783) (143.410) (153.164) (20.003) (6.518) 

Control variables Yes Yes Yes Yes Yes Yes 

Mundlak–Chamberlain device Yes Yes Yes Yes Yes Yes 

Constant 2.690*** 1,202.748*** 942.990*** 451.938** 213.584*** 18.265*** 

 (0.447) (182.202) (242.607) (201.684) (24.129) (6.032) 

Observations 985 985 985 985 985 985 

Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at the household level in parentheses. (ii) The value for handheld tools users (i.e., j= 0) is used as the base category. (iii) *** denotes significant at 1%, 

** significant at 5%, and * significant at 10%. (iv) We control for a number of working-age adults, years of schooling of household head, female-headed household (dummy), age of household 

head, landholdings in lowland area (ha), landholdings in the upland area (ha), the value of non-farm household assets (million TShs), amount of credit received by the household (’00,000 TShs), 

irrigated plot (dummy), size of the plot (ha) and district and year interaction dummies. 
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Table A10: Impact of mechanization on household income and related variables (CRE-METE estimates: Full sample with interaction terms) 

  (1) (2) (3) (4) (5) (6) (7) 

VARIABLES Area under 

rice 

cultivation at 

household 

level 

 (ha) 

Total household 

income  

('00,000 TShs) 

Income from 

rice grown in 

sample plot  

('00,000 TShs) 

Income from 

rice grown in 

non-sample 

plots  

('00,000 TShs) 

Income from 

crops other than 

rice  

('00,000 TShs) 

Income from 

livestock 

production  

('00,000 TShs) 

Income from 

business and 

wage activities  

('00,000 Tshs) 

Four-wheeled tractors (TR) 0.260** -2.594 -2.823*** -2.861*** -2.675*** 0.065 3.061** 

 (0.111) (2.629) (0.942) (0.906) (0.968) (0.314) (1.288) 

Power tillers (PT) 0.291 9.239* -0.925 2.498 2.510 2.094 1.088 

 (0.287) (5.193) (2.394) (2.134) (2.211) (1.291) (1.788) 

Draught animals (DA) 0.376*** 6.693*** 2.739** -1.366 -0.711 1.350*** 0.338 

 (0.145) (2.548) (1.194) (1.008) (1.050) (0.420) (1.015) 

TR use x Irrigation (dummy) -0.086 0.061 3.828** -0.313 -0.685 0.011 -2.592 

 (0.165) (4.469) (1.866) (1.371) (1.498) (0.997) (2.508) 

PT use x Irrigation (dummy) 0.150 -1.105 6.486* -0.820 0.411 -1.653 -5.123* 

 (0.353) (7.440) (3.858) (3.234) (3.293) (1.719) (2.757) 

DA use x Irrigation (dummy) -0.025 3.406 1.317 2.653 3.788** -0.188 -3.263 

 (0.171) (4.770) (1.804) (1.745) (1.900) (0.774) (2.060) 

Control variables Yes Yes Yes Yes Yes Yes Yes 

Mundlak–Chamberlain device Yes Yes Yes Yes Yes Yes Yes 

Constant -0.222 1.488 2.489 1.131 0.806 0.307 -1.273 

 (0.212) (5.256) (2.095) (1.946) (2.052) (0.997) (2.572) 

Observations 985 985 985 985 985 985 985 

Source: Authors, (2020). 

Notes: (i) Robust standard errors clustered at the household level in parentheses. (ii) The value for handheld tools users (i.e., j= 0) is used as the base category. (iii) *** denotes significant at 1%, 

** significant at 5%, and * significant at 10%. (iv) We control for a number of working-age adults, years of schooling of household head, female-headed household (dummy), age of household 

head, landholdings in lowland area (ha), landholdings in the upland area (ha), the value of non-farm household assets (million TShs), amount of credit received by the household (’00,000 TShs), 

irrigated plot (dummy), size of the plot (ha) and district and year interaction dummies. 




