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Abstract: The level of agricultural productivity in Sub-Saharan Africa remains far below the global 

average. This is partly due to the scarce use of production- and process-enhancing technologies. 

This study aims to explore the driving forces and effects of adopting innovative agricultural 

technologies in food value chains (FVC). These enhancing FVC technologies are referred to as 

upgrading strategies (UPS) and are designed to improve specific aspects of crop production, 

postharvest processing, market interaction, and consumption. Based on cross-sectional data 

collected from 820 Tanzanian farm households, this study utilized the adaptive lasso to analyse the 

determinants of UPS. To measure the impact of their adoption on well-being, this study applied the 

propensity score matching approach (PSM). Results from the adaptive lasso suggested that access 

to credit, experience of environmental shocks and social capital were the main drivers of UPS 

adoption. In contrast, the engagement in off-farm wage employment impeded adoption. The results 

from the PSM suggested that UPS adoption has a positive and significant impact on well-being 

among sampled households, especially with respect to their total value of durable goods and 

commercialization. The paper suggests that the promotion of social capital and access to financial 

capital is pivotal in enhancing the adoption of innovative UPS in the farming sector. 
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1. Introduction 

Over the last decades, many technological improvements were promoted to increase 

productivity in the agricultural sector in Sub-Saharan Africa (SSA). Nevertheless, the average 

agricultural growth rate is still well below the targeted 6% as declared by the Comprehensive Africa 

Agriculture Development Program [1]. This is also the case for Tanzania. Here, about 70% of the 

economic value is derived from agriculture and most of the population lives in rural areas and their 

main source of livelihood is linked to food value chains (FVCs) [2]. FVCs link participants and 

activities that bring an agricultural product from production at the farm gate to final consumption, 

with value being added at each stage [3]. Nonetheless, huge portions of what rural farmers produce 

is consumed within the households, which point at short subsistence-oriented FVCs [4]. Due to the 

absence of agricultural technologies and sustainable storage facilities, estimated output losses 

amount to 30% and more throughout FVCs [5,6]. Adopting innovations as improvements in 

agriculture are necessary, particularly in terms of production at farm level as well as yields and 

cultivation intensity, in order to promote FVCs. Nonetheless, farmers face multiple constraints such 

as reliance on rainfall, low soil fertility and weak market systems. Most of these factors diminish 

yields and efficient trading, hindering farmers from sustaining their basic needs and increasing their 
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income [7,8]. To encounter these challenges, many development interventions and strategies are 

contentious or have already been implemented [8–10]. Therefore, it is pivotal that innovative 

upgrading strategies (UPS) alter the diverse obstacles that rural farmers are facing to stimulate FVCs 

most effectively. For the purpose of this study, UPS are defined as sets of good practices and 

agricultural technologies used for securing food along the value chain at local and regional levels 

[11]. They may, by their nature, target improving efficiency, agricultural output and livelihoods by 

introducing machinery at their location [12]. Another target of UPS is to smoothen temporal food 

availability, enhance stored grain quality and increase poor farmers’ incomes through increased 

opportunities for market interaction [13]. Succinctly, UPS should stimulate value addition and 

simultaneously address food security, poverty reduction and income stability through the effective 

sustainable management of resources [11,14]. Additionally, UPS should fit into existing local and 

regional FVCs, must consider the local relational household context and be jointly developed with 

local stakeholders [15]. This study focuses on three specific UPS, namely, a maize-sheller, a millet-

thresher and storage superbags. These three devices enhance either production and/or processing 

stages within the FVCs. 

The driving forces of rural farmers decisions about whether to adopt a certain innovation or 

strategy are very closely linked to the “innovation-diffusion theory” by Rogers [16]. According to the 

theory, a few farmers are initially willing to try an innovation. As these few early adopters “spread 

the word” more and more people become aware of the innovation and over time, the innovation 

spreads. Finally, the more risk averse and poorer farmers adopt the innovation. The assumption that 

the adoption of innovations is influenced by social interaction and the perceived need for change is 

reinforced by empirical findings [16,17]. Thus, most of the constraints related to adoption are lack of 

credit, lack of access to information and markets, unfavourable geographical areas and poor 

infrastructure, risk aversion and social capital of farmers [16,18–24]. 

Numerous empirical studies also examined the relationship between demographic and 

socioeconomic factors and adoption behaviour [18,24]. Younger farmers have been found to more 

likely adopt a new agricultural technology than older ones. However, older farmers possess more 

physical capital and are more experienced in adopting UPS, hence, the impact of age on technology 

adoption is ambiguous [9]. Better educated households are more likely to adopt new technologies 

and are more likely to benefit from their social network [23]. Labour input is used as a proxy and is 

associated with the nucleus size of a household [25]. The larger the household size, the more labour 

is available for agricultural production and the higher the likelihood of adoption. In addition, the 

farm size increases the adoption of innovations [26,27]. 

Access to credit helps rural farmers access inputs and labour. A higher asset score is associated 

with a higher probability of adopting technologies [28]. The existence of off-farm income acts as a 

strategy to overcome the capital and credit constraints related to intense capital-related technologies 

faced by rural households [29]. According to Ellis and Freeman [30], off-farm income may substitute 

for borrowed capital in rural households where capital markets or credit facilities are dysfunctional, 

hence, increasing the likelihood of adoption. Other studies report that it may reduce the labour input 

to on-farm activities, therefore reducing the likelihood of adoption [31]. 

Social capital in the form of social groups in a cooperative enhances trust, as a result improving 

idea exchange and spreading the exchange of information. Farmers who can learn about the benefits 

of a particular innovation share this information within the group and spread it within their social 

network. Therefore, collective processing and the production of crop cultivation enhance the 

probability of adopting an UPS [32,33]. According to Barrett [22], farmers engage more in effective 

FVCs if they are provided with postharvest handling activities such as storage. This implies that the 

likelihood of adopting an enhancing market-oriented storing technology increases if households 

decide to store crops for selling. The distance from homestead to markets is seen as a path-leading 

driver for technology adoption. The closer farm land is to main roads or market centres, the more 

farmers benefit from transportation facilities, hence increasing the likelihood of adoption [34]. 

Adoption decisions are also influenced by the household’s perception of land security [35]. 

Results of a study conducted in Ethiopia by Teklewold and Köhlin [36] show that a high degree of 
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risk aversion decreases the probability of adopting soil conservation practices. Cavatassi et al. [37] 

argue that unexpected climatic disasters such as droughts or floods may drive farmers to avoid 

adopting any UPS. Farmers who have been most vulnerable to extreme weather events are less likely 

to use process-enhancing fertilizer since the plot will be affected on an interim basis. In this context, 

a climate-related shock may additionally lead to an income loss. Following the framework of 

Grothmann and Patt [38], farmers that experience climate-related shocks in a higher frequency or 

severity have an increased likelihood of adopting several strategies. This implies that the farmers 

either respond precautiously with long-term strategies that might involve some monetary investment 

such as an UPS or they respond reactively. 

There are only a few impact studies analysing performance enhancing machinery and optimized 

market storage in SSA regions and in Tanzania in particular. Those that do are predominantly ex ante 

impact studies [10]. The ex-ante impact assessment studies conducted in Tanzania showed a positive 

impact of UPS, resulting in higher income and market participation measured by the household 

commercialization index (HCI) [10]. A study conducted in Nigeria revealed that farmers who 

adopted UPS machinery devices for improved processing activities realized beneficial outcomes [12]. 

These beneficial outcomes ranged from increased efficiency in the process of shelling, lowering 

labour input of shelling and reducing wastage of grains produced, to creation of employment for the 

youth. UPS in the form of improved bags for market-oriented storage has proven successful in 

Tanzania, Mozambique, Ghana and Malawi. The study showed that higher prices, at around 50%, 

were obtained for grains and maize [13,39].  

Studies conducted in Tanzania and Ethiopia showed a positive impact of improved processing 

technologies on consumption expenditures for durable goods [23,40]. Thus, the increase in 

consumption expenditure on durable goods serves as a proxy for their well-being and indicates that 

if the value of durable goods increases, it shows a rise in overall well-being of rural farmers. Shiferaw 

et al. [41] investigated the role of process-enhancing pigeon pea varieties by using the augmented 

double-hurdle model. Their results suggested that household income improved by up to 80% for 

those who used the agricultural technology. Furthermore, their disease-induced yield losses 

decreased by about 50% for local varieties and about 5% for the new varieties. In summary, 

postharvest loss decreased significantly and therefore, the rural households were able to achieve a 

higher FVC output and increase their income levels.  

The objectives of this paper are twofold: First, what are the determinants of the adoption of these 

upgrading strategies? Second, how do the upgrading strategies impact the well-being of Tanzanian 

households? Distinct from the huge number of studies that already exist on determinants of 

agricultural technologies [15,16,18–20,25,26], this study utilized the adaptive lasso to contribute to a 

more precise analysis of the determinants. To estimate the impact of upgrading strategies for rural 

farmers, propensity score matching was applied to control for hidden and self-selection bias. 

2. Data and Methodology 

2.1. Study Area and Data Collection 

The United Republic of Tanzania had a human development index of 0.528 in 2019, which ranks 

the least developed East African Country on position 159 out of 189 in the world [42]. Tanzania has 

a diversified landscape, which results in highly variable local conditions [43]. This is also true for the 

study area (Figure 1). 

Annex Table A1 illustrates key distinctions and economic and geographic characteristics of the 

two study sites. The first one, Dodoma depends on rain-fed farming, especially of millet and 

sorghum, which further contributes to low agricultural productivity [44]. Noteworthy is that 

Dodoma focuses on small-scale livestock keeping [45]. The main roads are poorly maintained [46] 

and the villages are often isolated from nearby markets and cities which hinder farmers from 

participating in trade. Almost every area in Tanzania was able to lower their level of poverty, but in 

Dodoma, it continuously increased, while simultaneously commercialization remained subsistence 

oriented [47]. The second region, Morogoro, is less dry and more diverse in terms of its food system 
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[48]. The sample villages are more closely located to the large handling centre Dar es Salaam and the 

coast, which is favourable for rural farmers’ trade. Nonetheless, the high dependence on agriculture 

and low level of commercialization in both regions are associated with low income levels. 

 

Figure 1. Location of Tanzania and the sample sites. Study sites are located in Kilosa district in 

Morogoro region and Chamwino district in Dodoma region (dashed area). Source: Own production 

using ArcGIS, Trans-Sec (2014). 

The households for the survey were selected from the Kilosa district in Morogoro and the 

Chamwino district in Dodoma. The survey was conducted in 2016 and covered 820 households. In 

the two-step sampling procedure, six villages with homogeneous attributes were first chosen from 

the two heterogeneous regions. These villages include Ilakala, Changarawe, and Nyali in Kilosa and 

Ilolo, Idifu, and Ndebwe in Chamwino. The criteria for the selection process of the six villages are 

based on several comparable but differing socioeconomic and agroecological conditions [11]. In the 

second step, 150 households per village were randomly drawn based on household lists and 

proportionately to their subvillage size [11]. 

Before the survey, the maize-sheller, millet-thresher, and superbags were introduced to the 

farmers in the treatment villages. Additionally, farmers were provided with workshops and trainings 

for the respective innovations. Farmers could choose whether to adopt an UPS or not. Ndebwe and 

Nyali represent control villages without any interventions. While the maize-sheller was only 

introduced in Morogoro region, the farmers of Dodoma region only had the choice for the millet-

thresher. The machinery devices intend to upgrade the FVC by reducing postharvest losses and 

increase the quality of the grains. Farmers use the machine once per year after harvest. Both the 

maize-sheller and millet-thresher are capital intense and require five to six people to operate [12]. To 

receive access to one of the machines, the farmers had to group up and develop a financial plan. They 

share the cost of the purchase (maize-sheller about 5,100,000 T.Sh and millet-thresher about 3,600,000 

T.Sh), maintenance, and transport of the machine. The superbags increase the quality of grains and 
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enable farmers to obtain competitive prices during lean seasons, as they can store their grain for 

longer time periods. The price of the bags range from 4000 to 10,000 T.Sh [13]. The household 

questionnaire covered several topics, including basic sociodemographic characteristics of household 

members, the perception of environmental shocks and changes in climatic conditions, such as 

precipitation rates. This is of specific interest since most Tanzanian farmers depend on rain-fed 

agriculture. The diverse income-generating activities, such as agricultural production, crop 

cultivation on farm size, off-farm employment, livestock earnings, and returns on capital assets, were 

surveyed as well. Of particular interest in this study are the value of crop production and the sales 

value of cultivated crops in determining the household commercialization index. To cover basic 

infrastructure—such as access to financial credit facilities, distances to markets for each village, and 

availability of extension services—a village questionnaire was additionally developed.  

2.2. Methodology 

2.2.1. Adaptive Lasso to Identify Determinants of Adoption 

To identify factors that are associated with the decision to adopt an UPS, a three-step procedure 

is used [49,50]. In the first step, the variables that most likely influence the adoption decision need to 

be identified. In the second step, the adaptive lasso is then used to determine the factors of adoption, 

and in the third step, logistic regression models are applied. The binary logistic regression is applied 

due to the dichotomous nature of the dependent variable (adopter and nonadopter), while the 

multinomial logistic regression is applied allowing households to adopt more than one UPS. For the 

purpose of this study, an adopter was defined as a household that uses one of the three presented 

UPS. All other households that did not adopt the innovation were nonadopters. 

For the first step, a summarizing list of the variables can be found in Annex Table A2. 

Nonetheless, it is unclear if every variable influences the decision to adopt an UPS in Tanzania. One 

of the major obstacles in microstudies with cross-sectional data is that most of the influencing factors 

for adoption of agricultural technologies are based on a specific regional context. However, often 

researchers use variables that have common acceptance in literature, even if it is not appropriate for 

each context and microstudy area [25]. Therefore, it seems reasonable to only use a subset of variables 

based on previous studies [51]. Indeed, including all 20 variables, which incorporate household-

demographics, assets, social capital factors, climatic as well as geographic variables, and specific 

characteristics such as risk behaviour, awareness, and the perceived tenure status, would reduce the 

possibility of omitted variable bias. Nevertheless, in this case, the variance of the estimates would be 

high, which means that for different samples, the estimates will vary strongly with the result of 

inaccurate predictions. Therefore, as a remedy, this study uses a statistical model selection procedure, 

the adaptive lasso [51] given by: 

       �β��,��, β�⃗ ��
�

�
��������

=
argmin

β�, β�⃗
� −y��β� + x�⃗� �β�⃗ � + log �1 + exp�β� + x�⃗� �β�⃗ �� + λ � w� �|β�|

�

���

�

���
 (1) 

This procedure is an extension of the lasso by Tibshirani [52], where x�⃗� � = (x�,�,….,x�,�)’ is the J 

linearly independent predictors, β� is the intercept, and β�⃗  = (β�,….β�) is the parameter vector. 

The important part of this equation is the regulation parameter λ ≥ 0. It controls the amount of 

shrinkage applied to the estimates and is chosen using k-fold-cross-validation. If the regulation 

parameter is exactly λ = 0, lasso nests the standard ordinary least squares estimation. When λ 

increases, the coefficients continuously shrink towards zero, with the result that for very high λ, 

some coefficients are exactly zero. Variable selection and parameter estimation are executed 

simultaneously, meaning an increase in squared bias is thereby traded in for a larger decrease in 

variance of the estimates. As this paper considers a dichotomous classification, the dependent 

variable is binary. When applying a linear model to this problem, the probability of y� = 1 given, the 

values x�⃗ � are estimated. To ensure that the estimated probabilities of the dependent variable are in 

the interval [0,1], the logistic regression model can be used [18]. 
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In addition to the ordinary lasso, it has weights w���⃗� = 1/|β�⃗
�

�|
� assigned to the coefficients. The 

weights are calculated by determining β�⃗
�
 for the full set of explanatory variables using logistic 

regression. The adaptive lasso has consistency in variable selection for J > 2 and asymptotic normality 

of the estimates, meaning the adaptive lasso fulfils the oracle property [51]. The results of the 

computation of the adaptive lasso is done in R. 

As a third step, binary and multinomial logistic regressions are applied to the subset of variables. 

After identifying factors that influence the adoption decision with the adaptive lasso, the logistic 

regression detects the magnitude and direction of the factors. It can be represented as follows [53,54]: 

E(y�|x�⃗ �) = Pr(y� = r|x�⃗ �) =
�

����� (������⃗� ����⃗ )
  , r = 0,1,2,3, i = 1,2,...,820 (2) 

The binary model describes the probability of whether adoption has taken place y� = 1 or the 

alternative 1-Pr for nonadoption y�  = 0. Since three UPS are used in this study, the multinomial 

logistic regression holds that r = {1, 2, 3}, where r = 1 corresponds to the probability that household i 

adopts the first UPS, r = 2 the second UPS, r = 3 the third UPS, and r = 0 corresponds to the case for 

no adoption. 

The coefficients in the logistic regression model are estimated using the maximum likelihood 

estimation method. Furthermore, to determine the magnitude, direction, and likelihood, the marginal 

effects are calculated using the delta method [55]. Additionally, to test if the two independent samples 

correspond to the same distribution, the Wilcoxon (Mann–Whitney test) rank-sum test is used [56]. 

2.2.2. Propensity Score Matching to Measure Impacts on Well-being of Rural Households  

Estimating the impact of UPS adoption on the well-being of rural farmers using observational 

data is not an easy task—because of the necessity to identify the counterfactual situation had they not 

adopted the UPS. This is due to the fact that the farmers are not randomly distributed across the two 

groups (adopters and nonadopters); rather they are systematically selected by developing agencies 

based on similar characteristics [23,40]. To overcome the selection bias in the results, this study uses 

propensity score matching (PSM) [57]. PSM is a common method used when a small treated group 

needs to be compared to a large control group as it is the case in this study [58,59]. This study uses 

observational cross-sectional data, where the surveyed households declared if they adopted a certain 

UPS or not. It is impossible that the same household is observed with and without the adoption of a 

certain UPS at the same time.  

The basic idea of PSM in this study is to build up groups of explanatory variables. Each group 

possesses relatively similar characteristics with the only difference being the adoption decision. 

Therefore, the outcome for each household that received the treatment is compared to a similar 

household that did not received the treatment. To appraise the similarity of characteristics, the 

propensity score p(x�⃗� �) is applied as a balancing score, describing the probability of being an adopter 

given the observed characteristics of x�⃗� � [58]. Applying the adaptive lasso causes another beneficial 

effect. The variable selection model reduces the used variables, making it easier to build up groups 

with characteristics similar to those of the explanatory variables. Eliminating irrelevant variables is 

only useful when there is a clear census on the unrelated outcome [60]. 

After computing propensity scores, the average treatment effect on the treated based on 

propensity score matching can be estimated as follows [61]: 

ATT��� = E{E�Y1�A = 1, p�x�⃗� ��� − E[Y0|A = 0, p(x�⃗� �)]|A = 1} (3) 

where (Y1) is an outcome variable in the form of an income indicator for a specific household which 

is compared to a similar household outcome (Y0). For A = 1, the household received the treatment 

meaning that it adopted an UPS, while for A = 0, it did not.  

This study uses three different matching algorithms to calculate similar propensity scores 

following Caliendo and Kopeinig [57]. These include Nearest Neighbour Matching (NNM), Kernel 

Based Matching (KBM), and Radius Caliper Matching (RCM). For NNM, the five nearest neighbours 

of household adopters vs. nonadopters were matched with the most similar propensity scores. While 
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simultaneously increasing the variance of the matches and reducing bias, the matching will be 

executed with replacements, meaning that nonadopters can be used more than once [57,62]. If the 

distance between households becomes too large, it will likely result in bad matches. To circumvent 

this risk, RCM is suggested as an altered approach. RCM only includes control units within the given 

propensity score caliper of 0.01 [63]. KBM utilizes weighted averages to compose the counterfactual 

outcome. Higher weights are allocated to those with a propensity score close to the treated 

observations and vice versa. Figure 2 displays propensity score distribution and common support 

areas. Lastly, Rosenbaum boundaries were calculated as a robustness check. The boundaries identify 

hidden biases caused by possible unobservable factor heterogeneity. The hidden bias adjusts for the 

chance to receive the treatment by a factor Γ ≥ 1 and misstates the implication about the ATT [64]. 

The impact variables of the three UPS and their expected impact on the well-being of rural 

farmers are presented in Table 1 based on previous literature presented in Section 1. 

 

Figure 2. Propensity score distribution and common support for treated and untreated groups. 

Source: Own calculation based on Trans-SEC data (2014). 

Table 1. Well-being indicators. 

Variable Description Exp. Direction Source 

Total annual net income  
Total available net income of 

household (PPP US $ 2010) 
+ 

Graef et al.; Shiferaw 

[11,41] 

Income from crops  
Income generated from crops 

(PPP US $ 2010) 
+ Kassie et al. [65] 

Postharvest loss 
Loss after harvest of crops and 

grains in % 
− 

Bokusheva et al.; 

Tefera [66,67] 

Household Commercia-

lization Index (HCI)  

1 = fully commercialized 0 = 

fully subsistence-oriented 
+ Carletto et al. [68] 

Total value of durable goods 
accounts for goods with 

durability <1 year 
+ 

Amare et al.; Asfaw 

et al. [23,40] 
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3. Results and Discussion 

3.1. Characteristics of Adoption 

As illustrated in Annex Table A3, 91 households adopted the maize-sheller, millet-thresher, or 

storage superbags, representing approximately 11% of the whole population in the sample, while 729 

did not adopt. About one-third of the adopters and about half of the 729 nonadopters are located in 

the Dodoma region. Although sociodemographic characteristics such as age, gender, or household 

size do not differ significantly between adopters and nonadopters, education and household assets 

such as asset score, farm size, and off-farm wage employment differ significantly. Adopters also differ 

most strongly from nonadopters with respect to social capital factors such as being a member in 

agricultural cooperatives. In addition, adopters have on average a higher awareness of changing soil 

fertility, they experienced more environmental shocks, and suffered from higher income losses due 

to shock in comparison to nonadopters. 

Annex Table A4 reports differences between adopters and nonadopters regarding well-being 

indicators. Strong significant differences exist for the value of durable goods. Adopters in the 

Morogoro region have a significantly higher value of durable goods (75.26), in comparison to the 

nonadopters (25.67). In the Dodoma region, the adopters’ value of durable goods is below average 

(25.43) for the adopters with a value of (13.98) as well for the nonadopters accounting for a value of 

(18.45). Furthermore, the HCI of the adopters is slightly higher than of the nonadopters in Morogoro 

but a lot higher than the average of the two sample sites. This indicates that FVCs in Morogoro are 

more developed than in Dodoma and that the component market interaction in the FVC are utilized 

with a higher density. In contrast, the descriptive results of the HCI in Dodoma indicate a rather 

subsistence-oriented agriculture. The total income from crop production in the two different regions 

does not seem to differ significantly between the adopters and nonadopters. Results indicate that 

Dodoma has lower income from crop production for adopters (372 PPP US $) and for nonadopters 

(342 PPP US $) than Morogoro and, furthermore, the incomes are below the average of the sample 

(414 PPP US $). Although the total annual income per HH does not differ significantly between 

adopters and nonadopters in Dodoma, the adopters in Morogoro are slightly better off than the 

nonadopters. 

3.2. Determinants of Adoption 

To analyse the determinants of the decision to adopt an UPS, the logistic regression with all 

variables, the adaptive lasso and the logistic regression with only a few selected variables are applied. 

The regression results are shown in Table 2. When comparing the three methods, it can be seen that 

nine out of eleven variables, which the adaptive lasso indicated to be relevant, are significant. 

Furthermore, the coefficients corresponding to these variables are similar for all three methods. The 

interpretation of the adaptive lasso coefficients is the same as in the logistic regression. The standard 

deviation of the parameters is, however, much smaller when using only the relevant variables. This 

emphasizes that the adaptive lasso works as intended. In the following, only the variables, which the 

adaptive lasso indicated to be relevant, are discussed. 

With regard to off-farm wage employment, households that are additionally involved in off-

farm activities outside the farming sector are significantly less likely (−0.997) to adopt an UPS. These 

results are in contrast to the study of Ellis and Freeman [30] who reported that the off-farm income 

could act as an income buffer to diminish the constraint of obtaining high capital-intense agricultural 

technologies. Nevertheless, the results are reasonable since farmers who additionally generate 

income from off-farm activities are less dependent on agriculture and hence adopt less agriculture-

intense UPS [31]. 

The logistic regression also indicates that a household shows a significantly lower probability of 

adoption (−0.921), if there is a higher awareness about changing soil fertility. This is not necessarily 

surprising because changing soil fertility can mean that it may change to the better or to the worse. If 

the soil quality changes to the worse, then the yields and, accordingly, the output are likely to 

decrease and the household might not want to invest into processing machines or storage bags. This 
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result is expected to be different if the UPS would be related to any soil fertility-enhancing 

investments as in the case of Lee [32] and Afolami et al. [69]. Then, the probability of adoption would 

likely increase in order to halt the deterioration and degradation of the soil. If the above result, 

however, relates to the less likely event that the soil fertility changes to the better, the household is 

more likely to invest also in processing and storage facilities in anticipation of higher yields. Further 

research is needed to verify these assumptions. 

Table 2. Factors that influence the adoption decision of upgrading strategies (UPS) in Tanzania—

estimates from logistic regression and the adaptive lasso. 

Adoption Variables 
   

 Logit Regression Logit Regression (Adaptive 

Lasso) 

Adaptive Lasso 

Computation (All Variables) 
  

N=91 
 

 
Coef m.e Coef m.e ���⃗ �� 

HH head is male 0.067 0.052 – – – 

 (0.342) (0.272)    

Age of HH head in years 0.01 0.007 – – – 
 

(0.008) (0.006) 
   

Education years of 

schooling HH head 
−0.019 −0.001 – – – 

 
(0.044) (0.035) 

   

Household size −0.013 −0.001 – – – 
 

(0.055) (0.004) 
   

Livestock keeping −0.427 −0.033 −0.404 −0.0323 −0.3677549 
 (0.319) (0.025) (0.311) (0.024)  

Off-farm wage 

employment 
−0.948 *** −0.075 *** −0.997 *** −0.0798 *** −0.9905171 

 (0.29) (0.023) (0.277) (0.022)  

Farm size  −0.015 −0.012 – – – 
 

(0.091) (0.007) 
   

Perceived land security 0.176 0.013 0.194 * 0.01552 * 0.1453635 
 

(0.113) (0.008) (0.11) (0.008) 
 

Awareness −0.875 *** −0.069 *** −0.921 *** −0.073 *** −0.9037974 
 (0.32) (0.025) (0.322) (0.025)  

Asset Score 0 0 – – – 
 

(0.001) (0) 
   

Microcredit group 0.756 ** 0.060 ** 0.863 ** 0.069 ** 0.8305872 
 

(0.372) (0.029) (0.358) (0.028) 
 

Store for selling 0.533 0.042 0.525 0.042 0.4643561 
 (0.434) (0.034) (0.414) (0.033)  

Collective processing 2.850 *** 0.226 *** 2.764 *** 0.221 *** 2.7129524 
 

(0.447) (0.033) (0.437) (0.032) 
 

Collective production 0.712 * 0.056 * 0.695 * 0.055 * 0.6982264 
 

(0.372) (0.029) (0.36) (0.028) 
 

Income loss due to shock 0.001 0.001 – – – 
 (0.001) (0.001)    

Experienced 

environmental shock 
0.977 ** 0.077 ** 0.865 ** 0.069 ** 0.8168528 

 (0.387) (0.031) (0.384) (0.03)  

Member in an agricultural 

organization 
0.894 *** 0.071 *** 0.988 *** 0.079 *** 0.9699722 

 (0.271) (0.022) (0.259) (0.021)  

Prepared to take risk 0.047 0.003 – – – 
 

(0.05) (0.003) 
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Distance to next market 0.012 0 – – – 
 

(0.011) (0) 
   

Located in Morogoro 0.328 0.026 0.460 * 0.036 * 0.4145265 
 

(0.309) (0.024) (0.268) (0.021) 
 

Constant −4.308 *** – −3.495 *** – −3.3054075 
 

(1.009) 
 

(0.698) 
  

Pseudo R² 0.205 
 

0.198 
  

Wald Chi squared 

(20;11;36) 
102.54 ***  93.69 ***   

Prob > Chi² 0 
 

0 
  

Log pseudolikelihood −227 
 

−229 
  

N 820 
 

820 
  

Standard error in parentheses; marginal effects are displayed for logistic regression; �⃗�� applied for 

the logistic regression and the multinomial logistic regression; p-value p-values: * p < 0.10, ** p < 0.05, 

*** p < 0.01. 

Contrary to expectations, the results show, on the 5% significance level, that the experience of 

environmental shocks is positively correlated with the decision to adopt. In an earlier study about 

improved processing methods in Ethiopia, Cavatassi et al. [37] found a negative relation between 

experiencing an environmental shock and adoption. However, the results indicate that farmers use 

adoption as an ex ante coping strategy to mitigate the climatic risks. In Tanzania, environmental 

shocks such as droughts or floods occur frequently. Especially, the semiarid Dodoma region is prone 

to droughts. Therefore, the adoption of UPS, especially of the storage superbags, helps rural farmers 

to cope because they can store their crops for a longer time period. Additionally, farmers are able to 

sustain their families with food, in case of flooding or storms that destroy their harvest.  

As expected, being part of a microcredit group facilitates the likelihood (0.863) of adopting an 

UPS in our case study. On the one hand, this shows that social capital facilitates the adoption, 

especially since several investors are needed to make first, the financial plan and then, to buy any of 

the two processing machines as a group. Furthermore, the idea of a microcredit group is to enhance 

the access of poor farmers to financial capital. Being member in such a group may thus open the 

access to credit for such an investment. This is in line with findings from several studies, as access to 

credit helps rural dwellers overcome the constraint barrier of capital-intense resources, such as 

agricultural inputs and technologies of greater costs in the form of machinery devices [18,25,70]. At 

the same time, it has to be noted that a much higher proportion of adopters are members in 

microcredit groups but that the adoption rate is generally very low. The descriptive results of Annex 

Table A3 underline the importance of accessing credit in facilitating the adoption decision. Most 

households stated they did not adopt due to high costs.  

Our results further show that also other social network factors, such as being a member of an 

agricultural organization or doing collective processing activities for postharvest handling, both 

facilitate the adoption of UPS at the 1% significance level. Based on the innovation-diffusion theory, 

it has been shown that information spreads more easily and faster in such networks because the 

farmers constantly exchange new information and constraints to the technology itself diminishes. 

Furthermore, as mentioned above, social capital is likely to trigger such group investment as needed 

in the case of a processing machine because there is trust among the members and because it might 

be easier to get access to the needed investment. Additionally, collective processing activities enhance 

the learning process of postharvest handling. These findings are in line with those from Lee [32] and 

Kassie et al. [33] and also correspond to the earlier mentioned descriptive results in Annex Table A2, 

which highlight that adopters are significantly more engaged in social networks than nonadopters  

The results of our analysis also show that living in the Morogoro region favours the likelihood 

of households to adopt an UPS (0.460). Living in Morogoro as compared to Dodoma increases the 

probability for adoption by approximately 4%. This may indicate that the region around Morogoro 

offers higher diversity in terms of agroecological conditions and cultivation, higher productivity on 

average, and better access to markets. Indeed, these factors have been identified as the most 
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important barriers for adoption as pointed out by a study in Nigeria [12]. Therefore, when a 

household is located at the Morogoro region, these barriers are on average lower than in Dodoma, 

and therefore, our farm households located in the Morogoro region are more likely to adopt an UPS 

than those from the Dodoma region. 

The perceived land security status significantly favours the probability to adopt an UPS but only 

at the 10% level. This is feasible because the most frequent answers of the households on plot 

characteristics reveal that most of the plots are government owned and since Tanzania’s development 

is relatively low in terms of political stability, the government plays a crucial role in everyday life. 

The district of Kilosa has been suffering, which is augmented by bloody land conflicts between 

pastoralists and crop farmers. Farmers that perceive their land as more secure are more willing to try 

out new agricultural technologies, thus, knowing that they can realize returns from their investments 

on several farm activities [9].  

When running the multinomial logistic regression to further analyse the determinants of the 

three individual UPS, some further interesting insights are revealed Annex Table A5. First, the same 

variables turn significant as in the binary case but not for every UPS alike. Then, the social capital 

variables such as being a member in an agricultural organization or being involved in collective 

processing strongly favour the likelihood of adopting the millet-thresher and maize-sheller. 

According to the study conducted by Isham [21] and Barrett [22], not only is the exchange of workers 

beneficial inside collective cooperatives but also the share and flow of information is higher than in 

noncooperatives. This enables farmers to take part in higher quality FVCs, which positively correlates 

with the likelihood of adoption. The nature of the collective activity seems to be dependent on the 

specific UPS, because for storage superbags adopters only, collective production is significant at the 

1% level. This indicates that each UPS is different in usage and one needs to consider regional and 

local farmer’s needs [32]. As expected, the higher experience of an income loss due to a shock 

increases the probability to adopt the superbags (0.002). This result support the hypothesis that the 

farmers act either proactively with long-term strategies to avoid losing more fractions of their 

anyhow subsistence-oriented FVC, or act only reactively, which yields to the same result of 

preventing upcoming loss [38]. 

3.3. Upgrading Strategies to Improve the Agriculture Value Chains 

To assess the impact of UPS adoption, the households that adopted are compared to 

nonadopters based on indicators covering the well-being of rural households. The assessment is 

performed through the average treatment effect on the treated (ATT) based on PSM. As a robustness 

check, the ������ is estimated using three matching algorithms, including NNM, RCM, and KBM. 

For the case of multinomial adoption, the common support condition, kernel density plots are used 

to assess the probability of receiving each treatment level for all observations. The kernel density plot 

Annex Figure A1 suggests sufficient overlap among the treatment levels, despite a slightly left-

skewed distribution for the treatment millet-thresher and storage superbags. 

Assessing the impact of UPS adoption, the results for the ATT in Table 3 demonstrate that the 

adopter of the three presented UPS have a significant higher well-being than nonadopters. Table 3 

provides evidence that the calculated ATT of NNM adopters are slightly better off in terms of value 

of durable goods (18.25), with a significance level of 10%. If the value of durable goods increases, 

more expenditure on the consumption of durable goods is spent, which further indicates a better 

well-being of the rural households. This would suggest that the additional income generated out of 

the increased output by adopting UPS is rather spent on primary needs to sustain sufficient nutrition. 

Therefore, according to Maslow (1943), primary needs need to be satisfied first before realizing higher 

overall improvement. The well-being impact results on consumption expenditures on durable goods 

match the studies conducted by Afolami et al. [69], Amare et al. [23], as well as Asfaw et al. [40]. This 

finding is highly important because UPS are not only process-enhancing innovations but they also 

consider the whole improvement sequence of an agricultural FVC.  

Taking a closer look at each UPS separately gives a clearer picture of the dynamics and impact 

of adopting UPS in Tanzania. For all three matching algorithms, the adoption of the maize-sheller 
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has a positive and significant ATT for the HCI at the 5% level for RCM as well as KM and 10% for 

NNM. Adopters of the machinery device maize-sheller improve the process of shelling, therefore, 

increasing the amount produced for maize with the same amount of input. Following this, the UPS 

triggers the FVC process that further allows selling more at markets and achieving higher prices for 

the crops. The higher HCI indicates that more of the grains shelled by the adoption of a maize-sheller 

is traded at local spot markets or handling centres. The Morogoro region is especially favoured by 

the geographical proximity next to Dar es Salam. Then again, the increase of the HCI might lead to 

more economic surplus, resulting in higher income, which is further spent on durable goods, again 

increasing the well-being of rural households. This is confirmed by the statistical significance for the 

adoption of the maize-sheller on the value of durable goods for NNM and RCM. The results are 

consistent with a study conducted by Carletto et al. [68], who measured the degree of 

commercialization. The study concludes the positive linkage between increased commercialization 

and improved nutritional status, which reflects the results of the adoption of maize-sheller in this 

study [68]. Nonetheless, the results of the ATT for NNM at the 5% level for the HCI (−0.18) suggest 

that for the millet-thresher adopters in Dodoma region, especially, market infrastructures are 

dysfunctional, meaning the UPS cannot embrace its full potential. 

Regarding storage superbags adopters, the ATT shows a significantly negative impact for RCM 

and KM at the 10% level. Adopters of this UPS have approximately 2% lower postharvest losses. As 

expected, the results suggest that the superbags decrease the postharvest losses due to the nature of 

the innovation [67,71]. The superbags enhance the quality of the grains because they are not affected 

by insects or pesticides. Accordingly, the outcome of the FVC is increased in terms of higher income 

generated when selling the grains at local spot markets. [12]. Nonetheless, even if the postharvest 

losses decrease, it does not reflect an increase in higher income or better well-being. The result itself 

does not show a clear relation to the crops produced. If the farmers do not produce sufficient staple 

crops, the reduction is not that high to achieve the overall goal of improved well-being. 

Regarding the influence of hidden bias represented by Γ, Table 3 lists the Rosenbaum bounds 

for all significant results. The results concerning total value of durable goods are very robust against 

hidden bias, since even a three-fold increase of hidden bias does not affect their significance. To 

continue, the same holds true for the HCI index per household as well as percentage loss of 

postharvest handling. 

Table 3. Propensity score matching: the impact of UPS adoption on well-being in Tanzania. 

 
Nearest 

Neighbour 
Radius Kernel Γ 

 ATT S.E ATT S.E ATT S.E  

Adopter vs. Nonadopter 

62.26 384.24 201.66 323.80 125.43 337.8  Total annual net income per HH 

(PPP $2010) 

Total net income from crop production per 

HH (PPP $2010) 
−126.95 120.11 12.61 113.27 −95.18 110.79  

Total value of durable goods per HH 18.25 * 9.49 10.91 8.64 9.62 10.17 - 

HCI per HH 0.03 0.044 0.056 0.038 0.02 0.033  

% of postharvest loss 0.008 0.017 −0.004 0.016 0.13 0.012  

Maize-Sheller vs. Nonadopter 

66.36 575.22 73.90 722.71 −42.12 703.54  Total annual net income per HH 

(PPP $2010) 

Total net income from crop production per 

HH (PPP $2010) 
−132.53 230.63 −81.67 254.46 −119.19 290.41  

Total value of durable goods per HH 35.09 * 21.08 34.29 * 18.67 26.67 26.87 3.6 

HCI per HH 0.11 * 0.067 0.14 ** 0.071 0.13 ** 0.062 3.5 

% of postharvest loss 0.048 0.035 0.053 0.034 0.05 0.034  

Millet-Thresher vs. Nonadopter 

−51.93 796.24 328.32 571.59 546.73 505.55  Total annual net income per HH 

(PPP $2010) 

Total net income from crop production per 

HH (PPP $2010) 
−14.57 185.48 51.84 176.65 −8.46 154.08  

Total value of durable goods per HH −28.02 19.31 −18.24 12.57 −17.84 13.99  
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HCI per HH −0.18 ** 0.077 −0.14 ** 0.073 −0.16 ** 0.060 3.4 

% of postharvest loss −0.005 0.018 −0.006 0.011 −0.011 0.010  

Optimized Storage vs. Nonadopter 

−577.55 380.65 −193.17 246.32 −164.6 233.82  Total annual net income per HH 

(PPP $2010) 

Total net income from crop production per 

HH (PPP $2010) 
−184.72 182.12 −120.05 166.13 −96.00 141.14  

Total value of durable goods per HH 4.37 13.88 4.67 13.73 8.67 11.47  

HCI per HH 0.06 0.076 0.05 0.058 0.05 0.065  

% of postharvest loss −0.016 0.16 −0.02 * 0.10 −0.016 * 0.01 4.4 

ATT: average treatment effect on the treated; * p < 0.1, ** p < 0.05, *** p < 0.01 when compared to 

nonadopting farmers; S.E.: bootstrapped standard errors; Γ: Rosenbaum bounds (critical level for 

hidden bias). 

4. Summary and Conclusions 

This study evaluated the determinants of adopting an upgrading strategy and their potential 

impacts on household well-being measured by different indicators in rural Tanzania. The analysis 

used cross-sectional data collected from 820 farm households in Tanzania. In order to investigate 

factors that influenced the adoption decision, the adaptive lasso was utilized. The causal impact of 

UPS adoption was then estimated by using the average treatment effect on the treated with 

propensity score matching. This allowed the estimation of a more accurate effect of UPS adoption on 

well-being of the households by controlling for the selection bias.  

Results of the adaptive lasso highlighted the importance of social capital variables for the 

likelihood of adopting UPS. Particularly, collective processing and production as well as membership 

in an agriculture-related organization act as the main factors circumventing constraints to UPS 

adoption. This suggests that the promotion of social capital is pivotal in enhancing the adoption of 

innovations and technologies in the farming sector. However, further research on a more detailed 

differentiation of social network factors is necessary for developing a clearer understanding of how 

the information exchange of farmers can be used more effectively. In addition, access to credit has 

been found to be of great importance for promoting technology adoption. Poor farmers without 

adequate collateral tend to be excluded from formal financial services due to high transaction costs 

and incomplete information. Thus, financial institutions hesitate to offer them services. 

Consequently, poor farmers may not be able to invest in new technologies and agricultural 

productivity-enhancing activities. With respect to the factor “Awareness” (−0.921) about changing 

soil fertility, further research is needed to better understand the direction of the changes. If farmers 

are aware of a declining soil fertility, then it is understandable that they have no interest in investing 

into processing technologies as they are likely to expect declining yields in the future. At the same 

time, the government should offer UPS to improve soil fertility. Such an innovation is then more 

likely to be taken up by the farmers. 

The impact estimation of the PSM revealed that the adoption of UPS has a significant positive 

impact on household well-being in rural Tanzania. Results confirmed that the three UPS have a 

positive impact on the value of durable goods, although the results are not consistent for each UPS 

separately. This demonstrates the importance of differentiating each UPS individually. The results 

generally highlighted the potential role of UPS in enhancing rural household welfare, as indicated by 

the HCI, which should eventually result in higher income. This would translate into higher food 

security, lower poverty levels and greater ability to withstand environmental risks. 

Despite the comprehensiveness of the data, it cannot account for time-varying influences. 

Therefore, panel data is needed. Furthermore, as already mentioned, another limitation to this study 

is the limited adoption rate by participants throughout the questionnaire. Therefore, the results of the 

determinants as well as for the impact need to be approached with caution. Moreover, the definition 

of an adopter in the present study could lead to the misinterpretation of the impact of individual 

UPS, because households were able to adopt multiple UPS in addition to the three examined ones. 

Nonetheless, the beneficial outcomes of adopting UPS raise the question why such a high 

proportion of rural households in Tanzania did not adopt UPS. Furthermore, it poses the question 
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why households that adopted the improved machinery did not simultaneously adopt the improved 

bags to benefit from synergy effects. Overall, the analysis of the determinants of adoption identified 

lack of access to credit, absence of social networks and lack of information resulting in insufficient 

awareness as major key constraints to adoption of UPS. The results indicated possible policy 

interventions which enhance the adoption of UPS. Policy makers could create incentives for rural 

farmers to establish agricultural cooperatives, both financially and institutionally, to strengthen social 

capital and access to physical capital. Policy should also focus on the integration of rural farmers who 

have been unable to build sufficient social network links to increase agricultural productivity and 

welfare among them. Additionally, the government could improve infrastructure to make financial 

services more accessible or facilitate microcredit schemes to poor rural farmers. Extension services 

could promote awareness campaigns on UPS to improve soil fertility, combined with tailored 

information services on local farms’ soil characteristics, enabling a policy mix that facilitates and 

accelerates adoption. Overall, a strategic approach of upgrading FVCs is indispensable for an 

effective and efficient improvement of rural farmer´s livelihood in Tanzania. 
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Appendix  

Table A1. Basic characteristics of the two sample sites. 

Category Chamwino—Dodoma Region Kilosa—Morogoro Region 

Crop system Based on sorghum and millet 
Based on maize, sorghum, legumes, 

rice, and horticulture 

Commercialization Subsistence Subsistence to semi-commercial 

Poverty GDP per capita 690,000 T.Sh, GDP per capita 1,000,000 T.Sh. 

Highland Flat plains and small hills 
Flat plains, highlands and more 

divers dry alluvial valleys 

Livestock Highly dependent on livestock Partly dependent on livestock 

Climate Semiarid (350–500 mm) 
Predominantly subhumid (600–800 

mm) 

Markets Bad infrastructure and weak market access 
Medium infrastructure and weak 

market access 

Productivity Low to medium Low to high 

Land pressure Medium and high High 

Source: Own compilation based on [10,13]. 
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Table A2. Summary of variables used in this study based on literature. 

Variables Description Exp. Direction Source 

Household 

Demographics 
   

gender 1 = If household head is male +/=/− 

Seymour et al.; 

Doss and Morris 

[24,72] 

Age  Age of household head in years +/=/− 
Kassie et al.; Feder 

et al. [9,18] 

Education 
Years of schooling of household 

head 
+ 

Amare et al.; Feder 

et al. [18,23] 

Household size 
Number of nucleus household 

members 
+ 

Adeyele et al.; 

Doss [12,25] 

Household Assets     

Asset score Value of assets in USD (ratio) + 
Teklewold; Morris 

[28,59] 

Livestock  1 = Household keeps livestock − Barrett [22] 

Farm size 
Size of agricultural land owned 

by household (ha) 
+ 

Uaiene et al.; Feder 

et al. [18,26] 

Off-farm wage-

employment 

1 = Household has off-farm 

employment activities 
+/− 

Ellis and Freeman; 

Goodwin and 

Mishra [30,31] 

Household Social 

Capital 
   

Microcredit group 
1 = Household head is part of a 

microcredit group 
+ 

Abdulai and 

Huffmann [70] 

Member in agricultural 

organization 

1 = Household head is member 

of any agricultural organization 
+ 

Isham; Kassie et al. 

[21,33] 

Store for selling 1 = Household stores for selling + Tefera [67] 

Collective processing 
1 = Household does collective 

processing  
+ Lee [32] 

Collective production 
1 = Household does collective 

production 
+ Lee [32] 

Household Specific 

Characteristics 
   

Awareness 

1 = Household head is aware of 

changing soil fertility (better or 

worse) 

+ Afolami et al. [69] 

Prepared to take risk 

0 = Household head is absolutely 

risk averse 10 = HH head is 

willing to take risk 

+ 
Teklewold and 

Köhlin [36] 

Perceived land security 

Perceived tenure status of land 

security (0 = not secure) − (3 = 

very secure) 

+ Kassie et al. [9] 

Household Climate 

Change 
   

Experienced 

environmental shock 

1 = Household experienced 

environmental shock 
− Cavatassi [37] 

Income loss due to 

shock 

Average on household income 

loss due to environmental shock 
− 

Grothmann and 

Patt [38] 

 Geographics    

Distance to next 

market 

Distance from homestead to next 

market (km) 
− 

Mwangi and 

Kariuki; Idrisa et 

al. [34,73] 

Located in Morogoro 
1 = Household located in 

Morogoro 
+ URT [2] 

Source: Own consideration based on previous studies. 
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Table A3. Summary statistics of rural farmer’s adoption scheme in Tanzania. 

Variable  Pooled Sample By Subsample  

 
Total 

Sample 
Adopter 

 

Nonado

pter 

Maize-

Sheller 

Millet-

Thresher 

Storage 

Superbags 

N=820 N=91 N=729 N=37 (1) N= 23 (2) N=31 (3) 

Household Demographics             

Gender (1 = HH head is male) 
0.76 0.79 0.76 0.91 ** 0.74 0.67 

(0.42) (0.4) (0.42) (0.28) (0.45) (0.47) 

Age (HH head in years) 
51.15 51.22 51.14 47.4 55.6 52.51 

(16.55) (16.2) (16.6) (13.47) (11.87) (20.76) 

Education (HH head years 

schooling) 

4.55 5.22 *** 4.46 6.27 *** 4.47 4.51 

(3.44) (3.27) (3.45) (2.7) (3.19) (3.67) 

Household size (member) 
5.25 5.27 5.24 5.46 5.13 5.16 

(2.35) (2.51) (2.32) (1.79) (2,00) (3.48) 

Household Assets             

Asset score (PPP US $ 2010) 
58.87 74.4 *** 56.93 97.33 *** 82.27 ** 41.18 

(125.86) (98.66) (129.77) (114) (119.19) (36.78) 

Livestock (1 = HH owns livestock) 
0.8 0.75 0.81 0.76 0.96 0.61 *** 

(0.39) (0.43) (0.39) (0.43) (0.21) (0.49) 

Farm size (ha) 
2.21 2.65 *** 2.16 2.94 *** 2.69 *** 2.26 

(1.71) (1.58) (1.72) (1.52) (1.4) (1.74) 

Off-farm wage employment (1 = 

yes) 

0.42 0.24 *** 0.44 0.27 ** 0.08 *** 0.32 

(0.49) (0.43) (0.49) (0.45) (0.28) (0.47) 

Household Social Capital             

Access to credit (1 = yes) 
0.09 0.17 ** 0.08 0.24 *** 0.13 0.13 

(0.29) (0.38) (0.28) (0.44) (0.34) (0.34) 

Member in organization (1 = yes) 
0.37 0.59 *** 0.34 0.70 *** 0.65 *** 0.42 

(0.48) (0.49) (0.47) (0.46) (0.49) (0.5) 

Storing (1 = HH does store for 

selling) 

0.89 0.92 0.89 0.89 1 * 0.9 

(0.3) (0.26) (0.3) (0.31) (0) (0.3) 

Collective processing (1 = HH does 

collective processing) 

0.04 0.20 *** 0.01 0.38 *** 0.17 *** 0.03 

(0.19) (0.4) (0.13) (0.49) (0.38) (0.18) 

Collective production (1 = HH does 

collective production) 

0.1 0.14 0.09 0.1 0.04 0.25 *** 

(0.29) (0.35) (0.29) (0.31) (0.21) (0.44) 

Household Specific 

Characteristics 
            

Awareness (1 = yes) 
0.45 0.30 *** 0.47 0.20 *** 0.52 0.25 *** 

(0.43) (0.38) (0.43) (0.33) (0.43) (0.35) 

Risk attitude HH head (0 = fully 

risk averse) (10 = fully prepared to 

take risk) 

5.56 6.21 * 5.48 6.86 *** 6.34 5.35 

(2.73) (2.56) (2.74) (2.2) (2.51) (2.82) 

Perceived land security (0 = not 

secure at all) (3 = very secure) 

1.87 1.89 1.86 1.74 2.05 1.96 

(1.11) (1.02) (1.13) (0.98) (1.19) (0.92) 

Household Climate Effect             

Environmental shock (1 = yes) 
0.47 0.56 * 0.46 0.63 ** 0.41 0.59 ** 

(0.34) (0.34) (0.33) (0.33) (0.38) (0.31) 

Income loss due to shock (PPP US 

$ 2010) 

708.1 106.5 *** 663.5 
1371.17 

*** 
860.79 * 853.44 

(971.92) (1318.6) (910.91) (1572.94) (978.13) (1162.52) 

Geographics             

Distance to market (km) 
9.55 12.27 9.21 13.24 ** 6.56 15.35 

(11.31) (14.77) (10.77) (17.2) (2) (16.14) 

Region (1 = Morogoro) 
0.48 0.66 *** 0.46 1 *** 0.00 *** 0.74 *** 

(0.5) (0.47) (0.49) (0) (0) (0.44) 

Mean values (with standard deviation in parentheses) across schemes tested for statistically 

significant differences compared to nonadopting farmers using Mann–Whitney test; * p < 0.1, ** p < 

0.05, *** p < 0.01//Max VIF 1.45. 

Table A4. Well-being indicators of rural farmers in Tanzania. 

Variable Semi-arid Dodoma Region Semi-humid Morogoro Region Total Sample 
 

Adopter  Nonadopter Adopter  Nonadopter N = 820 
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N = 31 N = 390 N = 60 N = 339 

HH well-being indicators 
     

Total annual income per 

HH (PPP US $ 2010) 

1657.12  

(1575.77) 

1411.68  

(1966.44) 

1764.47 * 

(2335.7) 

1311.49 

(2508.95 

1405.35 

(2221.26) 

Total income from crop 

production per HH (PPP 

US $ 2010) 

372.55  

(386.27) 

342.45 

(496.41) 

447.39 

(992.87) 

496.15 

(771.02) 

414.81 

(666.51) 

Total value of durable 

goods per HH 

13.98  

(11.53) 

18,45 75.26 *** 25.67 25.43 

(35.19) (107.08) (41.37) (48.33) 

Percentage of postharvest 

loss 

0.016 0.021 0.057 *** 0.031 0.028 

(0.31) (0.06) (0.13) (0.08) (0.07) 

HCI per HH 
0.13 0.17 0.50 * 0.44 0.3 

(0.16) (0.22) (0.29) (0.28) (0.29) 

Mean values (with standard deviation in parentheses) across schemes tested for statistically 

significant differences compared to nonadopting farmers using Mann–Whitney test; * p < 0.1, ** p < 

0.05, *** p < 0.01. 

Table A5. Factors that influence the adoption decision of UPS in Tanzania—estimates from 

multinomial logistic regression and the adaptive lasso. 

Adoption Variables Base = 

0 

 Multinomial Logistic Regression 

(Adaptive Lasso) 

 Maize-Sheller Millet-Thresher Storage Superbags 

1 2 3 
 Adopter N = 37 Adopter N = 23 Adopter N = 31 
 

Coef ���⃗ ��
�

 Coef ���⃗ ��
�

 Coef ���⃗ ��
�

 

HH head is male 1.524 1.38 −0.106 −0.012 −0.6 −0.468 
 

−0.936 
 

−0.515 
 

−0.395 
 

Age of HH head in years – – – – – – 
 –  –  –  

Education years of 

schooling HH head 
– – – – – – 

 –  –  –  

Household size 0.068 0.042 -0.169 -0.125 0.041 0 
 

(0.069) 
 

(0.106) 
 

(0.083) 
 

Livestock keeping −      

 
– – – – – – 

Off-farm wage 

employment 
– 

 
– 

 
– 

 

 
– – – – – – 

Farm size (ha) – 
 

– 
 

– 
 

 – – – – – – 

Perceived land security – 
 

– 
 

– 
 

 
– – – – – – 

Awareness –  –  –  

 
– – – – – – 

Asset score – 
 

– 
 

– 
 

 – – – – – – 

Microcredit group – 
 

– 
 

– 
 

 
– – – – – – 

Store for selling –  –  –  

 
– – – – – – 

Collective processing 3.384*** 1.555 2.478*** 0.641 0.382 -0.641 
 (0.576)  (0.75)  (0.848)  
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Collective production 0.318 0.153 -0.469 -0.436 1.204*** 1.022 
 

(0.672) 
 

(1.067) 
 

(0.428) 
 

Income loss due to shock 0.002 0.008 0.002* 0.002 0.005 -0.002 
 

(0.001) 
 

(0.001) 
 

(0.002) 
 

Experienced 

environmental shock 
1.393* 0.692 0.093 -0.445 1.184** 0.445 

 
(0.768) * 

 
(0.766) 

 
(0.571) 

 

Member in any agricultural 

organization 
0.997** 0.356 1.208** 0.63 0.274 -0.356 

 
(0.462) 

 
(0.491) 

 
(0.384) 

 

Prepared to take risk 0.084 0.034 0.154 0.065 -0.019 -0.039 

Distance to next market 

(0.084) 

- 

- 

 
(0.099) 

- 

- 

 
(0.071) 

- 

- 

 

Located in Morogoro 17.60*** 2.42 -18.04*** -3.329 1.246*** 0.425 
 

(0.351) 
 

(0.35) 
 

(0.438) 
 

Constant -24.07*** -4.793 −3.712***  4.938 -4.593*** -0.138 
 

(2.281) 
 

(1.218) 
 

(0.894) 
 

Pseudo R² 0.264 
     

Wald Chi squared 

(20;11;36) 
14,990.16***      

Prob > Chi² 0.000 
     

Log pseudolikelihood -282.75 
     

N 820 
     

Standard error in parentheses; marginal effects are displayed for Logistic regression; �⃗�� applied for the logistic 

regression and the multinomial logistic regression; p-values: * p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Figure A1. Kernel densities of the probability of treatment level r = 1,…,3. Note: Matching on Nearest 

Neighbour Matching (NNM) for upgrading strategies (UPS) [1,2,3] and binary case [0,1]. 
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