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Abstract

In this paper, the authors use survey data from over 800 households to examine the impact
of demonstration plots and associated activities (distribution of small packs of agricultural
inputs) on smallholder farmers’ decisions to buy agricultural inputs in Tanzania. Using pro-
pensity score matching and inverse probability-weighted adjustment models, the authors
estimated the effect of access to demonstration plots alone and demonstration plots com-
bined with small packs of agricultural inputs on a household’s decision to purchase improved
inputs. The results indicate that access to demonstration plots and demonstration plots with
small packs increased the probability of purchasing improved inputs by 13—-17 percentage
points. This paper suggests that demonstration plots and demonstration plots with small
packs are an effective model for enhancing improved technology adoption and are further
increased when those inputs are available within a 5km radius. The results point to the
importance of strengthening farmers’ organizations and last-mile agricultural input suppliers
in order to enhance and facilitate access to information, appropriate production techniques,
and improved inputs. The results also indicate the importance of investing in infrastructure
to reduce transportation costs that limit market efficiency for appropriate technologies.

1. Introduction
1.1 Background

Despite some progress over the past years, agricultural productivity in sub-Saharan Africa is
still low and far below potential [1]. In Tanzania, smallholder agriculture is the main source of
livelihoods for most of the population, employing over 70% of the population and contributing
25% to the Gross Domestic Product [2]. The fact that most of the population contribute only
25% of GDP is indicative of the low productivity and therefore high vulnerability to food and
income insecurity. The main factors that limit the productivity of smallholder agriculture in
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the country include land degradation and poor soil fertility; climate variability; crop pests and
diseases; low adoption of improved agronomic practices as a result of inadequate access to
information and unreliable agro-input supply systems and institutional barriers such as poor
markets for inputs and farm products; and poor farmer organization [3].

The Government of Tanzania and its development partners have developed and imple-
mented several policies and programs aimed at improving agricultural productivity and nutri-
tion as summarized by [4]. These include the Tanzania Development Vision (TDV 2025),
CAADP country strategy, which translates into the Food Security Development Plan (TAF-
SIP- 2016/17-2020/21); Agricultural Sector Development Plan II (2016/17-2020/21); the
National Multi-Sectoral Nutrition Action Plan (NMNAP- 2016/17-2020/21), District Agricul-
tural Development Plans (DADPs), and the Southern Agricultural Growth Corridor of Tanza-
nia (SAGCOT). Efforts of these plans have realized some results but more still needs to be
done. At the global level, in 2010, the United States government launched a hunger and food
security initiative, Feed the Future (FtF), which is designed to harmonize regional hunger- and
poverty-fighting efforts in countries with chronic food insecurity and insufficient production
of staple crops. Tanzania was one of the beneficiary countries as part of this initiative. The FtF
initiative was designed to thrive on leveraging of partnerships, innovation and host govern-
ment leadership [5].

One of the FtF investments in Tanzania was the NAFAKA staple value chain project led
by ACDI/VOCA. The first phase of the activity (project) was commissioned in 2011 and ran
through 2016 with a goal of sustainably reducing poverty and hunger by improving the produc-
tivity and competitiveness of maize and rice value chains that offer job and income opportuni-
ties for rural households in Tanzania [6]. A second phase of the NAFAKA project focusing on
market systems development (NAFAKA II) was launched in September 2016 and will close
activities in October 2021. The NAFAKA project partnered with another FtF initiative, the
Africa Research in Sustainable Intensification for the Next Generation (Africa RISING) led by
the International Institute of Tropical Agriculture (IITA). This project also had a focus on creat-
ing opportunities for smallholder farm households to move out of hunger and poverty through
sustainably intensified farming systems that improve food, nutrition, and income security, par-
ticularly for women and children, and conserve or enhance the natural resource base.

Given the centrality of agricultural extension and advisory services for addressing rural
poverty and food insecurity [7], the two interventions made investments in this component.
Particularly, demonstrations plots were used in conjunction with other extension methods
and techniques given their role in enabling farmers to learn first-hand about improved tech-
nologies [8] and then complemented with small packs of agro-inputs and extension training
activities to stimulate farmers’ trial and experimentation before making adoption decisions as
suggested by [9]. The objective of this study is therefore to assess whether these influence farm-
ers’ decisions to adopt agro-inputs when compared to farmers in non-project locations.

1.2 Study context and related literature

Our study focuses on activities related to maize production in Tanzania, the largest producer
in East Africa. Maize is also the main staple crop in Tanzania, in addition to rice which
NAFAKA and Africa RISING projects also work with in the country. Both crops are grown
by over 90% of farmers in the country. The implementation approach for the NAFAKA and
Africa RISING projects involved developing a network of rural-based extension service pro-
viders (volunteer and government staff), group and association capacity building and enhanc-
ing access to agro-inputs through agro-input supply networks. NAFAKA has additional
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unique approaches to expanding market and trade and engaging with public and private
sectors to play active roles in enhancing smallholder livelihoods across the value chain.

The intervention further focuses on the establishment of demonstration plots for farmer
learning and experimentation, thereby providing an opportunity for them to observe the bene-
fits of crop varieties, good agronomic practices (GAPs) and natural resource management.
The plots are managed by the village-based extension staff and lead farmers who use them to
provide direct training to farmers with technical support from NAFAKA and Africa RISING
scientists. Another utility of the demonstration plot model is that it is anticipated to stimulate
farmers’ purchase of agro-inputs after observing clear benefits of the technologies at the plots.

Demonstration plots, and later farmer field schools have been a cornerstone of agricultural
extension services in Tanzania [8, 10, 11]. Demonstration plots, when well planned, designed
and implemented, provide an opportunity for beneficiaries to, among others, see the technolo-
gies together with their benefits as well as interact with the scientists, extension staff and other
actors in development and research. The beneficiaries are also able to have key questions
answered and doubts cleared thereby providing further reinforcement on their decisions to
adopt the demonstration technologies. Several studies related to demonstration plots and cere-
als production have been conducted in East Africa. For instance, [12-14], analyzed the impact
of demonstration plots and other factors on farming practices, while [15, 16], and specifically
focused on the impact of demonstration plots on cereals farming in East Africa.

Results of these studies show different benefits of demonstration plots on household
income and investment. Notably [12], concludes that an extension program featuring demon-
stration plots contributed to statistically significant increases in household income and invest-
ment. Likewise [13], found a highly statistically significant increase in farm income for farmers
attending Farmer Training Centers and demonstration plots. In contrast [14], showed that
although training programs featuring demonstration plots were linked to adoption decisions,
the impact was limited by capital constraints. However, to our knowledge, very few studies
explicitly focused on the extent to which demonstration plots, either in isolation or in combi-
nation with other activities influenced farmers’ decisions to purchase and use inputs associated
with the demonstration technologies. We aim to contribute to the growing literature on agri-
cultural extension by assessing the effect of demonstration plots and demonstration plots
combined with small packs of inputs on the purchase of improved agricultural inputs using
a unique and recent household-level data. Precisely, we use the propensity score matching
(PSM) and the doubly robust inverse probability weighted regression adjustment (IPWRA)
models to estimate the average treatment effects. The IPWRA provides efficient estimates by
allowing the modelling of both the outcome and the treatment equations and requires that
only one of the two models are correctly specified to consistently estimate the impact [17].

The rest of the paper is organized as follows. In the next section, we present the sampling
strategy and data collection procedure. Section 3 lays out the empirical framework whereas
section 4 presents the results and discussion. The last section draws conclusions and
recommendations.

2. Materials and methods
2.1 Sampling and data collection

The study was conducted in: (i) districts where NAFAKA/Africa RISING was operational
from the inception of the projects in 2012 (i.e. Kongwa and Mvomero districts); (ii) districts
where NAFAKA/Africa RISING started operating in 2016 (i.e. Iringa Rural and Kilolo dis-
tricts). These districts are shown in Fig 1. As the first stage of the sampling procedure, these
districts were selected purposively. Specifically, Kongwa and Iringa districts were selected to
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Fig 1. Districts where the study was conducted.

https://doi.org/10.1371/journal.pone.0243896.9001

participate in the Africa RISING/NAFAKA projects because they had some of the most food-
insecure villages in Tanzania. There are parts of these districts that are semi-arid with unreli-
able and unevenly distributed rainfall associated with frequent cycles of drought and flooding
pushing agro-pastoral and smallholder farming households over the edge. Without the benefit
of modern farming technologies, farmers typically rely on low-yielding practices and crop
varieties. Contrary to Kongwa and Iringa, Mvomero and Kilolo districts have stable and reli-
able rains but the farming communities typically own small land sizes and most are remote
and thus far from markets. Also, they face threats of land degradation and diminishing farm
outputs although they are using improved seeds and fertilizers.

In the second stage, sets of villages were selected as “treatment” villages and “control” vil-
lages from each district. Treatment villages are those where NAFAKA/Africa RISING had
interventions and control villages are those that did not receive any project intervention. The
control villages were identified in the same agroecological zone as treatment villages. Farmers
in these villages rely exclusively on public extension services provided by village agricultural
extension officers (VAEOs). The VAEOs operate in a challenging work environment with lim-
ited travel and logistical support, limited training on new technologies and minimum supervi-
sion. There were no established demonstration plots in the control villages at the time of
conducting this study.

VAEOs were engaged by the projects through additional GAP trainings. Each VAEO was
also tasked to establish a demonstration plot in collaboration with existing farmer groups in
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his or her village of operation. Besides working with community members, the treatment vil-
lages also benefited from the ACDI/VOCA Village-Based Agricultural Agents (VBAAs). These
agents were selected by community members to complement the VAEOs’ work and provide
immediate GAP knowledge in the villages after completing a series of training sessions con-
ducted by the projects. In addition to co-managing the demonstration plots, the VBAAs also
provided small packs of agro-inputs to farmers and, where supported, established agricultural
input shops thereby increasing farmers access to these inputs.

In each of the four NAFAKA/Africa RISING districts, five treatment villages and five con-
trol villages were randomly selected for the survey using probability proportional to size sam-
pling (PPS). It is also noteworthy that the study focused on only maize production locations.

Finally based on a sample size calculation considering the total number of NAFAKA/Africa
RISING farmers, 400 farmers each were selected from the treatment and control villages to
create a total sample size of 800 respondents. However, to account for the non-response rate,
more than the minimum target of 20 farmers per village were interviewed in some villages. In
total, 866 respondents were interviewed including 444 respondents from treatment villages
and 422 respondents from control villages. Nevertheless, due to incomplete data from some of
the questionnaires, only 852 households were considered in the analysis.

Data were collected in February 2018 using interviews with respondents from the treatment
and control villages. Specifically, a team of well-trained enumerators used an electronic ques-
tionnaire on the Kobo Toolbox smartphone application to interview the selected survey
respondents. The interviews were conducted in the local language (Swahili) to ensure that the
questions could be easily understood by all respondents. The use of an electronic questionnaire
was very cost-effective and allowed for highly efficient survey enumeration.

2.2 Ethics statement

"The data was collected through household surveys and data were analyzed anonymously. The
participants in the survey were selected from the beneficiaries and non-beneficiaries of the
Africa RISING and NAFAKA project. A clear explanation of the objectives of the survey was
given to the participants and all of them were asked for their verbal informed consent to will-
ingly participate in the study. If the respondents declined to be interviewed, the reasons for
their refusal were also recorded and no one was forced to participate in the survey."

2.3 Conceptual framework and empirical procedure

In this study, we view the decisions of the farmer to visit a demonstration plot in a given period
to be derived from the maximization of expected utility subject to cash, credit, and other con-
straints [18]. In the spirit of other studies in the vein (e.g. [19-21]), let (Ug) represent the utility
to the farmer from accessing a demonstration plot and let (Uy) represent the utility from not
visiting a demonstration plot. A farmer will choose to visit a demonstration plot if
D; = U, — Uy > 0.D; is alatent variable determined by observed characteristics (Z;)
which include group membership, ownership of household assets, livestock, household head
socioeconomic characteristics and average annual rainfall and; the error term (e;) such that:

1 if D;>0

D; = fZ,+ e; with D, = (1)
0 otherwise

where D; is a binary indicator variable that equals 1 if a farmer visits a demonstration plot and/
or demonstration plot with small packs (hereafter referred to as treated) and zero otherwise
(hereafter referred to as not treated) and f is a vector of parameters to be estimated.
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2.3.1 Propensity score matching. As explained above, we envisage that accessing demon-
stration plots and demonstration plots with small packs will encourage farmers to invest in
improved inputs. To estimate the impact of the demonstration plots and/or demonstration
plots with small packs on the agro-input purchase, we used the propensity score matching
approach [21-23]. Specifically, we used the Average Treatment Effect on the Treated (ATT) to
measure the impact which is the average difference between expected outcome values with and
without treatment for those who had access to demonstration plots and/or demonstration
plots with small packs. Following [24, 25], the ATT can be defined as:

ATT = E(Yu - YUi|Di = 1)

2
:E(Yli‘Di =1)- E(Yoi‘Di =1) )
Where E (.) is the expectation operator, Y; is the outcome for the treated households, Yy, is the
counterfactual outcome for the same household and D; is as defined as above. One problem
that arises in estimating Eq (2) is that we can only observe either Y;; or Yy; but not both of
them for each household. Using the mean outcome of untreated individuals may lead to selec-
tion bias because it is most likely that components which determine the treatment decision
also determine the outcome variable of interest especially in non-experimental studies [24]. To
address this problem, we use PSM. The PSM uses propensity scores to match every individual
observation of treated households with an observation with similar characteristics from the
non-treated or control group. The propensity score is the conditional probability of assign-
ment to the treatment given a vector of observed covariates [26]. In an ideal situation, random
assignment to treatment is the best way of correcting for selection bias because all beneficiaries
would have an equal chance of being assigned to each treatment [27]. However, implementing
a randomized experiment is quite expensive and was not feasible in our study. Other methods
of correcting for selection bias due to both observed and unobserved characteristics such as
Instrumental Variable (IV) techniques impose distributional and functional form assump-
tions, such as linearity on the outcome equation and extrapolating over regions of no common
support, where no similar treated and non-treated observations exist [21]. Although PSM does
not correct for selection bias due to unobservables, it does not impose distributional assump-
tions. Incorporating propensity scores in Eq (2) leads to:
ATT = E[D, = 1, p(X,)] — E[D; = 0, p(X))] (3)

Where p(X;) are the propensity scores estimated from Eq (1) and defined as:
p(X;) = Pr(D; = 1|X) = F{h(X)} = E(D,|X) (4)

where X is a vector of covariates based on observed characteristics (i.e. the same as Z; in Eq
(1)) and F{.} is a normal cumulative distribution function. In the estimation of the ATT, we
used the nearest neighbour and kernel-based matching algorithms.

PSM estimation relies on two important assumptions; the conditional independence and
overlap assumptions. The conditional independence assumption (CIA) states that the treat-
ment assignment is essentially randomized when we condition on a rich set of covariates. It
suggests that that systematic differences in outcomes between treated and comparison house-
holds with the same values for covariates are attributable to treatment [25]. The CIA assump-
tion cannot be tested and only relies on conditioning on a rich set of observed covariates. The
overlap assumption on the other hand states that conditioning on a set of covariates, everyone
has a positive probability of receiving treatment (also known as the overlap assumption). We
test this assumption in the subsequent sections.
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2.3.2 Inverse probability weighted regression adjustment. As a robustness check,
we also estimated the ATT using the inverse probability weighted regression adjustment
(IPWRA) which is sometimes referred to as a doubly robust estimator [17, 28]. Like propensity
score matching (PSM), the IPWRA only accounts for observed and does not control for unob-
served heterogeneity. One of the drawbacks of the PSM method is that biased estimates may
be obtained if the propensity score model is misspecified [28]. Unlike PSM, the IPWRA
method provides efficient estimates by allowing the modelling of both the outcome and the
treatment equations and requires that only one of the two models are correctly specified to
consistently estimate the impact. It combines the inverse probability weighting (treatment
model) with regression adjustment (outcome model) to achieve this. The ATT for the IPWRA
can be specified as:

ATT s =N [+ BiX) — (4 + BiX))]
= [(o; — o) + X, (B, — B)]

Where (o7, fi;) are attained from the inverse probability-weighted least squares problem for
the treated group

(5)

. N (y,—ar =X ’

and (o, f5,) are attained from the inverse probability-weighted least squares problem for non-
treated

* 2

: v — o — BoXo)
mln"lo/fo Zi:() 1— }3(){7 «;;) (7)

The * on the estimated parameters &, 5, and X describes the double robustness result;

p = (X, ?) are the estimated propensity scores. Note that the X’s are defined as above.

3. Results and discussion
3.1 Descriptive results

Table 1 shows the outcome and explanatory variables considered in the study, drawn from the
extensive literature on agricultural extension (e.g. [7, 29-31]). On average, 33% of the house-
holds purchased improved agricultural inputs. The improved inputs include fertilizers, crop
protectants, and improved seeds. Accordingly, ‘improved inputs’ as used in this study is a pur-
chase of the combination of improved seeds, fertilizers and crop protectants. A household was
considered to have purchased improved inputs if they bought any one or a combination of the
inputs. Results in Table 1 also show that about 37% of the households had access to demonstra-
tion plots while 33% had access to demonstration plots and received a small pack of improved
inputs. Demonstration plots are farmer-owned and farmer-managed plots of land used by vil-
lage-based extension agents (VBAA), village agricultural extension officers (VAEOS) or Lead
Farmers as a platform for training farmers on GAPs. They are designed to facilitate positive
changes in farmer practices through the integration of core behaviours in their farm activities
such as proper land preparation, proper spacing, use of fertilizer and improved seeds, soil and
water management, pest and disease control, and pre-harvest/harvest/post-harvest practices.
Such practical training in the demonstration plots is the initial step towards developing knowl-
edge and skills for farmers to build their capacity to adopt improved practices and, in turn,
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Table 1. Descriptive statistics and the definition of variables.

Variable Definition Mean |SD
Outcome variable

Improved inputs = 1 if household purchased improved inputs, 0 otherwise 033 047
Treatment variables

Demonstration plots =1 if a household had access to a demonstration plot, 0 otherwise 0.37 | 048
Demonstration plots with small =1 if a household had access to a demonstration plot and received small packs of agricultural inputs, 0 033 047
packs otherwise

Explanatory variables

Household size = Total household size (number) 5.19 2.19
Household head education = Household head education (rank) 1.88 1.11
Household head sex = 1 if household head is male, 0 otherwise 0.22| 042
Household head youth = 1 if household head is a youth, 0 otherwise 0.25| 043
Farm size = Land owned by households (ha)

Livestock ownership = Livestock ownership measured in Tropical Livestock Units (TLU) 2.51| 12.23
Wealth index = Household wealth index 0.00 1.575
Phone ownership = 1 if household owned a mobile phone, 0 otherwise 0.82| 0.38
Bicycle =1 if a household uses a bicycle as a means of transport 0.34| 047
Farmer group =1 if a household is a member of a farmer group, 0 otherwise 0.58 | 0.49
Lending group =1 if a household is a member of a lending group, 0 otherwise 020 04
Tarmac road =1 if a household has access to a tarmac road 0.02| 0.14
Average rainfall Average rainfall (mm) 703.8 | 263.1

https://doi.org/10.1371/journal.pone.0243896.t001

increase marginal sales and yields. Farmers were asked whether they have ever accessed the
project demonstrations at least once for purposes of accessing knowledge and skills which they
transfer to their farm operations.

In contrast, small packs represent agro-inputs marketing approach designed to remove bar-
riers to smallholder farmers’ adoption of improved seeds and fertilizers in rural and remote
areas suffering from the prevalence of expired and counterfeit inputs, particularly seed, leading
to low confidence among farmers that improved seeds and fertilizers justify their investment
costs. It involves packs of seed or fertilizer ranging from 50 to 250 grams being distributed for
free to farmers by VBAAs for them to try out for purposes of eliminating doubt, increasing
awareness, and generating interest in purchasing these inputs.

To capture household capital endowments, we include household size, education and
wealth. The size of the household is usually a proxy of household labour availability and previ-
ous studies have shown that larger households are more likely to adopt improved agricultural
technologies [32]. We expect access to demonstration plots to increase with education because
generally, education broadens interest in access to information and services, supporting inno-
vation. We proxy for wealth using a wealth index constructed using principal component anal-
ysis (PCA). The wealth index includes variables measuring various dwelling characteristics:
access to electricity, toilet quality, roof quality, floor quality, and the number of rooms. Besides,
mobile phone ownership and livestock ownership are included in our models but are not part
of the constructed wealth index. It is expected that wealthier households are more likely to
access demonstration plots and use improved agricultural inputs because, in most cases,
improved agricultural inputs are expensive.

Social capital is important in not only facilitating access to improved agriculture technolo-
gies but also in mitigating against production and net returns risks. We measure social capital
in terms of farmer and lender group membership. Group membership indicates the intensity
of contacts with other farmers, hence farmers who do not have contacts with extension agents
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may still be informed about new technologies by their colleagues [33]. Results indicate that
about 58% of the sample households were members of a farmer group.

Finally, most countries in sub-Saharan Africa, including Tanzania are subject to environ-
mental problems such as droughts and uneven distribution of rainfall and may also affect the
decision to purchase improved agricultural inputs. We capture the variability in rainfall by
including a rainfall variable which measures the amount of rainfall that was received in the
2016-17 farming season.

Table 2 shows the descriptive statistics disaggregated by access to demonstration plots.
There is a statistically significant difference between the two groups for several variables nota-
bly, households which accessed demonstrations had significantly higher means for several var-
iables related to improved inputs, wealth and access to resources.

3.2 Empirical results

A logit model was used to estimate the probability of access to demonstration plots and demon-
stration plots with small packs. Table 3 shows the marginal effects, with standard errors clustered
at the village level for the results in columns 2 and 4. Even though the main objective of the study
was to examine the impact of extension (i.e. access to demonstration plots and demonstration
plots with small packs) on the purchase of improved inputs, we briefly discuss the results in
Table 3. The results indicate that female-headed households were 8% and 7% less likely to access
demonstration plots and demonstration plots with small packs and these results are in line with
the findings of [34]. Consistent with previous studies on extension [e.g. 35], we found that house-
holds with larger farms were less likely to access demonstration plots with small packs. This is
plausible because most extension agents are more likely to target smallholder farmers. The results
also show that access to demonstration plots and demonstration plots with small packs increased

Table 2. Descriptive statistics by access to demonstration plots.

Variables Accessed demonstration plots Did not access demonstration plots Mean difference

Outcome variable
Improved inputs
Explanatory variables
Household head education
Household head sex
Household head youth
Household size

Farm size

Livestock ownership
Wealth index

Phone ownership
Bicycle

Farmer group
Lending group
Average rainfall

Tarmac road

Note:

* p<0.10,

** p<0.05,
*** p<0.001.

0.42 0.28 0.13***
1.94 1.84 0.10
0.77 0.78 -0.01
0.22 0.27 -0.05*
5.33 5.11 0.22
2.54 2.43 0.11
2.92 2.28 0.64
0.15 -0.09 0.24**
0.87 0.80 0.08"**
0.45 0.27 0.17***
0.21 0.07 0.13***
0.27 0.16 0.11***
692.50 710.40 -17.91
0.041 0.01 0.04***

The difference is measured by the two-sample ¢-test with equal variances.

https://doi.org/10.1371/journal.pone.0243896.t1002
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Table 3. Determinants of demonstration plots and demonstration plots with small packs.

Variables

Demonstration plots Demonstration plots with small packs

With village cluster std errors | Without village cluster std errors | With village cluster std errors | Without village cluster std errors

Household head education | 0.01 (0.02)

Household head sex -0.08* (0.04)
Household head youth -0.03 (0.04)
Household size -0.00 (0.01)
Farm size -0.01 (0.01)
Livestock ownership 0.00** (0.00)
Wealth index 0.03 (0.02)
Phone ownership 0.08* (0.05)

0.25*** (0.06)
0.12** (0.05)
0.00** (0.00)
Tarmac road 0.39** (0.12)
Bicycle 0.10** (0.04)
Kilolo district -0.41** (0.16)

Farmer group
Lending group

Average rainfall

Iringa district -0.00 (0.17)
Mvomero district -0.51** (0.20)
Observations 852

Note: Standard errors in parentheses.
* p<0.10,

** p<0.05,

** p<0.001.

https://doi.org/10.1371/journal.pone.0243896.t003

0.01 (0.01) 0.01 (0.02) 0.01 (0.01)
-0.08%* (0.04) -0.07* (0.04) -0.07* (0.04)
-0.03 (0.04) -0.05 (0.04) -0.05 (0.04)
-0.00 (0.01) -0.00 (0.01) -0.00 (0.01)
-0.01* (0.01) -0.02** (0.01) -0.02** (0.01)
0.00** (0.00) 0.00"* (0.00) 0.00"* (0.00)
0.03"* (0.01) 0.03* (0.02) 0.03"* (0.01)
0.08" (0.05) 0.05 (0.04) 0.05 (0.04)

0.25*** (0.04)
0.12%** (0.04)
0.00*** (0.00)
0.39** (0.13)
0.10%* (0.03)

0.23*** (0.04)
0.13*** (0.04)
0.00*** (0.00)
0.34** (0.11)
0.10** (0.03)

0.23*** (0.06)
0.13** (0.05)
0.00** (0.00)
0.34*** (0.09)
0.10** (0.04)

-0.41*** (0.05) -0.42** (0.16) -0.42"** (0.05)
-0.00 (0.04) 0.02 (0.14) 0.02 (0.04)
-0.51%** (0.07) -0.46** (0.19) -0.46"** (0.07)
852 852 852

with livestock ownership and wealth index. Wealthier households are usually in a better position
to bear the possible risks and costs associated with accessing demonstration plots and may

have the ability to finance the purchase of inputs. The results also indicate that mobile phones
increased the likelihood of accessing demonstration plots by 8%, which is likely because mobile
phones are an important information access tool allowing farmers to exchange information
regarding the location of the demonstration plots for instance.

Similar to the results found by [36, 37], results in Table 3 indicate that access to demonstra-
tion plots and demonstration plots with small packs increased with membership in farmer and
lending groups by between 12%-25%. Bicycle ownership and access to a tarred road are prox-
ies for transport equipment and transaction costs associated with accessing information
through demonstration plots. Specifically, the results show that the probability of accessing
demonstration plots increased by 39% and that of demonstration plots with small packs by
34%. Accessing a tarred road also increased the propensity to access demonstration plots and
demonstration plots with small packs by 34%, suggesting that farmers who are located near a
tarred road were more are likely to access extension services [37].

Finally, district dummies reflect the agro-ecological and resource differences in the four dis-
tricts. Relative to Kongwa district, farmers in Kilolo and Mvomero districts were less likely to
have access to demonstration plots and demonstration plots with small packs.

3.3 PSM estimates of the impact of access to demonstration plots and
demonstration plots with small packs on the purchase of improved inputs

The logit model results presented above (with standard errors clustered at village level) were
used to generate propensity scores upon which the observed characteristics were balanced
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across the treated and non-treated households. Before estimating the causal effects of demon-
stration plots and demonstration plots with small packs on the purchase of improved inputs,
we first tested whether the overlap assumption was satisfied and accessed the quality of match-
ing on propensity scores. Fig 2 shows the propensity score distribution and common support
for propensity score estimation. The results show that the common support condition is satis-
fied as there is substantial overlap in the distribution of the propensity scores of the treated

and non-treated groups.

Since PSM relies on conditioning on propensity scores and not on all the covariates, it must
be checked if the matching procedure can balance the distribution of the relevant variables in
the control and treatment groups [25]. Table 4 presents the results from covariate balancing
tests before and after matching. The reduction in the mean absolute standardized bias between
the matched and unmatched models was used to assess the balancing of covariates. The bal-

ancing tests in Table 4 showed a substantial reduction in the mean absolute bias between the

matched and unmatched models, with no significant differences after matching. The total bias
reduction ranged from 71-76% and this indicates that PSM was successful in reducing selec-

tion bias due to observed characteristics.

T
0 2

4 6
Propensity Score

8 1

I untreated
I Treated: Off support

I Treated: On support

0 2

4 6
Propensity Score

T T

8 il

I Untreated

I Treated: On support
I Treated: Off support

Fig 2. Propensity score distribution and common support for propensity score estimation. Note: “Treated: on support”
indicates the observations in the treated group (demonstration plots and demonstration plots with small packs) have a suitable
comparison. “Treated: off support” indicates the observations in the treated group that do not have a suitable comparison.

https://doi.org/10.1371/journal.pone.0243896.9002

Table 4. Matching quality indicators before and after matching.

Treatment (Matching Pseudo R* Pseudo R* LR X> (p-value) |LR b'g (p-value) |Mean standardized Mean standardized Total% |bias|

algorithm) Before after matching | Before matching | After matching |bias before matching | bias after matching | reduction
matching

Demonstration plots 0.14 0.007 160.82 (p = 0.00) |6.12 (p =0.96) 17.8 4.70 73.60

(NNM)

Demonstration plots 0.16 0.01 169.86 (p = 0.00) | 10.14 (p = 0.86) 18.5 5.30 71.35

with small packs (NNM)

Demonstration plots 0.14 0.01 160.82 (p = 0.00) |5.43 (p =0.99) 17.80 4.30 75.84

(KBM)

Demonstration plots 0.16 0.01 169.86 (p = 0.00) |8.86 (p=0.92) 18.5 5.40 70.81

with small packs (KBM)

'NNM = three neighbours matching and common support.

*KBM = kernel-based matching (Epanechnikov) with bandwidth 0.03 and common support.

https://doi.org/10.1371/journal.pone.0243896.t004
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The effects of demonstration plots and demonstration plots with small packs on the pur-
chase of improved inputs estimated with the nearest neighbour (NNM) and kernel-based
matching (KBM) models are presented in Table 5. The results from the two models are similar
(albeit with different treatment effects magnitudes) and they indicate that the probability of
purchasing improved inputs increased with access to demonstration plots and demonstration
plots with small packs. In the NNM model, visiting a demonstration plot increased the proba-
bility of acquiring inputs by 13 percentage points. The households that received small packs in
combination with access to demonstration plots were also likely to procure improved inputs
by 15 percentage points as compared to the non-treated households (Table 5). The results for
the KBM matching algorithm can be interpreted similarly.

3.4 Sensitivity analysis and robustness checks

3.4.1 Sensitivity analysis with Rosenbaum bounds. Since the estimation of treatment
effects with PSM is based on observed characteristics, a hidden bias may arise if treated and
non-treated individuals differ on unobserved variables which simultaneously affect assignment
into treatment and the outcome variable. Using the bounding approach suggested by [38], we
assess how strongly an unobserved factor may influence the selection process to invalidate the
results of PSM analysis [25]. Considering that our outcome variable is binary, we use the Man-
tel-Haenszel (MH) bound proposed by [39]. The results in Table 6 indicate that the treatment
effects were quite robust to the presence of hidden bias at different critical levels of hidden bias
(T). Across the different treatment variables, the level at which we start to question our conclu-
sion of a positive effect of demonstration plots and demonstration plots with small packs on
improved inputs purchase ranges from I' = 1.4-1.6. This implies individuals differ in their
odds of treatment by a factor of 40-60%, in terms of unobserved covariates. These values or
bounds reflect “worst-case scenarios” and hence do not indicate the presence of selection bias
but only tell us how strong the selection bias should be to invalidate our conclusions [25].

3.4.2 IPWRA estimates of the impact of access to demonstration plots and demonstra-
tion plots with small packs on the purchase of improved inputs. As a key robustness check
for the PSM results, we also estimated the IPWRA model and the results are presented in
Table 7. The first and second stage results from the IPWRA are presented in Table Al in S1
Appendix. The first stage results (treatment equation) shows the determinants of access to
demonstration plots and demonstration plots with small packs and are like those presented in
Table 3. Since our interest was mainly to compare the impact results with those of the PSM,
we are not going to interpret the results in Table Al in S1 Appendix. When estimating the
IPWRA model, we also conducted an overidentification test for covariate balance to check

Table 5. Impact of demonstration plots and demonstration plots with small packs on access to improved agricultural inputs (PSM).

Treatment variable

Demonstration plots
Demonstration plots with small packs
Demonstration plots

Demonstration plots with small packs

Matching algorithm Mean of outcome variables based on matched

observations

Treated Non-treated ATT
NNM 0.40 0.27 0.13*** (0.04)
NNM 0.41 0.26 0.15°** (0.05)
KBM 0.41 0.27 0.13*** (0.04)
KBM 0.41 0.25 0.16 ** (0.04)

Standard errors in parentheses * p<0.10, ** p<0.05, *** p<0.001.

'NNM = three neighbors matching and common support.

*KBM = kernel-based matching (Epanechnikov) with band width 0.03 and common support.

https://doi.org/10.1371/journal.pone.0243896.t005
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Table 6. Rosenbaum bounds for treatments effects of demonstration plots and demonstration plots with small packs on the purchase of improved inputs.

Treatment variable Gamma (I") Q_mh+ Q_mh- p_mh+ p_mbh-

Demonstration plots 1 3.27 3.27 0.00 0.00
1.2 2.20 4.35 0.01 0.00
1.4 1.30 5.27 0.10 0.00
1.6 0.52 6.08 0.30 0.00
1.8 -0.01 6.80 0.50 0.00
2 0.61 7.45 0.27 0.00
2.2 1.16 8.05 0.12 0.00
2.4 1.67 8.60 0.05 0.00
2.6 2.14 9.11 0.02 0.00
2.8 2.57 9.59 0.01 0.00
3 2.98 10.04 0.00 0.00

Demonstration plots with small packs 1 3.54 3.54 0.00 0.00
1.2 2.50 4.59 0.01 0.00
1.4 1.62 5.49 0.05 0.00
1.6 0.87 6.27 0.19 0.00
1.8 0.20 6.98 0.42 0.00
2 0.21 7.61 0.42 0.00
2.2 0.75 8.20 0.23 0.00
2.4 1.24 8.74 0.11 0.00
2.6 1.69 9.24 0.05 0.00
2.8 2.11 9.71 0.02 0.00
3 2.51 10.15 0.01 0.00

Notes: N = 852. Gamma is the log odds differential assignment due to unobserved factors. The upper (Q_mh+) and lower (Q_mh-) bounds are Mantel-Haenszel point

estimates and; p_mh+ and p_mh- are the significance levels for the upper and lower bounds point estimates.

https://doi.org/10.1371/journal.pone.0243896.t006

Table 7. Impact of demonstration plots and demonstration plots with small packs on access to improved agricul-
tural inputs (IPWRA).

Treatment variable Mean of outcome variables based on ATT
weighted observations
Treated Non-treated
Demonstration plots 0.42 0.26 0.16** (0.05)
Demonstration plots with small packs 0.43 0.26 0.17*** (0.05)

Note: Village cluster robust standard errors in parentheses ** p<0.05 *** p<0.001.

https://doi.org/10.1371/journal.pone.0243896.t007

whether the covariates were balanced after propensity score reweighting. The results in

Table Al in S1 Appendix indicate that we cannot reject the null hypothesis that the covariates
are balanced, implying that there is no evidence that the covariates used remain imbalanced
after propensity score reweighting.

The results show that participating in demonstration increases the probability of house-
holds to purchase improved inputs by 16 percentage points. Similarly, the probability of buy-
ing improved inputs increased by 17 percentage points for the households who accessed
demonstration plots with small packs. The IPWRA results are very similar to the PSM results
which gives credence to our PSM results. The results also suggest that our propensity score
model was not misspecified.
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4. Conclusions and recommendations

This article examines the impact of demonstration plots on the use of improved agricultural
inputs in Tanzania. Specifically, we use survey data from more than 800 households and a
combination of propensity score matching and the doubly robust inverse probability weighted
regression models to achieve our objective.

The results indicate that livestock ownership, membership in farmer’s and lending groups,
and access to a tarred road were some of the important determinants of access to demonstra-
tion plots and demonstration plots with small packs. Overall, the empirical results across our
estimation methods used in this study were largely consistent and show increases in input pur-
chase by between 13 percentage points (for demonstration plots) and 17 percentage points (for
the combination of demonstration plots with small packs).

The result suggests that strengthening farmers’ organizations and associations are critical
for potentially enhancing, not only access to and use of agro-inputs, but also facilitating access
to output markets through improved quality, access to information and knowledge as well as
facilitating engagement with policymakers [40, 41].

Though both the control and treatment villages had village agriculture extension officers,
the results from this study revealed that farmers in treatment villages were more likely to buy
improved agricultural inputs, which is the objective of most of the agricultural extension models.
The results point to the need for policies to expand past demonstration plots and encourage
financial investment to adopt the VBAAs, and farmer organizations models to act as agents for
multiple seeds, fertilizers and crop protection companies. Policies that encourage individual
entrepreneurs and farmer organizations that can “certify” themselves through VAEOs or the Tan-
zanian Ministry of Agriculture to act as village agents providing credible GAP knowledge as they
identify marketing opportunities will further increase revenues at the village level. These certifica-
tions should also be provided with an incubation period that allows new agro-input businesses to
increase their cash flow, allowing for an expansion of growth and to establish a customer base.

Furthermore, it is apparent from the results of this study that to enhance smallholder access
to demonstration plots, investing in the rural road infrastructure is important. This is because
roads not only facilitate access to demonstration plots but also reduce the cost of transporta-
tion to the input and output markets.

Supporting information

S1 Appendix.
(DOCX)

S1 Data.
(CSV)

Author Contributions

Conceptualization: Haroon Sseguya, Daniel S. Robinson, Hamisi R. Mwango, James A. Flock,
Silvanus O. Mruma.

Data curation: Haroon Sseguya, Daniel S. Robinson, Hamisi R. Mwango, James A. Flock.

Formal analysis: Haroon Sseguya, Daniel S. Robinson, Hamisi R. Mwango, James A. Flock,
Julius Manda.

Funding acquisition: Haroon Sseguya, James A. Flock.

Investigation: James A. Flock, Rodrigo Abed.

PLOS ONE | https://doi.org/10.1371/journal.pone.0243896 January 15, 2021 14/16


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0243896.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0243896.s002
https://doi.org/10.1371/journal.pone.0243896

PLOS ONE

Impact of demonstration plots on improved agricultural input purchase in Tanzania

Methodology: Haroon Sseguya, Daniel S. Robinson, Hamisi R. Mwango, James A. Flock,
Julius Manda, Silvanus O. Mruma.

Project administration: Haroon Sseguya, Daniel S. Robinson, Hamisi R. Mwango, James A.
Flock, Silvanus O. Mruma.

Software: Daniel S. Robinson, James A. Flock, Julius Manda.

Supervision: Haroon Sseguya, Daniel S. Robinson, Hamisi R. Mwango, James A. Flock,
Rodrigo Abed, Silvanus O. Mruma.

Validation: Haroon Sseguya, Daniel S. Robinson, James A. Flock, Rodrigo Abed, Silvanus O.
Mruma.

Writing - original draft: Haroon Sseguya, Daniel S. Robinson, Hamisi R. Mwango, James A.
Flock, Silvanus O. Mruma.

Writing - review & editing: Haroon Sseguya, Daniel S. Robinson, James A. Flock, Julius
Manda, Rodrigo Abed.

References

1.  AGRA. Africa Agriculture Status Report: The Business of Smallholder Agriculture in Sub-Saharan
Africa. Nairobi, Kenya: Alliance for a Green Revolution in Africa. 2017.

2. World Bank. World Development Indicators 2016. Washington, DC: The World Bank. 2016

3. MAFSC. National Agriculture Policy. Dar es Salaam: Ministry of Agriculture, Food Security and Cooper-
atives. 2014

Alphonse R. (2017). Ending rural hunger: The case of Tanzania. 2017www.endingruralhunger.org

5. U.S. Agency for International Development, Feed the Future. A Decade of Progress: Feed the Future
Snapshot. 2018 https://www.feedthefuture.gov/wp-content/uploads/2017/09/F TF-Snapshot-Digital-8.6.
pdf. Accessed on December 6, 2018.

6. ACDI/VOCA. NAFAKA Staple value chains activity: Annual performance report, Washington DC: ACDI/
VOCA. 2013

7. Davis K., Nkonya E., Kato E., Mekonnen D.A., Odendo M., Miiro R., et al. (2012). “Impact of Farmer
Field Schools on Agricultural Productivity and Poverty in East Africa”.World Development 2012; 40
(2):402—413. https://doi.org/https://doi.org/10.1016/j.worlddev.2011.05.019

8. Mbure G. and Sullivan C. Improving the management of agriculture demonstration sites in food security
programs: A practitioner’s guide. Washington, DC: World Vision. 2017

9. Rogers E.M. Diffusion of innovations. NewYork: Free Press. 2003.

10. Kibwika, P. Agricultural Extension in Tanzania. Report of a study commissioned by the Extension Sup-
port Function Program of the Alliance for a Green Revolution in Africa (AGRA). 2011. http://agroinsight.
com/downloads/Articles-Agricultural-Extension/2011_AE-AGRA-Country-Study-Reports-2011.pdf.
Accessed on December 7, 2018

11.  United Republic of Tanzania (URT). Agricultural Sector Development Programme 2 (ASDP ).
Dodoma, Tanzania. 2017.

12. Egziabher KG, Mathijs E, Deckers J, Gebrehiwot K, Bauer H, and M. Maertens. The economic impact
of a new rural extension approach in northern Ethiopia. University of Leuven: Geo-Institute, Dept. of
Earth and Environmental Sciences, Division of Bioeconomics, working paper, 2. 2013.

13. Wordofa M.G., and M. Sassi. Improving Smallholder Farmers’ Income through Farmer Training Centers:
an Impact Evaluation in Haramaya District, Ethiopia. NAF International Working Paper Series. 2014.

14. Cafer AM and Rikoon JS. Adoption of new technologies by smallholder farmers: the contributions of
extension, research institutes, cooperatives, and access to cash for improving tef production in Ethiopia.
Agriculture and Human Values. 2018; 1-15.

15. KijimaY., Ito Y. and Otsuka K. Assessing the impact of training on lowland rice productivity in an African
setting: Evidence from Uganda. World Development. 2012; 40:1610-1618.

16. Vandercasteelen J., M. Dereje, B. Minten and A.S. Taffesse. Scaling-up adoption of improved technolo-
gies: The impact of the promotion of row planting on farmers’ teff yields in Ethiopia (No. 344). LICOS
Discussion Paper Series. 2013.

PLOS ONE | https://doi.org/10.1371/journal.pone.0243896 January 15, 2021 15/16


http://www.endingruralhunger.org
https://www.feedthefuture.gov/wp-content/uploads/2017/09/FTF-Snapshot-Digital-8.6.pdf
https://www.feedthefuture.gov/wp-content/uploads/2017/09/FTF-Snapshot-Digital-8.6.pdf
https://doi.org/10.1016/j.worlddev.2011.05.019
http://agroinsight.com/downloads/Articles-Agricultural-Extension/2011_AE-AGRA-Country-Study-Reports-2011.pdf
http://agroinsight.com/downloads/Articles-Agricultural-Extension/2011_AE-AGRA-Country-Study-Reports-2011.pdf
https://doi.org/10.1371/journal.pone.0243896

PLOS ONE

Impact of demonstration plots on improved agricultural input purchase in Tanzania

17.
18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.
39.

40.
41.

Wooldridge J. M. Econometric Analysis of Cross Section and Panel Data. MIT Press. 2010

Feder, Gershon, Richard E. Just, and David Zilberman. Adoption of agricultural innovations in develop-
ing countries: a survey. 1985; 255-295

Alene Arega D., and Manyong Victor M. The effects of education on agricultural productivity under tradi-
tional and improved technology in northern Nigeria: an endogenous switching regression analysis.
Empirical. Economics. 32, 141-159. https://doi.org/https://doi.org/10.1007/s00181-006-0076-3

Pan Dan. The impact of agricultural extension on farmer nutrient management behaviour in Chinese
rice production: A household-level analysis. Sustainability. 2014; 6: 6644—6665. https://doi.org/10.
3390/su6106644

Kassie M., Shiferaw B., and Muricho G. “Agricultural technology, crop income, and poverty alleviation in
Uganda”. World Development 2011; 39(10):1784-1795.

Becerril J., and Abdulai A. “The Impact of Improved Maize Varieties on Poverty in Mexico: A Propensity
Score-Matching Approach”. World Development 2010; 38(7):1024—1035.

Ali A., and Abdulai A. “The Adoption of Genetically Modified Cotton and Poverty Reduction in Pakistan”.
Journal of Agricultural Economics. 2010; 61(1):175-192.

Takahashi K., and Barrett C.B. “The system of rice intensification and its impacts on household income
and child schooling: evidence from rural Indonesia”. American Journal of Agricultural Economics. 2013;
96(1):269-289.

Caliendo M., and Kopeinig S. “Some Practical Guidance for the Implementation ofPropensity Score
Matching”. Journal of Economic Surveys. 2008; 22(1):31-72.: https://doi.org/https://doi.org/10.1111/j.
1467-6419.2007.00527.x

Rosenbaum P.R., and Rubin D.B. “The central role of the propensity score in observational studies for
causal effects”.Biometrika. 1983; 70(1):41-55.

White H. and Raitzer A. Impact evaluation of development interventions: A practical guide. Manila:
Asian Development Bank. 2017

Wooldridge J.M. “Inverse probability weighted estimation for general missing data problems”. Journal of
Econometrics. 2007; 141(2):1281-1301.

Pan Y., Smith S.C., and Sulaiman M. “Agricultural extension and technology adoption for food security:
Evidence from Uganda”. American Journal of Agricultural Economics. 2018; 100(4):1012-1031

Kondylis F., Mueller V., and Zhu J. “Seeing is believing? Evidence from an extension network experi-
ment”. Journal of Development Economics. 2017; 1-20. Available at: https://doi.org/https://doi.org/10.
1016/j.jdeveco.2016.10.004

Bindlish V., and Evenson R.E. “The Impact of T and V Extension in Africa: Experience and Burkina of
Faso Kenya”. The World Bank Observer. 1997; 12(2):183-201.

Abdulai A., and Huffman W. “The adoption and impact of soil and water conservation technology: an
endogenous switching regression application”. Land Economics. 2014; 90(1):26—43.

Adegbola P., and Gardebroek C. (2007). “The effect of information sources on technology adoption and
modification decisions”. Agricultural Economics. 2007. 37:55-65.

Aguilar A., Carranza E., Goldstein M., Kilic T., Oseni G., 2015. Decomposition of gender differentials in
agricultural productivity in Ethiopia. Agric. Econ. 46, 311-334. https://doi.org/https://doi.org/10.1111/
agec.12167

Wossen T., Abdoulaye T., Alene A., Haile M.G., Feleke S., Olanrewaju A., et al., 2017. Impacts of
extension access and cooperative membership on technology adoption and household welfare. J.
Rural Stud. 54, 223-233. https://doi.org/10.1016/}.jrurstud.2017.06.022 PMID: 28989229

Olarinde L., Binam J., Fatunbi A.O., Diagne A., Adekunle A., Ayanwale A., 2017. Participatory research
demonstration and its impact on the adoption of improved agricultural technologies in the savannas of
West Africa. African Crop Sci. J. 25, 21. https://doi.org/https://doi.org/10.4314/acsj.v25i1.3s

Davis K., Nkonya E., Kato E., Ayalew D., Odendo M., Miiro R., et al., 2009. Impact of farmer field schools
on agricultural productivity, poverty and farmer empowerment in East Africa. Washington, IFPRI

Rosenbaum P.R. Observational studies. Springer. 2002

Aakvik A. “Bounding a matching estimator: the case of a Norwegian training program”. Oxford bulletin
of economics and statistics. 2001; 63(1):115-143.

FAO (2012). Good practices in building innovative rural institutions to increase food security. Rome: FAO.

Latynskiy E. and Berger T. Networks of rural producer organizations in Uganda: What can be done to
make them work better? World Development. 2016; 78: 572-586

PLOS ONE | https://doi.org/10.1371/journal.pone.0243896 January 15, 2021 16/16


https://doi.org/10.1007/s00181-006-0076-3
https://doi.org/10.3390/su6106644
https://doi.org/10.3390/su6106644
https://doi.org/10.1111/j.1467-6419.2007.00527.x
https://doi.org/10.1111/j.1467-6419.2007.00527.x
https://doi.org/10.1016/j.jdeveco.2016.10.004
https://doi.org/10.1016/j.jdeveco.2016.10.004
https://doi.org/10.1111/agec.12167
https://doi.org/10.1111/agec.12167
https://doi.org/10.1016/j.jrurstud.2017.06.022
http://www.ncbi.nlm.nih.gov/pubmed/28989229
https://doi.org/10.4314/acsj.v25i1.3s
https://doi.org/10.1371/journal.pone.0243896

