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Abstract
Innovation is essential for agricultural and economic development, especially in today’s rapidly changing global environment. While farmers have been recognized as innovation generators, many innovation studies continue to consider
them as recipients or adopters of externally promoted innovations only. Based on household data from Ghana, this
study, in contrast, investigates the innovation-generating behavior among rural farmers. Inspired by two innovation theories—induced innovation and innovation systems—we speciﬁcally focus on how to build the capacity of farmers to generate innovations. Controlling for selection bias, we show that participation in farmer ﬁeld fora (FFF), a participatory
extension approach, can play a positive role in strengthening farmers’ innovation-generating capacity. Speciﬁcally, we
show that FFF participants have about 27% higher probability of generating innovations than non-participants, and
FFF participation appears to increase the number of innovation-generating practices implemented by a farm household
by about 49%. However, we do not ﬁnd signiﬁcant spillover effects of FFF on the innovation-generating capacity of nonparticipants, which has implications for the cost-effectiveness of the FFF program. The results also indicate that education and risk preference are important drivers of farmers’ innovations. We conclude that policies for the generation of
innovations among farmers should focus on building innovation capacity through institutional arrangements that
permit interactions and learning between stakeholders.
Key words: farmer ﬁeld fora, farmer innovation, selection bias, spillover effect, Ghana

Introduction
Innovation is essential for agricultural and economic
development (Hayami and Ruttan, 1985; World Bank,
2011). The need to overcome challenges and harness
opportunities has induced the development of several
innovations in agriculture (Hayami and Ruttan, 1985;
Goldman, 1993). However, the focus of research and
development has mainly been on externally driven innovations, which are generated by universities and research
institutions. There is a mounting body of evidence on the
positive impacts of these innovations (Evenson and
Gollin, 2003). However, externally driven innovations
are often promoted in Africa using the transfer-of-technology (ToT) model, which considers farmers as recipients of knowledge only. This has sometimes led to the
development of technologies that are inappropriate for
farmers’ conditions (Reij and Waters-Bayer, 2001;
Röling, 2009a). Considering the limitations of the ToT
model, such as little recognition of farmers’ knowledge
and of diversity of farming systems, there has been
increasing calls for the adoption of participatory

approaches to agricultural research and technology development (Reij and Waters-Bayer, 2001; Scoones and
Thompson, 2009).
Over the years, farmers have also been recognized as
innovators (i.e. generators of new practices and tools)
and experimenters, rather than mere adopters of introduced technologies. In fact, farmers have been innovating
long before the emergence of formal research and development (Biggs and Clay, 1981), and there are even
claims that some of the technologies developed by scientists were actually based on ideas and practices of local
farmers (Rhoades, 1989; Röling, 2009b). In the face of
increasing global challenges, rural farmers are becoming
more innovative (Sanginga et al., 2009). They engage in
innovation-generating practices such as experimentation,
modiﬁcation of external innovations to suit their local
environments, and development of new technologies
(Reij and Waters-Bayer, 2001; Leitgeb et al., 2014). The
process of implementing these innovation-generating
activities by farmers is commonly referred to as farmer
innovation [Farmer innovation, innovation-generating
practices or activities, and innovation-generating capacity
© Cambridge University Press 2017

Downloaded from https:/www.cambridge.org/core. Universitaets- und Landesbibliothek Bonn, on 26 Jan 2017 at 15:45:57, subject to the Cambridge Core terms of use, available at
https:/www.cambridge.org/core/terms. https://doi.org/10.1017/S1742170516000521

2
are used interchangeably in this paper.]. Following
Waters-Bayer et al. (2009), we deﬁne a farmer innovation
to be a new or modiﬁed practice, technique or product
that was developed by an individual farmer or a group
of farmers without direct support from external agents
or formal research. The term farmer innovation also
goes beyond the ﬁnal outcome and encompasses activities
of the innovation process. These activities may be new to
farmers in one community, but not necessarily new to
farmers in other communities (Waters-Bayer and Bayer,
2009). Farmer innovation practices are claimed to be relatively inexpensive, easily accessible, locally appropriate
and easily scalable (Waters-Bayer and Bayer, 2009).
Thus, farmer innovation could complement the highly
promoted external innovations in addressing the increasing challenges in agriculture.
There has been some attention on promoting farmer
innovations in recent years. For instance, the establishment of Prolinnova—a global learning network seeking
to promote local innovation in ecologically oriented agriculture and natural resource management—in 1999 has
facilitated the identiﬁcation and promotion of farmer
innovations in several developing countries (WatersBayer et al., 2009). While there is increased interest in promoting farmer innovations, little attention has been paid
to how to build the capacity of farmers to generate innovations. Most studies focus on farmers’ adoption of externally driven technologies, while farmers’ ability to
generate innovations are rarely recognized (Macmillan
and Benton, 2014). In this study, we attempt to address
this gap in the innovation literature using econometric
techniques.
Enhancing farmers’ efforts to implement innovationgenerating practices may lead to the development of location-speciﬁc practices for a diverse range of farming
systems and also ensure quick adaptation to constantly
changing conditions (Reij and Waters-Bayer, 2001).
Tambo and Wünscher (2016) has also shown that
farmers’ innovation-generating practices contribute signiﬁcantly to an increase in household income and consumption expenditure, and a reduction of household
food insecurity. Thus, empowering farmers to generate
more innovations will have important policy implications,
and ﬁnding ways to achieve this outcome is the objective
of the present study. The main aim of this paper is, therefore, to assess pathways to building innovation-generating
capacity in farm households. In particular, we examine
the effect of farm households’ participation in farmer
ﬁeld fora (FFF), a participatory extension approach, on
innovation-generating capacity. We expect FFF to
enhance the innovation capacity of farmers through
various means, including empowerment and improvement in problem-solving skills.
The contribution of this paper to the extant literature is
mainly twofold. First, we focus on smallholders’ innovation-generating decisions instead of innovation adoption, which has been studied extensively. Secondly, there
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are many studies looking at the impact of farmer ﬁeld
schools (FFS) on outcome variables such as empowerment, technology adoption, household income and food
security but with inconclusive ﬁndings (for a review, see
Davis et al., 2012, Table 1). Within this vast literature,
however, there is little, if any, on the innovation-generating effects of FFS. This study provides empirical evidence
on the potential of FFF, a variant of FFS, in stimulating
innovation-generating behavior among farm households.
To account for the possible selection bias from the nonrandom nature of FFF participation, we employ an
instrumental variables technique, as well as other estimation methods for robustness checks. We also analyzed
spillover effects of FFF participation on innovation
generation.
This study is inspired by the induced innovation and
innovation systems theories. The theory of induced innovation considers challenges (such as factor scarcity and
shocks) and opportunities (such as market opportunities)
as key drivers of innovation (Hayami and Ruttan, 1985;
Sunding and Zilberman, 2001), whereas the innovation
systems perspective argues that innovations emerge
through networks of actors and organizations
(Spielman, 2005; World Bank, 2011), as is the case with
FFF. Our empirical analysis is based on farm household
data obtained from rural northern Ghana, which is an
interesting case study. On one hand, FFF programs
have been implemented in the region, and this allows us
to study the potential role of FFF participation in building farmers’ innovation capacity. On the other hand, northern Ghana is characterized by resource-poor farmers
who face challenges of climate change, soil infertility,
land degradation, pest and diseases, population pressure
and food insecurity (Runge-Metzger and Diehl, 1993),
and thus serves as an appropriate example for analyzing
some of the arguments of the induced innovation
hypothesis.
The remainder of this paper is structured as follows. In
the ‘Farmer Field Fora’ section, we give a brief overview
of the FFF program in Ghana. In the ‘Methods’ section,
we explain the methods including details of the estimation
approaches, data and some descriptive statistics. The
empirical results and robustness checks are presented
and discussed in the ‘Results and Discussion’ section,
and the last section concludes the paper.

Farmer Field Fora
Our empirical analysis of the potential role of FFF in building farmers’ innovation-generating capacity is based on the
FFF of the Root and Tuber Improvement and Marketing
Program (RTIMP) in Ghana. The program was implemented between 2006 and 2014 by Ghana’s Ministry of Food
and Agriculture (MoFA) with funding from the
International Fund for Agricultural Development (IFAD)
and the Government of Ghana. The RTIMP used the
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Table 1. Deﬁnition and descriptive statistics of variables.
Variable
Dependent variables
Innovation_binary
Innovation_count
Treatment variable
FFF participation
Control variables
Age
Gender
Household size
Dependency ratio
Education
Land holding
Livestock holding1
Assets1
Off-farm
Credit
Road distance
Group membership3
Land right
Climate shock
Pest and disease shock
Labor shock
Household size change
Market opportunities
Risk preference4
Instrument
Lagged sweet potato
1
2
3
4

Description

Mean

SD

Household has conducted innovation-generating activities in the past year
Number of innovation activities conducted by household in the past year

0.41
0.59

0.49
0.79

Household member participated in FFF

0.45

0.50

49.42
0.86
6.64
0.89
1.67
4.56
2.92
4.54
0.76
0.26
0.54
0.40
0.86
0.91
0.82
0.60
−0.35
0.50
2.53

14.88
0.35
2.59
0.79
1.10
4.15
3.41
6.92
0.43
0.43
0.84
0.49
0.25
0.29
0.39
0.49
2.13
0.50
1.71

0.69

0.38

Age of household head
Gender of household head (1 = male)
Number of household members
Ratio of members aged below 15 and above 64 to those aged 15–64
Education of household head (years)
Total land owned by household in acres
Total livestock holding of household in Tropical Livestock Units (TLU)
Total value of non-land productive assets in 100 GH¢2
Household participated in off-farm employment
Household has access to credit
Distance to nearest all-weather road in km
Household member belongs to a group or an association
Proportion of plots in which household has full user rights
Household suffered from droughts or ﬂoods in the past 5 years
Household farm affected by pests or diseases in the past 5 years
Death or illness of a household member in a year prior to survey
Change in household size (between 2008 and 2012)
Household has improved access to markets in the past 5 years
Risk attitude of household
Household cultivated sweet potato at least two continuous cropping seasons
prior to FFF

These variables exclude assets or livestock acquired during the 2011–2012 agricultural season to avoid problems of endogeneity.
The exchange rate at the time of the survey was US$1 = GH¢ 1.90.
We only include membership of a group prior to FFF to avoid problems of endogeneity.
This ranges from 1 (extremely risk averse) to 6 (neutral to risk preferring).

FFF as a platform for mutual learning and knowledge
sharing among stakeholders, particularly farmers, extension
agents and researchers, in the root and tuber value chain.
The aim of FFF is to ‘build the capacities of farmers to
become experts in the development of technologies and
managerial practices to solve speciﬁc problems within the
agro-ecological context of farming’ (Gbadugui and
Coulibaly, 2013, p. 2). It is a variant of the well-known
FFS, a participatory extension model. Unlike FFS which
is claimed to give little or no attention to farmer-developed
innovations (Reij and Waters-Bayer, 2001), FFF provides
an opportunity for farmers to experiment with their own
innovations, thereby strengthening their decision-making
and innovation capacity.
The RTIMP–FFF aims at improving farmer innovation and productivity of root and tuber crops in major
production districts of the country. In each participation
district, the FFF was developed for the most important
root or tuber crop. Sweet potato is the most signiﬁcant
root and tuber crop in the Upper East region of Ghana,
where this study was conducted. Thus, our study is

based on sweet potato FFF. The main actors involved
in the FFF include researchers, extension agents, business
advisors, farmers and processors, and they are all placed
on an equal footing. During a participatory rural
appraisal, the farmers determine the theme of the FFF,
thereby ensuring that their priorities are addressed. The
thematic areas normally selected by the farmers include
improved crop varieties, IPM (integrated pest management), improved cultivation practices and integrated soil
fertility management. There are also discussion sessions
on non-farm topics. Each forum consists of a group of
30–40 farmers together with other key actors who meet
regularly (usually weekly) in the ﬁeld during a growing
season. They engage in comparative experimentations
using three plots: farmers practice (FP), integrated crop
management (ICM) and participatory action research
(PAR). The experiments are designed and carried out by
the farmers with the assistance of a facilitator who stimulates critical thinking and discussions, and ensures active
participation. Conventional and improved farming practices are implemented on the FP and ICM plots,

Downloaded from https:/www.cambridge.org/core. Universitaets- und Landesbibliothek Bonn, on 26 Jan 2017 at 15:45:57, subject to the Cambridge Core terms of use, available at
https:/www.cambridge.org/core/terms. https://doi.org/10.1017/S1742170516000521

4

J.A. Tambo and T. Wünscher

respectively. On the PAR plots, the participating farmers
conduct experiments to validate their own innovations
or to test new ideas.
It should be stressed that FFF are not necessarily a
place where innovations are birthed. Rather, it serves as
a learning and capacity building environment.

Methods
Empirical strategy
We are interested in estimating the effect of FFF participation and other covariates of interest on innovation-generating capacity of farm households. This can be speciﬁed
as:
FIi ¼ β0 þβ1 Xi þβ2 FFFi þ β3 Ri þ β4 Vi þ εi

ð1Þ

where the dependent variable FI (farmer innovation) indicates innovation-generating activity of household i. We
use two different measures of the dependent variable to
check if the results are sensitive to the farmer innovation
indicator employed. The ﬁrst (innovation_binary) is a
binary variable, which is equal to one if the household
has implemented any innovation-generating activity in
the past 12 months; and zero otherwise. The second (innovation_count) is a count variable that indicates the number
of different innovation-generating activities implemented
by a household in the past 12 months [The binary and
count indicators regard all the farmer innovations to be
of equal importance and do not distinguish between
major and minor innovations. We tried to address this
limitation and account for the varied importance of the
various innovations by categorizing the innovations into
four groups (that is, invention or major innovation, adaptation of exogenous ideas, modiﬁcation of traditional
practices and experimentation) and then constructed
two household innovation indices using weights obtained
through principal component analysis (PCA) and expert
judgments. We followed Filmer and Pritchett (2001) and
used PCA to assign weights to each of the four innovation
categories, and constructed a household innovation index.
In the expert judgments, a stakeholder workshop was
organized and 12 agricultural experts in the study
region assigned weights to the four innovation categories
based on their relative importance. They assigned weights
of 0.4, 0.2, 0.3 and 0.1 for invention, adaptation of
exogenous ideas, modiﬁcation of traditional practices
and experimentation, respectively. We do not report
these results for brevity, but they are not very different
from the binary and count dependent variables estimates.
The results are available on request.]. The questions used
to elicit the innovation-generating activities are presented
in the Appendix 1.
Variable Xi includes a vector of household socio-demographic and economic variables that are commonly found
in the agricultural innovation literature (such as age,
gender and education of the household head; household

size and dependency ratio; access to services and the
wealth position of the household). It also includes variables motivated by the induced innovation hypothesis
such as shocks experienced by the household during the
past 5 years (climatic stress, pests and diseases and labor
shocks) and access to market opportunities. The variable
FFF is equal to one if a household member participated
in a FFF; and zero otherwise. This is our main variable
of interest.
Variable R represents household risk behavior.
Following the seminal study by Binswanger (1980), we
conducted a simple experiment using the ordered lottery
selection design with actual payments to elicit households’ risk preferences. In the design, each respondent
was presented with a choice of six lotteries (A–F), and
was asked to select one. Once chosen, a coin was tossed
to decide the payoff. A higher payoff could only be
obtained at the cost of a higher variance. Table A1 in
the Appendix 1 shows the structure of the experiment,
but it was actually presented to respondents in the form
of photographs of money. This design is most suitable
and generates accurate result when the respondents are
mostly illiterate or less skilled in mathematics, as in our
case (Harrison and Rutström, 2008). We also include
village ﬁxed effects (V) to control for unobserved heterogeneity in the sample villages. Finally, ɛ is the random
error term.
A usual problem of estimating Equation (1) is the potential endogeneity of the FFF participation variable; hence,
applying binary and count data regression models might
yield biased estimates. There are two potential sources of
endogeneity. First, there is placement endogeneity stemming from the non-random selection of FFF participating
communities. Thus, if communities with more innovative
farmers were selected to participate in the FFF, then the
impact will be overestimated. Secondly, within the FFF
communities, farmers self-select into participation in the
program. Thus, participating farmers may differ systematically from non-participants in unobserved characteristics
such as entrepreneurship and risk behavior, which might
lead to biased estimates of the effect of FFF on innovation.
Due to the endogeneity issues, participants and non-participants are, therefore, not directly comparable.
To deal with these problems, we exploited our sampling
frame and also used two-stage regression and propensity
score matching (PSM) approaches. First, in our sampling
strategy, the non-participants sample was drawn from
both FFF participating and non-participating villages,
and this helps in reducing the problem of placement endogeneity. Though non-participants in FFF villages might
potentially be affected by spillovers, we believe that participation enhances innovation-generating capacity and
exposure alone does not confer this skill, and this is
later proven to be true when we look at the spillover
effects of FFF participation. The non-participation villages were also drawn from the same agro-ecological
zone and districts as the participation villages and are
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likely to be the next group of FFF villages in any future
scaling up. Secondly, we use village ﬁxed effects to
account for unobservable heterogeneity between villages.
Furthermore, we control for risk attitude of farmers
which is one of the key characteristics of innovative
behavior which, however, is often not captured in agricultural innovation studies (Feder et al., 1985). Finally, we
employ two-stage models [recursive bivariate probit
(RBP) and endogenous switching Poisson (ESP)] to
further remedy the endogeneity problems. In the RBP
and ESP models, we ﬁrst estimate a selection model,
expressed as:
FFFi ¼ δ0 þδ1 Xi þδ2 Ri þδ3 Vi þ δ4 Zi þ μi

ð2Þ

where FFF, X, R and V are deﬁned as in Equation (1). The
variable Z is the excluded instrument, and it denotes
lagged sweet potato (that is, household cultivation of
sweet potato at least two continuous cropping seasons
prior to FFF). We argue that this variable affects FFF
participation but does not directly affect innovation-generating behavior. As mentioned, the FFF program
under study is sweet potato-based. Also, in the study
region, sweet potato is a minor crop which is cultivated
by almost every household, albeit irregularly and on a
very small scale. Since participation in FFF is voluntary,
every farmer could volunteer to join. However, we expect
farmers who cultivate sweet potato regularly (that is, at
least two continuous cropping seasons) prior to the FFF
to show more interest in participating. Though the FFF
is sweet potato-related, the knowledge gained from participating in the program is not crop-speciﬁc, but extendable to other farming activities. This was the case in our
sample as almost all the innovation-generating activities
observed are not connected to sweet potato production.
Thus, the lagged sweet potato variable is only likely to
have an effect on farmers’ innovation-generating practices
through FFF participation. We speciﬁcally use lagged
measures of regular sweet potato cultivation because it
is more likely to be exogenous to innovation-generating
decisions than current situations.
One could still argue that unobservable variables, such
as motivation, that affect farmers’ decision to cultivate
sweet potato regularly prior to FFF may also affect the
farmers’ decision to innovate, which may lead to biased
estimates of the effect of FFF on innovation capacity.
Following Fischer and Qaim (2012), we conduct a
placebo regression analysis to test whether there exist
such alternative effects of the instrument on farmers’
innovation-generating decision. Using data from only
non-participating villages, we examine the effect of the
instrument and other covariates on the innovation-generating decision of households not exposed to FFF. We
expect signiﬁcant effects of the lagged sweet potato variable if it is endogenous to the innovation-generating decision of households. The result (see Table A2 in the
Appendix 1) indicates that there is no direct effect of the
lagged sweet potato variable on the outcome variable,

and this suggests that the instrument is valid. We will
show in the results section that the lagged sweet potato
variable signiﬁcantly affects FFF participation, which
also conﬁrms the validity of the instrument.
As already indicated, we use two different measures of
the dependent variable to check if the results are robust to
different speciﬁcations of households’ innovation-generating capacity. We therefore require estimation techniques
that account for the different measures of the dependent
variable and the endogeneity of the FFF participation
variable. Consequently, we use two different econometric
techniques that allow the estimation of non-continuous
outcomes with an endogenous dummy variable. In the
ﬁrst model (innovation_binary), we estimate a maximum
likelihood RBP because both the outcome and the
endogenous FFF participation variables are binary. In
the second model (innovation_count), the outcome is a
count variable so we employ an ESP regression model
(Miranda and Rabe-Hesketh, 2006). For robustness
checks, we compute naïve models of Equation (1) either
by ignoring the potential endogeneity of FFF participation or by controlling for only one of the two potential
sources of endogeneity indicated above. We also employ
PSM estimation technique as an additional robustness
check, which we present later in this paper.

Data and descriptive statistics
The empirical analysis is based on data for the 2011–2012
agricultural season obtained from a household survey in
the districts of Bongo, Kassena Nankana east and
Kassena Nankana west in the upper east region of
Ghana. The districts fall within the Sudan savanna
agro-ecological zone, which is characterized by systems
of permanent cultivation on rain-fed land with high population density, small land holdings, soil degradation, low
labor productivity, predominance of annual and biannual
crops and increasing cash crop production (Ruthenberg,
1971; Runge-Metzger and Diehl, 1993). Agriculture is
the main income source and a cereal–legume cropping
system is predominant in the study region. The major
crops are millet, sorghum, maize, cowpea, rice and
groundnut. Most households also rear livestock. The
area is characterized by a prolonged dry season and
erratic rainfall; hence, many of the inhabitants migrate
to southern Ghana to seek employment opportunities or
engage in irrigated vegetable farming during the dry
season.
The sample included FFF participants, non-participants from FFF communities (hereafter, exposed
farmers) and non-participants from control communities
(hereafter, control farmers). We interviewed 409 households from 17 villages using a stratiﬁed random sampling.
We ﬁrst obtained from the district RTIMP project ofﬁcers,
a list of all the 24 villages in the three districts where FFF
has been implemented between 2008 and 2011. Then we
randomly selected 10 participating villages across the
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three districts. We interviewed about 16–21 participants
from each of these villages, resulting in a total of 185
FFF participants. We also obtained a list of all households in each participating village and randomly
sampled and interviewed 99 farmers across the ten villages. Since these farmers are located in the same FFF villages, they may be potentially exposed to some of the
effects of FFF. To obtain a group of control farmers
devoid of potential spillovers, we randomly selected
seven villages (from the same three districts) that have
similar infrastructural services and socio-economic conditions but not in close proximities to the FFF communities.
Out of these, we randomly selected 125 farm households
from a household list obtained from the District
Agricultural Ofﬁces. Thus, our ﬁnal sample consists of
185 FFF participants and 224 non-participants (99
exposed and 125 control farmers), making a total of 409
sample farmers.
Interviews were conducted with the aid of pre-tested
questionnaires and were supervised by the ﬁrst author.
The questionnaire captured data on household and plot
characteristics, crop and livestock production, off-farm
income earning activities, innovation-generating activities, and access to infrastructural services, information
and social interventions. The respondents were FFF participants and the principal decision-maker on farming
matters in the household.
Table 1 outlines the description of the variables used in
the regression and their mean values. The table shows that
in the past 12 months, about 41% of the sample households conducted at least one innovation-generating activity, and the average number of innovation-generating
activities implemented is about 0.60. Among the innovators, it was found that about 27, 12, 2 and 0.2% of them
have generated 1, 2, 3 and 4 innovations, respectively.
The table also shows that majority of the households
are male-headed, household heads have very low level
of education, and many households are affected by
shocks.
Table 2 presents the summary statistics of the variables
in the regression, disaggregated by FFF participation
status. The table shows that there are signiﬁcant differences between FFF participants and non-participants
with respect to some of the household characteristics.
For instance, FFF participants are signiﬁcantly more
likely to be younger and to be member of an association,
and less likely to be credit constrained than non-participants. The table also indicates that relative to non-participants, FFF participants implemented signiﬁcantly more
innovation-generating activities. In the ‘Results and
Discussion’ section, we analyze this relationship using
econometric techniques.
Figure 1 shows the different domains in which the
farmers innovated. The main domain is related to crops
and cropping systems. Land preparation, method of
planting, soil fertility, weed, pest and disease control,
and animal husbandry are the other important domains
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of the farmers’ innovations. Examples of the farmers’
innovation-generating practices include: testing and modiﬁcation of cropping pattern; control of weeds, pests and
diseases using biopesticides; new formulations of animal
feed and new herbal remedies in the treatment of livestock
diseases; developing and using new farming tools; and
storage of farm products using plant extracts or local
grasses. These domains of farmers’ innovations relate to
those obtained by other studies, such as Reij and
Waters-Bayer (2001), Bentley (2006) and Leitgeb et al.
(2014). Some speciﬁc examples of the most promising
farmers’ innovations are presented in Tambo and
Wünscher (2015).

Results and Discussion
In this section, we look at the econometric results on the
effect of FFF and other covariates on farmers’ innovation-generating capacity. We check for robustness using
alternative speciﬁcations and estimation methods.
Finally, we analyze spillover effects of FFF participation.

The effect of FFF participation on farmers’
innovation-generating capacity
As already indicated, two different econometric models
(RBP and ESP) are used to deal with the endogeneity problems and also to account for the nature of the two
dependent variables. We instrument for FFF participation
in the ﬁrst-stage regression, which is on the determinants
of FFF participation, and the results are reported in
Table A3 in the Appendix 1. The excluded instrument
(lagged sweet potato) is highly signiﬁcant in all models,
which suggests the relevance of the instrument. The
results of the estimated models on the determinants of
innovation generation are presented in Table 3. The rho
values in the lower part of Table 3 indicate that there is
no signiﬁcant correlation between the error terms in
Equations (1) and (2), suggesting that there is no selectivity bias.
The results show that our main variable of interest,
FFF participation, has a positive and statistically signiﬁcant effect on farmers’ innovation-generating capacity
irrespective of the outcome measure employed.
However, the magnitude of the effect depends on the
outcome measure used. The RBP estimation result indicates that FFF participants have a 26.6% higher probability of generating innovations than non-participants.
Similarly, the ESP result shows that FFF participation
seems to increase the number of innovation-generating
activities by {exp(0.397) − 1} × 100 = 48.74%. There are
a number of possible pathways through which FFF participation may inﬂuence innovation-generating capacity.
First, FFF provides opportunity for farmers to test their
innovations in the presence of other stakeholders, and
this builds their self-esteem and empowers them to
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Table 2. Comparison of characteristics of FFF participants and non-participants.

Variable
Explanatory variables
Age
Gender
Household size
Dependency ratio
Education
Land holding
Livestock holding
Assets
Off-farm
Credit
Group membership
Road distance
Climate shock
Pest and disease shock
Household size change
Market opportunities
Land right
Risk preference
Lagged sweet potato
Outcomes
Innovation_binary
Innovation_count

FFF participants (n = 185)

Non-participants (n = 224)

Mean

SD

Mean

SD

t-stat1

47.03
0.36
6.90
0.92
2.77
4.51
3.18
4.67
0.76
0.32
0.46
0.42
0.88
0.81
−0.18
1.71
0.87
2.72
0.91

13.68
0.48
2.59
0.83
4.04
2.88
3.23
5.78
0.43
0.47
0.50
0.67
0.33
0.40
2.14
0.79
0.22
1.78
0.28

51.81
0.00
6.38
0.86
2.39
4.60
2.66
4.41
0.75
0.19
0.34
0.64
0.94
0.83
−0.51
1.73
0.84
2.37
0.48

16.08
0.07
2.58
0.74
4.20
5.42
3.58
8.06
0.43
0.39
0.48
1.01
0.24
0.37
2.11
0.81
0.27
1.65
0.50

−3.20***
10.98***
2.05**
0.89
0.91
−0.21
1.53
0.36
0.05
3.10***
2.50**
−2.55**
−2.18**
−0.77
1.58
−0.18
1.38
2.08**
10.42***

0.49
0.72

0.50
0.88

0.34
0.46

0.48
0.70

3.06***
3.38***

*** and ** represent 1 and 5% signiﬁcance level, respectively.
1
Test of mean difference between FFF participants and non-participants.

farmers’ innovation capacity. This ﬁnding also suggests
that FFS programs do not only enhance the adoption of
agricultural innovations (Erbaugh et al., 2010; FriisHansen and Duveskog, 2012), but they can also contribute to building farmers’ capacity to implement innovation-generating activities.

Other determinants of farmers’ innovationgenerating capacity

Figure 1. Domains of innovation-generating practices.

innovate due to the recognition and appreciation of their
ideas by others. Secondly, FFF may enhance the analytical and problem-solving skills of participants, which are
essential for innovation. Finally, the FFF graduates
form vibrant farmer groups for continuous group discussion and learning, which may facilitate further innovative
activities. This result suggests that the concept of innovation systems, which facilitates active interactions
among key stakeholders, has a potential for strengthening

The results in Table 3 indicate that beside FFF participation, the robust determinants of innovation-generating capacity, irrespective of the measure employed, are level of
education of household head, size of land holding, household experience of climate shock and risk preferences. The
results show that the total number of years of education
completed by the household head is associated with a
higher likelihood of carrying out innovation-generating
practices. The signiﬁcant and positive effects of FFF participation and education variables conﬁrm the important
role of human capital formation in innovation processes.
Climate shock, one of the variables motivated by the
induced innovation theory is statistically signiﬁcant,
albeit with a sign contrary to our expectations. While
arguments of the induced innovation hypothesis would
predict households that are affected by climate-related
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Table 3. Determinants of farmers’ innovation-generating capacity.
Innovation_binary1

FFF Participation
Age
Gender
Household size
Education
Land holding
Livestock holding
Assets
Off-farm
Credit
Group membership
Road distance
Climate shock
Pest and disease shock
Household size change
Market opportunities
Land right
Risk preference
Village ﬁxed effects
Constant
Rho
No. of observations

Innovation_count2

Coefﬁcient

SE

Coefﬁcient

SE

0.266**
−0.003
−0.083
−0.007
0.014**
0.019**
−0.009
0.001
0.059
0.046
0.026
0.027
−0.161**
0.095
−0.017
−0.011
−0.034
0.029**
Yes
0.000
−0.317
409

0.112
0.002
0.066
0.011
0.006
0.007
0.008
0.003
0.056
0.055
0.049
0.029
0.080
0.061
0.011
0.030
0.097
0.013

0.397**
−0.008
−0.231
0.014
0.045**
0.028*
−0.018
0.008
0.209
0.155
0.016
0.031
−0.453**
0.255
−0.058*
−0.075
0.055
0.093**
Yes
−0.583
0.000
409

0.187
0.005
0.214
0.032
0.018
0.015
0.024
0.009
0.181
0.155
0.146
0.091
0.225
0.190
0.033
0.088
0.303
0.039

0.664
0.250

0.806
0.153

** and * represent 5 and 10% signiﬁcance level, respectively.
1
Recursive bivariate probit model. We report average marginal effects, which were obtained using the stata command, margins with
the option predict (pmarg1) force.
2
Endogenous switching Poisson model. It was estimated using ssm command in stata 13.

shocks to be innovative and to overcome the adverse
effects of the shock, our results suggest otherwise. This
is, however, plausible as affected households may have
lost their economic capabilities to implement innovations.
Also, coping with such shocks may involve reallocating
household resources (e.g., to non-farm employment),
resulting in decreased agricultural production, hence,
the less likelihood of generating innovations.
Among the four wealth-related factors (i.e., land holding,
livestock holding, assets and off-farm activities) included in
the models, only size of land holding is a signiﬁcant determinant of innovation generation. Most large land holders
have several plots; hence, have the leverage to carry out
experiments on some of them. There is no active land
market in the study region so it is possible that the statistical
signiﬁcance of the land holding variable may be related to
the opportunity for experimentation, rather than wealth.
Finally, the results show that risk preferring farmers are
more likely to be innovative. This is expected since innovations generally involve risk (Feder et al., 1985).

Robustness checks
Given the absence of selection bias in the above results, we
estimate three naïve models of the effect of FFF

participation and other covariates on farmers’ innovation-generating capacity by varying our assumptions
about the endogeneity of FFF participation. We use the
binary outcome (innovation_binary) for the estimations
and compare the results (see Table 4) with our preferred
model (the RBP result in Table 3). First, we estimate a
probit model (model 1) which ignores both self-selection
and placement biases. This is the preferred model if we
assume that FFF participation is completely exogenous
to innovation-generating capacity; hence, it allows us to
examine if the two-stage approaches used above signiﬁcantly change the result of other exogenous variables of
interest. The result shows that FFF participants are
12.6% more likely to generate innovations than non-participants, thus indicating an upward bias if FFF participation is treated as endogenous. The direction and
signiﬁcance level of the other covariates, however, do
not differ largely from those in Table 3.
In model 2, we control for placement bias but assume
no self-selection into FFF. Here again, we ﬁnd that the
innovation-generating effect of FFF is positive and statistically signiﬁcant, but the magnitude of the effect (13.4%)
seems to suggest the effect may have been overestimated
when we accounted for both potential sources of bias.
Finally, in Model 3, we assume random village placement
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Table 4. Determinants of innovation generation, naïve estimates.
Model 11

FFF Participation
Age
Gender
Household size
Education
Land holding
Livestock holding
Assets
Off-farm
Credit
Group membership
Road distance
Climate shock
Pest and disease shock
Household size change
Market opportunities
Land right
Risk preference
Village ﬁxed effects
Constant
No. of observations
Rho

Model 21

Model 32

Coefﬁcient

SE

Coefﬁcient

SE

Coefﬁcient

SE

0.126***
−0.003*
−0.059
−0.005
0.013**
0.018**
−0.006
0.001
0.052
0.028
0.008
0.033
−0.138*
0.061
−0.019*
−0.001
−0.022
0.032**
No
−0.268
409

0.048
0.002
0.069
0.011
0.006
0.007
0.008
0.004
0.056
0.055
0.048
0.027
0.082
0.062
0.012
0.030
0.098
0.013

0.134**
−0.003*
−0.080
−0.003
0.014**
0.020***
−0.009
0.001
0.053
0.059
0.014
0.028
−0.164**
0.101
−0.016
−0.016
−0.039
0.030**
Yes
0.029
409

0.059
0.002
0.068
0.011
0.007
0.007
0.008
0.004
0.058
0.055
0.050
0.030
0.083
0.064
0.012
0.031
0.101
0.014

0.242***
−0.002
−0.067
−0.003
0.013**
0.018**
−0.007
0.001
0.052
0.009
0.026
0.041
−0.129*
0.054
−0.019*
0.001
−0.019**
0.027
No
−0.468
409
−0.055

0.083
0.002
0.066
0.010
0.006
0.007
0.008
0.003
0.054
0.054
0.047
0.026
0.078
0.059
0.011
0.029
0.093
0.013

0.553

0.671

0.561
0.229

***, **, * represent 1, 5 and 10% signiﬁcance level, respectively.
Estimated using probit regression. Average marginal effects are reported.
2
Estimated using RBP. Average marginal effects are reported. First-stage result is not shown but available on request.
1

of FFF but account for potential self-selection into FFF.
The result shows that FFF participants are 24.2% more
likely to implement innovation-generating activities relative to non-participants. In summary, the results from
these three models and those presented in Table 3 imply
that the positive and signiﬁcant effect of FFF on innovation-generating capacity is consistent and robust, but
the magnitude of the effect appears to be sensitive to
assumptions about the endogeneity of FFF participation
and the measure of innovation-generating capacity
employed (i.e., binary or count outcome).

Propensity score estimation
As already indicated, we also use an alternative estimation strategy, PSM, to examine the effect of FFF participation on innovation generation, as a further robustness
check. PSM is a non-parametric technique that involves
matching FFF participants with non-participants that
are similar in terms of observable characteristics.
Though it accounts for only observables, it is less restrictive as it does not impose functional form and weak instrument assumptions as is often the case with instrumental
variables technique, particularly when used in cross-sectional data analysis (Jalan and Ravallion, 2003). We
also try to minimize the bias stemming from unobserved

heterogeneity by controlling for risk preference. In addition, we test whether our estimated results are sensitive
to unobservables using the bounding approach suggested
by Rosenbaum (2002).
In the PSM approach, a probit regression was estimated
using several covariates, which are similar to those in the
ﬁrst-stage regression of the RBP and ESP models, to
obtain household’s propensity to participate in FFF. We
then use the propensity scores obtained in the ﬁrst stage to
match participants and non-participants of FFF. The
matching algorithm used is kernel matching with a bandwidth of 0.3 but for robustness check, radius matching
with a calliper of 0.05 and nearest-neighbor matching are
also employed. A review of the different matching techniques can be found in Caliendo and Kopeinig (2008). We conducted a matching quality test (Rosenbaum and Rubin,
1983) to check if the balancing property is satisﬁed. Based
on the kernel matching, the test result (Table A4 in the
Appendix 1) shows that in contrast to the unmatched
sample, there are no statistically signiﬁcant differences in
covariates between participants and non-participants of
FFF after matching. Thus, the balancing requirement is
satisﬁed. Using the PSM, we compute the average treatment
effect on the treated (ATT), which is average difference in
innovation capacity between FFF participants and nonparticipants. Here again we ﬁnd that the results (Table 5)
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Table 5. PSM estimation of the effect of FFF participation on innovation generation.
Matching algorithm
Kernel matching
Radius matching
Nearest neighbor

ATT1

SE

Critical level of hidden bias (Γ)

0.141**
0.239**
0.169**
0.281**
0.208**
0.354**

0.066
0.106
0.072
0.114
0.093
0.148

2.15–2.20
1.65–1.70
2.15–2.20
1.25–1.30
1.70–1.75
1.75–1.80

Outcome
Innovation
Innovation
Innovation
Innovation
Innovation
Innovation

_binary
_count
_binary
_count
_binary
_count

**Indicates 5% signiﬁcance level.
1
ATT estimates were obtained by implementing ‘psmatch2’ command in stata. The condition of common support was achieved.
Only 3, 6 and 3 households (out of 409) were not successfully matched in the kernel, radius and nearest-neighbor matchings,
respectively.

are robust, irrespective of the matching algorithm or the
outcome measure employed. Using the kernel matching,
for instance, the results show that the rate of innovation generation by FFF participants is 14.1% higher relative to
matched non-participants. Overall, the results conﬁrm the
positive and signiﬁcant effect of FFF participation on
innovation-generating capacity of farm households.
The last column in Table 5 presents the results of the
sensitivity of the ATT estimates to unobservable factors.
The critical value of gamma, Γ = 2.15–2.20 for kernel
matching, for example, indicates that the ATT of 0.141
would be questionable only, if matched pairs differ in
their odds of FFF participation by a factor of 115–
120%. Thus, the ATT estimates are not very sensitive to
unobservables.

Spillover effect of FFF participation
In this section, we test whether FFF participation has
spillover (i.e., knowledge diffusion) effects by comparing
the innovation capacity of participants with that of the
exposed group (Table 6, model 1) and the innovation capacity of the exposed group with the control group
(Table 6, Model 2). The FFF program does not reach
all farmers, but promoters of the program believe that
knowledge gained will be transmitted from participants
to other farmers. It is expected that if there is a strong
spillover effect, there will be no signiﬁcant effect of FFF
participation on innovation capacity in model
1. Similarly, in model 2, we expect the exposed group to
carry out signiﬁcantly more innovative activities than
the control group if there is a spillover effect. In each
model, we use two dependent variables (that is, innovation_binary and innovation_count). We therefore estimate Probit and Poisson models for the binary and
count outcomes, respectively. However, similar to the
empirical approach in the ‘The effect of FFF participation on farmers’ innovation-generating capacity’
section, we take the potential endogeneity of FFF participation in model 1 into consideration by estimating RCB
and ESP models for the binary and count outcomes,

respectively. The main variable of interest, Treatment,
takes values of 1 and 0 if the household is a FFF participant or belongs to the exposed group, respectively (Model
1); and 1 and 0 if the household belongs to the exposed or
control group, respectively (model 2). As an additional
robustness check, we also employ PSM methods.
The statistical signiﬁcance of the Treatment variable in
model 1 indicates that relative to the exposed group, participating households are more likely to implement innovation-generating activities, implying that there is no
strong spillover effect of FFF on innovation-generating
capacity. Similarly, the result in model 2 shows that
regardless of the dependent variable used, exposed
farmers are not signiﬁcantly more innovative than
control farmers, which further suggests that there is no
positive spillover from FFF participants to the exposed
farmers. The PSM results in the lower part of Table 6
also conﬁrm the ﬁnding that there is no signiﬁcant knowledge diffusion effect of FFF on innovation-generating
capacity.
Similar results were obtained in FFS studies by Rola
et al. (2002), Feder et al. (2004a) and Tripp et al. (2005)
in Philippines, Indonesia and Sri Lanka, respectively.
This ﬁnding is plausible because FFF strengthens the analytical and problem-solving skills of participants, and the
mere location of non-participating households in FFF villages or interactions with other FFF graduates does not
confer these skills. Another possible explanation is the
low level of intensity of the program. Only one FFF
with 30–40 participants (out of about 200 potential participants) was implemented in each participating village.
This low intensity is argued to be an important determinant of successful application and dissemination of FFS
principles (Feder et al., 2004b).
This ﬁnding also validates the inclusion of the exposed
group into the group of non-participants in our initial
analyses as part of our attempt to minimize the endogeneity problems. Most interestingly, the results in Model 1
suggest that the signiﬁcant effect of FFF on farmer’
innovation-generating capacity persists even when we
use only the sample of households from FFF
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Table 6. Spillover effect of FFF participation on innovation generation.
Model 1

Treatment2
Rho
No. of observations
PSM3
KM (innovation_binary)
KM (innovation_count)
RM (innovation_binary)
RM (innovation_count)
NN (innovation_binary)
NN (innovation_count)

Model 2

RCB1

ESP

Probit

Poisson

0.293 (0.117)**
−0.339 (0.267)
284
ATT (SE)
0.130 (0.064)**
0.213 (0.103)**
0.144 (0.070)**
0.241 (0.111)**
0.147 (0.074)**
0.244 (0.117)**

0.407 (0.181)**
0.000(0.185)
284
Critical level of Γ
2.20–2.25
1.65–1.70
2.20–2.25
1.25–1.30
1.65–1.70
1.20–1.25

0.423 (0.516)

0.345 (0.501)

224
ATT (SE)
0.009 (0.068)
0.000 (0.100)
0.014 (0.072)
0.008(0.106)
0.033 (0.089)
0.033 (0.130)

224

**Indicates 5% signiﬁcance level. Values in parenthesis are SE.
1
Average marginal effect reported.
2
All models include controls for the same variables in Table 2. The full results are available upon request.
3
Matching was done using similar covariates in Table 4. KM, RM and NN refer to kernel matching, radius matching and nearest
neighbor matching, respectively. The condition of common support was fulﬁlled as all households were successfully matched.

communities. It should be stressed that our approach provides a crude estimation of the spillover effect of FFF participation; hence, further studies would be needed to
conﬁrm our ﬁndings. It is possible that FFF may have
spillover effects on other farming strategies, but this is
not the focus of this paper. For instance, the innovation
effect of FFF appears to be independent of the crop it
focuses on since most of the innovations reported by the
farmers were unrelated to sweet potato production, and
this is a potential spillover beneﬁt from FFF
participation.

Conclusion
While there is increased interest in promoting farmer innovations as a complement to externally driven technologies,
little attention has been given to building the capacity of
farmers to generate innovations. Using cross-sectional
data from rural farm households and econometric techniques, this study analyzes the innovation-generating activities among rural farmers in northern Ghana. We
speciﬁcally look the potential role of FFF participation in
building farmers’ innovation-generating capacity.
This study has shown that resource-poor farmers are
capable of implementing innovation-generating activities.
The innovations range from experimenting with new
ideas, modifying or adding value to existing or external
practices to complete discovery of better farming practices.
Controlling for selection bias, we found that participation
in FFF, a participatory extension approach with elements
of the innovation systems concept, contributes signiﬁcantly
to enhancing the innovation-generating capacity in farm
households. This is possible because participants are
likely to be empowered and also gain problem-solving

and analytical skills, which are essential for innovation.
This result is robust to alternative speciﬁcations and
estimation techniques. Innovation capacity also increases
signiﬁcantly with education level of household heads,
another human capital-related determinant.
In contrast to the innovation adoption literature where
poor farmers are often found to be signiﬁcantly constrained in adopting new technologies (e.g., Tambo and
Abdoulaye, 2012), our ﬁndings seem to suggest that
wealth does not play a key role in innovation-generating
decisions of farmers. We also found little evidence that
shocks induce innovativeness. Climate shocks rather
appear to reduce the probability of generating innovations. This study also attempted controlling for farmers’
risk attitudes and found that it is a very important determinant of innovation capacity of farm households. There
appears to be no spillover effect of FFF on innovation
generation, and this has implications for the cost-effectiveness of the program. Farmers have, however, extended
the knowledge acquired from participating in FFF to
other farming activities and there is a possibility of positive spillover effects on other outcome indicators such as
farm productivity. Therefore, further studies will be
needed before a concrete conclusion on the cost-effectiveness of the FFF program can be drawn.
Policy efforts aiming at strengthening farmers’ innovation capacity should provide platforms for active interaction between stakeholders as argued by the innovation
systems theory. An innovation platform, which facilitates
interactions between actors who have a common interest
in innovation generation (Nederlof et al., 2011), is a
good example. This does not imply that promoting FFF
or its variants will deﬁnitely induce innovation-generating
behavior in farmers. There are reports that some FFSs
have rather been used as means to facilitate the transfer
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of technologies to farmers or are rarely farmer-centered
(Röling, 2009a; Masset and Haddad, 2015). The innovation-generating potential of FFF, therefore, likely
hinges on how it is implemented in the ﬁeld.
There are increasing attempts to promote farmers’ innovations, and this study has illustrated some useful pathways.
Farmer innovation is, however, a continuous process, but
this study is based on cross-sectional data which does not
allow the analyses of these dynamics and is further challenged by endogeneity problems. While we have tried to
address these issues by using robust estimation techniques,
a more rigorous analysis will require the use of panel
data; hence, future research in this direction will be useful
in corroborating the ﬁndings of this study.
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Appendix 1
Measuring farmers’ innovation-generating
practices

2. If yes, please describe the practice(s):

1. In the past year, did you develop or discover anything
that is entirely new to your community or did you
modify or make any changes to techniques, practices
or technologies in your community, on your own or
jointly with other farmers without direct external
assistance (e.g., from extension agents, researchers,
NGOs, etc.), within the areas in the table below?

Activity
Land preparation
Method/time of planting
Cropping pattern (e.g., intercropping, crop rotation)
Soil fertility (e.g., manure, composting, mulching)
New varieties and crops
New methods of weed control
Tree/Forest management
Soil and water conservation
Farm tool/equipment
Animal husbandry (new breed, feedstuff, medicine)

Note: All the practices described by the farmers were
veriﬁed by conﬁrming if they can be considered as farmer
innovations. With the assistance of extension agents who
are knowledgeable about agricultural practices in the
sample communities, we conﬁrmed if a practice described
by a farmer was not a common practice but rather a
modiﬁed, an improved or a novel practice. We also randomly asked farmers in the sample communities to indicate
and conﬁrm the originator of an identiﬁed innovation.

1 = Yes 0 = No

Activity

1 = Yes 0 = No

New methods of harvesting
Processing
Storage
Transportation
New forms of marketing
Financing/Insurance
New ways of organizing
Irrigation
New farm product
Other (specify)
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Table A1. Risk preference elicitation setup.
Choice
A
B
C
D
E
F

High pay-off

Low pay-off

3
4
5
6
7
8

3
2.5
2
1.5
1
0

Risk aversion class
Extreme
Severe
Intermediate
Moderate
Slight to Neutral
Neutral to Preferring

Table A2. Estimation results of the placebo regression.
Probit model

Lagged sweet potato
Age
Gender
Household size
Education
Land holding
Livestock holding
Assets
Off-farm
Credit
Group membership
Road distance
Climate shock
Pest and disease shock
Household size change
Market opportunities
Land right
Risk preference
Village ﬁxed effects
Constant
No. of observations

Coefﬁcient

SE

0.037
−0.015
0.038
0.053
0.040
0.085**
−0.099*
0.015
0.245
0.005
0.486
0.015
−1.012
0.302
−0.087
−0.120
0.345
0.100
Yes
−0.090
125

0.292
0.010
0.382
0.063
0.039
0.043
0.054
0.017
0.349
0.346
0.332
0.141
1.001
0.450
0.076
0.183
0.530
0.091
1.599

** and * represent 5 and 10% signiﬁcance level, respectively.
Table A3. Estimation results of the ﬁrst-stage regression.
Innovation (binary)

Lagged sweet potato
Age
Gender
Household size
Education
Land holding
Livestock holding
Assets
Off-farm
Credit
Group membership
Road distance
Risk preference
Village ﬁxed effects
Constant

Innovation (count)

Coefﬁcient

SE

Coefﬁcient

SE

1.190***
−0.008
−0.166
0.100**
−0.006
−0.004
0.034
−0.007
−0.460**
0.061
0.930***
0.002
−0.003
Yes
−0.328

0.240
0.007
0.271
0.042
0.027
0.036
0.037
0.016
0.230
0.214
0.210
0.150
0.053

1.355***
−0.007
0.061
0.058*
−0.012
−0.029
0.013
−0.005
−0.182
0.229
0.855***
−0.282***
0.028
Yes
−1.147**

0.173
0.005
0.21
0.031
0.02
0.023
0.025
0.011
0.174
0.168
0.16
0.097
0.042

0.278

***, **, * represent 1, 5 and 10% signiﬁcance level, respectively.
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Table A4. Test of matching quality (kernel matching).
Unmatched

Age
Gender
Household size
Dependency ratio
Education
Land holding
Group membership
Livestock holding
Assets
Credit
Road distance
Risk preference
Median bias
Pseudo R2
P-value of LR

Matched

Participants

Non-participants

t-test

Participants

Non-participants

t-test

47.03
0.89
6.90
0.92
2.77
4.51
0.46
3.18
4.67
0.32
0.42
2.72

52.57
0.79
6.10
0.86
1.91
4.36
0.28
2.31
3.84
0.17
0.46
2.46
13.5
0.212
0.00

−3.23***
2.51**
2.71**
0.75
1.93*
0.35
3.37***
2.47**
1.19*
3.03***
−0.41
1.26

47.01
0.89
6.72
0.91
2.79
4.50
0.46
2.94
4.53
0.30
0.42
2.70

48.12
0.89
6.63
0.94
2.51
4.53
0.38
2.69
4.48
0.25
0.37
2.56
5.1
0.004
1.00

0.16
−0.19
−0.35
0.01
0.36
−0.41
0.93
−0.12
0.85
−0.00
0.19
0.09

***, **, * represent 1, 5 and 10% signiﬁcance level, respectively.
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