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Abstract: To sustain agricultural development in Africa, innovative strategies for addressing a myriad
of biotic and abiotic constraints facing the agricultural systems must be established. One current biotic
stress is the mango infesting fruit flies. In the effort to contain the widely spreading and damaging
invasive species of tephritid fruit fly (Bactrocera dorsalis) (Hendel), an area-wide integrated pest
management (IPM) program is being promoted in the horticultural sub-sector in sub-Saharan Africa.
Such a new technology in which farmers have limited information before commercialization may have
diffusion paths that are different from the often-assumed sigmoid (or “s”) shaped curve. We apply
the descriptive and econometric analysis of ex ante and ex post integrated fruit fly management used
by mango farmers in Kenya and Ethiopia. The results reveal that this technology has a relatively
high adoption rate and high prospects for adoption growth in Kenya compared to Ethiopia in the
near future.
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1. Introduction

Agriculture remains the main economic activity in many developing countries in sub-Saharan
Africa. Horticultural farming is the fastest-growing agricultural sector in these countries [1] and
contributes significantly to poverty reduction, food security, and export earnings [2]. Subsequently,
any effort to strengthen the horticultural sector could contribute greatly to the success in attaining the
millennium development goals of sub-Saharan Africa [3].

Mango is one of the most economically important tropical fruit in sub-Saharan Africa. In Kenya
and Ethiopia, mango is particularly important to smallholder farmers who are dominantly involved
in fruit production. The fruit provides them with employment opportunities, food and nutrition
security, and income from the regional and international markets. Although production of mango is
widespread in the world, with estimated area coverage and annual production of 3.69 million hectares
and 35 million tons, respectively [4], only about 5% of this production is exported, with fruit flies cited
as the main challenge that contributes to this disparity [5].

In sub-Saharan Africa, including Kenya and Ethiopia, the fruit fly problem is embellished by a
myriad of other challenges including low productivity, limited capacity to buy farm inputs including
improved mango varieties, fertilizer, and infestation by other insect pests and diseases. The yield gaps
are evident in Kenya and Ethiopia, as production in the two countries is far below its potential. In Africa,
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annual losses of horticultural produce due to fruit flies are estimated at US$2 Billion, both directly
where the pest fed to the fruit pulp or indirectly through loss of market opportunities as a result of
quarantine restrictions to export to the global markets [6–9].

Like many developing countries, mango farmers in Kenya and Ethiopia use a combination of
modern and traditional methods of managing pests and diseases. However, over-reliance on chemical
pesticides for the control of fruit flies is evident in both countries. The overuse (misuse) of pesticides has
resulted in the development of resistance in the pest to certain pesticides [10,11], in addition to causing
adverse effects on the environment and human health [12]. Furthermore, increased use of insecticides
on the fruit reduces their marketability in the global markets due to high insecticide residue levels [9].
Integrated pest management (IPM) is recommended as an effective and sustainable alternative to the
conventional use of synthetic pesticides [13]. The IPM approach involves the management of pests
using a combination of biological, cultural, and physical pest control strategies. The approach draws
on a range of management tools intending to use the least ecologically disruptive techniques to manage
pests in a way that maintains their damage at economically acceptable levels. While the IPM approach
has been widely adopted in developed countries, the uptake is still slow but growing in developing
countries. A few successful cases from developing countries include the adoption of IPM for control of
aubergine fruit and shoot borer in West Bengal, India [14], IPM use in cotton production in Haryana
and Punjab, India [15], IPM in rice production in Bangladesh [16], IPM in vegetable production in
Nicaragua [17], and fruit fly management in mango production in India [18]. In Africa, the IPM
approach has also been adopted to address biotic constraints in a variety of crop enterprises. Examples
include IPM in cotton production in Zimbabwe [19], coffee in Uganda [20], and control of false coding
moth (FCM) and Africa Trioza (ACT) in citrus orchards in South Africa [21].

To address the challenge of fruit flies in the sub-Saharan Africa horticultural industry,
the International Center of Insect Physiology and Ecology (icipe) and development partners have
devised an IPM strategy for suppression of the pest to increase returns to farmers through improved
yield and market competitiveness of the crop while minimizing the use of synthetic chemicals [6,7,22–28].
The strategy consists of (1) spot application of food bait, (2) male annihilation technique (MAT), (3) use
of biopesticide, (4) releases of parasitoids (Fopius arisanus (Sonan) and Diachasmimorpha longicaudata
(Ashmead) (both Hymenoptera: Braconidae), and (5) use of orchard sanitation [7,22–24,28–30].
The practices have been tested and demonstrated to be effective in the management of the most
destructive fruit fly species B. dorsalis (Hendel) under the tropical conditions in Africa [28]. Initial trials
were conducted in Kenya but have since been widely upscaled to other countries in eastern, southern,
and western Africa. An earlier study on the adoption of the icipe fruit fly IPM by Korir et al. [31] was
mainly based on field trials. However, a recent study by Midingoyi et al. [32] explored the adoption of
the IPM strategy after the commercialization of the two of the IPM components (i.e., the MAT and
biopesticide), which are supplemented by a massive release of parasitoids. In Ethiopia, however,
most of the components are still in the introduction phase. Based on the current phase of dissemination
and promotion effort of the fruit fly IPM practices, we perceive adoption in Kenya and Ethiopia as ex
post and ex ante, respectively, and thus the title of our study.

According to Grilliches et al. [33], farmers make technology adoption decisions by matching their
objectives against the knowledge they have acquired about the attributes of the technology. Although
the IPM strategy is being promoted widely across several African countries, including Kenya and
Ethiopia, farmers’ adoption decisions are a time-dependent process. While some components of the
IPM have been commercialized, some are still undergoing registration. However, information about
the different packages is widely available based on field trials that have been conducted by icipe
and partners. Therefore, many mango farmers have developed perceptions as to the effectiveness of
technology in the management of the target fruit fly species (Bactrocera dorsalis).

In Kenya, the potential for fruit fly IPM adoption for commercialized packages (mainly fruit fly
traps) and the cultural method of orchard sanitation have been assessed previously [31]. The authors
found about 19% of the surveyed respondents were using the commercialized fruit fly traps or the male
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annihilation technique, while about 50% were using some cultural mechanisms including burying and
burning fallen fruits. Similarly, the potential impact of these packages among others on field trials
has been assessed [24,25]. The studies estimate that the packages can reduce pesticide expenditure by
between 30–46.3%, reduce mango losses by 19–55%, and increase mango income between 22–48%,
comparing the treatment farmers and the control. Providing this information to the farmers may
shape their perceptions and may change the timing of their ex post adoption decisions. While the
study of Korir et al. [31] provides useful insights into the potential uptake of the IPM technology,
it does not consider the timing of the adoption decisions. Similarly, Midingoyi et al. [32], assessing the
household and environmental benefits of adopting one versus a bundle of the fruit fly IPM strategies,
did not consider the time-dependent process of adoption of this technology. It is important to consider
the length of time it takes for the farmers to adopt the fruit fly IPM technology, as this shapes the
expected ex post diffusion path of the technology. Furthermore, predicting adoption rates ex ante
permits the identification of potential gainers and losers for the anticipation of policy implications [34].
The outcome should inform policymakers and development partners in understanding and designing
policies aimed at promoting and disseminating the IPM practices and enhancing their adoption.

Survey data gathered ex ante and ex post on fruit fly IPM use and willingness to adopt the
technology by mango farmers in Ethiopia and Kenya respectively, are used in this paper to examine
its adoption path. Although IPM is not a new concept in the developed world, its application in
sub-Saharan Africa, particularly among the smallholder farmers, is still very limited. However, in the
case of fruit fly IPM, rigorous dissemination and promotion efforts have made the technology feasible.
This presents a research gap that justifies the need to evaluate what appears as an increasing trend
based on ongoing promotion activities by the African fruit fly program [24,25,32]. The current study
attempts to address this research gap.

The surveys involved face-to-face interviews with 660 and 366 mango growing households in
Kenya and Ethiopia, respectively, conducted between July and December 2016 in both countries.
We test the hypothesis on characteristics associated with knowledge and receptiveness towards fruit
fly IPM and the role of training and information on fruit fly IPM adoption, among other farmers, farm,
and social capital characteristics. We also compare the adoption probabilities of different categories of
mango growers and make predictions of adoption. Categories of mango growers are compared for
significant differences in control variables to establish the differences based on these categorizations.
Based on selected awareness, knowledge, perception, and training variables, we assess the structural
changes in probabilities of fruit fly IPM adoption patterns for the different categories of respondents.

2. Materials and Methods

2.1. Econometric Approach

Modeling adoption of agricultural technologies began as early as the work of Griliches [33],
which highlighted the importance of evaluating economic factors in the adoption decisions.
Many studies have then followed in conducting factors influencing technologies using both ex post
and ex ante adoption frameworks, with most studies in developing countries adopting the former
frameworks [35]. Ex ante adoption models are however limited in Africa but widely applied in
agricultural disciplines in developed countries. A good example is the case of rBST (recombinant
bovine somatotropin) technology in the dairy sub-sector in the USA [34,36–38]. Various econometric
models have been used to make ex ante projections of agricultural technologies. Lesser et al. [38],
for example, applied a multinomial logit model to project the diffusion rates of rBST technology among
dairy farmers in New York state. Similarly, Zepeda et al. [34] and Barham et al. [39] used multinomial
logit models to predict ex ante adoption of the same technology among dairy farmers in California and
Wisconsin, respectively. Kolady et al. [40] applied the bivariate probit model to estimate the probability
of adoption of the genetically modified eggplant in their study on ex ante adoption of modified eggplant
in India. Atanu et al. [41] similarly used a bivariate probit model to estimate the adoption of emerging



Agriculture 2020, 10, 278 4 of 23

dairy farming technologies under output uncertainty among Texas dairy producers. Kinnucan et
al. [42] applied the logit model to determine the potential effect of rBST, on the size distribution of
dairy farms in the southeastern United States.

Although binary models are widely used to estimate ex ante adoption of agricultural technologies
as outlined above, the multinomial logit model allows the survey response to indicate adoption rates at
discrete periods in the future following the availability of the technology [37]. Subsequently, following
the work of MacFadden [43] and the authors mentioned above, we adopt a multinomial logit model
to assess the potential adoption of the fruit fly IPM technology and the determinants of fruit fly IPM
adoption behavior among mango farmers in Kenya and Ethiopia.

The model is based on a random utility approach. With respect to the adoption of fruit fly IPM,
assume a farmer attempts to maximize the expected utility of the present value of profit by choosing
among J discrete technologies. The expected utility of the present value of profit by choosing the jth
technology for the ith farmer is denoted as:

Ei
(
Ui j

)
= βXi + εi j, (1)

where X is a (1 × q) vector of attributes of the ith farmer and εi j is an unobserved component of the
objective function of the ith farmer given the jth technology. The X vector comprises of the ith farmer
and farm characteristics, social capital, and information access variables that may affect the preferences
of a technology. In this context, the ith farmer chooses the jth technology that maximizes the expected
utility of the present value of profit. Suppose yi j = 1 if the ith farmer chooses the jth technology, and
yi j = 0 otherwise. It follows that:

yi j = 1 i f Ui j > Uik, and 0 otherwise, k = 1, 2, . . . .., J. (2)

Subsequently, from Equation (1), the probability of the ith farmer choosing the jth technology is:

Pi j = P
(
yi j = 1

)
= P[Ui j ≥ Uik ; k , j, k = 1, 2, . . . ., J
= P

[
εi j − εik ≤ f j(Xi ) − fk(Xi)

]
.

(3)

If the εi j in Equation (1) is independently and identically distributed with the Weibull density
function, the Pi j can be expressed as follows [43]:

Pi j = P
(
yi j = 1

)
=

exp fi (Xi)∑J
k=1 exp fk(Xi)

. (4)

Equation (4) can be written as conditional logit or multinomial logit model as follows:

Pi j =
exp fi (Xi)

1 +
∑J−1

k=1 exp fk(Xi)
j = 1, 2, . . . , J − 1, (5a)

Pi j =
1

1 +
∑J−1

k=1 exp fk(Xi)
, (5b)

where the Ps are conditional probabilities of adoption given the explanatory variables, which can be
estimated by the maximum-likelihood estimation (MLE) method [44]. Following a priori information
on fk(Xk), we adopt a linear form [34], f j(Xi) = Xiβj, for our analysis.

In our context of fruit fly IPM adoption, we let Ui j in Equation (1) represent the expected utility of
the ith farmer facing the jth adoption scheme, j = 1, . . . . . . , J. Letting j to be greater than 1 reflects the
dynamics of decision making with respect to adoption decisions. Specifically, mango growers can be
differentiated with respect to what they know about the fruit fly IPM technology and their willingness
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to use it. Our conditional probabilities for the different adoption patterns, therefore, are as given in
Equations (5a) and (5b), that is Po, P1 , P2, . . . .PJ.

Since the coefficients (βs) enter the probabilities (Ps) non-linearly, they cannot be interpreted
directly [34]. The coefficient estimates for the different adoption categories can be interpreted by taking
the logarithm of the ratio of the different categories relative (P1 , P2, . . . .PJ) to the benchmark (P0)
such that:

In
(Pi j

Pio

)
= β jXi j = 1, 2, . . . J, (6)

where Pi j/Pi0 are the odds in favor of outcome j relative to the benchmark outcome 0, and β j is
the marginal effect of the qth regressor in Xi on the odds ratio. The multinomial logit regressions
are estimated using the maximum likelihood estimation procedure from STATA. The odds ratio
coefficients, however, are difficult to interpret. Associating β j with the jth outcome would be
misleading. By differentiating Equation (4), we find the marginal effects of the independent variables
on the probabilities are [45]:

δi j =
∂Pi j

∂βi
= Pi j[β j −

J∑
k=0

Pikβk] = Pi j(β j − β). (7)

Subsequently, every subsector of β enters every marginal effect, both through the probabilities and
through the weighted average that appears in δi j. The marginal values are computed from the
parameter estimates.

Following Zepeda [34], Lesser et al. [38], and Barham [39], we classify the different technology
adoption possibilities based on the mango farmers’ willingness to adopt the technology and how
fast they plan to use it. We distinguish three adoption categories based on their plan to use it; early
adopters (P1 ), late adopters (P2 ), and non-adopters (P0 ). The early adopters are those who were
willing to pay for the IPM package immediately, late adopters are those who were willing to buy the
packages after one year, while non-adopters were mango growers that were willing to buy the package
after two years or more or were not willing to pay for the technology.

The choice of attributes (Xs) associated with the adoption of fruit fly IPM is guided by the
ex ante and ex post adoption literature, which includes the human capital theory and sociological
research, and contextual characteristics that may influence the adoption of agricultural technologies.
The explanatory variables can be broadly classified into five categories; household characteristics
(including household education, age, household size, and gender of the household head, and the
highest education in the household) [31,46–48]; household resources (including the size of a mango
orchard, livestock ownership, farm size, per capita expenditure, access to off-farm income, and credit
constraint) [31,46,49–52]; access to market and institutional information including government extension
services and training [31,32,47,53–55]; farmers’ knowledge, attitude, and perceptions regarding mango
production constraints and the attributes of the technologies (such as IPM) that respond to such
constraints [14,34,54]; and social capital and network variables (including membership in mango growers’
groups, the number of people in and outside the village that a household can rely on in times of critical
need, and having relatives in government positions [46,56–58]. We also include the location (districts in
Ethiopia and counties in Kenya) dummy variables to capture spatial and regional differences between
the survey sites.

2.2. Survey Data

The data utilized in this study was obtained from household-level surveys that involved face-to-face
interviews with 660 mango and citrus growing households in Kenya and 366 mango growing households
in Ethiopia. In Kenya, the survey was conducted from four major mango-growing counties in eastern
Kenya, namely Embu, Machakos, Makueni, and Meru (Figure 1), while in Ethiopia, the survey was
conducted the Southern Nations Nationalities and Peoples’ Regional State (SNNPR), regarded as the
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third largest administrative region of Ethiopia and a major mango production zone. A multi-stage
sampling technique was utilized in both countries. In Kenya, the first stage involved a purposive
selection of the four major mango producing counties of the eastern region, following icipe’s previous
dissemination and promotional activities of the mango fruit fly IPM practices. The next step was to
select mango-growing wards and villages in each county, in collaboration with the local agricultural
extension workers. A census of mango and citrus growers in the selected wards and villages who had
ten or more mango trees in each village was then developed, from which a sample of 660 mango and
citrus growing households were selected based on probability proportional to size sampling technique.
The sampled households were then interviewed by well-trained enumerators, who understood the
local language and were supervised by an icipe researcher.

Similarly, in Ethiopia, the first stage involved a purposive selection of two districts in Gamo Gofa
where mango production is predominant (namely Mirab Abaya and Arbaminch Zuria). In the second
stage, 11 villages were selected from the two districts, two from Mirab Abaya and 9 from Arbaminch
Zuria, again based on the intensity of mango production. Since the size of mango growers across the
villages differs and to ensure every producer in the target population had an equal chance of being
included in the sample, the probability proportional to size sampling technique was used to select
the survey respondents. Lists of all the mango farmers in each village, which were compiled by the
village (Each village (Kabbelle) has a comprehensive list of the households that resides in that village,
along with a few socio-economic indicators including household size, main crops produced, etc. For
this study, we requested the village elders to filter out the mango growers from the list, which served
as the sampling frame for the survey), elders, served as a sampling frame for this study. Overall,
366 mango growing households were randomly selected and interviewed by trained and local language
speaking enumerators.

Data collection using semi-structured questionnaires, programmed in tablets, took place in
November and December 2016 in Kenya and July and August 2016 in Ethiopia. Detailed information
on five broad categories of control variables highlighted in the previous section was collected for
analysis during the survey. A stack of photographs of the most common mango pests and diseases
was used to capture farmers’ knowledge and perceptions on mango pests and diseases. Similarly,
photos of different fruit fly IPM components were presented to capture farmer’s awareness, utilization,
willingness to pay for different IPM strategies. Farmers’ preferences for the fruit fly IPM strategy were
elicited through the presentation of a short explanation of the scientific background of the strategy,
the costs and benefits of using IPM as an alternative to the commonly used synthetic pesticides in the
control of fruit flies. Those who responded positively to the willingness to pay for the IPM package
were asked structured questions about their proposed adoption plans. Five adoption schemes were
investigated: 0 = immediately; 1 = after 1 year; 2 = after 2 years; 3 = after how many years (specify),
and (4) other specify. For our analysis, we reduced those plans into three categories. Those who
were not willing to pay the package, we label as “non-adopters”. The rest of the categories were
willing to buy the fruit fly IPM package. Those who said they would buy the package immediately
were labeled as “early adopters”. Those who would wait until one year, we called “late adopters”,
while all remaining responses we merged the “non-adopters” category. After removing missing data
and apparent enumerators’ errors, we use a final sample of 508 and 348 mango growing households in
Kenya and Ethiopia, respectively. Besides individual interviews, informal farmer group discussions
were also conducted to complement the household survey.
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Figure 1. Study areas and sample households’ distribution in Kenya and Ethiopia. 
Figure 1. Study areas and sample households’ distribution in Kenya and Ethiopia.
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3. Results and Discussion

3.1. Descriptive Statistics

3.1.1. Potential Fruit Fly IPM Adoption Patterns

Table 1 shows the potential fruit fly IPM adoption patterns among mango growers in Kenya and
Ethiopia based on the willingness to pay responses obtained during the survey. In Kenya, 51% of the
respondents were in the “early adopter” category, 32% were in the “late adopter category”, and the
remaining 17% were in the “non-adopter” category. In Ethiopia, the number of respondents was in the
same range across the three categories with 36%, 34%, and 30% in the “early adopter”, “late adopter”,
and “non-adopter” categories, respectively. Comparing the two countries, in Kenya where the IPM
strategy was initially piloted, the proportion of “non-adopters” is less than in Ethiopia, suggesting the
importance of technology awareness in determining the farmers’ decisions to adopt the strategy.

Table 1. Potential adoption patterns of fruit fly Integrated Pest Management (IPM) by mango growers
in Ethiopia and Kenya.

Kenya Ethiopia

n % n %

Non-adopters 86 17 104 30
Early adopters 261 51 127 36
Late adopters 161 32 117 34
Total 508 348

3.1.2. Selected Socio-Economic Factors that Influence the Adoption

The definition and summary statistics of the variables used in the analysis are given in Table 2.
Tests for differences of the variables across the three categories were conducted using ANOVA.
Some variables were significantly different across the three potential fruit fly IPM adoption groups.
Among the household characteristics, age, and gender of the household head and household size are
distinguishable across the different adoption categories. Older age is associated with short-planning
horizons and being more risk-averse [46]. In Kenya, age is significantly different, with non-adopters
category having the oldest household heads, which makes them less willing to take up the new
technology. Agreeing with existing literature, non-adopters in Ethiopia had more female heads,
confirming the argument that women have less access to critical productive resources (land, labor,
and credit), as well as information, in comparison with men, that limit them from accessing agricultural
technologies [48]. In Ethiopia, early adopters had the largest household size compared to the other
two categories of farmers. Large household size has been shown to be important in determining
the adoption of innovations as it provides labor endowment needed for performing agricultural
activities [50], such as mango production. Large household size, therefore, makes the early adopters
better able to adopt the IPM practices, which may require additional farm effort.

With respect to household resources, we controlled for size of a mango orchard, livestock herd
size in tropical livestock units (TLU), farm size, per capita expenditure, access to off-farm income,
and credit constraint. Wealthier households are often viewed as better able to bear possible risks
associated with the adoption of new farm innovations and can also finance the investment outlay
required for the new technologies [46]. Size of mango orchard (or mango tree ownership), farm size,
and per capita expenditure were defined as categorical variables (high, medium, and low) derived
from the quantitative data collected from the mango growers. In Ethiopia, the “high” group of
mango ownership was significantly different across the three categories of fruit fly IPM adoption,
suggesting that the fruit fly IPM may not be a scale neutral technology [31]. The number of mango
trees considered across the three classifications differed between the two study countries. In Ethiopia,
the “small” group of mango ownership comprised respondents who had less than 11 mature mango
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trees, the “medium” group owned between 11 and 26 mature trees, while the “high” group owned
over 26 mature trees. In Kenya on the hand, the small, medium, and high mango ownership groups
had “less than 25”, “25–102”, and “over 102” mature trees respectively. Similarly to the size of a mango
orchard, a bigger size of land has been shown to have a comparative advantage when it comes to the
adoption of agricultural technologies, especially crop productivity-improving technologies [53,55].
The proportion of respondents in the “high” group of land ownership was significantly different across
the three adoption categories in Ethiopia, with the early adopters reporting the highest respondents
(30%) compared to the late adopters (29%) and non-adopters (14%). Income proxied in our study
by per capita expenditure was significantly different among the “medium” and “high” groups in
Ethiopia, with “non-adopters” having a bigger proportion of respondents compared to the other
two categories in the “high” income group. This is in contrast with Kenya, where the category of
“non-adopters” had fewer respondents than in the “medium” and “high” groups of income (per capita
expenditure). The literature on the effect of income on adoption decisions of new technology shows
indeterminate findings. Households with higher income may be better able to adopt technologies
since they can finance investments but may also divert their time and effort away from agricultural
activities, reducing investments in new technologies [46,52]. Similar arguments can be attached to
access to off-farm income, which is significantly different across the three categories of farmers in
Kenya, with late adopters reporting the highest proportion (53%) of households who had access to
off-farm income. Credit constrained variable defined in this study as 1 if a household needed credit
but was unable to get and zero otherwise [51,52], may influence agricultural technology adoption
decisions. The proportion of credit-constrained mango growers was also significantly different across
the three adoption categories in Kenya, with “late adopters” reporting the biggest proportion of
credit-constrained farmers.

Although the results show that the three categories of farmers are not distinguishable in terms
of market and institutional information access, knowledge and perception, and social capital and
network variables, they have been shown to be important in determining agricultural adoption
decisions. For instance, better access to the output market may provide easy access to the technology,
and disposal of the produce to the buyers, but may also influence the availability of information
and support institutions, such as credit institutions, as well as the opportunity cost of labor [47,55].
Government extension services and training remain important in agricultural technology adoption in
Africa [48]. On the other hand, farmers’ knowledge and perceptions regarding a production constraint
and the attributes of the technologies that respond to such constraints have been shown to influence
adoption decisions of such technologies [34,39,54]. Besides, with inadequate sources of information
and imperfect rural markets, social networks facilitate the exchange of information, enable farmers to
access inputs, and overcome credit constraints [56–58], and also reduce transaction costs and increase
farmers’ bargaining power, enabling them to acquire and invest high earning innovations and earn
higher returns when marketing their products [46,57–59].
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Table 2. Comparison of farm household, social capital, and village level characteristics of sample households across different potential fruit fly IPM adoption status.

Kenya Ethiopia

Non-Adopters
(n = 86)

Early Adopters
(n = 261)

Late Adopters
(n = 161) F-Test Non-Adopters

(n = 104)
Early Adopters

(n = 127)
Late Adopters

(n = 117) F-Test

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Household characteristics

Age of household head (years) 61.802 12.504 56.958 11.758 57.050 11.893 5.81 *** 56.567 14.636 57.591 13.826 54.248 13.604 1.800

Gender of head (0 = Female, 1 = Male) 0.860 0.349 0.920 0.273 0.894 0.308 1.34 0.596 0.493 0.780 0.416 0.803 0.399 7.400 ***

Household size (adult equivalent) 2.521 0.956 2.532 0.796 2.683 0.853 1.83 2.818 0.908 3.179 0.970 3.115 0.967 4.520 **

Highest education in the households (years) 11.535 3.220 12.146 2.840 11.807 3.026 1.59 9.385 3.325 10.110 3.384 9.991 3.175 1.540

Household resources

Number of mango producing trees

Medium (dummy) 0.593 0.494 0.525 0.500 0.547 0.499 0.61 0.510 0.502 0.433 0.497 0.504 0.502 0.880

High (dummy) 0.209 0.409 0.264 0.442 0.255 0.437 0.52 0.183 0.388 0.339 0.475 0.214 0.412 4.400 **

Livestock owned in Tropical Livestock Units
(TLU) 2.160 1.771 2.747 2.374 2.574 2.452 2.09 1.990 1.960 2.625 2.611 2.287 2.227 2.190

Total farm size (hectare)

Medium (dummy) 0.198 0.401 0.284 0.452 0.248 0.433 1.970 0.471 0.502 0.543 0.500 0.479 0.502 0.750

High dummy) 0.640 0.483 0.517 0.501 0.540 0.500 1.300 0.144 0.353 0.299 0.460 0.291 0.456 4.510 **

Per capita expenditure (USD/year)

Medium (dummy) 0.291 0.457 0.310 0.464 0.416 0.494 3.07 ** 0.308 0.464 0.598 0.492 0.556 0.499 11.490
***

High (dummy) 0.314 0.467 0.368 0.483 0.261 0.440 2.64 * 0.404 0.493 0.189 0.393 0.188 0.392 9.350 ***

Credit constrained (1 = Yes, 0 = No) 0.093 0.292 0.038 0.192 0.168 0.375 10.71 *** 0.125 0.332 0.189 0.393 0.214 0.412 1.560

Have access to off-farm income (1 = Yes, 0 = No) 0.419 0.496 0.437 0.497 0.534 0.500 2.350 * 0.385 0.489 0.409 0.494 0.342 0.476 0.600
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Table 2. Cont.

Kenya Ethiopia

Non-Adopters
(n = 86)

Early Adopters
(n = 261)

Late Adopters
(n = 161) F-Test Non-Adopters

(n = 104)
Early Adopters

(n = 127)
Late Adopters

(n = 117) F-Test

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Access to market and institutional information

Distance to output market (walking minutes) 51.860 38.922 58.015 58.393 63.658 53.087 1.400 33.202 28.432 34.441 37.790 29.923 36.666 0.540

Distance to extension office (walking minutes) 71.826 54.988 73.701 53.787 84.404 60.848 2.2 14.788 10.511 11.882 10.060 10.564 9.756 5.000

Attended mango training (1 = Yes, 0 = No) 0.733 0.445 0.747 0.435 0.702 0.459 0.520 0.288 0.455 0.386 0.489 0.248 0.434 2.900

Confidence in government extension
(1 = Have confidence, 0 = Otherwise) 0.452 0.500 0.630 0.485 0.709 0.456 8.230

Perceptions

Know fruit fly infestation symptoms (1 = Know
at least 2 symptoms, 0 = Otherwise) 0.817 0.388 0.756 0.431 0.923 0.268 6.300

Aware of negative effects of pesticides
(1 = Aware, 0 = Otherwise) 0.519 0.502 0.811 0.393 0.444 0.499 21.270

Perceived pesticide effectiveness (1 = Effective,
0 = Otherwise) 0.686 0.467 0.655 0.476 0.727 0.447 1.18 0.385 0.489 0.512 0.502 0.453 0.500 1.870

Aware about fruit fly IPM (1 = Aware,
0 = Otherwise) 0.884 0.322 0.877 0.329 0.919 0.273 0.94 0.702 0.460 0.882 0.324 0.786 0.412 5.900

Fruit fly severity (1 = Severe, 0 = Otherwise) 0.558 0.500 0.605 0.490 0.528 0.501 1.26 0.769 0.423 0.827 0.380 0.846 0.362 1.160

Social capital and networks

Mango group membership (1 = Yes, 0 = No) 0.174 0.382 0.161 0.368 0.217 0.414 1.08

Number of people that can be relied on in critical
needs (number) 4.250 4.553 5.252 7.657 4.094 4.009 1.460

Have relatives in government positions (1 = Yes,
0 = No) 0.519 0.502 0.441 0.498 0.350 0.479 3.250

Locations dummies

Miraba Abaya 0.163 0.372 0.087 0.282 0.120 0.330 1.59

Meru 0.221 0.417 0.218 0.414 0.236 0.426 0.09

Machakos 0.256 0.439 0.280 0.450 0.217 0.414 1.01

Makueni 0.233 0.425 0.261 0.440 0.248 0.433 0.14

Meru 0.221 0.417 0.218 0.414 0.236 0.426 0.09

Source: Household survey 2016; * p < 0.1; ** p < 0.05; *** p < 0.01.
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3.2. Empirical Results and Discussion

3.2.1. Determinants of the Potential Adoption of Fruit Fly IPM

In this section, we test the hypothesis that the independent variables affect the potential IPM
adoption pattern. The multinomial logit regressions are estimated with the maximum likelihood
estimation procedure from STATA. Explanatory variables used in the model are defined earlier in
Table 2. The coefficients measure the change of being in one adoption versus another. We compare
the “early” and “late” adopters versus “non-adopters” (Columns (1), (2), (4), and (5)), but also “early”
versus “late” adopters in Columns (3) and (6). The latter comparison is mostly ignored in binary
adoption models, where both categories are considered together and compared to the non-adopters.
A positive coefficient implies that the explanatory variable increases the probability of being one
adoption category versus being in the other as listed across the top of Table 3.

With respect to household characteristics, age decreases the probability of being an early and
late adopter relative to the non-adopters in Kenya. Similar findings were found for the adoption
of sustainable agricultural practices in rural Ethiopia [52]. This is comparable to Ethiopia, but only
between late adopters and non-adopters. However, age increases the probability of being an early
adopter relative to a late adopter, again confirming the reverse expectation of age of the household head
in relation to uptake of agricultural technologies, where a farmer has accumulated capital to facilitate
investments in innovations [60]. Having a male household head increases the probability of being an
early adopter in Kenya, and a late adopter in Ethiopia, relative to non-adopters. The probability of
early adopters versus non-adopters increases with the level of education. Similarly, Shiferaw et al. [61]
found that education had a positive influence on the adoption of improved wheat varieties in Ethiopia.
Educated farmers may be more aware of the benefits of new technologies and greater ability to interpret
new information and search for suitable technologies that address their production constraints [31,47].

The probability of being an early adopter increased with the size of the mango orchard (over
26 mature trees) in Ethiopia relative to late adopters. Households with bigger plots of a farm enterprise,
with commercial orientation, are likely to invest in technologies that enhance the quality of their supply
by ensuring they have less pesticide residues, at more cost-effective control measures, and subsequently,
increase their farm returns, as observed by Korir et al. [31] in their study on fruit fly IPM adoption in
Kenya, and Heltberg and Tarp. [49] in their study on agricultural supply response in Mozambique.
Consistent with our priori expectation, in Kenya, the probability of being an early adopter of the fruit
fly IPM increases with tropical livestock units relative to non-adopter. Crop and livestock production
are common farming practices in developing countries, where livestock serve as a source of manure
and draft power for crop production, but also a source of capital to finance new technologies. A positive
correlation between livestock ownership and IPM adoption decisions is therefore plausible. In Ethiopia,
ownership of medium or high farm size increases the probability of being an early or late fruit fly IPM
adopter relative to non-adopters. This corroborates with finding by Shiferaw et al. [61] in Ethiopia,
who found farm size to be correlated with the probability of adopting improved wheat varieties.
This suggests that farmers with larger farm sizes have the incentive to increase their farm returns by
adopting innovations such as fruit fly IPM technology. In the same country, while a household with
medium income levels is likely to be early or late adopters relative to non-adopters, the probability of
being in those two categories decreases as income level moves to a high level. Our priori expectation
of this variable was indeterminant, implying that income may affect technology adoption in either
direction. Consistent with earlier studies on agricultural technology adoption (e.g., Heltberg and
Tarp. [49] and Muriithi et al. [62]), access to off-farm income decreases the probability of being an early
adopter relative to late adopters in Kenya. Farmers with alternative sources of income may divert their
time and labor away from agricultural activities, and therefore reducing their probability of investing
in modern agricultural technologies [52].
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Table 3. Multinomial logit analysis of potential fruit fly IPM adoption in Kenya and Ethiopia.

Kenya Ethiopia

Early Adopters vs.
Non-Adopters

(1)

Late Adopters vs.
Non-Adopters

(2)

Early Adopters vs.
Late Adopters

(3)

Early Adopters vs.
Non-Adopters

(4)

Late Adopters vs.
Non-Adopters

(5)

Early Adopter vs.
Late Adopter

(6)

Households characteristics
Age of household head −0.041 −0.038 −0.003 −0.005 −0.027 0.022

(0.013) *** (0.014) *** (0.010) (0.012) (0.012) ** (0.011) **
Gender of head (1 = Female 0 = Male) 0.703 0.28 0.424 0.566 1.094 −0.528

(0.409) * (0.443) (0.395) (0.395) (0.379) *** (0.367)
Household size (adult equivalent) −0.197 −0.04 −0.158 0.191 −0.096 0.286

(0.190) (0.201) (0.151) (0.220) (0.214) (0.215)
Highest education in the households 0.082 0.021 0.061 0.014 0.036 −0.023

(0.045) * (0.052) (0.044) (0.050) (0.052) (0.053)
Credit constrained (1 = Yes 0 = No) −0.726 0.811 −1.537 0.66 0.397 0.263

(0.509) (0.458) * (0.398) *** (0.491) (0.445) (0.374)

Household resources
Number of mango producing trees

Medium −0.276 −0.055 −0.221 −0.167 −0.266 0.099
(0.346) (0.367) (0.278) (0.402) (0.392) (0.378)

High 0.017 0.22 −0.203 0.646 ** −0.124 0.771
(0.443) (0.467) (0.336) (0.446) (0.460) (0.438) *

Livestock owned in TLU 0.138 0.142 −0.003 0.102 * 0.004 0.098
(0.075) * (0.079) * (0.050) (0.085) (0.094) (0.064)

Total farm size (hectare)
Medium −0.361 −0.433 0.072 0.767 0.34 0.427

(0.391) (0.426) (0.292) (0.415) * (0.393) (0.413)
High −0.002 0.051 −0.053 1.313 1.239 0.074

(0.494) (0.540) (0.367) (0.550) ** (0.541) ** (0.492)
Per capita expenditure (USD/year)

Medium 0.056 0.456 −0.399 0.924 0.944 −0.02
(0.328) (0.348) (0.260) (0.437) ** (0.410) ** (0.375)

High −0.157 −0.435 0.279 −0.839 −0.909 0.07
(0.346) (0.390) (0.299) (0.465) * (0.449) ** (0.483)

Have access to off-farm income −0.229 0.408 −0.637 −0.046 −0.167 0.121
(0.297) (0.318) (0.246) *** (0.327) (0.327) (0.314)
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Table 3. Cont.

Kenya Ethiopia

Early Adopters vs.
Non-Adopters

(1)

Late Adopters vs.
Non-Adopters

(2)

Early Adopters vs.
Late Adopters

(3)

Early Adopters vs.
Non-Adopters

(4)

Late Adopters vs.
Non-Adopters

(5)

Early Adopter vs.
Late Adopter

(6)

Access to market and institutional information

Distance to output market (walking minutes) 0.003 0.004 −0.001 0.003 −0.005 0.008
(0.003) (0.003) (0.002) (0.004) (0.005) (0.005)

Distance to extension office (walking minutes) 0.000 0.003 −0.003 −0.042 −0.045 0.003
(0.002) −0.003 (0.002) (0.020) ** (0.020) ** (0.018)

Attended mango training 0.059 −0.463 0.521 0.647 0.068 0.578
(0.301) (0.326) (0.272) * (0.378) * (0.400) (0.372)

Confidence in government extension 0.487 0.837 −0.351

Perceptions (0.355) (0.354) ** (0.366)
Know fruit fly infestation symptoms −0.626 0.986 −1.613

(0.457) (0.542) * (0.524) ***
Aware about negative effects of pesticides 1.712 0.252 1.46

(0.376) *** (0.352) (0.335) ***
Perceived pesticide effectiveness −0.079 0.175 −0.254 −0.066 0.13 −0.196

(0.290) (0.320) (0.246) (0.372) (0.363) (0.344)
Aware about fruit fly IPM 0.227 0.914 −0.687 −0.139 −0.31 0.171

(0.443) (0.540) * (0.421) (0.669) (0.616) (0.682)
Fruit fly severity 0.14 0.07 0.07 0.037 −0.218 0.255

(0.270) (0.298) (0.233) (0.434) (0.476) (0.471)

Social capital and networks
Mango group membership −0.037 0.297 −0.335

(0.374) (0.402) (0.299)

Number of people that can be relied on in critical needs 0.038 −0.028 0.066
(0.041) (0.031) (0.033) **

Have relatives in government positions −0.997 −0.897 −0.1
(0.377) *** (0.374) ** −0.316

Mirab Abaya −0.13 0.103 −0.233
(0.588) (0.579) (0.593)

Meru 0.09 −0.101 0.191
(0.384) (0.408) (0.312)

Makueni 0.215 −0.535 0.75
(0.376) (0.406) (0.309) **

Machakos 0.067 −0.382 0.449
(0.433) (0.459) (0.345)

Constant 2.109 1.125 0.984 −2.096 0.489 −2.586
(1.266) * (1.371) (0.976) (1.306) (1.283) (1.294) **

Number of observations 508 348
Wald chi2(46)/(50) 73.99 *** 114.57 ***

Pseudo R2 0.080 0.2142
Log pseudolikelihood −470.82 −299.534

* p < 0.1; ** p < 0.05; *** p < 0.01.
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In terms of access to market and institutional information, we find that the probability of being an
early or late adopter increases with decrease in distance to the extension officer in Ethiopia. The finding
suggests that government extension services in Ethiopia provide an essential channel for disseminating
production and marketing information among the rural households and can, therefore, be exploited in
promoting new technologies such as fruit fly IPM. This is also confirmed by the positive coefficients of
the confidence in government extension variable for the early and late adopters relative to non-adopters,
which is consistent with the findings of Kassie et al. [53] and Muriithi et al. [62] in their studies on the
adoption of sustainable agricultural practices in Ethiopia and Kenya, respectively.

The results show that mango growers’ perceptions and knowledge of fruit fly infestation symptoms
in Ethiopia increased the probability of being a late adopter relative to non-adopters. However,
in contrast with our expectation, the probability of being an early adopter of fruit fly IPM decreased
with this variable relative to late adopters. This suggests that farmers with better knowledge of the pest
may also wait until others have tried the technology on their farms, and confirmed its effectiveness,
before trying it out. This highlights the need for field trials to enhance farmers’ confidence in new
technologies and subsequently try them on their farms. In Ethiopia, the probability of being an early
adopter increased with farmers’ awareness about the negative effects of pesticides relative to the
non-adopters. This corroborates with the finding by Schreinemachers et al. [63] and Flor et al. [64] in
South Asia, who found that awareness and use of non-pesticide practices reduced pesticide use among
leaf mustard and yard-long bean farmers in Laos, Cambodia, and Vietnam. The results also uncover
that the awareness of the IPM technology may enhance its adoption, as shown by a significant coefficient
of this variable between late adopters and non-adopters in Kenya. Similar results were found for olive
production IPM in Iran [65]. The importance of intrinsic factors such as the knowledge, perceptions,
and attitudes of individuals in the adoption of new agricultural technologies have also been alluded
to by Meijer et al. [66] in their review on uptake of agricultural and agroforestry innovations among
smallholders in sub-Saharan Africa.

With respect to social capital and networks, the probability of being an early adopter of the
fruit IPM technology increases with the number of people that can be relied on in critical needs in
Ethiopia. In developing countries where credit and information access are limited due to imperfect
markets, such networks provide alternative sources of inputs, information, and capital for investing in
innovation. Teklewold et al. [52] found a similar result in their study on the adoption of sustainable
agricultural practices in Ethiopia. Similar to findings by Kassie et al. [46] and Di Falco and Bulte [67],
we find that households with relatives in government positions are less likely to be early or late
adopters relative to non-adopters in Ethiopia. The argument behind this finding is that such networks
may reduce individual motivations to adopt new technology due to the insurance role provided by the
network, as an alternative source of livelihood [46].

Generally, although we observe the most difference between non-adopters relative to the other
two categories of adoption (early and late adoption), the results indicate there are significant differences
between all the categories. This verifies the importance of including more than two adoption categories
in ex ante and ex post adoption models. Ignoring the late adopters’ respondents, by aggregating them
with early adopters may misstate the probabilities of adoption.

3.2.2. Marginal Effects

The size of the effect of the covariates estimated using MNL, on the dependent variable may be
difficult to interpret. We calculate the marginal effect of changing their values on the probability of
observing the outcome. The marginal effects are presented in Table 4. As an example, with respect to
household characteristics, increase in age of the household head by one year reduced the probability
of being an early adopter by 0.4% in Kenya and Ethiopia, but increased the probability of being a
non-adopter by 0.5% and 0.3% in the two countries respectively. Being a male in Ethiopia decreased
the probability of being a non-adopter by 13% but increased the probability of being a late adopter by
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14%. The differential impact of bigger mango orchard on early adoption is noteworthy. Having a large
mango orchard (“high” category) increases the probability of being an early adopter by 13%.

Table 4. Average marginal effects on the probability of fruit fly IPM adoption in Kenya and Ethiopia.

Kenya Ethiopia

Early
Adopters

Late
Adopters Non-Adopters Early

Adopters
Late

Adopters Non-Adopters

Households characteristics
Age of household head −0.004 * −0.001 0.005 *** 0.002 −0.004 *** 0.003 *

Gender of head (0 = Female,
1 = Male) 0.119 −0.047 −0.072 −0.010 0.141 ** −0.131 ***

Household size (adult equivalent) −0.039 0.021 0.018 0.042 -0.042 0.000
Highest education in the

households 0.016 * −0.008 −0.008 −0.001 0.006 −0.005

Household resources
Number of mango producing trees

Medium −0.055 0.029 0.026 0.000 −0.028 0.029
High −0.029 0.040 −0.011 0.129 ** −0.083 −0.047

Livestock owned in TLU 0.011 0.008 −0.018 * 0.017 * −0.010 −0.007
Total farm size (hectare)

Medium −0.019 −0.032 0.051 0.098 −0.018 −0.080
High −0.008 0.010 −0.002 0.102 0.086 −0.188 ***

Per capita expenditure (USD/year)
Medium −0.058 0.085 * −0.027 0.066 0.076 −0.142

High 0.023 −0.059 0.036 −0.056 −0.083 0.140 **
Credit constrained (1 = Yes 0 = No) −0.283 *** 0.263 *** 0.019 0.073 −0.005 −0.069

Have access to off-farm income −0.111 ** 0.113 ** −0.001 0.009 −0.029 0.019

Access to market and institutional information
Distance to output market

(walking minutes) 0.000 0.000 0.000 0.001 −0.001 0.000

Distance to extension office
(walking minutes) 0.000 0.001 0.000 −0.003 −0.004 0.006 **

Attended mango training 0.080 −0.099 ** 0.018 0.102 * −0.061 −0.041
Confidence in government

extension 0.003 0.103 * −0.105 **

Perceptions
Know fruit fly infestation

symptoms −0.209 *** 0.242 *** −0.033

Aware about negative effects of
pesticides 0.272 *** −0.134 *** −0.138 ***

Perceived pesticide effectiveness −0.043 0.046 −0.002 −0.030 0.016 0.014
Aware about fruit fly IPM −0.081 0.145 * −0.064 0.025 0.029 −0.054

Fruit fly severity 0.022 -0.007 −0.015 0.027 −0.037 0.010

Social capital and networks
Mango group membership −0.052 0.063 −0.012

Number of people that can be
relied on in critical needs 0.009 −0.009 ** 0.000

Have relatives in government
positions −0.085 * −0.061 0.146 ***

Location fixed effects Yes Yes Yes −0.013

Note: dy/dx: The marginal effects are the percent change in probability for one percent change in independent
variable * p < 0.1; ** p < 0.05; *** p < 0.01.

3.2.3. Forecasting Adoption

In the above analysis, we estimated Equations (5a) and (5b) to derive coefficients of the independent
variables and test for their significant differences between the adoption categories. However, the MNL
results can be used to examine how the explanatory variables affect the probability of being in each
adoption category [34,39,44]. The predicted probabilities are estimated on different levels of explanatory
variables, where only one variable is changed at a time. The baseline estimates are created using the
mean values of the explanatory variables (as given in Table A1), then each variable is changed at a time.
The results are provided in Table 5. The first row presents the predicted conditional probabilities for the
mean values of the explanatory variables, while the rest of the rows presents the sensitivity analysis of
adoption outcome when each of the explanatory variables is changed. In this study, we select variables
that are most likely to change in the short run as a result of the on-going fruit fly IPM promotion and
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dissemination efforts. These include the size of mango orchard (the proportion of mango growers
that are likely to become medium growers is increased to 75%), mango training (100% of the growers
receive training), and perception indicators (know fruit fly infestation symptoms, aware about negative
effects of pesticides, and aware about fruit fly IPM) (100%), while fruit fly severity and perceived
pesticide effectiveness are assumed to decrease with IPM promotion and therefore reduced to 20%.

Table 5. Conditional probabilities of being in each fruit fly adoption category given changes in key
variables that might affect adoption.

Kenya Ethiopia

Early
Adopters

Late
Adopters Non-Adopters Early

Adopters
Late

Adopters Non-Adopters

Mean values 0.514 0.317 0.169 0.365 0.336 0.299
Mango training (100%) 0.507 0.337 0.156 0.397 0.343 0.260

Farmers with medium number of mango
trees (75%) 0.530 0.311 0.159 0.369 0.358 0.273

Aware of fruit fly IPM (100%) 0.560 0.260 0.180 0.359 0.349 0.292
Fruit fly severity (20%) 0.526 0.313 0.160 0.358 0.374 0.268

Perceived pesticide effectiveness (20%) 0.537 0.304 0.160 0.367 0.361 0.273
Know fruit fly infestation symptoms (100%) 0.456 0.273 0.271

Aware of negative effects of pesticides (100%) 0.344 0.369 0.286

As shown in Table 5, in the short-run, training all mango growers, for example, increases the
probability of being in the early adopter category to 40% in Ethiopia, while increasing knowledge
on identification of fruit fly infestation also increases the probability of being in the early adopter
category by 10%, with respect to the observed level (36%) (Table 1). In Kenya, a significant marginal
increase in the probability of being in the early adopter category increases with an increase in fruit
fly IPM awareness, size of mango orchard (proportion of households the medium category of mango
ownership), and reduced pesticide effectiveness perception. These results are consistent with findings
by Gautam et al. [10] in their study on the impact of training vegetable farmers in Bangladesh in
IPM. The authors find that IPM trained farmers had better knowledge on the identification of insect
pests, proper use of pesticides, adopted more IPM practices, and reduced the frequency of spraying
and mixing different pesticides, suggesting they were better aware of the negative effects of synthetic
chemicals. Investing in farmer training can change crop protection from chemically dependent, to more
sustainable practices such as IPM [68]. In addition to training farmers on the use and benefits of
different IPM practices, farmers are made aware of correct identification of the pest and associated
symptoms, as well as negative effects related to the use of synthetic pesticides [10].

Although increasing the size of mango orchard seems to be a favorable option to increasing
probability of IPM adoption, the adoption rates may speedily reach a plateau as shown by the small
proportion of probability of being an early adopter if we increase the proportion of farmers in the
medium ownership group for both Kenya and Ethiopia. As noted, Kassie et al. [53] land scarcity may
limit the expansion of cultivated land, but instead, induce agricultural intensification through the
adoption of productivity-enhancing practices such as fruit fly IPM.

Considering the base adoption levels, the results generally show that in the short run, the projects’
promotion and upscaling efforts may impact positively in adoption probabilities in both countries,
with higher adoption rates and prospects for adoption growth in Kenya compared to Ethiopia. This is
plausible as greater IPM promotion efforts have been made in Kenya, while in Ethiopia, the technology
is still at the introduction phase.

4. Conclusions and Implications

The objective of this paper was to estimate the probability of adoption of the fruit fly IPM strategy
for suppression of fruit flies as a time-dependent process and to understand the determinates of
the separate adoption categories. Considering the timing of the adoption decisions, is an important
contribution to existing IPM adoption literature, as it provides useful insights on the expected
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diffusion pathway of the technology that could be important for designing policies and dissemination
strategies for enhanced adoption. We classified the farmers as “early adopters”, “late adopters”,
and “non-adopters” based on the respondent’s willingness to pay for the strategy and how fast
they planned to use it. Results from both the descriptive and multinomial models show significant
differences between all the three categories of respondents. This is an important implication since
ignoring the late adopters’ category, by aggregating the respondents with early adopters, as done in
binomial adoption models, would over or understate the probabilities of fruit fly IPM adoption.

A second contribution to this research is to test the hypothesis on the mango producers’
characteristics. In Kenya, factors which significantly increase the probability of early adoption
include; younger age of household heads, highest education in the households, male head, livestock
ownership, and mango training; while in Ethiopia, the probability of being in this category increases
with farm size, medium per capita expenditure, closeness to the extension office, mango training,
and awareness of the negative effects of pesticides. These findings are consistent with most literature
on the adoption of agricultural innovations and other sustainable agricultural practices. Policy effort
can enhance early adoption by focusing on mango training and increasing awareness of the negative
use of synthetic pesticides.

Some of the factors that significantly increase the probability of late adopters are like those of
the early adopters. However, credit constraint and access to off-farm income increase the probability
of being a late adopter relative to an earlier adopter in Kenya, while the age of the household head,
awareness of negative effects of pesticides, and number of people that can be relied on in critical needs
decreases the probability in Ethiopia. These characteristics reflect more risk-averse behavior of late
adopters in comparison with early adopters.

The probability of not using the fruit fly IPM strategy increase with the age of household head,
high per capita expenditure, longer distance to the extension office, and having relatives in government
positions. High per capita expenditure and having relatives in government positions reflect access to
alternative sources of livelihood that would demotivate households from investing in new technologies
for higher income. Age, however, indicates greater risk aversion and loss of energy to invest in
new technologies.

Our forecasting results also provide important highlights to the IPM literature and the African
fruit fly program. In the short-term, fruit fly IPM technology dissemination efforts should focus on
increasing awareness of the technology, pesticide use implications, and perceived fruit fly severity
to enhance the early adoption of the technology. Wider awareness of the technology can be done
through mass media but also improved direct contacts with farmers through farmer field schools,
demonstration/learning sites, trainers of trainers, among other channels. Some of these channels have
been widely adopted in Kenya but can be enhanced to reach a wider audience. Fruit fly IPM adoption
growth in Ethiopia seems to be slow but could also upsurge gradually in the short run, especially
through mango training and increasing knowledge on fruit fly infestation symptoms. Mango farmers
in Ethiopia could also reap vast benefits from the technology if they expanded their orchards.

While this study provides useful insights on time-dependent adoption decisions of the fruit
fly IPM strategy promoted by icipe and partners, the results may not be broadly generalized due
to expected heterogeneity among regions and across time and therefore impact on decision making
patterns across different farming communities. We recommend further studies to explore adoption
decision patterns utilizing panel data sets and focus on different cultures where the technology is being
promoted in sub-Saharan Africa.
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Appendix A

Table A1. Mean values of farm household, social capital, and village level characteristics of sample
households from Kenya and Ethiopia.

Kenya N = 508 Ethiopia = 348

Mean SD Mean SD

Household characteristics
Age of household head 57.817 11.993 56.161 14.032

Gender of head (0 = Female, 1 = Male) 0.907 0.291 0.733 0.443
Household size (adult equivalent) 2.551 0.828 3.049 0.961
Highest education in households 11.886 2.985 9.853 3.302

Credit constrained (1 = Yes 0 = No) 0.088 0.284 0.178 0.383

Household resources
Number of mango producing trees

Medium 0.540 0.499 0.480 0.500
High 0.247 0.432 0.250 0.434

Livestock owned in TLU 2.516 2.246 2.322 2.311
Total farm size (hectare)

Medium 0.540 0.499 0.500 0.501
High 0.251 0.434 0.250 0.434

Per capita expenditure (USD/year)
Medium 0.502 0.500 0.497 0.501

High 0.251 0.434 0.253 0.435
Have access to off-farm income 0.455 0.498 0.379 0.486

Access to market and institutional information
Distance to output market (walking minutes) 60.694 59.956 32.552 34.809
Distance to extension office (walking minutes) 78.455 57.323 12.307 10.212

Attended mango training 0.742 0.438 0.310 0.463

Perceptions
Know fruit fly infestation symptoms 0.830 0.376

Aware about negative effects of pesticides 0.601 0.490
Perceived pesticide effectiveness 0.704 0.457 0.454 0.499

Aware about fruit fly IPM 0.903 0.296 0.796 0.404
Fruit fly severity 0.593 0.492 0.816 0.388

Social capital and networks
Mango group membership 0.189 0.392

Confidence in government extension 0.603 0.490
Number of people that can be relied on in critical needs 4.563 5.753

Have relatives in government positions 0.434 0.496

Location dummies
Miraba Abaya 0.121 0.326

Meru 0.251 0.434
Machakos 0.254 0.436
Makuenni 0.221 0.416
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