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ABSTRACT
Climate change coping and adaptation (CCCA) mechanisms have become more relevant in the north of Ghana where
there is evidence of severe impacts of climate change and poverty. In this study, we modelled the determinants of
adoption of multiple CCCA strategies by smallholder farmers in northern Ghana using primary data collected from 230
households. Count data models including endogenous switch Poisson and generalized Poisson regression were estimated
to account for potential endogeneity of credit, as well as dispersion errors. The credit variable did not show signs of
endogeneity, neither was there evidence of significance dispersion errors in the data. Age, sex, extension visits, and farm
size were significant across the various count data models and should be considered by policy makers when designing
national climate change response and mitigation plans.
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INTRODUCTION
Although there have been several interventions aimed at
improving the livelihoods of people, poverty is still
widespread in many countries including Ghana (GSS,
2013). Poverty reduction has therefore, become the core
challenge for development in recent times. A lot has been
achieved since the millennium declaration to halve
extreme poverty by 2015, with a shift now towards
Sustainable Development Goals (SDGs). However,
climate change poses a serious challenge to poverty
reduction, and could undo the successes of developmental
efforts in the last few decades that are aimed at achieving
a resilience for rural households.
The IPPC (2001) defined climate change as a “change
in the statistical properties of the climate system when
considered over long period of time, regardless of cause”.
In poverty endemic countries, climate change manifest in
many forms especially as naturally occurring disasters that
cause great destruction to livelihoods. Climate change also
manifest in floods and droughts and can increase the
incidence of pest and waterborne-related diseases, as well
as cause lower crop yields among resource poor farmers
(Hallegatte et al., 2016). Hallegatte et al. (2016) further
asserts that vulnerability to poverty will persist should
climate change continue.
Addressing poverty situations without recourse to the
impacts of climate change on livelihoods of poor
households in developing countries will lead to failed
poverty management and reduction processes. This
concern stems from the overly dependence of many

developing countries on natural resources (for example,
agriculture and fishing) that are prone to the effects of
climate change for their livelihoods and sustenance, and
the fact that many of these developing countries do not
have enough technical and financial capacities to
adequately deal with increasing risk of climate change
(Skoufias et al., 2011).
According to FAO (2016), small-scaled farmers in
Ghana’s poor rural areas have poor access to the
productive assets that could facilitate agricultural
modernization and commercialization. Some constraints
to rural livelihoods include the lack of infrastructure and
mechanization equipment such as storage facilities,
harvesting and processing machines, as well as
dysfunctional market system. There is also limited
financial and technical support services such as
agricultural extension and research.
The northern regions of Ghana have experienced
variable and unpredictable climate in the past few decades.
Floods and droughts occur in the area just within some few
months apart, posing serious threat to food security for
smallholder led households. Some coping and adaptation
measures are therefore needed to mitigate against the
effects of climate change. Contextually, CCCA strategies
are said to be actions that people take in response to, or in
anticipation of changing climate conditions. These actions
purport to reduce the adverse impacts of climate change
on exposed households (Tompkins and Adger, 2003).
While adaptation measures are long term in nature, coping
strategies are short term measures (Azumah et al., 2017).
The UNFCCC (2007b) projected that, agricultural
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productivity and for that matter, access to food would be
seriously affected due to the changing climate in many
African countries. Similarly, a report by the FAO (2016)
affirms that climate change is influencing and will
continue to pose a serious threat to crop yields; and will
account for a 5% and 30% reduction in overall yields by
2030 and 2080 respectively. This challenge will further
compound when variability in climatic conditions
increases. For instance, changes in rainfall pattern and
temperature levels can lead to crop and asset losses,
further exacerbating the poverty levels especially for rural
and marginalized groups due to their inability to adapt and
cope with adverse climatic conditions.
In the last few decades, the climate in Ghana has
changed drastically. Excessive heat and torrential rains
have caused massive destruction of most arable lands and
crops. The northern regions of Ghana have started
experiencing this phenomenon and have been identified as
highly vulnerable to the impacts of climate change
(Antwi-Agyei et al., 2012). A forecast report by the World
Bank indicates that, for the periods 2010 – 2050 Ghana
would experience warming with high temperatures
recorded in northern Ghana (Asante and AmuakwaMensah, 2015). Similarly, a recent study (Fagariba et al.,
2018) indicates that extreme temperature and drought
occurrences are eminent in northern Ghana. This has a
profound effect on food security, poverty and malnutrition
(Azumah et al., 2017). Extant studies have identified and
assessed CCCA mechanisms used by rural smallholder
households in northern Ghana to mitigate the effects of
prolong droughts
on their
livelihoods
(e.g.
Bawakyillenuo et al., 2016; Antwi-Agyei et al., 2014;
Codjoe et al., 2012). For instance, the authors found that
most smallholders in northern Ghana used coping a nd
adaptation strategies such as migration (temporary),
planting drought tolerant crop varieties, agriculture
intensification, and extensification, application of
chemical fertilizer, diversifying agriculture among many
others. Earlier studies including Teye et al. (2015) and
Codjoe et al. (2014) have paid attention to some
indigenous strategies employed by farmers in mitigating
the effects of the changing climate by smallholder farmers
towards building resilient livelihoods. Recent studies
including Lawson et al. (2019), Antwi-Agyeia et al.
(2018), Assan et al. (2018) and Fagariba et al. (2018)
also explored CCCA opportunities and strategies used by
farmers in northern Ghana. Whilst these studies have
documented sufficient literature on appropriate adaptation
strategies, specific studies that focus on factors that
influence farmers’ intensity of adoption of CCCA
strategies in northern Ghana is very limited.
Many studies relating to intensity of adoption have
found interesting results using the Poisson regression
model, however, the findings may not be entirely reliable
because of failure to account for potential incidence of
endogeneity. This study therefore presents an econometric
model that in our opinion, best investigates factors that
influence adoption intensity of CCCA strategies in
northern Ghana while considering critically, the nature of
dispersion and potential incidence of endogeneity that
may affect the efficiency and consistency of the estimates.

DATA AND METHODS
Study location
The study was conducted in the north of Ghana. The
northern Savannah regions lie between latitudes 8°N a nd
11°N and covers almost two third of Ghana’s land mass
(Amikuz uno and Donkoh, 2012). The rainfall pattern of
the region is erratic and characterized by a long dry period
of about seven months from October to May each year.
Annual precipitation in the north of Ghana ranges between
400mm and 1200mm. Agriculture in the area is largely
under rainfed conditions, and employs close to 70% of the
employable population (GSS, 2013). Land degradation is
eminent in the area, resulting declining soil fertility which
has impact on the farming systems. The choice of the
region for this study is based on the sensitivity of the area
to climate variability and climate change (Amikuzuno
and Donkoh, 2012), especially erratic rainfall and high
temperature (Kranjac Brisavljevic et al., 1999). The
region is also blessed with agricultural activities but with
high percentage of subsistent poor farmers (GSS, 2013).
Sampling and data collection
A multi-stage sampling procedure was employed to select
the target farmers. The first stage involved the use of
purposive sampling technique to select six districts that are
adversely affected by the impacts of climate change. A
simple random sampling method was then used in the
second stage to randomly pick two communities from each
of the six districts, totally 12 communities. Again, simple
random sampling technique was employed to select 20
respondents from each of the 12 communities, resulting to
a sample size of two hundred and forty (240). However, a
total of 230 of the questionnaires that were returned
contained all the necessary information for analyses.
Primary research data was collected from farm households
using semi-structured questionnaire which allowed for
some flexibility in the responses provided by respondents,
such that their views could be captured totally.
Additionally, secondary data was sourced from a few
Government and Non-governmental Organisations such
as MoFA, ACDEP, and the Presbyterian Agricultural
Services, using interview guides.
Analytical framework
Increasingly, count data models are becoming valuable
econometric models for analysis of data with count events
(Miranda, 2004). Several count data models have been
used in many studies to explain intensity of adoption of
various technologies. Many of these count data models
can produce reliable estimates only when the regressors
exhibit exogeneity. The reverse can be said when the
regressors are endogenous in nature. Dealing with
endogeneity and selection bias requires the choice of an
appropriate and efficient estimator. Many studies have
explored a good number of estimators that address
potential endogeneity and sample selection bias in count
data analysis (Wooldridge, 2010; Terza et al., 2008;
Mullahy, 1997; Van Ophe m, 2000; Schellhorn, 2001;
Miranda, 2004; Li and Trivedi, 2009). These estimators
are different in their structural formulation and
parameterization.
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errors (Famoye et al., 2004). If the generalized Poisson
distribution function is normalized, given a random
variable 𝑌 then its probability mass distribution function
can be mathematically written as Eq. 4.

In this study, several count data models where applied to
deal with different estimation errors that may come about.
The endogenous switch Poisson (ESP) is applied to deal
with potential endogeneity associated with access to
credit. The analysis of the effect of credit access on
intensity of adoption of CCCA strategies provides a
perfect case scenario of the problem of endogeneity. The
endogenous switch count data model follows a two-stage
estimation procedure. First, an exogenous switching is
performed to show the extent of dispersion, a significant
sigma shows that the data is over dispersed and
insignificant sigma gives an indication of either under
dispersed or equi-dispersed data, which may call for a
generalized Poisson model to correct. In the second stage
of estimation, endogenous switching is performed to
confirm the presence of endogeneity. A significant rho
indicates the presence of endogeneity and therefore
confirms the appropriateness of the endogenous switch
Poisson regression model.
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represents the dispersion factor in the

GPR model. So, if we have 𝛿 = 0 then there is evidence
of equi-dispersion and standardized PR model is
preferred. Conversely, if it is found that 𝛿 > 0 then overdispersion is presence. Again, if 𝛿 < 0 it indicates underdispersion which supports the use of GPR model as in this
study. The log likelihood estimation of the GPR model is
given by the Eq. 6.
𝐿 = ∑𝑛𝑖=1 𝐿(𝜋𝑖 , 𝛿; 𝑦𝑖 ) = ∑𝑛𝑖=1 𝛪𝑛𝐿(𝜋𝑖 , 𝛿; 𝑦𝑖 ) =
∑𝑛𝑖=1{𝛪𝑛𝜋𝑖 + (𝑦𝑖 − 1)𝛪𝑛(𝜋𝑖 + 𝛿𝑦𝑖 ) − (𝜋𝑖 + 𝛿𝑦𝑖 ) −
𝛪𝑛𝑦𝑖 !}
(6)

(1)
RESULTS AND DISCUSSION

Where: 𝛽 and 𝛾 are coefficient to be estimated. The error
term 𝜀𝑖 measures omitted and unobserved variables as
well as any measurement error. Given a vector of
explanatory variables 𝑧𝑖 (which may contain some or all
elements) and 𝑥𝑖 , 𝑐𝑖 is characterised by an index process
(Eq. 2).
1𝑖𝑓𝑧𝑖 𝛼 + 𝑣𝑖 > 0
𝑐𝑖 = {
0𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝑦𝑖 !

Where 𝜋𝑖 > 0𝑎𝑛𝑑 𝑚𝑎𝑥(−1, 𝜋𝑖 ) < 𝛿, 1. i denotes the
various practices adopted by farmers. The variance and
mean of the random variable 𝑦𝑖 can be computed as Eq. 5.

The Endogenous Switching Poisson (ESP) model
Given the 𝑖 𝑡ℎ farmer from a random sample 𝐼 = {1 … … 𝑛)
conditional on a vector of explanatory variables 𝑥𝑖 , an
endogenous dummy 𝑐𝑖 , and a random term 𝜀𝑖 , the
dependent variable 𝑦𝑖 , which is a count, is supposed to
follow a standard Poisson distribution (Miranda, 2004;
Terza, 1998 (Eq.1).
𝑓(𝑦𝑖 ⁄𝜀𝑖 ) =

𝜋𝑖 (𝜋𝑖 +𝛿𝑦𝑖 )𝜆 𝑖 𝜆−𝜋 𝑖 −𝛿𝑦𝑖

Measurement of variables
Table 1 shows the description and statistics of variables
used in the study. The average age was found to be 39.7
years. About 73.4 percent of the respondents were male.
The average extension visits received by farmers was 2.51
times per season, implying farmers had some significant
visits which could result in adoption of CCCA strategies.
The results from Table 1 show that about 69 percent of
farmers had access to credit either in the form of cash or
farm inputs. This has an implication of impacting on the
number of CCCA strategies adopted. The average farm
size cultivated by farmers was estimated as 0.80 hectares,
implying farmers cultivate relatively small sizes of
farmland. Also, the average household size in the study
area was found to be 13.59, suggesting a high household
size which potentially could affect adoption of multiple
CCCA strategies. The results also show that the average
number of CCCA strategies adopted by farmers was 5.33.

(2)

Where: 𝛼 is a vector of coefficients to be estimated.
Suppose that 𝑤𝑖 denotes all endogenous variables and 𝜀𝑖
and 𝑣𝑖 are jointly normal with mean zero and covariance
𝜎 2 𝜎𝑝
matrix ∑ = (
) , given that 𝜀𝑖 , 𝑐𝑖 and 𝑦𝑖 are
𝜎𝑝1
independent. Hence, the joint conditional probability
density function of 𝑦𝑖 and 𝑐𝑖 , given 𝑤𝑖 , can be written as
Eq. 3.
∞

𝑓(𝑦𝑖 , 𝑐𝑖 ⁄𝑤𝑖 ) = ∫−∞{𝑐𝑖 𝑓(𝑦𝑖 ⁄𝑐𝑖 = 1, 𝑤𝑖 , 𝜀𝑖 ) 𝑃𝑟(𝑐𝑖 =
1⁄𝑤𝑖 , 𝜀𝑖 ) + (1 − 𝑐𝑖 )𝑓((𝑦1 ⁄𝑐1 = 0, 𝑤𝑖 , 𝜀𝑖 )) 𝑃𝑟(𝑐𝑖 =
0⁄𝑤𝑖 , 𝜀𝑖 )} 𝑓(𝜀𝑖 )𝑐𝑖 𝜀𝑖
(3)

Factors influencing intensity of adoption of CCCA
strategies
Before discussing the factors that influence farmers’
multiple subscription to various CCCA mechanisms, we
first present the distribution of the identified coping and
adaptation mechanisms (Table 2), as well as the adoption
intensity (Table 3). In all, fourteen CCCA were identified
and included for analysis. The results from Table 2 reveal
that 2.71 percent of farmers adopted income
diversification strategies to cope with the effects of
climate change.

Where: 𝑓(𝜀𝑖 ) represents the probability density function
for the random error term, 𝜀𝑖 .
The Generalized Poisson Model
The Generalized Poisson Regression (GPR) model has
been suggested as it is a flexible count data approach in
handling count data of any nature to cover dispersion
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Table 1. Summary statistics of variables (n=230)
Definition of Variable
A priori Expectation Mean Std. Dev.
Age (years)
+
39.7
10.95
Sex
+/0.734
0.442
Extension (number of contacts)
+
2.51
1.86
Credit (farmers’ access to credit)
+
0.69
0.46
Farm size (in hectares)
+
0.8
0.41
Household size
+
13.59
7.93
Intensity of adoption of Climate change
n/a
5.33
2.62
coping strategies (0-12)
Source: Analysis of field data, 2019

Table 2: Adoption of CCCA strategies by farmers (n=230)
Strategy
Freq.
Percent
No. of farmers who adopted
Mulching
30
13.04
Spraying
204
88.7
Mixed cropping
151
65.65
Mixed farming
162
70.43
Crop rotation
116
50.43
Improved seed
97
42.17
Dug out
9
3.91
Irrigation
3
1.30
Changing planting time
53
23.04
Diversification
5
2.71
Raised beds
111
48.26
Manual ploughing
103
44.78
Row sowing
172
74.78
Bunding
12
5.22
Source: Analysis of field data, 2019

Table 3: Adoption intensity of CCCA strategies
Intensity of adoption Freq. Percent
0
7
3.0
1
20
8.7
2
11
4.8
3
24
10.4
4
26
11.3
5
24
10.4
6
23
10.0
7
23
10.0
8
63
27.4
9
6
2.6
10
1
0.4
11
1
0.4
12
1
0.4
Mean adoption
5.33
Variance
6.86
N
230

The dependent variable was modelled as intensity of
adoption of CCCA strategies premised on the number of
strategies adopted. The results from Table 3 reveal that
3.04 percent of farmers did not adopt any of the CCCA
strategies. Also, 8.70 percent of farmers adopted only 1
strategy. The results also reveal that 4.78 percent of
farmers adopted only 2 of the strategies, whereas 10.43
percent, 11.30 percent and 10.43 percent adopted 3, 4 and
5 CCCA strategies respectively. Similarly, 27.39 percent
of the farmers adopted 8 of the CCCA strategies while
only 0.43 percent adopted 12 of the climate change coping
strategies. No farmer adopted 13 or all 14 identified
mechanisms at the same time.
Several diagnostic tests were also performed to
choose the appropriate model. The results from Table 3
show that the conditional mean of the outcome variable is
5.33 and its associated variance is 6.86, indicating that the
data may be over-dispersed. The over-dispersed nature of
the data was unjustified in the sense that the probability of
sigma in the exogenous switch (EXS) and endogenous
switch (ES) models was insignificant (Table 4). The result
therefore suggests that the Poisson model may be an
appropriate measure for the data. However, in order to
validate the correctness of our estimates in the Poisson
model, we estimated the endogenous switch (ENS) which
corrects for both endogeneity and sample selection bias,
by assuming the credit variable to be endogenous. The rho
as presented in Table 5 was found to be insignificant,
implying that that there was no reported incidence of
endogeneity, therefore, still supporting the use of a
standard Poisson model in estimating the data.

Source: Analysis of field data, 2019

Also, just 1.3 percent of farmers used irrigation to
cope with climate change. The results also show that about
88.70 percent of farmers adopted spraying to kill weeds
and insects to cope with the effects of climate change.
Also, 65.65 percent, 70.43 percent, 50.43 percent and
42.17 percent adopted mixed cropping, mixed farming,
crop rotation, and improved seed respectively. Also, a
good number of farmers (74.78%) adopted row planting to
increase crop density in order to cope with climate change
effects.
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Also, a comparison of the AIC and BIC values of the
four models appears to be consistent with the decision to
settle on the Poisson model. The estimated results in the
EXS and ENS did not produce any significant difference
in the loglikelihood value or did not result in any
improvement in the estimates. Furtherance to this shows
that the estimates of the Poisson are not significantly
different from that of the EXS and ENS since the estimates
were virtually the same.
Following the arguments (Erdman et al., 2008;
Greene, 2002; Cameron and Trivedi, 1999) of an almost
impossible occurrence of equi-dispersion in real life data,
we further estimated the Generalized Poisson Regression
(GPR) model (Table 5) to check for potential underdispersion of the data. Further diagnostics of the models
suggest otherwise, the dispersion parameter (-0.067)
reveals that the data was seemingly under-dispersed, with
the standard errors of the normal Poisson model quite
larger than those of the generalized Poisson model. Also,
the loglikelihood value of the generalized Poisson model
was found to be larger than that of the standard Poisson
model, thereby, supporting the appropriateness of the
generalized Poisson model over the standard Poisson
model. Following the work of Nkegbe and Shankar
(2014), the presence of under-dispersion means that both
equi-dispersion and over-dispersion will produce
inefficient estimates. Therefore, our discussion of the
estimates (Table 5) is based on the generalized Poisson
regression model.
All estimated variables except for credit and
household size were significant at 1% in explaining
adoption intensity (Table 5). The direction of the signs of
the coefficients were also consistent with the a priori
expectations in all three models. Age had a significant and
positive effect on intensity of adoption of CCCA

strategies, implying that older farmers have higher
probability of adopting many strategies than younger
farmers.
As expected, there was a positive relationship
between extension visits and intensity of adoption of
CCCA strategies, implying that the more farmers received
visits by extension agents the more likely they are to adopt
multiple climate change coping/adaptation strategies. This
result is supported by finding of Azumah et al. (2017),
and Obeng et al. (2016) who also found a positive and
significant association between extension services and
adoption of CCCA strategies in the northern region of
Ghana. Other findings that show a positive association
between access to extension and adoption of CCCA
strategies in northern Ghana include Fagariba et al.
(2017).
Similarly, farm size had a positive influence on
intensity of adoption of CCCA strategies. This finding did
not come as a surprise because increase in farm size comes
with a lot of commitment in terms of investment in new
strategies to either sustain or increase yields. Azumah et
al. (2017) also found a positive association between farm
size and adoption of CCCA strategies in northern region
of Ghana. The positive association of farm size with the of
multiple CCCA strategies is corroborated by Fadina and
Barjolle (2018). Even though Fagariba et al. (2018)
reported an insignificant effect of farm size on adoption of
CCCA strategies in the Sissala West district of the Upper
West Region, the coefficient of farm size was positive
indicating a relationship of a potential of increase in
adoption of climate change adaptation strategies by
farmers with larger farm sizes. This means that if farmers
with larger farms are to combat the adverse effects of
climate change effectively, adoption of a combination of
coping strategies is key.

Table 4. Results of Exogenous and Endogenous Switching Poisson Models
Model
Exogenous-switch Poisson Endogenous switch Poisson
Variable
Coeff.
Std
Coeff.
Std
Credit
0.014
0.064
0.011
0.126
Age
0.010***
0.002
0.010***
0.002
Sex
-0.242***
0.072
-0.242***
0.072
Household size
-0.004
0.003
-0.004
0.003
Extension visits
0.071***
0.018
0.071***
0.018
Farm size
0.518***
0.09
0.518***
0.09
Constant
0.819
0.135
0.819
0.135
Switch
Age
-0.015*
0.008
-0.015*
0.008
Sex
-0.162
0.211
-0.162
0.211
Farm size
0.089
0.233
0.089
0.233
Constant
1.176
0.355
1.176
0.355
Sigma
0
0.024
0.002
0.076
rho
0.831
2.821
LR Chi2 (13)
127.98
127.71
Prob>Chi2
0
0
Pseudo R 2
Log likelihood
-636.551
-636.551
AIC
1297.103
1299.102
BIC
1338.36
1343.797
Note: * p<0.1; ** p<0.05; *** p<0.01
Source: Analysis of field data, 2019
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Table 5. Parameter estimates of determinants of adoption intensity of CCCA strategies
Model
Standard Poisson
Generalized Poisson
Variable
Coeff.
Std
Coeff.
Std
Credit
0.014 0.064
0.011
0.059
Age
0.010*** 0.002
0.010***
0.002
Sex
-0.242*** 0.072
-0.241***
0.067
Household size
-0.004 0.003
-0.004
0.003
Extension visits
0.071*** 0.018
0.069***
0.017
Farm size
0.518***
0.09
0.519***
0.085
Constant
0.819 0.135
0.847
0.128
LR Chi2 (13)
133.62
125.66
Prob>Chi2
0.000
0.000
Pseudo R 2
0.118
0.112
Log likelihood
-497.26
-496.366
AIC
1008.532
1008.733
BIC
1032.598
1036.237
Dispersion
-0.067
Likelihood-ratio test of delta=0: chi2(1) = 1.8 Prob>=chi2 = 0.0899
Note: * p<0.1; ** p<0.05; *** p<0.01
Source: Analysis of field data, 2019

Sex of the respondent had a negative and significant
effect on the adoption intensity of CCCA strategies,
corroborating with Fadina and Barjolle (2018), and
Obeng et al. (2016). This finding means that female
farmers are more likely to adopt more CCCA strategies
and adaptation compared to their male counterparts.
Similarly, a qualitative study conducted by Antwi-Agyei
et al. (2018) in northern Ghana found that more female
headed households were more likely to adopt climate
change adaptation strategies than those headed by males.
A plausible explanation to these findings including that of
this study is the fact that adverse climate change has a
detrimental effect on food security, income and
livelihoods which translates to increasing poverty levels.
Many studies have linked poverty to women as the worst
affected. This implies therefore that any strategies aimed
at reducing the effect of climate change on livelihoods will
have more females adopting than males.

exhibit endogeneity as the test statistic (rho) was
insignificant. Age, extension visits, and farm size
positively and significantly influenced the adoption of
multiple CCCA strategies and should be given credence
by policy makers when designing national climate
mitigation and adaptation documents. Female farmers in
northern Ghana must be targeted too, as they have been
found to adopt many coping and adaptation mechanisms
to improve resilience at household level.
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