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Abstract

This study employs stochastic frontier analysis (SFA) correcting for sample selection
bias, to determine technical efficiency (TE) and technology gap using cross-sectional
data collected from 543 rice farmers in Northern Ghana. The results showed that
corrected sample selection TE estimates were marginally higher. Without the
appropriate corrections, inefficiency is overestimated, while the gap in performance
between irrigation farmers and their rainfed counterparts is underestimated. We
recommend that authorities in Ghana should work with development partners,
especially in the implementation of small village-dam projects, and also to expand
the existing irrigation schemes. Bunds should also be constructed around rice
production valleys across northern Ghana so that farmers could expand their farm
sizes to increase production. It is important also that the government’s input subsidy
programme be structured to cater for experienced and younger farmers who
consider agriculture as a business.

Keywords: Rice production, Sample selection, Stochastic frontier, Technical
efficiency, Northern Ghana

Introduction
Rice is an important cereal crop, second to maize in terms of consumption in Ghana.

The importation of rice continues to surge ahead of production due to increases in

domestic consumption. For example, annual per capita consumption of rice in Ghana

grew from 17.5 kg in 2001 to 24 kg in 2011 (Ragasa et al. 2014). This has seen a further

increase to about 32 kg for 2015 (MoFA 2016). Also, the demand for rice is projected

to grow at an annual rate of 11.8%, exceeding that of maize (2.6%) in the medium term

(Millennium Development Authority (MiDA) 2010). As only 5% of global production

is traded, local production would also protect consumers from price shocks in the

world rice market (World Bank 2013).

While substantial investments in national rice production have been made, local pro-

duction is still not able to keep up with the growing demand for rice. Ghana imported

508,587MT of rice in 2013 alone, translating into USD$639 million to compensate for

domestic shortfall (Ministry of Food and Agriculture (MoFA) 2013). This has increased

further by 22% to 620,811MT in 2016 (MoFA2016). Increasing rice yields through sus-

tainable and efficient production systems is necessary and has therefore become a
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priority for stakeholders in the rice value chain. Adoption of irrigation technology is

one way of improving farmers’ efficiency in the production of rice, especially in north-

ern Ghana where the impact of climate change has become more evident. For instance,

Azumah et al. (2017) found that rice farmers in northern Ghana who adopted irrigation

were not only efficient but had higher yields compared with their non-adopting

counterparts.

This present study investigates the output effect of irrigation farming in northern

Ghana. By way of methodology, it combines a stochastic production frontier framework

correcting for sample selection bias developed by Greene (2010). To the best of the

researchers’ knowledge and also based on available literature, this study is the first of

its kind for efficiency studies in the rice sector of Ghana. Many of the studies con-

ducted in the study area have employed the traditional stochastic frontier approach

which did not control for sample selection bias. The rest of the paper is organised as

follows: methodology, results and discussion, and conclusions and recommendations.

Methodology
The study location

The study was conducted using data from rice farmers in the Northern and Upper East

Regions of Ghana. The area is characterised by poor soil conditions and two climatic

seasons (MoFA 2016). The rainy season begins lightly in April and peaks in August/

September but gradually declines by October/November. The dry season occurs be-

tween November and April each year and is characterised by dry harmattan winds

which engulf the whole region. The vegetation of the region is generally the Guinea

savannah with its characteristic grass and tree species. The biodiversity in tree vegeta-

tion used to be high, but now it is decreasing due to over-exploitation.

The major economic activity of the people is agriculture (combination of food crops

and animal husbandry) with most parts of the region being rural (Ghana Statistical

Service (GSS) 2014). The agricultural sector employs the largest share of the economic-

ally active population in the area with the bulk of production done by smallholder

farmers for subsistence purpose (MoFA 2016). The poverty levels in the two regions

are about 50% (Ghana Statistical Service (GSS) 2014). Agricultural productivity con-

tinues to be low due to a variety of factors including the low uptake of improved agri-

cultural technologies (Ragasa et al. 2013).

Sampling and data collection

This study used cross-sectional data from 543 rice farmers in the Upper East and

Northern Region of Ghana in the 2016/2017 cropping season. Multistage sampling

method was used to select the respondents from rice-growing communities in the two

regions. Primary data was collected from two strata of rice farmers (rainfed and irriga-

tion farmers) in 62 communities located in 10 districts of the two regions.

Analytical framework—stochastic frontier model with sample selection

The stochastic production frontier (SPF) methods have been used extensively in many

industries, including agriculture, to model input–output relationships and to measure

the technical efficiency of individual producers. These methods have also been used to
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compare the performance of farmers under different technological regimes. For ex-

ample, the method has been used to examine the impact of technology adoption on

output and TE of rice farmers (Villano et al. 2015).

The limitation of most studies that have used SPFs to compare the TE of adopters

versus non-adopters is the failure to account for selectivity bias in a manner that is

compatible with the nonlinear nature of the stochastic frontier model. For example,

following Heckman’s (1979) methodology to account for selection bias, several attempts

have been made to address sample selection in a stochastic frontier framework. Sipiläi-

nen and Oude Lansink (2005) added an inverse Mill’s ratio (IMR) to the deterministic

part of the frontier function to examine possible sample selection bias in the analysis of

organic and conventional farms. A similar approach was implemented by Solis et al.

(2007) when analysing farmers with different levels of adoption of soil conservation

practices in Central America. However, this procedure has proven unsuitable for non-

linear models such as the SPF (Greene 2010).

In recent years, alternative strategies have been proposed to deal with this problem

including the one by Kumbhakar et al. (2009) who developed a model where the selec-

tion mechanism is assumed to operate through the one-sided error in the frontier, and

then used their model to evaluate the performance of organic versus conventional dairy

farming in Finland.

Lai et al. (2009) studied wage determination employing a copula function and

assumed that selection is correlated with the composed error in the frontier. These two

models require computationally demanding log-likelihood functions. This study adopts

the framework developed by Greene (2010) who extended Heckman’s approach to con-

sider sample selection in a stochastic frontier framework assuming that the unobserved

characteristics in the selection equation are correlated with the noise in the stochastic

frontier. The model introduced by Greene can be expressed succinctly with the follow-

ing set of equations1: (Eqs. 1 and 2 represent the sample selection and stochastic fron-

tier models, respectively.)

di ¼ 1 ∝1zi þ wi > 0
� �

;wi � N 0; 1ð Þ ð1Þ

yi ¼ β1xi þ εi ð2Þ

(yi, xi) are observed only when di = 1.

The error structure is specified as follows:

εi ¼ vi−ui ð3Þ
ui ¼ σuUij j ¼ σu Uij jwhere Ui � N 0; 1ð Þ ð4Þ
vi ¼ σvV i where V i � N 0; 1ð Þ ð5Þ
wivið Þ � N2 0; 0ð Þ; 1; ρσv; σ2v

� �� �

where:

d is a binary variable equal to one for adopters (irrigated farmers), and zero for non-

adopters (rainfed farmers);

z is a vector of explanatory variables included in the (binary) sample selection model;

and
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wi is the unobservable error term;

y is output for the rice farmers;

x is a vector of inputs in the production frontier; and

ε is the composed error term.

The coefficients ∝ and β are parameters estimated, while the elements in the error

structure correspond to those typically included in the stochastic frontier formulation. In

this model, sample selection arises if the noise in the stochastic frontier, vi, is correlated

with unobserved characteristics in the sample selection equation, wi (Greene 2010). A

statistically significant ρ is evidence that selectivity bias in unobservables is present.

Results and discussion
Definition and descriptive statistics of variables

Table 1 provides a summary of definitions for the variables used in this study. Table 2

presents the summary statistics for the matched sample.2 The matched sample contains

538 observations, made up of 223 irrigation farmers and 315 for rainfed. t test was per-

formed to compare the mean values of the variables for the irrigated farms to that of

the rainfed farms. The pooled results indicate the average age of a rice farmer to be

38.43 years. There were more male respondents (83%) compared to 17% female respon-

dents. This finding does not however suggest that females were least involved in

rice production. Focus group discussions conducted with the farmers revealed that

the activities in rice production appeared led by the males because they owned the

Table 1 Definition of variables

Variable Definition/measurement Sign

Output Natural log of rice output (measured in 100 kg bags) +

Age The total number of years from birth +

Sex Dummy: 1 for male, 0 if otherwise +

HH head Dummy: 1 for household head, 0 if otherwise +

Education Number of years spent in formal schooling +

Commercial Dummy: 1 if farmer produces for commercial purpose, 0 if otherwise +

Experience The total number of years a farmer has been cultivating rice. +

Region Dummy: 1 for a farmer in Northern Region, 0 for a farmer in Upper East Region +/−

FBO Dummy: 1 for if the farmer belongs to a farmer group, 0 if otherwise +

Research/extension Dummy: 1 for access to research/extension service, 0 if otherwise +

Credit Dummy: 1 for access to credit in the last growing season, 0 if otherwise. +

Training Dummy: 1 if farmer had access to trainings last season, 0 if otherwise. −/+

CC perception Dummy: 1 for farmers who perceived that rainfall was reducing with rising
temperatures, 0 if otherwise

+/−

HH size Total number of people in housing unit that feed from the same source +/−

Farm size Natural log of farm size (measured in the acres of land under rice production) +

Herbicides Natural log of quantity of herbicides (measured in litres) used +

Fertilizer Natural log of total quantity of fertilizer (measured in kg) +

Seed Natural log of quantity of improved seed (measured in kg) +

Labour Natural log of total number of persons available that worked on the farmers field
during the farming season

–
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lands on which production was carried out. Mostly, the females provided labour for trans-

planting, weeding and harvesting. Females are also mainly responsible for value addition

such as parboiling and processing of rice for onward sale in local markets.

Also, 60% of the irrigation farmers were found to be household heads, as against 56%

for their counterpart rainfed farmers. On average, a farmer had up to only 4.04 years of

formal education. Irrigation farmers were also found to have more experience in rice

production (12.48 years) compared with their rainfed counterparts (11.19 years). Just

about 12% of the farmers had access to production credit in the previous season. Credit

access among the rainfed farmers was relatively high (15%), compared with 7% for irri-

gation farmers. The average output of rice was also reported to be 31.07 bags,3 which

translates into an average yield of 12.89 bags/acre (0.52MT/Ha). While the achievable

yield of rice is projected to about 6.0MT/Ha, the current national average yield of the

commodity is about 2.75MT/Ha, with the Northern and Upper East Regions recording

lower yields than the national average (Ministry of Food and Agriculture (MoFA)

2016). The rest of the variables are as presented in Table 2.

Technical efficiency of rice farmers in Northern Ghana

We first discuss the results of the selection equation (adoption of irrigation) before

looking also at the frontiers of the different systems of production. The estimates of the

Table 2 Descriptive statistics—matched sample

Variable Pooled Irrigated farms Rainfed farms Test of
meansaMean SD Mean SD Mean SD

Age 38.43 10.66 40.29 11.92 37.12 9.47 3.425d

Sex 0.83 0.38 0.87 0.34 0.81 0.4 1.804b

HH head 0.57 0.5 0.60 0.49 0.56 0.5 0.87

Education 4.04 5.13 3.86 5.52 4.17 4.84 − 0.692

Commercial 0.65 0.48 0.64 0.48 0.65 0.48 − 0.304

Experience 11.73 7.68 12.48 8.16 11.19 7.28 1.931b

Region 0.68 0.47 0.84 0.37 0.57 0.50 6.821d

FBO 0.64 0.48 0.58 0.50 0.68 0.47 − 2.328d

Extension 0.54 0.50 0.43 0.50 0.63 0.48 − 4.735c

Credit 0.12 0.32 0.07 0.26 0.15 0.36 − 2.767d

Training 0.72 0.45 0.91 0.29 0.58 0.49 8.866d

CC perception 0.67 0.47 0.86 0.35 0.53 0.50 8.311d

HH size 9.33 6.24 9.28 6.65 9.37 5.94 − 0.163

Farm size 2.41 3.64 1.29 1.00 3.20 4.51 − 6.21d

Output 31.07 47.19 21.98 16.02 37.5 59.39 − 3.804d

Herbicide 3.26 8.66 2.28 1.33 3.96 11.21 − 2.221d

Fertilizer 6.39 37.9 3.47 6.26 8.45 49.17 − 1.505

Seed 54.88 108.38 15.93 26.16 82.46 133.28 − 7.353d

Labour 16.87 16.37 25.16 17.86 11 12.21 10.92d

Obs 538 223 315
at test is used to determine if the sample means are significantly different between the irrigated and rainfed farms
b, c and d represent 10%, 5% and 1% level of significance, respectively
Source: Analysis of field data, 2017
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probit model were used to obtain a propensity score (the predicted probability of

participation in irrigation) for each farmer after which each irrigation farmer was

matched to a rainfed counterpart.

Determinants of irrigation technology adoption

Table 3 presents the results of the probit sample selection model (factors that influence

the adoption of irrigation) using the matched sample. The McFadden pseudo R-squared

was low at 0.155, but with a significant chi-squared test statistic (113.5), indicating a

joint significance of the parameters for the irrigation adoption variables. Age, sex, loca-

tion, membership of farmer-based organisation (FBO), farm input subsidy, training,

credit, household size and farmers’ perception about climate change significantly influ-

enced the adoption of irrigation.

Education was insignificant in explaining the adoption decision of farmers, contradic-

ting the finding of Villano et al. (2015). Age and sex were found to be negatively related

to the adoption of irrigation. Younger farmers had a higher tendency of producing rice

under irrigated conditions compared to their older counterparts. Again, female farmers

in the study area had a greater probability of participating in irrigation than their coun-

terpart male farmers. There was also a positive and significant relationship between

location and adoption of irrigation, indicating that farmers in the Northern Region had

higher adoption drive for irrigation than those in the Upper East Region of Ghana.

Also, we found a significant but negative relationship between FBO and adoption of ir-

rigation, implying that farmers who belonged to FBOs had a lower probability of adopt-

ing irrigation. Perhaps, the farmers who belong to groups might have contractual

Table 3 Parameter estimates of probit selection equation for irrigation using matched sample

Variable Coef. Std. Err.

Age − .01711c 0.006

Sex − 0.48832c 0.180

HH head 0.14699 0.154

Education 0.01264 0.012

Commercial − 0.15443 0.125

Experience 0.01211 0.009

Location (region) 0.30812a 0.161

FBO − 0.36539c 0.129

Subsidy 0.25765a 0.153

Training 0.91004c 0.153

Credit − 0.70239c 0.198

CC perception 0.35782c 0.138

HH size − 0.02741c 0.010

McFadden pseudo R2 0.155

Log-likelihood function −308.26

Chi2 test statistic 113.5c

Number of Obs. 538
a, b and c represent 10%, 5% and 1% level of significance, respectively
Source: Analysis of field data, 2017
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obligations that compelled them to increase production by acquiring more land which

is not available under irrigation conditions.

Farmers who had access to subsidised farm inputs participated more in irrigation

than those who did not have access. Dorward and Chirwa (2013) found that input sub-

sidies have had a wider impact on economies through increased food crop production,

which lead to a reduction in consumer food prices and to the benefit of poor food con-

sumers, and an increase in rural agricultural wages. However, the benefit of agricultural

subsidy programmes has varied with the nature of the subsidies and their context in

the market, as well as with the weather (Kato and Greeley 2016), justifying the need for

irrigation. As expected, farmers who attended trainings had a greater probability of

adopting irrigation compared to their untrained counterparts. Access to credit is

expected to influence technology adoption decision of farmers positively (Anang et al.

2016). However, our results show otherwise, contrary to our a priori expectation. Our

findings in the previous sections suggested that irrigation farmers had smaller land

holdings compared to their counterpart rainfed farmers and so may not require any

credit to invest in inputs considering that credit acquisition comes with cost associated

with interest payments. We found also the perception of farmers about the prevalence of

climate change to be significant and positively related to the adoption of irrigation. Also,

household size had an inverse relationship with the adoption of irrigation, suggesting that

larger households are more averse to adopting irrigation than smaller households.

Production frontiers

We first report the result of hypotheses tests conducted to select the functional form,

i.e. the choice between Cobb–Douglas vs. translog functional form (H0, βjk = 0). How-

ever, given the complexity of our model and the focus on the empirical significance of

the framework applied, we concentrated on the choice of an appropriate functional

form that is also flexible. The generalised likelihood ratio (LR) test (see Table 4) con-

firmed that the translog production function is suitable for the production structure in

our case. The translog specification presented a smaller AIC (771.7) compared with the

842.7 for the Cobb–Douglas specification, also providing sufficient justification for our

choice of the translog production function.

In Table 5, we present the results of the stochastic production frontier model corrected

for selectivity bias. In the same table, the results for the conventional frontier without cor-

recting for selectivity bias (with technical inefficiency effects) to allow for comparison are

also presented. All variables in the translog models were normalised by their correspond-

ing geometric means so that the first-order coefficients can be interpreted as partial elasti-

cities of output with respect to inputs at mean values (Villano et al. 2015).

The sum of all partial production elasticities, i.e. return to scale (RTS), for the pooled

and irrigation farmers in both the conventional and sample selection models are

Table 4 Generalised likelihood ratio test of hypothesis

Null hypothesis LR statistic (λ) Critical valuea Decision

Production function is Cobb–Douglas 100.96 36.17 Reject H0. Use Translog PF

AIC Translog = 771.7 Cobb–Douglas = 842.7 Reject H0. Use Translog PF
aCritical value for the production function is obtained from Kodde and Palm (1986) at 5% two-tail reading
Source: Analysis of field data, 2017
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consistently less than one, showing decreasing returns to scale. The RTS for rainfed

farmers in the conventional SPF was estimated to be more than one, indicating increasing

return to scale. For the same group of rainfed farmers in the sample selection model, the

RTS was estimated to be exactly one, implying a constant RTS. These results indicate that

the rainfed farmers in the study area are able to increase their output with increases in in-

put usage. On the contrary, irrigation farmers are not able to achieve proportionate in-

crease in output with upward adjustments in their input usage. Both the estimates of σu
and σv in the conventional and sample selection models are significantly different from

zero at the 1% level, indicating goodness of fit of the model. The coefficients of the select-

ivity bias variables (ρw,v) were significantly different from zero at the 1% level for all the

sample selection frontiers, which confirm that selection bias existed, providing justifica-

tion for the use of a sample selection framework in the SPF model. In other words, esti-

mation using observations from only a single system of production (either rainfed or

irrigation) will provide biassed estimates of the frontier, which will then be carried on to

the biassed estimates of efficiency scores as well (Villano et al. 2015).

Results from the SPF controlling for selectivity bias revealed that output of rice in-

creased with farm size, differing from the finding of Donkoh et al. (2013), but reduced

with quantity of seed used in the pooled frontier. Four out of five estimated linear coef-

ficients in the selectivity-corrected SPF for irrigation were significant in explaining the

output of rice farmers, with all of them being insignificant in explaining output in the

frontier of rainfed farmers. As expected, farm size and fertiliser had a positive relation-

ship with output of irrigation rice farmers corroborating with Addison et al. (2016).

Output of irrigation rice farmers was however found to be inversely related to the

quantity of seed and herbicide used, diverging from the findings of Anang et al. (2016).

Continuous increases in the amount of fertiliser and herbicides were also found to in-

crease output marginally. Most of the interaction variables were only significant in

explaining the output of rice farmers in the irrigation frontier. The interactions of farm

size and fertiliser, farm size and herbicide, and seed and herbicides were necessary for

increased production of rice under irrigation ecology.

In both the conventional and sample selection models, farm size had the highest

elasticity value, corroborating with Rahman and Barmon (2015). The elasticity of

farm size in the sample selection frontiers was 0.92 and 1.34 for the pooled and ir-

rigation frontiers, respectively, implying that a 100% increase in land allocated for

rice production will increase output by 92% and 134% for the pooled and irrigation

frontiers, respectively. Ragasa et al. (2013), noted that the increases in the output

of rice in the study area have largely been due to expansion in farm sizes and not

necessarily due to the use of farm inputs and improved production techniques.

This phenomenon should be of serious concern to stakeholders of the agricultural

sector in Ghana as the present population statistics do not support the theory of a

positive relationship between farm output and farm size.

Efficiency estimates of rice farmers in Northern Ghana

Summaries of technical efficiency (TE) scores of the matched samples are presented in

Table 6. The first sets of TE estimates are from the conventional stochastic production

frontier (SPF). The second set of TE estimates is from the selectivity-corrected SPFs.
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The results reveal that TE estimates improved upon implementing the sample selec-

tion framework.

Using the pooled estimates, the mean TE increased from 60.6 to 62.2%, comparing

the conventional and sample selection SPF respectively. The mean technical efficiency

of irrigation farmers, corrected for selectivity bias, was estimated to be 68%, implying

that 47% [(100–68)/68] of the production is lost due to technical inefficiency alone.

This implies that the average farmer producing under irrigation could increase produc-

tion by about 47% by improving their technical efficiency.

The mean technical efficiency of rainfed farmers, corrected for selectivity bias, was

estimated to be 63.4%, implying that 57.7% [(100–63.4)/63.4] of the production was lost

due to technical inefficiency alone. This implies that the average farmer producing

under rainfed condition could increase production by about 57.7% by improving their

technical efficiency.

Overall, the efficiency scores for irrigation farmers were relatively high for both the

conventional and the corrected selectivity bias SPFs, implying that the farmers who

produced under irrigation were more technically efficient than those who produced

under rainfed condition. For example, while 13.5% of the irrigation farmer operated at

efficiency level of 91% and above, only 2.5% of the rainfed farmers operated at this effi-

ciency level for the conventional frontiers. In the corrected selectivity bias frontiers,

about 12% of irrigation farmers operated at efficiency level of 91% and above as against

0% for their counterpart rainfed farmers.

Previous studies have estimated the technical efficiency of rice farmers in the study area

to be high. This obviously could be due to the estimation processes adopted by those au-

thors which did not account for selectivity bias. For example, Donkoh et al. (2013), esti-

mated the technical efficiency of rice farmers in the Tono irrigation scheme to be 81%.

The empirical results show that without the appropriate corrections, inefficiency was

overestimated, while the gap in performance between irrigation farmers and their rainfed

Table 6 Frequency distribution of technical efficiency of rice farmers

Eff.
Score

Conventional SPF Sample selection SPF

Pool Irrigation Rainfed Pool Irrigation Rainfed

Freq. % Freq. % Freq. % Freq. % Freq. % Freq. %

10–20 0 0 0 0 0 0 10 1.9 1 0.4 2 0.6

21–30 0 0 0 0 0 0 15 2.8 7 3.1 8 2.5

31–40 118 21.9 0 0 0 0 35 6.5 20 9 13 4.1

41–50 53 9.9 0 0 127 40.3 68 12.6 22 9.9 32 10.2

51–60 80 14.9 57 25.6 45 14.3 74 13.8 27 12.1 60 19

61–70 105 19.5 30 13.5 36 11.4 128 23.8 26 11.7 70 22.2

71–80 73 13.6 64 28.7 43 13.7 132 24.5 40 17.9 105 33.3

81–90 99 18.4 42 18.8 56 17.8 71 13.2 53 23.8 25 7.9

91–100 10 1.9 30 13.5 8 2.5 5 0.9 27 12.1 0.0 0.0

Total 538 100 223 100 315 100 538 100 223 100 315 100

Min 33.7 59.4 40.6 13.3 18 18.4

Max 95.2 96.6 85.9 93.3 97.5 89.2

TE-Mean 60.6 74.4 60 62.2 68 63.4

Source: Field data, 2017
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counterparts was underestimated, corroborating with Villano et al. (2015). However,

Mayen et al. (2010) reported the evidence of bias to be the opposite, where the differentials

between treated and control units decreased as the correction for bias was implemented.

Determinants of technical efficiency among rice farmers in Northern Ghana

The determinants of efficiency (or inefficiency) indicate the potential sources of effi-

ciency that could be relevant for policy formulation. In Table 7, the translog maximum

likelihood estimates of the determinants of technical inefficiency are presented. The

translog maximum likelihood frontier estimates are from a two-stage selectivity-cor-

rected pooled sample SPF and inefficiency models. For comparison, we present

separate estimates for the group (irrigation and rainfed) as well as that of the pooled

corrected selectivity bias data. The coefficients for the technical inefficiency results are

interpreted by their signs, such that a positive (negative) coefficient indicates a positive

(negative) effect on inefficiency. To be simplistic, we only discuss the determinants

focusing on variables that are statistically significant at conventional levels.

In the inefficiency model of the pooled results, sex, location, household size, credit and

perception of farmers about climate change were found to be significant at conventional

levels and positively related to technical inefficiency (negatively related to technical

efficiency). The coefficients of subsidy, experience, commercialisation and household head

are also found to be significant at conventional levels but negatively related to technical

inefficiency (positively related to technical efficiency). In the ‘irrigation’ group, technical inef-

ficacy was influenced by age, sex, education, farmers’ commercialisation drive, location,

membership of FBO and household size.

Table 7 Maximum likelihood estimates of determinants of technical inefficiency

Variable Irrigation only Rainfed only Pooled

Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.

Const. 2.542 0.792 − 5.15a 0.981 − 1.552a 0.479

Age − 0.038b 0.016 0.057 0.016 0.014 0.009

Sex − 1.005a 0.366 1.916 0.459 0.656a 0.237

HH head − 0.218 0.315 − 0.734 0.299 − 0.54a 0.194

Education 0.055a 0.021 − 0.018b 0.026 − 0.002 0.015

Commercial − 1.467a 0.283 − 0.221 0.24 − 0.579a 0.163

Experience − 0.002 0.021 − 0.078a 0.021 − 0.042a 0.012

Location −0.722b 0.368 1.886a 0.436 0.631a 0.222

FBO − 0.565c 0.311 − 0.432 0.287 0.052 0.177

Subsidy − 0.31 0.375 − 0.869a 0.285 − 0.713a 0.179

Training − 0.273 0.376 0.731a 0.278 0.112 0.184

Credit 0.553 0.508 0.465 0.332 0.575b 0.246

CC perception − 0.064 0.378 0.83a 0.264 0.344c 0.187

HH size 0.006b 0.022 0.035 0.021 0.046a 0.015

Log-likelihood 5.77 − 160.88 − 318.61

N 223 315 538
a, b and c represent 1%, 5% and 10% level of significance respectively
Source: Field data, 2017
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The coefficient of age was negative and significant, implying that younger farmers

were more inefficient compared to older farmers. The coefficient of sex was negative

and significantly different from zero at 1% level, indicating that female farmers were

more inefficient compared to their male counterparts. The positive and significant sign

of the coefficient of the education variable indicates that farmers who received more

formal education were more inefficient, contrary to our a priori expectation. The coeffi-

cient of commercialisation was also positive and significant, implying that irrigation

farmers who produced for subsistent purpose were less inefficient compared with their

counterparts who had commercialisation drive, against our a priori expectation that

commercial farmers were most likely going to commit more resources to production

and will invest in improved practices to increase output and their incomes, to compen-

sate for their investments. Location was also found to bear a significant and negative

relationship with technical inefficiency. This means that rice farmers in the Upper East

Region were found to be more technically inefficient compared to their colleague

farmers in the Northern Region of Ghana. FBO was positive and significant, indicating

that farmers who belonged to farmer-associations were less efficient as compared to

those who did not belong to any farmer group. The significant and positive association

between household size and technical inefficiency imply that households with larger

membership were more technically inefficient, while smaller size households exhibited

better levels of technical efficiency.

Technical inefficiency among the ‘rain-fed’ group was influenced by education, ex-

perience, subsidy, location, training and the perception of the farmers about climate

change in the study area. The negative and significant sign of the coefficient of the edu-

cation indicates that farmers who received more formal education were less inefficient,

agreeing with our a priori expectation. This was rather the reverse for the ‘irrigation

only’ group. The reasons for this diverging situation was not sufficiently explored by

this present study and so need further investigations. Experience was found to be nega-

tive and significantly related to inefficiency, implying that farmers with relatively long

years of experience of rice production under rainfed conditions were more efficient.

Location was also found to bear a significant and positive relationship with technical in-

efficiency, meaning that farmers in the Northern Region who produced under rainfed

conditions were found to be more technically inefficient compared to their colleague

farmers in the Upper East Region. An important policy variable, subsidy, was also found

to be positive and significantly related to technical inefficiency of rice farmers producing

under rainfed conditions. The negative sign of subsidy implied that farmers who received

and used subsidised farm inputs were more technically efficient than those who did not

receive subsidy. Also, rice farmers producing under rainfed conditions who received train-

ing, and those who perceived climate change to be present and dominant in the study area

were found to be less technically efficient, as the covariates of training and climate change

perception have positive and significant relationship with technical inefficiency.

Conclusions and Recommendations
This study employs a sample selection-corrected stochastic production frontier model

to determine the TE of rice farmers in Northern Ghana. We conclude that TE esti-

mates improve upon implementing the model, as the mean TE increased from 60.6 to

62.2% for the pooled results. The empirical results show that without the appropriate
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corrections, inefficiency is overestimated, while the gap in performance between irriga-

tion farmers and their rainfed counterparts is underestimated. In terms of policy, we

recommend that the government of Ghana should work with development partners to

develop new and existing irrigation schemes and also construct bunds around the rice

production valleys in northern Ghana so that rice farmers could expand their farm sizes

to increase production. It is important that the input subsidy programme by the gov-

ernment be structured to cater for experienced and younger farmers who consider agri-

culture as a business. Farmers are also advised to form groups to be able to learn new

techniques of production from one another. Forming or joining groups could also offer

them the opportunity to contract loans and apply technologies which could increase ef-

ficiency and output. Agricultural policies of Ghana should emphasise intensification

and the adoption of productivity-improving practices by farmers, as the per capita land

area continues to reduce due to high population growth.

Endnotes
1The model was estimated directly using of LIMDEP 11 Software.
2Propensity score matching was used to select both rainfed and irrigation farmers to

control for biasses stemming from observed variables. The result is available upon

request.
3A bag of rice is standardised at 100 kg (0.1 MT). Yield is calculated from Table 6.3

as output ÷ farm size
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