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Abstract: : Farmers have been encroaching fragile wetlands as a strategy to increase their rice production thus threatening wetlands’ existence 
and capacity to other critical ecosystem services. This calls for efficient production to strike the balance between food rice production and wet-
lands’ sustainable existence. The current study sought to provide assess rice farmers’ technical efficiency of resource use by detecting the deter-
minants of rice yield and further identify the determinants of technical efficiency of the resources used by rice farmers in Kilombero wetland. A 
cross-sectional survey of 145 randomly sampled farmers aided in achieving the study objective. A stochastic frontier analysis (SFA) model was 
used to analyze data. The mean technical efficiency among farmers was at 60.54% level. The positive determinants of rice yield were land and 
fertilizers while labor influenced it negatively. Age, education, farming experience, group membership, and credit access reduced inefficiency 
while the distance to the extension agent and off-farm income increased farmers’ inefficiency. The study concludes that there is a possibility of 
expanding rice production without threatening the wetland’s existence. It recommends that government and other stakeholders to ensure that 
rice farmers are up-to-date with optimal use of fertilizers in rice production since it will assist in improving rice yield while the rate of expansion 
of rice lands in the wetlands will lower. Policy implementers ought to establish initiatives that inspire rice farmers to capitalize on farmer groups 
and join education programs to take full advantage of their potential efficiency and might participate in community development activities.

INTRODUCTION

The second most important staple food crop cultivated 
in the United Republic of Tanzania is rice (Oryza sativa 
L.), grown in both Zanzibar and the mainland (Gebeyehu, 
Kangile, & Mwakatobe, 2019). Regardless of the increased 
expansion of the cultivated land under rice, farmers’ 
productivity remains as low as under 2.0 t ha-1 while they 
have the potential to produce over 5.6 t ha-1 (Sekiya et al., 
2013). Low-yielding rice varieties, poor dissemination of 
technology, and the effects of climate change on the natural 

environment among other factors have contributed to low rice 
productivity in Tanzania (Rugumamu, 2014). As part of the 
intervention strategy, the government in collaboration with 
other stakeholders introduced NERICA (Oryza glaberrima), 
which is one of the yield-enhancing varieties (Africa Rice 
Center (WARDA), 2008). Nevertheless, the introduction 
of high-yielding varieties to farmers has not improved rice 
productivity (Styger, 2012). The annual production of rice is 
about 1.8 million MT while the consumption is approximately 
1.9 million MT (USDA, 2017). 

Around the Kilombero wetland, the International Rice 
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Research Centre (IRRI) and Kilombero Agricultural Training 
and Research Institute (KATRIN) introduced pest and disease 
resistance as well as high-yielding varieties such as TXD 88, 
TXD 305 and Nerica (Styger, 2012). Kilombero Plantation 
Limited (KPL) in partnership with United States Agency for 
International Development (USAID) provides inputs to many 
farmers within the wetland. The Tanzanian government is 
also expanding rice production within the Kilombero wetland 
through the Southern Agricultural Growth Corridor of 
Tanzania (SAGCOT) initiative by establishing 16 irrigation 
schemes for the next over ten years (Smith, 2016). 

Farmers have been encroaching fragile wetlands as a strategy 
to increase their rice production. The encroachment is a 
threat to wetlands’ existence and capacity to provide other 
critical ecosystem services despite the success in the increase 
in output production. The threat in the wetland’s ecosystem 
involves draining water in the wetlands to make arable land 
from extreme marshes. Leachates, including pesticides 
and chemical fertilizers, do also affect the wetland fragile 
ecosystem thus negatively disturbing the stability of the 
natural fauna and flora. All the interference from agriculture 
ends up paralyzing soil formation and hydrology, which take 
place in the wetlands (Turyahabwe et al., 2013). 

Unregulated farming activities around the wetlands, if not 
addressed with speed, will diminish the wetlands and risk 
the natural habitation of fauna and flora that thrive in marshy 
ecosystems. The distorted future of the wetlands looms due 
to loss of vegetation, groundwater reduction, changes in 
water regimes, and reduced floods (Baldock et al., 2000; 
Raburu, Okeyo-Owuor, & Kwena, 2012). Since wetlands 
will remain a crucial contributor to food security, there is 
thus a call to improve the efficiency of rice production among 
farmers around the wetlands to strike a balance between 
wetland sustainability and food production. Sustainability of 
the wetlands will result from reduced pressure on wetlands 
resources due to the increased farmers’ productive efficiency 
as they will not require to expand more land to increase their 
productive capacity.

Wetlands are known to provide several other critical 
ecosystem services apart from agricultural production. 
Such services include the provisioning, supporting, cultural, 
and regulating services (International Water Management 
Institute, 2014; Wood, Dixon, & Mccartney, 2013). Out of 
all the functions that wetlands play, agriculture emerges 
as the most important contributor to wetland degradation 
as some rice producers have permanently transformed the 
fragile natural ecosystems to unstable land-use regimes. One 
avenue to control the negative externalities of agriculture 
on wetlands is the encouragement of farming practices that 
do not exacerbate wetlands’ degradation through efficient 
production. It is, therefore, crucial to ensure that rice farming 
is done under the highest technical efficiency (TE).

Technical efficiency denotes the capability of a farm to convert 
resources (inputs) into outputs ( Toma et al., 2015; Kansiime, 

van Asten, & Sneyers, 2018). It depicts the performance in 
the process of transforming inputs into outputs. It presents 
the optimality of the conversion process in the event there is 
no wastage of resources as inputs are converted into outputs. 
Two forms of efficiency exist namely input-oriented and 
output-oriented. The input-oriented TE allows farmers to 
achieve a given output using minimal quantities of inputs at a 
given technology while the output-oriented TE allows farmers 
to achieve maximum output using the available quantities of 
inputs (Hong et al., 2019). Farmers normally strive to achieve 
output-oriented efficiency due to scarcity of resources. At 
the farm’s technical efficiency frontier, there is absolutely no 
wastage of resources in the process of production. Farmers 
rarely produce at the frontier due to unprecedented weather 
vagaries, pests, and diseases among other random shocks. 
A measurement of farmers’ TE assists in the detection of 
the production factors that need to be targeted for increased 
crop productivity while separating farmers’ inefficiency from 
managerial weaknesses.

Efficient production also reduces the magnitude in which 
agriculture degrades wetlands as the factors of production are 
used optimally and farmers do not necessarily need to expand 
their plots into wetlands (Pretty & Bharucha, 2014). Rice 
production in Kilombero wetland among other wetlands must 
be produced efficiently to curb further anthropogenic damage 
of the wetland. An efficient production will guarantee the 
minimization of unsustainable agricultural intensification 
from improper usage of inputs, which mainly causes soil 
degradation (Willy, Muyanga, & Jayne, 2019). In the long 
run, efficient production will ensure that wetlands will 
continue to sustainably offer other critical ecosystem services 
along with the provision of resources for food production. 

Many studies have directed their focus on the threats faced by 
wetlands due to anthropogenic activities (Gardner et al., 2015; 
Halima et al., 2009; McCartney et al., 2010; Schuyt, 2005; 
Turyahabwe et al.,  2013). Urbanization, population pressure, 
and weather changes amid other aspects have accelerated 
the anthropogenic damages (FAO & IWMI, 2017). Despite 
all the dynamics surrounding the wetlands, the ecosystems 
have heightened pressure from different competing uses, 
which calls for efficient production to sustain their capacity 
to function naturally (Kyalo & Heckelei, 2018). However, 
a dearth of scientific studies exists regarding the efficiency 
of rice production around the Kilombero wetlands, which 
may form a basis for future wetland sustainability. The 
dearth exists despite the crucial contribution of wetlands to 
food security while degradation from agricultural practices 
continues to threaten the fragile ecosystems’ continued 
existence. This called for a need to carry out a study that 
would assess rice farmers’ technical efficiency of resource 
use by detecting the determinants of rice yield among the 
inputs used in output production. There is further need 
to identify the determinants of technical efficiency of the 
resources used. We, therefore, carried out a cross-sectional 
research to address the aforementioned objectives.
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MATERIALS AND METHODS

The study area, data types, and sampling procedures

Kilombero wetland is a river floodplain of a valley close 
to Ifakara in Tanzania stretching over a distance of 250 Km 
and a width of approximately 65 Km along the banks of the 
Kilombero River, in the South-central parts of Tanzania. The 
valley and the marginal hills around it cover approximately 
11,600 Km2. This wetland experiences a sub-humid climate 
and receives a mean of around 1418 mm of rainfall and 240C 
of temperature annually (Kato, 2007). Rice, maize, green 
grams, bananas, and beans are the major crops produced in 
this wetland. The sampling of the study site was purposive 
because the Kilombero wetland is a focus floodplain for the 
Tanzanian government due to its current capacity of sustaining 
rice production all-year-round (Mombo et al., 2011). The 
Tanzanian government has a rice production expansion plan 
through the Kilombero cluster of the Southern Agricultural 
Growth Corridor of Tanzania (SAGCOT) by establishing 16 
irrigation schemes for the next over 10 years (CDM Smith, 
2016). 

The sampling involved a two-stage method because the 
wetland is a well defined Ramsar site. First, administrative 
officers and knowledgeable villagers assisted in listing all the 
villages located around the wetlands. Secondly, in order to 
ensure a reasonable representation of households across the 
entire wetland, villages were randomly sampled. A total of 
8 villages were sampled from the list generated around the 
wetland. A sampling frame was then developed from sampled 
villages and each village, proportional to its size, contributed 
to the drawing of a random sample of households giving a 
sample of 145 rice farmers, which had been obtained using 
the Kothari, (2004) formula.

Analytical framework

Measurement of technical efficiency 

Technical efficiency is mainly measured using two 
methods namely stochastic frontier analysis (SFA) (Aigner 
et al., 1977) and data envelopment analysis (DEA) (Charnes 
et al., 1978). The SFA method is a parametric approach 
while the DEA is a deterministic method that uses linear 
programming. The latter method assumes that all shortfalls 
from maximal production output are attributable to the 
inefficiency of farmers. The DEA has the advantage of being 
able to incorporate many inputs and outputs in the analysis 
of efficiency. However, it suffers grave shortcomings due to 
sensitivity to outliers and computational complexities. The 
method also overestimates technical efficiency measures due 
to the failure to account for measurement errors. The current 
study, therefore, utilized the SFA model as it distinguishes 
the random variations as a result of statistical noise and 
inefficiency effects. The SFA model allows for hypotheses 
testing with regard to the structure of production as well as 

the level of inefficiency, which is a crucial practice that is 
not done through DEA (Coelli et al., 2005).    

Diagnostic tests 

A statistical test was done on the ordinary least squares 
(OLS) and SFA model to establish the appropriate model 
for the study analysis. The test was done by testing a null 
hypothesis (H0: γ=0), which implies the non-stochastic 
nature of the inefficiencies (Ui). A true null reduces SFA to 
a conventional function (OLS) due to a lack of inefficiency 
effects. The test uses lambda (λ), obtained in equation 1 
estimation through the generalized likelihood-ratio method 
(Battese & Broca, 1997). 

λ = – 2[ ln {L (H0)} – ln {L (H1)}]                                                                        (1)

where L (H0) and {L (H1) denote the null and alternative 
hypotheses respectively. By failing to reject the null hypothesis 
(H0: γ=0), lambda (λ) assumes a mixed χ2 distribution. 
Subsequently, an SFA model fails the test as the best analytical 
method because the error term usually assumes both random 
effects (Vi) and inefficiency effects (Ui). In such a scenario, 
OLS remains adequate over SFA and the opposite is right.

Stochastic frontier analysis (SFA)

Cobb-Douglas (CD) and translog stochastic frontier 
analyses are the most used common model specifications. 
Both models were tested for the specification tests of 
multicollinearity and heteroscedasticity. Multicollinearity was 
detected using the variance inflation factor (VIF) test such that 
VIFi=1⁄(1-Ri

2 ), where Ri
2 represents an R2 in an artificial OLS 

that treats ith explanatory variable as a “dependent” variable 
(Otieno, Hubbard, & Ruto, 2012). As a general principle, 
a value of VIF larger than ten (10) exhibits a problem in 
data due to multicollinearity (Gujarati, 2004). Secondly, the 
null hypothesis that assumes homoscedasticity (Varε=E⌊ε-
E(ε)⌋=δ2) in data was assessed using Breusch-Pagan / Cook-
Weisberg tests. The translog model model was disqualified 
due to high multicollinearity (see Table 4).

The Cobb-Douglas function of the SFA model by Battese and 
Coelli (1995) is given as 

Yi=exp(xmi, βi,+εi) (2)

where i =1,2,...,m and εi=Vi-Ui, Yi represents the ith farm yield, 
xi is inputs vector for the ith farm and βi are the unknown 
parameters. The notation εi represents error term composed 
of random error (Vi) that denotes the environmental influence, 
whose mean and variance N(0; σU

2) is zero. The notation Vi 
is attributed to factors that are beyond farmers’ control and 
errors during model estimation. The term Ui is a random 
non-negative(Ui≥0) half-normally distributed N(0; σU

2) 
variable that is associated with farm factors and impedes the 
achievement of maximum production output. 
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Two types of stochastic frontier analysis approaches exist, 
namely one-step and two-step methods. Huang and Liu (1994) 
proposed a one-step SFA estimation to produce unbiased 
coefficients of inefficiency determinants compared to a two-
step approach by Pitt and Lee (1981). Huang and Liu (1994) 
assumes Ui as truncated-normally distributed and combines 
production function with the inefficiency model. However, 
Frohloff, (2007) asserts that under such an assumption, the 
estimates reflect gross efficiency, which is not completely 
adjusted for the influence of exogenous variables. The half-
normal distribution of Ui  assumption solves the shortcoming of 
the truncated-normal assumption. The half-normal assumption 
allows the SFA model to include the exogenous variables in 
the production function, thus obtaining net efficiency (Coelli, 
Perelman, & Romano, 1999). The two-step approach suffers 
from a contradiction that the inefficiency term (Ui) distribution 
makes different assumptions in both stages. In step one, the 
the stochastic frontier is estimated by model based on an 
assumption of half-normal distribution. In the second step, the 
inefficiency effects assume truncated-normal distribution to 
allow an estimation of the influence of exogeneous variables 
on (Ui) in a Tobit model. The inconsistency in the inefficiency 
distribution assumptions results to biased estimated in the 
second stage. Also, the first step assumes that inefficiency 
effects (Ui) have an independent and identical distribution 
(iid) but then regress the exogenous variables against the 
inefficiency indices. 

The current study utilized a one-step estimation where Ui 

assumes a half-normal distribution and depends on exogenous 
factors Zi where (Zi=Z1i,…,Zmi). The inefficiency effects model 
is presented 

as Ui=Zi δ+Wi                     (3)

where Zi represents the exogenous factors that influence the ith 
farm TE, δ represents the parameters to be estimated, and Wi 
represents th residual efficiency presented as the random error. 
The truncation of Ui is at zero with a constant variance σU

2  and 
mode Zi’ δ changing over the farms. A log-likelihood function 
that assumes Ui and Vi being independently distributed of each 
other is presented by  

 

  (4)

where the term εi can be obtained by Yi-xi β while F represents 
the distribution assumption, which is the conditional 
distribution function (cdf). The equation (4) MLE gives the 
values of parameters β,λ,σ. The TE of the ith farm is thus 
expressed in terms of the quotient of the observed production 
output (Yi) and the highest predicted output (frontier output) 
(Yi*) (Furesi, Madau, & Pulina, 2013). It is expressed in 
equation 5. 

 (5)

Technical inefficiency is then 1- TEi and TE prediction requires 
that Ui should be estimated. 

Equation 6 shows the estimation of the conditional expected 
value of Ui that best predicts Ui given εi.

 (6)

From equation 6, 𝜆=𝜎𝑈/𝜎𝑉, 𝜀𝜆=−𝑈∗/𝜎∗, and f is the normal 
density function (Jondrow et al., 207 1982). The notations 
𝜎∗ and 𝑈∗ are unobservable thus they are replaced by their 
respective estimates 208 giving technical efficiency as

 (7)

where Φ represents the cumulative density function (Battese 
& Coelli, 1988).

Model specification 

Table 1: Description of the one-step SFA model variables

Variable Description Measurement

Dependent

Y_i Output per hectare (in model 1) Kg ha-1

U_i Technical inefficiency (in model 2) Index (0-1)

Independent

Model 1

X1 Plot size under rice Ha

X2 Family and hired labor using 
adult equivalent

Man-days ha-1 

X3 Seeds Kg ha-1

X4 Basal fertilizer Kg ha-1

X5 Topdressing fertilizer Kg ha-1

X6 Pesticides  Litre ha-1

X7 Herbicides   Litre ha-1

Model 2

Z_1 Household head gender Male=1, Female=0

Z_2 Household head age Years  

Z_3 Education of the household head Years

Z_4 Household size Number of persons

Z_5 Rice farming experience Years

Z_6 Distance to the nearest 
extension service provider

Kilometres

Z_7 Access to agricultural credit Yes=1, No=0

Z_8 If a household head belonged to 
an organized group

Yes=1, No=0

Z_9 Annual off-farm income EURO

Z_10 Product market access Kilometres

The stochastic frontier analysis model of the production 
function in equation 2 was specified as

 (8)
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where ln = natural logarithm, β0 βmi = parameters to be 
estimated, i=ith  farm, m = mth input, Yi = farm yield, Xi 
= the production factors (see Table 1), ui = the error term’s  
component of inefficiency, and vi represents the random error 
term.

The one-step SFA inefficiency model specification of equation 
3 was given by

 (9)

where Ui represents technical inefficiency, δm=unknown 
parameters, and Zmi=determinants of inefficiency (see Table 1).

RESULTS AND DISCUSSION

Descriptive statistics

Table 2 shows the household head’s mean age of approximately 
53 years and a farming experience of about 23 years. The farming 
experience shows that a rice producer within the Kilombero 
wetlands had begun to make independent farming decisions on 
rice farming at an approximate age of 20 years. The schooling 
years in formal education was about 13 years which matches the 
secondary school education. A household had approximately 5 
persons and hectares of farmland each. A household head had 
an average of EUR 125. Lastly, distances to the nearest extension 
service provider and the product markets were about 11 and 10 
Km respectively. 

Table 2: Selected continuous and categorical variables from the study

Variable
Mean 

(N=145)
Std. Dev Min Max

Age 53.57 12.01 26 79

Household size 5.01 1.82 1 10

Education 12.97   4.3 0 18

Experience 22.76 11.08 3 50

Distance to extension 
provider

10.74    6.73 1 28

Distance to the 
market

10.19   5.92 1 28

Off-farm income 125.1 61.92 0 200

Farm size in hectares 5.25 5.38 0.5 30

Freq (N=145) Percent (%)

Gender

      Female 23 15.9

      Male 122 84.1

Group membership

      No 46 31.7

      Yes 99 68.3

Credit access

      No 52 35.9

      Yes 93 64.1

Source: Survey data

The majority (84.1) of the household heads were male. Many of 
the household heads belonged to groups (68.3%) and accessed 
agricultural credits (64.1%) in cash and kind (such include seeds, 
pesticides, and fertilizers among others). 
Table 3 shows the descriptive results for inputs used and yield 
attained in rice production in Kilombero wetland.

Table 3: Inputs use and yield among rice farmers

Variable
Mean 

(N=145)
Std. Dev Min Max

Seeds 61.27 28.84 9.38 185.25

Basal fertilizers 76.36 95.49 0.25 625

Topdressing 
fertilizers

85.22 115.61 0.25 234.86

Labor 53.05 46.81 0.49 275.9

Pesticides 3.25 3.28 0.12 24.7

Herbicides 2.3 1.33 0.12 7.41

Area under rice 1.69 1.9 0.2 16

Yield 1054.13 605.77 55.58 4322.5

Source: Survey data

Seeds quantity was about 61 kg ha-1 among the wetland rice 
farmers and the rate concurs with the recommended seed 
rate of 60-80 kg ha-1 in Tanzania (Global Yield Gap, 2013; 
United Republic of Tanzania, 2007; Wilson & Lewis, 2015). 
Additionally, the basal fertilizers quantities were lower according 
to the recommended rates of 123.5 - 130 kg ha-1 in Tanzania 
(IRRI, 2012; United Republic of Tanzania, 2007). Similarly, the 
topdressing fertilizers quantities were also lower in comparison 
with the endorsed rate of 87- 260 kg ha-1 (Africa Rice Center 
(WARDA), 2008). The number of person-days (53) used in the 
wetland rice production was smaller compared with the findings 
of Oumarou & Huiqiu, (2016) and Kadiri et al., (2014) in South-
western Niger and Niger Delta of Nigeria respectively, where the 
respective number of man-days used in rice production averaged at 
162 and 180 person-days ha-1. Mechanization of rice production in 
Kilombero wetland, especially during the planting period, might 
have contributed to the reduced labor as about 65% of the rice 
farmers used tractors for land preparation. Moreover, rice yield 
was lower than the national mean of about 1.5 t ha-1 (Ngailo et 
al., 2016; Wilson & Lewis, 2015). 

Empirical model

Validation tests

Estimation of equation 1 gave the calculated statistics (χ2 = 
46.004) that was more than the critical value (χ2(1) = 2.706) 
thus the study rejected (H0: χ=0). SFA was thus proven as 
the appropriate model for the assessment of efficiency and its 
determinants. The χ2 tests were guided by the critical values in 
Kodde and Palm (1986). Following the test for appropriateness of 
SFA over OLS, a test for multicollinearity and heteroscedasticity 
on Cobb-Douglas and translog specifications of the SFA model 
was done. Table 4 presents the aforementioned results.
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Table 4: Tests of multicollinearity and heteroscedasticity in the one-
step translog and Cobb-Douglas specifications

Model
Specification 

violation
Test type

Test 
results

Conclusion

Translog
Multicollinearity
Heteroscedasticity

Mean VIF
Breusch-Pagan / 
Cook-Weisberg

190.13
2.29

High 
multicollinearity
Homoscedastic

Cobb-
Douglas

Multicollinearity
Heteroscedasticity

Mean VIF
Breusch-Pagan / 
Cook-Weisberg

1.79
0.19

No 
multicollinearity
Homoscedastic

Individual and mean VIF values in the Cobb-Douglas specification 
were all less than 10. The translog model revealed large values of 
individual and mean VIFs with the mean value being 190.13. As 
a general principle, a value of VIF larger than ten (10) exhibits 
a problem in data due to multicollinearity (Gujarati, 2004). The 
χ2 values from the Breusch-Pagan / Cook-Weisberg tests in both 
specifications were insignificant (p>0.05).

One-step SFA estimation
Table 5: One-step SFA results for the production and inefficiency functions

Variable Coefficient Std. Error z P-value

Model 1 (Production function)

Land  0.384*** 0.023 16.88 0.000

Seeds -0.002 0.042 -0.05 0.961

Basal fertilizer 0.171*** 0.024 6.94 0.000

Topdressing fertilizer 0.068*** 0.017 3.90 0.000

Labor -0.052** 0.024 -2.09 0.037

Pesticides 0.001 0.012 0.08 0.936

Herbicides -0.019 0.019 -1.01 0.314

_cons 6.875*** 0.215 31.96 0.000

Log likelihood -8.114***

Wald chi2(8) 468.51***

Prob>Chi2 0.000

LR test of σμ=0: 
Chibar2(01)

282.385***

Prob>=chibar2 0.000

Gamma (γ) 0.9616*** 0.0172

TE 0.6054 0.2636

Model 2 (Technical inefficiency model)

Age -0.042*** 0.015 -2.76 0.006

Gender -0.124 0.392 -0.32 0.752

Household size -0.065 0.08 -0.81 0.419

Education -0.125* 0.064 -1.94 0.052

Farming experience -0.142*** 0.021 -6.71 0.000

Group membership -0.598* 0.325 -2.96 0.066

Credit access -0.973*** 0.329 -2.96 0.003

Extension access 0.066*** 0.025 2.71 0.007

Market access -0.013 0.029 -0.44 0.658

Off-farm income 0.012*** 0.004 2.63 0.008

_cons 4.411*** 1.336 3.30 0.001

sigma_v (𝜎𝑣) 0.095** 0.014

Notes titles *** p<0.01, ** p<0.05, * p<0.1
Gamma (γ), the variance ratio is derived from {σμ2/(σμ2+σv2)}  or {σμ2/σ2}

The estimation of maximum likelihood in the overall model in 
equations 8 and 9 reveals that the had a log-likelihood value 
of -8.114 and the Wald Chi2 was 468.51, which was strongly 
significant (p<0.01) at 1% level. The significance of Wald Chi2 
displays the precision of model specification demonstrating the 
joint capability of the explanatory variables in explaining the 
variations in rice yield. 

Inefficiencies in the model were proved by the value of γ, which 
infers that 96.16% of the disparities in rice yield originated 
from technical inefficiency. The value of γ also supports the 
null hypothesis (H0: γ=0) rejection that assumes an absence of 
inefficiencies in the SFA model, which reduces it to OLS. The 
Likelihood-ratio test had a value of 282.385, which verified the 
presence of rice production technical inefficiency in East African 
wetlands since it was significantly different from zero (p=0.000).

Production factors influencing rice yield

The findings from Table 5 show that land was a strong positive 
determinant of rice yield within the Kilombero wetland 
(p<0.01). These findings coincide with those reported by Kadiri 
et al., (2014) in Nigeria’s Niger Delta region for paddy rice 
farming and Islam & Kalita, (2016) in the West Garo district 
of Meghalaya state (India) for wetland rice cultivation. The 
findings indicate that Kilombero wetland is underused, which 
means that rice farmers have room to expand their output as they 
have only utilized 32% of the total farm sizes. It also suggests 
that initiatives such as the SAGCOT project’s Kilombero cluster 
will implement the expansion of rice production in Kilombero 
wetland sustainably because the wetland is not overused. The 
sustainability of wetlands requires reduced drainage from the 
expansion of agricultural lands into the wetland while operating 
on the highest production frontier (Kyalo & Heckelei, 2018).
Both planting and topdressing fertilizers were strongly 
influencing rice yield and were underused (p<0.01). These 
revelations concurred with the findings of Kadiri et al. (2014) 
and Oumarou & Huiqiu, (2016) for rice production in Niger 
Delta and South-western Niger regions of Nigeria respectively. 
There is therefore room to attain maximum rice productivity 
by increasing both planting and topdressing fertilizers. This 
is because 1% increase in planting and topdressing fertilizers 
will increase rice yield by 0.17% and 0.07% respectively. 
Addressing the use of fertilizers to the optimal levels can be 
a strategy for increasing rice yield on smaller wetland farms 
while reducing the threat of wetland existence due to rampant 
encroachment. 
Labor was a significant negative determinant of yield (p<0.05). 
Such findings coincide with those of (Yang, Mugera, & 
Zhang, 2016). The current results show overuse of manpower 
was allocated than required in making and maintaining of 
canals as well as engaging in rice production activities. Extra 
manpower can be used in off-farm activities to boost farmers 
capability to purchase inputs that will improve the yields. 
An increase in efficiency means that extra manpower may 
be allocated elsewhere off the rice production enterprise for 
a diversity of livelihood. 
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Distribution of efficiency scores among rice farmers 

Fig 1 shows that the majority (40.7%) of rice farmers had 
efficiency scores ranging from 75-100% levels. The mean, 
highest, and lowest scores were 60.54%, 96.59%, and 3.13% 
respectively. The mean efficiency was close to 62.6% and 
61% obtained by Kadiri et al. (2014) and Onyenweaku & 
Ohajianya (2005) for rice producers in Niger Delta and the 
Ebonyi state of Nigeria respectively. A rice farmer with at the 
mean efficiency (60.54%) would reduce inputs proportionally 
up to 37.29% as given by [(1-(60.54/96.59)) x 100], to operate 
on the wetland’s best frontier of 96.59% TE.

Figure 1: Efficiency distribution among rice farmers by percentage

Less than half of the sampled farmers had TE below 50% 
perhaps due to the availability of water that cushions them 
from the risks that emanate from water scarcity. They also 
have room to improve their efficiency especially if they 
address the issues related to the usage of other production 
and non-production factors.

Determinants of efficiency among rice farmers 

Age reduced technical inefficiency significantly (p<0.01) by 
4.2%. This is this infers that older rice farmers in the wetland 
were more efficient compared to their younger counterparts. 
As farmers grow older, they advance their agricultural skills 
and can make decisive farming verdicts regarding efficient 
inputs use (Dessale, 2019; Mengui, Oh, & Lee, 2019). The 
accumulated skills and knowledge combined physical capability 
which gives older farmers the advantage of accepting new 
technologies over their younger counterparts. Additionally, 
farming experience (p<0.01) and formal education (p<0.1) in 
the Kilombero wetland had a significantly negative influence 
on inefficiency. More educated farmers are thus efficient 
as they may have gained the ability to utilize the available 
agricultural information and technologies (Ahmed, Haji, & 
Geta, 2013; Thabethe & Mungatana, 2014; Dessale, 2019). 
Regarding farming experience, an extra year expended on 
rice production gave farmers in the wetland a prospect to 
significantly raise their efficiency by 14.2%. Oumarou and 
Huiqiu (2016) elucidated that farmers with several years of 
planting a certain crop can forecast precisely when to plant, 
the suitable cropping materials, and types and amounts of 
production inputs. They may also be knowledgeable about 
various wetland conservation activities.

Credit access (p<0.01) and belonging to organized groups (p<0.1) 
and negatively influenced inefficiency among rice farmers 
in Kilombero wetland. Ahmed and Melesse (2018) explained 
that group membership especially in cooperatives positively 
determined participation of farmers in off-farm activities which 
eventually influence efficiency positively. Wetland rice farmers 
in farmer associations or groups can access linkage to product 
markets, agricultural training, and input credits among others. 
This improves their productivity due to the proper and efficient 
allocation of resources. Group membership may also increase 
farmers’ chances of engaging in collective action on wetland 
conservation activities. Regarding credit access, Ahmed et 
al. (2015) and Haile (2015) also found credit access being a 
positive determinant of efficiency. Sibiko (2012) explained that 
agricultural credit increases the farmer’s capacity to afford yield-
improving inputs, for instance, improved seeds, fertilizers, and 
labor-saving inputs such as herbicides. 

Long distances to the extension service provider and off-
farm income positively influenced technical inefficiency 
(p<0.01). Longer distances negatively influence efficiency 
especially when rice farms are in areas where feeder roads 
are impenetrable and thus it becomes hard for the extension 
officers to make a considerable number of official visits to 
farms. The findings of off-farm income concur with those 
by Tolga et al. (2009) for rice production in Turkey but 
contradict those by Malinga et al. (2015) and Wakili & Isa 
(2015) who found off-farm income to influence efficiency 
positively. Islam et al. (2012) explained off-farm income rises 
the farmers’ likelihood of adopting new technologies such as 
improved seeds faster than their counterparts are. However, 
in the current study we borrow the explanation of Tolga et 
al., (2009) that as people earn higher off-farm income, they 
are likely to spend less time in agriculture as they venture 
into non-agricultural and less risky enterprises. 

CONCLUSIONS AND POLICY IMPLICATIONS

The land was the key factor that influenced rice yield which 
is underused, and as such, expansion of rice production in 
Kilombero wetland is possible without threatening the wetlands’ 
existence considering other production inputs. This is because 
the general farm sizes in Kilombero wetland were less than 
50% utilized. This as well buttresses the sustainability in the 
expansion of rice production particularly in the Tanzanian 
government’s schemes like the Southern Agricultural Growth 
Corridor of Tanzania (SAGCOT) program that will see the 
expansion of rice production within the Kilombero wetland. 
Farmers that are formally educated and were members of 
organized groups had prospects of maximizing their efficiency. 
Longer distances to the nearest extension service providers 
were detrimental to farmers’ efficiency. Off-farm income 
caused rice producers to concentrate less on the enterprise. 

The study recommends that government and other stakeholders 
to ensure that rice farmers are up-to-date with optimal 
use of fertilizers in rice production since it will assist in 

  

16,6

19,3

23,4

40,7

0 5 10 15 20 25 30 35 40 45

0-0.24

0.25-0.49

0.5-0.74

0.75-1

% of farmers

Te
ch

ni
ca

l e
ff

ic
ie

nc
y 



84 Philip Kamau, Daniel Willy, Lucy Ngare

APSTRACT Vol. 14. Number 3-4. 2020. pages 77-88. ISSN 1789-7874

improving rice yield as the rate of expansion of rice lands 
in the wetlands lowers. Action must, therefore, be taken to 
guarantee the accessibility of extension services among rice 
farmers. The extension officers should encourage farmers 
with high off-farm income to capitalize on their capacity to 
afford yield-enhancing inputs to create a stable rice enterprise. 
The government policies should encourage rice farmers, 
irrespective of their age to enroll in technical and vocational 
courses related to gain a formal education. Formal education 
will guarantee an increase in farmers’ technical efficiency 
as they will be able to understand different aspects of rice 
production due to smooth interactions with extension officers. 
Policy implementers ought to establish programs that inspire 
rice farmers to exploit farmer groups to take full advantage of 
their potential efficiency and might participate in community 
development activities.
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