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Abstract: Rice has become the most rapidly growing staple food crop in Nigeria. Despite the country
favorable rice production ecology, there is still a huge gap between domestic rice production and
consumption patterns. This study uses a two-step stochastic metafrontier model to estimate the
performance of rice farms from 2010 to 2019, considering the differences between the North and
South rice farms. The results indicate heterogeneity in production technology across farms located
in different regions, and that both regions have low technical efficiency. However, Nigeria’s South
rice farms were ranked better based on managerial issues rather than technological gaps. To attain
self-sufficiency in rice production as proposed in its national plan, there is room for improvement of
technical efficiency and output production at current production levels in the country’s rice farms.
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1. Introduction

Rice has become the most rapidly growing food crop in Nigeria [1–4]. However, the
literature reflects a massive gap between domestic rice production and consumption [5–7]. For
instance, Nigeria produced between 2.8 to 3.8 million tons of rice from 2010 to 2018 [8,9]. On
the other hand, domestic demand rose by 4% to hit 6.7 million tonnes during the 2017/18
season [10,11]. This imbalance in domestic rice production has resulted in a significant rice
import surplus, making the country a top rice importer [12–15].

Nigeria, however, has potential agricultural capacity with favorable ecologies for
rice cultivation, virtually having all rice-growing ecosystems [16]. Thus, the country’s
inability to match its domestic demand has raised several concerns in the policy circle and
among researchers. One of the principal explanations for this problem in the literature is the
persistently low efficiency of inputs and the lack of modern agricultural technologies [7,17,18].
Increasing domestic rice production was included in Nigeria’s Economic Recovery and
Growth Plan (ERGP) of 2017 to demonstrate further the importance of efficient resource
utilization in rice production [19,20]. Uninterrupted productivity growth remains a key
policy objective for the country’s rice self-sufficiency goal.

Little evidence exists on the growth performance of rice farms in sub-Saharan Africa.
The number of extant studies has only focused on the technical efficiency of rice farms
using cross-sectional data [7,21–23]. These studies have shown that technical efficiency in
rice farms was as high as 0.55–0.86, even though rice yields were low [7,22,23]. However,
Schmidt and Sickles [24] exposed several flaws in using cross-sectional models. First, the
maximum likelihood method used to estimate the parameters and inefficiency depends
on noisy distribution assumptions due to heteroscedasticity [25]. Second, technical inef-
ficiency must be independent of the regressors, which is implausible if farms maximize
profit and understand inefficiency [26]. Lastly, the model allows bias to affect results and
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cannot measure incidence; therefore, it cannot analyze behavior over time. In other words,
estimation results based on cross-sectional data may be misleading. However, the panel
model can relax some of the cross-sectional model distribution assumptions, allowing us to
obtain efficiency estimates with more acceptable statistical properties [25,27].

We focus on two major research questions. First, we assess rice farms’ technical
efficiency and dynamics in Nigeria, the largest rice-producing country in sub-Saharan
Africa [28]. The availability of long-term farm-level data provides a unique opportunity for
such analysis. Second, we explore the technological differences between Nigeria’s North
and South rice farms using the stochastic metafrontier framework. We compare regional
productivity and heterogeneity to examine whether economic growth convergence and
regional movement toward the national production frontier exist. This regional productivity
comparison has important implications for agricultural development or policy framework
functioning, which are not yet well understood. Oseni et al. [29] argued that apparent
differences exist between North and South Nigeria’s agricultural production. For instance,
the northern region of Nigeria has been the main rice area given its climate and land
abundance, accounting for 70% of the country’s rice [3]. Farms located in the Southern
region are substantially smaller than those in the North. No study has illustrated how this
difference affects rice farms in the country, and we fill this gap in the present study.

This study contributes to the literature in two ways. First, we employ nationally repre-
sentative panel data, a paucity in this literature, which helps us improve our findings in
terms of external validity. Most rice farm technical efficiency studies rely on cross-sectional
data collected from a few purposefully selected farms in very narrow geographical areas
throughout Nigeria [7,22,23,30–32]. To the best of our knowledge, no study has used nation-
ally representative panel data from Nigeria. To better understand the growth performance
of rice farms in Nigeria, which have a wide range of natural resources available to farmers,
high levels of human capital, and significant regional heterogeneity in geographical condi-
tions favorable to rice production [12,33]. In contrast to previous studies, we found low
technical efficiency in Nigerian rice farms.

Second, this study contributes to the growing literature on the regional differential
gap in rice production by testing whether rice farms in Nigeria’s North and South regions
adopt the same production technology. We employed the two-step stochastic metafrontier
production (SFP) approach proposed by Huang et al. [34], which allows the statistical
properties necessary to draw statistical inferences from the model. To the best of our knowl-
edge, this study is the first to use this new approach in rice farms. Earlier production and
efficiency studies on rice production in Nigeria focused on estimating technical efficiency
by assuming homogenous technology across farms [7,23,32,35]. However, our estimation
results show that the production techniques employed by the rice farms located in the
North are significantly different from those in the South.

The remainder of this paper is organized as follows. Section 2 briefly describes the
stochastic metafrontier production function, data, and descriptive statistics. Section 3
discusses the empirical results. Section 4 concludes the paper with a discussion of the
implications of our findings.

2. Methodology
2.1. Stochastic Metafrontier Approach

In this study, we employ stochastic frontier analysis, which has been widely used
in many studies, to measure the technological gaps between the observed and potential
output that each region of rice farms could produce to the most reference productive
frontier [36,37]. The classic stochastic frontier analysis introduced by Aigner et al. [38]
and Meeusen and van Den Broeck [39] assume homogeneous technology for all firms.
However, when heterogeneous technologies are present for different groups of firms in the
sample, the estimation of production technology and inefficiency can be misleading [25].
Battese et al. [40] and O’Donnell et al. [41] suggested a two-step production approach
to address such challenges. The main feature of their method is that firms are first to
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split into different groups based on some a priori sample separation information, such as
various types, ownership, and locations. Once such a classification has been made, separate
analyses for each specific group are performed. Inefficiency is then estimated relative to the
group-specific frontier, and the difference in technology frontiers across groups is viewed
as the technology gap [25,41]. Metafrontier production analysis has been widely used in
similar studies [22,34,40,42–44].

Rice farms are split into Northern and Southern regions of the country, given that
these two regions adopt heterogeneous production technology because of regional features,
such as natural resources and environmental and climatic factors [29]. As a result of these
constraints, farms in particular regions would be unable to use an ideal input–output
allocation that would theoretically be possible given the overall technology available in
the Nigerian rice industry [41]. The first step was to estimate the group-specific stochastic
frontier using the approach described by Battese et al. [40] and O’Donnell et al. [41]. We
employed the Huang et al. [34] method to estimate the second step, which allows the
statistical properties necessary to draw a statistical inference.

A group-specific stochastic production frontier is formulated as:

Yjit = f j
t

(
Xmjit, βj

)
evjit−ujit , j = South, North; i = 1, 2, . . . , Nj; t = 1, 2, . . . , T (1)

According to Equation (1), Yjit signifies the total production in kilograms for each
rice farm in the group at the tth period, Xmjit represents the mth explanatory variable, and

βj represents the m × 1 unknown parameters that are common to all technologies. f j
t (. )

represents the assumed functional form of the production frontier subscripted by t and
j, which denotes that individual group-specific production technology may vary across
groups and time.

According to Battese and Coelli [45], the technical inefficiency ujit and random errors
vjit, the statistical noise is assumed to be independently and identically distributed. Al-
though many distributional assumptions have been proposed for inefficiency terms in the
SFP literature, we employ the Wang [46] specification of error term distributions:

ujit ∼ N+
(
µj(Zjit

)
, σ

2j
u
(
Zjit
)
)

vjit ∼ N
(

0, σ
2j
V

) (2)

In Equation (2), Zjit represents a set of explanatory variables that may affect farm
efficiency performance, and µj denotes the vector of parameters related to the inefficiency
effects with distributions that vary with Zit; as a result, they are no longer dispersed
uniformly between farms.

The maximum likelihood technique can simultaneously estimate Equations (1) and (2) [45].
After estimating the region-specific frontier using Equations (1) and (2), a farm’s technical
efficiency (TE) is defined as:

T̂E
j
it =

Yjit

f j
(
Xjit
)
eVjit

= e−Ujit (3)

where Xjit denotes the input vector of the ith farm in the jth group, Yjit denotes the observed

output produced by the rice farm ith in the jth group, and TEj
it is the technical efficiency of

the ith firm in the jth group.
Following Huang et al. [34], the metafrontier f M

t
(
Xjit
)

by definition envelops all

individual groups′ frontier f j
t
(
Xjit
)
. Given the SFP estimates of the groups in Equation (1)

from the first step, the estimation error of the group-specific frontier is expressed as:

ln f̂ j
t
(
Xjit
)
= ln f j

t
(
Xjit
)
= ε jit − ε̂ jit (4)
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In Equation (4), the estimation error is UM
jit = ε jit − ε̂ jit, and the relationship between

the group-specific frontiers ln f j
t
(
Xjit
)

and the metafrontier is expressed as:

ln f̂ j
t
(
Xjit
)
= ln f M

t
(
Xjit
)
−UM

jit + VM
jit , ∀i, t, j = 1, 2, . . . , J (5)

where the symmetric error VM
jit represents the noise that represents the deviation between

ln f̂ j
t
(
Xji
)

and ln f j
t
(
Xji
)
. The non-negative technology gap component UM

jit ≥ 0 is assumed

to be truncatedly distributed—normal and independent of VM
jit .

According to Chang et al. [42], the two-step stochastic frontier approach enables the
estimated group-specific frontier to be either smaller than or equal to the metafrontier
because of the error VM

jit in Equation (5). The ratio of the jth group’s production frontier
to the metafrontier can be defined as the technology gap ratio (TGR), which is estimated
according to the following formula:

T̂GR
j
it = Ê

(
e−UM

jit
∣∣∣ε̂M

jit

)
≤ 1 (6)

where ∈̂M
jit = ln f̂ j

t
(
Xjit
)
− ln f M

t
(
Xjit
)

are the estimated composite residuals of Equation (5).
The metafrontier technical efficiency (MTE) measures how distant each farm is from the
metafrontier, and is computed as the product of the two previous measures:

M̂TE
j
it = TĜRj

it × TEj
it (7)

In summary, the method of estimating the second step was the main difference between
the Huang et al. [34] two-step stochastic approach and those proposed by Battese et al. [40]
and O’Donnell et al. [41]. The model by Huang et al. [34] was estimated in the second
step using a stochastic metafrontier, whereas those by Battese et al. [40] and O’Donnell
et al. [41] were calculated using a deterministic programming technique. The random error
VM

ji is allowed in the Huang et al. [34] model so that the calculated TGR in Equation (5) is
separated from random shocks. Statistical inferences can also be drawn from Equation (6)
estimates using the maximum likelihood technique.

2.2. Empirical Model

The metafrontier approach employed in this study determines the relationship be-
tween a consistent set of output and input variables across the two regions within the
sample period from 2011 to 2018. Owing to the well-known flexibility with which they
present technology, the production functions stated in Equations (1) and (2) are considered
to have a translog functional form, yielding the expression described in Equation (8). In
addition, a time trend and its interactions with inputs are incorporated to account for
technical changes. The function is expressed as follows:

lnYit = β0 +
J

∑
j=1

β jlnXjit + 1/2
J

∑
j=1

K
∑

k=1
β jklnXijtlnXikt + τtt + 1/2τttt2 +

J
∑

j=1
τjttlnXijt −Ujit + Vjit

Ujit = α0 + α1education + α2householdsize + α3age + α4age2 + α5t
(8)

where Yit is the total output of rice produced by household i in years = 2010, 2013, 2015,
and 2019; Xit is the vector of inputs (land, labor, capital, and seed); t is the time trend; β
and τ are the parameter to be estimated; i denotes farms; j denotes North and South rice
farm plots; Vit ∼ iiN

(
0, σ2

v
)
; and Ujit ∼ N+

(
γ′Zit, σ2

u
)
. This study follows the two-step

stochastic frontier approach to estimate the metafrontier analysis proposed by Huang
et al. [34].

Following prior research aimed at evaluating rice farm production functions
(e.g., [7,22,43,47–50], this study defines the output variable as the total output of rice
produced by the household. We used the following inputs in this study: farm size (X1),
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own and hired labor hours (X2), cost of capital (X3), and quantity of seed used in kilograms
(X4). Rice seeds are usually broadcast in the study area [31,51], making them important
for rice production. We excluded fertilizers and pesticides because most rice farms did not
use them, resulting in missing values. We used the household head’s years of education
and age, the total number of household members, and time as variables that affect farming
household efficiency.

2.3. Data and Descriptive Statistics

This study used the General Household Survey-Panel (GHS-Panel) data from 2010
to 2019. The GHS-Panel dataset was conducted by the World Bank Living Standard
Measurement Study—Integrated Surveys on Agriculture (LSMS-ISA) in partnership with
the National Bureau of Statistics (NBS), which is a national, zonal, and rural/urban level
representative of Nigeria. The GHS-Panel aims to improve agricultural data collection
in Nigeria by disaggregating crop, plot, and household data. The survey covered over
50 crops commonly grown in Nigeria, of which cassava, maize, cowpea, sorghum, millet,
yam, and rice were the major crops. The data and documentation are freely available online
(For information on the LSMS-ISA project and links to the data, see https://microdata.
worldbank.org/index.php/catalog/3557 (accessed 20 January 2022)).

The GHS-Panel sample is a two-stage probability sample. The first wave (2010/11)
sample size consists of approximately 5000 households covering all 36 states in the country
and Abuja’s Federal Capital Territory [52]. The survey implementer tracked the initial sam-
ple during the second and third waves, including those who had migrated to a known loca-
tion. After three consecutive visits to the same households, a partial new GHS-Panel sample
was implemented in wave 4. The new household selection consists of 3600 new households
and approximately 1500 from the original 5000 GHS-Panel households since 2010.

The number of observations in the analysis is presented in Table 1. Approximately
88% of the rice farms are located in the Northern part, while the remaining 12% are in the
Southern region. Hence, the Northern part accounts for the bulk of rice farming plots in
the country. This result is in line with the national statistics figure, which shows that less
than 30% of rice is produced in the South [3]. The sampled rice farmers used in this study
were nationally representative of rice farms in Nigeria.

Table 1. Number of observations by year.

Observations North South Pool

2018–2019 444 55 499
2015–2016 252 27 279
2012–2013 232 36 268
2010–2011 268 44 312

Total 1196 162 1358

Table 2 presents descriptive statistics of the North and South sample data variables.
During the sample period, rice farms in the South had higher productivity; on average,
they produced close to twice as much rice as their North counterparts (row 1). Concerning
input factors, the rice farms located in the South consume more of every input except
for land. For instance, as shown in the second row, the North rice farms have a larger
farm size (1.907 Ha), approximately twice larger than that of the South (0.898 Ha). These
results align with other studies, which suggest that the average farm in the Northern part
of Nigeria is substantially larger [29]. In other words, the average yield per hectare of the
South (2415.6/0.898 = 2689.9 kg/ha) is more than three times higher than that of the North
(1355.0/1.907 = 710.5 kg/ha). The average number of annual man/h in the rice farms in
the South is 2702.27 man/h, which exceeds the North’s annual man/h of 1785.119 man/h.

https://microdata.worldbank.org/index.php/catalog/3557
https://microdata.worldbank.org/index.php/catalog/3557
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Table 2. Descriptive statistics of farm characteristics, 2010–2019.

Notation North South Pooled Sample

Production frontier variables
Total output (Kg) Y 1353.845 2415.558 1480.500

Land (Ha) X1 1.907 0.898 1.787
Labor (AMH) X2 1785.237 2702.270 1894.632

Seed (Kg) X3 76.522 101.323 79.480
Capital (Naira) X4 4502.601 4612.228 4515.679

Technical efficiency drivers
Household head education (years) Z1 4.671 5.074 4.719

Household size (number) Z2 7.988 7.451 7.924
Age (years) Z3 46.397 52.377 47.112

Note: AMH means annual man per hour.

Similarly, rice farms in the South consume more seeds than their Northern counterparts.
The traditional puddled transplantation system for rice cultivation is dominant in the North.
Upland rice is the most commonly grown rice variety in the South, where seed broadcasting
is common [29,51]. The average household size in the North is larger than that in the South,
but with less education. This result is consistent with those of previous studies [29,53].

3. Estimation Result
3.1. Production Frontier Estimate and Specification Test

We begin our empirical analysis using two tests, following Sharp and Sharp [54] and
Sipiläinen et al. [55]. First, we tested the null hypothesis of no skewness of the composed
error using the Coelli [56] and Schmidt and Lin [57] tests. The skewness statistic values from
the Coelli [56] and Schmidt and Lin [57] tests are negative (101.94 and −9.082, respectively)
with p-values less than 0.01, which validates the production function. Therefore, the null
hypothesis of no skewness is rejected. In other words, there is inefficiency, and the stochastic
frontier model is appropriate.

Second, we tested the null hypothesis of whether rice farms in the North and South
adopt the same production technology. This test is critical because if it is true, it is unnec-
essary to use the two-step method to estimate the metafrontier [34]. Hence, the technical
efficiency estimates of both regions can be compared directly. The likelihood ratio was
3749.952, which is significant at the 1% level with 38 degrees of freedom. Therefore, the
null hypothesis that North and South rice farmers utilize the same technology is ruled
out by the Kodde and Palm critical value of 60.566, with 38 degrees of freedom, at the 1%
confidence level [58]. In other words, a two-step approach to estimate the metafrontier
is appropriate.

Table 3 presents the estimation results for region-specific (North and South) rice farms
and the metafrontier production function. The linear, quadratic, and interaction terms of the
(log) input variables are included in the translog production function. The Cobb–Douglas
specification was rejected in favor of a more general specification of the translog function
using a likelihood ratio test of 83.21 at a 1% significant level. As expected, most metafrontier
input variables are significant, as shown in Table 3, which indicates that the production
function is well fitted.

According to Kumbhakar et al. [25], time (t) must appear in the inefficiency function
to capture the technical changes. The estimated coefficient for the year trend is negative
and significant for both regions, implying a nontechnological change effect that diminishes
over time. For instance, the output declines at a 5.67% yearly rate in the South (row 26 and
column 3), which results in an average change in rice production of 51% for the sample
period under consideration. Returns to scale (RTS), the percentage change in output caused
by a proportional increase in the utilization of all inputs, are less than 1 in both regions.
This result implies that both regions exhibit decreasing returns to scale. For example, if we
double the number of inputs, we would obtain less than twice as much output.
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Table 3. Parameter estimates of group-specific and metafrontier production frontier.

Variable North South Pooled
Coefficient SE Coefficient SE Coefficient SE

Production frontier drivers
Constant 5.659 *** 1.669 18.266 *** 6.677 6.494 *** 0.315

Land X1 −0.375 0.260 0.814 ** 0.388 −0.344 *** 0.081
Labor X2 0.156 0.224 −0.454 0.774 0.131 *** 0.046

Capital X3 0.417 0.344 −0.882 1.549 0.400 *** 0.053
Seed X4 −0.094 0.212 −0.925 * 0.531 −0.228 *** 0.061
Time t −0.892 *** 0.332 −4.341 *** 0.772 −1.121 *** 0.075

Land2 X11 0.013 0.018 0.103 ** 0.044 0.035 *** 0.010
Labor2 X22 0.013 0.014 0.099 ** 0.040 0.017 *** 0.003

Capital2 X33 0.014 0.022 0.080 0.108 0.019 *** 0.003
Seed2 X44 0.043 *** 0.016 0.163 *** 0.047 0.053 *** 0.005
Time2 t2 0.101 * 0.055 0.351 *** 0.125 0.115 *** 0.008

Land x labor X12 0.024 0.024 0.042 0.040 0.045 *** 0.008
Land x capital X13 0.012 0.028 −0.200 *** 0.050 −0.012 0.012
Land x seed X14 0.052 ** 0.024 −0.044 0.029 0.028 ** 0.013

Labor x capital X23 −0.064 *** 0.021 −0.123 0.086 −0.073 *** 0.004
Labor x seed X24 0.018 0.018 −0.009 0.054 0.016 *** 0.005

Capital x seed X34 −0.019 0.020 −0.045 0.056 −0.012 ** 0.005
Land x time X1t 0.012 0.028 0.260 *** 0.050 0.046 *** 0.011
Labor x time X2t 0.037 0.023 0.047 0.063 0.050 *** 0.005

Capital x time X3t 0.011 0.024 0.229 ** 0.114 0.012 *** 0.005
Seed x time X4t 0.017 0.020 0.137 *** 0.051 0.024 *** 0.005

Technical efficiency drivers
Household head education (years) Z1 −0.058 0.068 0.158 0.169 0.090 0.116

Household size (number) Z2 0.127 0.179 −0.650 * 0.341 0.659 0.560
Age (years) Z3 −0.715 4.691 −15.339 12.772 −1.289 8.880

Age squared (years) Z4 −0.043 0.614 1.916 1.642 0.097 1.202
Time t −0.477 *** 0.110 −0.510 *** 0.175 −0.462 ** 0.193

Variance
Household head education (years) Z1 0.008 0.102 0.094 0.320 0.582 *** 0.161

Household size (number) Z2 −0.072 0.238 0.332 0.657 −1.306 *** 0.361
Age (years) Z3 −22.847 ** 10.821 157.182 *** 57.265 −1.090 11.453

Age squared (years) Z4 −2.878 ** 1.407 −20.125 *** 7.211 0.473 1.504
Time t 0.315 ** 0.145 −2.275 *** 0.594 0.617 *** 0.103

Log-likelihood 1768.952 241.421 135.397

Notes: Asterisks indicate significance at the 1% (***), 5% (**), and 10% (*) levels.

The coefficient estimate of household size in the inefficiency function is statistically
significant at the 1% level in the South (lower panel, Table 3). These results imply that
an increase in the number of household members increases technical efficiency in the
South. However, household size’s effect on rice’s technical efficiency is mixed. Okoruwa
and Ogundele [7] found a negative relationship between household size and technical
efficiency. By contrast, Al-hassan [59] found a positive association between household size
and technical efficiency in Ghana. The insignificant effect of the household size in the North
may be due to household size’s low quality and capabilities [60].

3.2. Various Efficiency Measures

Table 4 presents the efficiency measures obtained for each region between 2010 and
2019. As shown in panel a of Table 4, the technical efficiency estimates show how close
farms are to their frontiers. As shown in the first row, the average values of TE in the
Southern (0.378) and Northern regions (0.418) were relatively low. These findings imply
that the highest production a rice farm can produce using its inputs is, on average, only
around 37.8% of the maximum output that could be achieved in the South using the same
resources and technology. Our results show that, in general, Nigerian rice farms appear to
have room to grow at current levels of input utilization.
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Table 4. Summary statistics for the technological gap ratio (TGR) and the technical efficiencies
obtained from the region-specific stochastic frontiers and the metafrontier production function.

North South Pooled

a. Technical efficiency estimates
Mean 0.378 0.418 0.383

Standard dev. 0.214 0.271 0.222
Minimum 0.009 0.001 0.009
Maximum 0.856 0.997 0.997

b. Technological gap ratio estimates
Mean 0.882 0.816 0.874

Standard dev. 0.044 0.138 0.067
Minimum 0.558 0.303 0.303
Maximum 0.968 0.988 0.988

c. Metafrontier technical efficiency estimates
Mean 0.333 0.339 0.333

Standard dev. 0.188 0.231 0.231
Minimum 0.007 0.001 0.001
Maximum 0.817 0.924 0.924

Our findings contradict previous studies showing that Nigerian rice farms’ technical
efficiency is very high (for example, [7,32,35]). Okoruwa and Ogundele [7] showed that
the average TE of rice was as high as 90%. They indicated that there is little opportunity to
increase efficiency among the rice farms despite the average country yield of 1.2 tons per
hectare, far behind the 6.2 tons per hectare in China [61,62]. The low TE found in this study
is expected because most Nigerian rice farmers rely heavily on traditional technology with
low use of modern inputs, such as fertilizers and improved varieties [12,30,31,63].

There is a gap between each region’s production technology and the metafrontier,
as shown by the TGR values in panel b of Table 4. According to the TGR, the difference
between rice farms in the regions and those near the metafrontier was relatively small. On
average, rice farms located in the North have a technological advantage over those in the
South. For instance, rice farms in the North produce approximately 88.2% of their potential
output, given the overall technology available in the Nigerian rice industry. In contrast,
rice farms in the South have an average of approximately 81.6% of their potential output.
The mean difference for both TGR values is statistically significant with the Kruskal–Wallis
equality of populations, with a rank test chi-squared value of 28.042 with a p-value of
0.0001. This result indicates that the production techniques employed by the rice farm
located in the North were superior to those in the South.

The difference between the North and the South in technology adoption is consistent
with reality. As discussed in Section 3, transplanting is widely used in the North, whereas
direct seeding is more common in the South. In addition, the farm size in the North is
larger than in the South. Because of these considerable spatial variations in geographical,
climatic, and human capital levels, Oseni et al. [29] argued that the North–South production
difference should be addressed for agricultural policy formulation. This study also confirms
that the estimation results based on homogenous technology across farms in Nigeria might
be misleading.

As shown in panel c of Table 4, both regions achieved substantially smaller values
than those calculated from their respective group-specific frontiers. However, there were
no differences between the North TE and its MTE because of its high TGR. In contrast, the
differences in the magnitude of region-specific average technical efficiency and the average
MTE in the South closely followed the region-specific technical efficiency scores instead of
the TGR. This result suggests that technology adoption and managerial issues affect the
actual yield in the study area [34].

Figure 1 illustrates the mean values of region TE, TGR, and MTE in the North and
South over time. Despite the steady TGR in the North, the TE declined from 2010 to
2019. This pattern may be due to the insecurity situation—Boko Haram has made farming
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activities in the region unstable [64,65]. In contrast, the average South efficiency score
fluctuated. This diminishing trend in South rice farms’ technical efficiency follows most
input trends over time, as shown in Figure 2.
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Table 5 presents a detailed breakdown of the various efficiency measures by subregion
within the North and South over the sample period. The average Northern subregion TE,
TGR, and MTE were mostly the same. There were also no significant differences among
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the Southern subregions. However, the rice farms in the South East have the highest TE
estimates (44.7%) and average MTE (37.5%) averaged, which is higher than the region’s
overall average.

Table 5. Subregional sample average TE, TGR, and MTE.

TE TGR MTE Observations

North subregion
North Central 0.347 0.883 0.305 201

North East 0.383 0.884 0.337 240
North West 0.402 0.878 0.353 121

South subregion
South East 0.447 0.843 0.375 113

South South 0.356 0.732 0.250 38
South West 0.327 0.824 0.279 11

4. Conclusions and Policy Implications

Rice has become one of the major staple foods in Nigeria, but the local production
is probably low due to low technical efficiency, among other factors. As a result, Nigeria
has become the highest rice importer in SSA. In an attempt to reduce importation, self-
sufficiency in rice production has become a priority policy. In this study, we focus on
the performance of rice farms in Nigeria, comparing the difference between the Northern
and Southern regions. Our national representative panel data analysis shows that rice
farms in the South use more selected input variables, such as labor and seeds, than the
North, whereas the North has a comparatively larger rice farm and household size. The
estimation results from the stochastic metafrontier approach show that both regions exhibit
low technical efficiency in relation to their respective frontiers. The metafrontier technical
efficiency score demonstrated that the performances of rice farms in the North and South
are relatively close, although that of the North is higher due to their superior technology.
The time trends of technical efficiency score and technology provide more evidence for
the accuracy of the above results. Our findings suggest that the problems in the North are
managerially induced, while those in the South are more technologically induced.

Our findings have several implications. First, the metafrontier analysis shows that
both regions have low TE in their respective frontiers. Additionally, region-specific techni-
cal efficiency estimates indicate that, on average, improvement in technical efficiency could
increase rice production beyond the current production level in both regions. Therefore,
agricultural planners and policymakers must take cognizance of the allowance for im-
provement in technical efficiency while considering policies for increased rice production.
Second, although the significant TGR estimates indicate that both regions operate close to
the given overall technology available in the Nigerian rice industry, shifting the national
rice production frontier by adopting improved technologies is an important economic
policy framework. Extension services targeted at rice farmers should consider improving
technologies that will culminate in increased rice production while taking cognizance of
the key role of economic incentives.

Our study is not without limitations. Technical fluctuations were observed in both
regions throughout the study period. This influx can be ascribed to shifts in agricultural
policies and unfavorable trends in agricultural commodity prices. Unfortunately, none
of these are captured in our study. We recommend incorporating these factors into the
performance estimation of rice production, which would be a worthwhile topic for future
research. In addition, even though this study is based on national representative panel data,
some unique questions about technology adoption and technical efficiency (e.g., variety
of seed, number of years of planting a variety) are not recorded. If this information were
available, we would be able to propose more specific policy implications.
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