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allow the effects of inputs on the deterministic component of production to differ
from their effects on the stochastic element
of output (Battese and Coelli, 1995;
Karagiannis and Tzouvelekas, 2003; Wallace
and Newman, 1986). Since inputs can either
increase or decrease output variability, the
use of the stochastic frontier specification
of input–output response has been introduced to correctly capture this effect. The
stochastic frontier specification incorporates models for the estimation of technical
inefficiency effects and simultaneously estimate all the parameters involved (Alene et
al., 2006; Kumbhakar, 2002; Bauer, 1990).
This is the methodology adopted in this
study. The technique assumes that, for a
given combination of inputs, the maximum
attainable production by a firm is delimited
from above by a parametric function of
known inputs involving unknown parameters and a measurement error. The more
distant actual production is from this stochastic frontier, the greater a firm’s technical inefficiency. Also, the stochastic estimations incorporate a measure of random error; this involves the estimation of a stochastic production frontier, where the output of a firm is a function of a set of inputs,
inefficiency and random error.
The assumption that technical efficiency is
constant through time is very strong in operating environments that are competitive.
However, in a developing market economy
there is the need to relax this rule as technical efficiency cannot remain constant over
time. Also, considering the fact that the industry is in a state of flux; and no individual
firm can be said to be operating at a technically optimal level. Stochastic frontier models utilizing panel data enable researchers to
estimate individual firms’ technical or allocative inefficiencies without imposing arbiJ. Hum. Soc. Sci. Crtv. Arts 2010, 5(1):49-60

trary distributional assumptions on them
(Wang and Schmidt 2002). One weakness of
this approach is that firms’ inefficiencies are
time-invariant. Recent studies have proposed
alternative models that allow firms’ inefficiencies to change over time in some restrictive forms. Panel data model with multiple
time-varying individual effects forms the
foundation of our frontier model; we assume
that firms’ inefficiencies consist of multiple
components each of which changes over
time in a temporal pattern common to all
individual firms. One advantage of the time
variant model is that technical inefficiency
changes over time can be distinguished from
technical change. The mathematical evaluation of the sigma (s) and gamma (g) are indicated below:
s2=sV2+sU2 ; g=sU2/(sV2+sU2)
The distributional assumptions of stochastic
frontier analysis for a time variant firm are
half normal distribution, truncated normal
distribution and a one step inefficiency
model. A time variant panel data production
frontier model allows technical efficiency to
vary across industries and through time for
each firm.
The time-varying stochastic frontier production model is given as:
yit =δt + x'it +εit- µit  x'itβ + ηit + εit
where i indexes sawmill units, and t indexes
time periods (3 years). The dependent variable is yit represents the logarithm of the output of the sawmill i at time t, xit is the kx1
vector of logarithms of inputs, b is a kx1
vector of coefficients, and εit is the random
noise (that are assumed to be iid N(0, σv2))
which represents the stochastic component
of the frontier. The time-varying parameter
δt is the frontier intercept term at time t.
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Empirical framework
To assess the dispersion of technical efficiency in the mills the study relied on panel
data of firm-level micro-data from 68 randomly selected sawmills in Ogun State. The
68 firms represent 50 percent of the population of sawmills that were actively engaged
in timber processing within the 3 years period (2007-2009). The use of a panel of data
in efficiency estimation offers advantages
over a cross sectional data analysis since it
allows technical efficiencies to vary due to
individual differences and the passage of
time (Binam et al., 2004; Chavas et.al., 2005;
Haji, 2006). Data on volume and value of
timber received and processed into logs,
labour, fuel and utilities expenses and capacities of mill were collected and analyzed.
The stochastic production frontier model
(Cobb-Douglas) fitted for the analysis of
technical efficiency in the production of
logs/boards (m3/month) is:
lnyit =βln xit + (Vit - Uit); i=1...n;
T=1…3 and t=1...36

the sawmill owner is a timber contractor and
zero otherwise (U2), a dummy variable that
takes the value of 1 if the sawmill is located
in rural location and zero otherwise (U3), a
dummy variable that takes the value of 1 if
the sawmill has timber truck (agbegi) and zero
otherwise (U4), the age of the sawmill
owner/manager (primary decision-maker)
(U5), years of experience of the owner/
manager in timber processing, and operational age of mill (U6). The variables operational age of the mill and age of the manager
were expected to reduce efficiency. In terms
of years of experience, since the manager is
likely to learn from previous errors, the passage of time should be expected to improve
technical efficiency. Also, younger owners/
managers are expected to be more open to
adopt changes in sawmilling management
techniques that will reduce inefficiency, relative to the elderly ones. Timbers contractors
(U1) are authorized loggers; with official permit to harvest mature timber from the forest.
It was expected that technical efficiency will
enhance from a forward vertical integration
where, lnyit is the logarithm of the total sawn in operating sawmill. Location (U2) advanlog produced per month by the ith sawmill. tage for a firm is imposed either from proxThe vector lnXit is the log value of inputs,
imity to buyers and the source of raw materixi, (technical determinants) which are:
als or proximity to technical knowledge.
X1= volume of softwood timber processed Mills are dispersed in rural areas and located
(m3/month)
in clusters in urban areas. It is expected that
X2= volume of hardwood timber processed technical efficiency will be enhanced in ur(m3/month)
ban mills due to the ability of operators to
X3 = skilled labour use (workdays/month)
learn efficient processing skills from contiguX4 = machine input
ous mill. Also, ownership (U3) of timber
X5 = utilities and diesel use (naira/month)
trucks (agbegi) is expected to positively influX6 = Time (years)
ence technical efficiency.
The inefficiency (Uit) term include a constant. There are 6 inefficiency term regressors, the choice of which is hinged on the
peculiarity of the industry’s structure and
operations. The factors include (U1), a
dummy variable that takes the value of 1 if
J. Hum. Soc. Sci. Crtv. Arts 2010, 5(1):49-60

The Cobb-Douglas was fitted as oppose to
other non-linear function such as the translog production function. The translog function, though a more flexible functional form
than the Cobb-Douglas function as it takes
account of interactions between variables
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and allows for nonlinearity in the parameters, has been found to frequently yield implausible estimates. Gumbau-Albert and
Maudos (2002) reported that translog-type
of production function often yield implausible estimates (e.g, negative elasticities of
production for certain inputs or sum of
scale elasticities much larger than one).
Also, in translog production function multicollinearity among the explanatory variables
is usually present.
The technical efficiency estimate obtained
for the three years studied were subjected to
the Kruskal-Wallis approach for Chi-square
estimation, to ascertain significant differences. This was done to further establish
significant time-varying effect on sawmills’
technical efficiency.

RESULTS
The mill characteristics based on age revealed that majority of the mills have been
actively involved in timber processing.
About 57% of the mills were established
between 11-20 years ago. The mean operational age of sawmills in the area is
13.4years which indicate that sawmilling
industry has long years of establishment in
the State. Toll milling or contract timber
sawing is a common practice in the area. In
toll milling, timbers are processed into logs
by contractors or other parties (end users,
marketers, middlemen) for a fee. The fee
charged varies with mill location, type of
log, season, cut specifications and quality as
well as power source used (different charges
for use of diesel powered generator and
electricity supply from the public power
company).

distribution based on years of experience in
timber milling revealed that majority (about
60%) of the operators have over 10 years of
experience in sawmilling, with mean of 19.4
years. The mean number of years in formal
education was about 9 years.
The Stochastic Frontier analysis revealed that
the first-order parameters, Xk, are all positive and statistically significant thus indicating that production is increasing with increases in the inputs considered. The estimated sigma-squared (σ2) shows the overall
significance of the model, it indicates a good
fit and correctness of distributional assumption specified. The gamma (γ) measures the
effect of technical inefficiency in the variations observed in output. It shows that, the
difference between the observed and maximum production frontier outputs are due to
differences in farmer’s level of technical efficiency and not related to random variability.
It suggests the relevance of technical inefficiencies in explaining output variations over
the period. It also suggests that one should
not rely solely on the average production
function (technical relationship between inputs and outputs) response as an adequate
representation of the sample data. The inputs that influence the output of logs and
boards are volume of timber (hard and soft
wood), numbers of skilled sawmill labour
used, sawmill machines and equipment used
and utilities. The positive signs show that
output responds positively to relative increase in these variables. The positive sign of
the technical change coefficient (time) indicates that the value of output increased over
the three year period.

The estimated Ui coefficients help us to unMajority (about 53%) of the millers were derstand the determinants of technical effifound to be within the age range of 51-60 ciencies. The significance of the sigma statisyears with an average age of 53.4 years. The tic shows that there are relative firm-level
J. Hum. Soc. Sci. Crtv. Arts 2010, 5(1):49-60
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Table 1: Sample Characteristics of the Sawmills and Primary Decision Maker
Characteristics of the mill

Frequency

Percentages

Mean

Age of mill
< 5 years
5-10years
11-20 years
>20 years

2
12
39
15

2.94
17.64
57.35
22.07

18.4years

Involved in toll milling activities
Yes
No

63
5

92.64
7.36

Characteristics of primary decision maker
Age
< 40 years
41-50 years
51-60 years
>60 years

7
18
36
7

10.29
26.48
52.94
10.29

53.4years

Highest educational qualification
No formal education
Primary education only
Secondary education
Post secondary education

6
41
16
5

8.82
60.32
23.52
7.34

9 years

Years of experience in sawmilling
< 5 years
5-10years
>10 years

5
23
40

7.34
33.82
58.84

17 years

9
59

23.24
86.76

4
64

5.89
94.11

46
22

67.65
32.35

Is owner a timber contractor
Yes
No
Own other functional sawmills
Yes
No
Ownership of functional timber trucks
Yes
No
Source: Field survey (2009)
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and longitudinal inefficiencies in sawmilling
operations in the State. Years of experience
in timber milling, ownership of timber
trucks, status of the mill owner as a timber
contractor, and operational age of the mill
were found to be major sources of inefficiency in the industry. The age of the mill,

age of owner/manager, ownership of timber
trucks (agbegi) and status as contractor had
significant negative effect on technical efficiency. However, experience in milling operations had a significant positive effect on
technical efficiency.

Table 2: Maximum Likelihood Estimates of the Production Frontier Model
for sawmills in Nigeria, 2007-2009
Regressors
Production frontier
Softwood timber processed (m3/
month)
Hardwood timber processed (m3/
month)

Identifiers

Estimates

t- statistics

X1

0.534**

7.061

X2

0.1032**

7.003

skilled labour use (workdays/month)

X3

0.3791*

2.630

Machine input
utilities and diesel use (naira/month)

X4
X5

0.1162*
0.4021**

2.191
4.033

Time
Constant
Technical efficiency
Timber contractor
Location of sawmill
Ownership of timber trucks
Age of primary decision maker
Experience of primary decision maker
Operational age of mill
Constant
Eta
Sigma-squared
Gamma
Log likelihood function =

X6

0.192*
X0 0.551**

U1
U2
U3
U4
U5
U6
U0
σ2
γ
-821.22

-0.211*
2.871
-0.071*
-0.025*
0.652**
-0.003*
-1.281**
0.745
3.334
0.9403

Source: Data Analysis (2009)
** Parameter significant at 1percent probability level
* Parameter significant at 5 percent probability level
J. Hum. Soc. Sci. Crtv. Arts 2010, 5(1):49-60

56

3.096
4.933
-2.991
1.092
-3.231
-3.083
3.920
2.229
4.670
5.221
3.980
4.774
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Table 3: Mean technical efficiency distribution in the sawmills by year
Range of technical
efficiency (%)
< 30
30-40
41- 50
51-60
61-70
71-80
81-90
>90
Mean

2006

2007

2008

Total

13
4
10
15
17
3
5
1
61.76%

8
0
12
24
6
5
9
4
66.02%

6
3
11
15
10
8
7
8
57.92%

27
7
33
54
33
16
21
13
61.90%

Source: Data Analysis (2009)
The mean technical efficiency estimated was processing costs (predominantly high cost of
found to be 61.9% during the period stud- diesel) and increase in illegal logging activiied
ties were reported as some of the factors that
had adverse effect on sustainable timber
Specifically, technical efficiency increased milling during the period. The technical effifrom 61.76% in 2007 to 66.02% in 2008 ciency estimates of the mills in the three
and then fell to 57.92% in 2009. The effi- years studied were further subjected to test
ciency gains recorded in 2007 and 2008 of significance difference to ascertain relative
were not sustained, as relative inefficiency difference in the values obtained. The result
increased in 2008 to about 42%. Economic shows that the values obtained were signifiand social conditions such as fall in demand cantly (Χ2=5.25; p < 0.05) different over the
for logs and boards, high transportation and period.

Table 4: Test of significant differences in time-varying technical efficiencies
of sawmills
year
2006
2007
2008

min
18.7
22.1
13.7

Technical efficiency (%)
max
Standard dev.
93.8
23.6
98.3
21.4
94.6
17.6

Source: Data Analysis (2009)
*significant at 5 percent probability level
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mean
61.7
66.0
57.9

Kruskal wallis test
Χ2
5.251*
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