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The sensitivity of efficiency scores to input and other choices in stochastic

frontier analysis: An empirical investigation

Abstract

Productivity and efficiency analysis have gained substantial attention in many industries over
the last two decades, and stochastic frontier analysis has been one of the most popular analytical
approaches. The abundant model choices in stochastic frontier analysis make it difficult to
select the best option and compare studies. The main purpose of this study is to examine the
sensitivity of technical and scale efficiency estimates to choices around input-output
combinations, functional forms, distributional assumptions and estimation methods in

stochastic frontier analysis, using data from an Australian fishery to illustrate these effects.

We estimated 252 stochastic frontier models using combinations of variable choice, functional
form and distributional assumptions. A second stage analysis was conducted to examine the

effects of model choices on statistical properties of technical and scale efficiency.

The results show that estimates of technical and scale efficiency are most sensitive to
distributional assumptions and the choice of time effects. In particular, the assumption of time-
invariant efficiency produced significantly higher technical efficiency (20 percentage points)
and scale efficiency (8 percentage points) scores than time-varying efficiency models in our
analysis. We also find that the choice of fixed input variables can significantly affect the
average efficiency estimates, by as much as 5 percentage points, but mean efficiency was not
significantly affected by the choice of variable inputs.

Our findings suggest that caution should be taken when comparing findings of stochastic
frontier studies, especially those applied to the fishery industry, using different distributional

assumptions.

Keywords: Technical efficiency, scale efficiency, fisheries, sensitivity analysis, input

variables, stochastic frontier analysis, choice of models.
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1. Introduction

The abundance of choices in stochastic frontier analyses in terms of input-output combinations,
functional forms, and distributional assumptions often makes it empirically challenging to
select the most appropriate model. This, in turn, may have implications for the efficiency
estimates as well as key model parameters such as production elasticities. For example,
Baccouche and Kouki (2003) found that efficiency estimates were highly sensitive to the
assumptions about the distribution of the one-sided error term, although in their study were less
sensitive to the choice of a functional form of the production frontier. In contrast, both
Giannakas et al. (2003) and Bravo-Ureta et al. (2007) found that functional form choice can
have a significant impact on the resultant efficiency scores, with Giannakas et al. (2003) also
suggesting that the choice of a functional form may introduce bias into the estimated production

elasticities.

In practice, choices as to which model to use and input-output combinations are often made
based on data availability and study objectives. While alternative specifications are often
tested, these rarely examine all possible model choices and data combinations. Undertaking a
comprehensive sensitivity analysis is a potential solution. However, it is often time-consuming

when there are potentially many options and not consider pragmatically feasible.

The impact of functional form and error distribution assumptions on efficiency scores has been
previously considered in the literature. The impact of input choice — when there are potential
alternative (and mutually excludable) inputs that can be used in the production frontier — on

the resultant inefficiency distribution has not.

The stochastic production frontier model estimates the impact of changing input use on outputs
produced. Two types of inputs are usually included in these models — fixed and variable.

Fixed inputs (e.g., factory size, land) do not vary with the level of outputs produced, at least in
the short-run, while variable inputs (e.g., labour, materials), as the name implies, do vary with
the quantity produced (Carlson 1939). Fixed inputs also effectively define the level of capital
invested by the firm, while variable inputs represent the level of utilisation of this capital to
produce the final level of output. Alternative measures of both fixed and variable inputs are
often available. Each measure may not fully capture firm capital or capital utilisation, but
including several measures may result in other issues, particularly multicollinearity. As a result,

a choice as to which set of inputs to use in a stochastic production frontier model is necessary.



The main objective of this study was to examine the sensitivity of technical efficiency and scale
efficiency scores to different model choices, particularly the choice of different fixed and
variable input measures, extending the previous studies of Baccouche and Kouki (2003),
Giannakas et al. (2003) and Bravo-Ureta et al. (2007). We also consider the impact of input
choice on the estimation of scale efficiency (Ray 1999). A better understanding of the
sensitivity of model choice on efficiency estimates contributes to the confidence that can be
had in the findings, given available model choices (Andersen 2002; Andersen 2005; Pascoe et
al. 2003; Valdmanis 1992).

Fisheries offer a challenge to productivity and efficiency analyses as many are characterised
by multiple inputs — many of which are highly correlated — and multiple outputs, requiring a
number of assumptions as which to include. In addition, analysts are faced with multiple
alternatives in terms of functional forms of the production frontier (e.g., translog, Cobb-
Douglas) and efficiency distributional assumptions. Previous studies conducted in the fishing
industry show that these latter assumptions can have a significant effect on the efficiency
estimates (e.g. Andersen 2002; Herrero and Pascoe 2003; Sharp et al. 2004). However, to the
best of our knowledge, there has been no previous study in the fishing industry that examines
the sensitivity of efficiency and other key productivity-related measures to assumptions
regarding input use. This study examines the sensitivity of technical and scale efficiency
estimates to the choices of input combinations, assumptions on functional forms, and

assumptions on efficiency distributions (including time effects).

2. Efficiency analysis in the fishing industry

Unlike many industries, fisheries are actively managed by governments to ensure their ongoing
sustainability as well as achieve a range of economic and social objectives. For fisheries
managed through effort controls (e.g., vessel numbers, days fished or gear controls; compared
with output controls that limit catches) this also requires an understanding of efficiency changes
over time. Furthermore, different management actions have different consequences for fleet
size and structure. For example, programs to remove excess capacity from fisheries have often
not been as successful as initially anticipated as usually only the least efficient vessels are
removed (Holland et al. 1999; Pascoe et al. 2012b; Quijano et al. 2018). Similarly, controls on
input use may also result in efficiency losses to the industry as well as direct productivity

impacts.



For these reasons, an understanding of efficiency distributions, and factors affecting efficiency
and productivity, has been a key feature of fisheries economics research over recent decades.
Empirical studies have applied both parametric and non-parametric approaches to estimate
efficiency, capacity utilisation and the factors affecting these measures. Examples of
parametric applications using Stochastic Frontier Analysis (SFA) (Aigner et al. 1977; Meeusen
and van Den Broeck 1977) in fisheries include Alvarez and Schmidt (2006); Esmaeili (2006);
Fousekis and Klonaris (2003); Innes and Pascoe (2008); Jeon et al. (2006); Kirkley et al.
(1995); Kirkley et al. (1998); Kompas et al. (2004b); Lokina (2009); Pascoe et al. (2017a);
Pascoe et al. (2013); Pascoe et al. (2017b); Quang et al. (2019); Quijano et al. (2018); Solis et
al. (2013); Squires et al. (2003). Similarly, the non-parametric Data Envelopment Analysis
(DEA) (Charnes et al. 1978) has been widely applied in fisheries. Examples include Castilla-
Espino et al. (2014); Espino et al. (2005); Idda et al. (2009); Lindebo et al. (2007); Maravelias
and Tsitsika (2008); Pascoe and Herrero (2004); Rust et al. (2017); Thanh et al. (2014);
Thagersen and Pascoe (2014); Tingley and Pascoe (2005); Tingley et al. (2005); Yamazaki et
al. (2018). Other examples are also provided in the Supplementary Information. In a recent
review of applications, fisheries were identified as one of the top 13 sectors where DEA had
been widely applied, and one of the top five sectors where SFA had been applied (Lampe and
Hilgers 2015), highlighting the importance of the methods to informing management of the

sector.

Both DEA and SFA methods have drawbacks and benefits (Walden 2006). Previous studies
have shown that there is no consensus as to which method is best (Herrero 2005; Murillo-
Zamorano 2004). The choice of method applied in each study largely depends on the main
purpose of the study, the availability of data, the characteristics of the productions process, the
number of outputs and the degree of stochasticity (Herrero 2005; Pascoe and Tingley 2007).
However, given the relative importance of random variation in fisheries (e.g., due to weather,
storms, and other random environmental factors), studies focusing on technical efficiency have
mostly applied the SFA approach (Kirkley et al. 1995; Lokina 2009), whereas DEA has been
used mostly in studies focusing on capacity and capacity utilisation fisheries (Pascoe and
Tingley 2007).

Many fisheries are characterised by multi-output production due to their mixed-species nature.
DEA is well suited to multi-output analyses, and most of the above DEA studies used this
approach to capture this feature of the fishery. In SFA studies, a distance function approach
can also be used to take into account multiple outputs (Géraldine et al. 2015). This approach
5



has been applied in a number of studies (e.g., Fousekis 2002; Herrero 2005; Orea et al. 2005;
Pascoe et al. 2012a; Pascoe et al. 2010; Solis et al. 2015a; Solis et al. 2015b; Solis et al. 2014;
Thegersen and Pascoe 2014), although most SFA studies have used an aggregated output

measure (either catch or revenue).

Inputs into fishing can be broadly considered as either capital-related inputs (fixed inputs) or
capital utilisation inputs (variable inputs). The choice of capital (fixed) input variables for
efficiency analysis in fisheries is often based on the available data, the relevance of which may
vary based on the characteristics of the fisheries (e.g. gillnet versus trawl fisheries) (Andersen
2002; Greenville et al. 2006). Some studies have used engine power to represent boat capital
(Duy and Flaaten 2016; Greenville et al. 2006; Kompas et al. 2004a; Oliveira et al. 2016) while
others have used boat size, often hull length or in some cases a combination of length and width
representing the total “deck area” (Fousekis and Klonaris 2003; Ngoc et al. 2009; Pascoe et al.
2017b; Squires and Kirkley 1999). Other studies have also used volumetric measures, such as
gross registered tonnage (GRT) (Jeon et al. 2006; Squires et al. 2003; Susilowati et al. 2005;
Viswanathan et al. 2001), or the amount of fishing gear deployed (Duy and Flaaten 2016;
Fousekis and Klonaris 2003; Kompas et al. 2004a; Lokina 2009; Rust et al. 2017). Other studies
have used a composite index that included engine power and boat size (i.e., length and width
of vessel's hull) and/or fishing gear to capture the level of capital stock invested and to avoid
the problem of multicollinearity in the models (Greenville et al. 2006; Pascoe and Coglan 2002;
Vestergaard et al. 2003).

Where multiple measures of the physical size of the boat (e.g., boat's length, width, GRT and
engine power) are available, these variables are often highly correlated (i.e., bigger boats need
bigger engines), so using more than one of these as a capital measure is problematic. Each
individual input (e.g., length or GRT), however, provides an imprecise measure of the total

level of capital employed in fishing.

Measures of capital utilisation are equally problematic. Common measures of fishing effort
range from hours fished to just the presence/absence of fishing on a particular day (e.g. Duy
and Flaaten 2016; Jamnia et al. 2015; Kirkley et al. 1995; Ngoc et al. 2009). Crew size has
been used as a variable input in a number of studies (Kirkley et al. 1995; Kirkley et al. 1998;
Ngoc et al. 2009; Van Nguyen et al. 2019), but this variable is often highly correlated with boat
size as bigger boats have more crew members employed. Furthermore, for some fisheries such

as trawl fisheries, the role of the crew may be more related to post-harvest activities; additional



crew members might not help produce a higher catch but instead may be required to process

the catch (sort, pack etc.) once landed on-board (Pascoe et al. 2003).

From the literature, there is no consensus about which type of measures of input is most
appropriate to include in efficiency analysis of the fishery industry (Andersen 2002), and the
implications of using different measures (based on availability) are also unclear. Generally,
different studies use different types of input measures determined by the available data. In
particular, data on the level of capital and labour used in fishing are relatively limited, and
physical inputs such as engine power or length of vessel tend to be used as proxy measures of
capital for fisheries production and efficiency estimation (Pascoe et al. 2003). This is likely to
be a broader problem than just in fisheries; many other industries also have issues with
correlated inputs and the choice of input for use in the empirical models can also affect their
efficiency estimates.

As all of these measures only partially capture the set of inputs into fishing (ignoring for
simplicity the inputs provided by the natural capital, the fish stock, which is a non-discretionary
input), the choice of input (either deliberate or due to lack of alternatives) will affect the
estimated production frontier and the subsequent estimate of inefficiency. Therefore, it is

important to examine the sensitivity of technical efficiency to the choice of inputs used.

A summary of key papers in the fisheries technical efficiency literature is given in the
Supplementary Information, noting the functional form and inputs used in the different models.
Some empirical studies in the fishing industry have reported differences in the efficiency
estimates as a result of using different model functional forms, estimation approaches (e.g. SFA
or DEA), or distributional assumptions (e.g. Herrero 2005; Orea et al. 2005; Sharp et al. 2004).
However, the impact of different input uses on the estimated efficiency scores has not been

previously considered.

3. Methods

The analysis is applied to a single species fishery, with the output measure being catch volume.
There are two measures of output that have been widely used in evaluating efficiency in
fisheries, namely, catch weight and catch revenue. Catch weight is widely used for a single-
species fishery while catch revenue is more commonly applied when fishers operate in multi-
species fisheries and individual species have widely varying prices (Herrero and Pascoe 2003;
Pascoe and Tingley 2007).



The study applied a two-stage approach. First, efficiency scores were estimated for the case
study fishery using a range of different stochastic production frontier models. Second, the
derived efficiency scores were regressed against the model characteristics. This two-step
procedure was adopted rather than the usual one-step approach (i.e. as per Battese and Coelli
(1995)) as the objective of this study was to determine how the mean efficiency levels are
affected by different assumptions regarding input use and model specifications (i.e. compare
outputs of different models), and not to examine the key drives of efficiency within a given
model.

3.1 Stochastic frontier analysis

The study applies the standard Stochastic Frontier Analysis (SFA) (Aigner et al. 1977;

Meeusen and Broeck 1977) approach to the fishery case study, given as:
Iny; = f(Inx) + vie — uy

where y is the amount of output produced by vessel i at time t, x is a vector of input variables,
Uit is a one-sided error term (u >0) that indicates the level of inefficiency of the vessel i, and vit
is a random error term that is assumed to be independently and identically distributed
(iid), N(0, 62).

The technical efficiency (TE) of the i-th fishing boat is specified by TE; = exp (—u;). The
technical efficiency score ranges from zero to one, with a higher score indicating greater
efficiency. When u; = 0, the i-th vessel lies on the stochastic frontier and TE=1. In contrast, a
fishing boat is considered technically inefficient if ui > 0 as its production lies below the

production possibility frontier.

Separating out the components of the combined error terms requires a distributional assumption
about the inefficiency term to be imposed. Common distributional assumptions include the
truncated normal (Aigner et al. 1977) and half-normal (Jondrow et al. 1982) distribution. In
models with fixed-effects and random-effects estimators (Cornwell et al. 1990; Schmidt and

Sickles 1984), no distributional assumption is imposed and ui are normalised as max(ui)-ui.

Another model specification for the inefficiency component relates to how inefficiency
changes over time. One commonly applied approach (Battese and Coelli 1992) specifies
inefficiency as u;, = u;e~"¢~T), where u;, is inefficiency of i-th vessel at time t, T represents

time periods (i.e., u;; = u;, when t=T), and 1| is an unknown scalar parameter to be estimated,



measuring the rate of change in technical inefficiency over time. If n > 0,1 =0 and n <0

indicate that u;, decrease, remain unchanged or increase, respectively when t increases.

Several different functional forms of the production frontier are also commonly employed,
including the Cobb-Douglas (Douglas 1976; Zellner et al. 1966), translog (Christensen et al.
1973) and Fourier (Tsionas 2012).

In addition to technical efficiency, scale efficiency is a useful measure for assessing how the
fleet structure may change over time. Scale efficiency is a measure as to how close a firm is to
an “optimal” size, and it is likely that the fleet structure will converge more towards this optimal
as adjustment takes place over time. Ray (1999) proposed that scale efficiency can be estimated

) (1-Eg)?
from a translog functional form as: SE; = el ‘ /ZB], where  Ej; =X By +
Y B log(xjx) + Bijt; and B =Y, ¥ Bjx is the sum of estimated parameters of the

production function; £ are parameters to be estimated; xjx are input combination; t is the time

trend.

Various estimators, including fixed-effects, random-effects and maximum likelihood can be
used to estimate the unknown parameters of the stochastic frontier models. The presence of the
efficiency component (u;) in the composite error terms is tested using the likelihood ratio test
(Coelli et al. 2005). The likelihood ratio (LR) test was used to examine the different hypotheses
imposed on the models. The test is defined by LR = —2(Liz — Ly) , where Lg and L, are the
restricted (null hypothesis: ui=0) and unrestricted (alternative hypotheses: ui#0) log-likelihood
values. The log-likelihood of the null hypothesis was obtained from a generalised linear model
estimator while the unrestricted log-likelihood value is obtained from stochastic frontier
estimators. The LR value has a y? distribution with the number of degrees of freedom given by
the number of the restriction (Coelli et al. 2005).

3.2 Data

Data used in this study were collected from the Australian Northern Prawn Fishery (NPF). The
NPF is one of Australia’s most valuable fisheries in terms of gross value product. The fishery
consists of two main components; a banana prawn component that operates in the first half of
the year and a tiger prawn component that operates in the second half. The banana prawn
component is single-species focused, whereas the tiger prawn component is multi-species in

nature, catching a range of other species in addition to tiger prawns.



The fishery is managed using effort controls, and hence efficiency analysis has provided
valuable information for its management. Previous efficiency studies of the banana prawn
component include Kompas et al. (2004b) and Pascoe et al. (2018), while studies of the tiger
prawn component include Pascoe et al. (2010) and Pascoe et al. (2012a).

The data for this study were derived from logbook and vessel registry information covering the
period 2010 to 2015, and relate to the single-species banana prawn component of the fishery.
The data included daily catch and effort for each individual vessel, with the latter available as
two different measures: total hours of operation (including both fishing and searching time)
and hours trawled. These variables were aggregated into weekly values for each vessel, with a
further measure of effort derived as the number of days fished each week. Other vessel
characteristics, such as engine power (kW) and vessel length (m), were also available, and these
were merged with the catch and effort data. A summary of the key vessel data is given in Table
1. While 52 licences are available for the fishery at any one time, over the period examined 62

different vessels reported fishing activity.

Table 1. Weekly data summary, banana prawn fishery 2010-2015

Min. 1st Qu. Median Mean 3rd Qu. Max.
Catch (kg) 111.0 4084.0 7704.0 9368.0 13075.0 37814.0
Length (m) 16.8 21.8 22.3 22.7 24.1 29.2
Engine power (kW) 262.0 342.0 410.0 397.5 450.0 526.0
Hours trawled 11.0 17.0 26.0 32.3 39.8 161.0
Hours fished 11.0 66.0 94.0 92.5 117.0 167.0
Days fished 1.0 5.0 6.0 59 7.0 7.0

Fish stock is a crucial non-discretionary input in the fishery industry (Hannesson 1983). An
index of banana prawn biomass change over the season and between years was estimated

previously by Pascoe et al. (2018) and used in this study.

All data were logged and normalised (i.e., such that their mean values were zeros). Correlation
between the logged variables is given in Table 2. Engine power and vessel length are highly
correlated, so including both measures into a production function would be inappropriate. The
relatively low correlation between hours trawled and days fished indicates the potential for
measurement errors to affect the production function and subsequently efficiency estimate if

the coarser measure (days fished) is used.
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Table 2. Correlation between key variables

Engine
Catch Power  Length  Days Hours Hours  Stock
(kg) (kW) (m) fished  fished  Trawled index

Catch (kg) 1.00

Engine Power (kW) 0.09 1.00

Length (m) 0.04 0.76 1.00

Days fished 0.22 -0.01 -0.03 1.00

Hours fished 0.05 0.01 0.08 0.59 1.00

Hours Trawled -0.02 0.06 0.10 0.24 0.28 1.00

Stock index 0.62 -0.15 -0.17 0.12 -0.08 -0.19 1.00

3.3 Functional forms and input combinations

Overall, 252 stochastic frontier models were estimated from 6 input combinations (Table 3),
three functional forms (translog, Fourier, and Cobb-Douglas) and 14 different inefficiency
distributions (Table 4). The three functional forms were selected based on their popularity in
the literature (Huang and Lai 2012; Parmeter et al. 2019).

Table 3. Input combinations

Fixed input Variable input Non-discretionary
(Capital) (Utilisation) (Fish stock)

1 Engine power Hours trawled Biomass index

2 Engine power Hours fished Biomass index

3 Engine power Days fished Biomass index

4 Vessel length Hours trawled Biomass index

5 Vessel length Hours fished Biomass index

6 Vessel length Days fished Biomass index

Table 4. Inefficiency distributions
Authors Estimator*  Distributions Time effects

1 Schmidt and Sickles (1984) FE Fixed effects Invariant
2 Schmidt and Sickles (1984) GLS-RE Random effects Invariant
3 Pittand Lee (1981) ML Half normal Invariant
4 Battese and Coelli (1988) ML Truncated normal ~ Invariant
5 Cornwell, Schmidt &Sickles (1990) FE Fixed effects Varying
6 Kumbhakar (1990) ML Half normal Varying
7 Battese and Coelli (1992) ML Truncated normal ~ Varying
8  Battese and Coelli (1995) ML Truncated normal ~ Varying
9  Greene (2005) ML-FE Exponential Varying
10 Greene (2005) ML-FE Truncated normal ~ Varying
11 Greene (2005) ML-FE Half normal Varying
12 Greene (2005) ML-RE Exponential Varying
13 Greene (2005) ML-RE Truncated normal ~ Varying
14 Greene (2005) ML-RE Half normal Varying

*FE=fixed-effects, RE=random-effects; ML=maximum likelihood, GLS=generalised least squared
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3.4 Regression analysis and model averaging

Ordinary Least Squares (OLS) was used to examine the relationship between the different
model assumptions and the summary statistics (e.g., means and standard deviation of the
efficiency scores) of the 252 estimated stochastic frontier models. We use ordinary least
squares with robust standard errors in this second stage analysis based on findings from
previous studies (Hoff 2007; McDonald 2009), which suggest that for fractional data like

efficiency scores, OLS with robust standard errors is a consistent estimator.

We also apply the model-average estimator proposed by Huang and Lai (2012), which is a
weighted average of the 252 models, to present the aggregate technical efficiency and scale
efficiency. Huang and Lai (2012) recommended using Akaike, Bayesian and Takeuchi

information criteria as weights for the model average, with the weights given by: /¢ =

exp (—0.5xAIC;)
Zj exp (—O.SXAIC]')1

where AIC; = IC; — IC,y;, and IC = information criterion (AIC, BIC). We

also use a simple option of equal weights (1/number of models) to calculate model-averaged
efficiency scores for the sensitivity analysis. While other model-averaging estimators are
available, Parmeter et al. (2019) found that as sample size and the amount of variation
explained by inefficiency increased, the differences between these different modelling

approaches decreased.
3 Results and Discussions

4.1 Summary statistics

A purported advantage of SFA approaches over non-parametric approaches such as DEA is
their ability to separate inefficiency from random error in the error term. A measure of the
amount of total variation in the error term explained by inefficiency is the gamma parameter,
derived as the variance in the estimated inefficiency distribution divided by the overall residual
variation. We found that different model specifications attributed markedly different levels of
variance to the inefficiency component. From the distribution of the signal-to-noise parameter
Gamma (Figure 1), the range varied substantially depending on the model specification.
Generally, inefficiency comprised a larger proportion of total error for the Fourier functional
form, with this being fairly consistent across other assumptions. In contrast, the contribution

of inefficiency given the Cobb-Douglas functional form was the most variable. However, the
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mean estimates from each functional form, represented as white diamonds in Figure 1, were

similar.

1.00-

0.75-

0.50 -

Gamma: u?/ ( V2 + U2 )

0.25-

0.00 -

Cobb-Douglas Fourier Translog
Funtional forms

Figure 1. Distribution of Gamma by functional forms

The likelihood ratio test rejected, at the 5% significant level, the null hypothesis that ui=0 (i.e.,
no efficiency) in 239 out of 252 models (95% of models). Conversely, for 5% of the models,

inefficiency was estimated to be zero.

The means and 95% confidence intervals of the technical and scale efficiency scores from all
models are presented in Table 5, averaged for models using each particular specification. The
truncated-normal distribution assumption was associated with the highest average technical
efficiency score and the second-highest scale efficiency scores. In contrast, the half-normal

distribution was associated with the lowest average technical efficiency scores.

For scale efficiency, the exponential distribution was associated with the lowest average score
and the 95% confidence intervals show significant differences with models using truncated

normal assumption and fixed/random effects.
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Table 5. Summary statistics by model combinations

Technical efficiency

Scale efficiency

Input choice
Capacity measure

e Hull length

e Engine
Utilisation measure

e Hours trawled

e Hours fished

e Days fished
Efficiency Distribution
Fixed/random effects
Half-normal
Truncated normal
Exponential
Time effects

e Varying

e [nvariant
Functional forms
Translog
Cobb-Douglas
Fourier

0.61 (0.58, 0.65)
0.66 (0.63, 0.69)

0.64 (0.60, 0.68)
0.63 (0.58, 0.67)
0.65 (0.61, 0.69)

0.61 (0.57, 0.65)
0.57 (0.54, 0.59)
0.66 (0.62, 0.70)
0.62 (0.62, 0.63)

0.61 (0.58, 0.64)
0.71 (0.68, 0.75)

0.65 (0.61, 0.69)
0.61 (0.56, 0.65)
0.66 (0.62, 0.70)

0.77 (0.74, 0.80)
0.73 (0.69, 0.77)

0.72 (0.67,0.77)
0.73 (0.67, 0.78)
0.80 (0.77, 0.83)

0.81 (0.75, 0.86)
0.73 (0.66, 0.80)
0.77 (0.74, 0.80)
0.61 (0.51, 0.70)

0.72 (0.69, 0.76)
0.82 (0.79, 0.85)

0.76 (0.72, 0.80)
N/A

0.74 (0.70, 0.78)

Note: 95% confidence interval are in parentheses

Models that use engine capacity as a proxy for vessel capital (reflecting vessel capacity) were
associated with higher average technical efficiency score (0.66) than those using vessel length
as a capacity proxy, but the confidence intervals are overlapping. Scale efficiency scores show
the reverse; that more vessels were closer to their optimal length than optimal engine power,

although the confidence intervals of the two specifications again overlap.

The 95% confidence intervals indicate that the technical efficiency and scale efficiency scores
were not significantly different given the different measures of fishing time (fishing effort) or
functional forms. Models with time-invariant efficiency component were associated with
higher average technical efficiency compared with that of time-varying efficiency models (0.71
vs 0.61). Scale efficiency scores were also significantly higher for time-invariant models (0.82
vs 0.72).

Overall, the means of the efficiency scores in this study did vary given different distributional
assumption, inputs used and time effects, although the magnitudes of the differences were
small. However, the group summary in Table 5 does not control for any other covariates. This
issue is mitigated by using regression analysis.
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3.2 Regression analysis and model averaging

Results from the regression analysis are presented in Table 6, where it can be seen that some
model specifications resulted in significantly different technical and scale efficiency scores. In
particular, the assumption of time-invariant efficiency produced significantly higher technical
efficiency (20 percentage points) and scale efficiency (8 percentage points) scores than time-
varying efficiency models. Different distributional assumptions also result in significantly
different efficiency scores. For example, the model with an exponential distribution assumption
produces significantly higher technical efficiency than that assuming a half-normal
distribution. In contrast, models imposing fixed/random effects produce technical efficiency
scores lower than those of the half-normal models. Similarly, with respect to scale efficiency,
models with exponential assumption produce the lowest average efficiency score while models
with truncated-normal assumption produce the highest average.

Table 6. Regression analysis results

Technical efficiency Scale efficiency
. Robust Robust

Covariates Coef. Std. err Coef. Std. err
Constant 0.517 0.026 *** 0.591 0.051 ***
Capital

e Length Base Base

e Engine 0.049 0.023 ** -0.039 0.026
Capital utilisation

e Hours trawled Base Base

e Hours fished (incl. search) -0.015 0.029 0.005 0.036

e Days fished 0.006 0.027 0.077 0.027 ***
Functional form

e Cobb-Douglas Base Base

e Translog 0.042 0.028 0.018 0.026

e Fourier 0.049 0.029 * N/A
Time effects

e Varying Base Base

e Time-invariant 0.202 0.026 *** 0.077 0.028 ***
Distributional assumption

e Fixed/random effects -0.158 0.035 *** 0.123 0.061 **
e Truncated normal 0.046 0.028 0.146 0.050 ***
e Exponential 0.054 0.014 *** Base

e Half normal Base 0.125 0.058 **
R squared 0.18 0.19
Ramsey test:

o test-statistics 0.31 2.16

e (p-value) (0.82) (0.10)
Observations 252 168

Note: *** 1% significance level; ** 5% significance level; * 10% significance level
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The choice of fixed inputs used in the production frontier can also affect the resultant estimated
technical efficiency. Fishing capacity measured as engine power resulted in a higher mean
technical efficiency (by five percentage points) compared with models that used vessel length.
In contrast, the choice of variable inputs was found to have no significant effects on technical
efficiency but did affect scale efficiency estimates. This finding suggests that estimates of
optimal vessel capital (length or engine power) depend on the measurement of variable inputs
used. The choice of functional form also remains insignificant to both technical and scale
efficiency estimates.

Model-average results (following the approach proposed by Huang and Lai (2012)) were
generally robust to the choice of information criteria used (Figure 2). Weights based on both
AIC and BIC resulted in similar mean efficiency scores (white diamonds in Figure 2), with the
interquartile range of technical efficiency being slightly wider when using BIC. Using the naive
equal weight option resulted in a narrower inter-quartile range and more symmetrical
distribution (i.e. means are closer to the medians) for technical efficiency. One possible
explanation is that the models with a low AIC or BIC (i.e. a “better fit” to the data and hence

have higher weights) also had higher variations in technical efficiency.
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Figure 2. Model-average summary of efficiency scores using different weightings
AIC=AIC weights; BIC=BIC weights, Eqw=equal weights, TE=technical efficiency, SE=Scale efficiency
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5. Conclusions

To the best of our knowledge, this study is the first systematic examination of the effects of
model choices on stochastic frontier estimates in the fishery industry. We found that results of
panel data stochastic frontier models may be sensitive to the choice of distributional assumption
and time-effects. This finding is in line with a previous sensitivity analysis by Baccouche and
Kouki (2003), which also found that results of the stochastic frontier analysis are sensitive to

distributional assumption and not affected substantially by choice of functional form.

The lower sensitivity to variable input choices found is of particular relevance to fisheries
studies, as data are not always collected in a consistent manner between fisheries. Fishing effort
is often measured only in terms of the number of days fished for most Australian (and
international) fisheries, with relatively few fisheries having the finer detail of hours fished
available as for this study, and fewer still having information on search time as well as fishing
time. These differences in measures had no significant impact on technical efficiency.
However, the choice of variable input did have some impact on the scale efficiency estimates;
with the more coarse measure (number of days fished) beings associated with higher scale

efficiency measures.

The capacity related measure (the fixed inputs) were found to have a significant impact on the
technical efficiency estimates, although there is no a priori means to assess which measure may
be more appropriate for the fishery. As noted by Parmeter et al. (2019), there is often little in
the way of theoretical guidance to determine which different variables best represent the
production structure. Where multiple measures are available, such as in this study, model
averaging approaches (Huang and Lai 2012; Parmeter et al. 2019) may be appropriate to
provide a more robust estimate of technical efficiency and its distribution in the face of this

uncertainty.
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