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ARTICLE INFO ABSTRACT

Handled by Andre Eric Punt Data Envelopment Analysis (DEA) studies of fisheries usually apply output oriented capacity utilization based on
physical measures. Although physical measures capture important input factors employed in fishing activities
(such as boat size, engine power), economic measures directly reflect the cost of inputs employed. This case study
investigates whether economic measures are vital or whether capacity efficiency is sufficiently well reflected
solely by the use of physical measures. The analysis makes use of a double bootstrap DEA technique and com-
pares input oriented capacity utilization based on physical versus economic measures. The double bootstrap
technique was chosen as it allows statistical inference based on the estimated capacity utilization. The results
show that economic measures give a lower capacity utilization than that obtained by physical measures. How-
ever, no significant difference was found in the capacity utilizations between the two measures. Truncated
regression models indicated that factors such as skipper experience and family size did not significantly affect
these two measures of capacity utilization at the 5% level. This study concludes that physical variables are
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capable of capturing the essential economic differences between vessels.

1. Introduction

While fishing is often recorded using physical indicators (e.g. vessel
size, fishing time, number of fishers, and fuel consumption), economic
indicators, such as revenue, costs, and profit represent normal business
indicators. Physical indicators are most frequently used in output ori-
ented capacity utilization studies of fisheries employing Data Envelop-
ment Analysis (DEA) (Kirkley et al., 2001), as such variables are easily
available since they often are recorded and used in the management of
fisheries (Pascoe et al., 2003a). However, the use of physical versus
economic variables may depend on the data available and the aims of
the research. Although the latter types of data may be harder to obtain,
they are often believed to be more encompassing.

Economic data are generally measured in monetary terms, while
physical data are measured along different quantity scales, such as
length, volume, weight, etc. (Pascoe et al., 2003a). Physical measures
describe some important inputs employed in fishing activity, while
economic measures are assumed to capture the full range of inputs
employed (Pascoe et al., 2003a; Pascoe and Robinson, 1998). Differ-
ences in materials applied for constructing vessels, or on-board

technology, are for example, presumably included in the amount of
capital measured. While these types of inputs are neither readily avail-
able nor easy to include in the production function, the amount of
capital can be measured either from the physical input (using engine
power or boat size as a proxy for fixed capital) or in terms of value (the
value of the vessel and fishing equipment). In addition, the composition
of physical inputs are separable and clearly identified. This contrasts
with economic measures, where the composition of all the inputs in the
aggregate value measure may not be apparent (Pascoe et al., 2003a).
When measuring capacity utilization by economic measures, it re-
flects the economic optimizing vessel behavior (economic optimization
approach), maximizing profit or minimizing costs. Capacity utilization is
then identified by the average cost or marginal cost (Berndt and Mor-
rison, 1981; Morrison, 1985; Nelson, 1989). This is based on the dual
relationship between cost and production functions. Capacity utilization
can be obtained by using the short run average total cost curve, as the
ratio between actual output and the output at which the short run
average total cost reaches its minimum value (Klein, 1960). Alterna-
tively, capacity utilization can be estimated by use of the total average
cost as the ratio between actual output and the optimal output level at
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which the long and short run average costs are tangents (Berndt and
Morrison, 1981; Morrison, 1985). These economic measures of capacity
utilizations coincide with the assumptions of long run return to scales.
For the former, the production technology is assumed to be constant,
whereas this assumption is relaxed in the latter. Another economic
measure of capacity utilization is the ratio of actual output and the level
of output that maximizes profit in the short run (where marginal cost
equals marginal revenue) (Coelli et al., 2002). These are derived from an
output oriented approach although it is based on input measures. This
approach is also applied for estimating output oriented capacity utili-
zation when using stochastic production frontier functions with the
corresponding behavioral objectives (catch maximization, revenue
maximization) (Kirkley et al., 2002a). To employ this approach, eco-
nomic data such as costs and outputs are required.

Data envelopment analysis (DEA) is a non-parametric method based
on available economic and/or physical variables that reflects the ac-
tivity of each unit (fishing vessel in our case). Economic variables
measure capacity utilization within a technological-economic frame-
work, providing a production frontier of each unit, representing the
optimal (maximum) production at different levels of input combina-
tions. The dual perspective is to look at a given production level, opti-
mizing (minimizing) the combined inputs necessary to obtain this
production level.

Physical measures (e.g. vessel size) are used as inputs in DEA in order
to estimate capacity utilization, indirectly reflecting the economic de-
cisions of each unit. Output oriented physically based capacity utiliza-
tion is obtained by the ratio between actual physical output and
maximum physical output. Similarly, input oriented physically based
capacity utilization is defined by the minimum level of inputs used to
sustain the current catch.

The aim of this paper was to analyze and compare capacity efficiency
between fishing vessels in the case of using physical versus economic
data sets and investigate possible deviations in the estimation of effi-
ciency. There are two approaches to measuring capacity utilization by
DEA, either by output or input orientation. Output oriented capacity
utilization is measured by the observed outputs at a given level of fixed
inputs, while an input oriented capacity utilization assumes a given level
of outputs (Pascoe et al., 2003b). A major impetus to analyze the input
oriented capacity utilization is that catches (outputs) in fisheries may be
regulated at vessel level through non-transferable catch quotas (Asche
et al., 2009; Lazkano, 2008). This approach gives exogenous catches
(output). In contrast to this, output is endogenous when output oriented
capacity utilization is selected (Kirkley and Squires, 2003).

A few empirical studies assume input oriented capacity utilization in
fisheries (Castilla-Espino et al., 2006; Nga et al., 2020), while output
orientation in general is more common. In this study, input oriented
capacity utilization was selected as a measure of technical efficiency
since fishers can adjust their inputs, while an increase in outputs is
beyond their control due to natural resource constraints. It also seemed
more relevant to employ input orientation when analyzing developing
countries’ fisheries, since the capacity of assessing and controlling out-
puts, i.e. monitoring harvests, is limited.

Our case study was a Vietnamese purse seine fishery, one of the most
important inshore fisheries in Nha Trang, a city in the southern part of
Vietnam. As for most Vietnamese fisheries, the purse seine fishery (ac-
counting for 5% of the total fleet) is a multispecies and subsidized open
access fishery. The seiners usually operate all year, while the main
season is from January to September, mainly targeting anchovy and
scads. Bycatches of other fish species (such as sardine, mackerel, and
small tuna) account for less than 3% of the total catch landed. Average
horsepower (hp) and hull length of the fleet were respectively 303 hp
and 16.05 m in 2016, and the average crew number was fourteen per
vessel (including the skipper). The educational level was low, with an
average of six years in school.

Physical measures such as engine size and vessel hull length are core
indicators in Vietnamese fisheries. Since the mid-1990s, purse seiners
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with engines larger than 90 hp located in Nha Trang have received
subsidies aiming to encourage the fishing industry to carry out high sea
operations. Hence, the government, in 2016, covered most of the in-
surance costs, including vessel and crew insurance costs of such vessels.
In addition, preferential loans with low interest rates were issued to
finance new vessels (Decision, 2014). Both with and without subsidies,
most surveyed fishers expressed having recently improved their vessels
and invested in new and larger engines to enhance efficiency. Conse-
quently, the fishing effort capacity of the fleet has increased consider-
ably over recent years. In 2016, the Nha Trang purse seine fishing fleet
included 130 vessels with a total engine capacity of about forty thousand
horsepower. While the number of vessels has been quite stable since
2010 (a decrease of 3.7 %), the engine capacity has increased by almost
170 % (DECAFIREP, 2010, 2016).

2. Data collection

A sample of 52 purse seiners were selected from a population of 130
purse seiners registered in 2016 at Khanh Hoa Department of Capture
Fisheries and Resources Protection, Nha Trang. Information about the
performance of the 52 vessels was collected from December 2016 to
March 2017 at three different sites (Vinh Nguyen, Hon Ro, and Vinh
Truong). The vessels were selected in order to reflect the average fleet
properties in terms of hull length and horsepower. Table 1 shows the
means and standard deviations of hull length and horsepower in the
whole fleet and in the sample of the fleet, and the corresponding t-test
statistics. The t-tests confirmed the representativeness of the sample
with regard to hull length and horsepower. The t-test statistic is defined
as %, where M; and My represent means of the sample and the

population, respectively. SD is the standard deviation of the sample and
n is the sample size. Table 1 shows that, in terms of hull length and
engine size, our sample of 52 vessels did not significantly differ from the
purse seine fleet. The table refers to a two-tail t-test at a 5% significance
level, and confirms that the tested properties of the sample and the fleet
were not found to differ between the two.

Face to face interviews with vessel owners (and/or spouses) were
conducted to collect technical and operational information in addition
to costs and earnings. Average prices and quantities of each harvested
species, and various other economic and social factors of the purse seine
fleet, were also collected, in addition to the list of registered fishing
vessels in Khanh Hoa in 2016 and other relevant information.

Table 2 shows pairwise correlations between economic and physical
variables obtained in the survey. Physical inputs (horsepower, hull
length, fuel consumption, and man days at sea) and economic inputs
(loans, fixed, variable costs, and the cost of man days at sea), are posi-
tively correlated with the respective outputs, catch quantity of anchovy,
and the revenue retrieved from this catch. In addition, the pairwise
correlation between the physical and economic variables and the
different variables are also shown in Table 3.

2.1. Selection of physical and economic variables

Capital and capital utilization are key inputs often used in fishery

Table 1
Sample and population averages and standard deviations of hull length and
engine power, and the t-tests of the sample.

Sample size = 52 Population size = t- Critical
X 130 t -test value at (a/
Variable - _ .
Mean SD Mean SD statistics 2 =0.025
51)
Hull 16.05 2.60 15.94 2.86 0.30 2.008
length
Engine 303.10 163.27  300.35 173.29  0.12 2.008
power
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Table 2
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Pearson correlation between the physical and economic variables. Darker green cell color indicates a significant correlation at the 5% level, light green color indicates

10 % level significance.
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Revenue of scads 0.17 1.00

Revenue of others -0.60 -0.24 1.00

Anchovy 1.00 0.17 |[-0.60 1.00

Scads 0.17 | 1.00 -0.24 0.17 1.00

Others -0.60 -0.24 | 1.00 -0.60 -0.24 1.00

Hull length 0.55 0.43 -0.26 | 0.55 0.43 -0.26 1.00

Horsepower 0.58 0.35 -0.46 0.58 0.35 -0.46 0.80 1.00

Fixed cost 0.49 0.56 -0.30 0.49 0.46 -0.30 0.67 0.67 1.00

Variable cost 0.70 0.64 -0.42 0.70 0.65 -0.42 0.56 0.60 0.58 1.00

Fuel 0.63 0.56 -0.29 0.63 0.56 -0.29 0.57 0.60 0.59 0.90 1.00

Loans 0.39 0.21 -0.26  0.39 0.21 -0.26 0.32 0.39 0.30 0.44 0.36 1.00

Man days at sea 0.80 0.57 -0.51 0.80 0.57 -0.51 0.59 0.59 0.62 0.87 0.81 0.36 1.00

Cost of mandaysatsea 0.80 0.57 -0.51 0.80 0.57 -0.51 0.59 0.59 0.62 0.87 0.81 0.36 1.00

Table 3
Pearson correlation between the physical and economic variables and the
different variables.

Family size Skipper experience

Revenue of anchovy 0.12 -0.13
Revenue of scads —0.02 -0.17
Revenue of others 0.02 0.21

Anchovy 0.12 -0.13
Scads —0.02 —0.17
Others —0.02 0.21

Hull length —0.01 -0.19
Horsepower —-0.12 -0.21
Fixed cost —0.10 -0.21
Variable cost 0.04 —0.04
Fuel 0.08 —-0.04
Man days at sea 0.02 —0.20
The cost of man days at sea 0.02 —0.20
Loans 0.13 0.04

Family size 1.00 0.25

Skipper experience 0.25 1.00

efficiency studies (Pascoe et al., 2003a; Pascoe and Tingley, 2016).
Capital could be measured in either physical or monetary terms. We
measured annual fixed cost of capital invested in monetary units when
estimating the capacity utilization of the Nha Trang purse seine fishery.
As in several corresponding studies (as by Duy et al., 2015; Guyader
et al., 2004; Hoff et al., 2013; Lleonart et al., 2003), repair and main-
tenance costs of boats and fishing gear were considered fixed costs in this
study. Other studies treat such costs as variable costs (Dichmont et al.,
2008; Huppert and Squires, 1986), while Pascoe et al. (2015) argue to
distribute these costs both into fixed and variable costs, for example
depending on fishing gear.

The fleet studied here was rather homogeneous, also in terms of
seasonal pattern. This suggests that it is reasonable to assume repair and
maintenance costs to be fixed in this particular fishery, while it in other
fisheries they have to be treated as variable costs (for example, when
seasonal length varies between vessels). In this study, total fixed cost
was found by summing up costs of insurance and fees, depreciation of
vessel and fishing equipment, and interest payment on loans in addition

to costs of maintenance and repair. Horsepower is a simple proxy of the
fixed capital stock, involving a single physical measure, used by Pascoe
et al. (2003a) when estimating technical efficiency of Norwegian
trawlers. In this paper, horsepower and hull length were used as physical
measures of the capital employed in fishing. Fuel consumption was
measured in both liters and value, providing inputs to the physical and
economic models, respectively. The cost of fuel constitutes a major part
of the variable costs. Other variable costs are, for example, lubricants,
ice, and provisions (Duy et al., 2015; Long et al., 2008). Based on the
data availability, loans are represented by a dummy variable in the
economic model, which equals one in the case of the vessel owner
having borrowed money, and zero if not.

Labor cost was indirectly represented by the number of man days at
sea, while other running costs encompassed remaining variable costs.
Man days at sea was used in the physical model and the cost of man days
at sea was used as a proxy for labor cost in the economic model (shown
in the lower part of Table 4). In reality, labor was paid for as a fixed
share of net profit, but we assumed a fixed cost of man days at sea
provides a reasonable approximation. The cost of man days at sea was
defined by man days at sea (number of fishing days multiplied by crew
number, including skipper) multiplied by the product of the average
daily wage of labor working in the fishing and aquaculture industry in
Indonesia (BPS, 2021) and the exchange rate between Indonesian and
Vietnamese currencies (FCR, 2021).

Physical outputs included the three catch quantities (anchovy, scads,
and others), while the economic outputs were the revenues obtained
from the same catches (Table 4).

The selection of the physical and economic variables as described in
Table 4 was to purify the two models, i.e. not including economic
measures in the physical model and vice versa. To enable comparison of
results obtained by the two models, they required the same resolution
(the same number of input variables and outputs). However, there were
still other common variables in the two models, with an unknown
impact on the final result. Additionally, there were available variables
that were not utilized.

The lower part of Table 4 displays the common variables used in both
models. These were family size and skipper experience. The latter was
included in two different variables, motivated from the assumption that
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Table 4

Statistics of vessel variables obtained in 2016 in the sample of 52 purse seiners.
SD represents the standard deviation of each sample of variables, Min represents
the absolute minimum and Max the absolute maximum values within each
sample of variables.

Variable Unit Mean SD Min Max
Physical
Input:
Horsepower Hp 303.1 163.3 50.0 730.0
Fuel Liters 32,184.5 12,558.2  9,600.0  72,000.0
(dm®)
Hull length Meters 16.1 2.6 11.0 22.9
Man days at sea  Days 2,660.0 897.4 600.0 4,500.0
Output (catch):
Anchovy Kg 122,139.5  63,063.7 0.0 255,000.0
Scads Kg 34,922.3 47,416.7 0.0 240,000.0
Others Kg 3,624.1 11,3941 0.0 47,600.0
Economic
Input:
Total fixed cost million 298.8 139.6 76.0 724.0
VND
Variable cost million 757.6 280.3 228.0 1,438.5
VND
Loans (dummy)  Yes (1)/ 0.4 0.5 0.0 1.0
No (0)
The cost of man  million 228.22 76.98 51.47 386.03
days at sea VND
Output (revenue):
Anchovy million 1,421.7 734.1 0.0 2,968.2
VND
Scads million 279.4 379.3 0.0 1,920.0
VND
Others million 54.4 170.9 0.0 714.0
VND
Variables used in both physical and economic DEA calculations
Skipper Years 26.8 7.2 11.0 39.0
experience
Skipper Years? 769.0 364.8 121.0 1,521.0
experience
squared
Family size Persons 5.0 1.4 3.0 10.0

an expected positive effect of increasing experience at some point will
decline. Age was assumed to be a proxy of the skipper’s skills. The skills
reflected the ability of the skipper to select the best fishing ground,
manage and supervise the crew in order to increase the catch quantities
(output). The declining rate of increase in skill by age was obtained by a
negative term for the squared age.

Family size was defined by number of members in the skipper’s
household. Livelihood conditions in the community depend on fishing,
and an increase in the number of family members in a skipper’s
household could cause an even greater dependency on fishing activities,
in order to sustain the family. Furthermore, when many adult members
in a fishing household take part in the family’s fishing activities, the
labor force working on a fishing vessel tends to be more stable and labor
costs can be expected to be lower, implying increasing capacity utili-
zation. In this study, family size was considered a proxy of crew
payment.

3. Methodology

A number of different approaches have been used to measure relative
capacity utilization in fisheries. DEA (Castilla-Espino et al., 2014; Lin-
debo et al., 2007; Pascoe and Tingley, 2006; Pham et al., 2014), which is
applied here, is often preferred over stochastic production frontier (SPF)
approach (Kirkley et al., 2002b, 2004; Pascoe and Tingley, 2016), as it is
a relatively simple technique based on a non-parametric approach, not
requiring a specification of the production frontier as for the SPF
approach. Furthermore, DEA can incorporate multiple outputs in the
analysis.

However, there are three main drawbacks that make the
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deterministic DEA problematic for statistical inference. Firstly, all esti-
mates of technical efficiency are sample specific. Although the DEA
method is deterministic, the efficiency is still computed relative to the
estimated rather than the true frontier. The efficiency scores obtained
from a finite sample are subject to sampling variation of the estimated
frontier (Simar and Wilson, 1998).

Secondly, the estimated technical efficiency measures tend to be too
optimistic, due to the fact that the DEA estimate of the production set is
necessarily a weak subset of the true production set under standard
assumptions underlying DEA (Simar and Wilson, 2000). Simar and
Wilson (1998, 2000) proposed a procedure based on the smoothed
bootstrap method to provide statistical inference regarding technical
efficiency measures, including estimation of unbiased confidence in-
tervals of technical efficiency and hypothesis testing, in non-parametric
frontier models.

The third drawback is related the problem of the conventional DEA
two-step approach to explain the sources of firm level efficiency, where
efficiency is estimated in the first stage, and then the estimated effi-
ciencies are regressed on the environmental variables in the second
stage. Simar and Wilson (2007) criticized the DEA technical efficiency
estimates for being serially correlated. Therefore, standard inference
approaches used in the conventional two-step DEA procedure are sta-
tistically invalid.

Based on the advantages of the smoothed bootstrap procedure they
developed in 1998 and 2000, Simar and Wilson (2007) proposed a
double bootstrap procedure (Algorithm 2), which simultaneously pro-
vides not only unbiased confidence intervals for technical efficiency
estimates but also consistent inference for factors explaining efficiency.

The bootstrap is considered as a way to simulate a true sampling
distribution by a Data Generating Process (DGP) from the original data
set (Balcombe et al., 2008; Coelli et al., 2005; Olson and Vu, 2009). The
DEA model applied here is re-estimated with the new data set or the
pseudo replicate data generated by the original data set and this process
is repeated many times to yield the empirical distributions of the esti-
mators of the parameter of interest that give a Monte Carlo approxi-
mation of the sampling distribution and a feasible inference procedure.
The DGP that provides the rationale for Simar and Wilson (2007) double
bootstrap is used to estimate capacity utilization and explain the factors
affecting capacity utilization.

The double bootstrap DEA procedure is performed by the following
seven steps:

The first step is to estimate the capacity utilization (CU) in terms of
input orientation for the 52 purse seiners (j = 1,..,52) in the sample,
based on the DEA framework described by Eq. (1) (see Castilla-Espino
et al. (2006) and Nga et al. (2020)).

CU;(u,x) = mink;

Subject to:

52
U < E aju;;
=

52
> Xt
Axj > ;a]x,, eh)

a; > 0;
52

> a=1
j=1

The capacity utilization (CUj) is a function of outputs (u) and inputs
(x), while 4; denotes the technical efficiency in terms of input orienta-
tion, with a value between zero and one. If the values of CU; equal one
(4; = 1), the vessel capacity is fully utilized, while vessel capacity is not
fully utilized if 0 < CU; < 1. x; is the amount of the fixed and variable
inputs of vessel j employed to produce outputs, while « j is the intensity
variable.

The DEA model above gives us capacity utilization under the
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assumption of Variable Returns to Scale (VRS). Capacity utilization
when assuming Constant Returns to Scale (CRS) can be estimated by

relaxing the constraint Zfzzl aj =1 in expression (1) (Banker et al.,
1984).

The second step uses maximum likelihood theory to estimate j of §
and o, of o in the truncated regression of 17J on Dj as described by:

Y, =py+BDi+e>1 ®))

The left hand side of Eq. (2) is the inverse of the capacity utilization
(the capacity utilization score), l?j =1/ }T] with a value ranging from one
to infinity. D; is the vector of exogenous variables affecting the capacity
utilization of the purse seiners. f is an intercept of the model while f; is
the corresponding vector of parameter values to be estimated by the
truncated regression model. ¢; is a continuous independent and identi-
cally distributed random variable, normally distributed as N(0, ¢2) with
left truncation at (1 — pD;) for each vessel j. It is assumed that ¢; and D;
are strictly independent. In this truncated regression model, ¢; repre-
sents the other exogenous variables outside the model (the effect of the
omitted variables), measurement errors of inputs and outputs, as well as
other stochastic noise components affecting capacity utilization. In other
words, ¢ reflects that the model partly explains the efficiency levels.

The third step of the bootstrap technique is to perform the procedure
100 times in a first loop to get a set of bootstrap efficiency estimates E; =
{?fb} 209, This is done by repeating the following four steps (i-iv) for

each vessel:

i For eachj = 1,..., 52, ¢ is normally distributed N(O, ?ff).
ii For each j = 1,..., 52, compute Y, = 30 + Djﬁj + &
iii Construct a pseudo data set (Xj*, Yf), where X; = (17] / Y;)Xj and
Y, =Y.
iv Using the pseudo data set and expression (1), calculate pseudo effi-

ciency estimates ?f = 1//1:-* forallj=1,..., 52.

The next step is for each j = 1,..., 52, to calculate the bias-corrected

estimator ¥; = ¥j — bias(?j) where the bias term is bias(?j) =

(1 /L1 Zf,lzl 2}‘;) - 171 In this case, L; is the first loop repeated 100

times.
The fifth step is to apply truncated maximum likelihood to the data

set, regressing 17] on D; in order to calculate estimates B and ..
Then, the bootstrap technique is applied on the truncated regression

model by repeating the following three steps (i-iii) 2000 times in the

second loop, to generate a set of bootstrap estimates F =

—~ 2000
(7))
b J b=1

i Foreachj=1,...,, 52, ¢ is drawn from a N(O, :7/:8) distribution.
ii For eachj =1,..., 52, compute Yi* = po+Djpi+e

iii Adopting truncated maximum likelihood, regress Y;* on D; to

calculate estimates /* and .

The last step is to use the bootstrap estimates F and the estimates

and o, generated in the fifth step to construct confidence intervals for
Bo, Bj» and o.. The (1 —a) percent confidence interval of f; is con-
structed as the probability statement below:

Pr<7b,l/2 < 73]? — ﬂAJ < —aa/2> ~ 1 — a such that the estimated con-

fidence interval for g, is {/?j + a0, /?] +bys } . Similarly, the estimated
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confidence interval for f, is | o + @) Bo + by |-

Two main points should be considered when applying the double
bootstrap as described above. The first point is that steps three and four
employ a parametric bootstrap in the first-stage problem to produce

bias-corrected estimates of technical efficiency, g, The parametric
structure assumed in Algorithm 2, ¢(Z;, §) = Z;, shows that the double
bootstrap adjusts the estimates, based not only on the input and output
information but also on sociological factors. This idea has a link to the
parametric approach of technical analysis, the stochastic production
function proposed by Battese and Coelli (1995).

The second point referred to above is that in order to explain the
sources of vessel efficiency, the truncated regression analysis is con-
ducted in the last steps (referred to above) to explain factors affecting
the bias-corrected capacity utilization. Since the dependent variable in
Eq. (2) is the reciprocal of capacity utilization, a positive relationship
between capacity utilization and the independent variable exists if the
sign of the estimated coefficient is negative, and a negative relationship
exists if this coefficient obtains a positive value (Balcombe et al., 2008;
Long et al., 2020).

Since the estimated input oriented capacity utilization obtains values
between zero and one, it creates a censoring problem where these values
are removed when estimating the Tobit model or some OLS regression
models (Burgess and Wilson, 1998). Therefore, performing a truncated
regression with a maximum likelihood method for Eq. (2) avoids this
boundary problem. Simar and Wilson (2007) advocated the use of a
truncated regression model that explicitly takes into account the boun-
ded domain of the DEA efficiency estimates.

This study used R software with the rDEA package created by Simm
and Besstremyannaya (2016). The double bootstrap DEA procedure was
employed separately for each of the approaches. This method had two
stages. The first stage, in case of the physically based capacity utilization
(physical model), estimated capacity utilization by physical inputs (hull
length, horsepower, fuel, and man days at sea) and outputs (catch of
anchovy, scads, and others), as presented in Table 4. The second stage
employed the truncated regression model in which the different vari-
ables, such as fishing experience (with the two different variables) and
family size (in the lower part in Table 4), were assumed to affect the
level of capacity utilization. The variables of the initial physical model
were estimated simultaneously along with those included in the boot-
strapping. One hundred replications were used for the first loop to
compute bias-corrected efficiency estimates and two thousand replica-
tions for the second loop, where the truncated regression model for the
physical measures was bootstrapped. Similarly, this procedure was also
applied for the economic data where the first-stage estimates the
economically based capacity utilization (economic model) by using the
economic inputs (total fixed cost, variable cost, loans, and the cost of
man days at sea) and outputs (revenue of anchovy, revenue of scads, and
revenue of others) as reflected in Table 4. The different variables in the
lower part of Table 4 show the factors affecting the economically based
capacity utilization via the truncated regression model in the second
stage.

This study also applied joint models, using economic inputs and
physical outputs, and vice versa, as well as combinations of physical and
economic inputs and outputs. Results from these joint models are
assessed in the discussion section.

4. Results

VRS was selected for both models in the estimation of capacity uti-
lization in this paper. A number of possible factors not included in Eq.
(1) could potentially cause fishers not to operate optimally, such as
environmental fluctuations, constraints on financing, and different
socio-economic characteristics (Coelli et al., 2005). The VRS DEA model
might indirectly accommodate some of these factors better than the CRS
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model.

Fig. 1 shows the estimated capacity utilizations using the physical
versus economic model when applying the double bootstrap DEA
method (see the black dots). Table 5 shows an average physically based
capacity utilization of 0.889, while the average economically based
capacity utilization was 0.828. In addition, the lower and upper
boundaries of the 95 % confidence interval for the physically based
capacity utilization were 0.846 and 0.954, respectively, which suggests
that the amount an “average” vessel could reduce its input by increased
physically based capacity efficiency ranged from about 5% to more than
15 %. The lower and upper boundaries of the 95 % confidence interval
for the economically based capacity utilization were 0.77 and 0.928,
respectively, which suggests that the cost of inputs an “average” vessel
could reduce by increased economically based capacity efficiency
ranged from 7.2%-23%. The median comparison test revealed no sig-
nificant difference between physical and economic input oriented ca-
pacity utilization at the 5% level.

Table 6 shows that the physically based capacity utilization
increased with the experience of the skippers, but at a decreasing rate.
However, these results were statistically significant at the 10 % level for
the physical model only as presented in Table 6. A negative but not
significant relationship was found between family size (used as a proxy
for payment of crews) and capacity utilization in both models.

We observe from Table 6 that the size of the intercepts of these
truncated regression models differ, indicating different random noise
impacts on the models. However, only the intercept of the physical
model was statistically significant, at the 5% level. Moreover, the
finding of the truncated regression model regarding the physically based
capacity utilization score indicates that the standard deviation of the
error of this model was smaller than that of the economic method (see
Table 6).

The differences between the estimates of the two truncated regres-
sion models could be explained as a measurement error, and differences
in the use of input measures when calculating physically and economi-
cally based capacity utilizations. In addition, other factors affecting
capacity efficiency include the impact of subsidies, the political argu-
ments for subsidies, variability in weather conditions, stock sizes and
distributions, and possible market variations. However, such variables
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Fig. 1. Physically and economically based capacity utilizations estimated using
the double bootstrap DEA method. The diagonal represents the perfect fit be-
tween the capacity utilizations of the two measures. The open circle represents

the average values of the two methods and the dashed lines, the corresponding
95 % confidence intervals in both directions.
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Table 5

Calculated capacity utilization (CU) in the sample of 52 purse seiners, based on
the double bootstrap DEA method. CUp: physically based capacity utilization,
CUg: economically based capacity utilization. SD refers to standard deviation
and CI to the 95 % confidence interval.

Criteria ~ Median  Average SD Min Max Lower Upper
CI CI
CUp 0.912 0.889 0.057 0.720 0.965 0.846 0.954
CUg 0.870 0.828 0.096 0.512 0.934 0.770 0.928
Table 6

Determinants of the capacity utilization scores (the inverse of physically and
economically based capacity utilizations) while using double bootstrap estima-
tion. The first column presents the coefficients while using physical measures
and the second, the corresponding figures while using economic measures.

Variable Coefficients while using  Coefficients while using
physical measures economic measures

Intercept 1.1293** 0.4899 *

Skipper experience —0.0275* —0.0542

Skipper experience® 0.0007** 0.0019

Family size 0.0194 —0.0201

Standard deviation of errors 0.1294 0.4072

in the truncated regression

,*: Significant at the levels of 5% and 10 %, respectively.
were not addressed in this study.
5. Discussion and conclusion

Even though the estimated average capacity utilization found by
physical variables was slightly higher than the average of economically
based variables, there was no significant difference between the two
when doing the median comparison test. Collection of economic data is
often dependent on fisher’s self-reports regarding their costs, revenues,
and profits, which may be less accurate than the physical data. On the
other hand, physical data only indirectly reflect the economic realities,
but could substitute missing economic measures. Hence, there are issues
of uncertainty in the use of both methods, which may also explain why
we were unable to differ between the capacity utilizations found by the
two methods in this study.

Compared with the technical efficiency of the US mid-Atlantic sea
scallop dredge fleet, which had an average bias-corrected technical ef-
ficiency of 0.82 using Simar and Wilson’s bootstrap (Walden, 2006), the
Nha Trang purse seine fishery was more efficient when using the
physical measure. In the case of the economic measure, the Nha Trang
purse seine fishery was equally as efficient as the US fishery. In general,
this shows that the two fisheries were quite close to each other in terms
of relative efficiency.

Regarding the factors affecting capacity utilizations, Nga et al.
(2020) showed that capacity utilization is an increasing function of
skippers’ fishing experience, but at a decreasing rate. The estimated
parameter values were statistically significant at the 10 % level when
assuming a single output (total revenue) in the Nha Trang purse seine
fishery. This corresponds to the current study. Family size did not in-
fluence capacity utilization in this paper, whereas Nga et al. (2020)
found that family size positively affected capacity utilization (signifi-
cantly at the 10 % level). In contrast to Nga et al. (2020); Ngoc et al.
(2009) found that family size negatively affected the technical efficiency
of a Nha Trang trawl fishery and skippers’ fishing experience positively
influenced the technical efficiency when assuming a linear relationship.
However, the latter estimate was not found to be statistically significant.

The physical and economic measures of the fixed inputs were highly
correlated. Additionally, the variable inputs (fuel, variable cost, and
man days at sea) showed high correlation coefficients. The correlation
matrix in Table 2 shows a larger variety in the correlations between
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input variables and output measures. When the coefficients of the var-
iables in the lower part in Table 4 do not significantly differ from zero (at
the 5% level) (Table 6), fixed costs, variable costs, loans, the cost of man
days at sea, revenue of anchovy, revenue of scads, and revenue of others,
are economic variables affecting capacity utilization. Correspondingly,
horsepower, hull length, fuel, man days at sea, anchovy, scads, and
others are physical variables affecting capacity utilization. The results
presented in Table 5 are consistent with the hypothesis that there were
significant differences in capacity utilization when using physical and
economic measures in the data set, both in average values and ranges. In
addition, the average physically based capacity utilization was higher
than the average economically based capacity utilization, while about
65 % of all vessels showed quite similar efficiency levels using the two
measures (see Fig. 1). Moreover, the width of the 95 % confidence in-
terval for capacity utilization using physical measures was 0.11, and for
capacity utilization using economic measures it was 0.16 (see Table 5).
This indicates that there was lower statistical uncertainty in the capacity
efficiency estimate using physical measures. This may be due to physical
data being more robust and more easily identifiable than economic data.

Furthermore, in this study sample, six vessels in particular displayed
a large difference in capacity utilization between the two methods. Six of
the 52 purse seiners had capacity utilization values between 50-75 %
while using economic measures, while the corresponding capacity uti-
lization range was 80-90 % for the physical variables. The difference in
capacity utilization ranged between about 30 % to more than 50 %
between the uses of physical versus economic variables for these six
vessels. These six vessels had relatively high costs in common, which
strongly impacted the capacity utilization measured by economic input
variables. Some factors may explain this. The six vessels were old vessels
with relatively large expenditures for repairs and maintenance. Old
engines and time spent maintaining the vessels also affected fishing ef-
ficiency. Three of the vessels in question also had large loans, reducing
their capacity utilization level when using economic variables. This was
not reflected in the physical variables, which may explain some of the
large differences in the estimates using the two methods for these
vessels.

If the six vessels referred to above are treated as outliers and
excluded from the dataset, the average physically based capacity utili-
zation would be 0.897, and the corresponding average economically
based capacity utilization 0.866 when using the double bootstrap DEA
procedure. A median comparison test (non-parametric test) showed no
significant difference between the two at a 5% significance level.
Regarding factors affecting the two methods of measuring capacity
utilization, only skipper experience (embedded in two different vari-
ables) significantly (at the 5% level) influenced physically and
economically based capacity utilizations.

Loans were represented by a dummy variable in the economic model
since the actual size of each loan was unknown. Hence, there may be
substantial differences between the vessels having loans (for example,
10 million VND versus 10 billion VND) that were not reflected in the
dummy variable. Such differences may play a role in the different ca-
pacity utilization estimates found for the two models.

The findings above show that excess capacity existed in the purse
seine fleet in the year studied. This represents an economic loss and may
indicate a potential threat of overfishing. If the excess capacity is fully
utilized, the overfishing issue could become more critical. However, this
study cannot determine whether the purse seine fishery is characterized
by overcapacity over time, as the crucial biological factors are unknown,
and the data were collected over one year only. However, the results
show that five vessels had low relative capacity efficiency using the
economic measures. It is not known if these vessels were more efficient
in other years, due to factors such as changes in fish distribution patterns
or weather conditions. Random noise in production potentially plays a
significant role in fisheries, possibly reflected in fleet diversity (Nga
et al., 2020).

Fisheries are traditionally characterized by a high degree of
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stochasticity in catches due to factors such as stock and price fluctua-
tions, weather, and luck, that also may affect efficiency (Fousekis and
Klonaris, 2003; Jeon et al., 2006; Ngoc et al., 2009). Although these
variables were not part of our survey, the intercept of the truncated
regression model may include the impacts of these variables on capacity
utilizations, though only statistically significant at the 5% level for the
physical model (see Table 6). This study suggests that the double
bootstrap DEA method could be used more widely in fishery efficiency
studies in which random noise significantly affects the production pro-
cess. In this study, possible effects of stock changes over time were not
included. Hence, a further study should preferably include panel data to
measure the change in capacity utilization over several years.

Most fishery managers worldwide apply physical data to manage
fisheries while fishers largely consider economic data such as revenues
and costs in order to determine the economic status of their fishing
operations on an annual basis. The findings here indicate that there is no
significant difference in estimated capacity utilization measures when
using physical versus economic data in a Vietnamese purse seine fishery.
Clearly, physical data for estimating capacity utilization provide useful
information for policy makers regarding the situation in a fishery. Such
estimations may be expanded in cases where economic data are easily
obtained. The additional benefits of considering economic information
may, on the margin, be important, particularly if fleet reduction schemes
are to be implemented (Pascoe and Tingley, 2006). This study shows the
importance of not only collecting physical data but also economic data if
that is possible. The combined data give a better understanding of the
condition of the fishery and could provide a better background for the
development of management policies for sustainable fisheries in the
future.

We also applied joint models, using economic inputs and physical
outputs, and vice versa, as well as combinations of physical and eco-
nomic inputs and outputs. Applying the double bootstrap DEA method,
we obtained a capacity utilization indicator equal 0.895 when using
horsepower, fuel, hull length, and man days at sea as inputs, and reve-
nues of anchovy, scads, and others as outputs. The indicator was 0.822
when using variable costs, loans, fixed costs, and the cost of man days at
sea as inputs, and catch quantities of anchovy, scads, and others as
outputs. The capacity utilization indicator equaled 0.817 when
employing fuel, loans, fixed costs, and man days at sea as inputs, and the
catch quantities of anchovy, scads, and others as outputs. The corre-
sponding value was 0.814 when using fuel, loans, fixed costs, man days
at sea as inputs and revenue of anchovy, scads, and others as outputs.
The indicator equaled 0.897 when applying horsepower, hull length,
loans, variable costs, and the cost of man days at sea as inputs and
revenue of anchovy, revenue of scads, and revenue of others as outputs.
Finally, the capacity utilization indicator equaled 0.891 when applying
horsepower, hull length, loans, variable costs, and the cost of man days
at sea as inputs and catch quantities of anchovy, scads, and others as
outputs. When using a 5% significance level, the first estimated capacity
utilization indicator listed here (0.895) was significantly different from
the CUg, but not from the CUp, The three next cases (indicators of 0.822,
0.817, and 0.814) had the opposite properties, being significantly
different from the CUp but not from the CUg. The two last cases (in-
dicators of 0.897 and 0.891) were related to the CUg and CUp as the first
case. In general, the higher indicator values systematically significantly
differed from the CUg, while the relatively lower values differed from
the CUp.

Regarding the factors affecting capacity utilization when mixing
physical and economic input and output measures as presented above
(the joint models), we found that no factors significantly affected ca-
pacity utilization at the level of 5%. However, skipper experience
significantly affected the first model at the 10 % level.

The average physically and economically based capacity utilizations
of the fleet were 0.889 (estimated to be 0.846 at the lower limit and
0.954 at the upper limit of the 95 % confidence interval) and 0.828
(estimated to be 0.770 at the lower limit and 0.928 at the upper limit of
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the 95 % confidence interval), respectively when using the double
bootstrap DEA. This indicates that to sustain the current catch levels,
expected inputs should be reduced by 4.6-15.4 % based on the physical
measures and 7.2-23 % based on the economic measures. In the last
decade, the development of the Nha Trang purse seine fleet has been
enhanced by subsidies. In general, it is acknowledged that subsidies may
lead to an economically inefficient industry and an increase in the
probability that fish stocks will be exploited beyond their biological
limits (Sumaila et al., 2007). Instead of financial support, other types of
governmental support (such as training fishermen, providing informa-
tion on the state of fish stocks, weather forecasts, rescue and life-saving
activities in high seas) do not increase fleet capacity and avoid further
effort expansion.

Non-parametric DEA is based on the assumption that all the observed
units belong to the attainable set. In such deterministic frontier models,
statistical inference is now achievable by the use of bootstrap proced-
ures. However, noise was not considered in the DGP of the bootstrap
procedures proposed by Simar and Wilson (2008) (see Simar and Zele-
nyuk, 2011). In the presence of noise, envelopment estimators could
behave dramatically since they may be very sensitive to extreme ob-
servations that might result only from noise. Due to the stochastic nature
of fisheries, future studies could beneficially consider some procedures,
for example those proposed by Simar (2007) and Simar and Zelenyuk
(2011), who introduced noise in non-parametric frontier models (see
also Olesen and Petersen, 2016).
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