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In many low-valued fisheries, the quantity and types of data that might be a v ailable to support fisheries management are often limited. Generally, 
information on the economic performance of the fishery is low in priority in these fisheries. Basic catch and effort information, however, may 
contain implicit information about economic performance of the vessels. From these data, technical efficiency scores and measures of capacity 
utilization can be deriv ed. T he technical efficiency score can provide a proxy measure of the distribution of economic performance, while changes 
in capacity utilization theoretically reflect changes in the economic conditions in the fishery. Given this, changes in these measures o v er time 
should also reflect changes in economic outcomes and performance. To test this, we use data from a data-rich fishery, including catch and effort 
information as well as detailed economic information (i.e. vessel-level profit abilit y). Key technical performance measures are estimated using 
data en v elopment analy sis and compared with the economic performance measures. We show that these technical performance measures can 
provide useful indicators of changes in economic performance when economic information is not available. 
Keywords: capacity utilization, economic performance indicators, fisheries management, technical efficiency. 
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Introduction 

In many low-value fisheries, and in low-income coastal na- 
tions, the high cost of data collection relative to the value of 
the fishery limits the quantity and types of data that might 
be available to support fisheries management. Often, lowest 
in priority in the list of data to be collected is information 

on the economic performance of the fishery, as monitoring re- 
source sustainability usually takes precedence. This has been 

identified as a common legacy problem of fisheries manage- 
ment, which is largely seen primarily as having a biological 
focus (Hanna, 2011 ). Considering economic performance as- 
pects in fisheries management can provide useful information 

about behavioural incentives that underly fleet behaviour, as 
well as understanding the extent to which any economic ob- 
jectives are being achieved. However, even in higher-value fish- 
eries, a lack of investment in the collection and analysis of eco- 
nomic data is a common barrier to incorporating economics 
into fisheries management (Hilborn et al., 2005 ; Emery et al.,
2017 ). Where economic data are collected, time delays in col- 
lection, processing, and publication often result in these data 
being out of date. 

However, basic catch and effort information are more com- 
monly collected in most fisheries. With increased use of elec- 
tronic submission processes, these data are often real time 
or close to real time. Given revenue is related to the level 
and composition of catch, and costs are related to fishing 
effort, such data may reflect the real-time economic per- 
formance of the fleet. For example, Cambiè et al. (2012) 
suggested that indicators of vessel profitability might in- 
clude simple technical performance measures such as av- 
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rage catch or revenue per capacity unit (i.e. vessel gross
onnage). 

Productivity analysis provides a potential means to relate 
hanges in catch and effort with changes in economic perfor-
ance. Productivity analysis relates the level of output to the

evels of inputs as a technical measure of performance. Dif-
erences in these measures between individuals and/or over 
ime reflect changes in technical efficiency. That is, how well
nputs are used by an individual fisher/vessel to produce out-
uts relative to others. A related measure, capacity utilization,
stimates the extent to which fixed inputs (e.g. boats) are op-
rating at their full capacity, with underutilization indicating 
he presence of excess capacity. 

The estimation of technical efficiency from such data has 
lso been undertaken for a wide variety of fisheries. For ex-
mple, technical efficiency has been estimated for trawl fish- 
ries (e.g. Hannesson et al., 1981 ; Kirkley et al., 1995 ; Kompas
t al., 2004 ; Färe et al., 2006 ; Greenville et al., 2006 ; Pascoe
t al. , 2007 ; V inuya, 2010 ; Guttormsen and Roll, 2011 ; Pas-
oe et al., 2012 , 2017 , 2018 ; Solís et al., 2015 ; Green, 2016 ),
obster and crab fisheries (e.g. Pascoe et al., 2013a ; Rust et
l., 2017 ; Schrobback et al., 2023 ), small pelagic fisheries (e.g.
arcía del Hoyo et al., 2004 ; Estrada et al., 2018 ), and tuna

ongline fisheries (e.g. Sharma and Leung, 1998 ; New, 2012 ;
guyen et al., 2022 ). Similarly, estimates of capacity utiliza-

ion have been undertaken in a wide range of fisheries across
he EU (e.g. Tingley et al., 2003 ; Vestergaard et al., 2003 ; Es-
ino et al., 2005 ; Pascoe and Tingley, 2006 ; Lindebo et al.,
007 ; Tsitsika et al., 2008 ; Idda et al., 2009 ; Castilla-Espino
t al., 2014 ; Pinello et al., 2016 ), Asia (e.g. Reid et al., 2003 ),
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Figure 1. Difference in profits for an efficient and inefficient vessel using the same level of inputs. 
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he USA (e.g. Kirkley et al., 2002 ; Felthoven et al., 2009 ), Aus-
ralia (e.g. Pascoe et al., 2013b ; Schrobback et al., 2015 ; Rust
t al., 2017 ), and Canada (e.g. Dupont et al., 2002 ; Squires et
l., 2010 ). A recent review of applications of efficiency and ca-
acity utilization in fisheries is provided by Van Nguyen and
ee (2023) . 

While changes in efficiency and capacity utilization in many
f these studies were undertaken to assess changes in manage-
ent, or the importance of socio-demographic or technologi-

al drivers in the fishery, such measures also related theoreti-
ally to profitability (Diewert, 1971 ). Maximizing production
iven a set of inputs is the dual of minimizing costs given a
et of outputs, based on Shephard’s duality theory (Shephard,
970 ). As a result, technical efficiency should provide a proxy
easure of economic performance. Similarly, assuming profit
aximizing behaviour of fishers, then changes in capacity uti-

ization theoretically reflect changes in the economic condi-
ions in the fishery. 

In this paper, we use data envelopment analysis (DEA) to
stimate technical efficiency and capacity utilization as bench-
ark performance metrics relating to Australia’s Northern
rawn Fishery—a data-rich fishery in terms of both economic
nd catch-effort data. We then compare these metrics (here-
fter termed technical performance measures) to other eco-
omic metrics (gross margins, boat cash profits, and full eq-
ity profits) to determine the extent to which technical perfor-
ance measures may provide useful indicators of changes in

conomic performance. If technical performance measures are
ound to have similar trends to other economic metrics, these
easures can be used as proxy for monitoring changes in fish-

ry economic performance in the absence of detail economic
ata. 

aterial and methods 

heoretical link between technical efficiency, 
apacity utilization, and changes in economic 

erformance 

he concept of a production function derives directly from
rofit maximization (Diewert, 1971 ), where individual pro-
ucers aim to choose the combination of inputs that produce
he most output at least cost (Fuss and McFadden, 1978 ).
rom Shephard’s duality theory (Shephard, 1970 ), maximiz-
 b  
ng production given a set of inputs is the dual of minimizing
osts given a set of outputs. 

The methods underlying productivity analysis have a long
edigree in economic analysis; Debreu (1951) and Koopmans
1951) introduced the concept of a production frontier, where
eviations from the frontier reflected measures of the technical
fficiency of the individual producer. Farrell (1957) developed
 simple measure of the level of efficiency as the ratio of actual
o potential (frontier) output. From these, a range of paramet-
ic (e.g. Aigner et al., 1977 ) and non-parametric approaches
e.g. Charnes et al., 1978 ; Färe and Grosskopf, 1983 ) have
een developed to empirically estimate the frontier and mea-
ure these deviations. 

The key measures examined in this study are output-
riented technical efficiency and capacity utilization. Output-
riented technical efficiency represents the extent to which
utputs are being maximized given the set of all inputs used
i.e. fixed and variable), while capacity utilization represents
he extent to which outputs are being maximized given the set
f fixed inputs used. As capacity utilization also includes an
lement of technical efficiency, this is usually removed to pro-
ide an “unbiased” estimate of capacity utilization (Färe et al.,
989 ). 
These measures, while conceptually similar, have different

mplications in terms of vessel profitability. If a vessel is inef-
cient, it is producing less catch than an efficient vessel with
he same level of inputs. This means it has lower revenue with
ame costs, and hence lower profits than if the vessel operated
fficiently. This can be seen in Figure 1 , where the inefficient
essel has the same fixed and variable costs as its equivalent
fficient, but lower total revenue and hence lower profits. 

Over time, it would be expected that if average technical ef-
ciency increases, then average profitability of the fleet would
lso most likely increase. Conversely, if average technical ef-
ciency decreases, then average profitability of the fleet also
ost likely decreases. We say most likely, as profitability of

ven efficient vessels may change due to changes in input and
utput prices. Ceteris paribus , however, we would expect this
elationship to hold. 

In resource-based industries, such as fisheries, economic
erformance will also vary with the level of the resource. In
eriods of high stock levels, catch per unit of fishing effort is
xpected to be higher than in periods of lower stock, and hence
rofits are also expected to be higher. This effect will manifest
etween time periods rather than between individual vessels,
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Figure 2. Difference in profits for a fully and under-utilized vessel. 
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as all vessels will be subject to similar, if not the same, stock 

conditions. 
In contrast, capacity utilization is linked directly to the 

economic conditions in the fishery. While technical efficiency 
measures difference in output given a set of inputs (both fixed 

and variable), capacity utilization relates to output differences 
as a result of different levels of use of variable inputs, usu- 
ally represented by some measure of fishing effort such as 
days fished. This in turn depends on the relative marginal 
cost of fishing and the marginal revenue from an additional 
unit of fishing effort. With evidence from many fisheries that 
fishers do aim to maximize individual profits (e.g. Dupont,
1993 ; Robinson and Pascoe, 1997 ; Pascoe and Robinson,
1998 ; Poos et al., 2013 ; Alizadeh Ashrafi et al., 2020 ; Alizadeh 

Ashrafi and Abe, 2021 ), it would be expected that fishers ad- 
just their level of fishing effort (and hence capacity utilization) 
in response to changes in prices, catch rates, or costs. 

The implications of capacity utilization as a measure of fish- 
eries economic performance, then, is more nuanced than that 
of technical efficiency. Within a year, differences in capacity 
utilization between vessels may reflect differences in access to 

the resource. For example, ports nearer to the main fishing 
grounds would have lower access costs and potentially higher 
levels of capacity utilization (Tingley and Pascoe, 2005 ; Poos 
et al., 2013 ). Hence, it would be expected that under-utilized 

vessels have lower levels of fishing profits, even though vari- 
able costs are also lower ( Figure 2 ), and both may be maxi- 
mizing their individual profits given their individual circum- 
stances. 

As with technical efficiency, changes in average capacity uti- 
lization for the fleet over time are also likely to provide infor- 
mation on fisheries economic performance. Over time, if aver- 
age capacity utilization increases, then this most likely reflects 
improved economic conditions in the fishery and subsequently 
profitability, on average, of individual vessels is also most 
likely to have increased. Conversely, declines in average capac- 
ity utilization are most likely indicative of less favourable eco- 
nomic conditions in the fishery and consequently lower profits 
on average. 

Fisheries management can also impact both technical ef- 
ficiency and capacity utilization, and many previous studies 
of technical performance in fisheries have focused on the ef- 
fects of management on these measures (e.g. Felthoven, 2002 ; 
Walden et al., 2003 ; Greenville et al., 2006 ; Pascoe et al.,
2012 ). Restrictions imposed by fisheries management that im- 
act technical efficiency and/or capacity utilization will also 

ave consequent implications for vessel profitability. The aim 

f this study, however, is not to assess the impacts of manage-
ent on technical performance measures nor vessel profitabil- 

ty, but to explore the potential of the relationship between
echnical performance measures and economic performance 
s a proxy for monitoring changes in fishery economic perfor-
ance when economic data are limited. 

ata envelopment analysis (DEA) 

e used data envelopment analysis (DEA) to assess the differ-
nt technical performance measures. DEA is well established 

n the economics literature for productivity analysis (Färe et 
l., 1989 , 2000 ; Färe and Grosskopf, 2000 ), and in fisheries in
articular (e.g. Reid et al. , 2003 ; T ingley et al., 2003 ; Walden
t al., 2003 ; Vestergaard et al., 2003 ; Herrero, 2005 ; Pascoe
nd Tingley, 2006 ; Maravelias and T sitsika, 2008 ; T sitsika et
l., 2008 ). Stochastic production frontiers are often consid- 
red better at estimating technical efficiency in fisheries due to
he often high degree of “luck” involved in fishing, particu- 
arly when efficiency is conserved over a small time step (e.g.
 day, week, or month) (Lee and Holland, 2000 ; Tingley et al.,
005 ). With less frequent data (e.g. annual), however, short-
erm variations due to “luck” may be averaged out, with stud-
es applying DEA to lower-frequency data being found to be
ess sensitive to stochastic error (Ruggiero, 2007 ). DEA is also
enerally considered better for capacity estimation in multi- 
pecies fisheries (Färe et al., 2000 ; Pascoe et al., 2003 ; Tingley
t al., 2003 ). As we are interested in both technical efficiency
nd capacity utilization, the use of DEA as a common mea-
urement framework was considered the most appropriate. 

The general form of the output-oriented DEA model is
iven by: 

Max �1 . (1) 

ubject to 

�1 y 1 ,m 

≤
∑ 

j 

z j y j,m 

m ∈ M, (2) 

∑ 

j 

z j x j,n ≤ x 1 ,n n ∈ N, (3) 

here �1 is a scalar showing by how much the production
f each firm can increase output, y j , m 

is amount of output
 by firm j , x j , n is amount of input n used by boat j and z j 
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re weighting factors. The set of inputs ( N ) can be separated
nto fixed and variable factors. For capacity estimation, only
xed inputs are considered in the analysis (i.e. included in the
et N ), while technical efficiency estimation involves the in-
lusion of both fixed and variable inputs. Variable returns to
cale can be imposed by adding a further restriction of 

∑ 

j z j =
 . Without this restriction, constant returns to scale are
mposed. 

The same model is used for both estimation of technical ef-
ciency and capacity utilization, the difference being the treat-
ent of variable inputs. Capacity output is defined as �1 mul-

iplied by observed output ( u ), using fixed inputs only in the
odel. This also assumes that all inputs are used efficiently at

heir optimal capacity. Therefore, this measure represents the
echnically efficient capacity utilization (TECU), and is given
y: 

T ECU = y • (�1 y ) 
−1 = �−1 

1 . (4) 

The measure of TECU ranges from 0 to 1, with 1 being full
apacity utilization (i.e. 100% of capacity). Values < 1 indicate
hat the firm is operating at less than its full output potential
iven the set of fixed inputs. 

In practice, this measure reflects both technical efficiency
nd capacity utilization. It is likely to be biased downwards
s part of the increase in output may be due to improved ef-
ciency as well as improved capacity utilization (Färe et al.,
989 ). Hence, an adjustment is necessary to separate out the
apacity utilization component to correct for this bias. An ad-
usted or “unbiased” estimate of capacity utilization can be
stimated by: 

C U = T EC U • T E 

−1 = �2 • �−1 
1 , (5) 

here �2 represents the extent to which output can increase
hrough using all inputs efficiently (i.e. including both fixed
nd variable inputs into the model analysis), and TE is the
stimated level of technical efficiency, given by: 

T E = �−1 
2 . (6) 

This “unbiased” measure also has other advantages. As
oted previously, DEA is often criticized as a means of es-
imating efficiency as it does not account for random error.
owever, as any distorting effects of random error are similar

at least in terms of direction) in both �1 and �2 , the ratio
f the two is less affected by random noise (Holland and Lee,
002 ). 
From these measures, we can also derive an estimate of scale

fficiency, which provides an indication as to how close the
essel is to its optimal scale. Productivity, expresses as total
utput per unit input, is greatest at the point where returns to
cale are equal to 1 (Coelli et al., 1998 ). A measure of scale
fficiency is estimated as the ratio of technical efficiency with
ariable returns to scale (i.e. 

∑ 

z j = 1 ) compared with techni-
al efficiency with constant returns to scale imposed (Coelli et
l., 1998 ), which provides a measure as to how close a vessel
s to the (technically) optimal scale (Orea, 2002 ). 

Given information on prices of each of the species, alloca-
ive efficiency can also be estimated. This reflects the degree to
hich fishers are catching the revenue-maximizing combina-

ion of species. As we are considering data-limited situations
where even price information may be unavailable), allocative
fficiency was not estimated for the main analysis. Allocative
fficiency, however, is estimated and discussed further in the
upporting Information. 
ealing with stock in DEA 

he fish stock is a significant input into the fisheries produc-
ion process. Treatment of stocks in DEA models, however,
s complex. A common approach is to estimate the techni-
al performance measures in each time period separately on
he assumption that all fishers face the same stock conditions
qually (Tingley et al., 2003 ; Schrobback et al., 2023 ), or use
EA window analysis to compare vessels over different “win-
ows”of time (e.g. Vázquez-Rowe and Tyedmers, 2013 ). This,
owever, makes assessing changes in technical performance
ver time difficult. Where stock information is available, these
an be included as non-discretionary inputs (Andersen, 2005 ).
or multi-species fisheries, a composite stock index may also
e appropriate (Duy and Flaaten, 2016 ). 
The impact of stock on the catch of each vessel is not nec-

ssarily homogeneous. Even within a single year, spatial and
emporal differences in stock abundance and the response of
shers to these will manifest as part of the efficiency measure
or the individual vessels. Excluding stock all together from
he analysis and estimating efficiency over time provides a TE
core that is a combination of both technical efficiency and
tock condition (and its impact on production). This com-
ined effect is expected to be of more relevance to economic
erformance and allows for differences in individual fisher
kill as well as the effects of spatio-temporal variations in rela-
ive stock abundance on production to be captured. This com-
ined measure also captures the impact of any changes in tech-
ology. 
This measure is estimated by comparing observations

cross the entire time series. An estimate of the stock effect
ach year (and the influence of any technological change) can
e derived by dividing this combined TE-stock measure by the
E measure estimated in each year separately. 

ase study data 

he analysis uses data from the Australian Northern Prawn
ishery (NPF). This multispecies fishery was selected as a case
tudy as it is data rich in terms of both economic and catch
nd effort data. Further details on the fishery are given in the
upporting Information. 

The fishery has a long history of efficiency and productiv-
ty analysis. Earlier studies tended to focus on the separate
ub-fisheries. For example, Kompas et al. (2004 , 2009) exam-
ned the relationship between input controls and technical ef-
ciency levels for the banana prawn component of the fishery;
ascoe et al. (2010) examined targeting ability for individual
pecies in the multispecies tiger prawn fishery using a multi-
pecies distance function; Pascoe et al. (2012) examined the
mpact of the effort reduction (buyback) programme on effi-
iency in the tiger prawn fishery; Pascoe et al. (2018) examined
hanges in efficiency over the banana prawn fishing season
nd implications for setting the MEY trigger; and Van Nguyen
t al. (2021) examined the sensitivity of model functional form
n the efficiency estimates for the banana prawn fishery. Only
ne study to date has estimated efficiency across the whole
shery: O’Donnell (2013) used aggregate fishery level data to
stimate measures of total factor productivity change, envi-
onmental change, technical efficiency change, and scale effi-
iency change over time in the fishery between 1974 and 2010.

Vessel level catch and effort data were obtained from Aus-
ralian Fisheries Management Authority (AFMA) logbooks
overing the period 1999–2000 to 2019–2020. For consis-
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tency with the available economic data, catch and effort for 
each vessel were aggregated to a financial year level, with sep- 
arate catch values for common banana prawns, redleg banana 
prawns, tiger prawns (combining both brown and grooved 

tiger prawns), endeavour prawns (red and blue endeavour 
combined), and other prawn species (see Supporting Informa- 
tion). In total, 1521 observations were obtained, covering 160 

different vessels that operated for at least 1 year in the fishery.
Of the 52 vessels currently in the fishery, 35 operated over the 
full time period of the data ( Supplementary Figure S1 ). 

Vessel information also included details on the number of 
days fished, engine power, and vessel length. Information on 

hours fished was also available, but this was considered inac- 
curate for the earlier years in the time series so was not used 

in this study. 
Price information was also compiled at a financial year (an- 

nual) level for each of the species. These were derived from 

reports by the Australian Bureau of Agriculture and Resource 
Economics and Sciences (ABARES) (e.g. Steven et al., 2020 ) 
as well as industry-provided price data used in the stock as- 
sessment process and estimation of the trigger catch rates. 

Economic data (vessel-level costs and earnings) over the 
same period were derived from ABARES economic surveys 
(e.g. Bath and Green, 2016 ; Bath et al., 2019 ; and ear- 
lier reports). These covered the years 1999–2000 to 2016–
2017. Data for earlier years were also available, although 

not used in the study (which was limited to the turn of the 
century). The economic data were available for a subset of 
the fleet. In total, 530 observations were available, which 

were subsequently matched with the efficiency analysis re- 
sults from the catch and effort data. The key economic pa- 
rameters of interest were gross margins (a short-term mea- 
sure of vessel financial performance), boat cash profits (a 
medium-term financial measure of vessel performance), and 

boat full equity profits (a longer-term measure of economic 
performance). 

All economic data were inflated to 2019–2020 real values 
using the Consumer Price Index (CPI), which reflects price 
changes over time of a standardized bundle of goods pur- 
chased by consumers. The real values of the derived profit 
measures are related to what they can be used to purchase,
with the CPI reflecting this change in value over time. Alter- 
native approaches could also have been applied, such as the 
use of the Gross Domestic Product (GDP) implicit price defla- 
tor, which reflects price changes of all goods that contribute 
to a country’s GDP. A further alternative approach is to use 
a measure that reflects the changes in the costs of resources 
used in the industry (Turner et al., 2019 ). ABARES (Bath et 
al., 2019 ) produces an output and input price index for the 
fishery, which could have been applied separately to the cost 
and revenue data in the analysis. The implications of the use 
of different price indexes to assess changes in real profits were 
not assessed. While inter-annual changes may differ between 

the different indexes, empirical analysis suggests that these in- 
dexes tend to converge over time (e.g. Browne and Cronin,
2010 ; Myers et al., 2018 ). 

Analyses and results 

Efficiency and capacity utilization over time 

As we are interested in the degree to which technical perfor- 
mance measures may reflect changes in economic performance 
f the fleet over time, all individual vessel’s catch and effort
ata were pooled, and the technical performance measures es- 
imated across the whole time series rather than year by year.
hanges in resource abundance will directly affect the level 
f output per unit of effort (i.e. the catch rate), with a direct
mpact on revenue and fishery profits, Ceteris paribus (Mar- 
hak and Link, 2021 ). A priori , by excluding stock as an input,
hanges in stock abundance (or other environmental drivers) 
re likely to manifest as changes in the measure of technical
fficiency, as lower (or higher) levels of output are realized
or the given combination of inputs employed. Similarly, any 
hanges in technology will also be captured in this compos-
te measure. The impact of stock (and technology) changes on
he derived technical efficiency scores is illustrated in the Sup-
orting Information. 
Estimates of scale and allocative efficiency were also derived 

nd are presented in the Supporting Information. Allocative 
fficiency was found to be significant in the subsequent regres-
ion analysis, indicating that this measure should also be esti-
ated provided appropriate cost data are available. Scale effi- 

iency was high across the time period, above 0.97 for at over
5% of the observations, suggesting the vessels were mostly 
perating at close to an optimal scale over the period of the
ata. 
Changes in relative input and output prices over time will

otentially affect capacity utilization; an increase in input 
rices relative to output prices would result in fishers fishing
ess (and vice versa), manifesting itself as reduced capacity uti-
ization. The capacity utilization also indicates the presence 
f excess capacity, which may exist for economic reasons as
bove, or may be due to overcapitalization of the fishery—the
lassic too many boats chasing too many prawns (given the
conomic conditions in the fishery). 

Given this, it would be expected that the technical per-
ormance measures would not only reflect information on 

hanges in economic performance but provide a possible ex- 
lanation for any changes in economic performance. 
The distribution of the key technical performance scores 

ver the full period of the data (comparing all observations
cross time) are presented in Figure 3 . The horizontal dashed
ine in Figure 3 represents the last major buyback programme,
n which the fleet was reduced from over 100 to 52 boats. 

From Figure 3 , the unbiased measure of capacity utiliza-
ion was generally lower before the buyback than after, as
ight be expected, as the buyback removed some of the excess

apital from the fishery. From 2007 to 2008, capacity utiliza-
ion in the fishery was relatively high, with just small interan-
ual variations. Technical efficiency levels were also generally 
igher after the buyback. The gradual increase in technical ef-
ciency after the 2007–2008 reflects the recovery of the tiger
rawn stocks. 

elationship with economic performance measures 

 key objective of the study is to determine the extent to which
hese technical performance measures can provide informa- 
ion on economic performance in the fishery. Three key mea-
ures of economic performance were extracted from the avail-
ble vessel-level economic data: full equity profits (revenue 
inus cash and non-cash costs, including capital costs), boat 

ash income (revenue minus all cash costs, including fixed 

nd variable costs), and gross margins (revenue minus vari-
ble costs). The contribution of technical efficiency (which in 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/fsad180#supplementary-data
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Figure 3. Distributions of k e y technical performance measures, NPF, 1999–20 0 0 to 2019–2020. 
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his case captures the effects of changes in stock abundance
nd technology) and (unbiased) capacity utilization to these
conomic performance measures was assessed through panel
ata regression analysis, with the economic measure regressed
gainst the technical efficiency and unbiased capacity utiliza-
ion scores. 

A range of different functional forms of the model were
xamined, with a log-linear form providing the best results.
n additional advantage of the log-linear model is that co-
fficients on the explanatory variables represent the elasticity
f the economic measure with respect to the technical perfor-
ance measure. However, as negative values cannot be logged,
bservations with negative boat cash income or full equity
rofits had to be excluded from the analysis. 
The panel data models were estimated as both fixed and

andom effects models, and the results for the vessel level anal-
sis are given in Table 1 . Robust and clustered standard er-
ors were estimated to correct for the potential bias in the
tandard error due to heteroskedasticity across “clusters” of
bservations (Colin and Miller, 2015 ; Abadie et al., 2023 ),
lustered at the vessel-year level. The Hausman (1978) tests
uggested that there are no significant differences between
he fixed and random effects specifications, with the parame-
er estimates being similar (and not statistically significant) in
oth also. 
Goodness of fit was generally low, but increased as the

conomic measure was simplified from full equity profits to
ross margins. Full equity profits and boat cash profits in-
lude fixed costs, which may be affected by factors other
han those related to productivity. For example, expenditure
n gear or repairs and maintenance may have a substan-
ial impact on economic measures, but less directly related
o the level of fishing activity . Similarly , other fixed costs,
uch as, for example, accountancy fees or other administra-
ive fees, may vary between vessels for reasons not related
o their fishing activity, but instead the business structure of
he firm. Removing fixed costs (as in the case of gross mar-
ins) provides an economic measure most closely related to
atch and effort, and best captured by technical performance
easures. 
Both technical efficiency and unbiased capacity utilization

ere found to be significant factors affecting economic per-
ormance. As the data in the regression models are logged, the
arameter estimates represent the estimated economic perfor-
ance elasticities (i.e. the responsiveness of the economic per-

ormance measure to a 1% change in technical efficiency and
apacity utilization). From Table 1 , a 1% increase in capacity
tilization may result in a 0.5–0.6% increase in gross mar-
ins and boat cash profits, and a 0.8% increase in full equity.
imilarly, a 1% increase in technical efficiency may result in a
.9% increase in gross margins, and a 1.2–1.3% increase in
ull equity profits and boat cash profits. For all models, the co-
fficients relating to technical efficiency were not statistically
ignificantly different to 1. 

iscussion 

echnical efficiency is a necessary but not sufficient condition
or profit maximization. While market failure (particularly the
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ack of succinct property rights) may result in a fleet overall
ot achieving the maximum profits, the assumption that in- 
ividual fishers would aim to achieve their individual profits 
subject to the constraints imposed by management) is rea- 
onable (van Putten et al., 2012 ). Hence, it can be expected,
 priori , that changes in this measure would reflect to some
xtent changes in economic performance. O’Donnell (2022) 
otes that productivity in an industry is a function of techni-
al progress, environmental change, technical efficiency, scale,
nd mix efficiency. Our measure of “technical efficiency”, es- 
imated over the whole period of the data, implicitly captures
he first three of these components, as a change in the output-
er-unit-input ratio implicit in DEA between time periods can 

e due to “luck” (i.e. random variation), changes in relative 
tock abundance (such as catch per unit effort changes), tech-
ological change onboard the vessels (i.e. improved gear or 
earch technologies), or efficiency of the operation (e.g. im- 
roved skipper skill). All of these factors (including “luck”) 
ill influence the level of realized output (revenue) given the

nputs employed (costs), and hence the economic performance 
f the vessel. While decomposition into their different compo- 
ents may be of interest, it is not necessary in order to estimate
he likely effect on economic performance. However, decom- 
osition into efficiency change and technical change (includ- 
ng stock levels) through the use of Malmquist indexes, for
xample, may provide additional insights into changes in eco- 
omic performance over time. 
Productivity is not the only factor that affects economic per-

ormance; change in economic performance is also affected 

y changes in output prices and costs, such that profitability
ay change independently of the technical efficiency of the 
roducer. Fortunately, changes in capacity utilization reflect 
hanges in the underlying marginal costs and revenues to a
arge degree, again assuming profit maximization. Combined,
he two measures, noting that the technical efficiency measure 
lso captures the impact of changes in stock abundance over
ime, should capture most aspects of changes in economic per-
ormance. 

The results of the analysis suggest that there is a relationship
etween the combined technical performance measures and 

easures of economic performance, as expected. Improve- 
ents in technical efficiency, as measured in the study, reflects
oth technological improvement as well as resource improve- 
ents, resulting in higher catch per unit of effort and higher

evels of profitability. The measure of unbiased capacity uti- 
ization is a net measure of these improvements, and reflects
hanges in the economic environment (i.e. changes in prices 
r costs). An improvement in unbiased capacity utilization 

eflects the behavioural response to these changes, consistent 
ith profit-maximizing behaviour. 
The analysis used DEA to estimate both technical efficiency 

nd capacity utilization. DEA is often considered inappropri- 
te in fisheries analyses as it does not account for random vari-
tions in output (e.g. luck, influence of weather, etc.) (Holland
nd Lee, 2002 ). However, these random variations will also
ffect the economic performance of the vessels in a similar di-
ection. For example, an unexpected or “random” increase or 
ecrease in catch given the level of inputs used will also have
 corresponding impact on vessel revenue, so in this regard,
he measures are appropriate when acting as an indicator of
conomic performance. 

Productivity analysis has most commonly been applied to 

stimate the impacts of fisheries management and other ex- 
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ernal drivers (e.g. changes in technology) on efficiency and
apacity utilization (Pascoe and Tingley, 2007 ). This has not
een the focus of this study, but the process of estimating tech-
ical efficiency and capacity utilization can provide other use-
ul indicators as to the impacts of fisheries management. For
xample, from Figure 3 , the effects of the buyback programme
n 2006/07 on both measures can be clearly seen. The esti-
ated increase in technical efficiency is consistent with other
revious studies (Pascoe et al., 2012 ), while the associated as-
umed increase in economic performance is supported also by
ther studies (Vieira et al., 2010 ). 
The analysis was based on one case study fishery, and its

roader applicability is uncertain. Further case studies may
eed to be undertaken to develop a more general “rule-of-
humb” for translating technical performance measures into
n index of economic performance. However, the results of
he study suggest that these technical performance measures
an be used as a proxy indicator of changes in economic per-
ormance of a fishery in the absence of specific cost and earn-
ngs information, at least in fisheries where input and output
rices faced by fishers are likely to be similar. For lower-valued
sheries for which no economic surveys are undertaken, mon-
toring changes in technical efficiency and capacity utilization
an provide a useful means to understand economic pressures
acing the industry, and their potential causes (e.g. changes in
tocks or the broader economic environment in which they
perate). Even in fisheries where routine economic surveys
re undertaken, there is usually a lag, often of several years,
etween the year of the survey information being collected
nd when these are made available to fisheries managers. In
ontrast, catch-and-effort information is usually collected in
 more continuous and timely manner, often lagging only by
 few months. As a result, the potential exists for almost-real-
ime indicators of performance to be derived to provide a more
imely indication of economic performance of the fleet. 

In our study, the catch-and-effort data we used was for
he entire fleet, treating vessels in different time periods as
ffectively different decision-making units (DMUs). As a re-
ult, all DMUs (vessels) were assessed relative to those DMUs
n the frontier at some point in time. This enables changes
n underlying stock and other conditions to be captured in
he efficiency scores. If a sample of vessels, however, had
een used rather than the full fleet, then the composition of
his sample (if changing) may also impact these productivity
easures, with apparent efficiency changes reflecting sample

hange rather than true productivity change. Where possible,
 consistent panel should be used if data for the entire fleet
re not available. In our case, changes in fleet structure may
esult in an apparent change in the average efficiency, but the
ssumption (supported by the results) is that this should also
orrespond to a change in average economic performance as
he least efficient and correspondingly least profitable vessels
re likely to be the first to leave (Pascoe et al., 2012 ). 

onclusions 

he aim of this study was to determine the extent to which
echnical performance measures could provide proxy infor-
ation on changes in fisheries economic performance over

ime, and the data-rich Northern Prawn Fishery provided such
n opportunity. 

We find that, at a minimum, the estimation of technical ef-
ciency and capacity utilization can provide an indication of
he direction and key drivers of changes in economic perfor-
ance in the absence of fishery-specific economic information.
s noted above, an increase in technical efficiency suggests

hat output per unit of input is increasing (and vice versa), and
ence, economic performance of the fleet is likely to have im-
roved. Similarly, changes in capacity utilization reflect fisher
ehavioural responses to price and cost changes, with im-
rovements in capacity utilization suggesting improvements in
conomic conditions, while decreases suggested deterioration
f economic conditions. As a result, these measures provide
ome information to managers on the economic pressures in
he fishery, either in the complete absence of economic data
n low-value fisheries or in providing preliminary updates to
ompensate for lags in economic data collection programmes.

For the case study fishery, at least, we have demonstrated
hat these measures can be useful indicators of economic per-
ormance and could form part of a more routine monitoring
nd reporting programme. We do not suggest, however, that
hese measures replace economic surveys, as these also pro-
ide information useful for other purposes (e.g. bioeconomic
odelling) as well as providing a more definitive measure of

conomic performance. 
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