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Abstract

Estimation of technical efficiency in fisheries is most commonly finalized at comparing the conversion from inputs
(e.g. time at sea, fuel consumption) to production (i.e. landed fish) among vessels or gears. In this paper we adopt
a novel approach focusing on the efficiency of fishing trips characterized by different catch composition within
the same fleet. In particular, the case study under analysis is represented by the beam trawl (“rapido™) fishery of
Chioggia (Adriatic Sea, GSA 17), which has been subject to increasing technical and effort limitations in recent
years due to its severe impacts on the marine ecosystem. The methodological strategy first involves a cluster
analysis of catch profiles to identify homogeneous groups of fishing trips, which are subsequently compared in
terms of economic performance based on the efficiency scores from stochastic frontier analysis. By including also
an estimation of Greenhouse Gas emissions per trip, the results from our study can be used to inform future
management interventions that aim at improving the overall efficiency of the fishery while reducing its carbon

footprint and the pressure on the most relevant target species.
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Connecting catch profiles with efficiency: an application to the beam trawl fishery in the Northern
Adriatic Sea

1. Introduction

One of the most heavily exploited areas in the Mediterranean Sea is the Central-Northern Adriatic Sea
(Geographical Sub-Area, GSA 17) (Bastari et al. 2016; Eigaard et al. 2017; Grati et al. 2013; Mazzoldi et al. 2014),
a semi-enclosed basin characterized by an extensive continental shelf with sandy seabed and shallow waters (not
exceeding 75 meters in the northern sub-basin and 150 meters in the central, with the exception of the 300 meters
deep Pomo-Jabuka Pit). Considering the nutrient supply provided by the Po River and other rivers that flow
through the Po-Venetian plain, the GSA 17 presents ideal conditions for trawling (Fortibuoni et al. 2017; Pranovi
et al. 2015; Russo et al. 2019). The intense fishing pressure implies that, despite a slight decrease in the number
of overexploited species in recent years, 73% of stocks are fished outside biologically sustainable levels (FAO
2022).

In this paper we investigate the relationship between technical efficiency?, catch profiles and Greenhouse
Gas (GHGs) emissions in the GSA 17 by focusing on the rapido trawl fishery of Chioggia (Venice), which is
historically considered as one of the main ports in the Mediterranean Sea (Botter et al. 2006) and represents the
first port in the Adriatic Sea both in terms of landings (8,740 tonnes) and operating vessels (189) (FAO 2022). In
particular, we focus on 31 vessels from Chioggia, representing respectively 86.1% of the regional rapido fleet and
34.1% at the national level (as of 2019) (NISEA 2022b). Rapido trawl vessels, introduced in the Veneto region in
the mid-1950s, are a type of beam trawl (TBB) characterized by a cone-shaped net with a rigid metallic mouth
opening that may reach a width of 4 m and glides across the sea bottom with the help of sleds, allowing fishers to
target flatfish and shellfish (Armelloni et al. 2021). Generally, each vessel tows simultaneously 2-4 nets (Pranovi
et al. 2000). While rapido is not the only trawling gear targeting demersal species in the area (Russo et al. 2020),
we choose to focus exclusively on this fleet because its severe impact on the benthic community has been long
acknowledged (Giovanardi et al. 1998; Pranovi et al. 2001), hence prompting increasing calls for stricter regulation
of the fishery (Bastardie et al. 2017; Armelloni et al. 2021). From an economic perspective, trawling and beam
trawling fisheries generate the highest revenues (around 390,000,000 €) and are the major contributors to Gross
Value Added (43.3%) in the Adriatic Sea (FAO 2022). Nevertheless, the recent increase in fuel costs has been
negatively affecting the profitability of the fishery, especially considering that TBB vessels exhibit the highest
incidence of fuel expenses over catch value (more than 40% in 2022) (NISEA 2022a). An additional factor

negatively impacting the economic performance of the fleet is the decline in the real price of most fish species

! Adopting the frequently applied “output approach” in the fisheries literature (Pascoe and Tingley 2007), technical efficiency
is defined as the ability of an economic unit (rapido vessel) to maximize the output (catch value) given a set of inputs (time
at sea and physical characteristics of the boat).
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(nominal prices not keeping up with inflation). Even if this has become more evident in 2022, by looking at the
price time series of common sole (Solea solea, SOL), which is the most relevant species targeted by TBB in the
GSA 17, a historical negative trend can be identified (-3.4% average annual change between 2010 and 2020)
(STECF 2022).

Recognising the importance of providing a deep understanding of the specific characteristics (e.g.
seasonal, geographical, behavioural) of rapido trawlers fishing practices, a combined analysis of catch profiles
and technical efficiency has relevant implications for several aspects of fisheries management, namely i) the
relationship between local regulations and efficiency, ii) the impact of diverse efficiency levels on the rent
generated by the fishery, iii) the influence of multispecificity and catch composition on effective management and
iv) the identification of the most sustainable fishing practices in terms of CO, emissions. First, the relevance of an
efficiency analysis of the TBB fishery is related to the regulatory framework applied in the Adriatic Sea. Fisheries
management in the GSA 17, as in most Mediterranean basins, is constituted of a variety of instruments such as
effort reductions, technical measures (e.g. minimum landing sizes and mesh limitations) and seasonal or permanent
area closures (Sabatella et al. 2017). In terms of activity, fishing days of the TBB fishery in the GSA 17 have
decreased by 44.2% between 2010 and 2020 (STECF 2022). Taking into account that Mediterranean fisheries are
often characterized by low levels of economic efficiency (Colloca et al. 2013; Maynou 2014; Sabatella et al. 2017),
capacity reduction programmes that overlook the heterogeneity of a fleet might be ineffective, hence stressing the
relevance of individual measures of vessels’ efficiency (Gomez and Maynou 2020). Investigation of the relative
heterogeneity among vessels also provides crucial information concerning the existence and size of the total
producer surplus, which is an important component of the economic welfare generated by a fishery (Jensen et al.
2019). Given the presence of different levels of efficiency, it is advisable to consider in advance the rent
distributional effects deriving from effort limitations (i.e. varying levels of reduction in individual producer surplus
due to differences in the cost per unit of effort among vessels) and the compensations that might be needed in

order to prevent the likelihood of non-compliance by fishers (Flaaten 2011).

Moreover, it is important to remark that regulations based on physical parameters (e.g. the gear used)
ignore that vessels within the same fleet may target different species in mixed fisheries, therefore multivariate
analysis of catch composition can provide valuable information for management purposes (Lewy and Vinther
1994). Given the growing interest for an ecosystem-based approach to fisheries management ( Link 2002; Hilborn
2011; Long et al. 2015), first included in the 2013 reform of the Common Fisheries Policy and still regarded as
one of the main instruments for guaranteeing the sustainability of EU fisheries (European Commission 2023a),
cluster analysis has the potential to identify patterns of resource usage that can support the definition of appropriate
spatial and temporal ecosystem-based management units (Lucey and Fogarty 2013). Additionally, it has been

claimed that the results from cluster analysis of catch assemblage have a variety of practical applications, such as
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modelling realistic fisher behaviour, supporting scientific advice on previously overlooked species, and

understanding potential changes in fishing practices in response to landing obligations (Moore et al. 2019).

In this paper we also include a quantification of the GHGs emissions generated by fishing operations
(fishing and navigation) through the estimation of the CO, produced by the TBB vessels of Chioggia. The
awareness that fishing practices contribute significantly to global GHGs emissions has increased in the last decades
(Coello et al. 2015; Driscoll and Tyedmers 2010; Cheilari et al. 2013), and innovative solutions for improved fuel
efficiency are widely discussed (Parente et al. 2008; Sala et al. 2011; Fiorentini et al. 2004). This is especially
relevant in the case of large-scale fisheries, which tend to be more fuel-intensive than small-scale fisheries
(Cavraro et al. 2023; Suuronen et al. 2012). In the Adriatic Sea, previous studies have assessed the energy
performance of the TBB fishery relative to other gears and compared the emissions intensity (expressed as CO;
produced per quantity of landed fish) among the main target species (Russo 2020; Sala et al. 2022). We
differentiate our analysis by focusing exclusively on the TBB fleet and confronting the emissions generated by

different catch profiles throughout the year 2019 within the same fishery.

To the authors’ knowledge, this is the first scientific article connecting the study of technical efficiency
with multivariate analysis of catch profiles in fisheries. In addition, while the catch assemblage of TBB in the GSA
17 has been previously investigated through cluster analysis (i.e. main targeted species with respect to other
demersal gears operating in the Adriatic Sea) (Armelloni et al. 2021), we are not aware of studies differentiating
among the catch profiles of rapido vessels at trip level or providing technical efficiency estimates of their fishing
operations. Our work attempts to fill this gap and hence to address the concern for increased efficiency of fishing

practices in the large-scale sector of the European fleet (Symes 2014; European Commission 2009).

More specifically, the present article addresses the two following research questions: i) in the case of the
TBB fishery in the GSA 17, how does technical efficiency vary among fishing trips characterized by different
catch profiles and ii) how do these trips perform in terms of CO» emissions? In the next section, we describe the
fishing and market data used in the analysis. Section 3 presents the theoretical framework and the empirical
approach to address the research questions, while the results are shown in Section 4. We discuss the main findings

and the limitations of our approach in Section 5, which also concludes the paper.

2. Data description

2.1.Fishing activity

Raw Automatic Identification System (AIS) data are provided by the Italian Coast Guard (ITC and Traffic
Monitoring Department — Rome). The dataset contains several information [Maritime Mobile Service Identity
(MMSI), speed, time, and geographical coordinates] on 2,404 fishing trips undertaken by 31 rapido trawls (TBB)
from the fishery based in Chioggia port in the year 2019. These vessels represent respectively 86.1% of the Veneto
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region and 34.1% of the Italian TBB fleet (NISEA 2022b). Concerning the individual characteristics of the vessels,
the International Radio Call Sign (IRCS), ship name, and MMSI number are utilized to identify each rapido. The
vessel IRCS and name, included in the AIS data, are subsequently matched with the EU Fleet Register, which
contains data on the physical features of the vessels, such as engine power, length overall (LOA) and year of
construction. In some case, such as misspelled IRCS or ship’s name, the vessel identification is performed by using
the Marine Traffic website. In addition, the speed frequency distribution of each vessel, as well as the catch

profiles, are used to detect the principal gear and/or its possible switch.

The analysis of AIS data, relative to the TBB fleet of Chioggia (GSA 17), is performed following the
procedure reported in Russo et al. (2020). Briefly, the dataset is processed by using PostgreSQL, an opensource
object-relational database. First, all duplicate records and erroneous positions are removed, then the trajectories of
each TBB are reconstructed by linearly interpolating the AlS data from the departure to the return port. A trajectory
is defined as a sequence of segments with different activity (in port, exiting from port, entering to port, fishing,
and navigation) defined on the base of the vessel position and the typical fishing speed range of TBB (4-7 knots)
(Russo et al. 2020). Then, the daily quantity of landings, provided by the Chioggia Fish Market, is associated to
each fishing trip through the MMSI.

2.2. Market data

With regard to the construction of the output variable, which indicates the value of landings, we make use
of the daily prices from Chioggia Fish Wholesale Market. We chose to request the price time series for the five
most relevant species caught by the TBB fleet in 2019 in the GSA 17, covering 76.2% of its total landed value
according to the Economic and Transversal data by STECF (2022). These are: common sole (Solea solea, SOL),
common cuttlefish (Sepia officinalis, CTC), purple dye murex (Bolinus brandaris, BOY), caramote prawn
(Melicertus kerathurus, TGS) and spottail mantis shrimp (Squilla mantis, MTS). In addition, based on previous
literature that highlights the importance of these two species for the Chioggia rapido fishery (F. Pranovi et al.
2001), we also requested the daily prices of queen scallop (Aequipecten opercularis, QSC) and great
Mediterranean scallop (Pecten jacobaeus, SJA) and included them in the analysis. Taking into account the
significance of the seven species under consideration for this fishery?, the output variable effectively approximates
the total revenues generated by fishing trips. Summary statistics of the variables considered in the study are

presented in table 1. For a more detailed description, Table Al reports the summary statistics divided by month.

Table 1
Statistics overview for key fishing trip variables.

Variable Median Mean Std.Dev.

2 In the year 2019, these species showed the following relevance over the total value landed by TBB in the GSA 17: SOL
42.0%, CTC 11.9%, BOY 10.1%, MTS 7.0%, TGS 5.1% and SJA 4.2%. Data for QSC is aggregated with other scallop
species (STECF, 2022).
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Engine power (kW) 441.00 433.17 121.00
Fishing time (hours) 17.55 19.48 10.36

Navigation time (hours) 491 8.62 28.52

Fuel fishing (liters) 1179.84 1458.38 963.50
Fuel navigation (liters) 281.16 496.85 1933.34
Landings weight (kg) 341.98 423.53 357.97
Landings value (€) 2718.22 3273.53 2721.71
CO: (kg) 4493.62 5591.96 6188.08

N= 2404 observations

3. Methodology

With regard to the methodological approach adopted in this paper, we proceed as follows. The first step
involves the identification of the most relevant catch profiles in the rapido fishery through multivariate analysis
of landings composition. We then estimate the technical efficiency of fishing operations by means of Stochastic
Frontier Analysis (SFA) and assign an efficiency score to each trip undertaken by the TBB fleet of Chioggia. The
previously defined clusters are therefore used to compare the performance of fishing trips characterized by
different catch profiles. The latter are lastly evaluated also in terms of environmental footprint through the
estimation of the CO emissions per fishing trip. We now describe the methods used in the paper starting from the

multivariate analysis of catch profiles.
3.1. Multivariate analysis of catch profiles

Concerning the classification of trips into homogeneous groups, different approaches can be found in the
literature. In general, input-based methods rely on either the technical characteristics of fishing operations retrieved
from logbooks (e.g. the mesh size used, the trawled area) or direct interviews with fishers. On the other hand,
output-based methods assume that catch composition reflects the intentions of fishers and therefore classify fishing
trips into métiers through multivariate analysis of landing profiles. Despite their respective benefits and limitations,

output-based methods are most commonly used (Marchal 2008).

In this paper we attempt to define groups of homogenous fishing trips by means of cluster analysis, a data-
exploratory technique which classifies objects into different clusters based on their internal cohesion and external
isolation® (Everitt et al. 2011). Cluster analysis is generally divided into partition and hierarchical methods, with
both approaches being extensively applied to identify métiers in fisheries. In this paper we apply the k-means

partition clustering method (Bastardie et al. 2010; Fall et al. 2006; Lucey and Fogarty 2013; Williams and Ralston

3 Even if it is not necessary for clustering, a Principal Component Analysis (PCA) can be performed in advance in order to
reduce the dimensionality of a dataset by aggregating highly correlated variables into a reduced number of principal
components. In the fisheries literature, an initial PCA is commonly conducted in the presence of datasets covering a high
number of species (Iriondo et al. 2010; Moore et al. 2019).

7
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2002) to characterize clusters using the species composition of each trip*. The method starts by pre-setting a
number of k clusters to be defined through an iterative process which, depending on the initial seed values,
relocates objects to the group whose mean (centroid) is the nearest and the algorithm stops when no objects change
group. If the number of clusters is not known a priori, it is necessary to calculate and compare alternative solutions
with different k numbers of groups based on one or more criteria. These typically include i) the search for the “kink
in the curve” derived from the within sum of squares or ii) its logarithm for all cluster solutions, iii) the n?
coefficient (indicating the decrease of the within sum of squares for every solution compared with the total sum
of squares) and iv) the proportional reduction of error coefficient (indicating the decrease of the within sum of
squares for cluster solution k compared with the previous solution with one k-1 clusters) (Makles 2012). We
perform the analysis in STATA 16 using the cluster kmeans command and determine the appropriate number of

clusters by comparing the results of the four criteria for different cluster solutions.
3.2. Technical efficiency and model specification

In a wide range of industries, including the fishing sector, firms can be described in terms of technical
efficiency by looking at their generated output given a set of resource inputs. The difference between the observed
and the potential production measures the level of technical efficiency of a firm, with inefficient units operating
below the frontier. Measurement of technical efficiency will thus depend on the estimation of a production function
for a specific industry, which is usually based on either Data Envelopment Analysis (DEA) or SFA. In the former
approach the frontier is identified using linear programming techniques, while econometric estimation is
performed in the latter. Both DEA (G6mez and Maynou 2020; Guyader and Daures 2005; Reid et al. 2003; Sangiin
et al. 2018; Vazquez-Rowe and Tyedmers 2013) and SFA (Dagtekin et al. 2021; Greenville et al. 2006; Pascoe et
al. 2001; Solis et al. 2013; Van Nguyen et al. 2019) have been widely applied in the fisheries literature. Even if
both approaches have their advantages and disadvantages (Pascoe and Tingley 2007), the present work makes use
of SFA due to its ability to take into account statistical noise given the stochastic nature of the production process

in the fishery, as opposed to the deterministic nature of DEA (Herrero and Pascoe 2003).

SFA generalizes the classical production function approach, which assumes that there are no differences
in the efficient use of inputs among units, by incorporating a non-symmetric two-component error made of a
regular idiosyncratic disturbance and a one-sided non-negative component representing technical inefficiency and
preventing the achievement of the maximum feasible output (Nguyen et al. 2022). A stochastic frontier production

function can be defined as follows:

Vie = f(Xies @) + vy — Uy 1)

* The variables analyzed are the catch proportions (in terms of weight) of each of the seven species considered (SOL, CTC,
BOY, TGS, MTS, QSC, SJA) relative to the total landings. The remaining species are grouped together as the proportion of
“other species”.

8
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where y;. is the (logged) output of producer i in the tth time period, f(x;;; @) is the production technology, x;; is
the vector of (logged) input quantities, a is the vector of associated unknown parameters, v;; denotes stochastic
noise and u;; represents technical inefficiency. The random errors are assumed to be independently and identically
distributed following a normal distribution N (0, o;2) while technical efficiency is non-negative, independently and
identically distributed with variance o2. If u;, = 0, producer i at time t lies on the stochastic frontier and is
therefore fully efficient. On the contrary, a value greater than zero indicates a production below the frontier.
Different distributional assumptions can be made for the inefficiency term w;;, with half-normal (Jondrow et al.
1982), exponential (Meeusen and van der Broeck 1977), truncated normal (Aigner etal. 1977) and gamma (Greene
1990) distributions being widely used in the literature. Inefficiency can also be modelled as a function of

exogenous variables (Battese and Coelli 1995).

Panel data models for the estimation of technical efficiency can be classified into four groups depending
on the assumptions made on the temporal behavior of inefficiency: time-invariant and individual specific,
individual specific but time-varying, separated from unobserved individual effects, composed of both a persistent
and a time-varying component and separated from unobservable individual effects (Kumbhakar et al. 2015). Given
our interest in estimating the efficiency of fishing trips and comparing the scores among catch profiles (rather than
vessels), in this paper we apply the model by Kumbhakar and Heshmati (1995), which belongs to the fourth group
of models. This allows us to isolate the effect of persistent inefficiency, whose magnitude can be relevant in short
panels (only one year in our case) because it reflects the effect of inputs like management (Mundlak 1961)°.

Technical efficiency is here further decomposed as

Uit = U; + Ty 2

where u; is the persistent component (vessel-specific and time-invariant) and t;; is the residual component (vessel-

specific and time-variant).

The model, which is presented in a random effects framework due to the presence of a fixed input (engine
power) and the nature of the data (a rotating panel with some vessels entering and exiting the fishery throughout
the year), is estimated following a multistep procedure (Kumbhakar and Heshmati 1995)°. In particular, taking a

translog function as the production technology, the model is rewritten as:

> In the case of a fishery, this could be approximated by skipper skill or experience, which have been indeed included as

control variables in previous studies of technical efficiency (Pascoe and Coglan 2002; Del Valle et al. 2003).

& A functional form describing the fishing technology (the relationship between inputs and output) has to be chosen for

estimation. This can take the form of a Cobb-Douglas, constant elasticity of substitution or translog function (Squires and

Kirkley 1999). Here we specify the production function as a translog due of its flexibility and because it does not impose
9
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In(Yie) = ag +v'Xie + Ui + wye, 3
ap = ao + E(uy) + E(7yt), 4)
u; =u; — E(w), ®)

Wi = Vit + Tie — E(Ty¢) (6)

where the X;; vector includes the linear, quadratic and cross-product terms of the (logged) explanatory variables
and y is the corresponding parameter vector. First, the production function parameters y are estimated using
Generalized Least Squares (GLS). The residuals e;; = In(Y;;) — 7' X;; are then used to estimate persistent technical
efficiency from:

; = e; — max{e;} (7)
L

where ¢; is the mean of e; of producer (i.e. vessel) i over the time period. Assuming that the residual component
of efficiency is truncated at zero as the random errors N(0,c2), Maximum Likelihood is used to estimate the
intercept a,, o2 and o2. Lastly, ;. for each observation is estimated based on the JLMS technique (Jondrow et
al. 1982):

A A Aw;
6 |lw, 9EEH
Ty = _ g 8)
(1 + /12) o CI)(— Aw}\it)
o

where A = 0, /0, 0 = 62 + 02, ®(-) is the cumulative distribution function of the standard normal variable and
¢ () is the standard normal density function. The respective scores for persistent (PTE), residual (RTE) and overall
(OTE) technical efficiency are finally computed as: PTE; = exp(#;), RTE;; = exp(%;;) and OTE;; = exp(il; +

7;+)7. Regarding the functional specification relating inputs and output, the estimated function is given by:

InVy = ay + anyy InNTj + apr InFTy + agy InkW; + ayryr(InNTi)? + aprpr(In FTi)?
+ agwrw (In kWi)Z + anrer(InNTy - In FTy) + ayrgw (AInNTy, - In kW) 9)
+ aFTKw(ln FTiL' . ln le) + a4Dt + vit - ul't

constraints on the elasticities of substitution between inputs (Garcia Del Hoyo et al. 2004; Herrero and Pascoe 2003; Squires
1987).
" The procedure, and the corresponding STATA code to replicate the analysis, is described in detail by Kumbhakar et al.
(2015 p.272).

10
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where V;; is the trip output measured as catch value, NT;; is the navigation time in hours, FT;, is the fishing time
in hours, kW; denotes the engine power measured in kilowatts and D, is a monthly dummy. Concerning the
selection of variables, catch value- instead of landings- is often preferred to denote the output in efficiency studies
of fisheries. Even if this implies that the efficiency scores may represent a combination of technical and allocative
efficiency given that prices are not fixed, catch value as an output is likely to be more consistent with the behavioral
characteristics of the vessel crew (Pascoe and Coglan 2002). As for the input factors, these incorporate fishing
effort and fish stock. While the latter is outside the control of the fisher, the former usually comprises a fixed
component reflecting fishing power (such as vessel tonnage, length or engine power) and a variable component
reflecting the time at sea (Andersen 2002). We therefore use engine power as a fixed input® and the hours at sea®
for each fishing trip as a variable input. Having AlS data that allow us to distinguish between navigation time and
fishing time, we attempt to more accurately describe fishing operations by dividing the time at sea in these two
parts. Lastly, a dummy approach is adopted to describe monthly stock fluctuations (Coglan et al. 1999; Fousekis
and Klonaris 2003; Pascoe and Robinson 1998; Yang et al. 2017).

3.3.CO, emissions

With regard to the estimation of CO, emissions generated by TBB, these depend on the physical
characteristics of the vessel and the time spent at sea during the fishing trip. In particular, based on the engine
power of vessels and their respective fishing/navigating time, we are able to compute fuel consumption for fishing

FCF;; and navigation FCN;; of each trip following the equation by Prado (1990):

FCFy = a - kW; -2 FT; - 0.001, (10)
S
FCNy = a - kW; - — - FTy; - 0.001 (11)

where a is the average coefficient set at 0.75 (Prado 1990), S is the specific fuel consumption (set at 188 g/kW*h
for fishing and 150.4 g/kW*h for navigation) (Lee et al. 2018) and d denotes fuel density (0.86 kg/l). Finally, fuel

8 Choosing engine power (rather than length) follows the management measures for demersal fish stocks in Northern Adriatic,
which aim to reduce fishing pressure by decreasing the total kilowatts and fishing days in the fishery. Nevertheless, the two
inputs highly correlated (p 0.65, 1% significance).

® The use of navigation and fishing hours can be problematic in the estimation process since the variable may be endogenous-
the so-called “simultaneity bias” (i.e. fishers spend more time at sea when the trips are more profitable). However, the selection
of inputs based on predicted profits will be subject to mistakes that are uncorrelated with the error components in the
production function due to the stochastic nature of the output (i.e. unpredictable weather and environmental conditions, the
“luck” component), thus resulting in consistent parameter estimates (Kirkley et al. 1998; Pascoe and Coglan 2002).

11



O©CO~NOOOTA~AWNPE

consumption is used to calculate the carbon footprint of a fishing trip using the basic method Tier 1 (Park et al.

2015; IPCC 2008) :

where the emission factor EF is set at 2.86 kg CO; per liter of fuel consumed (Parker et al. 2018).

4. Results

4.1. Cluster analysis

Table 2

C0,, = (FCFy; + FCNy;) - EF

(12)

Catch profiles composition and frequency based on cluster analysis. The species under consideration are common sole (SOL), common
cuttlefish (CTC), purple dye murex (BOY), caramote prawn (TGS), spottail mantis shrimp (MTS), queen scallop (QSC) and great
Mediterranean scallop (SJA).

Proportion of landings
SOL CTC BOY TGS MTS QsC SJIA Other
Cluster 1 0.36 0.35 0.02 0.02 0.03 0.03 0.07 0.13
Cluster 2 0.08 0.04 0.02 0.00 0.01 0.75 0.09 0.01
Cluster 3 0.66 0.07 0.05 0.01 0.06 0.01 0.05 0.10
Cluster 4 0.34 0.05 0.14 0.01 0.06 0.04 0.26 0.10
Cluster 5 0.02 0.10 0.03 0.02 0.07 0.00 0.01 0.75
Monthly observations
J F M A M J J S 0 N D
Cluster 1 161 146 89 41 1 1 0 7 44 50 70
Cluster 2 18 31 26 43 39 44 41 29 30 22 20
Cluster 3 33 55 54 87 136 96 83 79 91 104 92
Cluster 4 12 8 47 53 67 68 53 41 33 14 14
Cluster 5 11 14 7 9 10 8 7 18 19 13 15

Since k-means is a stochastic method, the cluster analysis is repeated several times (N=20) with different

initial seed values in order to test the robustness of the results. Through graphical inspection of the four criteria

described in Makles (2012), we find the most appropriate humber to be five clusters. These are reported in Table
2, which shows the average proportion of each of the seven species (SOL, CTC, BOY, TGS, MTS, QSC, SJA)

over total landings per catch profile. The remaining species are labelled as “other”. The table also provides an

indication of the number of observations belonging to the five clusters during each month of the year'?. Conditional

formatting is used to ease the interpretation of the table and to provide a clear indication of both the most relevant

species per catch profile and their seasonality. In particular, Cluster 1 is characterized by the prevalence of common

10 Each year a temporary fishery closure in the Summer season is established. In 2019, the ban (in ital. “fermo pesca”) took
place from July 29th to September 6th in the Veneto region.
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sole and common cuttlefish landings and it’s the most frequent catch profile over the Winter season (377
observations from December to February). Fishing trips belonging to Cluster 2 almost exclusively target queen
scallop and, despite their low frequency (343 observations in 2019), they tend to be quite equally distributed during
the year. Cluster 3 is characterized by the highest incidence of sole over total landings and it’s the most frequent
catch profile of the sample (910 fishing trips), with peaks in May and November. Other than the presence of sole,
fishing trips from Cluster 4 also exhibit a proportion of purple dye murex and great Mediterranean scallop higher
than the average and they are concentrated between March and October. Lastly, all the observations belonging to
Cluster 5 (131 observations) are dropped from the analysis due to the high incidence of the species labelled as
“other” (75% of landings), which would compromise the reliability of the efficiency estimates because the

revenues from fishing operations would be only partially reflected in the value of landings.

4.2.Technical efficiency and CO, estimation

Table 3
Monthly variations in efficiency scores and emissions per fishing trip. The results are differentiated by catch profile (Clusters 1-4).
Month J F M A M J J S O N D
N 161 146 89 41 1 1 0 7 44 50 70
Mean 0.67 0.67 0.67 0.62 0.49 0.17 . 0.69 0.66 0.67 0.65
Efficiency
Cluster 1 Std.Dev. 0.1 0.12 0.14 0.12 . . . 0.1 0.11 0.11 0.12
Mean 8224 7824 7201 11800 1310 2058 . 6594 6749 6084 7702
CO2 Kg
Std.Dev. 7009 4372 3758 13150 . . . 1881 2452 2539 3617
N 18 31 26 43 39 44 41 29 30 22 20
Mean 0.7 0.64 0.68 0.69 0.76 0.75 0.65 0.58 0.62 0.61 0.62
Efficiency
Cluster 2 Std.Dev. 0.13 0.16 0.14 0.13 0.13 0.09 0.17 0.12 0.13 0.13 0.17
Mean 2450 2555 2975 3162 4776 3283 2947 3472 2995 2639 2757
CO2Kg
Std.Dev. 521 586 1868 1869 7909 2112 1814 2141 946 972 729
N 33 55 54 87 136 96 83 79 91 104 92
Mean 0.62 0.64 0.65 0.66 0.65 0.65 0.68 0.7 0.69 0.69 0.7
Efficiency
Cluster 3 Std.Dev. 0.12 0.11 0.16 0.11 0.13 0.12 0.1 0.11 0.12 0.13 0.12
Mean 4678 4995 3565 5213 6498 4806 4679 3878 5698 4306 5342
CO2Kg
Std.Dev. 3959 3581 1857 2863 19334 2844 3144 2078 3194 2449 2834
N 12 8 47 53 67 68 53 41 33 14 14
Mean 0.51 0.47 0.61 0.62 0.56 0.59 0.62 0.61 0.58 0.4 0.47
Efficiency
Cluster 4 Std.Dev. 0.15 0.22 0.13 0.12 0.14 0.15 0.13 0.1 0.18 0.16 0.28
Mean 5238 4719 4755 5340 5643 5261 5305 5077 6446 4396 5295
CO2Kg
Std.Dev. 2442 2094 2062 2698 3202 2373 2599 1480 2480 1115 1954
13
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Concerning the analysis of technical efficiency (the estimated production function parameters can be
found in Table A2), Table 3 shows the efficiency scores and the CO, emissions associated with the four catch
profiles (Cluster 1 to 4) during each month of the year. Conditional formatting is used to highlight the relative
frequency of observations belonging to one group and to compare the median efficiency scores and emissions
among clusters. If read from the top to the bottom, Table 3 allows to confront the four clusters within the same
month, while through horizontal reading we can follow the performance of each cluster during the year. First, it
emerges that it is important to inspect the efficiency scores and the emissions at the monthly level because both of
them tend to vary consistently across the year. For instance, Cluster 2 is characterized by high efficiency between
May and June, but it is relatively underperforming in the Autumn months. Similarly, the number of observations
denotes whether a catch profile tends to be stable during the year or not. Cluster 1 is indeed the most recurring
strategy in the Winter months, while it almost disappears between May and September.

In terms of efficiency, the highest scores are reached by Cluster 2 in May (mean=0.76, median=0.81) and
June (mean=0.75, median=0.77). Nevertheless, Cluster 2 is not the most frequent catch profile in these two months
(83 observations), but is preceded by Cluster 3 (232 observations) and 4 (135 observations) despite their lower
efficiency scores. Vertical reading of Table 3 thus helps us understand if the fishery is operating optimally or, on
the contrary, there are vessels that favor one catch profile over the others even if it does not assure the highest
value of landings given the set of inputs employed. For instance, in February the vast majority of fishing trips
belong to Cluster 1 (146 observations), which is also the catch profile with highest scores (mean=0.67,
median=0.70), meaning that vessels targeting together sole and cuttlefish are the most efficient. Likewise, in
September Cluster 3 appears to be both the most efficient catch profile (mean=0.70, median=0.70) and the most
preferred strategy among fishermen (79 observations). It is interesting to observe that in some periods of the year
fishers tend to exhibit mostly one (i.e. in January) or two (i.e. in December) catch profiles, while in others the
probability of belonging to one cluster is more equally distributed among the four. This is the case of April, when
all the clusters are characterized by at least 40 observations and none of them has an average or median efficiency
score lower than 0.62 or greater than 0.69. In other words, rapido vessels could either choose to target almost
exclusively queen scallop (Cluster 2) or prioritize sole landings (Cluster 3) with no major differences in terms of
efficiency. However, the two strategies are definitely not comparable from an environmental point of view, with
the median value of CO; emissions from Cluster 2 being only 61% of Cluster 3. The result can be explained by
the fact that, although in April fishing trips belonging to Cluster 3 are characterized by a higher duration and fuel
consumption (Table A3), the value of landings is enough to compensate for the additional input usage. Overall, it
can be argued that both Clusters 1, 2 and 3 tend to outperform Cluster 4 in terms of efficiency. In particular, when
considering only median values, we estimate the most efficient catch profile to be Cluster 1 in two months
(February, March), Cluster 2 in five (January, April, May, June, July) and Cluster 3 in four months (September,

October, November, December). TBB targeting together sole, purple dye murex and great Mediterranean scallop

14
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(Cluster 4) are relatively frequent in May (67 observations) and June (68 observations) but they could substantially

be more efficient by changing the composition of their landings in favor of sole or queen scallop.

When considering the emissions generated by fishing trips, it is clear that there are significant variations
among catch profiles. In addition, we observe that the energy performance of a cluster can also change throughout
the year, meaning that a fishing strategy that is sustainable in one period might become excessively polluting in
the following months. In general, we see that fishing trips from Cluster 2 are continuously marked by lower levels
of CO, emissions, so it can be argued that rapido vessels targeting mainly queen scallop are the most sustainable
during each of the months under consideration (with only two observations, Cluster 1 is not considered a feasible
alternative between May and June). The opposite extreme is represented by fishing trips from Cluster 1, which
generate severe levels of emissions during most of the year, reaching the highest peaks in April (mean=11800 Kg,
median=10080 Kg) and January (mean=8224 Kg, median=8256 Kg). Cluster 3 and 4 show an intermediate energy
performance. Specifically, it is worth noting that catch profiles with major sole incidence (Cluster 3) are
characterized by great variability both across the year (January median=2885 Kg, October median=5167 Kg) and
intramonth, as indicated by the discrepancy between mean and median values and high standard deviations. On
the other hand, fishing trips targeting together sole, purple dye murex and great Mediterranean scallop (Cluster 4)
tend to be relatively more stable, especially in Spring/Summer, when they are more frequent (May median=4695
Kg, June median=4672 Kg). We also stress the fact that the carbon footprint of each catch profile is a product of
both fishing/navigation time and engine power. In this regard, fishing trips from Cluster 2 are not only
characterized by a shorter time at sea (19 hours at sea on average) but they are also preferred by TBB with lower
engine power (367 kW on average), hence explaining the reduced CO, emissions of this catch profile compared
to the others'®. Lastly, the validity of the results is confirmed by examining the ratio of CO, emissions to the total
value of landings from the seven species being studied. Once more, Cluster 2 fishing trips emerge as the most
efficient, displaying a median emission intensity of 0.62 kg of CO, per euro earned from catch. This is followed
by Cluster 3 (1.67 kg/euro), Cluster 1 (1.82 kg/euro), and Cluster 4 (2.34 kg/euro).

5. Discussion and conclusion

Our analysis shows that linking multivariate analysis of catch profiles to SFA can be an effective tool to
understand the dynamics taking place in the fishery at the vessel level, hence providing both managers, fishers and
policy-makers practical indications to improve the efficiency of the sector. Including an inventory of GHGs
emissions in the analysis also allows to compare the economic performance and the environmental sustainability

of the fishery, and therefore to identify the periods of the year or catch profiles where both dimensions coexist.

11 The highest levels of emissions are associated with Cluster 1, whose catch profile is targeted by powerful rapido vessels
(478 kW on average) during fishing trips with long time at sea (36 hours). Cluster 3 (416 kW, 26 hours) and 4 (478 kW, 25
hours) lie in between the two.
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From a management perspective, our approach highlights that some heterogeneity does exist within the rapido
fishery of Chioggia. In particular, the differences are related to the fisher’s behaviour, probably depending on
handed down patterns of fishing performance, the movement of the main target species (e.g. seasonal migrations),
regulatory limitations and the characteristics of the fishing grounds (e.g. type of sediment, bathymetry). This aspect
could be related to the partial overlapping of fishing grounds with other gears, especially bottom otter trawls,
which can compete for the same areas and resources (Russo et al. 2020). Such information should be carefully
considered when planning future capacity reduction programmes, because the effectiveness of such measures
heavily depends on the efficiency of the units involved (Pascoe and Coglan 2000)2. Similarly, further reductions
in fishing days as prescribed in the last EU regulations for the GSA 17 (-3% between 2022 and 2023) (Council of
the EU 2022; 2023) may not reach the target of reducing the pressure on all fish stocks if fishers are able to switch
among catch profiles (i.e. changing the target species). Our analysis shows indeed that TBB- especially the ones
with more powerful engines- do not necessarily belong to the same cluster during the whole year and they may
even report landings with different composition in the same month. An exception is represented by a few
small/medium sized vessels targeting mostly queen scallop (Cluster 2), which show less inter-cluster mobility
(Figure A1), In general, heterogeneity emerges at two levels: firstly, in the differences in technical efficiency
among vessels. Secondly, there is heterogeneity in terms of different strategies coexisting throughout the year.
Heterogeneity can also be related to differences in physical characteristics of the vessels, with larger TBB being
more efficient in specific seasons and smaller TBB in others. For instance, a two-sample t test indicates that vessels
with engine power above the average (433.17 kW) have higher scores in February (Pr(T < t) = 0.0143), while

boats with engine power below the average perform better in July (Pr(T > t) = 0.0126).

Depending on the priority weightings placed by management institutions (economic efficiency, carbon
neutrality, stock preservation), this type of analysis can support the selection of the most appropriate temporal
units for future regulations involving a reduction in fishing days. To ensure that these have no impact on market
supply and do not result in the closure of established commercial circuits, it is essential to consider both the
distribution of fishing time limitations throughout the year in addition to the fishing time reduction itself (Sanchez
Lizaso et al. 2020). On the other hand, even if the introduction of quotas has been traditionally rejected in the
Mediterranean Sea due to the multispecific nature of most fisheries (Carpi et al. 2017; Mulazzani et al. 2018), it is

reasonable to presume that setting a total allowable catch (TAC) for sole in the Autumn/Winter season would

12 In the period 2014-2020, 1,877,970 € have been allocated to the TBB segment of the Italian fleet under Article 34 of the
European Maritime and Fisheries Fund for permanent cessation of fishing activities (Gambino et al. 2022).
13 With regard to the influence of the year of construction of the rapido, graphical inspection of Figure A1l suggests that older
vessels are less able to move among clusters. This is confirmed by the fact that five out of the first six boxes at the top identify
TBB with an age above 28 years (median value in the sample). Engine power is indeed negatively correlated with vessel age
(p -0.52, 1% significance).
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prevent the fall in prices that occurs in November (6.35 €/kg) and December (6.89 €/kg)*, especially considering

that sole represents about 50% of landings in these months.

Two policy options emerge at this juncture. Firstly, the measure of vessel withdrawals, removing from the
fleet less efficient boats and/or those disproportionally contributing to GHGs emissions. Although the
effectiveness of decommissioning schemes has been historically criticized, especially in Italy (Spagnolo 2010),
efficiency analysis could indeed serve as a useful tool to select the most appropriate units to involve (Kirkley and
Squires, 2003), in particular in those contexts where fishing effort is above sustainable levels. Secondly, engaging
fishers to reorganize and channel production, changing fishing pattern of individual vessels and selecting the more
efficient combination of strategy and period. In this regard, an important role could be played by Producer
Organizations to engage all relevant stakeholders at the local level (European Commission 2023b), with the Veneto
region already having a positive example represented by Territorial Use Rights for clams management (Spagnolo
2007; Lucchetti et al. 2022). Despite the organizational effort required, the latter option appears more feasible,
especially considering the socio-economic challenges faced by the industry (Sabatella et al. 2020). Nevertheless,
efficiency analysis can also assume a crucial role with regard to the pressing issue of technological modernization
of European fleets, which has been recently raised by the Commission (2023a), facilitating the identification of

vessels with poor emissions performance.

We stress the fact that our analysis has some limitations. First, we consider data referring to a single year,
so our findings do not take into account possible stock fluctuations occurring over the long run, which may imply
a change in the behaviour of fishers with regard to the targeted species. In addition, we recognise that the results
from efficiency analysis are dependent on the methodology used, meaning that through the application of DEA
(instead of SFA) (Pascoe and Tingley, 2007), or the inclusion of different variables describing the fishing
technology- for instance through economic (e.g. capital value) rather than physical (e.g. engine power) inputs
(Pascoe et al. 2003)-, deviations in the efficiency estimates might occur. Nevertheless, it is important to remark
that the use of the model by Kumbhakar and Heshmati (1995) represents an original contribution in the field of
fisheries economics, since most of the efficiency studies are rather based on the application of the model by Battese
and Coelli (1995) (Pascoe et al. 2003), which does not distinguish between persistent and time-varying inefficiency
(Kumbhakar et al. 2015), and therefore is not able to isolate the effectiveness of one catch profile over the others.
Lastly, we recognise that this work considers solely the revenues from the most relevant species, therefore the
availability of price series for all the landed fish in Chioggia market could possibly alter the results from SFA due

to the inclusion of potential additional revenues from non-target and incidentally captured species.

In conclusion, our study shows that there is no catch profile of the TBB fishery in Chioggia that ensures

higher efficiency estimates throughout the year. While these depend on the month under consideration, we also

14 The average 2019 price is 8.98 €/kg, with peaks in August (12.24 €/kg), March (10.64 €/kg) and July (10.31 €/kg).
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find that, to maximize the value of the fishery, landings composed mostly of one (i.e. sole or queen scallop) or two
(i.e. sole and cuttlefish) species should generally be preferred over more mixed catch profiles (i.e. sole, purple dye
murex and great Mediterranean scallop). On the other hand, in terms of CO, emissions it emerges that fishing trips
targeting queen scallop are constantly more sustainable, due to the lower time at sea and engine power of the
vessels, hence resulting in reduced fuel consumption. This is mainly correlated with the distribution of queen
scallop, which- compared to other target species- is located closer to the Chioggia port (Russo, 2020). This is
extremely relevant when considering the EU objective of reducing GHGs emissions and the environmental

footprint from fishing and aquaculture to mitigate the impacts of climate change (European Commission 2023a).

We ultimately stress that this interdisciplinary approach, combining for the first time two methodologies
that are normally applied separately in marine science, has the potential to support management and policy-making
also in other contexts characterised by multispecies fisheries and heterogeneous fleets. In this regard, the empirical
strategy could be further enriched through the inclusion of alternative technigques both in the multivariate analysis
of catch profiles (e.g. hierarchical cluster methods) and efficiency estimation (e.g. multi-output stochastic
production frontiers and DEA). Incorporating spatial information describing the distribution of the areas swept by
vessels during the trip is also a promising possibility for future research, especially in the context of the economic

consequences related to the implementation of new protected/ fisheries restricted areas.
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7. Appendices

Table Al
Statistics overview for key fishing trip variables.

January (235 obs) February (254 obs) March (223 obs) April (233 obs)
Variable

m mdn sd m mdn sd m mdn sd m mdn sd

Fishing time (hours) 240 279 116 226 218 118 193 161 104 206 175 113
Navigation time (hours) 109 71 28.0 9.1 6.1 138 6.7 48 71 9.3 49 291

Fuel fishing (liters) 18389 19024 11379 16907 14637 11137 14753 1099.2 979.6 15536 12409 1029.1
Fuel navigation (liters) 6342 4166 18610 5186 3626 8925 3908 2672 3763 5555 2605 20742

Landings weight (kg) 5907 5235 3741 4582 4216 3103 3654 3172 2630 4339 3286 5892

Landings value (€) 44953 40347 2816.9 3670.2 3396.3 23185 33153 2796.4 2508.6 3551.7 2671.3 4843.8
CO; (kg) 7073.1 6785.6 6339.3 6318.6 54344 42309 5336.9 41422 33318 6032.0 44828 6630.7
May (253 obs) June (217 obs) July (184 obs) September (174 obs)
Variable
m mdn sd m mdn sd m mdn sd m mdn sd
Fishing time (hours) 15.1 134 8.0 17.7 14.4 9.7 16.8 145 8.3 15.9 16.6 73
18
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Navigation time (hours) 16.0 5.0 74.9 5.8 44 7.4 6.6 4.2 9.9 6.9 43 7.7
Fuel fishing (liters) 1120.6 949.7 739.7 1302.3  1041.2 843.1 1226.4  1053.0 809.7 1164.4 11190 691.7
Fuel navigation (liters) 965.4 294.1 5128.1 3135 240.5 324.1 354.8 215.4 506.8 386.2 273.7 459.0
Landings weight (kg) 345.5 273.3 3104 323.8 253.0 270.7 3111 256.8 253.6 355.9 306.4 227.6
Landings value (€) 2706.4 2170.8 2107.6 23455 19289 18109 24653 21828 15820 2746.6 24654 1653.0
CO; (kg) 5966.0 36509 14666.3 46214 3669.9 2673.8 4522.3 3716.3 2831.6 44349 41919 2326.7
Variable October (217 obs) November (203 obs) December (211 obs)
m mdn sd m mdn sd m mdn sd

Fishing time (hours) 214 19.1 10.3 175 17.2 7.6 221 19.6 10.9
Navigation time (hours) ~ 8-1 55 85 56 3.9 6.9 7.4 5.4 8.7
Fuel fishing (liters) 15430 14050 9363  1309.0 11883 7737 16986 15355 10317
Fuel navigation (liters) 4583 3181 4948 3061 2206 3106 4302 3222 4862
Landings weight (kg) 4177 3513 3784 4932 4543 2851 5346 4923  369.3
Landings value (€) 3382.1 2908.7 30243 3098.3 29182 17421 39145 35721 26322
CO;, (kg) 5723.7 5480.1 2849.1 4619.1 3979.1 24454 60884 55328 3562.1
Table A2
Random effects GLS regression results.

Variable Coefficient Std. Err.  p-value
In kW 10.463 4.415 0.018
In FT 0.722 0.532 0.175
In NT -0.822 0.540 0.128
In kW In FT -0.238 0.174 0.172
In KW In NT 0.350 0.196 0.073
In FT In NT 0.043 0.064 0.499
In kKW"2 -1.775 0.754 0.019
In FT"2 0.172 0.026 0.000
In NT"2 -0.063 0.030 0.034
January 0.108 0.056 0.054
February -0.074 0.055 0.178
March -0.114 0.056 0.041
April -0.143 0.055 0.010
May -0.172 0.056 0.002
June -0.402 0.056 0.000
July -0.274 0.059 0.000
September -0.083 0.061 0.174
October -0.160 0.057 0.005
November -0.016 0.058 0.779
December (ref.)
Constant -23.893 12.942  0.065
N 2273
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R squared 0.201
Wald Chi-Square statistic

(19) 703.46
Prob>Chi-square 0.000

Table A3

Average hours at sea and liters of fuel consumed per trip.

Mean hours (fishing + navigation)

Catch

profile J F M A M J J s o) N D
Cluster 1 39.0 36.8 325 53.9 134 21.4 25.0 28.3 25.6 34.7
Cluster 2 15.9 16.7 17.6 17.9 28.1 17.8 16.6 18.7 20.3 18.3 18.0
Cluster3 237 25.8 19.6 26.4 33.0 24.2 24.3 214 314 21.9 26.7
Cluster4  24.9 23.7 223 238 26.0 24.8 24.3 23.4 29.2 20.4 24.8

Catch Mean liters (fishing + navigation)

profile J F M A M J J S o N D
Cluster 1 28755 27357  2517.7 41257 457.9 7195 23056 23509 21272 2693.1
Cluster2 8565 893.3 10401 11057  1669.9 11479 10304 12141  1047.1 922.8 963.9
Cluster 3 16358 17465 12466 18228 22719 16804 16360 13561 19923 15055  1867.9
Cluster4 18315 16498 16624  1867.2 19730  1839.6 18549 17752 22538 15372 18516
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Fig. Al. Catch profile (Clusters 1-4) per trip for each TBB during the year 2019. Boxes are ordered consecutively based on the engine
power (kW) of the vessel (reported at the top).
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