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Abstract

Data from ceastal fisheries are often incomplete as these fisheries are usually
small-seale,rendering them exempt from logbook submission requirements. Catch of
dolphinfish"(Coryphaena hippurusy Taiwanese fisheries ranked second in the

world but*has dramatically declined to very low levels in recent years. In order to
address this decline, an abundance index needed to be assessed. However, due to the
small-scale of the fisheries, logbook data was not available to calculate catch per unit
of effort (CPUE). This study aimed to estimate a statistically reliable index by: (1)
assigning.effort matrices to landing data using coastal surveillance radar data; (2)
standardizing the 2062015 CPUE while using four approaches (classifying fishing
tactics-by-multivariate techniques and principal component analysis) to differentiate
the fisheries' effort towards catching dolphinfish from that of other target spaotes

(3) evaluating performances of the standardization models asimgfficient of
determination estimated by cross-validation and bootstrap procedures. The approach
that usedrdelta-generalized additive model with direct principal component
procedure demonstrated the best fit. This study presented an example of @eriving
statistically reliable abundance index from data-incomplete situations common for
coastal fisheries, which allows follow-up population dynamics studies possible. The
resulted index for dolphinfish in the Taiwanese region showed two seven-year cycles
with a prominent decline in 2015. Reasons for the fluctuation are unknown but may
be duesto environmental factors, the fast-growing nature of the fish, and heavy

exploitation of the stock by Taiwanese fisheries.
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<A> Introduction

Over-capacity and overfishing have caused anthropogenic threats to coastal
ecosystems, which are among some of the most productive marine ecosystems
(Jackson.et al. 2001; Halpern et al. 2008). Data from fisheries in coastal regions are
frequently incompletasthey are often exempt from logbook submission
requirements or haveecomplicated multi-species or multi-gear nature which causes

regulation.difficulties in traditional management systems.

Logbooks provide essential catch and effort data for calculating catch per unit effort
(CPUE) to index stock abundance. When logbooks are not available or incomplete,
commereiaklanding data can be utilized to represent ciatolre is no discarding

due to size-specific high-grading, at-sea dumping resulting from catches in excess of
the quota, black market landings, or losses due to fish handling or processing (FAO
1990-2017)yMeanwhile, fishing effort can be estimated either through appropriate
assumptions; such as taking each fish landing event (assumed as a trip) as a multiplier
of fishing day (e.g., Sonderblohm et al. 2014), or by applying fishery-specific
algorithms.to fishery-independent information such as vessel monitoring system
(VMS)ycoastal surveillance radar system (CSRS), or voyage data recorders (VDR)
(e.g., Lee et al. 2010; Chang 2014; 2016). The CPUE can then be calculated.
However, this raw CPUE is seldom proportional to abundance over the whole
exploitationshistory because many factors can affect CPUE. One of the most
commonly.applied fisheries analyses is standardization of CPUE data to remove the
effect of those confounded factors in an attempt to make CPUE proportional to
abundance(Maunder and Punt 2004; Maunder et al. 2006). Target effect (the effect of
changing target species, Maunder et al. 2006) is one of the most significant

confounding factors for multi-species coastal fisheries.

Dolphinfish (Coryphaena hippuruss)a highly migratory species widely distributed
throughout tropical and subtropical waters of the three Oceans (Palko et al. 1982), and
is utilized by many coastal countries, including Taiwan (Sakamoto and Kojima 1999;
Rivera and Appeldoorn 2000). The total catch of dolphinfish by Taiwanese fisheries

has been second only to Japan in the world
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(http://www.fao.org/fishery/species/3130/efhe catch has shown three distinct

stages historically (Figure 13 low population period from 1953 through 19a3

period of steadily increasing catch between 1973 and 1991; and a third period of high
catches commencing in 1992 due to an increase of fishing vessels (Chang et al.
2013b)."Anrunknown proportion of distant-water catches were included in the third
periodjthe catch was highly variable and has since @effiom a peak of 15,800 mt

in 1998 to around 10,000trim mid-2000s, and further to 4000 mt in 2015. The
declineswas observed in domestic fishing ports (Figure 2) and reported by coastal
fishers, where concerns regarding the status of the stocknamdent need to

estimatean abundance index emerged. However, coastal dolphinfish fisheries are
considered small-scaled in terms of vessel size and exempt from logbook submission
in Taiwan. Thus, no catch and effort data are available from the logbook system and

the traditional approach to estiraabundance index is not feasible at this time.

This study completed three tasks to obtain a statistically reliable abundance index for
dolphinfishsunder the data incomplete situation. Dolphinfish are seldom discarded
because of their high commercial value and thus the recorded landings of dolphinfish
by this fishing sector approximately equals total catches. Thus, the first task was to
obtain appropriate effort data. It can be simply assumed that each fishing landing
event (each trip) at the fishing auction represents a fishing day (Sonderblohm et al.
2014). The actual fishing days per trip (FDPT), however, may vary from one to three
days depending on vessel size (tuna fishing vé$3BIT may be longer than that for
traditional dolphinfish vessels, Chang et al. 2017). The assumption of a single fishing
day per trip thus may underestimate the fishing effort by larger sized vessels.
Therefore, this study estimates the FDPT by vessel size based on available data from
CSRS.whichiwere originally installed for security and enforcement purposes (Chang
2014).

The seeond task was to standardize the CPUE calculated from landing data and FDPT
estimates with consideration of target effect (the effect of different fishing tactics).
There are approximately 15 different fishing gears harvesting more than 200 fish
species that inhabit the highly diverse coastal ecosystems off Taiwan (Chang 2016).
Except for some key fisheries, such as the precious coral fishery or bluefin tuna

fisheries that have specific license regulations, fishing vessels can legally change their
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98 targets or even fishing methods for the seasonal abundant species without reporting to
99 the fishery authoritiesThus, several target species (fishing strategies or tactics, He et
100 al. 1997; Pelletier and Ferraris 2Q@0ay be involved in the data of a fishing gear,
101 and target effect becomes an important confounding factor that needs to be considered
102 whenrestimating the abundance index (Maunder and Punt 2004; Chang et al. 2011).
103
104 Four approaches were designed to address the second issue. The first two
105 pre-classified professional vessels from the data using two clustering approaches,
106 k-means and hierarchical clustering analysi€A) (Silva et al. 2002), and
107 standardized the CPUE by using the common one-stage generalized linear model
108 (GLM)«The other two approaches directly standardized the CPUE without separation
109 of professional vessels, usiagwo-stage GLM (delta-GLM, Lo et al. 1992) with
110 HCA clustered target factor aadwo-stage generalized additive model (delta-GAM)
111 with direct principal component (DPC) procedure (Winker et al. 2014).
112
113 The thirditask was to select the final model with best statistical performance of the
114 four standardization models. This study considered two categories of methods
115 introduced by Hinton and Maunder (2004) for CPUE models evaluation: the Akaike
116  information-ctiterion (AIC) and pseudo-coefficient of determinatiof (Raraway
117 2016), and the cross-validation and bootstrap (Zhang and Yang 2015) for estimating
118  the ‘bootstrap-R® (was referred as ‘overall-R” in Chang et al. 2017).
119
120 This study presents the first credible CPUE index for the Taiwanese dolphinfish
121 fishery from the final model. The approaches used in this study could be used by
122  other fisheries to deriven abundance index with a similar data-incomplete situation.
123
124 <A>Methods
125 <C>Thesdata—Dolphinfish catch in the Kuroshio Current off eastern Taiwan is
126 generally’landed in the three major fishing ports, Suao, Singang, and Tungkang (from
127 north to south of Taiwan); catches from the three ports composes over 80% of the
128 annual total catches in Taiwan. Commercial landing data from the three ports from
129 20012015 was available for this study and contains daily landing information (vessel
130 identification, unloading date, fishing port, and weight by species) by vessel; however,

131 no information of FDPT was available. Suao had comparatively the highest catch in
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the early 2000s but declined substantially after 2007 (Figure 2). Singang is currently
the major dolphinfish landing port. Dolphinfish catch was also high in Tungkang
(Figure 2), however, the historical catch included an unknown but high proportion of

frozen fish likely caught from different stocks in the Pacific Ocean or Indian Ocean.

Dolphinfish catch in the three fishing ports show strong seasonality (Figure 2). Two
fishing'seasons occur in both Suao and Singang: from April to June (with
comparatively higher catches) and from September to November (Chang et al. 2013a)
Growth_performance and mitochondrial DNA analysis determined the fish from the

two seasons are from the same stock (Chang et al. 2013a), like the fish in Mexico
(Alejo-Plata et al. 2011). In contrast, Tungkang has only one fishing season mainly
due to the cost of fishing during the second small season. Considering the different
nature of the fishing season, andreionportantly the difficulty in separating the

catches from distant waters as indicated above, Tungkang data was excluded from this

study.

Dolphinfish.was caught by many fisheries in Taiwan including miscellaneous fish
longline (MLL), tuna longline, gilinet, and many other gears. MLL that fished mainly

in coastal.area accounted for 84% of the coastal catch duringZiif and was

considered the major gear for dolphinfish. The size of the fishing vessels, by

Taiwanese vessel size definition, mainly ranged from powered reffigross

registered tonnage (GRT) (termed as CTR vessel category) and powered vessels of <5,
5-10, 16-20, 26-50, and 50100 GRT (CTOCT4 categories, respectively).

This study used 2062015 landing data of the MLL fishery. A review on the data
suggested.a’general bimonth cycle of landing amount by speciea hinusnthly

period wasused as a variable representing the periodical variations. Vessels with less
than fiveslanding trips in a bimonth period were excluded from the study to avoid data
noise,.and the rest of the data was referred to as Data_0 (199,605 trips). The data set
contained more than 20 species which were grouped into dolphinfish (DOL), tunas
(TUNA), billfishes (BIL), sharks (SHK), and other fishéstfiers). The most

! Raft is a powered, usually plastic tubes made, small boat.
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important species in the group of ‘othersS’ was sea breams which was also a major

target species of MLL fishery.

<C>Estimation of fishing effort. —The commercial landing data provided no
informationron fishing effort. We assumed that Taiwanese small vessels that lack
freezing facilities and fish in nearshore coastal waters typically unload their catch
daily to'keepthe catch fresh. Therefore a trip can be generally considered as
representing one fishing day (Sonderblohm et al. 2014). However, larger vessels may
operate.more days at sea before returning to ports for lgrsdittge relationship

between FDPT and vessel size needs to be defined.

To estimate the FDPT by vessel size, this study used data from the land-based CSRS
that are operated by the Coast Guard Administration (CGA) in Taiwan for security
purposes. The data included information on timar(inutes), position (in geographic
seconds), and speed (to the nearest 0.1 knot). Presumably the speed of any fishing
vessel will.be zero when in port, high when heading for or returning from the fishing
ground-and.navigating between fishing grounds, and low when fishing. Therefore,
fishing activities can be identified based on vessel speed information in the radar data
(Lee et al+2010; Chang and Yuan 2014). A simplified description of the criteria used
to derive fishing days from the radar data (see details in Chang 2014) included: (1)
records for which speed was zero within 0.01 nm of the coastline were assumed to
derive from vessels remaining in port; (2) records for which speed >5 knots were
assumed to be navigating (e.g., transiting to or between fishing grounds); and (3) the
rest data with speed <5 knots were considered as fishing. A vessel-day with
incomplete records (an ad hoc criterion: <120 records, i.e., less than two hours, in a
day; about.20% of total daysvas considered non-informative and was excluded. An
incompletetrip without clear identification of both leaving and returning to port or
without-ascorresponding dolphinfish landing record after return to port was also

excluded:

The current CSRS design was not created with the convenience of data retrieval for
research purposes in mind. Additionally, there are also security considerations in
retrieving the data; theetrieval of one year’s worth of daily radar data took several

months from ten CGA stations (Figure 2). Therefore, it is infeasible to obtain a series
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of data from the current systems. This study used 2010 data from the eastern coastline
CGA stations that contained about 10 million records, and a subset of 2015 data
compiled from 15 randomly selected vessels of all sizes for reviewing the consistency

of FDPT-vessel size relationships between these two periods.

The FDPT-vessel size relationship was analyzed using data from vessels-GfT4TO0
FDPT was assumed to be one for rafts (CTR), which baeey limited capacity for
stayingiover one day at sea and was generally poorly identified in the BSRS.

general linear model (GLM) was performed to test the significance of the relationship
for 2010.data, considering FDPT @sodel response and both the vessel size and
3-month' calendar season as factors. Heterogeneity of FDPT by vessel size from both
the complete 2010 data and subset 2015 data was tested using the information of
mean and standard deviation (SD) of FDPTalsymple meta-analysis. Mean

differences were calculated and tested using the fun@iietacont” of R package

(Chen and Peace 2013). If the FDRére significantly different among vessel sizes,
then the.mean FDPT by vessel size category were applied to the whole series of
landing datafor estimating fishing effort assuming no significant annual variation.
There was no substantial change observed in the structure of MLL vessels in terms of
navigatingspower and storage facilities, therefore, the assumption was considered

reasonable.

<C>CPUE standardizations with considerations of target effect-Except for some
specifically regulated species, fishing vessels can legally undertake multiple fishing
methods for target species other than they are licensed for without reporting to the
authorities. For example, the MLL fishery can freely shift their target species to sea
breams,.dolphinfish, tunas and other fishes. Therefore, target issue is the most

confoundingfactor to be addressed in the standardization process.

Four approaches were designed to standardize the CPUE, dolphinfish catch in weight
(kg) pertrip,divided by FDPT, with considerations of the target effect. The first and
second approaches classified professional vessels in advance and applied a commonly
used GLM procedure with lognormal error assumption to the professional data. The
third and fourth approaches directly standardized the CPUE of Data_0 without
separation of professional vessels but used a delta-GLM with HCA clusters and a
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delta-GAM with principle component (PC) scores that derived from a principle
component analysis (PCA) to present target factor in the model.

The vessels primarily fishing for dolphinfish were referred as professional vessels,
instead oftargeting vessels, to avoidfteion with the ‘target factor’ in the

standardization models. This study used two methods to classify professional vessels
either in‘the first half year (January to June) or in the second half year (July to
December). Some vessels may be professional vessels in one half-year but not the
other, so the classification was performed for every half-year and results were
combined afterwards by year. The first method used the k-means clustering, a
prototype-based partitional clustering technique that attempts to find a specific
number of ¢lusters (k) which are represented by their centrbatiset al. 2006). The
intention of this application was to develop a general rule to classify the professional
vessels using catch composition for the management agencies. Since k-means starts
with a random choice of cluster centers, it may yield different clustering results on
differentruns of the algorithm. In addition, k-means clustering assumes the joint
distribution, of features within each cluster is spherical which is hard to be satisfied.
Therefore, this study applied the second method W$Wy, which produces a
hierarchical-clustering by starting with each point as a singleton cluster and then
repeatedly memgsthe two closest clusters until a single, all-encompassing cluster
remains (Tan et al. 2006). The number of clusters (k) for the two approaches was
decided by the ‘elbow method’ (Kassambara 2017). Data from the professional
dolphinfish vessels defined by k-means clustering were referred to as Data 1, and

those defined by HCA was referred to as Data_2.

For the first.and second approaches, the covariates considered in the GLM included:
year (200%2015), bi-monthly period (56), target factor, fishing port (Suao and
Singang)yand vessel size category (CTR,-&I4). Ln(CPUE+0.1) are modelled
assuming a lognormal distribution. A simple forward method was used to determine
the variables to be included in the model. Standardized residuals and quantile-quantile
plots were used to examine the violation of lognormal assumption. Although the
models were applied to professional vesséis, the landing data also suggested that
those vessels shéftltheir target species from dolphinfish to other abundant species

within the half-year period. Therefore, the HCA was applied again to each dataset and
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the computed cluster code was assigned as an assumed target factor. The first two
approaches were referred to as ‘Datal kmeans+GLM_HCA’ and
‘Data2 HCA+GLM_ HCA’, respectively.

Data=Q contaied many zero-dolphinfish landing records resulting from dolphinfish
abundance seasonality and target effects. To address the effect of high zero records,
the third approach used a two-stage delta-GLM which consists of a positive-catch
model (PCM) ané zero-proportion model (ZPM) (Lo et al. 1992). For the positive
catch model, Ln(CPUE) are modelled assuming a lognormal distribution; while the
zero-preportion model predictsepresence or absence of dolphinfish using logistic
regression. The standardized index was the product of these model-estimated
components. Further model descriptions can be found in Maunder and Punt (2004).
The same covariates as designed for the GLM of the previous two approaches were
included in the delta-GLM (i.e., year, bi-monthly period, target effect, fishing port
and vessel size category). The target effect was simply addressed by the HCA on
catch compesition datand the approach was referred to as ‘Data0+dGLM_HCA’.
Withoutclassification of professional vessels, the number of data records for this
approach was substantially higher than the previous two approaches.

The fourth approach applied the DPC procedure (Winker et al. 2013): The procedure
uses continuouBC scores derived from a PCA of the catch composition data,
nonlinear predictor variables in a GAM to adjust for the effect of temporal variations
in fishing tactics (Winker et al. 20L.4ach CPUE record was assigned PC scores
which were used as continuous, rather than categorical, variables in the model. GAM
was a Ssemi-parametric extension of GLM with the underlying assumption that the
functions.are additive and that the components are smooth (Guisan et al. 2002). GA
was usedyinstead of GLM (MacNeil et al. 2009), because of the concern whether
GLM isssuitable to handle potentially nonlinear relationships between CPUE and PC
covariates (Winker et al. 2013). The optimal number of PCs were decided based on
Cattel’s seree-test in combination with the Kaiser-Guttman rule (Guttman 1954,

Cattell 1966).

To address the issue of high fractions of zero catches, the fourth approach adopted

similar procedure as the third approach, using a two-stage delta-GAM that composed

This article is protected by copyright. All rights reserved



299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332

of a PCM anda ZPM. The same covariates as previous approaches were used in the
model.This approach is termed as ‘Data0+dGAM_DPC”.

<C>Selection of final standardization model—Hinton and Maunder (2004)
introduced-three categories of methods to evaluate the performance of the
standardization models: The first two (likelihood ratio/AIC/Bayes factors, and cross
validation) are based on the ability to predict the catch or CPUE by assuming that the
modelsimost accurately predicting the mentioned factors are the most efficient
predictors of relative abundance. The third category (system-based testing) is based
on the ‘consistency of the estimates, with auxiliary information on the year effect that
represents the annual relative levels of abundance (see Chang et al. 2017 for a
demonstration). Currently there is no integrated stock assessment model developed
for the dolphinfish stock in the Kuroshio Current and not many data on the stock are
available, hence the third method is not feasible in this case. Therefore, this study

appliedithe first two methods to evaluate model performances.

The AIC,can avoid the overfitting issue due to adding parameters to the model by
introducing a penalty term for the number of parameters (Yu et al. 2014) and was
used to deeide the final variable combination of each model run (with smallest values).
AIC can also be used to compare performances of different model; however, the AIC
are based on likelihood function, which in its turn depends on sample size. As such,
caution Is required when comparing one-stage GLMs and two-stage delta-GLMs
using AIC with different sample sizes (Hoffmann 2016). In addition, it is complicated
for the cases using two-stage delta-GLM or delta-GAM because of the difficulties in

defining,the variance parameters of the likelihood function.

Therefore;this study used AIC to decide the final variable combination of each model
but useds*bootstrap-R*’, which determines the overall correlation between the actual
and predicted values while avoiding overfitting issues (Chang et al. 2017), to compare
model pérfermance. Pseud8{Raraway 201Bwas used only for single model
discussion. The bootstrag-Ras calculated through cross validation and bootstrap
procedure (Efron 2004; Zhang and Yang 2015). The data were firstly split randomly
into two subsets: a model-building set andalidation set. The validation set

provided the observed CPUE and the predicted (theoretical) CPUE that calculated
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from the model built from model-building set, and tHevBue was then calculated
from thesepairs of data. The final mean and standard deviatior wfR obtained

from 200 replications of the above procedures and was then termed as bodtstrap-R
(see details in Chang et al. 2017). Iterating 200 times was sufficiataraer
number-ofiterations did not produce substantially different estimates.

<A>Restults

<B>Estimation of Fishing Effort

This study identified 2,497 trips from 59 vessels (8J04) in 2010 for studying the
relationshipbetween FDPT estimated from radar data and vessel size categories. The
remaining/trips could not be used due to a lack of corresponding radar records. This
lack of radar records was due to a variety of reasons, including environmental factors
(see Chang 20)4r landing vessels associated with ports not covered by the radar
data.

The GLM.en'the relationship of FDPT to vessel size and season on 2010 data
suggested.that the FDPT are significantly different among vessel size categories
(F41852=13.403, P < 0.001) but not significantly different among seasa@ns{E

0.293, P_=:0.830). The box-plot distribution of FDPT by vessel size is shown in

Figure 3; and the mean + SD, calculated from the GLM with only vessel size as factor,
are 1.143 £ 0.378, 1.222 + 0.328, 1.386 + 0.521, 1.799 + 0.698, and 2.375 + 0.744, for
CTO-CT4, respectively. The meta-analysis oariean and SD by vessel sizes of

2010 complete data and 2015 subset data suggested no significant heterogeneity was
observed (Cochran Q = 2.97, P = 0.563). There was no observation of substantial
changes in equipment for the vessels to fish longer at sea during the studying period,
therefore,.thé means were used as multipliers and applied to the whole study period to
estimate‘thefishing days. The fishing day per trip for CTR were all assumed as one

day.

<B>Classification of Professional Vessels

The scree plot from the elbow method (Figure 4A) suggests five clusters as the
optimal cluster number for the k-means clustering method. Each cluster has different
dominant species compositions (Figure) t#dicating five different types of target

vessels: dolphinfish, billfishes, tunasthes’, and sharks. The catch compositioraof

This article is protected by copyright. All rights reserved



367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399

dolphinfish cluster against the clusters of the other four fish groups (Fipure 6
suggests 40% as the rule-of-thumb dolphinfish composition threshold for classifying
professional vessels: a vessel could be classified as a dolphinfish professional vessel
when its dolphinfish catch ratio is higher than 40% in a half-year period. By this rule,
3,8567(In"2012) to 6,415 trips (in 2007) from 64 (2012) to 133 (2007) vessels were
classified as professional trips during the study period. Total professional trips were
73,883 (Data_1).

The HCA method also suggests five optimal number of clusters (Figure 4B) and the
same five types of target vessels (Figure 5B). Cluster 1 was defined as the
professionalitrips which comprises 3,584 (2012) to 6,099 (2007) trips from 57 (2012)
to 128 (2007) vessels. Total professional trips were 71,490 (Data_2

<B>Targeting Factors for CPUE Standardizations

Scree plots for selecting the number of clusters for the HCA as target factors in the
GLMs insthefirst two approaches (Datal kmeans+GLM_HCA and

Data2 'HCA+GLM_HCA), did ot show clear ‘elbows’ (Figures. € and 4D), i.e., the
elbows cannot be unambiguously identifasthose in Figures. 4A and 4B. This

might be _because the major target effect has already been accounted for by the
classification of professional vessels in the two approaches. Three clusters for the
GLM on Data_1 and four clusters for the GLM on Data_2 were decided through

arbitrary tests (Figures. 4C anBD}¥

Different from the first two approaches, the scree plot for the third approach
(Data0O+dGLM_HCA) appliedo original Data_0 has shown a cléalbow (Figure

4E). Eive clusters were definedmainly targeting tunas with bycatch of dolphinfish
and‘othersysolely on dolphinfish, on billfishes, on sharks, andothers,
respectively’(Figure 5Eand had almost the sarasthe results from the professiin
vesselssclassification. This clustering result represghe different targeting clusters

in the MELJanding data. The catch compositions of each cluster were consistent over
time (Figure 7A). Dolphinfish (Cluster 2) was caught mainly in the second-third and
fifth-sixth bimonthly periods (Cluster 2 in Figure 7B), however, the proportion varied

by year. Dolphinfish was mainlyshed by small vessels of CTR and G21(>75%)
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400 (Figure TC), and the Cluster 2 fishing effort peaked in 2007 and declined thereafter
401 (Figure 7D).

402

403 For the fourth approach (DataO+dGAM_DP@g Cattel’s scree-test in combination

404 with the"Kaiser-Guttman rule suggested optimal three PC axes (eigenvalue greater
405 than one). Dolphinfish targeting effect was mainly associated with PC1: lower scores
406 representing stronger targeting on dolphinfish and, vice versa, higher scores

407 representing stronger targeting on other fishes (Figures 8)aR@€2 and PC3 were

408 mainly asseciating with targeting effect of the rest fish groups.

409

410 <B>CPUE Standardizations and Final Model Selection

411  Statistics of the final standardization model runs of the four approaches with smallest
412  AIC of each model run were shown in Table 1. The diagnostic residual plots and

413 quantile-quantile plots suggested normality in the distribution of the residuals and no
414 patterns within covariates for the GLMs and the PCMs of the delta-GLM and

415 deltaGAMsThe KolmogorovSmirnov tests indicate that the residual distributions do
416 not significantly differ from the normal distribution assumption (p > 0.100). The

417 analyses of deviance suggested that all the main effects, including target effects, were
418 significantly different from zero (p < 0.001).

419

420 Since the two classified professional datasets are different with different sample sizes,
421 the AIC cannot be used to compare the performance of the approaches. The

422  bootstrap-Rof the first two approaches were 0.268 + 0.002 (mean + SD) and 0.297 +
423 0.003 (Table 1), respectively, indicating that the second approach using HCA to

424  define professional data haslightly better fit. The bootstrap?Rf the last two

425 approdches.were 0.387 £ 0.003 and 0.873 + 0.001, respectively. Obviously, the fourth
426 approachthat used delta-GAM with DPC procedure has a higher model fitting

427 performanece and wa®nsidered as the ‘optimal’ standardization model.

428

429 Thoughthere were differences in model fitting results, generally the four standardized
430 CPUE time series had similar trends (Figure 10A). According to the optimal model
431 result, the standardized CPUEs showed an increasing trend beginning in 2001,

432 peaking in 2007, and followed &adrastic drop in 2008 with a continuous decline to

433 its lowest level in 2012. Afterward the CPUE increased to its second peak in 2014 but
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434  with a second decline in 2015. The decline in 2015 was more substantial in th

435 approach than in the first two approaches. The standardized CPUE trends obviously
436 differedfrom the nominal CPUEs which almost showed no trend (Figure 10B).

437

438 <A>Discussion

439 <B>Estimation of Fishing Effort

440 Accurate fishing effort data is crucial to understanding stock dynamics through

441 calculation of CPUE as a proxy of abundance. Fishing effort information is

442 commonly sourced from logbooks submitted by fishers, although many studies have
443 discussed concerns on the accuracy and sufficiency of the information from this

444  source/(Bordalo-Machado 2006; Chang and Yuan 2014; Walter et al. 2014).

445 High-resolution measurement of fishing effort can be derived from

446 fishery-independent high-tech data, such as VMS or VDR data (Gerritsen and Lordan
447 2011; Chang and Yuan 2014; Chang 2016) in the absence of reported fishing effort.
448 However, many fisheries are unable to afford the installation of these systems. As a
449 result, many-studies rely on landing records to estimate effort by assuming that each
450 landing event represents a fishing day (one FDPT) (e.g., Leitdo et al. 2014;

451 Sonderblohm et al. 20)14

452

453 Logbook data was not available for the small-scale coastal dolphinfish fishery in

454  Taiwan, This study derived effort from landing data on trip basis but adjusted the

455 FDPT by vessel size according to inferences from radar data. Radar data suggested
456 the FDPT for the MLL fishery has a significantly positive relationship with vessel

457 size but has no statistical relationship with season. Generally, vessels smaller than 20
458 GRT (CT0-CT2) landed catches daily (FDPT = 1); and vessels larger than 20 GRT
459 (CT3-CT4).fish for about two days on average before landing (Figure 3). Radar data
460 showed thatthe dolphinfish fishing ground is not far from the coastline (Chang 2014),
461 and thesffishewere mainly caught by small MLL (< 20 GRT, estimated mean FDPT <
462 1.5) (Eigure 7) who have limited navigation power and storage capacity. Most were
463 aged vessels and operated within the nearshore coastal waters of Taiwan; more newly
464 Dbuilt vessels generally shifted to be tuna longliners fishing for higher valued tunas and
465 marlins in farther areas or in the high seas. Hence, if there was no geo-referenced data

466 such as radar data or VMS/VDR data to estimate the relationship, it might be
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plausible to assume that most fishers unload their catch every fishing day to supply
the fresh product preferable to Taiwanese markets.

The 2010 radar data that was used to adjust the FDPT by vessel size covered over
85% of the'professional vessels and was considered representative. However, the
CSRS has a limitation in scanning range (normally 12 nm of the coastline but can be
farther'in fine weather). Larger vessels may fish beyond the irmithich case the

trip willsbe excluded if the records within the limit are less than two hours in a day
before the vessel returns to port (may be different from its leaving port). This situation
may diminish the effect to adjust the underestimation of effort for large vessels.
However, the composition of vessel size was rather stable for dolphinfish-targeting
clusters across the years (except for 2005 and 2006; FiGiyreer, the proportion of

bias might be generally consistent through time. In addition, the majority of vessels
were small MLL vessels (even for 2005 and 2006) that normally fished for
dolphinfish in nearshore coastal waters, which means the magnitude of
underestimation might not be large. Hence, we assumed the estimated mean FDPT
were applicable, and the uncounted efforts might have limited impact on the relative
CPUE series.

<B>Classification of Fishing Tactics within the MLL Fishery

Total landing records from the MLL fishery (Data_0) was almost double that of the
professional datasets Data_1 and Data_2 (Table 1), suggesting that the original data
contained a high proportion of vessels that had not fished for dolphinfish or only
occasionally caught dolphinfisssbycatch. Catch compositions of the clusters in
Figure 5 indicated that the fishery has several target species and therefore is a
multi-species multi eet fishery, or a mixed fishery with different target species.
Heterogeneity of targeting tactics in the fishery will degrade the accuracy when
assessingthe relationship between the total fishing effort and the resulting fishing
mortality"on the exploited stock; hence the targeting tactics of the fishery need to be

classified'in,advance (He et al. 1997; Pelletier and Ferrarig.2000

Species composition of the catch was commonly used to classify the targeting tactics
through simple multivariate techniques by considering the similarities between the

species assemblages (He et al. 1997; Silva et al. 2002). Target species may not be
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accurately reflected by the species composition itself, however, in many cases, this
can be mitigated by associating the clusters with additional information such as vessel

characteristics (He et al. 1997; Pelletier and Ferraris)2000

In this'study; the first three approaches using species composition multivariate
technigues obtained similar results of five clusters with different targeting tactics
(Figures 5A, 5B andb). Clusters from Figure 5E were supplemented with additional
information and demonstrated that the MLL fishery actually contained five métiers
with specific target species (Figurer@dher than simply ‘miscellaneous fishes’.

Métier-1 was mainly vessels <50 GRT targeting tunas with bycatch of dolphinfish
and sharkén 'Suao where the three fish groups were abundant in the coastal waters.
Métier-2 consisted of vessels < 20 GRT targeting dolphinfish during the main fishing
seasons of Mareldune and Septemb&ecember (bi-month basis). This fleet
contributed the highest fishing effort in the fishery. Métier-3 consisted largely of
vessels.of 160 GRT from Singang targeting billfish in autumn and winter when the
Northeast.monsoon was strong. Métier-4 was mainly-20 %5RT vessels targeting
sharksin,Suao from November through February. Métier-5 was mostly vessels <5

GRT targeting ‘other’ species.

Classification of vessels with the same targeting tactics is an important topic of
fisheries management (Russo et al. 2011). Dolphinfish is an important target species
to Taiwanese fisheries, and managers with no computation capacity reguested
simple(rule to identify professional vessels to facilitate management purposes. The
k-means clustering results (Figure 6) in this study suggested a simple 40% rule,
dolphinfish catch composition during a half-year period, which is easily
understandable and acceptable to fishers. Although the selection of a fixed value
could bearguable because the catch ratio would vary by year and region, empirically,
howevergthe professional vessels classified using this 40% rule have similar
performances as those using HCA, which requires intensive computation, in the
CPUE standardization (Data2_ HCA+GLM_HCA, Table 1) and the resulted relative
CPUE trends of both approaches were almost identical (Figure 10A). Nevertheless,

the fixed criterion may need to be reviewed periodically.

<B>CPUE Standardizations and Model Performances
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The AIC were only used to define the final parameter combinations and were not used
to compare model performances because the datasets contained different sample sizes
(Hoffmann 2016). The larger a sample size, the larger the calculated likelihood, and
therefore AIC becomes smaller. AICs could not be combined for the delta models
(delta=GlMrand delta-GAM) either, which was concerning since model runs of each
step implies a different variance parameter and it is not clear if the variance parameter
should'be counted in the AICs.

Alternatively, R determines the correlation between the actual and predicted values
and can, be a straightforward statistic for model selection in linear models when the
number‘of parameters is fixed (Kutner et al. 2005). There are more parameters in
two-stage delta models thanamne-stage model, which may increase the likelihood
of overfittingjand produce misleadingly high. Estimating the bootstrap*Ralue
through cross-validation and bootstrap procedures (Efron 2004; Zhang and Yang

2015) could avoid the illusion of increased R

The bootstrap-tof the first two approaches applying Glibiprofessional data

(Table 1) suggested the second approach has slightly better fitting performance than
the first one. Meanwhile, the bootstrapeRthe two delta methods showed higher
values than the first two approaches, especially when applying the DPC procedure
developed by Winker et al. (2013): 0.873 for the fourth approach
(DataO+dGAM_DPC) compadto 0.387 for the third approach (DataO+dGLM_HCA)
and 0.2680.297 for the first two approaches with classification of professional
vessels. This suggested that it is unnecessary to classify professional vessels for
CPUE 'standardization in this context. Mechanisms for the significant difference
between.the fourth approach and the other three approaches were not examined. The
differencerlikely resuid from the advantages introduced in Winker et al. (2013),
where thesDPC approach can avoid determining the optimum number of clusters with
rather_artificial boundaries and the combinations of different proportions of targeting

tactics are:mmodelled as a continuum of all possible combinations.

Another possibility of the high bootstragiR the fourth approach was the overfitting
of a large of amount of zero-catch in the Data_0. The psetidbFiCM component
of the delta-GAM with positive dolphinfish catch was 0.530, while that of ZPM was
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0.954, implying that zero-catch records might have substantial effect on the
estimation of bootstrap?RWinker et al. (2013) directly removed the zero-catch
recordsassiming that only a minor fraction of observed zeros would result from

failed targeting:ffort (‘true zero’) in abundant target species. However, this study
assumedthat'the decline of dolphinfish catches would result in an increasing
proportion of zeros, and thus why the delta-method was applied. This could increase
the estimatiof"of bootstrap?R deltaGAM. However, this was not observed in the
delta-GLM case (the third approach), perhaps because the zero-catch records had
been assigned to the bycatch clusters from the HCA method. Even so, the pgseudo-R
of 0.530.for PCM is still much higher than the other approaches, suggesting the fourth
approach had a better fitting performance than the other approaches. An additional
test using one-stage GAM on positive catch records (removed all zero-catch records)
resulted in almost identical CPUE series with that of d8ké, except for a slightly
lower CPUE level in 2007.

The firstitwoe/approaches used data from pre-defined professional vessels. It may be
arguable that professional vessels may make every effort to increase their fishing
efficiency when dolphinfish abundance becomes lower, and consequently may result
in a ratherstable CPUESs over time. This concern was considered insignificant for this
study because dolphinfish is not a high-ranked profitable specieastuttas and
billfishes, and the major targeting vessels are relatively small and traditional. In
addition, dolphinfish is just one of the targets of thetiragecies mixed fishery and

there is no restriction for the fishery to shift target species. When the catch rate of
dolphinfish is low and unprofitable, the small-scale vessels may have neither strong
incentive nor capability to improve their fishing efficiency for dolphinfish and may

simply.switch to target other fish groups.

Hyperstability may occur whemfishery targets fish spawning aggregation in which

the CPUE remains elevated as stock abundance declines (Ellis and Wang 2007;
Erisman‘etal. 2011). On the other hand, hyperdepletion may occur when ignoring the
effect of an unfished area to the overall stock trend index, especially for fisheries that
move progressively across large region (Walters R008lusion of spatial effect in

the standardization model may help avoicdstwtuations (Walters 2003). The
geo-location information should be available from radar data, however, as previously
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explained, there are limitations in obtaining the data. MLL vessels usually fish in
adjacent waters close to home ports where they land the catch. Interviews with
industry leaders confirmed the assumption that the fishing areas were consistent
throughout the studied period. In addition, including fishing ports as a covariate, as in
the study-of‘Pacific bluefin tuna CPUE standardization with silpilacomplete data
(Chang et al; 2007 could mitigate the deficiency in the lack of spatial data.

Distribution of dolphinfish is correlated with environmental variables sisctea
surface temperature and ocean current (Martinez-Ortiz et al. 2015). Lack of
geo-location'data of the operations has also limited the use of environmental
information as covariates in the models in this study. However, environmental
variables are often highly correlatedeach other and may also correlate with other
spatial and temporal factors. Therefore, the effects of many environmental factors
may not be significant in the standardization models even if the factors were included
(e.g., Su et al. 2008The dolphinfish fishing ground was relatively small and in the
warm Kureshio Current (Figure 7 of Chang 2014), which means environmental
changes in.the region may not have been large enough to be influential and were
ratherimplied in thdi-month factor.

<B>Summary and Management Implications

Dolphinfish catch has substanlyatleclined during recent decades, driving the need

to develop credible CPUE indices. However, due to the small-scale coastal fisheries
catching dolphinfish, logbooks were unavailable to provide information for the
calculation of CPUE. This study, for the first time, examined Taiwanese coastal
fisheries that are complicatedth multi-gear and multi-tactics features and selected
MLL for.developing the indices. The study assumed landing weight was equivalent to
catch, sincergenerally no market discarding occurred on this species, and then
assignedareliable effort matrix (in number of fishing days) as well as targeting
information to the landing data. The effort was estimated based on the common
practice ofiassuming one fishing day for one landing event but was adjusted by vessel

size using radar data from CSRS.

Four approaches were designed to standardize the CPUE, taking into account the

target effect for this multi-species fishery. The first two pre-classified professional
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vessels through two multivariate statistical methods before performing the
standardization with one-stage GLM. A simple rule for identifying the professional
vessels was determined for managers to serve management purposes. The other two
directly standardized the CPUE using dedicated two-stage GLM or GAM to address
the abundant zero-catch data and using an HCA clustering technique or DPC
procedire to'address the target issue. Based on bootéfriiasRtudy suggested the
fourth approach, i.e., the use of the DPC procedure to address the target effect in the
delta-GAM, as the optimal model, and that pre-classification of professional vessels

might not be necessary in the standardization.

The indexfrom the optimal model showed two seven-year cycles with peaks in 2007
and 2014 (Figure 10), and the last year (2015) showed a concerning decline. While
there is no information to explain the causes of these fluctuations, they may be
associated in part with environmental factors on the recruitment (as in the Gulf of
Mexico, Kitchens and Rooker 20)ldnd the exceptionally fast growth rates and early
maturation-nature of the fish (Oxenford 1999; Schwenke and Buckel 2008; Chang et
al. 2013a)..lt may also be related to the heavy exploitation from-200Z and low

fishing pressure after 2007 (Figure 7D, Figure 1), as well as the fishing pressures of
Japan, thedargest dolphinfish harvester, exploiting the same stock as Taiwan (Chang
et al. 2013a), and thus cooperation in analyzing the indices and further designing

management regulations should be encouraged.

In 2015, a basic Fisheries Improvement Project (FIP) for the dolphinfish fishery in
eastern wasters off Taiwan (Hsin-Kang Mahi Mahi¥Filas established with the
participation of representatives from stakeholjeesearch institutions and
governments: The FIPs are for fisheries that are willing to mitigate fisheries impacts
on marineresources by encouraging the sharing of responsibility by the private
sectorssandnot subjectadigh standard ecolabeling approach. Although tiene
management measure stipulated for dolphinfish fisheries, the implementation of the
FIP shouldshave positive impacts on the stocks while at the same time facilitating the

collection of better data from the fisheries. Before higher quality data can be

2 http://www.taiwanfip.tw/fip_introduction_en.html
® Including service wholesaler, processing plant, trade agents and local fishermen.
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sufficiently collected for scientific analyses, this study provides an alternative and
statistically reliable abundance index framincomplete data situation to understand
the regional stock status and for precautionary fishery-impact mitigation planning,
which is the goal of the FIP.

<A>Acknowledgements

The authors are grateful for the financial support of NMFS under projects
NFFR740011-04742 and NFFR7400-12-03755 and the data provision of the
Fisheries Agency, the Coast Guard Administration, and the Overseas Fisheries
Development Council of the ROC (OFD@omments from Dr. Hung-I Liu of the

OFDC are'also appreciated.

<A>References

Alejo-Rlata;"C., P. Diaz-Jaimes, and |. H. Salgado-Ugarte. 2011. Sex ratios, size at
sexual maturity, and spawning seasonality of dolphinfish (Coryphaena hippurus
captured in the Gulf of Tehuantepec, Mexico. Fisheries Research 110:207-216.

Bordalo-Maghado, P. 2006. Fishing effort analysis and its potential to evaluate stock
size. Reviews in Fisheries Science 14:369-393.

Castro, d:M: Marin, G. J. Pierce, and A. Punzén. 2011. Identification of métiers of
the Spanish set-longline fleet operating in non-Spanish European waters.
Fisheries Research 107:100-111.

Cattell]IR..B.1966. The Scree Test For The Number Of Factors. Multivariate
Behavioral Research 1:245-276.

Chang,.S#=K. 2014. Constructing logbook-like statistics for coastal fisheries using
coastal surveillance radar and fish market data. Marine Policy 43:338-346.

Chang, S.-K. 2016. From subsidy evaluation to effort estimation: Advancing the

function of voyage data recorders for offshore trawl fishery management. Marine

This article is protected by copyright. All rights reserved



695

696

697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

Policy 74:99-107.

Chang, S.-K., G. DiNardo, J. Farley, J. Brodziak, and Z.-L. Yuan. 2013a. Possible
stock structure of dolphinfish (Coryphaena hippurus) in Taiwan coastal waters
andrglobally based on reviews of growth parameters. Fisheries Research
147:127-136.

Chang/"S=K, S. Hoyle, and H.-I. Liu. 2011. Catch rate standardization for yellowfin
tuna,(Thunnus albacares) in Taiwan's distant-water longline fishery in the
Western and Central Pacific Ocean, with consideration of target change. Fisheries
Research 107:210-220.

Changy'S.-K., H.-I. Liu, H. Fukuda, and M. N. Maunder. 2017. Data reconstruction
can.improve abundance index estimation: An example using Taiwanese longline
data for Pacific bluefin tuna. PLoS ONE 12:e0185784.

Chang, S.-Ky, Y.-C. Yang, and N. Iwasaki. 2013b. Whether to employ trade controls
or fisheries management to conserve precious corals (Coralliidae) in the Northern
Pagcifie:Ocean. Marine Policy 39:144-153.

Chang, S.-K!, and T.-L. Yuan. 2014. Deriving high-resolution spatiotemporal fishing
effort of large-scale longline fishery from vessel monitoring system (VMS) data
and.validated by observer data. Canadian Journal of Fisheries and Aquatic
Sciences 71:1363-1370.

Chen, D=G., and K. E. Peace. 2013. Applied Meta-Analysis with R. CRC Press, New
York.

Chen, W.-Y., W.-C. Chiang, H.-H. Hsu, L.-Y. Hsu, and W.-C. Su. 1999. Studies on

catch trend and growth parameters of dolphinfish Coryphaena hippurus in the

This article is protected by copyright. All rights reserved



718

719

720

721

122

723

124

725

726

127

728

729

730

731

732

733

734

735

736

737

738

739

740

eastern waters of Taiwan. (in Chinese with English abstract). Journal of Taiwan
Fisheries Research 791-

Efron, B. 2004. The Estimation of Prediction Error. Journal of the American
Statistical Association 99:619-632.

Ellis, N., and Y.-G. Wang. 2007. Effects of fish density distribution and effort
distribution on catchability. ICES Journal of Marine Science 64:178-191.

Erisman,; B<E., and coauthors. 2011. The illusion of plenty: hyperstability masks
collapses in two recreational fisheries that target fish spawning aggregations.
Canadian Journal of Fisheries and Aquatic Sciences 68:1705-1716.

FAO. 1990-2017. CWP Handbook of Fishery Statistical Standards. Section B: Catch
and.Landings. CWP Data Collection. In: FAO Fisheries and Aquaculture
Department [online]. Rome. Updated 26 November 2014.

Faraway, J..J. 2016. Extending the linear model with R: Generalized linear, mixed
effects and nonparametric regression models, Second Edition. CRC
Press/Chapman & Hall.

Fisheries Agency. 2008-2017. Fisheries Statistical Yearbook, Taiwan, Kinmen and
Matsu Area. Fisheries Agency, Taipei. (Electronic version available at

http://mwavw.fa.gov.tw/pages/list.aspx?Node=242&Index=11

Gerritsen, H.; and C. Lordan. 2011. Integrating vessel monitoring systems (VMS)
dataswith daily catch data from logbooks to explore the spatial distribution of
catch and effort at high resolution. ICES Journal of Marine Science: Journal du
Conseil 68:245-252.

Guisan, A., T. C. Edwards Jr, and T. Hastie. 2002. Generalized linear and generalized

This article is protected by copyright. All rights reserved


http://www.fa.gov.tw/pages/list.aspx?Node=242&Index=11

741

742

743

744

745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

additive models in studies of species distributions: Setting the scene. Ecological
Modelling 157:89-100.

Guttman, L. 1954. Some necessary conditions for common-factor analysis.
Psychometrika 19:149-161.

Halpern, B. S., and coauthors. 2008. A global map of human impact on marine
ecosystems. Science 319:948-952.

He, X., ' K..A¢Bigelow, and C. H. Boggs. 1997. Cluster analysis of longline sets and
fishing strategies within the Hawaii-based fishery. Fisheries Research
31:147-158.

Hintonf{M."G., and M. N. Maunder. 2004. Methods for standardising CPUE and how
to selectiamong them. Col. Vol. Sci. Pap. ICCAT 56:169-177.

Hoffmann, J. P. 2016. Regression Models for Categorical, Count, and Related
Variables: An Applied Approach. University of California Press, Oakland,
California.

Jacksonpd=B. C., and coauthors. 2001. Historical overfishing and the recent collapse
of coastal ecosystems. Science 293:629-637.

Kassambara, A. 2017. Practical Guide to Cluster Analysis in R: Unsupervised
Machine'Learning. STHDA.

Kitchens, L. L., and J. R. Rooker. 2014. Habitat associations of dolphinfish larvae in
the.Gulf of Mexico. Fisheries Oceanography 23:460-471.

Kutner, M. H, C. J. Nachtsheim, J. Neter, and W. Li. 2005. Applied Linear Stdtistica
Models, 5th edition. McGraw-Hill, New York.

Lee, J., A. B. South, and S. Jennings. 2010. Developing reliable, repeatable, and

This article is protected by copyright. All rights reserved



764

765

766

767

768

769

770

771

772

773

774

775

776

e

778

779

780

781

782

783

784

785

786

accessible methods to provide high-resolution estimates of fishing-effort
distributions from vessel monitoring system (VMS) data. ICES Journal of Marine
Science 67:1260-1271.

Leitdo, F, VaAlms, and K. Erzini. 2014. A multi-model approach to evaluate the role
of environmental variability and fishing pressure in sardine fisheries. Journal of
Marine"Systems 139:128-138.

Lo, N. G, L#D. Jacobson, and J. L. Squire. 1992. Indices of relative abundance from
fish spotter data based on delta-lognormal models. Canadian Journal of Fisheries
and Aquatic Sciences 49:2515-2526.

MacNeil, M. ’A., J. K. Carlson, and L. R. Beerkircher. 2009. Shark depredation rates
in pelagie longline fisheries: a case study from the Northwest Atlantic. ICES
Journal’of Marine Science 66:708-719.

Martinez-Ortiz, J., A. M. Aires-da-Silva, C. E. Lennert-Cody, and M. N. Maunder.
2015. The Ecuadorian Artisanal Fishery for Large Pelagics: Species Composition
and Spatio-Temporal Dynamics. PLoS ONE 10:e0135136.

Maunder, M.'N., and A. E. Punt. 2004. Standardizing catch and effort data: a review
of recent approaches. Fisheries Research 70:141-159.

Maunder,:M:'N., and coauthors. 2006. Interpreting catch per unit effort data to assess
the status of individual stocks and communities. ICES Journal of Marine Science
63:1373-1385.

Oxenford, H."A. 1999. Biology of the dolphinfish (Coryphaena hippurus) in the
western central Atlantic: a review. Scientia Marina 63:277-301.

Palko, B. J., G. L. Beardsley, and W. J. Richards. 1982. Synopsis of the Biological

This article is protected by copyright. All rights reserved



787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

Data on Dolphin-Fishes, Coryphaena hippurus Linnaeus and Coryphaena
equiselis Linnaeus. FAO, Rome.

Pelletier, D., and J. Ferraris. 2000. A multivariate approach for defining fishing tactics
from"eommercial catch and effort data. Canadian Journal of Fisheries and Aquatic
Sciences 57:51-65.

Rivera;G¥AY and R. S. Appeldoorn. 2000. Age and growth of dolphinfish,
Coryphaena hippurus, off Puerto Rico. Fishery Bulletin 98:345-352.

Russo, T, and coauthors. 2011. When behaviour reveals activity: Assigning fishing
effort to métiers based on VMS data using artificial neural networks. Fisheries
Research 111:53-64.

Sakamoto, R:, and S. Kojima. 1999. Review of dolphinfish biological and fishing data
in Japanese waters. Scientia Marina 63:375-385.

Schwenke, K. L., and J. A. Buckel. 2008. Age, growth, and reproduction of
dolphinfish (Coryphaena hippurus) caught off the coast of North Carolina.
Fishery-Bulletin 106:82-92.

Silva, L., J. Gil, and I. Sobrino. 2002. Definition of fleet components in the Spanish
artisanal fishery of the Gulf of Cadiz (SW Spain ICES division IXa). Fisheries
Research 59:117-128.

Sonderblohm, C. P., J. Pereira, and K. Erzini. 2014. Environmental and fishery-driven
dynamics of the common octopus (Octopus vulgaris) based on time-series
analyses'from leeward Algarve, southern Portugal. ICES Journal of Marine
Science 71:2231-2241.

Su, N.-J., and coauthors. 2008. Standardizing catch and effort data of the Taiwanese

This article is protected by copyright. All rights reserved



810

811

812

813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830
831
832

833

distant-water longline fishery in the western and central Pacific Ocean for bigeye
tuna, Thunnus obesus. Fisheries Research 90:235-246.

Tan, P.-N., M. Steinbach, and V. Kumar. 2006. Cluster Analysis: Basic Concepts and
Algorithms. Pages 487-568 Introduction to Data Mining, Chap. 8, 1st edition.
Pearson Addison Wesley, Boston.

Walter,”3*F570. M. Hoenig, and M. C. Christman. 2014. Reducing bias and filling in
spatial.gaps in fishery-dependent catch-per-unit-effort data by geostatistical
prediction, . methodology and simulation. North American Journal of Fisheries
Management 34:1095-1107.

Walters, C.2003. Folly and fantasy in the analysis of spatial catch rate data. Canadian
Journal of Fisheries and Aquatic Sciences 60:1433-1436.

Winker, H.,;'S. E. Kerwath, and C. G. Attwood. 2013. Comparison of two approaches
to standardize catch-per-unit-effort for targeting behaviour in a multispecies
hand-line fishery. Fisheries Research 139:118-131.

WinkeryH«#S. E. Kerwath, and C. G. Attwood. 2014. Proof of concept for a novel
pracedure to standardize multispecies catch and effort data. Fisheries Research
155:149-1509.

Yu, Q4 and.coauthors. 2014. Ensemble delta test-extreme learning machine (DT-ELM)
for regression. Neurocomputing 129:153-158.

Zhang,.Ys; and Y. Yang. 2015. Cross-validation for selecting a model selection

procedure. Journal of Econometrics 187:95-112.

FIGURE CAPTIONS

This article is protected by copyright. All rights reserved



834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867

FIGURE 1. Historical catches of dolphinfish in Taiwan during 22835 (including
coastal and distant-water catches). Catches over-1982 were estimated from
Chen et al. (1999), and those over 198BL5 were adopted from the Fisheries
Ageney(2008-2017).

FIGURE 2. Catch trends of dolphinfish and other major species groups during
20012015 (DOL, TUNA, BIL, SHK for dolphinfish, tunas, billfishes and sharks,
respectively) from the three major fishing ports of Taiwan (red solid stars: Suao,
Singang.and Tungkang). Catches of Tungkang contained an unknown proportion of
frozen products that were considered caught in distant waters. Circles along the coast

are locations of the coastal surveillance radar stations in the eastern Taiwan.

FIGURE 3. Fishing days per trip (FDPT) against vessel sizes.

FIGURE4Scree plots of different clustering methods. Left panels are for classifying
professionalvessels using (A) k-means clustering on Data_(BaRCA clustering

on Data_2."Right panels are for defining target factors in the standardization models
using HCAwclustering ofC) Data_1, (D) Data_2 and (E) Data_O.

FIGURE 5. Catch composition by cluster of different clustering methods. Left panels
are for classifying professional vessels using (A) k-means clustering on Data_1 and
(B) HCA clustering on Data_2. Right panels are for defining target factors in the
standardization models using HCA clustering on (C) Data_1, (D) Data_2 and (E)
Data_0.DOL, TUNA, BIL, SHK, and ‘others’ represent dolphinfish, tunas, billfishes,
sharks;.and.other fishes, respectively.

FIGURE=6=Catch composition of various clusters defined from k-means clustering
methodgby major fish groups. DOL, TUNA, BIL, SHK, and ‘others’ represent
dolphinfishytunas, billfishes, sharks, and other fishes, respectively. Each circle point
is one-trip data belonging to one of the clusters defined by the k-means clustering
method: black for dolphinfish clusters, green for tunas clusters, cyan for sharks
clusters, red for billfishes clusters, and blue for other-fishes clusters. Gererally,

dolphinfish cluster has catch composition approximately over 40%.
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FIGURE 7. Annual catch composition (A) by species, (B) by bi-month, and (C) by
vessel size category, and)(@nual fishing days, of the five clusters obtained from
HCA clustering method on Data_DOL, TUNA, BIL, SHK, and ‘others’ represent
dolphinfishitunas, billfishes, sharks, and other fishes, respectively.

FIGURE 8. Correlations biplots showing the loadings of the fish groups plotted on
principle components (A) PC1 and PC2, (B) PC1 and PC3, and (C) PC2 and PC3.

FIGURE 9. Scatter plots between dolphinfish CPUE and the principle components
(PCLRC3).

FIGURE 10. Comparisons of dolphinfish relative CPUE standardized by the four
approaches (A): GLM with HCA clustered target factor on professional vessel data
that classified using k-means method (Data_1) and HCA method (Data_2);
delta-GLM.with HCA clustered target factor on original data (Data_0); and,
delta-GAM,with DPC procedure on original data (Data_0). Panel (B) shows the
nominal"CPUE of different datasets.
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TABLE 1. Statistics and bootstragg-Bf the four standardization approaches. ZPM
stands for zero-proportion model and PCM for positive-catch model. The bold values
are bootstrap-Ror comparison of model performance.

AW N R

Null Residule Residule
_ Null d.f. _ Pseudo-R Bootstrap-R?
deviance deviance d.f.

1% approachGLM with HCA targeting factor on professional Data_1 from k-means method
(Datal_kmeans+GLM_HCA)
362979 73882 264507 73853 0.271 0.268 + 0.002

2" approachiGLM with HCA targeting factor on professional Data_2 from HCA method
(Data2_HCA+GLM_HCA)
351744 71489 247649 71460 0.296 0.297 + 0.003

3" approach: delta-GLM with HCA targeting factor on original Data_0 (DataO+dGLM_HCA
ZPM 274722 199604 165622 199570 0.397
PCM 257093 109755 173649 109722 0.325
0.387 + 0.003

4™ approach: delta-GAM with DPC targeting factor on original Data_0 (Data0+dGAM_DPC
ZPM 274722 199604 12774 199557 0.954
PCM 257093 109755 120831 109699 0.530
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