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Abstract

Decision-making in fishery management depends on the reliable quantification of uncertainty, 

which emerges from a variety of sources. For small-scale fisheries (SSF) in developing 

countries, the main sources of uncertainty are the available data, which are often untrustworthy, 

and poor institutional controls, which allow illegal fishing activities. Despite the global spread of 

SSF, the management of these socio-ecological resources is usually based on insufficient 

assessments estimated using scarce data. In this study, we identify and quantify the uncertainty 

associated with the harvested biomass of southern king crab (SKC) (Lithodes santolla), as 

declared by artisanal fishers of the Magallanes Region, Chile, in order to assess the harvestable 

biomass under a precautionary (conservative) approach to its exploitation in a scarce information 
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context. This analysis includes the application of (i) fuzzy-Bayesian machine learning to quantify 

the uncertainty related to the harvested biomass per vessel per fishing cruise (C), and (ii) 

nonlinear polynomial regression models to project the spatial distribution of C according to the 

estimated uncertainty limits (minimum and maximum). The uncertainty analysis shows a 2000 

kg threshold for C; beyond that, the declared harvest does not follow the estimated relationship 

between biomass and habitat characteristics (temperature, turbidity). The maps created from this 

analysis convey crucial information that would allow a more rational exploitation of the SKC 

stock and could be used to estimate a sustainable fishing quota, i.e., allocating effort according to 

the harvestable biomass. Our results suggest that the proposed tool can reliably inform 

management faced with uncertainty in stock exploitation by SSF, particularly when information 

is scarce.

1. Introduction

The complexity of the fishery systems and the scarcity and poor quality of the information 

available often lead to uncertainty when evaluating fishery resources. Thus, the risk of 

incorrectly assessing stocks and overexploiting the resource increases. This relevant issue is 

amplified in small-scale fisheries (SSF), for which the available data are usually very scarce and 

subjected to different sources of uncertainty. Patterson et al. (2001) reviewed the available 

uncertainty assessment methods, describing three approaches for evaluating uncertainty in stock 

assessments: frequentists, likelihood, and Bayesian inference. When assessing fish stocks, the 

theoretical differences between these approaches are often ignored (Patterson et al., 2001; 

Gavaris and Ianelli, 2002; Hilborn, 2003), and all three methods are used to express the 

plausibility of estimated quantities. Most research efforts have concentrated on the uncertainty 

associated with parameter values and the uncertainty of processes that arise from natural 

variations (Fromentin et al., 2014; Brooks and Deroba, 2015; Cheung et al., 2016), with 

insufficient efforts dedicated to the application of alternative methods for regulating fishing 

when data is scarce (Chrysafi and Kuparinen, 2015; Maunder and Piner, 2017). Fishing 

management systems usually include many components. Errors in any of these components may 

result in poor management of a fishing stock.

https://scholar.google.it/citations?user=YBTj-dQAAAAJ&hl=it&oi=sra


  

In this study, we identify and quantify the uncertainty associated with the harvested biomass of 

southern king crab (SKC) (Lithodes santolla), as declared by artisanal fishers of the Magallanes 

Region, Chile, in order to assess the harvestable biomass under a precautionary (conservative) 

approach to its exploitation in a scarce information context. This analysis includes the 

application of (i) fuzzy-Bayesian machine learning to quantify the uncertainty related to the 

harvested biomass per vessel per fishing cruise (C), and (ii) nonlinear polynomial regression 

models to project the spatial distribution of C according to the estimated uncertainty values 

(maximum and minimum).

The probabilities of alternative states were determined through Bayesian approaches to stock 

assessment using information on the stock and physical variables that characterized the 

ecosystem (Guan et al., 2016; Ianelli et al., 2016; Jiao et al., 2016). These probabilities are 

essential if the consequences of alternative management actions are to be assessed through a 

decision analysis (Fu et al., 2016; Plagányi, 2016). By using a Bayesian approach to stock 

assessment and decision analysis, it becomes possible to admit the full range of uncertainty. In 

particular, the parameters of Bayesian models differ from those of frequentist statistics in that 

they are thought of as random variables rather than fixed quantities (Punt and Hilborn, 1997; 

Carruthers et al., 2014). In practice, the two approaches give comparable results for many 

elementary analyses when starting with no prior information; however, Bayesian methods can 

be more powerful when prior information is available and incorporated into a frequency 

distribution for each parameter (the so-called prior probability distribution). Subjective 

probability and expert opinion can be used as input (Shelton et al., 2012; Chrysafi and Kuparinen, 

2015; Rosemberg et al., 2018).

The collapse of fish stocks has been attributed to the gross overestimation of stock sizes by 

scientists, foreign overfishing, and the greed of the industry itself, which led to misreporting. 

Using commercial catch per unit effort information introduces uncertainty into the assessments 

because the efficiency of commercial catches often increases with time and, apart from this 

effect, commercial catch rates may bear a power relationship to stock size. Although such 

uncertainty is often hidden in stock assessments, it should be considered explicitly. However, in 

complex systems with multiple stakeholders and severe uncertainties, it is generally difficult to 

provide a single best harvest policy (Nicholson and Possingham, 2007). Instead, robust 



  

approaches must be found that meet management objectives under a range of potential states of 

the world (Mapstone et al., 2008). The SKC fishery is described as poorly understood both 

ecologically (Hilborn and Walters, 1992; Hobday et al., 2011) and socio-economically (Gordon, 

1954; Ross, 1896). In response, fisheries management has taken a quantitative, scientific 

approach (Hilborn and Walters, 1992) to reducing the risk of a fishery collapse despite 

uncertainty about how the fishery responds to fishing efforts (Regan et al., 2002). Thus, studies 

were developed that monitored fishing functions and responses to environmental and fishing 

pressures, collected data on fishing effort and catches (Walters, 1998), presented modeling 

options (Bockstael and Opaluch, 1983; Mangel and Clark, 1983), and improved fishery 

management policies to avoid the risk of resource overexploitation (Hilborn, 1979) and market 

collapse.

Indeed, poor understanding is more pronounced in SSFs due to their limited size, economic 

value, and management resources, and because data on SSFs are often limited (Berkes et al., 

2003). Fishing efforts in SSFs are highly opportunistic, employing a variety of tools (legal and 

illegal) to hit more stocks in a single fishing cruise, thereby complicating quantitative scientific 

efforts in SSFs such as assessments and monitoring of individual stocks (Britten et al., 2016. 

Currently, SSF sustain many coastal communities around the world (Kittinger et al., 2013). 

Ninety percent of the world’s fishers, i.e., about 34 million people, are directly involved in small-

scale fishing, and another 100 million are involved in related activities (Béné et al., 2007; FAO, 

2016). Despite the global spread of SSFs, the management of these socio-ecological resources is 

usually based on insufficient assessments estimated using scarce data.

SSF management can benefit from an approach that aims to "facilitate socio-ecological 

processes rather than primarily promote a high level of quantitative science and implement 

results" (Cinner  et al., 2009). Socio-economic information can be used to start creating logical 

connections with missing or insufficient ecological data (Cinner et al., 2009). Often the most 

readily available data source in the SSF is human behavior (Fulton et al., 2011). As a result, 

fishing behavior may be the crucial link for the correct interpretation of an SSF and, once 

understood and linked to an explicit uncertainty analysis, may provide management indications 

that might not otherwise be obtained (Bundy et al., 2008).



  

We used this approach to evaluate uncertainty in the SKC harvested biomass per vessel per 

fishing cruise by analyzing the fuzzy distribution of the observations used to estimate the 

conditional probabilities of the Bayesian classifier. In this way, the uncertainty of data and 

processes becomes a modelling driver that can be used to estimate a sustainable effort threshold 

given scarce information. The remainder of the paper is organized as follows: Section 2 

provides a description of the applied methodologies for quantitative uncertainty analysis and for 

modelling the relationship between declared and simulated biomass per vessel per fishing 

cruise. Section 3 contains the results of the methodologies described in section 2, as well as the 

results of the projections of the regression model over the entire region.

2. Materials and methods

2.1 Case study

In southernmost Chile, the Magallanes Region and Chilean Antarctic (54°5′46.42"-56°9′2.85"S; 

73°13'15"-66°2′57.28"W) comprise an extensive territory with more than 60,000 km of 

coastline along gulfs, channels, estuaries, and fjords (Fig. 1).

INSERT FIGURE 1

Formal records of the SKC fishery in the Magallanes Region date back to 1961, although 

historical records show uninterrupted exploitation predating the arrival of settlers at the end of 

the 19th century and continuing into the present. Authorization to harvest this crab is granted 

through a species-specific, non-transferable permit (the Artisanal Fishing Record), which is 

issue to vessels with an assigned owner. No permits for SKC are currently being granted, 

making the entry of new fishing and carrier vessels only exceptionally possible. Each year, 

SKC fishing operations begin on approximately June 1st and end around November 30th. 



  

When the fishery is open, the fishing vessels remain in the fishing area to operate for the entire 

season, while transport vessels ferry the fished crabs to land (3-5-day cruises). The SKC ban 

runs from December 1st to May 31st of the following year.

Crabs are caught with pots made of metal wire (the only fishing gear currently permitted) and 

transferred to transport vessels. Once landed, the fisheries authority (Servicio Nacional de 

Pesca; SERNAPESCA) verifies that all specimens are male, have a minimum carapace length 

of 12 cm, and are alive.

Although managed, a variety of infringements occur in this fishery, including numerous 

unauthorized vessels whose activities are not tracked, banned fishing techniques (e.g., nets), 

and catches of females and undersized individuals (Daza et al., 2016; IFOP, 2017). The 

number of traps is not regulated nor is it usually declared by vessel owners; however, data 

from state agencies and fishers indicate that each vessel carries from 200 to >300 traps.

Finally, both stock assessment and, indirectly, the fishing period are based exclusively on 

landed quantities (which do not include illegal and unreported catches) and the number of pots 

declared by the authorized vessels.

2.2 CPUE calculation of SKC fishery

The SKC fishery operates under a semi-open access regime, and IFOP, the Chilean fisheries 

management agency, uses landings data to calculate effort. IFOP determines catch per unit of 

effort (CPUE) as:

(1)𝑹 = ∑𝒏
𝒊 = 𝟏𝑪𝒊 ∑𝒏

𝒊 = 𝟏𝑬𝒊

where  (CPUE) is the estimated harvested biomass per trap (kg), Ci is the declared extracted 𝑹

biomass per vessel (both fishing and transport) per fishing cruise, and Ei is the declared number 

of traps per vessel per fishing cruise (Thompson, 1993). Since fishers tend to underreport the Ei 

per vessel due to illegal practices (Hernandez, 2016), in equation 1, IFOP approximates the 



  

parameter E as the average value of the number of traps recorded on fishing vessels by IFOP 

inspectors. Once the uncertainty associated with C was quantified, we projected the modelled 

relationship between uncertainty and the declared biomass per vessel per fishing cruise (BVF) 

across the entire Magallanes Region, thereby assessing how much C could be extracted - within 

a precautionary framework - despite a lack of data and controls. In summary, the proposed tool 

is composed of: i) an explicit analysis of the uncertainty contained in the available SKC fishing 

datasets, specifically C; ii) empirical modelling of the relationship between uncertainty and the 

declared C; and iii) the projection of the identified relationship onto the entire region to obtain 

maps of harvestable biomass under a precautionary (conservative) approach to resource 

exploitation.

2.3 Data assembly

The proposed approach comprised two data sets, both of which spanned the period 2007 to 

2016. Set 1, which was provided by CIMAR, was constructed from habitat variables 

representing the habitat condition, including turbidity (Secchi disk), temperature, and salinity 

(Daza et al., 2016, Hall and Thatje, 2009); the latter two variables were recorded at different 

depths (surface, 10, 20, 30, 50, 75, 100 m). This set allowed us to characterize the species 

habitat. Set 2, provided by IFOP, covered a subset of the total SKC fishery and was used for the 

stock assessment. This set contained the (a) biomass landed at each of the five reference ports 

(t) (Fig. 1), (b) the length (days) of the fishing cruises, (c) number and type of vessels involved 

(fishing, transport, and mixed), (d) the declared harvested biomass harvested from each fishing 

area (t) during each fishing cruise, and (e) the site from which the biomass originated.

Data were disaggregated to obtain the most accurate biomass information possible for each 

fishing area. The biomass harvested from each area in each fishing cruise (Set 2) was weighted 

by the number of active fishing vessels in the area in the same period to obtain an average value 

of biomass per vessel for each fishing area and each fishing cruise. The unbound extraction data 

set was then cross-referenced with Set 1 to create a multivariate data set containing the 

georeferenced weighted biomass of SKC for each fishing area and each vessel, as well as the 



  

main variables that defined the species' habitat (Set 1).

Thus, Set 3 was a fully georeferenced data set obtained by combining the first two data sets 

according to temporal and spatial criteria. This new data set consisted of complete information 

from 70 fishing areas for the years (2009, 2010, 2014) when the CIMAR (Set 1) and IFOP (Set 

2) data overlapped in space and time. Set 3 was used to define the relationships between the 

habitat variables and the species' weighted biomass distribution patterns. Notably, Set 3 had 

three main sources of uncertainty: i) the imprecise total number of SKC traps in the artisanal 

fleet; ii) the number of traps per vessel, which is not regulated and, if declared, is often 

underreported; and iii) the real number of active fishing vessels (although the Artisanal Fishing 

Record, RPA in Spanish, is closed at 585 vessels, an estimated 50% of this total are known to 

operate without registry).

Figures 2a and 2c show non-stable distributions of both the number of vessels involved in the 

SKC fishery and the fishing cruises to fishing grounds for the time period reported in the IFOP 

database. In addition, the data show that, even though the number of vessels involved in this 

SSF has decreased over time, the landed biomass and C have increased notably, with a 

significant increase in average landings from 2007 (800 kg) to 2016 (2200 kg) (Fig. 2a, 2b, 2d).

INSERT FIGURE 2

2.4 Uncertainty analysis

Three general approaches can be used to address poor or imprecise data: case deletion, single 

imputation, and multiple imputation (e.g., using Markov chain Monte Carlo algorithms). The 

advantages of imputation include the minimization of bias and the use of ‘expensive to collect’ 

data that would otherwise be discarded (Dempster and Rubin, 1983). To process the uncertainty 

associated with the C parameter, we applied a hybrid approach called Fuzzy Naïve Bayes 

(FNB), which is conceptually close to probabilistic networks. Probabilistic networks are a 

method for decomposing a complex probability distribution in order to make reasoning in 

multidimensional domains feasible. Fuzzy clustering is a method for finding groups of similar 

objects or cases; compared to classical (crisp) clustering, fuzzy clustering has the advantage of 

allowing an object or case to belong (with a degree between 0 and 1) to more than one cluster. 



  

Naive Bayes classifiers and probabilistic networks assume exactly one distribution per class. In 

addition, Naive Bayes classifiers assume that the descriptive attributes are independent given 

the class, thus requiring the distributions to be axis-parallel. Analogously, there are general and 

axis-parallel variants of fuzzy clustering algorithms. In fuzzy clustering, however, the number 

of distributions can be chosen freely. This often leads to a better fit to the data and may be used 

to improve the two other methods. 

The FNB “target variable” (C) and variables selected from Set 1 through principal component 

analysis (PCA) were included in the modeling process to estimate the distributional patterns of 

the target variable (Table SM1, Fig. SM1). The FNB methodology is described in detail in 

Bozzeda et al. (2016).

The target variable (C) and the most important variables identified by PCA were included in the 

modelling process to quantify the uncertainty associated with the estimation of C.

2.5 Projection methods

After having determined the uncertainty associated with the target variable, C, the first step in 

the projection analysis was to evaluate the relationship between the predicted and declared C 

values. This evaluation was done by fitting a series of regression models under two scenarios of 

uncertainty corresponding, respectively, to the minimum and maximum limits of the explicit 

uncertainty. The scenarios were simulated using the minimum and maximum values of the 

uncertainty range, respectively, for each declared C assessed by the FNB model. For each 

model that was fit, the Akaike Information Coefficient (AIC) and the regression coefficient (R2) 

were calculated in order to identify which model best carried out the spatial projection of C for 

the two uncertainty scenarios (Tab SM2).

The biggest advantage of a nonlinear polynomial regression over many other techniques is the 

broad range of functions that can be fit, including those representing nonlinear processes. For 

example, catch as a function of increasing fishing effort is a nonlinear process. Catches rapidly 

increase at lower values of fishing effort and then approach an asymptote over time. In most 

cases, the probabilistic interpretation of the confidence, prediction, and calibration intervals 

produced by nonlinear methods were only approximately correct, but these intervals still 



  

worked very well in practice.

The general equation of the least square polynomial regression applied is:

 (2)𝑦 = 𝑎0 + 𝑎1𝑥 + … + 𝑎𝑘𝑥𝑘

where y is the predicted value of C (SKC biomass per vessel per fishing cruise), ak are the 

parameters of the equation, and x corresponds to the declared C.

The second step in the projection of C for SKC was to generate a set of predicted C for each of 

the 400 fishing areas identified in the Magallanes Region under the two alternative scenarios: 

one conservative with regard to SKC harvesting (minimum value of the uncertainty range) and 

one risky (maximum value of the uncertainty range). The projected alternative scenarios were 

depicted as maps that also showed the current declared harvested biomass for the Magallanes 

Region. To build the maps, we applied the B spline interpolation and smoothing method (De 

Boor et al., 1978). This methodology was suitable for the available database, which consisted of 

a sufficient number of equidistributional points in each fishing area of the region. The 

boundaries were clearly defined by the presence of the mainland, where the value of C was 

considered to be null, and the predicted values depended on both the covariance matrix and the 

distance from the points with value >0. The roughness penalties considered for smoothing 

splines are defined in terms of integrated squared derivatives. The computational problem of 

this approach lies in the calculation of the Rd matrix, whose elements are the integrals of the 

products of d-order derivatives between B-spline basis functions. A simpler discrete penalty 

approach is based on defining the roughness of a function by summing squared d-order 

difference values. This kind of penalty depends on the considered basis and has good results 

only if the sampling points are equally spaced. Since our points were not equidistant, we 

applied the B-spline smoothing technique. These maps provide information that informs 

management about the spatial allocation of the fishing effort across the Magallanes Region. 

There are limitations related to the FNB application on the available data, which are scattered in 

space (Fig.1) and restricted over time (to 3 years); this could undermine the results of the 

uncertainty analysis. In some areas, it could be normal to detect C values >2000 kg (uncertainty 

threshold). To bypass this issue, estimates of uncertainty and the resulting projection maps have 



  

been validated by an expert group composed of: scientific researchers (IFOP, SERNAPESCA), 

fishing members of the king crab management committee, and industry operators who process 

the product and take it to market.

3. Results

3.1 Uncertainty analysis results

The declared catches per vessel and fishing cruise exceeded 2000 kg at 20% of the fishing sites 

(Fig. 3). The analysis of uncertainty through machine learning showed considerably larger 

uncertainty for C values >2000 kg. Coincidently, the greatest differences between the declared 

and simulated catches per vessel per fishing cruise occurred in the Tierra del Fuego fishing 

grounds, in the far south (Helada Bay, Mascart Island, Nassau Bay), and in the northeast parts 

of the region (O’Higgins Channel, Wellington Island, Largo Channel, Elena Channel, Carlos 

Island).

INSERT FIGURE 3

3.2 Polynomial regression results

The model that best matched the predicted C for SKC under the conservative scenario 

(precautionary scenario) for each declared value of C was a third-order polynomial model (Fig. 

4). However, the model presented a low R2 (0.27) due to the presence of points beyond the 

predictive limits of the model. The study of residuals showed a linear residual variance with a 

Gaussian distribution (Fig. SM2).

INSERT FIGURE 4 



  

For the case of the predicted values of C for SKC using the risky scenario (uncertainty 

scenario), the best model was also a third-order polynomial model (Fig. 5) (R2 = 0.57). The 

analysis of residuals showed that the residual variance was linear and had a Gaussian 

distribution (SM Fig 3).

INSERT FIGURE 5

3.2 Projection results

The declared harvested biomass of SKC clearly showed two "hot spots" of the SKC fishery: one 

in the extreme north and one in the extreme south of the region (Fig. 6).

INSERT FIGURE 6

The projection map of the predicted values of C for SKC under the precautionary scenario 

represents the most conservative approach, with predicted C values reaching the maximum 

(Fig. 7). This figure shows that: (i) the range of C values to be harvested across the Magallanes 

Region is probably lower than the declared values (Fig. 7), and (ii) the predicted values of C to 

be harvested at the hot spots are lower than the actual declared values (Fig. 6, 7).

INSERT FIGURE 7

The projection map of the C values for SKC under the minimum precautionary (risky) scenario 

shows the theoretical maximum values of C according to the relationship between the declared 

and maximum assessed C values (Fig. 8). Our results show: (i) a more uniform distribution of the 

biomass to be harvested across the Magallanes Region, and (ii) two potential hot spots where 

greater C could be extracted: one in the center and the other in the north of the region (Fig. 8).



  

INSERT FIGURE 8

Experts that participated in the validation of projection maps indicated that fishing cruises with C 

values >2000 kg are very rare and C values between 3000 and 8000 kg are unrealistic. Therefore, 

we determined that the map construction and C projections were robust, and together, the three 

obtained maps provide a good description of reality.

DISCUSSION

Since the declaration that scientists should provide managers with information about the 

uncertainty associated with stock assessments (FAO, 1995)), many tools have been applied to 

reduce uncertainty in assessments: models (Fournier et al., 2011) and model parameters (Punt 

and Hilborn, 1997) have been assessed for structural uncertainty, machine learning methods 

have been applied (Chen et al., 2000), and different drivers (e.g., socio-economic drivers) have 

been integrated (Hughes et al., 2005; Fulton et al., 2011). In this paper, we used machine 

learning to evaluate the uncertainty related to the main parameter of the stock evaluation model 

applied to the SKC fishery in Chile's Magallanes Region. IFOP (2017) has classified the L. 

santolla fishery as "between fully exploited and overexploited". Like many other SSFs in the 

world, L. santolla is poorly regulated (Fabinyi et al., 2015). Moreover, the fishing pressure and 

biomass harvest exerted over SKC is comparable to those of an industrial fishery. A recent 

paper showed that fish stocks appeared to be recovering because the data concerning SSFs have 

only recently been included in global databases (Zeller and Pauly, 2018). Despite this positive 

trend, for many SSFs, a lack of knowledge on species biology prohibits the use of maximum 

sustainable yield (MSY) criteria for fishery management (Costello et al., 2012; Hilborn and 

Ovando, 2014). Given the lack of controls, data, and biological knowledge, resource 

management must take a precautionary stance. Understanding that the accuracy of stock 

assessment estimates is largely impacted by the amount and quality of data is critical to 

improving both the quality of monitoring and landing surveillance and to developing 



  

precautionary management strategies (Roughgarden and Smith, 1996; McAllister et al., 1999; 

Schnute and Richards, 2001). Successful fishery management remains an elusive goal (Hilborn 

et al., 2003; Worm et al., 2009). High-quality and long-term quantitative data are very 

important in fisheries management; however, given their rarity and the dire need to improve 

fishery resource management, they cannot represent a condition in which the best management 

options are not sought. In this way, potential data limitations are offset by information collected 

in other areas of study (e.g., illegal fishery), leading to a greater accumulation of knowledge, 

reduced uncertainty, and an increased capacity to meet management objectives. Beyond the 

above suggestions for improving stock assessment by enhancing the quality and abundance of 

data, model predictions will always contain (or embed) substantial uncertainty due to the 

natural complexity of marine ecosystems, such that model predictions may retain considerable 

uncertainty. The approach presented herein is better fit to the purpose of informing management 

since it explicitly handles the uncertainty within the available information. The results of the 

nonlinear least squares models showed a marked decline in variability with respect to the 

declared C, suggesting that harvesting in some areas could exceed the compensation capacity of 

the SKC stock. A precautionary reduction of C should be applied to areas where the highest 

values were declared. However, it is interesting to note that, considering the minimum 

precautionary (risky) scenario (Fig. 8), the total differences between the harvested and 

precautionary biomass levels occurred opportunistically at the extreme south and north of the 

region, where it was easiest to avoid controls (IFOP, 2017). In some other areas, the difference 

between biomass and predicted biomass was not relevant. The main sources of uncertainty in 

the present case study were: i) not knowing the real number of traps per vessel, ii) not knowing 

the exact location of the traps, and iii) merely indicative coordinates for fishing sites and 

surrounding areas. The projection of this uncertainty over the entire region would probably 

underestimate the harvestable biomass, but would represent an excellent tool for managers and 

decision-makers until scientific studies can achieve better stock assessments and as a support 

for implementing different management strategies aimed at the sustainable exploitation of the 

resource. The proposed application also made use of the best available CPUE estimates, which 

were based on our target variable, C (harvested  biomass per vessel per fishing cruise). In fact, 

the analysis indicated that the underestimated (with respect to real) values of C, and, 

consequently, of CPUE still supported the classification of the resource as "between fully 



  

exploited and overexploited". Cautious management of the stock is crucial to ensure the 

sustainability of the fishery until a robust stock assessment can identify appropriate exploitation 

levels. The declared findings highlighted the adequacy of an ecosystem-based approach to the 

management of the SKC stock, framed within the precautionary principle. The difference 

between the C values below the 2000-kg threshold and the declared values was negligible, 

which indicated that extraction reflected the real SKC abundance and structure. The mapping 

confirmed the southern hot spot (Nassau Bay), even for values <2000 kg per vessel per fishing 

cruise. Overall, the projection showed that the region's total landings (~ 4000 tons) could be 

sustained by a more even distribution of the fishing effort across the area. Two hot spots that 

could be further exploited are located in the center and in the north of the region. The probable 

overexploitation of the northern hotspot should be noted. The high uncertainties estimated over 

the threshold indicated that, in certain areas, harvesting was probably excessive. The reported 

findings were indirectly confirmed by the IFOP (2017) stock assessment. In consideration of 

the poor available information and of the seriousness of the current assessment of the SKC 

stock (totally exploited or overexploited), it would not be sensible to further increase the fishing 

effort. The maps provided herein effectively convey information that is crucial for the rational 

exploitation of the SKC stock and that can be used to determine the sustainable fishing quota. 

Illegal fishing (Nahuelhual et al., 2018) and climate change (Brander, 2007) exert further stress 

on the SKC stock, undermining its capacity to support the high levels of exploitation identified 

in the present study, ultimately making the stock more prone to becoming overexploited.

Quantitative fish stock assessment models are based on biological theories, whereas the 

parameters that describe the processes underlying the dynamics of fish stocks are based on 

empirical observations (Megrey, 1989; Quinn and Deriso, 1999). Reliable estimates of these 

parameters are a central issue in fish stock assessment and management (Chen and Paloheimo, 

1998; Walters, 1998). Typically, parameters are estimated by adapting models to information 

on fishing collected from commercial fishing activities and scientific surveys (Hilborn and 

Walters, 1992). Many factors influence the quality of the parameter estimations and, therefore, 

of stock assessments, the most important of which include the amount and quality of 

information (Restrepo and Powers, 1999; Francis, 2017). The approach used in this paper, 

which integrated several analyses, provided critical information on the uncertainty associated 

with the SKC exploitation across the Magallanes Region and represented an efficient method 



  

for informing management of the local SSFs. Maintaining an adequate SKC stock is crucial for 

the social and economic sustainability of coastal communities.

CONCLUSION

The proposed tool could be used to allocate the fishing effort under a precautionary approach 

and to locate alternative fishing grounds that would replace or supplement the current hot spots. 

The produced maps seemed to be consistent with the relatively homogeneous distribution of L. 

santolla and the role of water temperature in driving this species' distribution. We recommend 

applying similar methods for evaluating SSFs and accruing scientific knowledge about the 

target species of the SSFs. The latter would allow the refinement of the methods involved in the 

assessment of the different stocks. The identification and quantification of uncertainty linked to 

stock assessment constitutes important progress in resource management and evaluations of the 

ecosystem services that sustain fisheries.
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Figure captions

FIGURE 1. Location of the Magallanes Region in Chile indicating southern king crab fishing grounds, 

landing sites, and stations for measuring habitat variables from the Program of Marine Research (CIMAR, 

based on its Spanish abbreviation) cruises during years 2009, 2010, and 2014.

FIGURE 2. (a) Number of vessels comprised in IFOP database and recorded in RPA, (b) Landed biomass 

of IFOP databases and total landed biomass , (c) Number of fishing cruises, and (d) Biomass per vessel 

and fishing cruise (C), for the period 2007-2016 in the Magallanes Region (data provided by IFOP).



  

FIGURE 3. Reported  values of the SKC biomass (kg) per vessel per fishing cruise (C) predicted using 

the minimum and maximum values of the uncertainty range for the fishing sites in the Magallanes 

Region.

FIGURE 4. Predicted values of the SKC biomass (kg) per vessel per fishing cruise (C) using the 

minimum values of the uncertainty range (maximum precautionary or conservative scenario) for each 

declared value of C for SKC from the third-order polynomial model and the 95% and 5% prediction 

confidential intervals.

FIGURE 5. Predicted values of the SKC biomass (kg) per vessel per fishing cruise (C) using the 

maximum values of the uncertainty range (minimum precautionary or risky scenario) for each declared 

value of C for SKC from the third-order polynomial model and the 95% and 5% prediction confidential 

intervals.

FIGURE 6. Map showing the declared values of SKC biomass (kg) per vessel per fishing cruise (C) in the 

Magallanes Region.

FIGURE 7. Map showing the predicted SKC biomass (kg) per vessel per fishing cruise (C) using the 

minimum value of the uncertainty range (precautionary or conservative scenario) in the Magallanes 

Region.

FIGURE 8. Map showing the predicted SKC biomass (kg) per vessel per fishing cruise (C) using the 

maximum value of the uncertainty range (risky scenario) in the Magallanes Region.



  

Highligths

Small scale fisheries management must take into account the uncertainty associated to available 
data.

Whereas uncertainty comes out to be large, a cautious management should be adopted, framed 
within the precautionary approach.

The proposed tool identifies and quantifies the uncertainty linked with the reported harvested 
biomass of southern king crabs.

Fishing pressure on southern king crab in the Magellanes Region is underestimated due to bias in 
the datasets.

The maps of minimum and maximum precaution levels presented herein constitute a valid 
support tool for informing resource management.



  

 

 

  



  

 

 

  

 

  

 

 

  



  

 

 

  



  

 

 

 

  



  

 

 

 

  



  

 

 

  



  

 

 

 

  



  

 


