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摘要 

秋刀魚（Cololabis saira）為西北太平洋海域重要之國際漁業資源，其短壽

命的生活史特性使族群時空動態易受環境變遷影響。近年來漁獲量持續下降，本研

究建構完整之資源評估理論架構，針對秋刀魚族群動態進行方法學改善，以期對此

資源有更全面之掌握。本研究從四個面向探討影響秋刀魚資源評估之關鍵要素：首

先，運用演化生態學和生殖生物學之數值模擬分析，評估族群加入量（recruitment）

之韌性（resilience），此方法解決漁業資源評估常因缺乏可靠且長期的產卵親魚量

與入添量數據，而導致族群韌性估計存在高度不確定性之挑戰。結果顯示陡度

（steepness）中位數為0.82（80%可能範圍：0.59 − 0.93），代表即使族群產卵親魚

量降至未開發時之20%，仍可維持相對高比例的加入量。敏感度分析指出，陡度受

幼生死亡率、平均體重、成長和性成熟體長等因素影響最顯著，而不利的環境條件

可能透過影響這些參數而降低族群韌性。其次，應用廣義線性混合模型

（Generalized Linear Mixed Models，GLMMs）評估不同空間處理方法對單位努力

漁獲量（catch-per-unit-effort，CPUE）標準化之影響。研究發現豐度主要受時空效

應影響，可能源於漁撈活動或魚群分布之時空變動。在實際漁業資料和模擬研究中，

向量自回歸時空模型（Vector Autoregressive Spatio-Temporal，VAST）均優於傳統

空間分區方法。當遇優先採樣情況，空間集群分析法中之Spatial1（魚類密度權重

低）可作為VAST之替代方案。第三，運用VAST評估秋刀魚之時空動態。結果顯

示族群分布重心在2013年後明顯由日本沿岸向公海東移，2017年更出現豐度顯著下

降及進一步東移現象。研究發現此分布變化無法單由海洋環境因子或氣候變異指數

解釋，推測可能與種間競爭、公海漁獲壓力增加或複雜海洋動態等因素相關。最後，

開發秋刀魚年齡結構模型，並考慮諸多未確定性來源與加入量的過程誤差（process 

error）進行未來族群量預測。評估結果顯示近年產卵親魚量降至歷史低位，低於最

大可持續生產量水準（SSBMSY）。儘管目前漁獲死亡率仍低於FMSY，預測結果顯

示可能需要更保守的漁獲狀況以利資源恢復。其中，採用0.5FMSY情境顯示最高機

率維持資源量於SSBMSY以上。本研究深化了對秋刀魚族群動態的理解，並改進了

資源評估方法。研究成果強調在發展有效漁業管理策略時，應充分考量環境變異性、

空間分布型態及參數不確定性之重要性。研究成果除可為西北太平洋秋刀魚之永續

經營提供科學基礎外，所建立之方法論架構亦可作為其他類似漁業資源評估改進之

參考。 

 

關鍵字：秋刀魚、韌性、空間異值性、時空模型、未確定性、年齡結構模型、資源

評估
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Abstract 

Pacific saury (Cololabis saira) is an important international fishery resource in the 

Northwestern Pacific Ocean. Its short-lived life history characteristics make its population 

dynamics particularly susceptible to environmental changes. In response to recent 

declining catches, this study developed a comprehensive stock assessment framework, 

advancing methodological approaches to better understand Pacific saury population 

dynamics. This study systematically investigated four critical aspects of Pacific saury stock 

assessment. First, this study employed numerical simulation analyses integrating 

evolutionary ecology and reproductive biology to evaluate population recruitment 

resilience. This approach addressed a fundamental challenge in fisheries assessment: the 

high uncertainty in resilience estimation due to limited long-term data on spawning stock 

biomass and recruitment. Results suggested a median steepness of 0.82 (80% probable 

range 0.59, 0.93), indicating substantial recruitment capacity even when spawning biomass 

decreases to 20% of its unexploited level. Sensitivity analyses identified survival rate of 

early-life stages, mean body weight, growth, and length at maturity as key determinants of 

steepness, with unfavorable environmental conditions potentially compromising 

population resilience through these parameters. Second, this study evaluated the impact of 

spatial treatments on catch-per-unit-effort (CPUE) standardization using Generalized 

Linear Mixed Models (GLMMs). The analysis demonstrated that abundance was 

predominantly influenced by spatiotemporal effects, likely reflecting temporal shifts in 

fishing activities and fish distribution patterns. The Vector Autoregressive Spatio-

Temporal (VAST) model consistently outperformed traditional methods in both empirical 

and simulation studies. For scenarios involving preferential sampling, the Spatial1 

approach (incorporating low fish density weighting) emerged as a viable alternative to 

VAST. Third, the VAST analysis of spatiotemporal dynamics indicated a significant 

eastward shift in Pacific saury’s distribution from Japanese coastal waters to the high seas 

after 2013, followed by further abundance declines and eastward movement in 2017. 

Notably, these distributional changes could not be adequately explained by oceanic 

environmental factors or climate variability indices, suggesting potential influences from 

interspecific competition, increased high-seas fishing pressure, or complex oceanographic 

processes. Finally, this study developed an age-structured model incorporating multiple
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uncertainty sources and recruitment process error for forecast projections. The assessment 

indicated a historical low in recent spawning stock biomass, falling below SSBMSY. Despite 

current fishing mortality remaining below FMSY, projections suggested the need for more 

conservative harvest rates to facilitate stock recovery, with the 0.5FMSY scenario showing 

the highest probability of maintaining stock above SSBMSY. This research enhances the 

understanding of Pacific saury population dynamics while advancing stock assessment and 

management methodologies. The findings highlighted the importance of integrating 

environmental variability, spatial distribution patterns, and parameter uncertainty into 

effective fisheries management strategies. Beyond its application to Pacific saury, the 

established methodological framework provides valuable insights for improving stock 

assessments of similar fisheries worldwide. 

 

Keywords: Pacific saury, resilience, spatial heterogeneity, spatio-temporal modelling, 

uncertainty, age-structured model, stock assessment  

 



doi:10.6342/NTU202500253

1 
 

General introduction 

The stock assessment process serves as a comprehensive framework for evaluating fish 

population dynamics, playing a critical role in supporting sustainable fisheries 

management (Beverton and Holt, 1957). This framework integrates several elements, 

including diverse data sources and advanced modelling approaches, to deliver a 

comprehensive and holistic understanding of stock status, ensuring informed decision-

making for effective fishery management. Key inputs include catch data, which encompass 

commercial, recreational, and bycatch information; biological parameters such as natural 

mortality, growth, maturity, and recruitment; and indices of relative abundance derived 

from surveys, fishery catch-per-unit-effort (CPUE), and age or size distribution data. These 

datasets inform population models that estimate time-series trends in fish biomass and 

fishing mortality, complemented by advanced models that account for habitat, climate 

variability, ecosystem interactions, and anthropogenic stressors. The ultimate goal of the 

stock assessment process is to determine the status of the stock - assessing whether it is 

overfished or experiencing overfishing − and to generate forecasts that inform the 

establishment of annual catch limits to promote long-term sustainability. Although 

significant progress has been made in stock assessment methodologies, ongoing 

advancements in quantitative fisheries modelling, such as improved standardization of 

indices of relative abundance and refinement of stock assessment methods, continue to 

enhance the accuracy and reliability of each element within the process. These efforts aim 

to further optimize the integration of data sources, models, and inputs, ensuring that the 

stock assessment framework remains robust and adaptive to evolving scientific and 

management needs. 

Pacific saury (Cololabis saira) is a highly migratory small pelagic fish species of 

significant commercial importance, distributed from coastal to open waters across the 

North Pacific Ocean (Hubbs and Wisner, 1980). With a short lifespan of two years 

(Suyama et al., 2006), Pacific saury undergoes seasonal migrations between subarctic and 

subtropical regions (Fukushima, 1979). Spawning occurs in subtropical waters from 

autumn to spring, over an extensive area (Iwahashi et al., 2006; Fuji et al., 2021). During 

spring, larvae and juveniles migrate northward, growing as they reach subarctic areas by 
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late summer (Kosaka, 2000). By winter, the species migrates southward to subtropical 

spawning grounds (Miyamoto et al., 2019; Fuji et al., 2021). The spawning season lasts 

approximately 10 months, with winter being the peak period, characterized by the largest 

mature adult size range and highest larval densities (Kosaka, 2000; Suyama, 2002; 

Watanabe and Lo, 1989). The main fishing grounds for Pacific saury are located in the 

Northwestern Pacific Ocean during summer and autumn (Kosaka, 2000). The species is 

commercially harvested by Japan, Russia, Korea, China, Taiwan, and Vanuatu, with total 

annual catches fluctuating over the past three decades, from a peak of 629,576 tons in 2014 

to a low of 332,886 tons in 2022 (NPFC, 2023a). While Japan and Russia primarily fish 

within their exclusive economic zones (EEZs), other countries operate in the high seas of 

the Northwestern Pacific Ocean. Due to its short lifespan, the fishery predominantly targets 

one-year-old individuals. 

To promote the sustainability of Pacific saury fisheries, regional organizations such 

as the North Pacific Fisheries Commission (NPFC) implement management measures, 

including catch quotas, regulation of fishing vessels, and monitoring requirements to 

mitigate ecosystem impacts and maintain long-term fishery viability (NPFC, 2023b). 

Despite these efforts, including comprehensive stock assessments using surplus production 

models, the Pacific saury population has experienced declining biomass in recent years 

(NPFC, 2019). Addressing this issue requires an improved understanding of how Pacific 

saury responds to environmental changes and the adoption of enhanced stock assessment 

approaches, such as age-structured models. These advancements are essential to ensure 

that management strategies remain effective in maintaining the adaptive capacity of Pacific 

saury populations. 

This dissertation focuses on improving the methodology of elements within the 

stock assessment process, using Pacific saury in the Northwestern Pacific Ocean as a case 

study. This study aims to develop and evaluate improved methods for understanding fish 

and fisheries dynamics, ultimately contributing to more effective fisheries management. 

Five chapters are organized into this study, each presenting advanced modelling 

approaches designed to reduce uncertainty by quantifying the impacts of various factors 

and improving the stock assessment of Pacific saury.  
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Chapter 1 − Numerical approach for estimating the probable distribution of steepness 

The first chapter focuses on the biological component of the stock assessment process, 

specifically investigating the stock-recruitment relationship for Pacific saury. Stock 

resilience, often represented by the steepness of the stock-recruitment relationship, is a 

critical factor in determining stock size, yield, and management objectives. When 

overexploitation reduces population size, the stock’s ability to recover, or resilience, 

becomes vital for successful restoration. Steepness (h; Mace and Doonan, 1988; Francis, 

1992) is a commonly used measure of stock resilience, but its estimation is often uncertain 

due to limited data availability and high variability. Previous studies have shown that 

misspecifying the steepness value or range can significantly affect stock assessment results 

and delay the rebuilding of depleted fish stocks (Brodziak and Legault, 2005; Piner et al., 

2011). Additionally, directly estimating stock resilience is often impractical, as it requires 

extensive data collection on spawning biomass and recruitment, which is resource-

intensive and challenging to obtain. Since steepness is closely tied to the evolutionary 

ecology and reproductive biology of a fish stock, understanding its nature is crucial for 

effective management (Morgan, 2008; Mangel et al., 2013). Numerical approaches offer a 

practical alternative for estimating steepness by using life history parameters of fish species 

(e.g., He et al., 2006; Mangel et al., 2010). However, environmental changes, such as 

climate variability, can alter key life history traits (e.g., growth and maturity, Doney et al., 

2012), introducing further uncertainty in resilience estimates and potentially impacting 

sustainable catch levels. 

This chapter aims to address the knowledge gap regarding the variability of 

steepness in small pelagic fish, such as Pacific saury, in response to environmental changes. 

Using an individual-based simulation approach, this study estimates the empirical 

probability distribution of baseline steepness for Pacific saury, identifies the role of life 

history parameters in determining steepness, and evaluates the impacts of environmental 

changes on its estimation. Additionally, the study provides a practical framework that can 

be applied to estimate the steepness of other small pelagic fish species, contributing to 

improved stock assessment and management strategies. 

 



doi:10.6342/NTU202500253

4 
 

Chapter 2 − Evaluation of the influence of spatial treatments on catch-per-unit-effort 

standardization with fishery application and simulation study 

The second chapter examines the abundance element of the stock assessment process, with 

a particular focus on the impact of spatial treatments on the standardization of CPUE. 

Commercial fishery-dependent CPUE data are commonly used as a relative abundance 

index in fisheries where regular surveys are impractical (Hilborn and Walters, 1992; 

Maunder and Punt, 2004). However, raw CPUE data must undergo standardization to 

address the spatial and temporal variability in fishing behavior and gear configuration 

(Campbell, 2004; Maunder and Punt, 2004; Maunder et al., 2006). Additionally, 

preferential sampling and the non-random spatial distribution of fish can cause certain 

fishing locations to disproportionately influence estimated fish abundance (Rose et al., 

1991; Conn et al., 2017; Ducharme-Barth et al., 2022). Therefore, it is important to adjust 

for the spatial heterogeneity of CPUE data for standardization purposes. The ad hoc grid-

based strata are commonly used (e.g., Quinn et al., 1982; Nakano, 1998), but constructing 

objective and appropriate spatial strata is challenging and may introduce biases into the 

relative abundance index. Developing and evaluating alternative methods for defining 

spatial strata objectively can help mitigate biases associated with ad hoc stratification. 

This chapter aims to evaluate the effect of various spatial treatments on CPUE 

standardization using data from the Pacific saury fishery as a case study. Generalized 

Linear Mixed Models (GLMMs) were employed to compare the statistical performance of 

four different spatial treatments (i.e., Ad hoc, Binary, Spatial clustering, spatio-temporal 

modelling approaches), and influence plots were used to assess the impact of explanatory 

variables. Additionally, a simulation was developed to test the four spatial treatments under 

two contrasting sampling scenarios − random and preferential. The results of this study are 

relevant to other fisheries with similar data and provide guidance on the appropriate 

handling of spatial effects in CPUE standardization. 

Chapter 3 − Investigating the drivers of spatial distribution shifts by using spatio-

temporal modelling approach 

The third chapter further explore the abundance element of the stock assessment process, 

focusing on the drivers of spatial distribution shifts using a geostatistical modeling 
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approach. Species distribution models are widely used to analyze the relationship between 

fish density and environmental variables (e.g., Chang et al., 2019) and to project spatial 

distribution patterns under climate change scenarios. However, the risks associated with 

misspecifying environmental relationships within species distribution models have been 

rarely assessed (e.g., Thorson et al., 2017). In addition, shifts in the spatial distribution of 

fish populations can be driven by various unmodeled spatiotemporal processes, including 

prey abundance, complex oceanographic features such as eddies and fronts caused by the 

mixing of water currents, and interactions with other species (e.g., competition and 

predation). The effects of these unmodeled processes on fish distribution shifts remain 

largely unquantified. A recent advancement in spatio-temporal modelling, such as the 

Vector-Autoregressive Spatiotemporal model (VAST; Thorson, 2019), provides more 

precise and accurate predictions of species abundance and distribution by accounting for 

both environmental variables and unobserved spatiotemporal processes, including species 

interactions and fishing pressure. Spatio-temporal modelling approach has demonstrated 

superior performance compared to traditional approaches in predicting species distribution 

and abundance (e.g., Shelton et al., 2014; Thorson et al., 2015). However, the potential 

biases resulting from misspecified environmental relationships in species distribution 

models remain underexplored.   

This chapter aims to enhance our understanding of the spatiotemporal dynamics of 

Pacific saury in the Northwestern Pacific Ocean by applying the spatio-temporal modelling 

approach. The specific objectives are to evaluate the interannual dynamics of Pacific saury 

during the fishing season, quantify shifts in their spatial distribution over time, and identify 

the underlying causes of these changes. The analysis leverages data collected by the NPFC 

Small Scientific Committee (NPFC SSC), offering the most comprehensive spatiotemporal 

coverage available for this fishery. 

Chapter 4 − Stock assessment and addressing the impacts of uncertainty on recovery 

The fourth chapter focuses on the population modeling and management advice 

components of the stock assessment process. A fisheries stock assessment model is 

developed by incorporating multiple data sources (e.g., biological information and relative 

abundance) to evaluate fish population or stock status, forming the foundation for effective 
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fishery management. Understanding and predicting population changes in fish species 

require careful consideration of numerous factors, including environmental conditions, 

biological traits, and human impacts (e.g., Hollowed et al., 2013; Szuwalski et al., 2016; 

Free et al., 2019). Commonly, harvest plans are designed to guide the recovery of 

overexploited fish populations by using stock assessment models to forecast biomass. 

However, these models often fail to account for uncertainties in parameters and recruitment, 

which are crucial for capturing real-world variability. This can lead to overly simplistic 

and potentially misleading predictions, particularly when deterministic projections are used 

instead of stochastic approaches. Deterministic projections assume fixed outcomes based 

on average conditions, whereas stochastic projections incorporate variability and 

uncertainty, providing a more realistic range of potential outcomes. 

Modern stock assessment approaches emphasize the explicit representation and 

estimation of uncertainty, enabling this uncertainty to be factored into management 

decision-making processes (Patterson et al., 2001). Given the complexity of fish population 

dynamics, there is an increasing demand for advanced fisheries management strategies that 

can accommodate various sources of uncertainty − particularly process error in recruitment 

estimates. This highlights the need for comprehensive assessment methods that integrate 

diverse data sources and account for both natural variability and management interventions 

when predicting population trajectories (e.g., Punt et al., 2024). 

This chapter aims to develop an age-structured population model for Pacific saury, 

advancing beyond the current Bayesian surplus production model approach. The analysis 

utilizes the Stock Synthesis framework, which enables the integration of multiple sources 

of uncertainty, including estimated parameters (e.g., selectivity and catchability) and 

process errors (e.g., recruitment deviations). By employing this comprehensive modelling 

approach, this study seeks to enhance our understanding of Pacific saury population 

dynamics and provide more robust management recommendations for the species in the 

Northwestern Pacific Ocean. 

Chapter 5 − Summary and recommendation 

This chapter synthesizes the key findings of this dissertation, uniting insights from the four 

interconnected research components to provide a cohesive narrative on advancing the 
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assessment and management of Pacific saury in the Northwestern Pacific Ocean. This 

chapter offers a comprehensive summary of the preceding studies and presents actionable 

recommendations to enhance the sustainable management and conservation of this vital 

species. The overarching goal of this research has been to refine methodologies for 

assessing and managing Pacific saury populations by integrating environmental variability, 

spatial dynamics, and uncertainty. By examining stock-recruitment resilience, exploring 

the spatial treatment on standardization CPUE, spatiotemporal distribution dynamics, and 

age-structured population modelling, this dissertation has significantly advanced the 

understanding of Pacific saury population dynamics while identifying critical 

shortcomings in existing management frameworks. 

Building on these findings, this chapter underscores the key conclusions from each 

study and translates them into practical recommendations. It focuses on three pivotal areas: 

integrating spatial dynamics into stock assessments, addressing multi-species interactions 

and trophic relationships, and developing robust Management Strategy Evaluation (MSE) 

frameworks that account for climate variability and ecosystem-wide considerations. By 

tackling these challenges, the recommendations aim to equip policymakers, researchers, 

and fishery managers with the tools necessary to balance ecological sustainability with 

economic objectives. Ultimately, this chapter emphasizes the importance of adaptive, 

ecosystem-based approaches to fisheries management. In the context of environmental 

change and escalating anthropogenic pressures, these strategies are essential to ensuring 

the long-term resilience of Pacific saury populations and the broader marine ecosystems 

they inhabit. 
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1. Chapter 1 − Numerical approach for estimating the probable distribution of 

steepness 

 

Abstract 

Determining how resilient a stock-recruitment relationship is to environmental variation is 

crucial for fisheries management. Steepness is a key factor characterizing the resilience of 

a fish stock and, hence, for establishing management reference points. This study estimates 

the distribution of steepness for Pacific saury using a simulation approach based on 

evolutionary ecology and reproductive biology and how it changes in response to 

environmental change. The median estimated steepness is 0.82 (80% probable range 0.59, 

0.93) based on the best available biological information, which suggests that Pacific saury 

can produce a relatively high proportion of unfished recruitment when depleted 20% of 

unfished spawning biomass. Elasticity analysis indicates that steepness for Pacific saury is 

most sensitive to the survival rate of early-life stages, mean body weight, growth, and 

length-at-maturity. Environmental change could substantially impact steepness, with 

unfavorable conditions related to survival rates, length-at-maturity, mean body weight, and 

growth potentially leading to a reduction in resilience. Understanding these impacts is 

crucial for the assessment and management of Pacific saury. The numerical simulation 

approach provides an analytical tool applicable for calculating the steepness distribution in 

other small pelagic fishes influenced by increases in sea surface temperature due to global 

warming. 

 

Keywords: Resilience, stock-recruitment relationship, steepness, life history parameters, 

climate change 
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1.1. Introduction 

Steepness (h, Mace and Doonan, 1988; Francis, 1992) is essential for understanding the 

status of exploited fishery resources. Steepness quantifies the expected reduction in 

recruitment from an unfished stock when the spawning biomass is reduced to 20% of its 

unfished level in a stable environment. Higher steepness values characterize populations 

that are more resilient (higher regenerative capacity) to harvesting, making it fundamental 

to the calculation of biological reference points. Misspecification of the steepness can 

substantially impact the assessment results and rebuilding timelines for the depleted fish 

stocks (Brodziak and Legault, 2005; Brodziak and Piner 2010; Piner et al., 2011). However, 

steepness is one of the most uncertain parameters in stock assessment modeling due to a 

lack of data on the biological parameters of the stock-recruitment relationship (SRR) and 

the considerable variability in recruitment due to factors other than spawner abundance. 

Furthermore, simulations (e.g., Conn et al., 2010; Lee et al., 2011) have shown that 

steepness is likely to be poorly estimated within an integrated stock assessment model due 

to a lack of informative data on spawners and recruitment. Therefore, the steepness is often 

pre-specified in stock assessments, or a prior distribution is placed on this parameter (Punt 

and Hilborn, 1997).  

Several studies have explored the estimation of steepness, given its importance to 

assessment and management. For example, Myers et al. (1999) applied linear mixed 

modeling to a stock-recruitment data set of over 700 fish species and taxa to estimate 

steepness and its associated uncertainty. Wiff et al. (2018) compiled estimates of steepness 

and life history parameters (e.g., asymptotic length and size-at-50% maturity) from stock 

assessment reports for 42 fish stocks and proposed a meta-analysis for predicting steepness 

using generalized linear models. Their analysis revealed that pelagic species tend to have 

higher steepness values (0.58 − 0.86) in comparison to demersal species (0.54 − 0.77). 

Thorson et al. (2020) developed a data-integrated life history model for combining life 

history parameters based on the database, FishBase (Froese, 1990) and stock-recruitment 

information (the RAM database; Myers et al., 1995) to simultaneously predict life history 

and steepness parameters (R package: FishLife). Their findings suggested a general pattern 

for bony fishes (class Actinopterygii) with a steepness value of 0.74. Although the meta-

analyses can offer a practical and objective way to determine steepness, they have potential 
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weaknesses, such as the lack of representativeness in the chosen stocks, the inherent 

measurement errors in estimates of both spawners and recruitment, and the absence of 

independence among the multiple stock responses to environmental variations (Brodziak 

et al., 2015). In addition, accurate estimation of steepness requires data that span a wide 

range of spawning abundance because the precision of steepness estimates is poor if data 

on spawning abundance and recruitment are only available when spawning abundance is 

high (or low) relative to the unfished level. Furthermore, the large amount of variability in 

recruitment caused by factors other than spawner abundance obscures the SRR, especially 

for small pelagic fish (Crone et al., 2019). 

The concept of the steepness of SRR is closely related to analytical approaches to 

quantify the probable values of steepness from evolutionary ecology and life history 

parameters have been developed (e.g., He et al., 2006; Mangel et al., 2010). Brodziak et al. 

(2015) extended the method of Mangel et al. (2010) by accounting for uncertainty about 

each life history parameter to estimate a distribution for steepness. Brodziak et al. (2015) 

found that variation in parameters determining growth, the length-at-weight relationship, 

maturity and early-life stage mortality had an important influence on steepness for the 

striped marlin (Kajikia audax). However, this study did not consider the joint impacts of 

covariation in correlated life history parameters such as the expectation of a negative 

correlation between the asymptotic length and the Brody growth coefficient (i.e., Ricker, 

1975; Quinn and Deriso, 1999; Helser and Lai, 2004). This study expands the methods of 

Brodziak et al. (2015) to analyze the joint impacts on Pacific saury steepness produced by 

changes in the mean and variance of associated sets of life history traits, such as growth 

and maturity parameters, under environmental change scenarios. 

The Pacific saury (Cololabis saira) is a migratory small pelagic fish widely 

distributed across the North Pacific Ocean, with a significant presence in the Northwestern 

Pacific (Fukushima, 1979). This species is characterized by a short life span of 

approximately two years (Suyama et al., 2006) and holds substantial regional commercial 

value, primarily harvested by stick-held dip net fisheries. Since 2015, Pacific saury has 

been internationally managed by the NPFC, an intergovernmental organization dedicated 

to ensuring its long-term conservation and sustainable use. Currently, Pacific saury in the 
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North Pacific is treated as a single stock management unit (NPFC, 2023b), with stock 

assessments conducted using a Bayesian surplus production model (NPFC, 2023b). 

However, surplus production models may have limitations in accurately describing and 

predicting population dynamics, as they aggregate the effects of recruitment variability and 

population changes (Pella and Tomlinson, 1969), potentially hindering the exploration of 

time-varying dynamics. To address these challenges and improve management outcomes, 

the NPFC has prioritized the development of age-structured models for Pacific saury to 

better monitor population dynamics and achieve sustainable fishery management goals 

(NPFC, 2023b). One critical parameter for age-structured models, steepness, remains 

unknown for this species, highlighting a key gap in current assessments. The life history 

parameters of Pacific saury are known to be influenced by environmental factors due to its 

short life-span. For example, Oozeki and Watanabe et al. (2003) found that larval Pacific 

saury had very low survival rates (less than 10%) when exposed to unfavorable 

environmental conditions, particularly sea surface temperatures (SSTs) outside the range 

of 14 to 23°C while Ichii et al. (2018) found that an increase in SST and chlorophyll-a 

concentration during the spawning season would lead to faster growth of the early-life stage 

of the Pacific saury. Fuji et al. (2021) reported that the spawning activity of Pacific saury 

was mainly driven by SST-spawning adults actively spawned in areas with 16 − 21°C, 

whereas smaller adults spawned in areas with 14 − 16°C. Recent years have seen changes 

in the life history traits of Pacific saury due to the emergence of unfavorable environmental 

conditions (e.g., decreased body weight; Kakehi et al., 2022). These changes may be one 

of the factors contributing to the decline in the Pacific saury population, even though it is 

not overexploited (NPFC, 2023b). Understanding the probable range of steepness in 

response to changes in life history parameters due to environmental changes is therefore 

crucial as this may have a large impact on resilience.  

This study introduces a Monte Carlo simulation approach to estimate the probable 

distribution of steepness for Pacific saury based on life history parameters and a density-

dependent relationship between recruitment and population size. The primary goal is to 

derive an empirical probability distribution for steepness under prevailing environmental 

conditions and to assess the relative influence of life history traits on steepness estimation. 

Additionally, the study explores the potential impacts of climate-induced changes on the 
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regenerative capacity of Pacific saury. By addressing a critical knowledge gap, this 

research not only advances understanding of Pacific saury dynamics but also offers a 

practical and adaptable methodology for estimating steepness in other small pelagic fish 

species facing similar environmental challenges. 

 

1.2 Material and methods 

1.2.1. Stock-recruitment model for Pacific saury 

This study employed the age-structured simulation model developed by Mangel et al. (2010) 

to estimate a distribution for steepness in Pacific saury, using life history parameters as the 

foundation for the analysis. The recruitment dynamics of female Pacific saury in this 

simulation model were assumed to follow a Beverton-Holt SRR. This SRR is commonly 

applied to species with life history characteristics similar to those of Pacific saury, such as 

the Japanese anchovy (Ichinokawa et al., 2017) and Japanese sardine (Furuichi et al., 2020). 

The expected recruitment of age-0 (defined as the recruited age) individuals to the 

population in year t, denoted as N(0,t), is given by the following equation: 
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where SB(t) is female spawning biomass during year t, αs is the number of new 

individuals/spawning biomass under steady state (the slope at-the-origin parameter), and β 

is the density-dependent parameter. Steepness value (h) for the Beverton-Holt SRR was 

described by Mangel et al. (2010, 2013) as:  
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where SPR0 is the expected spawning biomass-per-recruit in the absence of fishing.  

This study assumes that the early-life survival rate varies at the “population” level, 

while reproductive success (i.e., egg production) is considered at the “individual” level. 
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These uncertainties are incorporated to calculate a probability distribution for steepness, 

following the methodology outlined by Mangel et al. (2010, 2013). The approach utilizes 

a Monte Carlo simulation to generate j (= 500) populations, resulting in j values for αs. A 

frequency distribution for steepness, constrained between 0.2 and 1, is then created from 

the simulated αs values, based on Equation 1.2. The general process for the simulation 

study is illustrated in Figure 1.1. 

To address individual variability, each population consists of “i” fish that differ in 

terms of the values for their growth-related (PM01; PM02 in Table 1.1) and reproductive 

ecology parameters (PM03 in Table 1.1). The simulation of the distributions for these 

parameters was based on the recent literature for Pacific saury (see Section 1.2.3). The 

values in Table 1.1 are predominantly derived from data collected between the 2000s and 

early 2010s within the Northwest Pacific Ocean, representing the most current and 

comprehensive biological information available. The age structure of the population j was 

obtained using survival-to-age distributions based on randomly sampled natural mortality 

rates at different ages (PM04 in Table 1.1). Individual fish survivorship within each 

population was determined by randomly sampling from the population-specific 

survivorship curves, with interpolation applied using a uniformly distributed random 

variable (Step ① in Figure 1.1).  

 

1.2.2. Slope at the origin 

The number of new individuals per spawning biomass for population j, αs(j), is calculated 

by multiplying the expected early-life survival rate (Ls) by the sum of the egg production 

of all individuals (i.e., age 0 to the maximum age: amax) and dividing by total spawning 

biomass (Mangel et al., 2010; 2013) (Step ② in Figure 1.1):  
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where W(ai,j) is the body mass of the ith fish in the jth population, E() is batch fecundity as 

a function of body mass, and Ns is the number of spawning events.  
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The early-life survival rate (Ls) is based on the allometric relationship between body 

mass and natural mortality during the early-life stages. The duration of the early-life stage 

(DELS) for Pacific saury is defined as the number of days required for an egg to develop 

into the smallest observed size of 12 cm knob length (KnL), as determined from mid-trawl 

survey data (Suyama et al., 2012). This size is considered the end of the early-life phase, 

which includes the egg, larval, and part of the juvenile stages, marking the point at which 

the individual enters the population as a recruit (i.e., age-0 fish). DELS is calculated from 

the Gompertz growth curve based on the age corresponding to 12 cm KnL. Growth during 

DELS days for Pacific saury is expressed as the daily increase in the fish biomass (WELS), 

which is modelled as an exponential function with a constant daily rate of increase in body 

mass (KELS) from the initial egg weight (WE = 1.3 × 10-4 g; Nakaya et al. (2011)) to the final 

early-life stage (DELS = 120 days) (Table 1.1). The daily growth pattern is expressed as: 

WELS(d) = WE×exp(KELS × day), where KELS = log(W(DELS)/WE)/ DELS. The average weight 

at DELS is calculated using the mean length at DELS calculated from the Gompertz growth 

curve and the length-at-weight function (Table 1.1).  

The survival rates of Pacific saury during the early-life stage are characterized by a 

decrease in natural mortality as body mass increases following McGurk (1986). Typically, 

the early-life phase is associated with higher natural mortality rates, which tend to decrease 

once the fish reaches a critical weight. McGurk (1986) developed the two functions for 

calculating the natural mortality rate based on the dry weight body mass of the early-life 

stage (dwELS), i.e., whether it is below (egg and larval stage) or above (a part of the juvenile 

stage) the critical weight (wc = 0.00504 g). The survival rate function for the egg and larval 

stage (MEL) and the juvenile stage (MJ) are MEL(d) = 2.2×10-4dwELS(d)-0.85 and MJ(d) = 

5.26×10-3dwELS(d)-0.25, respectively, where d denotes day. The dry weight of WELS was 

adjusted by 0.2WELS(d) by McGurk (1986). This study integrated the daily weight-

dependent natural mortality rate calculated from McGurk (1986) with the results of a 

survival experiment for Pacific saury during the egg and larval stage conducted by Nakaya 

et al. (2011) (Figure 1.2). The patterns of daily natural mortality rates between the two 

studies were similar, verifying the applicability of McGurk’s (1986) daily natural mortality 

model for the early-life stages of Pacific saury. This study examined the weight-based 

mortality function proposed by McCoy and Gillooly (2008) (Figure 1.2). However, when 
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fitting these mortality functions to the observed mortality data of Nakaya et al. (2011), this 

study found a smaller residual sum of squares (RSS) for McGurk’s (1986) method (46.63 

for McGurk; 63.44 for McCoy and Gillooly). Therefore, this study used McGurk’s 

approach was adopted, as it demonstrated a better fit for estimating Pacific saury mortality 

during the early-life stage. The quantification of uncertainty in early-life survival (PM05 

in Table 1.1), which varies at the “population” level, is detailed in Section 1.2.3. 

 

1.2.3. Simulation analysis  

The Monte Carlo simulation involved individuals experiencing varying growth and natural 

mortality rates, length-at-weight relationships, and reproductive parameters, while the 

survival rate for the early-life stage varied by population (Figure 1.3). A total of 250 

simulations1 for each of 500 populations consisting of 1,000 individual fish were used to 

create a distribution for h, which was then approximated by a beta probability density 

function (Step ③ in Figure 1.1; Mangel et al., 2010; 2013). The resulting distribution for 

steepness spanned an interval from 0.2 to 1.0 with an increment of 0.01. 

Two approaches were employed to represent uncertainty in the life history 

parameters used to calculate the baseline distribution for steepness, which reflected the 

prevailing environmental conditions. A common coefficient of variance (CV = 0.2) was 

applied when generating parameters for the baseline analysis, with sensitivity to this value 

explored to assess the relative impact of each parameter on steepness. 

1) The parameters of the growth function (Linf, K, t0) and of the length-weight 

relationship (a, b) are likely to be highly correlated (Chen, 1996; Chang et al., 2009). 

For these parameters, the mean parameter values (PM01; PM02 in Table 1.1) were 

used to calculate the expected values for Lt and Wt, after which independent 

multiplicative lognormal error (mean 1 and CV of 0.2) was multiplied by these 

predicted values. The underlying curves (PM01) and (PM02) were then fitted to the 

generated values using the optim() function in the R environment (R Core Team, 

                                                             
1 An analysis showed that there was little sensitivity of distribution of steepness for the baseline assumptions 

to the number of simulations (100, 200, 250, 500), populations (100 to 1,000), and individuals (1,000 to 1,500) 

(Figure S1.1). 
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2022), enabling the calculation of model parameters for further analysis. 

2) The remaining parameters were sampled independently from probability 

distributions with means given in Table 1.1 and a CV of 0.2 (Mangel et al., 2010; 

Kai and Fujinami, 2018). Specifically, the annual natural mortality values by age 

(M0 and M1) were modeled using gamma distributions (Mangel et al., 2010), while 

the early-life parameters (MEJa, MEJb, MJa, MJb, DELS, and WE) and reproductive 

parameters (L50, r, TB, EG, and SL) were modeled using lognormal distributions. 

 

1.2.4. Comparison of estimated baseline steepness with the outcomes of previous 

meta-analyses  

The baseline distribution for steepness was compared to the steepness values predicted 

from the meta-analyses conducted by Wiff et al. (2018) and Thorson (2019). Wiff et al. 

(2018) compiled 42 estimates of h and other life history parameters from data collected 

between the 1950s and 2000s. They used a linear model that utilized the ratio of relative 

length at maturity (L50/Linf) as the explanatory variable (Table 1 in Wiff et al., 2018) to 

predict the mean steepness value. However, the uncertainties of the related coefficients 

were not provided in their study, so the uncertainty of the estimated steepness value cannot 

be calculated. In contrast, FishLife utilized taxonomic relatedness and field measurements 

from the global dataset FishBase (Froese, 1990) to fit an evolutionary model of life history 

(Thorson et al., 2017).  

A hierarchical model for steepness, as outlined by Thorson, (2020), was fitted to 

stock-recruitment data from the original RAM database (Myers et al., 1999). This package 

also estimates uncertainty based on the quantity and quality of the records. For Pacific 

saury, the life history information in FishBase was gathered during the mid-1990s to early-

2000s. This study then compared the Beverton-Holt SRR curve formulated in terms of 

steepness derived from various estimations, including those from our study, Wiff et al. 

(2018), and Thorson (2020) (See Figure S1.2). 

 

1.2.5. Elasticity analysis 
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An elasticity analysis was conducted using the parameter values in Table 1.1 to identify 

which life history parameters have the greatest impact on the distribution of steepness. 

Elasticity, a unit-independent measure of parameter sensitivity, is particularly useful for 

assessing the effects of parameters with different units and scales. This analysis indicates 

whether an increase in a parameter leads to an increase (positive elasticity) or a decrease 

(negative elasticity) in steepness. The magnitude of the elasticity quantifies the extent of 

the change, showing whether a parameter’s increase leads to a large or small change in 

steepness. For example, an elasticity, e(θj), of X indicates that a 1% change in life history 

parameter j results in roughly an X% change in steepness. The elasticity for each parameter 

(e(θj)) was calculated as: 
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e
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=
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                                                                                                            (1.4) 

 

where h and θj are steepness and the jth
 life history parameters, respectively. The partial 

derivative of steepness as a function of θj was numerically calculated by using a first-order 

central-difference approximation.  

 

1.2.6. Evaluating the impact of environmental change on the steepness  

The potential impact of environmental change on steepness for Pacific saury was examined 

through four scenarios, which quantified how variations in the main life history parameters 

of Pacific saury − such as growth, body weight, maturity, early-life stage survival, and 

annual natural mortality − could influence steepness under changing environmental 

conditions. These life history parameters are known to be responsive to environmental 

changes, with increased water temperatures expected to reduce the size and survival rates 

of early-life stages, thereby decreasing the population growth rate (Anderson and Gillooly, 

2020; Savage et al., 2004). For example, the life history parameters (growth, length-at-

weight, and maturity) for the Pacific sardine (Sardinops sagax), a small pelagic fish with 

similar characteristics to the Pacific saury, vary by approximately 5% across various 

environmental conditions (Dorval et al., 2015). Similarly, Kakehi et al. (2022) observed a 
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decline of around 5% in the weight of age-1 saury during 2019 and 2020 compared to the 

levels observed between 2003 − 2018. This decline in body weight contributed to delayed 

age-1 saury spawning migrations and a reproductive decline in recent years (2019 − 2020), 

attributed to environmental change. Considering the potential impact of environmental 

shifts on the life history of saury and other small pelagic fishes, the mean values of the life 

history parameters were varied by ± 5% in the four scenarios (2 − 5; Table 1.2) to mimic 

changes in the mean values of life history parameters under different environmental 

conditions. In addition, the impact of different CVs for the main life history parameters on 

estimated steepness values for Pacific saury was examined.  

This study assumes that the Pacific saury population experienced favorable 

environmental conditions in Scenarios 2 and 3, leading to faster growth, increased body 

weight, higher survival rates during the early-life stage, earlier maturity, and lower annual 

natural mortality (Huret et al., 2019; Albo-Puigserver et al., 2021). These improved 

conditions reflect an environment that supports enhanced individual growth and 

reproductive success, resulting in more robust population dynamics. In contrast, this study 

assumed that the Pacific saury faced unfavorable conditions in Scenarios 4 and 5, leading 

to lower growth, smaller body weight, lower survival during the early-life phase, delayed 

maturity, and higher annual natural mortality (Table 1.2). This study also examined how 

the variability of the main life history parameters affected steepness for Pacific saury under 

alternative environmental conditions. This study considered CVs of 0.2 in Scenarios 2 and 

4 and 0.4 in Scenarios 3 and 5, respectively (Table 1.2). The remaining life history 

parameters (TB, EG, SL, DELS, and WE) were generated as for the baseline scenario (Table 

1.1).  

 

1.3. Results 

1.3.1. The distribution of steepness for Pacific saury for the baseline conditions 

The distribution of steepness for Pacific saury was calculated under prevailing 

environmental conditions (Scenario 1) and was not symmetrical (Figure 1.4). Instead, it 

exhibited left-skewed with a median value of 0.82 and an 80% probable range (0.59, 0.93). 

The mean steepness was 0.79 with a CV of 0.18, and the parameters of the fitted beta 
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density were 6.45 and 1.78 (Figure 1.4). These findings suggest that the SRR of Pacific 

saury is likely highly resilient to declines in spawning potential. The SRR curves derived 

from the mean value of baseline steepness of this study were compared with those derived 

from the meta-analysis of Wiff et al. (2018) and FishLife (Figure 1.5). The meta-analysis 

approach of Wiff et al. (2018) led to a smaller mean steepness value for Pacific saury (0.56) 

than that obtained in this study. In addition, the estimated mean of the steepness distribution 

of this study was higher than the estimate of 0.70, and the 80% confidence interval (0.42, 

0.98) was obtained from FishLife (Figure S1.2; Thorson, 2019). The uncertainty in the 

steepness value estimated from FishLife was larger, including most of the baseline 

steepness distribution and the estimate of steepness using the Wiff et al. (2018) method. 

 

1.3.2. Relative importance of life history parameters on steepness 

The elasticities of steepness for the life history parameters differed in both direction and 

magnitude among parameters (Figure 1.6). The elasticity analysis showed that over half 

(53%) of the life history parameters had negative elasticity. The shape parameter of 

maturity-at-length (r), the exponent parameter for the survival rate for juveniles (MJ), and 

the annual mortality of age-1 fish (M1) had negligible effects on steepness (e(r) = 0.04%, 

e(MJ) = -0.04%, e(M1) = -0.09%). In contrast, the survival rate of the egg and larval stages 

(MEL), the exponent parameter of the length-at-weight relationship (b), and the asymptotic 

length parameter (Linf) had substantial impacts on steepness, with elasticities for these 

parameters larger than 3% (e(MEL) = -8.89%, e(b) = 3.70%, e(Linf) = 3.30%).  

Among the three parameters with substantial influences on steepness, the largest 

negative elasticity was found for the survival rate of the egg and larval stages (MEL). The 

exponent parameters of the length-at-weight relationship (b), which is a measure of the 

fish’s body weight, had a smaller but still important effect on the steepness. The female 

length at 50% maturity (L50), annual mortality of age-0 fish (M0), and the duration of the 

early-life stage (DELH) had moderate effects on steepness, with elasticities larger than 1%. 

These parameters led to a negative elasticity, with the size of the elasticities being -2.06% 

for L50, -1.85% for M0, and -1.44% for DELH. The elasticities for the remaining six 

parameters showed that the growth coefficient (K), scale parameter of length-at-weight (a), 
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batch fecundity (EG), numbers of spawning seasons (SL), annual mortality of age-1 fish 

(M1), the average time between spawning events (TB), and the time at inflection parameter 

of Gompertz growth function (t0) have less important effects on steepness, with elasticities 

from -0.69 to 0.41%.  

 

1.3.3 Impacts of environment-driven changes in life history parameters on the 

steepness  

The steepness values and their corresponding CVs under five scenarios are shown in Table 

S1.1. The five scenarios are composed of different means and CVs for the main life history 

parameters (growth, length-at-weight, maturity, survival rate in the early-life stage, and 

annual natural mortality), and represent potential environmental effects. The median value 

of the steepness distributions ranged from 0.33 to 0.97, and the CV ranged from 0.08 to 

0.49 across five scenarios (Figure 1.7 and Table S1.1).  

As expected, steepness was higher when the environment was more favorable, with 

faster growth rates, larger body weight, higher survival rate in the early-life stage, smaller 

maturity size, and lower natural mortality (Scenarios 2 and 3) compared to unfavorable 

environments (Scenarios 4 and 5). The median values of steepness for Scenario 2 and 3 

were highest (0.97), and the CVs were lowest (0.05 and 0.08, respectively). The median 

value of steepness (0.33) derived from Scenario 4, which had the highest uncertainty for 

the main life history parameter (CV = 0.4), resulted in the lowest median for steepness 

(0.33) and the CVs of estimated steepness values for Scenarios 4 and 5 were higher than 

other scenarios (Figure 1.7). These results indicated that moderately positive effects of the 

favorable environment on the estimated steepness (Scenarios 2 and 3) led to 13% changes 

compared to the baseline scenario (Scenario 1) (Table S1.1).  

A substantially negative effect of unfavorable environment on the estimated median 

steepness (Scenario 4 and 5) resulted in -60% and -49% changes compared to the baseline 

scenario (Scenario 1) (Table S1.1). Overall, the results of this study suggest that either the 

value or variation of main life history parameters could have an impact on the estimated 

steepness value of the Pacific saury under the potential environmental variability, in 

particular under unfavorable environments. 
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1.4. Discussion 

1.4.1. The resilience of Pacific saury under changing environmental conditions  

This study developed a numerical simulation approach that incorporated principles of 

evolutionary ecology and reproductive biology to evaluate a probable range of steepness 

values for Pacific saury under five environmental conditions. The results indicated that the 

median steepness value under prevailing environmental conditions (Scenario 1) was 0.82, 

suggesting that Pacific saury is likely to exhibit high resilience to exploitation. In 

comparison, the mean steepness values for Atlantic herring (Clupea harengus) and Pacific 

sardine (Sardinops sagax) were estimated to be 0.85 and 0.82, respectively, based on a 

meta-analysis by Myers et al. (1999). These values are consistent with the median steepness 

calculated for Pacific saury, further supporting the biological plausibility of the distribution. 

The similarities between these species, which share life history traits such as fast growth, 

low maturity at age, and short longevity, reinforce the biological relevance of the steepness 

values derived in this study. 

The elasticity analysis revealed that changes in survival rates during the egg and 

larval stages had the largest negative impact on steepness, while changes in fish body 

weight had a significantly positive effect on steepness for Pacific saury. Yatsu, (2019) 

found that reduced zooplankton abundance and unsuitable sea surface temperatures (SST) 

have contributed to lower survival rates during the early-life stages of Pacific saury since 

2016. Similarly, Kakehi et al. (2021) noted that low body weight in Pacific saury delayed 

the spawning season in 2019－2020, as individuals continued to feed for growth instead 

of migrating to spawn. This delay compressed spawning timing and likely reduced 

reproductive success. Therefore, the baseline steepness value may not accurately reflect 

the current unfavorable environmental conditions, which have contributed to a decline in 

stock resilience in recent years. 

Beyond Pacific saury, similar challenges in recruitment and recovery due to shifts 

in life history characteristics have been observed in other small pelagic fish species. For 

example, McGowan et al. (2021) reported that Pacific herring (Clupea pallasii) struggled 

with recruitment and recovery, influenced by factors such as diminished total spawning, 
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delayed spawning timing, and restricted spawning areas. Similarly, Koenigstein et al. (2022) 

suggested that the failure of Pacific sardine (Sardinops sagax) to recover after 2014, 

coupled with reduced egg production and lower adult food availability, has led to a decline 

in sardine abundance. These studies emphasize that many fish stocks are affected by 

fluctuations in productivity, which in turn influence their recovery capabilities. This study 

advocates for considering shifts in fish productivity within the broader context of fisheries 

management, such as the use of dynamic reference points (Berger, 2019). 

The findings from this study indicate that steepness can decrease under unfavorable 

environmental conditions, suggesting that variations in life history parameters during such 

conditions may significantly reduce the resilience of Pacific saury to exploitation. 

Moreover, unfavorable conditions may introduce greater uncertainty in steepness estimates. 

In contrast, Scenarios 2 and 3, which represent favorable environmental conditions, show 

more optimistic steepness values. This study evaluated the potential impacts of 

environmental variability on life history parameters and the resilience of Pacific saury. As 

fish productivity is often strongly influenced by environmental factors (e.g., Szuwalski et 

al., 2016; Holt and Michielsens, 2020), and considering that assuming steepness as unity 

in stock assessment models is biologically implausible (Brodziak et al., 2005; Mangel et 

al., 2010; Miller and Brooks, 2021), our study contributes to developing a more 

comprehensive framework for assessing the impact of stock size on recruitment under 

varying environmental conditions and density-dependent effects (e.g., Watanabe, 1991; 

Nakaya et al., 2011). 

While the simplifying assumption of steepness being unity has been and will likely 

continue to be used in stock assessments, this study proposes that the steepness 

distributions under different scenarios (see Section 1.3.3) could be integrated into future 

Pacific saury assessments. This would be particularly valuable if an age-structured model 

is employed for assessment, allowing for a better understanding of the influence of 

steepness on abundance and reference points, particularly in the context of environmental 

variability. 

 

1.4.2. Comparing the steepness estimation with meta-analysis  
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The comparison of steepness values across different methods underscores among-method 

variation as a significant source of uncertainty. The meta-analysis by Wiff et al. (2018) 

estimated the mean steepness for Pacific saury to be 0.56, which is smaller than the lower 

bound of the 95% confidence interval (0.59) derived from the baseline analysis. However, 

it is important to recognize that the stocks included in the Wiff et al. (2018) meta-analysis 

were primarily from the southeastern Pacific Ocean and the southwestern Atlantic Ocean, 

covering the period from 2002 to 2012. As a result, the relationship between life history 

and steepness observed in that study may be more regionally and temporally specific and 

may not accurately represent Pacific saury in the Northwestern Pacific. Furthermore, the 

meta-analysis by Wiff et al. (2018) relied on only two life history parameters, while 

steepness is influenced by several life history factors (Myers et al., 1999; Mangel et al., 

2010; Brodziak et al., 2015). Therefore, the steepness prediction from Wiff et al. (2018) 

may not fully capture the complexity of steepness estimation for Pacific saury in its specific 

ecological context. 

In contrast, a global meta-analysis conducted by FishLife examined the 

relationships between life history parameters and steepness using extensive datasets for 

both life history parameters (sourced from FishBase) and stock-recruit estimates (from the 

RAM database). The mean steepness value for Pacific saury derived from FishLife was 

0.70, which is lower than the value obtained from the baseline analysis (0.79). However, 

the 80% probability interval for steepness in the baseline analysis (0.59, 0.93) includes 

0.70, suggesting that the estimates are not inconsistent. The lower mean steepness value 

estimated by FishLife may be influenced by the period during which the life history data 

for Pacific saury were collected, which spans the mid-1990s to early-2000s. 

 

1.4.3. The relative importance of life history on Pacific saury’s steepness  

The results of the elasticity analysis indicate that steepness for Pacific saury is most 

sensitive to parameters related to growth, body weight, and the survival rates of the egg 

and larval stages. For instance, increases in growth rate and body weight enhance 

reproductive output, while higher survival rates for egg and larval stages lead to greater 

productivity and overall resilience. This study utilized estimates of early-life survival rates 
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for teleosts from McGurk’s (1986) meta-analysis to characterize egg-to-juvenile survival 

for Pacific saury. Given the significant impact of early-life survival on steepness, as 

indicated by the elasticity analysis, it would be beneficial to update McGurk’s dataset with 

more recent data on larval fish survival rates. Nonetheless, a similar pattern of daily natural 

mortality rates was observed between the meta-analytic estimates and rearing experiments 

(Nakaya et al., 2011) for Pacific saury.  

Moreover, this study is based on the best available life history parameters (e.g., 

growth curve, age-specific maturity, and weight-length relationships) to calculate the 

probable distribution of steepness. However, the spatial and temporal coverage of the data 

used to estimate these parameters was limited to a specific offshore region of Japan (e.g., 

Kosaka, 2000; Suyama et al., 2015). To improve the accuracy and representativeness of 

the steepness estimates, it is recommended to enhance the spatial and temporal coverage 

of biological data, enabling more comprehensive life history parameters for Pacific saury. 

 

1.4.4. Density-dependent effect of the stock-recruitment relationship  

The exact nature of SRR is usually unclear due to considerable variability in recruitment 

caused by factors other than spawner’s abundance, such as environmental conditions and 

observation errors in the stock-recruitment data (S-R data) (Hilborn and Walters, 1992; 

Conn et al., 2010; Subbey et al., 2014). However, recent studies have provided evidence 

supporting the presence of density-dependent effects of the SRR for small pelagic fishes. 

For example, Szuwalski et al. (2019) selected the time series of recruitment and spawning 

stock biomass from the RAM Legacy Stock Assessment Database, which consisted mainly 

of assessment results in North America, Europe, and Oceania (Ricard et al., 2012) to 

identify the density-dependent response of SRR for 14 stocks in 28 forage fish stocks. In 

addition, Kurota et al. (2020) examined the correlation of SRR using the stock and 

recruitment data from 28 Japanese fisheries stock, which are characterized by many small 

pelagic fishes, such as sardine, anchovy, mackerel, and herring. They reported that the 

spawner abundance was significantly related to recruitment in 17 of the 23 Japanese 

fisheries.  
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Despite these findings, the shape of the SRR for Pacific saury remains unknown. 

To advance our understanding, future studies should focus on estimating the SRR using 

qualitative data from real-world scenarios. This could include developing more accurate 

abundance indices for recruitment and improving the reliability of abundance indices for 

adult Pacific saury, which would help clarify the SRR for this species. 

 

1.5. Conclusions 

A lack of reliable long-term stock and recruitment data for fish stocks results in high 

uncertainty when estimating steepness, a key parameter for assessment and management. 

This study developed a numerical approach based on population biology as an alternative 

way to estimate steepness. It outlined a framework to quantify how variability in life history 

parameters, driven by environmental conditions, could impact steepness. This is 

particularly relevant as resilience may vary in response to factors such as sea surface 

temperature (SST) changes linked to global warming. The importance of considering 

environmental variability and its effects on stock productivity is increasingly recognized 

as a priority for fisheries management (Szuwalski et al., 2016). This study contributes to 

understanding the impacts of life history variability on steepness estimates for Pacific saury. 

Unfavorable environmental conditions could reduce growth, body weight, and survival 

rates during the egg and larval stages, which in turn diminishes the resilience of Pacific 

saury populations.  

An implication of this study is that our results could provide a foundation for a 

baseline steepness value in the development of an integrated age-structured model, while 

also identifying how steepness values may shift in response to environmental variability. 

This highlights the need to account for environmental effects on resilience when 

conducting stock assessments and calculating management reference points for Pacific 

saury.
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2. Chapter 2 − Evaluation of the influence of spatial treatments on catch-per-unit-

effort standardization with fishery application and simulation study 

 

Abstract 

Fishery-dependent catch-per-unit-effort (CPUE) data often exhibit spatial heterogeneity 

over space and time, which means that the spatial treatment in statistical models used to 

standardize CPUE is critically important. This study evaluated several spatial treatments 

to standardize CPUE data using Generalized Linear Mixed Models (GLMMs). Results 

include a real-world application and a simulation based on the Taiwanese stick-held dip 

net fishery for Pacific saury in the Northwestern Pacific Ocean. This study compared the 

performance of three spatially stratified approaches in GLMMs (spatially stratified 

GLMMs), (i) Ad hoc; (ii) Binary (binary recursive area partitioning based on model 

selection criteria); and (iii) Spatial clustering (partitioning of grids into discrete strata based 

on the spatial proximity and average CPUE in each grid), to a spatio-temporal GLMM 

(VAST). An influence analysis was constructed to quantify discrepancies between 

unstandardized and standardized indices that assisted in identifying the annual influence of 

explanatory variables in GLMMs. This study developed a simulation to corroborate the 

results from the case study and evaluated the four spatial treatments using data generated 

from two contrasted, random and preferential, sampling scenarios. Results from the real-

world application indicated that VAST was statistically superior to the other approaches, 

based on conditional deviance explained, conditional Akaike Information Criterion, and 

five-fold cross-validations. The influence analysis indicated that the interaction of year and 

spatial effect or spatio-temporal variable had a major influence on the standardized CPUE. 

Both simulation scenarios showed that VAST performed the best, with the lowest model 

error (measured by root mean square error) and bias, for estimating relative abundance 

indices. Although the spatial clustering approach created a flexible shape for the area strata, 

the simulation results under preferential samplings showed that clustering with a stronger 

emphasis placed on average CPUE could lead to bias in estimated abundance indices. 

However, spatial clustering that balanced average CPUE with spatial proximity could be a 

reasonable alternative if it is not possible to apply a spatio-temporal approach. The 
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importance of conducting influence analysis and the greater performance of a spatio-

temporal approach are highlighted. 

 

Keywords: CPUE standardization, simulation-testing, influence analysis, spatio-temporal 

modelling approach, area stratification, Pacific saury 
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2.1. Introduction  

Commercial catch-per-unit-effort (CPUE) data are often standardized for use as an index 

of relative abundance, particularly in fisheries where a regular survey has not been feasible 

(Hilborn and Walters, 1992; Maunder and Punt, 2004). To effectively use CPUE as a 

relative abundance index, raw CPUE data must conduct standardization to account for 

variations in spatial and temporal factors such as gear configuration, fishing power, and 

fishing behavior (Campbell, 2004; Maunder and Punt, 2004; Maunder et al., 2006). The 

non-random nature of spatial distributions of fish density can also cause CPUE data from 

preferred fishing grounds to exert a disproportionate effect on the estimated fish abundance 

(i.e., preferential sampling: Rose et al., 1991; Conn et al., 2017; Ducharme-Barth et al., 

2022). Therefore, adjusting for the spatial heterogeneity of CPUE data is essential for 

CPUE standardization. The confounding effect of spatial heterogeneity has commonly 

been addressed by the inclusion of categorical grids (e.g., 5° × 5° grids) or area strata within 

Generalized Linear Models (GLMs), Generalized Additive Models (GAMs), and 

Generalized Linear Mixed Models (GLMMs) used for CPUE standardizations (Maunder 

and Punt, 2004). In theory, the area strata are assumed to represent spatial heterogeneity in 

fish density, which may be treated as categorical variables in the standardization model to 

adjust for differences in CPUE associated with each stratum. Ideally, an appropriate area 

stratum is a region where fish density is homogeneous (Bishop, 2006), but in the reality 

this is seldom the case. Many studies take ad hoc sets of grids as the area strata in 

standardizing CPUE analysis, or use area strata defined using either the spatial distribution 

of nominal CPUE and fishing effort or oceanographic conditions (e.g., Quinn et al., 1982; 

Nakano, 1998). However, it is difficult to construct appropriate area strata objectively using 

an ad hoc approach, and spatial misspecification in the CPUE standardization process could 

potentially result in a biased index of relative abundance (Bishop, 2006).  

Several spatially stratified approaches have been developed to define objective 

criteria for the area stratifications in standardizing fishery CPUE. For example, a binary 

recursive partitioning approach was developed to automatically stratify the study area 

based on information criteria (e.g., Akaike or Bayesian Information Criteria, AIC or BIC) 

(Ichinokawa and Brodziak, 2010). This approach created area stratifications more 

effectively than the area strata determined in an ad hoc manner and achieved better GLM 
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fits to the CPUE data of North Pacific swordfish (Xiphias gladius). However, the binary 

recursive partitioning approach is limited to generate rectangular area strata due to its 

binary partitioning nature. In the real world, the distribution of fish density is unlikely to 

be structured as rectangular shapes. Ono et al. (2015) proposed an alternative area 

stratification approach known as spatial clustering to improve upon the rectangular area 

strata shape seen in Ichinokawa and Brodziak (2010). The spatial clustering approach 

applies a k-medoids algorithm to cluster grids of CPUE data according to the similarity of 

the spatial proximity and average CPUE of grids. This approach creates a flexible shape 

rather than a rectangular shape for the area strata which may better match the population 

structure inferred from the CPUE data. Ono et al. (2015) also suggested, based on 

simulation experiments, that the spatial clustering approach could reduce bias in abundance 

indices compared to the ad hoc approach, but this would not be expected to occur if the 

spatial distribution of fishing grounds had shifted over time. 

The spatial effect in conventional GLMs for CPUE standardization assumes that 

the adjacent strata/grids are independent of each other. However, the variation of fish 

abundance and availability is often continuous and correlated with biotic and abiotic 

environmental factors over space (i.e., spatially structured). Therefore, it seems appropriate 

to incorporate spatial autocorrelation into a standardization model as a continuous covariate 

to more reasonably reflect the spatial heterogeneity of fish distributions (Thorson et al., 

2015; Thorson and Barnett, 2017). Recent years have seen the emergence of spatio-

temporal models (e.g., Vector-Autoregressive Spatiotemporal, VAST; Thorson, 2019) for 

standardizing CPUE data (e.g., Xu et al., 2019; Maunder et al., 2020; Ducharme-Barth et 

al., 2022), because this approach could provide a more sophisticated treatment of spatial 

variation by accounting for not only the long-term spatial autocorrelation (i.e., spatial 

autocorrelation that is constant over time) but also the spatio-temporal autocorrelation (i.e., 

spatial autocorrelation that is specific to each year of the study period) in the CPUE 

standardization. Specifically, a spatio-temporal approach allows for the spatial and spatio-

temporal effects to be treated as a continuous Gaussian Markov random field, which may 

yield more precise, biologically reasonable, and interpretable estimates of abundance than 

common area strata factors in GLMs (Shelton et al., 2014; Thorson et al., 2015).  
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Multiple comparative studies (Grüss et al. 2019; Zhou et al. 2019) have shown the 

benefits of using spatio-temporal models for standardizing CPUE data relative to other 

regression models. Grüss et al. (2019) used a simulation experiment to show that VAST 

minimized residual variance over space without defining the area strata in advance and 

usually had the lowest error, bias, and most appropriate levels of coverage relative to the 

eight other linear models considered. Zhou et al. (2019) showed similar results when 

comparing a spatio-temporal approach to GLMs and GAMs. However, the Grüss et al. 

(2019) and Zhou et al. (2019) studies only considered a fixed ad hoc area stratification (10 

areas and 7 areas, respectively) a priori to CPUE standardization. Consequently, it was not 

possible to evaluate whether their area stratification approaches were appropriate and 

sufficient to standardize CPUE. To our knowledge, there has not been a study which 

explicitly compares the performance of different spatial treatments (Ad hoc, Binary, Spatial 

clustering, and spatio-temporal approaches) where a consistent model structure with the 

same sets of covariates has been applied.  

Most CPUE standardization studies have concentrated on removing the effects of 

predictors to obtain an unbiased index of abundance. Few studies have focused on 

understanding the differences between standardized and unstandardized CPUE indices 

(Holdsworth et al., 2017; Hoyle et al., 2019; Feenstra et al., 2019). Bentley et al. (2012) 

suggested that it is necessary when conducting an explanatory analysis (e.g., R package 

influ; https://github.com/trophia/influ) to explore how the CPUE standardization model 

removes confounding effects by including each explanatory variable in models rather than 

simply accepting the relative abundance index arising from a model. Furthermore, although 

considering the interaction effect of year and area in GLMs is a common way to standardize 

spatiotemporal patterns in CPUE data, the influence analysis of the interaction effect has 

rarely been examined.  

Given the identified gaps in the literature, the analytical objective was to evaluate 

the effects of spatial treatments on CPUE standardization, using a consistent model 

structure and with the same sets of covariates within a GLMM framework. This objective 

was achieved by using the CPUE data of a commercially important migratory species, 

Pacific saury (Cololabis saira), as an example. The Pacific saury fishery in the 
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Northwestern Pacific Ocean exploited by the Taiwanese stick-held dip net vessels provides 

an example of spatial heterogeneity of CPUE data, with more than 98,000 fishery 

operations recorded during 1994－2019 over a large geographical range (Chang et al., 

2019). This study employed a GLMM framework, incorporating year effects, spatial and 

spatio-temporal variation terms, a vessel effect, and the influence of oceanographic 

conditions (such as sea surface temperature). The study then compared the statistical 

performance of four spatial treatment approaches (three area stratification methods and a 

spatio-temporal model) by evaluating metrics such as conditional deviance explained, 

conditional AIC, and performing repeated five-fold cross-validation 10 times. Additionally, 

influence plots (Bentley et al., 2012) were utilized to illustrate how the GLMM framework 

mitigates confounding effects of explanatory variables. A simulation study was also 

conducted, employing two contrasting spatial sampling scenarios to assess whether 

different spatial treatments could lead to model misspecification in CPUE standardization. 

Although this study was developed with Pacific saury in mind, its methodology and 

findings are broadly applicable to other fisheries with similar data, offering valuable 

insights into the appropriate treatment of spatial effects in CPUE standardization analyses. 

 

2.2. Materials and methods 

2.2.1. Pacific saury fishery dataset and data filtering 

This study utilized Pacific saury fishery logbook data from Taiwanese stick-held dip net 

vessels operating in the Northwestern Pacific Ocean (mainly 35 − 49°N and 140 − 173°E) 

during the main fishing season (August to November) between 1997 and 2019. The daily 

logbook data contained catch (in metric tons), vessel identification (vessel ID), effort 

(number of hauls), and the location of sets by latitude-longitude at a resolution of 0.25°. 

These records were provided by the Overseas Fisheries Development Council of Taiwan. 

Since Pacific saury are targeted by vessels fishing at night using lamps to attract schools 

of fish, the dataset does not contain any zero catches. Data filtering was applied to remove 

incomplete and insufficient data, such as sets missing information on date, vessel ID, or 

location, resulting in a final dataset of 98,738 fishing operations, after eliminating 2% of 

the original sets. 
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2.2.2. Spatially stratified GLMMs 

The application of GLMMs has been one of the most frequently employed modelling 

approaches for CPUE standardization (Maunder and Punt, 2004). GLMMs (Pinheiro and 

Bates, 2000) extend the GLM method by allowing some of the explanatory variables in the 

linear predictor to be treated as random variables. This flexibility makes GLMMs 

particularly valuable in accounting for complex interactions, such as the year × spatial 

interaction, which is common in CPUE standardization (Miyabe and Takeuchi, 2003; 

Forrestal et al., 2019; Grüss et al., 2019). Various studies have indicated that the spatial 

and temporal distribution of Pacific saury could be affected by changes in sea surface 

temperatures (SST; Chang et al., 2019; Hsu et al., 2021). Specifically, a fishery-

independent survey for Pacific saury showed that it prefers a habitat with SST between 7

－15°C (Hashimoto et al., 2020). Consequently, this study incorporated SST and its 

squared value (SST2) as continuous variables in the GLMM standardization models to 

account for the possibility of CPUE peaking at intermediate SST levels (Thorson and 

Barnett, 2017; Hashimoto et al., 2019). Additionally, the use of light (e.g., number or power 

of lights) is an important factor influencing catchability in the Pacific saury fishery, as 

fishermen rely on fishing lamps to attract fish schools at night. However, this study did not 

have direct information on light usage in the Taiwanese logbook data for the stick-held dip 

net fishery. As a proxy for fishing power, vessel ID was used as a covariate in the CPUE 

standardization process, a common approach in fisheries research (Punt et al., 2000; Glazer 

and Butterworth, 2002; Battaile and Quinn, 2004). 

 Two metrics of fishing effort − haul numbers and fishing days − could be used to 

define the CPUE from the Pacific saury logbook dataset. However, these metrics were not 

consistently reported throughout the study period. Haul data, which were first recorded in 

2003, were missing from 48% of the logbook records between 2003 and 2006. As a result, 

fishing effort defined by the number of fishing days allowed for a longer period of analysis 

(1997 − 2019).  

Despite the advantage of having a longer period of data, using the fishing day 

definition of effort could potentially lead to hyperstability (Hilborn and Walters, 1992). 

This could occur if an increase in daily hauls was used to maintain a consistent daily catch 
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rate when fish abundance was low, potentially distorting the true relationship between 

effort and catch. To evaluate this concern, we developed standardized indices using both 

effort definitions (Figure S2.1). Since the trends were similar between the two metrics, 

CPUE based on fishing days (metric tons per day) was ultimately used throughout the 

analysis. 

Positive CPUE data were assumed to follow either a lognormal or gamma 

distribution (Ortiz and Arocha, 2004); the lognormal distribution was assumed in the 

current study for positive CPUE data following Ichinokawa and Brodziak (2010) and 

Winker et al. (2013). An exploratory analysis did not indicate that the current analysis was 

sensitive to the choice of error distribution as the standardized CPUE indices and deviance 

explained (e.g., conditional R2) were similar for the two error distributions within the 

GLMM considered. The residual frequency distributions of the two error assumptions 

derived from the five GLMMs indicated no violation of the assumed statistical distributions. 

Accordingly, we normalized the CPUE response by the natural logarithm transformation, 

log(CPUE), which is a common procedure in CPUE standardization (Winker et al., 2013; 

Grüss et al., 2019). To focus on comparing the influences of various spatial treatments on 

the CPUE standardization, we only included five explanatory variables in the GLMMs, 

and we did not conduct any model selection procedure. However, the statistical 

significance of each variable was examined. Explanatory variables considered in the 

GLMMs included Year, Area (see section 2.2.3), Vessel, quadratic water temperature 

effects (SST and SST2), and the interaction of year and spatial effects (Year× Area; to take 

into account vessel targeting behavior or fish distribution shift). SST and SST2 were treated 

as continuous variables while the remaining covariates were treated as factors. This study 

fits GLMMs to standardize CPUE for Pacific saury as described in the following equation 

(Ono et al., 2015; Thorson et al., 2015):   

 

( ) 2

2

( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )( )
log = + + + +  + i Year i Area i Year i Area i Vessel i SST i i iSST i

p β β β β β SST β SST         (2.1) 

 

where pi is the predictor for observations i (metric tons/day), and β is the estimated 

coefficient of its subscript (e.g., Year, Area, etc.) for observation i. This study treated the 
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year effect, area effect, and quadratic water temperature effects as fixed effects. The vessel 

and the year × spatial interaction were treated as random effects. Model fitting was carried 

out with the “lmer” functions provided in the R statistical platform (Bates et al., 2015; R 

Core Team, 2021). 

 

2.2.3. Spatial treatments in the spatially stratified GLMMs 

Three area stratification approaches were used in the GLMMs (i.e., spatially stratified 

GLMMs) for standardizing Pacific saury CPUE data. These alternative area stratifications 

are described below: 

(i) Ad hoc approach 

The definition of the four area strata was modified based on Huang et al. (2007; 

2020) which grouped the 1o × 1o grids of Pacific saury CPUE data based on the bathymetric 

(depth) contours derived from the Centenary Edition of the GEBCO (General Bathymetric 

Chart of the Oceans) Digital Atlas (IOC-IHO-BODC, 2003). This approach is currently 

used for the CPUE standardization of Pacific saury by the North Pacific Fisheries 

Commission (Huang et al., 2021; Hashimoto et al., 2020).  

(ii) Binary recursive partitioning approach 

The binary recursive partitioning method, developed by Ichinokawa and Brodziak 

(2010), is an algorithm that systematically divides the study area into multiple strata 

through sequential, recursive steps. This method was used to partition Pacific saury CPUE 

data using a three-step process. First, the algorithm divided the entire study domain into all 

possible pairs of strata, using a fixed spatial resolution (0.25°) defined by a grid of evenly 

spaced dividing lines. Second, a generalized linear mixed model (GLMM; see Section 2.2.2) 

was employed to fit the CPUE data for each possible stratification. Third, the Akaike 

Information Criterion (AIC; Burnham and Anderson, 2002) was used to identify the 

stratification with the best model fit among the options. This process was repeated 

recursively, refining the strata until no further AIC improvements could be achieved by 

adding additional strata. To maintain consistency and comparability across stratification 

approaches, the maximum number of strata was limited to six. 
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(iii) Spatial clustering approach 

The spatial clustering method used a k-medoids algorithm to divide the 0.25° × 

0.25° grids of Pacific saury CPUE into distinct area strata, considering both spatial 

proximity and average CPUE within each grid (Ono et al., 2015). The process began by 

calculating the Euclidean distance and the difference in mean CPUE values between grid 

pairs. Next, a k-medoids clustering analysis (Kaufman and Rousseeuw, 1990) was 

performed, where medoids represent the grid points within each cluster that have the lowest 

average dissimilarity to other points in the same cluster. To adjust the clustering process, 

the dissimilarity matrix was multiplied by a weighting factor w, which emphasized (or de-

emphasized) the influence of spatial proximity relative to differences in fish population 

density (Ono et al., 2015). This approach resulted in irregularly shaped strata, aligning 

them more closely with the population distribution patterns inferred from the CPUE data. 

Following the approach of Ono et al. (2015), this study set two weighting factors, 

w =1 and w = 0.1, to illustrate two shapes for the stratified area, namely “Spatial 1” and 

“Spatial 0.1”. The “Spatial 1” approach assigns equal weight to spatial proximity and 

average fish density. The “Spatial 1” configuration assigns equal weight to spatial 

proximity and average fish density, while the “Spatial 0.1” configuration reduces the 

weight of spatial proximity, making a one-unit difference in spatial coordinates 100 times 

less influential than a one-unit change in population density. The k-medoids clustering 

analysis was conducted using the pam() function from the cluster package in R (Maechler 

et al., 2014). To determine the optimal number of area strata, a visual inspection of the 

inflection point in the change of AIC values was performed as the number of clusters 

increased. The number of clusters (ranging between 2 and 6 strata) corresponding to this 

inflection point was selected as the optimal solution. 

 

2.2.4. Spatio-temporal GLMM 

The spatio-temporal modelling approach used herein was adapted from the R package 

VAST (version 3.2.2 of the VAST R package) (https://github.com/James-Thorson-

NOAA/VAST) developed by Thorson et al. (2015). By default, VAST implements a delta-

generalized linear mixed modelling framework, where the probability distribution for the 
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catch is decomposed into two components representing the probability of encounter and 

the expected catch rate, given that catch occurs (Thorson, 2019). This study only included 

the positive catch rate (i.e., observed CPUE) component because the Pacific saury dataset 

did not contain zero CPUE data. This model structure is possible in VAST by specifying 

the user-controlled vector for observation models as ObsModel = 1 (the distribution for 

positive catch rates is lognormal) and 3 (the encounter probability equals 1 for any year) in 

VAST and by turning off all model structure associated with the probability of encounter 

component (e.g., FieldConfig = c(“Omega1”= 0, “Epsilon1”= 0, “Omega2”= 1, 

“Epsilon2”= 1) & OverdispersionConfig = c(“Eta1”= 0, “Eta2”= 1)). The positive catch 

rate was approximated using a lognormal GLMM with a log-link function and linear 

predictors, which included Gaussian random fields to model the spatial and spatio-temporal 

effects. The assumption of using a log-transformed positive catch rate in VAST has been 

commonly used (e.g., Xu et al., 2019; Grüss et al., 2019; Sculley and Brodziak, 2020). 

Other positive continuous distributions such as the Gamma distribution could also be 

considered. 

VAST requires the specification of spatial knots (s), which are points used to 

estimate the correlations for spatial and spatio-temporal effects. This study specified 100 

spatial knots to approximate the spatial and spatio-temporal autocorrelated variations. This 

approach differs from the default configuration in VAST, where spatial knots are allocated 

with density proportional to the sampling intensity through a k-means algorithm (e.g., Xu 

et al., 2019; Grüss et al., 2019; Sculley and Brodziak, 2020). However, previous studies 

(e.g., Ducharme-Barth et al., 2022) have suggested that a uniform allocation of knots across 

a pre-defined spatial domain might be preferable over a proportional allocation based on 

fishing intensity using k-means. As a sensitivity, this study developed two standardized 

indices using both knot configurations (Figure S2.2). The trend observed between both 

knot configurations was similar, but the coefficients of variation (CVs) for the standardized 

indices derived from the uniform knot distribution were higher than those from the 

proportional knot distribution (Figure S2.3). Given the similarity of standardized indices, 

this study used the proportional knot distribution for the comparison to other spatial 

treatments in this study. Additionally, an exploratory analysis was conducted to confirm 

that the results remained qualitatively similar when using different numbers of spatial knots 
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(100, 150, and 200 knots). The logarithmic prediction of the standardized Pacific saury 

CPUE is described below: 

 

1

log( ) ( ) ( ) ( , ) ( ) ( ) ( , , )
=

= + + + +
jn

i i i i i i i i

j

p β t ω s ε s t δ v γ j X s t j                                                       (2.2) 

 

where p(i) is the predictor for observation i (metric tons/day), β(ti) is the intercept for year 

ti as a fixed effect and independent among years, ω(si) is the time-invariant spatial variation 

at location si (i.e., each of the 100 knots), and ε(si,ti) is the time-varying spatio-temporal 

variation for location si in year ti, and δ(vi) is the vessel effect as a mean-zero random effect 

with a standard deviation of one (Thorson, 2019). In addition, γ(j) is the jth catchability 

covariate X(si, ti, j) on location si in year ti  (i.e., the impact of SST on daily observed Pacific 

saury CPUE; Hashimoto et al., 2020), nj is the number of catchability covariates. The 

marginal likelihood of fixed effect parameters is calculated with Template Model Builder 

using the Laplace approximation to integrate across random effect parameters (Kristensen 

et al., 2016), and fixed effect parameters are then estimated by maximizing the marginal 

likelihood within the R computing environment (R Core Team, 2021). Convergence was 

checked by ensuring that the absolute value of the final gradient of the log-likelihood 

function at the maximum likelihood estimate was less than 0.001 for all parameters and 

that the Hessian matrix of the likelihood function was positive definite. 

 

2.2.5. Statistical performance  

The conditional R2 (Nakagawa and Schielzeth, 2013) and conditional AIC (Greven and 

Kneib, 2010) were calculated to evaluate the performance of five GLMMs applied to 

Pacific saury CPUE data. These models included the Ad hoc, Binary, Spatial 1, Spatial 

0.1 GLMMs, and VAST. To further compare model performance, repeated five-fold 

cross-validation was conducted (Winker et al., 2013; Shono, 2014). A stratified random 

sampling approach, using years as strata, was applied during cross-validation to maintain 

the dataset’s structure, as the year effect was a key variable. Within each year stratum, the 

data were randomly sampled without replacement. For each cross-validation iteration, 
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80% of the data served as “training data” to fit the model, while the remaining 20% was 

used as “testing data” to predict CPUE based on the covariate information. The statistical 

performance of the five GLMMs was assessed by averaging the explained deviances (R2) 

and Pearson’s correlation coefficients derived from the observed and predicted CPUE 

values in the testing data. To ensure robust evaluation, the five-fold cross-validation 

process was repeated 10 times. The average values of R2 and Pearson’s correlation 

coefficients across the 10 replicates were used to determine the overall performance of 

each GLMM. 

 

2.2.6. Standardized abundance indices  

Standardized abundance indices derived from spatially stratified GLMMs (Ad hoc, Binary, 

Spatial 1, and Spatial 0.1) were calculated in two steps. First, CPUE was predicted with 

fitted GLMMs for all combinations of years and areas. This study then used the mean of 

the assumed normal distribution of the year × spatial random effect (i.e., zero) to impute 

the missing year × spatial values to derive the standardized CPUE for each year and area 

(Campbell, 2015): 

 

( ),
ˆ exp = + +Area Year Year Area Year AreaCPUE β β β                                                                     (2.3)                                        

 

A bias-corrected estimate for the standardized CPUE in each year and area was 

calculated as ( )2

,
ˆ ˆexp 2+Area YearCPUE , where 2̂ is the estimated model standard 

deviation (residual standard error) (Maunder and Punt, 2004). In the second step, this study 

calculated the standardized abundance indices, with and without area weighting, and 

compared their difference(s) for each spatially stratified GLMM. The index without the 

area weighting was computed by using an equal weight for each area (i.e., arithmetic mean). 

The area-weighted index ( ˆ
YearCPUE ) was obtained by summing over all stratified areas 

within a year ( ,
ˆ

Area YearCPUE ) following Campbell (2015): 
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,

1

ˆ ˆ
sn

Year Area Area Year

Area

CPUE SA CPUE
=

=                                                                               (2.4) 

 

where n is the number of area strata (which differ among various area stratification 

approaches); SAArea is the proportion of the surface area for a given Area to the whole 

studied domain.   

Unlike the spatially stratified approaches, the explicit spatial correlation modelled 

in VAST was used to predict the Pacific saury density across all spatial cells in this study 

area. The standardized abundance index in year t across the studied area was described as 

follows: 

 

( )
1

ˆ ( ) ( ) exp ( ) ( ) ( , )
s

s

n

n

CPUE t SA s β t ω s ε s t
=

=  + +                                                              (2.5) 

 

where ns is the number of knots s; ( )β t is the year effect in t year; ( )ω s is the spatial effect 

at s knot; ( , )ε s t is the spatio-temporal effect at s knot in t year, and SA(s) is the surface 

area of the triangulated mesh associated with knot s. Annual relative abundance indices 

without area weighting were also calculated for VAST. The bias-correction estimator 

within VAST (Thorson and Kristensen, 2016) was employed to account for 

retransformation bias when predicting the abundance.  

Uncertainties about the annual relative abundance indices deriving from the three 

spatially stratified GLMMs were estimated based on the method used by Campbell (2015; 

see section 2.2.6 for details). For VAST, the uncertainty of the predicted index was 

computed using a generalization of the delta method (Thorson et al., 2015; Thorson and 

Barnett, 2017). Each of the standardized abundance indices was then normalized to its 

mean value over the studied period (1994 - 2019). This normalization step allows for easier 

comparison across the different models and ensures that the indices are on the same scale. 

Normalizing to the mean period helps to highlight trends and variations over time, 
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regardless of absolute magnitude, making it easier to detect patterns and assess the relative 

abundance of Pacific saury over the study period (Winker et al., 2013; Kai et al., 2017). 

 

2.2.7. Quantifying the influence of explanatory variables  

To quantify the influence of each explanatory variable on the difference between 

standardized CPUE and the unstandardized arithmetic mean of observed CPUE for each 

year, we applied the influence analysis method outlined by Bentley et al. (2012). This 

approach calculates the annual influence of an explanatory variable by combining the 

model coefficients with changes in the distribution of CPUE data over time, as visualized 

in the Coefficient Distribution-Influence (CDI) plot (Bentley et al., 2012). 

To calculate such a measure of influence, the normalized coefficient associated 

with an explanatory variable (ρ) was calculated as: 

 

1=

=
n

i

i

ρ α n                                                                                                                   (2.6) 

 

where αi is the estimated coefficient of a variable (factor) corresponding to 

observation i, and n is the number of CPUE observations. Then, the annual influence 

value for a variable in year y (AIy) was the exponentiation of the mean difference 

between the coefficients corresponding to all observations in that year and the 

normalized coefficient for a multiplicative GLMM (since the log-link function was 

used, i.e., AIy = exp(δy)): 
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                                                                                                         (2.7) 

 

where ny is the number of observations in year y. If the AIy value for a variable is larger 

than one, it implies that adding this variable to the model will make the standardized CPUE 
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less than the unstandardized CPUE in year y. Conversely, an AIy value less than one 

indicates that adding the variable will make the standardized CPUE higher than the 

unstandardized CPUE in year y. If AIy equals one, the variable has no impact on the 

difference between unstandardized and standardized CPUE in year y.  

The overall influence metric of a variable across all years ( AI ) was calculated as: 

 

1
exp 1

=

=
 
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 


y m

yy
δ

AI
m

                                                                                                   (2.8) 

 

where m is the number of years. 

The CDI plot, first introduced by Bentley et al. (2012), integrates information on 

normalized coefficient values, changes in the data record’s distribution, and the resulting 

AI values into a single visualization (see Figure 2.4 for an example). Specifically, the top 

panel of the CDI plot displays the normalized coefficients for a variable along with their 

standard errors. The bottom-left panel uses bubbles to represent the annual distribution of 

data records across levels of the variable, while the bottom-right panel shows the AI values 

for the variable over time. When extending the CDI plot to VAST, this study grouped the 

100 spatial knots into 20 “grouped” knots based on their coefficients, arranged from low 

to high, to simplify the visualization of the spatial random effect's data distribution and 

coefficients. A CDI plot was then generated for these grouped knots. Since knots with 

similar coefficients correspond to spatial areas with similar levels of predicted abundance, 

this grouping enabled the identification of index changes driven by shifts in sampling effort 

between areas of high or low estimated abundance. Additionally, exploratory analysis 

revealed that spatial knots within the same group were generally located close to each other 

geographically.  

Although the year × spatial interaction was modeled as a random effect (i.e., 

assumed to be normally distributed with a mean of zero), its influence could still be 

assessed by analyzing patterns in the coefficients that deviate from their overall average. 

To better understand the information captured by the year × spatial interaction coefficients 
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across years, we adapted the CDI plot method of Bentley et al. (2012). Specifically, we 

visualized the normalized coefficients of the year × spatial interaction (represented as solid, 

colored circles in the top panel) by area. The AIy value for the year × spatial interaction in 

year y (displayed in the bottom-right panel) was calculated in the same manner as for a 

factor variable. For the spatio-temporal effect in VAST, the CDI plot also utilized 20 

grouped knots, simplifying the visualization while retaining spatial resolution. This 

approach allowed for a clearer examination of the interaction’s contributions to variability 

in CPUE across both time and space. In this study, influence analysis was applied solely to 

explain the difference between the standardized index without area weighting and the 

unstandardized index. This limitation was due to the fact that the area-weighting process 

operates independently of the estimated coefficients and the distributional changes in 

CPUE observations over time. 

 

2.2.8. Evaluation using simulated data   

Simulation testing is a powerful tool for evaluating the performance of CPUE 

standardization methods (Ono et al., 2015; Grüss et al., 2019; Ducharme-Barth et al., 2022). 

The key advantage of this approach is that the simulated abundance trends are known, 

allowing the standardization methods to be tested based on their ability to accurately 

predict “true” abundance trends. However, abundance indices derived from fishery-

dependent CPUE data are prone to bias due to the non-random nature of fisheries’ spatial 

distributions - a phenomenon known as “preferential sampling” (Clark and Mangel, 1979; 

Rose and Leggett, 1991; Rose and Kulka, 1999; Swain and Sinclair, 1994). 

To address this, this study developed a simulation framework incorporating two 

spatial sampling scenarios - random and preferential spatial sampling patterns - to evaluate 

which spatial treatments could effectively account for spatial heterogeneity in the data and 

produce unbiased results relative to the true value. Simulated Pacific saury data, reflecting 

conditions in the Northwestern Pacific Ocean, were generated and analyzed using both 

spatially stratified GLMMs (i.e., Ad hoc, Binary, and Spatial clustering approaches) and 

VAST. The models were fit to the simulated CPUE data under the two sampling scenarios: 

(i) random spatial sampling and (ii) preferential spatial sampling. The resulting total 
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abundance estimates were then compared with the true abundance values to assess model 

performance. 

(i) Sampling patterns  

The spatial domain of the simulation covered the spatial extent of the fishing ground 

for Pacific saury from 140 − 170°E and from 35 − 50°N (Hsu et al., 2021). Following the 

approach by Thorson et al. (2015), true biomass was simulated by fitting a VAST model 

without effects of vessel and sea surface temperature to generate a base biomass 

distribution of Pacific saury B(s,t) (metric tons/day) from 1997 to 2019, where s denotes a 

cell of 0.25° spatial resolution (7,023 cells in the spatial domain) and t denotes the yearly 

time step (illustrated in Figure S2.4a). The biomass summed across all 0.25° spatial cells 

over the whole spatial domain for the year t was referred to as the “true” index (Tt). For 

each of the different spatial sampling patterns (i.e., random and preferential sampling; 

Figure S2.4b-c), observation error η was incorporated to produce the “observed” data 

ˆ( , )d s t  at each spatial cell s and year t: 

 

ˆ( , ) ( , )=  ηd s t B s t e                                                                                                            (2.9) 

~ (0,0.2)η Normal                                                                                                          (2.10) 

 

In the random sampling pattern, each spatial cell s had an equal probability of being 

selected, regardless of the underlying Pacific saury density distribution. In contrast, the 

preferential sampling pattern followed the principle that fishers are more likely to fish in 

areas with higher fish densities (Allen and McGlade, 1986; Hilborn and Walters, 1987). 

For both the random and preferential sampling scenarios, 300 spatial cells were sampled 

per time step, with replacement. Exploratory analysis confirmed that a total of 300 

observations was sufficient to recover the “true” abundance index under the random 

sampling pattern. For the preferential sampling pattern, however, the probability of 

selecting a spatial cell s (Ppref,s) in a given year was proportional to the simulated fish 

density (Ducharme-Barth et al., 2022): 
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where the probability exponent φ controls the magnitude of preferential sampling. When φ 

= 0 all spatial cells have an equal probability of being sampled (e.g., random sampling). 

This study set φ = 8 to impose a very strong degree of preferential sampling (extreme 

preferential sampling, Ducharme-Barth et al., 2022). Both fishing effort sampling patterns 

were simulated 40 times, resulting in a total of 80 datasets that were used to estimate 

abundance indices. It should be noted that the defined area strata in the Binary and Spatial 

clustering approaches and knot configurations in VAST would differ slightly among 

simulation runs since the simulated data varied with each iteration. 

(ii) CPUE standardization and performance evaluation 

Model performance in all simulations was evaluated relative to the “true” index. 

Prior to assessing model performance, each of the derived indices with area weighting 

(both estimated and true indices) was rescaled to a mean of 1 by dividing by its overall 

mean, respectively. Model performance was assessed based on three metrics: (1) the 

relative error metric in year y (REy); (2) the root mean squared error (RMSE) and (3) the 

bias metric described below. 

The relative error in each year was calculated as (Ono et al., 2015):  

 

ˆ( )y y
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=                                                                                                                 (2.12) 

 

where ˆ
yI and Ty  are the estimated and true indices in year y. 

The measurement of model error was calculated as below (Stow et al., 2009; 

Ducharme-Barth et al., 2022): 
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where n is the number of years. A higher RMSE represents a greater error in the estimated 

index of abundance.  

The bias metric we considered was the coefficient β of the following the linear 

model (Thorson et al., 2015; Grüss et al., 2019; Ducharme-Barth et al., 2022): 

 

ˆ = +  +y y yI α β T ε                                                                                                          (2.14) 

2~ (0, )y εε Normal σ                                                                                                          (2.15)                                                                                              

 

where α is the intercept, and β is the slope parameter from a linear model between the true 

index Ty and the estimated index of abundance ˆ
y

I . A β of 1 is indicative that changes in the 

true index are reflected accurately by the estimated index (i.e., unbiased), while a β greater 

than 1 (lower than 1) indicates that ˆ
y

I underestimates (overestimates) changes in the true 

index (Wilberg et al., 2010; Thorson et al., 2015). This study also examined if the best 

model selected by conditional AIC and conditional R2 in the simulation test could provide 

the least biased representation of the true index pattern.  

 

2.3. Results 

2.3.1. Area stratifications and knots configuration 

The geographic boundaries and variability of observed CPUE for the area strata, as 

determined by the area stratification approaches, are shown in Figure 2.1. The studied area 

was divided into four strata by both the ad hoc method and the binary recursive algorithm 

(Figure 2.1a and c). The optimal number of clusters (i.e., five area strata) for the Spatial 1 

and Spatial 0.1 approaches was determined using the inflection point in the change of AIC 

values (results not shown). The area strata in the Spatial 1 approach were less patchy 
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compared to those in the Spatial 0.1 approach, which was due to the greater emphasis on 

spatial proximity relative to the observed CPUE differences (Figure 2.1e and h). For each 

area stratification approach, the mean observed CPUE across the strata differed 

significantly (ANOVA test, p < 0.001) (Figure 2.1b, d, f, and g). In the VAST model, the 

100 spatial knots were distributed in proportion to the density of observations, resulting in 

fewer knots at the periphery of the spatial domain. Model convergence was confirmed as 

the Hessian matrix was positive definite and the maximum gradient component was smaller 

than 0.001. Most of the higher observed CPUE values were found in areas where more 

spatial knots were distributed (Figure 2.1i). This outcome was expected, given the decision 

to allocate spatial knots based on the density of fishery-dependent samples, and suggests 

that preferential sampling may be present in the Pacific saury data. 

 

2.3.2. Comparison of the statistical performance  

All explanatory variables considered in the GLMMs were statistically significant 

(likelihood-ratio test, p < 0.005) (Table S2.1). The year × spatial random-effect 

coefficients for each GLMM have been assessed to follow a normal distribution (Shapiro-

Wilk test; p > 0.05). In general, the VAST model demonstrated higher conditional R2 and 

lower conditional AIC values than the spatially stratified GLMMs (Table 2.1). 

Additionally, results from the testing data in the five-fold cross-validation showed that 

VAST achieved the highest mean values for deviance explained (mean conditional R2 = 

65%) and Pearson’s correlation coefficient (mean ρ = 0.54) compared to the other GLMMs 

(Table 2.1). Overall, VAST outperformed the other models, providing the best fit to the 

data, while the Ad hoc GLMM performed the poorest. Aside from VAST, the two spatial 

clustering GLMMs also performed better than the other spatially stratified models, based 

on both the goodness-of-fit and five-fold cross-validation results (Table 2.1). 

 

2.3.3. Trends in nominal and standardized indices 

Trends in nominal and standardized indices for Pacific saury without area-weighting 

illustrated large fluctuations (Figure 2.2a). The annual trends of nominal and standardized 

CPUE were generally consistent from 1997 to 2008, with the exception of the Binary 
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GLMM in 2000. From 2009 to 2014, both nominal and standardized CPUE showed an 

increasing trend, although the standardized CPUE displayed significant interannual 

variability. Both nominal and standardized CPUE showed a decreasing trend during 2015 

− 2019. The CVs of annual relative abundance indices derived from the Binary GLMM 

(0.23 − 0.33) and VAST (0.10 − 0.21) showed a decreasing temporal trend while the CVs 

from the other GLMMs were relatively stable in the late time period (Figure 2.2b). 

The area-weighted abundance indices calculated from all GLMMs displayed less 

variation than the indices without area weighting. This study compared the derived 

abundance indices with and without the area-weighting approach from the spatially 

stratified GLMMs (Figure S2.5). For the Ad hoc and Spatial 1 GLMMs, each area strata 

had a similar surface area (i.e., similar spatial weighting) which caused the derived 

weighted standardized abundance indices to be very similar to the un-weighted indices 

(Figure S2.6a, and c). However, the abundance indices derived from the Binary and Spatial 

0.1 GLMMs received more weighting from Area III and Area IV, respectively, leading to 

slight divergences between the weighted and unweighted standardized abundance indices 

(Figure S2.6b and d). 

 

2.3.4. Influence of explanatory variables on annual relative abundance indices  

The AI plots of the GLMMs, which illustrate the influence of each variable on the 

differences between standardized and unstandardized CPUE, are shown in Figure 2.3. AI 

values for the spatial and year × spatial effects varied across the five GLMMs, while the 

AI values for the vessel and quadratic SST effects exhibited consistent trends among the 

models. This outcome highlights the importance of spatial treatment in the GLMMs (for 

example, see Figure 2.2a). The substantial discrepancy between annual relative abundance 

indices compared to the unstandardized CPUE during 2009 − 2014 could be explained by 

the larger variation of the AI values for the year × spatial effect (0.81 − 1.45) and the 

increasing AI values of the vessel effect (0.94 − 1.10) over the time period. The influence 

of vessel effect showed an obvious increasing trend in recent years (Figure 2.3). Higher 

AI values for the vessel effect (1.15 − 1.27) compared to the spatial and year × spatial 
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effects (spatio-temporal effect) (0.80 − 1.24) during 2015 − 2019 led to the annual 

standardized CPUE being lower than the unstandardized CPUE. 

Overall, the influence of each variable indicated that the spatial, year × spatial 

interaction, and vessel effects had greater overall influence on the annual relative 

abundance indices than the quadratic SST effect (the overall influence of SST was nearly 

one) (Table 2.2). Although the spatial and vessel effects exhibited greater explanatory 

power (conditional R2) than the year × spatial effect in the spatially stratified GLMMs, 

their influence on the difference between standardized and unstandardized CPUE was less 

than that of the year × spatial effect. This suggests that a variable with higher explanatory 

power (e.g., spatial and vessel effects) does not necessarily have a greater influence on the 

difference between standardized and unstandardized CPUE. 

 

2.3.5. Exploration of the spatial treatments in influencing annual relative abundance 

indices 

The composite CDI plots of the spatial effects for spatially stratified GLMMs are shown 

in Figure 2.4, while the spatial random effect for VAST is depicted in Figure 2.5. The AI 

values of the spatial effects for the spatially stratified GLMMs were greater than one 

(vertical line in the bottom-right panel of Figure 2.4) before 2000, except for the Spatial 

0.1 GLMM. This was because a larger proportion of the data was distributed in area strata 

(Area I for Ad hoc, Area III for Binary, and Area I for Spatial 1) with coefficients (spatial 

effects) larger than one (horizontal line in the top panel of Figure 2.4). In contrast, for the 

Spatial 0.1 GLMM, a higher proportion of the data was concentrated in Area I, which had 

a coefficient lower than one, resulting in AI values of the spatial effect being below one 

from 1998 to 2000. During 2006 - 2014, the data were uniformly distributed across all area 

strata for all spatially stratified GLMMs, and as a result, the AI values of the spatial effect 

remained stable around one. Since 2015, the AI values of the spatial effect were 

consistently below one for all spatially stratified GLMMs, as a larger proportion of data 

shifted to area strata with smaller coefficients (Area IV for Ad hoc, Area II for Binary, 

Area V for Spatial 1, and Areas II and V for Spatial 0.1). For the VAST model, the AI 

values of the spatial random effect were above one before 2004, as a greater proportion of 
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the data was distributed in grouped knots (knots 17 − 20) with coefficients larger than one 

(Figure 2.5).  

The composite CDI plot of the year × spatial effect for spatially stratified GLMMs 

is shown in Figure 2.6. A substantially higher AI value for the year × spatial effect was 

observed in 2000 for the Binary GLMM and in 2006 for all spatially stratified GLMMs, 

respectively. This was due to a greater proportion of data being distributed in Area III with 

a high coefficient (3.30) in 2000 for the Binary GLMM and in Areas III, II, IV, and V in 

2006 for the Ad hoc (2.33), Binary (3.95), Spatial 1 (2.30), and Spatial 0.1 (1.63) GLMM, 

respectively. The CDI plot of the spatio-temporal effect for the VAST model is shown in 

Figure 2.7. Higher AI values were observed in 2006 and 2007 for VAST, as the 

coefficients were generally higher for those years. A lower AI value was also observed in 

2015, resulting from a higher proportion of the data shifting to the grouped knots 1－3 with 

lower coefficients. 

 

2.3.6. Results of simulation test 

Relative errors (REs) from the simulation results indicated that the VAST model produced 

relative abundance indices that closely matched the “true” index (REs fluctuated around 

zero overtime without an apparent trend) for both sampling scenarios compared to other 

GLMMs (Figure 2.8). VAST also exhibited the lowest mean RMSE and the least bias (i.e., 

close to one) under both random and preferential sampling scenarios (Figure 2.9). In 

contrast, the Ad hoc and Binary GLMMs generally exhibited larger REs over time 

(exceeding or nearing ± 20%) (Figure 2.8a), higher mean RMSE values (0.14 and 0.13), 

and less accurate estimates of the relative abundance index (mean bias = 1.02 and 0.97), 

compared to the other approaches under the random sampling scenario (Figure 2.9a). 

Notably, the Spatial 1 and 0.1 GLMMs generally performed similarly to VAST under the 

random sampling scenario. However, the Spatial 0.1 GLMM displayed a temporal trend in 

REs with considerable variation (Figure 2.8i), the largest model error (mean RMSE = 0.18), 

and the highest bias (overestimation; mean bias = 0.89) compared to other GLMMs under 

the preferential sampling scenario (Figure 2.9b). Overall, all GLMMs exhibited higher 

model errors (i.e., larger mean RMSE) under the preferential sampling scenario compared 
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to the random sampling, though a pattern of larger mean bias was not observed (although 

the standard deviation of bias increased) (Figure 2.9).  

 The model selection criteria (i.e., conditional R2 and conditional AIC) evaluated 

from the simulation results, along with RMSE and bias, consistently showed that VAST 

was the best model under both sampling scenarios (Figure S2.7). However, under the 

preferential sampling scenario, the Spatial 0.1 GLMM had a greater value for the 

conditional R2 and a lower conditional AIC value than the Ad hoc and Binary GLMMs 

(Figure S2.7b). It was also the most inaccurate and biased representation of the true index 

based on the simulation results of RE, RMSE, and bias metrics. This suggests that model 

selection criteria did not consistently align with the model performance in fitting the true 

index. 

 

2.4. Discussion 

This study employed an influence analysis to assess the standardization effects of 

explanatory variables included in the five GLMMs using Pacific saury fishery data. A key 

finding was the growing influence of the vessel effect observed in recent years, which 

suggests a temporal shift in catchability within the Taiwanese stick-held dip net fishery. 

Since catchability often fluctuates over time in many fisheries (Wilberg et al., 2010), failing 

to account for such variations in CPUE standardization could lead to errors, including 

overestimating the Pacific saury abundance index in more recent years. Additionally, this 

study extended the original influ package to accommodate the interaction between year × 

spatial effects in spatially stratified GLMMs, as well as the spatio-temporal effects in the 

spatio-temporal model (VAST). The year × spatial or spatio-temporal interaction was 

identified as the most influential effect, with large coefficients and substantial interannual 

variation. This led to significant fluctuations in the annual abundance index (AI) values, as 

shown in the influence plots. Notably, the year × spatial interaction in the spatially stratified 

GLMMs exhibited substantial AI values for the years 2000 and 2006 (Figure 2.3b). These 

spikes in influence suggest that the spatial structure assumed for those years may have been 

mis-specified, resulting in extreme estimated coefficients and potentially biased results for 

those years. This underscores the importance of carefully evaluating spatial assumptions 
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and their impact on CPUE standardization models, particularly in years where model 

performance may be compromised. 

The results of this study also indicated that the variable with the greatest 

explanatory power in terms of deviance explained (such as the vessel or area variable in 

the Pacific saury example) did not necessarily have the most significant influence on the 

difference between unstandardized and standardized CPUE. Overall, we conclude that the 

difference between standardized and unstandardized CPUE in the Pacific saury fishery can 

primarily be attributed to modeled changes in fishing locations or shifts in fish distribution 

over time (Hashimoto et al., 2020; Hsu et al., 2021). Additionally, there was evidence of a 

shift in the fleet toward more efficient vessels, as reflected in the influence plot and overall 

influence metric for the vessel variable. This study highlighted the extended influence 

analysis, particularly the application to spatial and year × spatial interaction effects (spatio-

temporal effects in VAST), as an effective tool for evaluating whether the spatial structure 

assumed in the model can capture patterns in the spatial heterogeneity of the CPUE data 

and identify spatial shifts over time under preferential sampling. 

In the real-world application using Pacific saury fishery data, VAST demonstrated 

superior performance compared to other GLMMs in terms of conditional AIC values, 

deviance explained (as measured by conditional R2), and results from five-fold cross-

validation (mean conditional R2 and Pearson’s correlation coefficient). Additionally, under 

both random and preferential sampling scenarios, VAST showed better performance, with 

lower model error (the smallest RMSE) and bias (bias value close to one) compared to the 

other spatially stratified GLMMs. This is due to VAST’s ability to efficiently model how 

fish density varies continuously across space (Kristensen et al., 2014) and describe 

temporal patterns in density distribution (unexplained variability; Thorson and Barnett, 

2017; Hsu et al., 2021; Han et al., 2022) through spatial and spatio-temporal random effects, 

implemented using a stochastic partial differential equation approach (Lindgren et al., 

2011). 

This study concluded that a spatio-temporal model, such as the one used in VAST, 

more effectively captures the spatial heterogeneity of CPUE data, as shown by the 

simulation results. Moreover, VAST proved to be more robust to deviations from random 
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sampling than the other GLMMs used in this study. Similar findings from Kai (2019) on 

pelagic sharks also indicated that including spatio-temporal random effects in a model 

minimizes residual variability, and that a GLMM with spatial random effects performs 

better than models with fixed spatial effects. Furthermore, VAST offers a more direct 

approach for conventional CPUE analysis because it does not require pre-defined area 

stratification. This study also contributes to a growing body of literature suggesting that 

spatio-temporal approaches like VAST are more statistically efficient (i.e., they provide 

greater precision with a given amount of data; Figure 2.2b) compared to spatially stratified 

models (Thorson et al., 2015; Kai, 2019; Grüss et al., 2019; Zhou et al., 2019). 

The ad hoc GLMM showed the poorest performance among the spatially stratified 

GLMMs in terms of conditional R2, conditional AIC, and five-fold cross-validation results 

for the Pacific saury fishery data. This study suggests that the use of four area strata, 

separated in an ad hoc manner based on bathymetric contours, may not adequately capture 

the spatial heterogeneity of Pacific saury density. This conclusion was supported by the 

simulation results, which demonstrated that the Ad hoc GLMM consistently had higher 

model errors in index estimation compared to the Binary and Spatial 1 approaches, 

regardless of the sampling patterns. Given that many CPUE standardization analyses use 

an ad hoc approach (e.g., Nakano, 1998; Haltuch et al., 2013), the study emphasizes the 

need for caution when employing such methods. However, it's worth noting that alternative 

ad hoc spatial structures (e.g., 5° × 5° grid) exist, and the effectiveness of these methods 

should be evaluated in the context of the findings from this study in future work. 

The binary recursive algorithm, which uses AIC to guide area stratification, was 

found to be an objective method for defining area strata. However, the simulation results 

indicated that the Binary GLMM generally performed poorly in index estimation, with 

larger RMSE and bias. This could be due to the inherent limitations of the binary 

partitioning approach, which constrains the area strata to rectangular shapes. In contrast, 

the distribution of fish density is typically irregular and not structured in rectangular 

patterns. Among the other approaches evaluated, the Spatial 0.1 and Spatial 1 GLMMs 

demonstrated better performance with higher conditional R2 and lower conditional AIC 

compared to the Binary GLMM when applied to Pacific saury fishery data (Table 2.1). 
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The simulation results showed that these spatial clustering approaches performed well 

under the random sampling scenario. Spatial clustering, which creates more flexible area 

strata based on the similarity of average CPUE and spatial proximity, was better able to 

reflect the patchy nature of Pacific saury habitats, which are often associated with features 

like eddies and SST fronts (Kuroda and Yokouchi, 2017; Ichii et al., 2018). However, the 

study noted that the Spatial 0.1 GLMM, which is highly density-weighted, exhibited the 

largest model error and bias under the preferential sampling scenario. This suggests that 

while spatial clustering can capture habitat patchiness, it may struggle under conditions 

where preferential sampling biases the data. Additionally, a simulation study by Ono et al. 

(2015) highlighted that the Spatial 0.1 approach may perform poorly when there is a 

directional change in fishing grounds over time. This is relevant to the Pacific saury fishery, 

where studies by Hashimoto et al. (2020) and Hsu et al. (2021) observed a slight eastward 

shift in the centroid of fishing grounds, likely driven by changes in fish distribution.  

This study highlights the inconsistencies between the model selection criteria 

(conditional R2 and conditional AIC) and the simulation results for the Spatial 0.1 approach, 

which suggests that model selection criteria may not always lead to the most unbiased 

abundance index. This reinforces the importance of using simulation testing in evaluating 

CPUE standardization methods, as emphasized by previous studies (Ono et al., 2015; Grüss 

et al., 2019; Ducharme-Barth et al., 2022). Simulation testing provides an additional layer 

of validation and ensures that models perform well under real-world conditions, especially 

when spatial-temporal dynamics or preferential sampling are involved. Based on the 

findings, the study recommends caution in using the highly density-weighted Spatial 0.1 

approach in situations where there is a non-random spatiotemporal distribution of fishers 

relative to fish populations, or when fish distributions shift over time. The Spatial 1 

approach, in contrast, was identified as a reasonable alternative when a spatio-temporal 

analysis cannot be conducted. The flexibility of spatial clustering in the Spatial 1 model 

allows it to better capture the spatial heterogeneity of the Pacific saury fishery data. 

The study also examined the sensitivity of the VAST model’s spatial knot structure, 

where knots were allocated spatially using a k-means algorithm in proportion to sampling 

intensity. While this did not meaningfully affect the mean index, it did impact the 



doi:10.6342/NTU202500253

54 
 

associated uncertainty estimates, with uniform knot distribution leading to larger CVs. The 

increased uncertainty associated with uniform knot allocation may be a desirable feature 

when the spatial domain is appropriately specified to match the distribution of the 

population. However, if the spatial domain is mis-specified (e.g., too broad), this increased 

uncertainty may be misleading. Prior studies (Grüss et al., 2019; Ducharme-Barth et al., 

2022) suggested that a uniform allocation of knots may improve index estimation when 

applied to spatially-imbalanced data, such as fishery-dependent data. Given the potential 

impact of different knot configurations on uncertainty estimates and index accuracy, the 

study recommends that future research explore the effect of various knot allocation 

strategies in VAST. Investigating this aspect would contribute to further improving the 

model’s performance, particularly in cases where sampling is not evenly distributed across 

space. 

This study highlights an important limitation in the Taiwanese stick-held dip net 

logbook data, namely the absence of zero catch values, which is a consequence of fishers 

using fishing lamps to attract Pacific saury schools. The absence of zero catch data, along 

with the issues related to effort definition (hauls vs. days), can lead to hyperstability in the 

CPUE standardization. Hyperstability, a phenomenon where standardized CPUE remains 

high even as abundance declines, can result in overestimating biomass and underestimating 

fishing mortality. This could be especially problematic for stock assessments and fisheries 

management, as it may lead to inaccurate conclusions about fishery health (Hilborn and 

Walters, 1992; Crecco and Overholtz, 1990). The study suggests that the random vessel 

effect currently included in the models may implicitly capture some of the differences in 

fishing power across vessels, but it is unlikely to fully account for temporal changes in the 

fishing power of individual vessels. Temporal changes in fishing power, particularly those 

influenced by the number or power of fishing lamps, are crucial for more accurate CPUE 

standardization. This information could be better incorporated into the logbook data to 

improve the accuracy of CPUE models. This study strongly encourages the collection of 

key catchability data - such as the number and/or power of fishing lamps - so that this can 

be explicitly included in future CPUE standardization efforts.  
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Moreover, this study recommends that future research explore the impact of 

different treatments for the vessel random effect, such as the inclusion of random covariates 

in spatially stratified GLMMs or the use of mean-zero random effects with a standard 

deviation of one in VAST (Xu et al., 2019; Ducharme-Barth et al., 2022). Although the 

influence analysis in this study suggests that the impact on the mean index is likely similar 

for these treatments, a more detailed exploration would provide valuable insights into 

optimizing the vessel random effect treatment for improved model performance. 

 

2.5. Conclusions 

This study underscores the importance of CPUE standardization for effective stock 

assessment, particularly for the Pacific saury fishery, where fishery-dependent CPUE data 

is often used to evaluate stock status. The findings of this study, along with the simulation 

experiment, contribute to a broader understanding of how spatial treatments within a 

GLMM framework can impact CPUE index estimation. Specifically, this study suggests 

that explicitly modeling spatial autocorrelation using Gaussian Markov random fields 

(GMRFs) in a spatio-temporal framework, such as VAST, provides a more accurate 

representation of the spatial heterogeneity present in CPUE data. This approach is seen as 

superior to traditional area stratifications, which can misinterpret fish density distributions 

when they rely on ad hoc or fixed grid patterns.  

The simulation results highlighted that while spatial clustering approaches, 

particularly the highly flexible Spatial 0.1 treatment, can define spatial strata with great 

flexibility, they may result in substantial errors and biases when fishing activity is non-

random and non-stationary relative to fish distribution. A less extreme approach, such as 

Spatial 1, offers a reasonable alternative when spatio-temporal modeling is not feasible. In 

addition to focusing on the resulting abundance indices, this study also emphasizes the 

importance of examining how explanatory variables impact the standardized CPUE index. 

The influence analysis, extended to the spatio-temporal framework of VAST and including 

diagnostics for the year × spatial interaction term, provided valuable insights into model 

components and their effects on CPUE standardization. This methodology represents an 
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innovative tool for evaluating CPUE models, offering a more comprehensive 

understanding of the underlying data and assumptions. 

Ultimately, the methodologies and tools presented in this study have broader 

applicability to other fisheries with similar data structures. By emphasizing the value of 

spatially explicit modeling and influence diagnostics, this study contributes to a growing 

body of research on improving CPUE standardization, and its findings should be 

considered valuable in future stock assessments across diverse fisheries. The study 

positions the spatio-temporal framework and associated tools as essential elements of 

modern CPUE standardization analyses.
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3. Chapter 3 − Investigating the drivers of spatial distribution shifts by using spatio-

temporal modelling approach 

 

Abstract 

Pacific saury (Cololabis saira) is both a significant fisheries resource and an ecologically 

important species in the Northwestern Pacific Ocean. While evidence suggests that its 

distribution is influenced by environmental variability, the relative contributions of 

environmental factors versus unmodeled spatiotemporal processes remain unexplored. To 

address this, fisheries data from members of the North Pacific Fisheries Commission were 

analyzed using a geostatistical modeling approach to examine interannual changes in the 

spatiotemporal distribution of Pacific saury during the fishing season (May − December) 

from 2001 to 2017. The study aimed to assess the influence of local environmental 

variables (e.g., sea surface temperatures), regional variables (e.g., Southern Oscillation 

Index), and unmodeled spatiotemporal variables (e.g., species interactions). The results 

revealed an eastward shift in the centroid of Pacific saury’s distribution after 2013, with a 

further shift and a decline in relative abundance by 2017. Interestingly, no single local or 

regional environmental variable, nor any combination of these, could fully explain this 

distributional shift. Instead, the shift was primarily attributed to unmodeled spatiotemporal 

factors. This highlights the need for further research to quantitatively understand the 

underlying mechanisms driving these changes. While environmental data will become 

more widely available in the future, this study cautions that before projecting Pacific 

saury’s distribution in the context of climate change or other environmental factors, it is 

essential to first assess whether the proposed driving variables adequately explain the 

variability observed in historical distribution data. 

 

Keywords: Pacific saury, spatiotemporal modelling approach, spatiotemporal dynamics, 

distribution shift, stick-held dip net fisheries 
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3.1. Introduction 

Pacific saury (Cololabis saira) is a small, migratory pelagic fish that is widely distributed 

across the vast expanses of the Northwestern Pacific Ocean (Fukushima, 1979). This 

species is of significant commercial value in the region, primarily harvested by stick-held 

dip net fisheries. Since 2015, Pacific saury has been managed on an international level by 

the NPFC, an intergovernmental organization dedicated to ensuring the sustainable 

exploitation of the resource. Offshore fishing vessels from Japan and Russia mainly operate 

within their respective exclusive economic zones, while distant-water vessels from China, 

Korea, and Taiwan predominantly fish in the high seas west of 165°E in the Northwestern 

Pacific Ocean. 

Factors that may influence the distribution of Pacific saury have attracted 

considerable scientific and practical interest, as expected given its international commercial 

importance. The life span of Pacific saury has been estimated to be 2 years (Suyama et al., 

2006). During this short life span, the population exhibits migrations between the 

subtropical and subarctic zones (Fukushima, 1979; Suyama et al., 2012; Miyamoto et al., 

2019), and its spatial distribution appears to be affected by environmental variability in the 

Northwestern Pacific Ocean (Tseng et al., 2013; Chang et al., 2019; Hua et al., 2020). The 

specific local environmental variables previously investigated for possible effects on 

Pacific saury abundance and distribution have included sea surface temperature (SST; 

Watanabe et al., 2003; Hashimoto et al., 2020), sea surface height (SSH; Kuroda and 

Yokouchi, 2017), sea surface salinity (Takasuka et al., 2014), chlorophyll‐a concentration 

(chl-a; Tseng et al., 2013) or net primary production (Chang et al., 2019), and sea surface 

temperature gradient (SSTG) (Hua et al., 2020). In addition, regional environmental and 

climatological variability (e.g., quantified by the NINO3.4 index [El Niño/Southern 

Oscillation indicator] and Pacific Decadal Oscillation, PDO) might also affect the 

distribution and density of Pacific saury (Tian et al., 2003, 2004; Chang et al., 2019). 

Although several studies have suggested the potential to forecast shifts of the Pacific saury 

distributions using local/regional environmental variables, these studies have not 

demostrated that such variables explain a substantial portion of historical distribution shifts. 

For example, Tseng et al. (2011) observed a noticeable poleward shift in potential Pacific 

saury habitats driven by increasing SST. Chang et al. (2019) proposed that the suitable 
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fishing grounds of Pacific saury could be predicted six months into the future by using a 

habitat suitability (HSI) model including local environmental variables such as SST, SSH, 

SSS, and NPP. Hua et al. (2020) reported that the SSTG could explain a substantial portion 

of the fish density variations and provide a way to forecast saury fishing grounds based on 

the weight-based HSI analysis. Despite these findings, while many studies have identified 

statistically significant relationships between environmental variables and fish density, the 

relative importance of each variable in explaining the spatial shifts of Pacific saury remains 

uncertain. 

The spatial distribution of Pacific saury is likely influenced by a variety of 

unmodeled spatiotemporal processes − factors that are either unobserved or challenging to 

observe. Previous research has suggested that changes in Pacific saury migration may be 

driven by fluctuations in prey abundance, particularly copepods (Neocalanus spp.), or by 

complex oceanographic conditions such as eddies and fronts formed by the mixing of the 

Kuroshio and Oyashio currents, which can trap Pacific saury’s prey (Tadokoro et al., 2005; 

Saitoh et al., 1986; Tseng et al., 2014). Furthermore, shifts in the distribution of Pacific 

saury may also be influenced by species interactions, such as competition or predation 

(Glaser, 2015; Ito et al., 2013). However, the impact of these unmodeled spatiotemporal 

processes on Pacific saury's shifting distribution remains largely unquantified. Recent 

studies have proposed that integrating simple species distribution models (SDMs) with 

geostatistical modeling approaches like VAST (i.e., Vector-Autoregressive Spatiotemporal; 

Thorson, 2019) could provide a more detailed understanding of these processes. This 

approach allows for the decomposition of sampling variation into biologically meaningful 

components, leading to more precise and accurate predictions of species abundance and 

distribution than traditional SDMs (e.g., Shelton et al., 2014; Thorson et al., 2015). 

Specifically, VAST accounts for both environmental factors and unmodeled 

spatiotemporal processes - such as species interactions, complex oceanographic conditions, 

and fishery harvest − when estimating species abundance and distribution, offering a more 

comprehensive treatment of spatiotemporal variation compared to conventional models. 

 

 



doi:10.6342/NTU202500253

60 
 

Given the promising capabilities of VAST for estimating species distributions and 

the growing need to understand the spatiotemporal dynamics of Pacific saury in the 

Northwestern Pacific Ocean, the objectives of this study were: (i) to assess the interannual 

spatiotemporal dynamics of Pacific saury during the fishing season (May − December) 

from 2001 to 2017 using VAST, based on data collected by the NPFC SSC, which provides 

the most comprehensive spatial-temporal coverage currently available; (ii) to quantify the 

extent of the shift in Pacific saury’s spatial distribution over time; and (iii) to determine 

whether changes in Pacific saury’s spatial distribution can be attributed to local and/or 

regional environmental variables or to unmodeled spatiotemporal processes. 

 

3.2. Materials and methods 

3.2.1. Fishery and environmental data 

The study area covered the Northwestern Pacific Ocean between 35 − 50°N and 140 − 

170°E. Fishery data containing the catch (in metric tons) and effort (in operating days) of 

stick-held dip net fisheries from the members of NPFC (China, Japan, Korea, Russia, 

Taiwan, and Vanuatu) were collected in the fishing season (May to December) during 1994 

− 2017. The dataset was aggregated by year and month with a spatial resolution of 1°×1° 

in latitude and longitude. The data were selected from 2001 to 2017 to fully cover an 

extensive spatial range with consistent fishing effort distribution by all members of NPFC 

(Figure S3.1). This study assumes this dataset covers the main habitat of the Pacific saury 

stock exploited in the Northwestern Pacific Ocean during May and December in the studied 

period. This study also considered the local (e.g., SST) and regional environmental 

variables (i.e., SOI, and PDO indices) that have been most commonly used to examine 

possible effects on the density and distribution of Pacific saury (Tian et al., 2004; Chang 

et al., 2019; Hashimoto et al., 2020; Hua et al., 2020). Local environmental variables 

included SST (°C); SSH (m), and chl-a (in mg×m−3). These local monthly environmental 

data were obtained from the Asia-Pacific Data Research Center (APDRC) 

(http://apdrc.soest.hawaii.edu/data/data.php) and Copernicus Marine Environment 

Monitoring Service (CMEMS) Global ARMOR3D L4 Reprocessed dataset 

(http://marine.copernicus.eu/). The PDO and SOI during 2001 − 2017 were obtained from 

the NOAA National Climatic Data Center (NCDC) (https://www.ncdc.noaa.gov/).  

https://www.ncdc.noaa.gov/
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3.2.2. Spatiotemporal model structure 

VAST (version 12.2.0) was applied to fishery-dependent data (Xu et al., 2019; Sculley and 

Brodziak, 2020), represented as catch-per-unit-effort (CPUE; metric tons per operating day 

per square degree), to estimate the spatiotemporal dynamics of Pacific saury in the 

Northwestern Pacific Ocean. VAST is an R package that implements a spatiotemporal 

generalized linear mixed model (GLMM) framework, which is publicly available online 

(https://github.com/James-Thorson/VAST). The fishing activities analyzed in this study 

took place across more than 250 unique 1° × 1° spatial grids. For computational efficiency, 

the k-means method was employed to cluster all observed data into 100 spatial knots. It 

was assumed that both spatial and spatiotemporal random effects for a grid cell were 

derived from the closest knot in space. The predicted results were confirmed to be 

qualitatively similar regardless of the number of spatial knots within the spatial range. The 

knots were allocated spatially with a density proportional to the sampling intensity based 

on the observed data. The ensemble of knots, referred to as the mesh (Figure 3.1a), was 

used to approximate spatial and spatiotemporal variation, allowing the spatiotemporal 

models to predict density at unsampled locations using the correlations among knots 

(Shelton et al., 2014). After determining the locations of the 100 knots, they were fixed 

while model parameters were estimated. Subsequently, 0.1° × 0.1° grid cells were created 

as extrapolation grids to cover the entire area for predictions based on the fitted model 

(Figure 3.1b). 

VAST implements a delta-generalized linear mixed model framework, where the 

catch probability distribution is decomposed into two components: the probability of 

encounter and the expected catch rate, conditional on the occurrence of a catch (Thorson, 

2019). In this study, only the positive catch rate (i.e., observed CPUE) component was 

included, as Pacific saury schools are targeted by the stick-held dip net fisheries with a 

100% encounter rate, using fish finders and satellite sea surface temperature images. This 

decision was made by specifying the user-controlled vector for observation models as 

ObsModel = 1 (lognormal distribution for positive catch rates) and 3 (fixing the encounter 

probability to 1 for all years) (Thorson, 2019). 
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The predicted Pacific saury density (i.e., mass of fish in metric ton per day per 

square degree) was approximated using a spatiotemporal lognormal GLMM with a log-

linked linear predictor as follows: 

 

1 1
( ) ( ) ( ) ( , ) ( ) ( , , ) ( ) ( , )

= =
= + + + + 

j kn n

i i i i i ij k
p i β t ω s ε s t γ j X s t j λ k Q i k       (3.1) 

 

where p(i) is the predictor for observation i, β(ti) is the intercept for year ti as a fixed effect 

and independent among years, ω(si) is time-invariant spatial variation at knot si (i.e., each 

of the 100 knots), and ε(si,ti) is time-varying spatial-temporal variation for knot si in year ti 

(i.e., the interaction of spatial variation and time). In addition, (j) is the impact of the jth 

density covariate X(si, ti, j) on knot si in year ti, nj is the number of density covariates (in 

the full model, nj = 8), Q(i,k) is the catchability covariates that explain variation in 

catchability, λ(k) is the estimated impact of catchability covariates for this linear predictor, 

and nk  is the number of catchability covariates. In this study, the only catchability 

coefficient was a fleet dummy variable (i.e., nk = 1). 

The spatial and spatiotemporal variation are assumed to have correlations based on 

the distance from the knots; i.e., nearby densities are more similar than those that are remote. 

More specifically, spatial variation (ω) is modelled as a Gaussian random field (GRF), 

which reduces to a multivariate normal distribution (MVN) when evaluated at a finite set 

of knots (Thorson et al., 2015). The spatiotemporal random effect ε(,t) is fitted 

independently for each year and is also modelled as GRF:  

 

( )~ 0,Rωω MVN             (3.2a) 

( )(, ) ~ 0,Rεε t MVN                        (3.2b) 

where MVN is the multivariate normal distribution with expected value 0 for each knot; R  

is a covariance matrix for the random field. This study assumed the covariance between 

two knots s and s follow the Matérn correlation function:  
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( ) ( )( ), Maternω s s κ s s = −R H           (3.3a)

( ) ( )( ), Matern
tε

s s κ s s = −R H           (3.3b) 

 

where κ determines the rate at which decorrelation drops with increasing distance, and Η  

is a 2 × 2 linear transformation matrix representing geometric anisotropy (a condition 

where spatial correlation varies with both and distance and direction; see Thorson et al., 

2015). The marginal likelihood of fixed effect parameters is calculated with Template 

Model Builder using the Laplace approximation to integrate across random effect 

parameters (Kristensen et al., 2016), and fixed effect parameters are then estimated by 

maximizing the marginal likelihood within the R computing environment (R Core Team, 

2021). The standard errors of estimated parameters and model outputs were calculated 

using the generalization of the delta method. Convergence was verified by confirming that 

the absolute value of the final gradient of the log-likelihood function at the maximum 

likelihood estimate was below 0.0001 for all parameters, and by ensuring that the Hessian 

matrix of the likelihood function was positive definite. 

 

3.2.3. Density covariates 

Five density covariates were retained in the best (i.e., most parsimonious) model, which 

was selected through backward model selection using the Akaike Information Criterion 

(AIC) (Akaike, 1974) during the preliminary analyses. A variable was excluded from the 

model if its removal led to a lower AIC compared to the full model for each batch (Table 

S3.1): 

 

( ) ( ) ( ) ( )( )2, SST , ,SST ( , ),chl- , ,SOI ( ), ,SOI( ( ), )=X s t s t s t a s t s N t s E t                               (3.4) 

 

where SST(s,t) is the linear effect of sea surface temperature associated with knot s and 

year t, SST2(s,t) is temperature-squared (i.e., a quadratic effect of temperature), chl-a (s,t) 

is the concentration of chlorophyll-a. SOI (s(N),t), and SOI (s(E),t) are the interaction of 

northward (latitudinal) or eastward (longitudinal) direction with the annual trend of SOI 

index (Thorson et al., 2017b). The low correlations among the density covariates 

(Pearson’s correlation coefficients ranging from -0.03 － 0.13), and the nonlinear 
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relationship between SST and SST2 indicated that the multicollinearity is not an issue for 

the best model.  

 

3.2.4. Derived index of relative abundance 

The index of relative abundance in year t, computed using an area-weighted approach, B(t), 

was obtained by scaling the predicted density by the total area associated with the knots 

(Thorson et al., 2015):  

 

( )1
1

( ) ( ) exp ( ) ( ) ( , ) ( ) ( , , )
=

=
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B t a s β t ω s ε s t γ j X s t j                                        (3.5) 

 

where a(s) is the area associated with modelled knot s.  

 

3.2.5. Calculating the centroid of gravity 

To summarize the distribution shift for Pacific saury during the studied period, this study 

calculated a model-based estimate of the yearly (t) centroid of gravities (COGt) from the 

predicted relative abundance throughout the whole spatial domain (Thorson et al., 2017b): 

 

1
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ˆ
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t s
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
=                 (3.6) 

 

where Zs is the northing or easting value for knot s in the Universal Transverse Mercator 

(UTM) coordinate in kilometers (km), and ˆ
tB is the predicted relative abundance in the year 

t. 

 

3.2.6. Counterfactual model exploration  

The spatiotemporal random fields, ε(s, t), and the covariates, X(s, t, j), in VAST are used 

to account for changes in spatial distribution over time. The spatiotemporal random fields 

represent unmodeled spatiotemporal processes, capturing residual patterns that cannot be 

explained by the fixed effects (i.e., covariates). To assess the relative importance of local 

and/or regional environmental variables versus unmodeled spatiotemporal variables in 
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explaining the spatial distribution shift of Pacific saury, a counterfactual analysis (Thorson 

et al., 2017b; Perretti and Thorson, 2019) was conducted. 

This study examined three hypotheses regarding changes in the distribution of 

Pacific saury over time: (i) a single local or regional environmental variable; (ii) multiple 

local and regional environmental variables; and (iii) unmodeled spatiotemporal variables. 

These hypotheses are not mutually exclusive, and the aim was to estimate the proportion 

of variance in the center of gravity (COG) of Pacific saury explained by each variable. To 

achieve this, the fixed and random effects were extracted from the best model, with some 

fixed to zero to exclude individual processes. For each counterfactual model, the time series 

of northward and eastward COG, estimated without the subset of parameters, were 

compared to the COG derived from the full model. An exploratory run confirmed that 

setting both environmental variables and unexplained variation to zero resulted in no 

variance in COG, suggesting that all estimated variation in COG could be attributed to 

either of these two processes. A detailed description of the counterfactual models follows 

below: 

(i) Single local or regional environmental variable 

To examine the relative effect of a single local (i.e., SST, SST2, chl-a) or regional 

(i.e., SOI index with northing and easting) environmental variables, the intercept was fixed 

at the average level across time, and any variation of the spatiotemporal random effect was 

removed. Only one of the estimated single local variables or a regional environmental 

variable was retained at a time to predict relative abundance and recalculate the COG. 

Descriptions of the mechanism and the quantitative test for the hypothesis of the 

distribution shift are provided in Table 3.1. 

(ii) Multiple local and regional environmental variables 

The intercept was fixed at the average level over time, and the variation from the 

spatiotemporal random effect (i.e., set at zero) was removed to examine the relative effect 

of multiple local and regional environmental variables. Combinations of local and regional 

environmental variables were then set to their estimated values, which were used to predict 

the relative abundance for all knots, and recalculate the COG. 
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(iii) Unmodelled spatiotemporal variables 

To examine the relative effect of the unmodelled spatiotemporal processes (which 

was not explained by any local/regional environmental variables), any effects from the 

local/regional environmental variables were eliminated, and the steps above were followed 

to recalculate relative abundance and COG.  

 

3.3. Results  

3.3.1 Spatiotemporal dynamics of Pacific saury 

VAST fitted the data robustly, as demonstrated by the goodness of fit of the best model 

(deviance explained = 69%). The time series of residuals across knots were centered around 

zero (Figure S3.2), and the spatial distribution of residuals showed no significant spatial 

patterns, except for 2005 and 2006 (Figure S3.3). All environmental variables included in 

the best model were statistically significant (likelihood ratio test, p < 0.001). The estimate 

of the standard deviation for the spatiotemporal random effect (0.543) was significantly 

greater than that of the spatial random effect (0.283), highlighting the heterogeneity in the 

spatial distribution of Pacific saury density over time. The geometric anisotropy of spatial 

correlation for Pacific saury density is shown in Figure 3.2.  

The correlation ellipse (representing the 10% correlation distance) was oriented 

from east to west, indicating that the spatial and spatiotemporal correlations of Pacific 

saury density decreased more rapidly latitudinally than longitudinally. The predicted 

density maps from the best model revealed substantial interannual variation in the density 

distribution of Pacific saury between 2001 and 2017 (Figure 3.3). During the early years 

(2001 − 2007), high densities were primarily concentrated near the coastal waters of Japan 

(140 − 150°E and 38 − 45°N), with the exception of 2005. Since 2010, the area of high 

density has generally shifted and expanded eastward, with a pronounced eastward shift 

observed after 2013. From 2015 to 2017, high densities were primarily located in the high 

seas (150 − 160°E and 40 − 45°N). Notably, the predicted density distribution in 2017 

showed a marked departure from previous years, with high densities appearing in the 

region of 150 − 170°E and 36 − 42°N. Additionally, the predicted time series of annual 
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density from the best model exhibited a fluctuating pattern, closely mirroring the trends 

observed in both the nominal CPUE and the predicted relative abundance (Figure 3.4). 

 

3.3.2. Time series of COGs of Pacific saury  

The trajectories of the northward and eastward COG from the best model (Figure 3.5a, b) 

also indicated an apparent eastward shift in distribution (the maximum difference is 585 

km) compared to the north-south direction (146 km) over the years. The eastward COG in 

2006 and 2017 reached the historical minimum and maximum easting of 175 km and 760 

km, respectively (Figure 3.5a). COG has gradually shifted eastward since 2010 and further 

shifted after 2013. For the north-south direction, the time series of COG indicated relatively 

persistent regimes in the distribution (Figure 3.5b). The 95% confidence intervals of the 

eastward COGs were wider (CV range = 6.4 − 27.8%) than those of the northward direction 

(CV range = 0.4 − 1.1%) throughout the study period, reflecting greater spatial variability 

of density longitudinally than latitudinally. 

 

3.3.3. Relative importance of local/regional environmental vs. unmodelled variables 

The predicted density maps for 2001, 2006, 2010, and 2017, representing the years with 

the most substantial inconsistencies among the counterfactual models, were selected to 

highlight the relative importance of local/regional environmental variables and unmodelled 

spatiotemporal processes (Figure 3.6). When examining the relative influence of a single 

local or regional environmental variable, the results revealed that SST alone (including 

both linear and quadratic SST effects) was unable to account for the interannual variation 

in density distribution, including the location of high-density areas or year-to-year 

variability derived from the best model (Figure 3.6a, b). This outcome was consistent 

across other covariates, except for the SOI index when combined with northings, which 

showed a more noticeable pattern (Figure S3.4).  

When multiple environmental variables and climatic indices were considered in 

isolation, the resulting density distribution patterns were similar to those produced by the 

SOI index with northings (Figures 3.6c and S3.4e). However, the general patterns in the 

spatiotemporal variation of Pacific saury density were primarily driven by the unmodelled 
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spatiotemporal processes (Figure 3.6d). While these unmodelled spatiotemporal variables 

were the dominant contributors, they tended to overestimate density in 2010 and 2017 

compared to the effects of other covariates. Investigation of the estimated COG trends 

under each hypothesized driver clearly confirms that the observed interannual variation in 

COG was mainly due to unmodelled variation. The COG trends (both easting and northing 

directions) derived from the unmodelled spatiotemporal variable in isolation were similar 

to those from the best model in both directions (Figure 3.7). SST generated flat COG trends 

(Figure 3.7c, d), which indicated that SST has very limited prediction power for the Pacific 

saury density. The SOI index with northings contributed to relatively larger fluctuations in 

COGs than the other local/regional environmental variables (Figures S3.5 and S3.6). This 

result suggests that the SOI index is the most important factor among the local/regional 

variables in explaining the interannual spatial distribution patterns (Figures S3.5f and 

S3.6f). The COG trends derived from the multiple environmental variables and climatic 

indices were similar to that by the SOI index with northings (Figures S3.5b, f and S3.6b, 

f). It should be noted that the COG trends could be balanced out by the offset effects among 

the local and regional environmental variables, which led to a less varied COG trend along 

the north-south axis over time (Figure 3.7e, f).  

 

3.4. Discussion 

This study analyzed spatiotemporal dynamics of Pacific saury density in the Northwest 

Pacific Ocean between 35 − 50°N and 140 − 170°E during 2001 − 2017 by using the VAST 

R package and the extensive fishery dataset collected by the NPFC SSC. This study 

acknowledged that use of fishery-dependent data collected without a scientific sampling 

design may lead to the CPUE data from preferred fishing grounds having a disproportionate 

influence on the predicted density distribution, which is often referred to as preferential 

sampling (Conn et al., 2017; Gao et al., 2020). However, for Pacific saury, this issue is 

likely minimal because the dataset analyzed here reflects consistent fishing effort 

distribution across all NPFC member nations and covers an extensive spatial range over 

the studied period. Additionally, VAST offers several advantages over non-spatial 

modeling approaches. Its ability to account for correlated spatial processes, impute 

densities in unfished areas, and apply an appropriate area-weighting scheme reduces both 
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bias and variance in density predictions (Thorson et al., 2015). The study also highlights 

the importance of continued efforts to develop approaches that simultaneously estimate 

fishers’ locational decisions and fish densities, as suggested by Thorson et al. (2017c). 

The area of high Pacific saury density and the COG has progressively shifted 

eastward since 2010, with a more pronounced shift occurring after 2013. This eastward 

shift in distribution was accompanied by relatively low density in 2017. Similar trends in 

the eastward distribution shift of Pacific saury after 2010 have also been identified in 

fishery-independent biomass surveys (Hashimoto et al., 2020). This study found that 

neither a single local or regional environmental variable nor any linear combination of 

variables could adequately explain the observed distribution shifts. Instead, the majority of 

the distribution shift was attributed to unmodelled spatiotemporal variation. This result is 

consistent with the findings from previous studies using conventional SDMs (e.g., 

regression-based models) that have attributed a small portion of the data variability in 

distribution variation for Pacific saury to the investigated environmental effects (e.g., 

deviance explained <36% in Tseng et al., 2013; <12% in Chang et al., 2019). In contrast, 

VAST, which conditions on unmodelled spatiotemporal variation represented as random 

effects (Thorson and Ward, 2013; Shelton et al., 2014), captures residual spatiotemporal 

patterns that are not explained by fixed effects such as environmental variables. In the 

future, environmental data should become increasingly available. However, this study 

cautions that before projecting the Pacific saury distribution resulting from climate change 

or other environmental phenomena, the first step should be to verify whether the 

hypothesized driving variables lead to a meaningful proportion of variability in the 

historical distribution data. 

There are several possible mechanisms to explain why the shifts in Pacific saury 

distribution are attributed to the “unmodelled” spatiotemporal variation. For example, 

Neocalanus copepods are the common zooplankton prey for the Japanese sardine 

(Sardinops melanostictus) and Pacific saury (Tadokoro et al., 2005). Ito et al. (2013) 

indicated that the increase in the abundance of Japanese sardine could lead to a decrease in 

the prey plankton density and hence the growth of Pacific saury. It is worth noting that the 

stock of Japanese sardines increased steadily after 2013 (Furuichi et al., 2020). This study 
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hypothesizes that the spatiotemporal variation in the density of Pacific saury may be 

strongly correlated (negative) with the effect of the competitive fish species (i.e., Japanese 

sardine) on the zooplankton prey of Pacific saury (Matsuda et al., 1992). Although only a 

single species distribution model was constructed in this study, VAST can analyze data for 

multiple species simultaneously to infer the spatiotemporal variation in the density of 

species with similar habitat requirements. Thorson and Barnett (2017) reported that there 

was a strong covariation in population density among US Pacific Coast rockfishes and 

thornyheads (Sebastes and Sebastolobus spp.) using joint species distribution prediction. 

This study suggests that using this modelling technique may improve estimation of the 

population density distribution of Pacific saury while considering other correlated fish 

species when multiple species data are available.  

Previous studies have suggested that complex hydrographical dynamics, such as 

fronts and eddies, may drive spatial distribution shifts of Pacific saury over time. Yasuda 

and Watanabe (1994) demonstrated that the interannual north-south shift of the Oyashio 

front is closely associated with the interannual fluctuation of Pacific saury fishing grounds. 

Similarly, Kuroda and Yokouchi (2017) found that interactions between the Oyashio 

current and mesoscale eddies after 2010 caused large-scale shifts in favorable potential 

fishing grounds, moving them from the Hokkaido coast to offshore areas in recent years. 

Although the spatial distribution of Pacific saury is challenging to explain using local or 

regional environmental variables alone, this study posits that the potential effects of 

hydrographical dynamics on distribution shifts may be captured indirectly by the 

unmodelled spatiotemporal variable included in the model. This highlights the ability of 

spatiotemporal modeling frameworks, such as VAST, to account for complex 

environmental processes that are not explicitly represented by fixed effects. 

The catches of the Pacific saury were limited to the Japanese EEZ in the early 

period (2001 − 2007). However, there is an increasing trend of fishing mortality after 2007 

attributed to the increase of catches in high-seas areas (NPFC, 2019). This study 

recommends future research to integrate the spatial information regarding the fishing 

mortality as a density covariate into the current spatiotemporal model to explore whether 

the eastward shift of density distribution primarily attributed to the unmodelled variation 
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can be related to the heterogeneity in fishing intensity. There are several possible 

explanations for the inability of the effects of local/regional environmental variables to 

explain Pacific saury distribution shifts. One is that the model could not capture the effect 

of the local/regional environmental variables due to the insufficient model flexibility. 

Nevertheless, this study included a quadratic effect of the local environmental variable 

(SST) and a linear effect of the regional environmental variable (SOI). It is possible that a 

highly nonlinear model (e.g., spline) may improve the model performance. However, this 

study cautions that adding more flexible model structures may lead to spurious 

relationships, which could be mistaken as meaningful (Fourcade et al., 2018). Furthermore, 

previous studies indicated that the abundance and the suitable spawning ground of the 

Pacific saury exhibited interannual-decadal variation due to regime shifts (Ichii et al., 2017; 

Liu et al., 2019). Including the interactions of environmental variables and an additional 

dummy variable or spatially-varying coefficient models (Thorson, 2019) may increase the 

estimated importance of some environmental variables, although this was outside the scope 

of this study. Chang et al. (2019) indicated that habitat preferences and suitable habitat 

areas of Pacific saury differed between size classes (e.g., medium- and large-sized). The 

age/size aggregated model with the spatiotemporal random effects used in this study may 

balance out the estimated importance of local or regional environmental variables. This 

study recommends that adding (currently unavailable) age/size data may provide additional 

information to better understand the ontogenetic habitat preferences combined with 

changes in size/age structure of Pacific saury and improve the estimated importance of the 

environmental variables (Kristensen et al., 2014; Kai et al., 2017; Barbeaux and Hollowed, 

2018).  

Understanding the spatial dynamics of fisheries is essential for effective 

management and conservation of migratory oceanic pelagic species in practical 

applications (Sibert and Hampton, 2003). Gaining insights into spatiotemporal dynamics 

enables the use of spatially explicit stock assessment models in future research. This is 

particularly important because the current Bayesian surplus production model employed 

by the NPFC to assess Pacific saury does not incorporate spatial structure in population 

dynamics. Punt (2019) highlighted that integrating spatial modeling approaches during 
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data pre-processing (e.g., Cao et al., 2017; Kai et al., 2017) is a viable strategy to account 

for spatial structure in assessment models. Although this study generated a time series of 

density indices using VAST, it did not focus on applying the standardized relative 

abundance index for stock assessment purposes. The calculation of an annual standardized 

index requires careful consideration of confounding factors such as seasonal effects, 

vessel-specific influences, and changes in target species that may affect catchability. Future 

research should prioritize simulations exploring the benefits of spatiotemporal modeling 

under various scenarios of fish abundance trends and the spatial-temporal distribution of 

fish and fishing effort. Additionally, assessing the performance of standardized indices is 

critical to enhancing confidence in stock assessment outcomes. Finally, monitoring the 

eastward shift of the Pacific saury density “hotspot” (i.e., center of gravity, or COG) over 

time is crucial. Hotspots are often key elements in conservation strategies, particularly 

when designing spatial protections such as time-area closures for harvested species. 

Tracking changes in hotspot locations over time has significant implications for the 

effectiveness of spatial protections, emphasizing the importance of following these shifts 

to inform adaptive management strategies. 
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4. Chapter 4 − Stock assessment and addressing the impacts of uncertainty on 

recovery 

 

Abstract 

This study developed an age-structured stock assessment model for Pacific saury 

(Cololabis saira) in the western North Pacific Ocean using Stock Synthesis, incorporating 

data from 1980 to 2022. The assessment revealed that the spawning stock biomass has 

declined to historically low levels (31,655.4 mt) in recent years (2020 − 2022), falling 

below SSBMSY (42,611.8 mt), while current fishing mortality (F2022 = 1.42) remains below 

FMSY (2.61). To evaluate potential recovery strategies, both deterministic and stochastic 

projections were conducted for 2023-2042 under three fishing mortality scenarios: 0.5FMSY, 

0.75FMSY, and FMSY. Although deterministic projections showed stable trajectories, 

stochastic projections incorporating parameter uncertainty and recruitment variability 

revealed substantial fluctuations in both biomass and catch predictions. The 0.5FMSY 

scenario demonstrated the highest probability (100%) of maintaining stock above SSBMSY 

during 2023 − 2027, compared to declining probabilities under 0.75FMSY (84.9% to 75.5%) 

and FMSY (50.5% to 75.8%) scenarios. These findings suggested that lower fishing 

mortality rates may facilitate faster population recovery while considering uncertainty in 

future stock status. Furthermore, this study highlighted the importance of incorporating 

environmental variables and parameter uncertainty in future projections to better account 

for climate change impacts, in order to provide more robust management advice for this 

environmentally sensitive species. 

 

Keywords: age-structured model, future projections, stochastic projection, uncertainty, 

management, Pacific saury  
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4.1. Introduction  

Small pelagic fish present unique challenges for stock assessment and management due to 

their complex biological properties. These species are characterized by dramatic population 

fluctuations that can occur even without commercial exploitation, with boom-bust cycles 

spanning multiple years and varying by orders of magnitude in biomass (McClatchie et al. 

2017; Salvatteci et al. 2018). These fluctuations are mainly driven by recruitment success 

or failure, attributed to their relatively short lifespans and high reproductive output 

(Essington et al. 2015; Szuwalski and Hilborn 2016; Checkley et al. 2017). Environmental 

factors play a crucial role in determining their distribution, growth, and survival within 

highly dynamic and productive ecosystems (Fiechter et al. 2015; Checkley et al. 2017). 

Given the inherent unpredictability of marine ecosystems, and small pelagic fish 

populations in particular, combined with our inability to fully understand their population 

dynamics underscores the need for precaution when determining catch levels for these 

species (Pikitch et al., 2014). 

The recovery of overexploited fish populations has traditionally been managed 

through harvest scenarios that inform sustainable management strategies (Safina et al., 

2005). Typically, harvest scenario advice relies on stock assessment model projections 

fitted to fisheries and biological data to forecast biomass values over the near term (1 − 5 

years; e.g., Kuriyama et al. 2020). These forecasts depend on recent estimates of biological 

processes, such as stock-recruit relationships and growth patterns, assuming relative 

stability in these parameters over the projected timeframe (i.e., deterministic projection). 

However, this assumption warrants re-evaluation given changing environmental conditions 

and their impact on small pelagic fish populations. Furthermore, several uncertainties from 

model parameters, such as selectivity and catchability, is rarely considered in future 

projections to reflect the realistic fishery variability (i.e., stochastic projection).  

Pacific saury (Cololabis saira) is one of the most commercially important 

migratory small pelagic fish species in the Northwestern Pacific Ocean, with a distribution 

ranging from coastal to open waters (Hubbs and Wisner, 1980). The fishing grounds are 

located in the western part of the North Pacific Ocean, with peak fishing activity occurring 

during summer and autumn (Kosaka, 2000). The species supports significant commercial 
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fisheries for multiple countries, including Japan, Russia, Korea, China, Taiwan, and 

Vanuatu. Over the past three decades, total landings have shown considerable fluctuation, 

reaching a peak of 629,576 tons in 2014 before declining to 332,886 tons in 2022 (NPFC, 

2023a). Despite the implementation of quota management measures by the NPFC in 2019, 

the Pacific saury population has shown limited signs of recovery. Recent studies have 

identified environmental changes as a potential factor contributing to reduced recruitment 

levels (e.g., Kakehi et al., 2020). This environmental influence suggests that even under 

reduced fishing pressure, recruitment levels may remain low, potentially rendering current 

quota estimates derived from stock assessments overly optimistic. Currently, the stock 

assessment of Pacific saury is conducted by using the Bayesian surplus production model 

with assuming the stationary processes for Pacific saury. However, even the 

comprehensive stock assessment (surplus production model) and management strategies 

(TAC) have been conducted, the Pacific saury population has been experiencing depleted 

biomass in recent years despite conservation measures established by the NPFC. It is urgent 

that enhanced stock assessment modeling approach (e.g., age-structured model) and 

consider the various sources of uncertainty to conduct the projection could ensure that 

management actions maintain the adaptive capacity of populations. 

Given these challenges, this study considers various sources of uncertainty from 

estimated parameters (e.g., selectivity and catchability parameters) and process error 

(recruitment deviates) using the Stock Synthesis framework (Methot and Wetzel, 2013). 

Stock Synthesis is an integrated stock assessment method that develops the population 

dynamics model separately from the model relating monitoring data to model predictions 

(Maunder and Punt, 2013). The objective of this study is to (i) develop an age-structure 

model for Pacific saury; (ii) conduct the future projection for both deterministic and 

stochastic approaches; (iii) evaluate the harvest control strategy performance for nominal 

fishing mortality levels, 50 percent FMSY, 75 percent FMSY, and 100 percent FMSY. 

 

4.2. Materials and methods 

4.2.1. Stock assessment model  

(i) Spatiotemporal structure and data used 
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Based on the general consensus that a single management stock for the Pacific saury 

is likely in the Northwestern Pacific Ocean (WNPO), this study presented here an 

assessment of Pacific saury in the WNPO area (Figure 4.1). A total of six stick-held dip 

net fleets of Pacific saury were defined on the basis of NPFC members (Japan, Taiwan, 

Korea, Russia, China, and Vanuatu). Three types of data were used: fishery-specific 

catches (in metric ton, mt), relative abundance indices, and length composition data (in cm). 

The fishery data were compiled for 1980 − 2022, noting that the catch data and length 

composition data were compiled and modelled on a quarterly basis. All CPUE indices were 

also modelled as a quarterly index. Available data, sources of data, and temporal coverage 

of the datasets used in the stock assessment were summarized in Figure 4.2. Time series 

of Pacific saury catches in the WNPO by different fleets from 1980 to 2022 are shown in 

Table 4.1 and Figure 4.3. In recent decades, annual total catches of Pacific saury increased 

from 176,364 mt in 1998 to 617,509 mt in 2008, then continuously decreased to 262,639 

mt in 2017, except for a high catch in 2014 (629,576 mt). After 2018, catches continued to 

decline through 2021, with the recent average catch being 110,660 mt during 2020 − 2022. 

Relative abundance indices of the WNPO Pacific saury, based on standardized 

catch-per-unit-effort (CPUE), by fleets were shown in Table 4.1 and Figure 4.4. Visual 

inspection of all indices showed an overall decreasing trend with the last 7 years (2014 − 

2020). The early index of Japan generally increased during 1980 − 1993. The coefficient 

of variation (CV) for each index was assumed to be equal to the standard error (SE) on the 

log scale. The CVs were set to 0.26 (the smallest CV value of the biomass survey of Japan) 

for fits the CPUE index at best.  

Quarterly fish length composition data from 1994 − 2020 by fleets were 

summarized in Table 4.1. Length frequency data were compiled using 1-cm length bins 

from 14 to 35 cm. Figure 4.5 showed the annual variations of quarterly length 

compositions by fleets. Most of the fleets caught large (>30 cm) individuals. The 

aggregated length composition distribution generally showed a single mode around 30 cm 

for Taiwan, but was mixed mode with two peaks around 27 cm and 30 cm for Japan.  

(ii) Model description  
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The assessment was conducted with Stock Synthesis (SS) version 3.30.20 (Methot 

and Wetzel, 2013). SS model is a flexible and widely used statistical framework for stock 

assessment that can be adapted to short-lived species such as sardine, prawn, and squid. 

These species are characterized by rapid growth, high natural mortality, and significant 

interannual variability in recruitment due to environmental influences. The SS model is 

particularly well-suited for short-lived species because it allows for the integration of 

multiple data sources, including catch-at-age or catch-at-length data, indices of relative 

abundance, and environmental covariates, to model population dynamics. For short-lived 

species, SS can incorporate their unique life history traits by using age-structured or length-

structured models with high-resolution temporal scales (e.g., monthly or seasonal time 

steps) to capture rapid changes in population size and structure. The model can account for 

strong recruitment pulses, environmental variability, and high turnover rates, which are 

critical for understanding and managing these species effectively. 

The SS model for Pacific saury was set up as a single area and single-gender model 

with four seasons (quarters). Spawning was assumed to occur in February (month 2). The 

available biological parameters for the WNPO saury stock were used (Table 4.2). The 

maximum age of Pacific saury was set to 2, the age at length L1 was set to age 0, and the 

CV of the growth curve was set to 0.2 for young and old fish. The growth curve used a von 

Bertalanffy growth curve refitted from the Gompertz growth curve by Suyama et al. (2015) 

for ages 0 − 2. The von Bertalanffy growth coefficient parameter (K) and the maximum 

length (Linf) were set to 2.02 and 31.45 cm, respectively with the size at age-0 = 0.66 cm. 

The natural mortality (2.18) of Pacific saury was estimated by using a meta-analytical 

approach that uses theoretical and empirical models to predict the natural mortality rate as 

a function of life history parameters (Table 4.3). A Beverton-Holt spawner-recruit 

relationship was used with steepness (h) set at 0.82 (see Chapter 1) and sigmaR (σr) set at 

0.6.  

 Initial fishing mortality was estimated for the fleet of Japan during 1980 − 1994 

(F1_JPN_early). Main recruitment deviations were estimated from 1978 − 2020. Early 

recruitment deviations were estimated from 1978 to 1979 as the population was not at 

equilibrium prior to the start of the model. The population model and the fishery length 
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data had 22 one cm length bins from 14 – 35+ cm. The population had three age groups 

from age 0 to 2+. Fishery size data were used to estimate selectivity patterns, which 

controlled the size distribution of the fishery removals. Survey selectivity patterns mirrored 

their respective catch fleets (Table 4.3). Model estimated time series of total biomass for 

age 1+ (Bage1+ in metric tons), female spawning stock biomass (SSB in metric tons), 

recruitment (R in 1,000s of fish) and fishing mortality (F in year -1) were tabulated on an 

annual basis.  

(iii) Model Diagnostics 

The model was assumed to have converged if the standard error of the estimated 

parameters could be derived from the inverse of the negative Hessian matrix. Various 

convergence diagnostics were also evaluated. A gradient of >0.001 would suggest poorly 

fit parameter estimates. Parameter estimates hitting bounds of the prior was also indicative 

of poor model fit. Profiling the likelihood on the virgin recruitment (R0), where the R0 is 

fixed at a range of values around the maximum likelihood estimate and then the likelihood 

is estimated, was used to identify influential data components (Lee et al., 2014). A runs 

test was used to evaluate randomness in the residuals of the CPUE and length composition 

data (Carvalho et al., 2021). Residual plots of the observed vs expected data were examined 

to evaluate goodness-of-fit for the CPUE and length composition data. 

Several diagnostics have been evaluated for their utility to identify data conflicts 

and model misspecification within integrated stock assessment models (Carvalho et al., 

2017). However, Carvalho et al. (2017) determined that there was no single diagnostic that 

worked well in all of the cases they evaluated. Instead, they recommend the use of a 

carefully selected range of diagnostics that proved to increase the ability to detect model 

misspecification. Key stock assessments diagnostics identified by Carvalho et al. (2017) 

and Carvalho et al. (2021) were implemented to evaluate the stock assessment model. 

 

4.2.2. Future projection  

Future projections were conducted in SS3 to evaluate the impact of various fishing 

mortality levels on future spawning stock biomass and yield (catch). The projections 

spanned from 2023 to 2042 (20 years). Since traditional FMSY targets may be too aggressive 
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for fish species with high environmental sensitivity and ecosystem importance, this study 

examined more conservative fishing mortality rates. Specifically, 0.5FMSY and 0.75FMSY 

were evaluated as precautionary approaches that provide buffers against recruitment 

uncertainty, environmental variability, and ecosystem needs, helping to maintain sufficient 

biomass for both predator requirements and fishery sustainability. The projections 

evaluated three fishing mortality scenarios: (1) High F scenario: Full FMSY; (2) Moderate 

F scenario: 75% of FMSY (0.75FMSY); (3) Low F scenario: 50% of FMSY (0.5FMSY). Each 

scenario represents varying levels of precautionary management, with specific implications 

for the sustainability of Pacific saury populations and their role in the ecosystem.  

The High F scenario (FMSY) represents a non-precautionary approach, aiming to 

maximize yield at the level of maximum sustainable yield (MSY). While this strategy may 

achieve short-term economic benefits, it carries significant ecological risks, particularly for 

forage species like Pacific saury, which exhibit high recruitment variability and serve as a 

critical prey resource for dependent predators. Harvesting at FMSY assumes optimal stock 

productivity and may not adequately account for environmental variability, uncertainties 

in stock assessments, or the cascading effects of reduced prey availability on the broader 

ecosystem. 

The Moderate F scenario (0.75FMSY) introduces a more cautious approach by 

reducing fishing pressure to 75% of the FMSY level. This scenario reflects a balance between 

sustaining economic yields and mitigating risks to the stock and ecosystem. It provides a 

buffer against uncertainties in recruitment and environmental conditions, reducing the 

likelihood of overfishing while maintaining reasonable levels of harvest. This approach is 

particularly valuable for species with fluctuating population dynamics, as it allows for more 

resilient stock recovery under unfavorable conditions. 

The Low F scenario (0.5FMSY) represents the most precautionary approach and is 

based on the recommendations of Pitkitch et al. (2018). This strategy prioritizes the 

ecological role of forage species by maintaining fishing mortality at or below 50% of FMSY. 

Such a reduction in fishing pressure helps ensure adequate biomass levels to support 

dependent predators, thereby safeguarding ecosystem stability. It also provides the greatest 

buffer against uncertainties in stock assessments and environmental variability, reducing 



doi:10.6342/NTU202500253

80 
 

the risk of population collapse. While this approach may result in reduced short-term 

economic returns, it aligns with ecosystem-based fisheries management principles and 

enhances the long-term sustainability of both the stock and the broader marine ecosystem. 

By evaluating these scenarios, this study highlights the trade-offs between 

maximizing harvest and ensuring ecological resilience. Adopting the 0.5FMSY or 0.75FMSY 

scenarios provides a more sustainable pathway, particularly under the current challenges 

of environmental change and high uncertainty in recruitment patterns. These precautionary 

approaches align with modern fisheries management strategies that aim to balance 

ecological health with economic objectives. 

All scenarios were applied to stock estimates beginning in 2023 and projected 

forward for 20 years through 2042. The future projection routine calculated the future SSB 

and yield that would occur while the specific fishing mortality, selectivity patterns, and 

relative fishing mortality proportions depended on the specific fishing mortality scenarios. 

Although this study provides a 20-year projection, since the life span of Pacific saury is 2 

years, this study also focused on calculating the probability of SSB>SSBMSY, median catch, 

and its variation during the first five years (2023 − 2027). The specifications for both 

deterministic and stochastic future projections are detailed below: 

(i) Deterministic projection 

The deterministic stock projections for Pacific saury were conducted without 

recruitment deviations nor log-bias adjustment were applied to the future projections. The 

absolute future recruitments were based on one deterministic scenario: the expected stock-

recruitment relationship and the average recruitment during the historical period (1980 − 

2022).  

(ii) Stochastic projection  

The framework of stochastic projection by considering the model parameters 

uncertainty and process error was shown in Figure 4.6. At the first step, this study applied 

the SS3 assessment model to both the original dataset and a bootstrapped dataset generated 

from the original assessment model. Subsequently, a data-generating model produces 100 

bootstrap datasets, each of which is fitted using an estimation model that maintains the 
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same structure as the original SS3 model. This part could consider the uncertainty from 

estimated model parameters (i.e., R0, initial fishing mortality, selective parameters by fleets, 

catchability by indices and recruitment deviations). In addition, the recruitment deviations 

for the future period are randomly sampled from last 20 years (2003 - 2023) and used to 

replace the future recruitment deviates.  

 

4.3. Results 

4.3.1. Stock assessment results 

(i) Model fit and diagnostics 

The WNPO Pacific saury model estimated 111 parameters, and had a total 

likelihood of 1766.34. The inverse Hessian was positive definite, which allowed for the 

estimation of parameter standard deviations and suggests that the model converged, and 

the maximum gradient component was 2.03e-05, which is smaller than 0.001. None of the 

parameter estimates hit a bound. Fits to the abundance indices were generally good, with 

no substantial divergences between the expected and estimated CPUEs (Figures 4.7; 4.8). 

However, the S1_JPN_early, S2_JPN_late and S3_TWN did not pass the run test (Figure 

4.9), which suggests that the residuals are not likely random. Estimated selectivity for each 

fleet and survey was shown in Figures 4.10 and 4.11, respectively. Fits to the length 

composition data suggested that the model predicted size compositions did not match the 

observations in some years (Figures 4.12; 4.13). Furthermore, the results of the run test 

indicated that F1_JPN_late and F2_TWN pass the run test (Figure 4.14), which suggests 

that their residuals are likely random. Profiling on R0 showed that the recruitment estimates 

were influential in the model results (Figure 4.15).  

(ii) Stock assessment model outputs 

The estimated total biomass of Pacific saury shows substantial variation from 1980 

to 2020, fluctuating between 120,000 and 160,000 mt (Figure 4.16a). There was a 

noticeable peak period during 1985 − 1992, when biomass reached its highest levels of 

around 140,000 − 150,000 mt. After 1992, the biomass declined and has maintained a 

relatively constant level of around 120,000 − 130,000 mt from 1995 to 2020, with minor 

fluctuations. Despite some short-term variations, the overall biomass has remained 
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relatively stable in recent years, showing no significant increasing or decreasing trends 

since 2000. The estimated SSB of Pacific saury has shown considerable fluctuation over 

the past four decades, with two notable peaks: a major peak around 1993 − 1995 reaching 

approximately 330,000 mt, and a smaller peak around 2007 − 2008 reaching about 250,000 

mt. Since 2010, there has been a concerning declining trend, with biomass levels dropping 

to historical lows of around 50,000 mt by 2020. The current biomass is below the limit 

reference point SSBMSY (Figure 4.16b).  

Recruitment patterns closely mirror the spawning biomass trends, showing major 

peaks in the early-to-mid 1990s and moderate peaks in the mid-2000s. Recent recruitment 

levels have been consistently low, particularly since 2015, indicating potential challenges 

in population renewal (Figure 4.16c). The estimated fishing mortality (F) trend shows an 

inverse pattern to biomass and recruitment. F levels were relatively low during the high 

biomass period of the early 1990s (around 0.5 − 1.0 per year) but have increased 

substantially since the mid-2000s. Recent years show high variability in fishing mortality, 

with several spikes exceeding the FMSY reference point, particularly around 2015 − 2018 

(Figure 4.16d). The overall assessment results indicated that the Pacific saury stock is in 

an overfished based on estimated total biomass below sustainable levels (B<BMSY), poor 

recruitment, and periods of relatively high fishing pressure. This situation suggests the need 

for improved management measures to promote stock recovery. 

(iii) Stock status 

The Pacific saury stock has shown significant decline in recent years, with the 

spawning stock biomass falling to historically low levels of around 50,000 mt by 2020, 

well below the SSBMSY reference point (42,611.8 mt; SD = 4,798.96 mt; Table 4.4). The 

current SSB in 2022 was estimated at 25,809.9 mt (SD = 4,299.01 mt), and the recent three-

year average SSB (2020 - 2022) was 31,655.4 mt (SD = 4,677.77 mt). Both current and 

recent SSB levels are below SSBMSY, indicating that the stock is in a overfished state based 

on MSY-reference point. 

In contrast, fishing mortality has increased substantially since the mid-2000s, with 

several periods exceeding FMSY (2.61; SD = 0.04), particularly during 2015 − 2018. The 

latest fishing mortality (F2022) was estimated at 1.42 (SD = 0.22), which is lower than FMSY. 
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Although the current fishing pressure is below the MSY-reference point (FMSY), the 

depleted spawning stock biomass (SSB2022<SSBMSY) suggested that rebuilding measures 

may be necessary to ensure the stock’s recovery. 

 

4.3.2. Future projections 

(i) Deterministic projections 

Based on the deterministic projections for Pacific saury from 2023 to 2042 under 

three different fishing mortality scenarios (0.5FMSY, 0.75FMSY, and FMSY), both spawning 

biomass and catch show distinct recovery patterns following their historical decline to low 

levels by 2020 (Figure 4.17). For spawning biomass, the projections indicated recovery to 

approximately 12,000 mt under 0.5FMSY (most conservative scenario), 8,000 mt under 

0.75FMSY (moderate scenario), and 5,000 mt under FMSY, with all scenarios showing 

relative stabilization after 2025 (Figure 4.17a and Table 4.5). The corresponding catch 

projections demonstrate that the FMSY scenario yields the highest long-term catch at around 

40,000 mt, while the 0.75FMSY and 0.5FMSY scenarios result in lower but stable catches of 

approximately 28,000 mt and 22,000 mt respectively, with all scenarios showing an initial 

rapid increase from 2023 to 2025 before stabilizing (Figure 4.17b and Table 4.5). These 

projections highlight the clear trade-offs between fishing pressure and stock recovery, 

indicating that the stock would reach different equilibrium levels depending on the fishing 

mortality scenarios, with lower fishing mortality leading to higher spawning biomass but 

lower catches, and vice versa.  

 

(ii) Stochastic projections 

Based on the stochastic projections for Pacific saury from 2023 to 2042, which 

incorporate recruitment variability and parameter uncertainty in the future (shown by gray 

lines representing individual trajectories), the results demonstrate substantial variability 

across all fishing mortality scenarios (Figure 4.18). Under the 0.5FMSY scenario (Figure 

4.18a-b), the spawning biomass showed a median trajectory (blue line) stabilizing around 

12,000 mt, while catches stabilize around 20,000 mt, with stochastic trajectories ranging 

from approximately 15,000 to 80,000 mt. For the 0.75FMSY scenario (Figure 4.18c-d), the 
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median spawning biomass stabilizes at a lower level of about 8,000 mt, with median 

catches around 40,000 mt and stochastic variations ranging from 20,000 to 120,000 mt. 

Under the FMSY scenario (Figure 4.18e-f), the median spawning biomass shows the lowest 

stabilization at approximately 5,000 mt, near the SSBMSY, while catches show the highest 

variability ranging from 20,000 to 160,000 mt with a median around 50,000 mt. In addition, 

under the 0.5FMSY scenario, the probability remains at 100% throughout the recent 

projection period (2023 − 2027), indicating a high likelihood of maintaining the stock 

above SSBMSY. With 0.75FMSY, the probability started at 84.9% in 2023 and showed a 

gradual decline to 75.5% by 2027. Under the FMSY scenario, the probability fluctuates 

between 50.5% and 75.8%, with the lowest probability occurring in 2026 (50.5%). These 

results suggest that lower fishing mortality rates provide higher probability of maintaining 

the stock above SSBMSY, while fishing at FMSY level results in approximately equal chances 

of the stock being above or below SSBMSY (Table 4.6). In addition, while the median catch 

increases substantially when moving from 0.5FMSY to 0.75FMSY, there is only a marginal 

increase when moving from 0.75FMSY to full FMSY, suggesting diminishing returns (where 

increasing fishing effort does not result in proportional increases in catch) in catch rates at 

higher fishing mortality levels (Table 4.6). Overall, the stochastic projections suggested 

that higher fishing mortality not only leads to lower spawning biomass but also increases 

the uncertainty in both biomass and catch outcomes, highlighting the increased risks 

associated with more intensive fishing strategies. 

 

4.4. Discussion 

4.4.1. Improve the current stock assessment model for Pacific saury  

A persistent challenge in the Pacific saury stock assessment model lies in its difficulty with 

size composition fitting, particularly for larger fish (Figure 4.11 and 4.12). This issue is 

interlinked with several model components and points to the complex relationship between 

growth patterns, selectivity assumptions, and natural mortality parameters. In addition, the 

assumption that the Japanese survey’s selectivity pattern (S7_JPN_bio) matches that of the 

Japanese fishery (F1_JPN) represents a significant simplification that may not reflect 

reality. Survey vessels and commercial fishing vessels often operate differently, using 

distinct gear types or fishing methods, which could result in different size selectivity 
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patterns. This identical selectivity assumption was likely made for model simplicity but 

might be masking important differences in how these two data sources sample the 

population. Further complicating matters, the model’s dome-shaped selectivity curves 

showed problematic behavior, with abrupt peaks and declines over the largest size bins. 

This pattern suggested potential misspecification in how the model represents the 

interaction between fishing gear and different fish sizes. The abrupt decline in selectivity 

for larger fish might not accurately represent the true fishing process, where larger fish 

might remain equally catchable rather than becoming less vulnerable to capture. These 

interconnected issues highlighted the need for a more nuanced approach to modeling size-

based processes in the Pacific saury assessment. Future improvements might involve 

developing separate selectivity patterns for surveys and commercial fisheries, 

reconsidering the appropriateness of dome-shaped versus asymptotic selectivity 

assumptions, and better integrating our understanding of saury growth and mortality 

patterns into the model structure. 

 

4.4.2. Poor recruitment condition in the recent years 

The persistent low recruitment of Pacific saury in recent years may be driven by 

environmental factors. From a population dynamics perspective, the significantly depleted 

spawning stock biomass, which has fallen below the SSBMSY, likely represented a driver 

of poor recruitment (i.e., Beverton and Holt stock-recruitment relationship). This reduced 

spawning population represented fewer adults are available to produce eggs and larvae, 

potentially creating a negative feedback loop where low spawning stock leads to reduced 

recruitment, which in turn results in even lower future spawning biomass. Kakehi et al. 

(2022) also found that body weight and condition of adult Pacific saury had significant 

decreasing trends in 2019 and 2020, indicating that a decrease in the number of eggs laid. 

In addition, recent years have seen significant alterations in ocean temperature patterns 

(Takasuka et al., 2016), current systems (Ichii et al., 2018), and primary productivity 

(copepod community; Miyamoto et al., 2020) in Pacific saury feeding and spawning 

habitats (Fuji et al., 2021). Changes in the Kuroshio Current system and associated frontal 

zones, which are critical for saury migration and spawning, may have affected the survival 
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and growth of eggs and larvae (Oozeki et al., 2004; Nakaya et al., 2010). Furthermore, 

shifts in water temperature can influence the timing and location of spawning, potentially 

creating mismatches between larval emergence and optimal feeding conditions (Fuji et al., 

2023). These climate-driven changes might also be altering the spatial distribution of 

suitable habitat for juvenile Pacific saury, forcing them into less optimal areas for growth 

and survival. Given that environmental variability and its effects on stock productivity and 

fleet dynamics are increasingly being recognized as a priority for fisheries management 

(Szuwalski et al. 2016). Future work could conduct sensitivity analysis to identify how 

steepness values (stock-recruitment relationship; see Chapter 1), growth, and selectivity 

parameters may change given environmental variability (e.g., Harford et al., 2019).  

 

4.4.3. Projections 

The stochastic scenarios demonstrated substantial variability around median trajectories, 

particularly in catch projections, where potential fluctuations significantly exceed 

deterministic predictions. It should be noted that stochastic projections indicated a 50% 

probability of Pacific saury population recovery to MSY levels in the short term under the 

FMSY scenario. However, with current estimated fishing mortality rates approximately at 

FMSY (0.9) based on surplus production model (NPFC, 2023a), population recovery 

remains slow even when fishing mortality is restricted below FMSY, suggesting this level 

may still be insufficient for the population to recover to MSY levels. Therefore, this study 

suggested that a further reduction in current fishing mortality (e.g., to 0.75 or 0.5FMSY), 

coupled with potential future recruitment increases, may facilitate faster population 

recovery to FMSY levels. In addition to considering various fishing mortality scenarios, 

future stock assessments should account for multiple sources of uncertainty. Parameter 

uncertainty, particularly in key biological reference points such as steepness, natural 

mortality, growth and recruitment, should be incorporated into future analyses to provide 

more robust projections (e.g., Siple et al., 2019; Wildermuth et al. 2023). These 

uncertainties could significantly affect our understanding of stock resilience and recovery 

potential, especially when combined with varying fishing pressure scenarios. Furthermore, 

future projections for Pacific saury stock assessment should be integrated with forecasted 

environmental variables, particularly those derived from climate change scenarios (e.g., 
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CMIP6 emission scenarios). While environmental variables may not significantly affect 

the historical assessment outputs due to the dominance of monitoring data, they become 

crucial when projecting future population states. These projections depend heavily on 

assumptions about how population parameters will respond to changing environmental 

conditions (e.g., Punt et al., 2024). The interaction between parameter uncertainty and 

environmental variability adds another layer of complexity to stock projections, 

highlighting the need for comprehensive sensitivity analyses that consider both sources of 

variation simultaneously.  

Additionally, future development of a Management Strategy Evaluation (MSE) 

framework for Pacific saury would be crucial to test the robustness of different harvest 

scenarios under various uncertainties (Butterworth, 2007; Punt et al., 2014; 2016). Such an 

MSE should incorporate multiple operating models that capture the range of plausible 

hypotheses about stock dynamics, including alternative stock-recruitment relationships, 

varying growth patterns, and different scenarios of environmental influence on recruitment. 

The framework should also evaluate performance metrics that are relevant to both 

conservation and socio-economic objectives, such as probability of stock recovery, catch 

stability, and long-term yield. This would provide a more comprehensive understanding of 

the trade-offs between different management strategies and help identify harvest control 

rules that are robust to the inherent uncertainties in Pacific saury population dynamics. 

 

4.5. Conclusion 

This study developed an age-structured model for Pacific saury and evaluated various 

harvest control strategies through both deterministic and stochastic projections. The stock 

assessment results indicated that the Pacific saury population is currently in a depleted state, 

with spawning stock biomass falling below SSBMSY and experiencing poor recruitment in 

recent years. The stochastic projections, which incorporated parameter uncertainty and 

process error, revealed significant trade-offs between different fishing mortality scenarios 

(0.5FMSY, 0.75FMSY, and FMSY). The analysis demonstrated that while higher fishing 

mortality rates potentially yield larger median catches, they also lead to lower spawning 

biomass and increased uncertainty in both biomass and catch outcomes. Notably, the 
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projections showed diminishing returns in catch rates at higher fishing mortality levels, 

with only marginal catch increases when moving from 0.75FMSY to full FMSY.  

The probability of maintaining the stock above SSBMSY was highest under the 

0.5FMSY scenario (100%), followed by 0.75FMSY (75.5 − 84.9%), while the FMSY scenario 

showed approximately equal chances of the stock being above or below SSBMSY (50.5 − 

75.8%). These findings suggested that more conservative fishing mortality rates (0.5FMSY 

or 0.75FMSY) may be more appropriate for managing Pacific saury, particularly given the 

species’ sensitivity to environmental variations and its depleted status. Future stock 

assessments would benefit from incorporating environmental variables, particularly those 

derived from climate change scenarios, and conducting comprehensive sensitivity analyses 

that consider both parameter uncertainty and environmental variability simultaneously. 
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5. Chapter 5 − Summary and recommendations 

 

5.1. Summary  

My study focused on improving the methodology and stock assessment of Pacific saury 

(Cololabis saira) in the Northwestern Pacific Ocean through following interconnected 

studies. First, this study developed a numerical approach to estimate the stock-recruitment 

resilience (steepness) of Pacific saury using life history parameters and reproductive 

biology. This study revealed a median steepness value of 0.82 with an 80% probable range 

of (0.59, 0.93), suggesting high resilience to fishing pressure under prevailing 

environmental conditions. However, sensitivity analyses demonstrated that unfavorable 

environmental conditions could substantially decrease this resilience by affecting growth, 

body weight, and survival rates of eggs and larvae. This suggested that environmental 

variation should be considered when estimating steepness for stock assessments. Second, 

this study evaluated different spatial treatments for standardizing CPUE data under 

GLMMs. Through both real-world application and simulation studies, the analysis found 

that a spatio-temporal modelling approach (VAST; i.e., continuous spatial treatment) 

outperformed traditional methods (i.e., area stratification) in capturing spatial 

heterogeneity, especially for the preferential sampling (i.e., CPUE data from preferred 

fishing grounds to exert a disproportionate effect on the estimated fish abundance). In 

addition, the influence analysis indicated that the interaction between year and spatial 

effects had major impacts on standardized CPUE indices. The importance of conducting 

influence analysis and the greater performance of a spatio-temporal approach are 

highlighted.  

Third, the analysis of spatiotemporal dynamics using joint fishery data from several 

fleets operated in the Northwestern Pacific Ocean during 2001 − 2017 suggested an 

eastward shift in Pacific saury distribution after 2013, with further shifts and lower 

abundance in 2017. It should be noted that these distribution changes could not be 

adequately explained by either local environmental variables (e.g., SST) or regional 

climate indices (e.g., SOI index). Instead, they were primarily attributed to “unmodelled 

spatiotemporal processes” (e.g., the biological interaction of other species), highlighting 

the need to better understand underlying ecological mechanisms. Lastly, building on these 
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findings, an age-structured stock assessment model was developed incorporating various 

sources of uncertainty to conduct the forecast projection. The stock assessment suggested 

that spawning stock biomass of Pacific saury has declined to historically low levels 

(31,655.4 mt) in recent years, below SSBMSY. Although current fishing mortality remains 

below FMSY, stochastic projections suggested more conservative harvest rates may be 

necessary for recovery. The 0.5FMSY scenario demonstrated the highest probability of 

maintaining the stock above SSBMSY. However, considering the trade-off between stock 

recovery and fishery, this study recommends the 0.75FMSY scenario as a more balanced 

approach. Overall, these studies advanced our understanding of Pacific saury population 

dynamics and provided improved methods for stock assessment and management. The 

findings emphasized the importance of considering environmental variability, spatial 

distribution patterns, and parameter uncertainty in developing effective fisheries 

management strategies. 

 

5.2. Recommendations  

5.2.1. Spatial consideration in stock assessment 

The current total allowable catch (TAC) allocation for Pacific saury, as determined by the 

NPFC, designates 60% for high seas and 40% for Exclusive Economic Zones (EEZs). 

However, this allocation lacks a robust scientific foundation (NPFC, 2024a). This arbitrary 

approach fails to account for the intricate spatial dynamics of Pacific saury populations, 

which exhibit complex migration patterns and significant spatial variability in growth and 

abundance across temporal and spatial scales.  

As highlighted in Chapter 2, the arbitrary spatial stratification with rectangular 

shape does not effectively reflect the heterogeneous distribution of Pacific saury density. 

It is because that the Pacific saury population exhibits dynamic spatiotemporal 

characteristics may be driven by complex interactions among oceanographic conditions, 

food availability, and reproductive strategies (Chang et al., 2019; Fuji et al., 2021; 

Miyamoto et al., 2020). These factors challenge the traditional assumption of a 

homogeneously structured stock, underscoring the need for more scientifically informed 
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and adaptive management approaches to better align with the biological and ecological 

realities of Pacific saury. 

The complex nature of Pacific saury populations necessitates sophisticated 

analytical methods that go beyond traditional management frameworks. Integration of 

spatial processes into stock assessments, particularly through spatial data disaggregation, 

reveals critical insights into population dynamics (e.g., Carruthers et al., 2011; Cardinale 

et al., 2023). This advanced methodological approach allows scientists to detect subtle 

variations in key biological parameters - recruitment, growth, and mortality rates - which 

might be overlooked by conventional assessment methods. The resulting spatially 

structured population models provide a more nuanced and complete picture of Pacific saury 

population structure by accounting for both spatial distribution patterns and demographic 

diversity. From a management perspective, these insights can inform more adaptive and 

spatially explicit conservation strategies (Kapur et al., 2021). Compared to traditional quota 

systems reliant on broad administrative boundaries, spatially-resolved management 

approaches offer several advantages: enhanced ecological precision, improved monitoring 

capabilities, and more targeted intervention strategies (e.g., TAC; Punt, 2019). 

 

5.2.2. Multi-species stock assessment 

Currently, the NPFC conducts a regular assessment of Pacific saury every year to monitor 

its stock status, and has implemented an interim hockey-stick harvest control rule (HCR) 

to set the TAC with using BMSY as the target reference point to recover the stock to MSY 

levels (NPFC, 2024b). However, like other small pelagic fish species, Pacific saury 

exhibits rapid growth, short life span, high recruitment variability, and complex schooling 

behavior. These biological traits, combined with their sensitivity to environmental 

conditions and role as a forage species, make traditional single-species management 

approaches insufficient for sustainable management (e.g., McClatchie et al. 2017; Forrest 

et al. 2023). Therefore, manager should consider to implement a hockey stick HCR with a 

biomass limit of no less than 40% of unfished biomass (B0), and fishing mortality should 

not exceed 50% of FMSY. This approach would help maintain adequate population levels 

for dependent predators while still allowing for sustainable commercial harvest. More 
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specifically, Pitkitch et al. (2018) found that predators highly dependent on forage fish (for 

50 percent or more of their diet) are common, occurring in three-fourths of marine 

ecosystems examined. These dependent predators are more sensitive to changes in forage 

fish abundance than less-dependent species. This study recommends that regular 

monitoring of both Pacific saury populations and their predators (e.g., blue shark, albacore, 

chub mackerel; Yatsu, 2019) also should be conducted to assess ecosystem impacts, and 

spatial management measures may be needed to prevent localized depletion in important 

feeding areas. 

In addition, to effectively manage Pacific saury, it is essential to account for 

interactions with other forage fish species, such as Japanese sardine (Sardinops 

melanostictus), chub mackerel (Scomber japonicus), and Japanese anchovy (Engraulis 

japonicus), which generally spawn in subtropical waters from winter to spring (Takasuka 

et al., 2008; Kanamori et al., 2019; Fuji et al., 2021). Forage fish species often exhibit 

compensatory responses when another species is depleted (Yatsu, 2019). For example, 

Chapter 3 highlighted that unmodelled factors, such as species interactions, play a 

significant role in driving distribution shifts of Pacific saury. Similarly, Fuji et al. (2023) 

demonstrated that after 2013, the expansion of Japanese sardine into colder waters 

coincided with an observed shift in Pacific saury distribution to colder waters - but only in 

areas where sardines were present. This distributional shift was absent east of 180° 

longitude, where sardines were not observed, suggesting that interspecific competition 

likely influences the spatial distribution of small pelagic fish. 

When one forage fish species is heavily exploited, competing species may increase 

in abundance by capitalizing on the reduced competition for food resources. For example, 

reduced Pacific saury populations due to fishing pressure could potentially benefit Japanese 

sardine populations by alleviating competition for zooplankton prey (Yamamoto and 

Katayama, 2012; Miyamoto et al., 2020). Therefore, management strategies should not 

focus on Pacific saury in isolation but should incorporate trophic interactions and 

competition with other forage fish species, such as Japanese sardine, through multi-species 

assessments. This approach would help maintain a balanced ecosystem among forage fish 

species while ensuring sustainable harvest levels for all. 
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5.2.3. Management Strategy Evaluation  

Management Strategy Evaluation (MSE) is a crucial tool for testing and refining fisheries 

management strategies to ensure long-term sustainability, especially in the face of the 

inherent uncertainties in marine ecosystems (Butterworth and Punt, 1999; Punt, 

Butterworth, et al., 2016; Rademeyer et al., 2007). These uncertainties, such as fluctuating 

fish stocks, environmental changes, and data limitations − pose significant challenges for 

predicting future conditions. MSE offers a structured framework that allows for the 

assessment of how different management strategies perform under various scenarios. By 

addressing biological, environmental, and data uncertainties, MSE helps evaluate the 

robustness of these strategies. Furthermore, it plays a critical role in preventing overfishing 

by evaluating strategies under worst-case scenarios and supports adaptive management by 

ensuring that strategies can evolve in response to changing conditions. In addition, MSE 

facilitates the balancing of competing objectives and informs decision-making by 

providing evidence-based insights for policymakers and stakeholders. Ultimately, MSE 

enhances fisheries management by ensuring that strategies remain effective, transparent, 

and sustainable.  

In Chapter 1, this study presented potential steepness values for Pacific saury under 

various environmental conditions. Small pelagic fish steepness is often assumed to be high, 

but low steepness could have serious implications for collapses, recovery from fishing, and 

population variability. Therefore, future MSE analyses should incorporate the uncertainty 

associated with steepness as one of the critical sources of uncertainty. In Chapter 4, an age-

structured model was developed, which could serve as a starting point for constructing the 

population dynamics model for Pacific saury in MSE. Additionally, Chapter 4 considered 

only a constant HCR, future MSE analyses should explore a performance of various HCRs 

across multiple scenarios that account for environmental uncertainty, varying recruitment 

patterns, and species interactions. Specifically, the framework should evaluate HCRs with 

dynamic unfished biomass (B0) reference points (Berger, 2019; Bessell-Browne et al., 

2022), as these have been shown to reduce the frequency of fishery closures while 

maintaining sustainable biomass levels across varying recruitment scenarios.  
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Given the transboundary nature of Pacific saury, the MSE framework also should 

evaluate management procedures that can be practically implemented through international 

cooperation (such as NPFC). Performance metrics can extend beyond traditional single-

species objectives to include ecosystem considerations, such as maintaining adequate 

forage base for predators and ensuring economic stability and achieving management 

objectives for multiple species (e.g., Schiano et al. 2023; Kaplan et al. 2021; Pérez-

Rodríguez et al. 2022), particularly Japanese sardine (Fuji et al., 2023). These studies also 

highlighted the need for sufficient basic biological knowledge of both predators and prey 

to inform ecosystem models in support of MSE strategies. To enhance the practical utility 

of the MSE, regular updates with new information (e.g., competitors and predator relative 

abundance indices) and refined models (e.g., spatio-temporal modelling approach) should 

be incorporated as part of an adaptive management approach (e.g., Moosa and Butterworth, 

2024). This would allow management strategies to evolve as our understanding of Pacific 

saury’s response to environmental changes improves and as new challenges emerge in the 

fishery. 
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Tables 

Table 1.1. Mean values of the life history parameters used to calculate distributions of stock-recruitment steepness for the Pacific 

saury in the Northwestern Pacific Ocean.  

Code of 

population 

model 

(PM) 

Description Model Parameters 
Symbo

l 
Value Unit Reference 

PM01 GrowthLc inf 0exp( exp( ( )))tL L K Age t= − − −  
Asymptotic length   Linf 30.58  cm 

Suyama et al. 

(2015) 
Growth coefficient  K 0.01196  day-1 

Time at inflection  t0 112.1  day 

PM02 
Weight-length 

relationshipLc 
b

t tW aL=  Scale parameter a 2.2×10-3 - Suyama et al. 

(2015) Exponent parameter b 3.23 - 

PM03 

Reproductive 

ecology 
parametersL 

501 1 exp( ( ))tP r L L= + −  

Female length at 50% maturity L50 25.8 cm Kosaka 

(2000) 

Suyama et al. 

(2006) 
Suyama et al. 

(2009) 

Shape parameter  r -0.66 - 

Average time between spawning events TB 4 day 

Batch fecundity EG 300 eggs/g 

Number of spawning seasons SL 5 
month

s 

PM04 
Annual natural 

mortalityG  

1.61 1.44

0,1 inf(0,1) 1.73 vbM L L K−=  

Length at the end of the early-life phase 

(120 days) (L0) = 12 cm KnL; and the 

length at age-1 (485 days) (L1) = 26.77 cm 

KnL was derived from the growth model. 

Kvb is the Brody growth coefficient of the 

von Bertalanffy growth model (Nakayama 

et al., 2019. Kvb = 1.55 year-1  

M0 6.82  year-1 
Gislason et al. 

(2010) 

Nakayama et 

al. (2019) M1 1.88  year-1 

PM05 

Early-life 

stage and 
early-life 

mortality 

parametersL 

ELb

EL ELa ELS( ) ( )
M

M d M dw d=  

Jb

J Ja ELS( ) ( )
M

M d M dw d=  

The daily mortality rates for the egg and 

larval stage (MEL) and the juvenile stage 
(MJ) are based on the dry weight, whether 

it is below or above the critical weight. 

dwELS is the dry weight of fish during the 

early-life phase. dwELS = 0.2WELS 

MEJa 2.2×10-4 

- 
McGurk 

(1986) 

MEJb -0.85 

MJa 5.26×10-3 

MJb -0.25 

*Lc indicates that correlation among the parameters is accounted for. L and G represent the parameters modeled using respectively the lognormal 

and gamma distributions.
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Table 1.2. Amount by which the mean values for main life history parameters are multiplied by and their coefficient of variation (CV) 

for the five scenarios for the Pacific saury in the Northwestern Pacific Ocean.  

 

Main life history 

parameters 

Scenario 1: 

Prevailing 

environmental 
condition 

(CV=0.2) 

Scenario 2: 

Normal variation 
in a favorable 

environmental 

condition 

(CV=0.2) 

Scenario 3: 

High variation in 
a favorable 

environmental 

condition 

(CV=0.4) 

Scenario 4: 

Normal variation 
in an unfavorable 

environmental 

condition 

(CV=0.2) 

Scenario 5: 

High variation in 
unfavorable 

environmental 

conditions 

(CV=0.4) 

References 

Growth 

(Linf, K, t0) 
1 1.05 1.05 0.95 0.95 

Kosaka (2000); 

Kurita et al. (2004); 

Suyama et al. 
(2006); 

Length-weight 

relationship  

(a, b) 

1 1.05 1.05 0.95 0.95 Kakehi et al. (2021) 

Maturity  
(L50, r) 

1 0.95 0.95 1.05 1.05 

Kosaka (2000); 

Kurita (2006); Fuji 

et al. (2021) 

Survival of 
early-life stage  

(MEJa, MEJb, MJa, 

MJb) 

1 0.95 0.95 1.05 1.05 

Oozeki and 

Watanabe (2000); 

Watanabe et al. 
(2003); Oozeki et 

al. (2009) 

Annual natural 

mortality 
(M0, M1) 

1 0.95 0.95 1.05 1.05 
Zwolinski and 

Demer (2013) 
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Table 2.1. Summary statistics of Ad hoc, Binary, Spatial 1, Spatial 0.1 GLMMs, and VAST fitted to Pacific saury CPUE data from 

Northwestern Pacific Ocean during 1997 – 2019. The conditional R2 denotes the conditional explained residuals, the ΔAIC is the difference 

between the conditional AIC and that of the best model. The mean conditional R2 is the explained value of the training data, and the rho value (ρ) 

is the Pearson’s correlation coefficient of the training and testing data sets from the five-fold cross-validations by repeated 10 times. The CV 

represents the coefficients of variation for the conditional R2 and ρ from the five-fold cross-validations, respectively. 

Model 

Goodness-of-fit Cross-validations 

conditional R2 conditional AIC Δ AIC 
mean 

conditional R2 
CV mean ρ CV 

Ad hoc 0.27 534365 14063 0.25 0.023 0.43 0.014 

Binary 0.34 529145 8843 0.32 0.018 0.48 0.016 

Spatial 1 0.37 525713 5411 0.36 0.011 0.52 0.014 

Spatial 0.1 0.39 524864 4562 0.39 0.015 0.53 0.017 

VAST 0.68 520302 0 0.65 0.005 0.54 0.008 
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Table 2.2. Summary of the explanatory power (in conditional R2) and overall influence 

(from zero to one) for each variable considered in the Ad hoc, Binary, Spatial 1, Spatial 

0.1 GLMMs, and VAST by using the Pacific saury data in Northwestern Pacific Ocean 

during 1997 – 2019. 

Model Variable Conditional R2 Overall influence 

Ad hoc 
 

Year 0.052 - 

SST+SST2 0.028 0.017 

Vessel 0.087 0.169 

Area 0.042 0.152 

Year× Area 0.065 0.259 

Binary 
 

Year 0.047 - 

SST+SST2 0.045 0.017 

Vessel 0.104 0.170 

Area 0.082 0.135 

Year× Area 0.064 0.301 

Spatial1 
 

Year 0.045 - 

SST+SST2 0.021 0.017 

Vessel 0.098 0.169 

Area 0.121 0.122 

Year× Area 0.087 0.221 

Spatial0.1 
 

Year 0.040 - 

SST+SST2 0.017 0.017 

Vessel 0.094 0.170 

Area 0.154 0.140 

Year× Area 0.087 0.225 

VAST 
 

Year 0.040 - 

SST+SST2 0.032 0.017 

Vessel 0.091 0.169 

Spatial 0.230 0.128 

Spatio-temporal 0.288 0.252 
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Table 3.1. Mechanisms and quantitative tests of each hypothesized driver that may affect the distribution of Pacific saury in the 

Northwestern Pacific Ocean. 

Hypothesized 

drivers 
Description of mechanism Quantitative test for the hypothesis 

Single local or 

regional 

environmental 

variable  

Variation in a single regional 

(e.g., SST) or regional 

environmental variable 

drives interannual changes in 

distribution  

1. Fixing the intercepts at their average values across years: 1

1

= ( )
tn

t

t

β n β t−

=

 ; 

2. Retaining the residual spatial variation: ( )ω s ;  

3. Fixing the residual spatio-temporal variation at zero: ( , ) 0ε s t = ; 

4. Retaining the coefficient of a single local (e.g., SST) or regional environmental 

variable and fixing the impact of subset local/regional environmental variable at 

zero. 

Multiple local 

and regional 

environmental 

variables  

Variation in all local and 

regional environmental 

variables drives interannual 

changes in distribution  

1. Fixing the intercepts at their average values across years: 1

1

= ( )
tn

t

t

β n β t−

=

 ; 

2. Retaining the residual spatial variation: ( )ω s ; 

3. Fixing the residual spatio-temporal variation at zero: ( , ) 0ε s t = ;  

4. Retaining the coefficients of all local and regional environmental variables. 

 

Unmodelled 

variable 

Otherwise unmodelled 

processes (e.g., the shift in 

the spatial distribution of 

predators or food 

availability) drive 

interannual changes in 

distribution  

1. Fixing the intercepts at their average values across years: 1

1

= ( )
tn

t

t

β n β t−

=

 ; 

2. Retaining the residual spatial variation: ( )ω s ;  

3. Retaining the residual spatio-temporal variation; 

4. Fixing the coefficients of all local and regional environmental variables at zero: 
5

1

( , ) 0
n

i

i

γ s t
=

=

= . 
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Table 4.1. Descriptions of fisheries catch, abundance indices, and length composition 

data included in the model for the Pacific saury stock assessment in the Northwestern 

Pacific Ocean (WNPO) including reference code, members, description, unit, time-

period, and data sources. 

Fleet No 
Reference 

code 
Members Catch unit Source 

F1 F1_JPN_late Japan B NPFC (2023a) 

F2 F2_TWN Taiwan B NPFC (2023a) 

F3 F3_KOR Korea B NPFC (2023a) 

F4 F4_RUS Russia B NPFC (2023a) 

F5 F5_CHN China B NPFC (2023a) 

F6 F6_VAN Vanuatu B NPFC (2023a) 

F7 F7_JPN_early Japan B NPFC (2023a) 

Abundance 

No 

Reference 

code 
Description Time-series Source 

S1 S1_JPN_early 
Japanese early 

fishery 
1980 – 1993 Kazuhiro et al. (2018) 

S2 S2_JPN_late Japan late fishery 1994 – 2022 
Hashimoto et al. 

(2023a) 

S3 S3_TWN Taiwan 2001 – 2022 Huang et al. (2023) 

S4 S4_KOR Korea 2001 – 2022 Song. (2023) 

S5 S5_RUS Russia 1994 – 2022 Kulik et al. (2023) 

S6 S6_CHN China 2013 – 2022 Hua et al. (2023) 

S7 S7_JPN_bio 
Japanese 

scientific survey 
2007 – 2022 

Hashimoto et al. 

(2023b) 

Length 

composition 

data No 

Reference 

code 
Members Time series Source 

F1 F1_JPN Japan 1994 – 2022 NPFC (2023a) 

F2 F2_TWN Taiwan 2007 – 2022 NPFC (2023a) 



doi:10.6342/NTU202500253

120 
 

Table 4.2. Key life history and recruitment parameters used for the Pacific saury 

assessment model in the Northwestern Pacific Ocean. 

Parameter Value Comments Reference 

Reference age (a1) 0 Fixed parameter Suyama et al. (2015) 

Maximum age (a2) 2 Fixed parameter Suyama et al. (2015) 

Length at a1 (L1) 0.66 Fixed parameter 
Refit Suyama et al. 

(2015) 

Length at a1 (L2) 31.45 Fixed parameter 
Refit Suyama et al. 

(2015) 

Growth rate (K) 2.02 Fixed parameter 
Refit Suyama et al. 

(2015) 

CV of L1 0.20 Fixed parameter  

CV of L2 0.20 Fixed parameter  

Wtlen_1_Fem 2.44e-06 Fixed parameter Fuji et al. (2019) 

Wtlen_2_Fem 3.34694 Fixed parameter Fuji et al. (2019) 

Size-at-50% Maturity 28.7 Fixed parameter Suyama (2006) 

Slope of maturity 

ogive 
-0.80 Fixed parameter 

Suyama (2006) 

Natural mortality (M) 2.18 Fixed parameter Nakayama et al. (2019) 

Fecundity 

Proportional to 

spawning 

biomass 

Fixed parameter 

Fuji et al. (2019) 

Spawning season February Model structure Fuji et al. (2020) 

Spawner-recruit 

relationship 
Beverton-Holt Model structure 

 

R0 - Estimated  

Steepness (h) 0.82 Fixed parameter Hsu et al. (2024) 

Recruitment 

variability (σR) 
0.6 Fixed parameter 
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Table 4.3. Fishery-specific selectivity assumptions for the Pacific saury stock assessment 

in in the Northwestern Pacific Ocean. The selectivity curves for fleets lacking length 

composition data were assumed to be the same as (i.e., mirror) closely related fisheries or 

fisheries operating in the same area. 

Fleet Selectivity function 

F1_JPN Double normal 

F2_TWN Double normal 

F3_KOR Mirror F2 

F4_RUS Mirror F1 

F5_CHN Mirror F1 

F6_VAN Mirror F2 

S1_JPN_early Mirror F1 

S2_JPN_late Mirror F1 

S3_TWN Mirror F2 

S4_KOR Mirror F2 

S5_RUS Mirror F1 

S6_CHN Mirror F2 

S7_JPN_bio Mirror F1 
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Table 4.4. Estimated reference points derived from the Stock Synthesis model for Pacific 

saury in the Northwestern Pacific Ocean, where F is the instantaneous annual fishing 

mortality rate, SSB is spawning stock biomass, and SSBF=0 indicates the average 5-year 

SSB0 estimate, and MSY is the maximum sustainable yield reference point. 

 
Estimate SD 

SSBF=0 284868 32104.4 

SSBMSY 42611.80 4798.96 

SSB2022 25809.90 4299.01 

SSB2020-2022 31655.40 4677.77 

MSY 540217.00 61258.70 

FMSY 2.61 0.04 

F2022 1.42 0.22 
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Table 4.5. Projected results of Pacific saury spawning stock biomass (SSB, mt) and catch 

(mt) in 2023 – 2027 under deterministic projection. 

SSB 

Year 0.5FMSY 0.75FMSY FMSY 

2023 53157.95 70998.39 52591.4 

2024 80318.76 69807.83 51709.5 

2025 95182.12 70176.24 51982.4 

2026 102037.8 70093.62 51921.2 

2027 104405.1 70124 51943.7 
    

Catch 

Year 0.5FMSY 0.75FMSY FMSY 

2023 48747.05 60933.81 88631 

2024 135971 169963.8 247220 

2025 173369.4 216711.7 315217 

2026 221160.5 276450.6 402110 

2027 222264.9 277831.1 404118 
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Table 4.6. Projected results of Pacific saury spawning stock biomass (SSB, mt) and catch 

(mt) in 2023 – 2027 under stochastic projection. 

 
Prob (SSB>SSBMSY) 

 

Year 0.5FMSY 0.75FMSY FMSY 

2023 100 84.9 54.9 

2024 100 85.8 75.8 

2025 100 83.7 57.6 

2026 100 77.7 50.5 

2027 100 75.5 53.5 
    

 
Catch2023-2027 

 

 
0.5FMSY 0.75FMSY FMSY 

Median 321453 608786 616513 

SD 80813 162236 157870 

10th percentile 110230 514423 420604 

90th percentile 741252 929473 834757 
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Figures 

  

 

 

Figure 1.1. General design of the simulation study. Pop. j represents the j population. 
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Figure 1.2. The daily natural mortality of fish in the early-life phase derived by McGurk 

(1986) (egg and larval stages: solid lines; juvenile: dashed lines), and McCoy and Gillooly 

(2008) (grey solid line). The grey circles represent the daily natural mortality for the Pacific 

saury from the rearing experiment from Nakaya et al. (2011).  
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Figure 1.3. The biological information for the (a) growth (b) weight-at-length and (c) 

maturity and the annual natural mortality of the (d) age-0 and (e) age-1 fish, respectively 

are used to derive the distribution of steepness for the Pacific saury in the Northwest Pacific 

Ocean.  
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Figure 1.4. Empirical probability density distribution of stock-recruitment steepness for 

Pacific saury along with fitted beta density (in blue line). The solid and dashed black 

vertical lines denote the mean and median values for steepness, respectively. The black 

circle denotes the mean steepness value for each steepness interval (0.01) while the vertical 

bars indicate on standard deviation are shown for the empirical distribution. 
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Figure 1.5. Estimated stock-recruitment curve of Pacific saury derived from the mean 

steepness value calculated by this study (red line), compared to those derived from the 

mean steepness value from the FishLife (in blue line) and Wiff et al. (2018) (in black line), 

respectively. Polygons denote the 80% intervals. Relative recruits (R) indicate 

recruitment/unfished recruitment (R0), and relative biomass indicate biomass (B)/unfished 

biomass (B0).  
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Figure 1.6. The elasticity of steepness for baseline life-history parameter values. The 

specific names of each life history parameter provided in Table 1.1. 
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Figure 1.7. Boxplots of steepness for the Pacific saury for the five environmental scenarios. 

Scenario 1 involves prevailing environmental conditions and a coefficient of variation (CV) 

of 0.2 for the life history parameters. Scenarios 2 and 3 involve favorable environmental 

conditions and CVs of 0.2 and 0.4, respectively, and Scenarios 4 and 5 involve unfavorable 

environmental conditions and CVs of 0.2 and 0.4, respectively.  
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Figure 2.1. The resulting area stratifications with boxplots of observed CPUEs for each area strata are determined by (a-b) the Ad hoc approach 

(four area strata), (c-d) the Binary approach (four area strata), (e-f) the Spatial 1 (five area strata), (g-h) the Spatial 0.1 (five area strata); and the 

(i) knot (in black points) configuration of VAST with the observed CPUE (in red colors) by using the Pacific saury data in Northwestern Pacific 

Ocean during 1997 – 2019. Star symbols on boxplot represent the significance levels with the overall mean of observed CPUEs (****: p <= 0.0001, 

***: p <= 0.001, **: p <= 0.01) by using the ANOVA test. 
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Figure 2.2. Annual trends of (a) the relative standardized abundance indices without 

area-weighting (relative to mean), and (b) the coefficient of variation of standardized 

CPUE indices without area-weighting for the Ad hoc, Binary, Spatial 1, Spatial 0.1 

GLMMs, and VAST for Pacific saury in the Northwestern Pacific Ocean during 1997 

– 2019. Solid black points represent the annual nominal CPUEs for Pacific saury. 
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Figure 2.3. The annual influence of (a) spatial, (b) interaction of year and spatial/spatio-

temporal random effect, (c) vessel, and (d) quadratic water temperature effects for Ad 

hoc, Binary, Spatial 1, Spatial 0.1 GLMMs, and VAST for Pacific saury in the 

Northwestern Pacific Ocean during 1997 – 2019.  
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Figure 2.4. The coefficient-distribution-influence (CDI) plot of the spatial effect for 

Ad hoc, Binary, Spatial 1 and Spatial 0.1 GLMMs for Pacific saury in the Northwestern 

Pacific Ocean during 1997 – 2019. The top panel of the CDI plot provides the 

normalized coefficients and their standard errors for each area stratum (four area strata 

for Ad hoc, Binary GLMMs, and five area strata for Spatial 1 and Spatial 0.1 GLMMs). 

In the bottom left panel, the bubbles indicate the annual distribution of observed CPUEs 

from each area stratum in each year. The bottom right panel shows the annual value of 

influence for the spatial effect. 
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Figure 2.5. The coefficient-distribution-influence (CDI) plot of the spatial random 

effect for the VAST model for Pacific saury in the Northwestern Pacific Ocean during 

1997 – 2019. The top panel of the CDI plot provides the normalized coefficients and 

their standard errors. In the bottom left panel, bubbles indicate the annual distribution 

of observed CPUEs from each grouped knot (every five knots) in each year. The bottom 

right panel shows the annual value of influence for the spatial random effect. 
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Figure 2.6. The coefficient-distribution-influence (CDI) of the year × spatial interaction 

random effect for the Ad hoc, Binary, Spatial 1, and Spatial 0.1 GLMMs for Pacific 

saury in the Northwestern Pacific Ocean during 1997 – 2019. The top panel of the plot 

provides the boxplots of normalized coefficients for each area stratum (four area strata 

for Ad hoc, Binary GLMMs, and five area strata for Spatial 1 and Spatial 0.1 GLMMs). 

The solid color points represent the coefficient for each year. The area coefficient in 

each year was jittered with small random noise for graphical visualization. In the 

bottom left panel, bubbles indicate the annual distribution of observed CPUEs from 

each area stratum in each year. The bottom right panel shows the annual value of 

influence for the year × spatial interaction random effect.
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Figure 2.7. The coefficient-distribution-influence (CDI) plot of spatio-temporal 

random effect for the VAST model for Pacific saury in the Northwestern Pacific Ocean 

during 1997 – 2019. The top panel of the plot provides the boxplots of the normalized 

coefficient for each combined knot (every five knots). The solid color points represent 

the coefficient for each year. The grouped knots coefficient in each year was jittered 

with small random noise for graphical visualization. In the bottom left panel, bubbles 

indicate the annual distribution of observed CPUEs from each stratified area in each 

year. The bottom right panel shows the annual value of influence for the spatio-

temporal random effect.
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Figure 2.8. Time series of relative error (RE) in the index of abundance. The dark and light grey polygon represents the 80% and 95% 

confidence interval, respectively. RE is calculated for Ad hoc, Binary, Spatial 1 and Spatial 0.1 GLMMs, and VAST with the two sampling 

scenarios (random, and preferential samplings). The grey horizontal dashed line is the reference line (the relative error is 0.2) for the relative 

errors. 
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Figure 2.9. The boxplots of performance metrics for the (a,b) root mean squared error (RMSE) and (c,d) bias metrics calculated across 

all replicates under the two spatial sampling scenarios (random and preferential samplings) for the Ad hoc, Binary, Spatial 1, Spatial 0.1 

GLMMs and VAST. The numbers above the boxplots indicate the mean value of RMSE and bias metrics. Values in the parentheses are 

the standard deviations. The horizontal dashed line is the reference line for the bias metrics (one represents no bias). 
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Figure 3.1. The spatial distribution of knots and mesh used to fit the spatio-temporal model; 

(a) an effect is estimated for each of the 100 knots (black solid circles) in the spatio-

temporal model. The colored circles grouped by knots indicate the locations of spatial 

observations from 2001 to 2017 within the 1°×1° grid; (b) the spatial domain (grey polygon) 

for predicting Pacific saury density (unit: mass of fish in metric ton per day per square 

degree) in this study. 
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Figure 3.2. The magnitude of 2-dimensional spatial autocorrelation for Pacific saury 

distribution. The ellipse signifies the distance (from a point located at position (0,0)), where 

the correlation drops to 10 %. For example, an ellipse that is stretched East-West signifies 

that the predicted density is correlated over a longer distance moving East-West than 

North-South. 
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Figure 3.3. Spatiotemporal distributions of the log-transformed density of Pacific saury 

(unit: mass of fish in metric ton per day per square degree) from 2001 to 2017. The black 

circle is the location of the estimated centroid of gravity (COG). The dashed line represents 

the average location of the estimated centroid of gravity (COG).
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Figure 3.4. The time-series of the index of relative abundance (metric ton/day) from VAST 

for Pacific saury in the Northwestern Pacific Ocean during 2001 – 2017. The blue polygon 

represents the 95% confidence interval. The grey circle represents the nominal catch-per-

unit-effort, CPUE (metric ton/day per square degree). 



doi:10.6342/NTU202500253

 

145 
 

 

Figure 3.5. The time-series of the estimated centroids of gravities (COGs) in the (a) easting 

and (b) northing directions from the spatio-temporal model during 2001 – 2017. The red 

dashed line represents the average COG over the year; the blue polygon represents the 95% 

confidence interval.



doi:10.6342/NTU202500253

 

146 
 

 

Figure 3.6. Estimated log-density (unit: mass of fish in metric ton per day per square 

degree) in 2001, 2006, 2010, and 2017 for the Pacific saury from the best model (a). Each 

hypothesized driver that eliminates all causes for variation in distribution except the SST 

(b), the multiple local and regional environmental variables (c), and the unmodelled 

variable (d). The black circle represents the location of the estimated centroid of gravity 

(COG) for each model. The dashed line represents the average location of the estimated 

centroid of gravity (COG) from the best model.
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Figure 3.7. The estimated centroids-of-gravity (COGs) during 2001 – 2017 for the Pacific 

saury from the best model (a, b) in easting and northing directions, compared to those from 

each hypothesized driver that eliminates all causes for variation in distribution except SST 

(c, d), the multiple local and regional environmental variables (e, f), and the unmodelled 

variable (g, h). 
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Figure 4.1. The spatial boundary of Pacific saury assessment in the Northwestern Pacific 

Ocean. 
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Figure 4.2. Catches, abundance indices, and length composition data included in the 

Pacific saury stock assessment in the Northwestern Pacific Ocean.
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Figure 4.3. Time-series of catches (in metric tons) of the Pacific saury in Northwestern 

Pacific Ocean from 1980 to 2022 by the fleets. 
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Figure 4.4. Time-series of Pacific saury relative standardized CPUEs (relative to mean) 

from early Japan (S1_JPN_early), late Japan (S2_JPN_late), Taiwan (S3_TWN), Korea 

(S4_KOR), Russia (S5_RUS), China (S6_CHN) stick-held dip net fisheries and biomass 

survey index of Japan (S7_JPN_bio) during 1980 – 2022 in the Northwestern Pacific Ocean. 
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Figure 4.5. Length composition data is available in 1-cm size bins by fisheries for the 

Pacific saury stock assessment in the Northwestern Pacific Ocean.  
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Figure 4.6. The flowchart of the stochastic projection for the Pacific saury.  
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Figure 4.7. Fit to the early and late Japan indices (S1_JPN_early and S2_JPN_late), 

Taiwan index (S3_TWN) and Korea (S4_KOR) for the WNPO Pacific saury stock 

assessment. Left is the input CPUE with CV and the model fit CPUE (blue line). Right is 

the annual residuals of that fit.
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Figure 4.8. Fit to Russia (S5_RUS), China (S6_CHN) and Japanese biomass survey 

(S7_JPN_bio) indices for the WNPO Pacific saury stock assessment. Left is the input 

CPUE with CV and the model fit CPUE (blue line). Right is the annual residuals of that fit.
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Figure 4.9.  Results from a runs test for each CPUE index. Red shade indicates the index 

failed the test (residuals are not random), green shade indicates the index passed the test. 

Red circles indicate the residuals hit a boundary of 3 times of sigma (residual standard 

deviations).
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Figure 4.10. The estimated selectivity curve for each fleet in the Pacific saury stock assessment. See Table 4.1 for the reference code.
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Figure 4.11. The estimated selectivity curve for each survey in the Pacific saury stock assessment. See Table 4.1 for the reference code.
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Figure 4.12. Aggregate length composition data is available for the Pacific saury stock 

assessment in the Northwestern Pacific Ocean, grey shading indicates observed data, and 

red line indicates expected distribution based upon the estimated selectivity.
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Figure 4.13. Fits to the quarterly residuals for Japan (F1_JPN, top) and Taiwan (F2_TWN, 

bottom) length composition data. Open circles indicate negative residuals and closed 

circles indicate positive residuals.
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Figure 4.14. Results from a runs test for each length composition time series. Red indicates 

the data failed the test (residuals are not random), green indicates the data passed the test. 

Red circles indicate the residuals hit a boundary of 3 times of sigma (residual standard 

deviations).
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Figure 4.15. Profiles of the relative-negative log likelihoods by different likelihood 

components for the virgin recruitment in log-scale (log(R0)) of the Pacific saury assessment 

model in the Northwestern Pacific Ocean.
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Figure 4.16. Estimated time-series of (a) total biomass (age-1 and older), (b) spawning 

biomass, (c) age-0 recruitment, and (d) instantaneous fishing mortality (year-1) for the 

Pacific saury during the studied period in the Northwestern Pacific Ocean. The red 

horizontal dash line indicated the SSBMSY and FMSY.
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Figure 4.17. Forecasted (a) spawning biomass and (b) catch under three fishing mortality 

scenarios (0.5FMSY, 0.75FMSY and FMSY) using a deterministic approach from 2023 – 2042 

for Pacific saury. The dashed red lines in each panel represent the SSBMSY and MSY, 

respectively. 
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Figure 4.18. Forecasted spawning biomass (left) and catch (right) under three fishing 

mortality scenarios (0.5FMSY, 0.75FMSY and FMSY) using a stochastic approach from 2023 

– 2042 for Pacific saury. The dashed red lines in each panel represent the SSBMSY and 

MSY, respectively. 
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Appendix tables 

Table S1.1. Parameters of the distribution for stock-recruitment steepness under the five 

scenarios for Pacific saury in the Northwestern Pacific Ocean. CV denoted the coefficient 

of variation. 80% P.I. represented the 80% probability interval for steepness.   

Scenario 
Estimated steepness 

Mean Median CV 80% P.I. 

1 0.79 0.82 0.18 0.59, 0.93 

2 0.96 0.97 0.05 0.91, 0.99 

3 0.95 0.97 0.08              0.88, 0.99 

4 0.37 0.33 0.39 0.22, 0.59 

5 0.50 0.42 0.49 0.23, 0.91 
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Table S2.1. Summary of model selection information on Pacific saury data by using 

the likelihood ratio test for each explanatory variable included in the Ad hoc, Binary, 

Spatial 1, Spatial 0.1 GLMMs and VAST for Pacific saury in the Northwestern Pacific 

Ocean during 1997 – 2019.  

Model Variables Deviance 
Number of 
parameters 

p-value 

Ad hoc  

-Area 286992 28 <0.001 

-SST+SST2 287179 29 <0.001 

-Vessel 290535 30 <0.001 

-Year× Area 289624 30 <0.001 

Full  284748 31 <0.001 

Binary  

-Area 281147 28 <0.005 

-SST+SST2 281159 29 <0.001 

-Vessel 284923 30 <0.001 

-Year× Area 285834 30 <0.001 

Full  280846 31 <0.001 

Spatial 1  

-Area 278613 28 <0.001 

-SST+SST2 278628 30 <0.001 

-Vessel 282355 31 <0.001 

-Year× Area 283293 31 <0.001 

Full  278420 32 <0.001 

Spatial 0.1  

-Area 277783 28 <0.001 

-SST+SST2 277622 30 <0.001 

-Vessel 281343 31 <0.001 

-Year× Area 281157 31 <0.001 

Full  275648 32 <0.001 

VAST 

-Spatial 1064595 45 <0.001 

-SST+SST2 1064501 45 <0.001 

-Vessel 1066833 44 <0.001 

-Spatio-temporal 1071044 44 <0.001 

Full  1050998 46 <0.001 
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Table S3.1. Results of parsimonious backward search based on the Akaike Information 

Criterion. Omega is the spatial variation; epsilon is the spatio-temporal variation; sst is the 

sea surface temperature; sst2 is temperature-quadratic equation; ssh is the sea surface height; 

chla is the concentration of chlorophyll-a; pdo(N) and pdo(E) is the Pacific Decadal 

Oscillation index (PDO) with northing and easting direction, respectively; soi(N) and soi(E) 

is the Southern Oscillation Index with northing and easting direction, respectively; and q 

is the catchability (fleets). The AIC denotes the resultant value after removing each variable. 

Smaller AIC value indicates the most parsimonious model, and the larger value in the table 

indicates the larger impact after removing the variable. 

Backward batch ID Variables AIC value 

Batch 1 

 
NULL -- 

1 -omega 60532.47 

2 -epsilon -- 

3 -sst 60499.58 

4 -sst
2
 60499.42 

5 -ssh -- 

6 -chla 60498.88 

7 -pdo(N) -- 

8 -pdo(E) 60497.26 

9 -soi(N) -- 

10 -soi(E) -- 

11 -q 60749.16 

Batch 2 

1 -omega 60530.47 

2 -epsilon -- 

3 -sst 60495.65 

4 -sst
2 

60495.48 

5 -ssh -- 

6 -chla -- 

7 -pdo(N) 60494.44 

8 -soi(N) 60526.44 

9 -soi(E) 60513.86 

10 -q 60745.31 

Batch 3 

1 -omega -- 

2 -epsilon -- 

3 -sst 60493.11 

4 -sst
2
 60492.99 

5 -ssh 60486.9 

6 -chla 60491.04 

7 -soi(N) -- 

8 -soi(E) 60519.14 

9 -q 60742.21 

Batch 4 

1 -omega 60522.85 

2 -epsilon 61116.74 

3 -sst 60513.41 

4 -sst
2
 60498.93 

5 -chla 60487.75 

6 -soi(N) 60488.14 

7 -soi(E) 60561.54 

8 -q 60738.58 
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Appendix figures 

 

Figure S1.1.  Boxplots of summaries of steepness values for Pacific saury in the 

Northwestern Pacific Ocean as a function of (a) the number of simulations (100, 200, 250, 

500); (b) the number of populations (100, 200, 300, 400, 500, 600, 700, 800, 900, 1000); 

and (c) the number of fish per population (500, 600, 700, 800, 900, 1000, 1100, 1200, 1300, 

1400, 1500). Red diamonds indicated the mean values.
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Figure S1.2. Predictive distribution for selected life-history and stock-recruit parameters 

for Pacific saury from the R package of FishLife (Thorson, 2019). 



doi:10.6342/NTU202500253

 

171 
 

 

Figure S2.1. Annual trends of the relative standardized abundance indices (normalized 

to their mean) calculated by using the effort metrics of fishing day (in black line), and 

haul (dashed line) for (a) Ad hoc, (b) Binary, (c) Spatial 1, (d) Spatial 0.1 GLMMs and 

(e) VAST for Pacific saury in the Northwestern Pacific Ocean during 1997 – 2019. 
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Figure S2.2. The defined spatial distribution of knots (in black points) based on (a) the 

k-means algorithm and (b) uniform allocation (in red colors) for the Pacific saury data 

in the Northwestern Pacific Ocean during 1997 – 2019.
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Figure S2.3. Results of (a) standardized CPUEs (normalized to their mean) and (b) 

coefficient of variations derived from VAST with proportional knot distribution (in 

black line) and the uniform knot distribution (in blue line). 
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Figure S2.4. (a) Simulated spatial distribution of Pacific saury abundance in the 

Northwestern Pacific Ocean. Red (blue) colors indicate greater (smaller) levels of 

abundance. The simulated distributions of fishery data for the Pacific saury with (b) 

random sampling and (c) preferential sampling scenarios.  
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Figure S2.5. Annual trends of (a) the relative standardized abundance indices 

(normalized to their mean) without area-weighting, and (b) with area-weighting for the 

Ad hoc, Binary, Spatial 1, Spatial 0.1 GLMMs, and VAST for Pacific saury in the 

Northwestern Pacific Ocean during 1997 – 2019. Solid black points represent the 

annual nominal CPUEs for Pacific saury.   
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Figure S2.6. Time series of the standardized abundance indices for each area derived 

from the (a) Ad hoc, (b) Binary, (c) Spatial1 and (d) Spatial 0.1 GLMMs for Pacific 

saury in the Northwestern Pacific Ocean during 1997 – 2019. Black dash line represents 

the arithmetic mean of standardized abundance over areas. Yellow solid line represents 

the weighted mean of standardized abundance over areas. Thickness of line represents 

the size of the surface area for each area strata (a larger surface area has a thicker line). 
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Figure S2.7. The boxplots of model selection criteria for the conditional R2 and conditional AIC derived from all replicates under the 

(a) random and (b) preferential sampling scenarios for the Ad hoc, Binary, Spatial 1, Spatial 0.1 GLMMs and VAST.  
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Figure S3.1. The monthly composition of the spatial grid (1°×1° grid) in proportions (a) 

and the boxplot of total number of spatial areas per month (i.e., the number of unique grids 

for each month) for the Pacific saury fishery-dependent data from all members of NPFC 

collected in the fishing season (May to December) during 2001 and 2017. The numbers 

above panel (a) and (b) are the total number of observations and the average sample size 

per spatial grid, respectively. 
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Figure S3.2. Time-series of model residuals (unit: mass of fish in metric ton per day per 

square degree) for each knot. Color circles indicated the residuals from 2001 to 2017.  
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Figure S3.3. Spatial distribution of model residuals (unit: mass of fish in metric ton per day per square degree) from 2001 to 2017.
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Figure S3.4. Estimated logarithm density (unit: mass of fish in metric ton per day per square degree) in 2001, 2006, 2010 and 2017 of 

the Pacific saury from the best model (a), compared with each hypothesized driver that eliminates all causes for variation in distribution 

except the quartic SST (b), chl-a (c), SOI index with easting (d), and SOI index with northing (e). The black circle represents the location 

of the estimated centroid of gravity (COG) for each model. The dashed line represents the average location of the estimated centroid of 

gravity (COG) from the best model.
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Figure S3.5. The estimated centroid-of-gravities (COGs) during 2001 – 2017 from the best 

model (a) in easting direction compared with each hypothesized driver that eliminates all 

causes for variation in distribution except the multiple environmental variables and climatic 

indices (b), SST (c), quadratic SST (d), chl-a (e), SOI index with northing and easting (f, 

g), and the unmodelled variable (h).
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Figure S3.6. The estimated centroid-of-gravities (COGs) during 2001 – 2017 from the best 

model (a) in northing direction compared with each hypothesized driver that eliminates all 

causes for variation in distribution except the multiple environmental variables and climatic 

indices (b), SST (c), SST-squared (d), chl-a (e), the SOI index with northing and easting 

(f, g), and the unmodelled variable (h).
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